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“The income of children is raised when they receive more human and nonhuman capital
from their parents. Their income is also raised by their endowment of genetically determined
race, ability, and other characteristics, family reputation and connection and knowledge,
skills and goals provided by the family environment.” Becker and Tomes (1979)

1 Introduction

The persistence of income across generations is an empirical regularity across many
economies. The human capital forces emphasized by Becker and Tomes (1979, 1986) have
long been central to understanding this phenomenon. Yet, the quote in the epigraph also
emphasizes the importance of non-human capital forces such as family reputation and con-
nections. Despite the prominence of social contacts in hiring (Topa, 2019; Granovetter, 1995)
and the persistence of family dynasties – Ford, Mars, and Murdoch families for example –
their quantitative importance for intergenerational income persistence remains unclear. We
study how social connections to employers affect intergenerational income mobility to fill
this gap.

Estimating the effect of social connections on children’s job opportunities is challenging.
First, worker sorting across employers is not random. Preferences and skills are likely cor-
related across social contacts. That is, two individuals connected to each other, such as a
parent and their child, likely share attributes that make them both likely to work for the
same firm independently of the fact that they know each other. They may search in the same
local labor market or may pursue similar careers. Second, few datasets include information
on the identity of workers, their employers, as well as their social contacts, which is necessary
to estimate social connection effects.

We use newly linked data from Canada, matching administrative tax data that include
both employee-employer and child-parent linkages, with highly granular post-secondary ed-
ucation enrollment and graduation records, to address these issues. Isolating the effect of
social connections on job opportunities requires building counterfactual worker-job match
probabilities in the absence of social connections. To do so, we apply a “classmates” re-
search design that narrowly compares the probability of working at a given firm between
people who have the exact same degree but not the same connections. The highly detailed
nature of our education data – where we know if a child completed a Master’s degree in
Computer Science at the University of Waterloo, or a certificate in Pastry Arts at Vancou-
ver Community College, for example – helps us isolate the influence of connections on job
match probabilities from other confounding mechanisms such as parents and children making
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similar educational investments or living in similar areas.

Our exploration of the role of social connections to employers for intergenerational income
mobility proceeds in several steps. The starting point is the intergenerational rank-rank
income relationship (Chetty et al., 2014), which effectively partitions the sample of children
into 100 mutually exclusive parental income groups. In a first step, we quantify the role
sorting to firms play, in an accounting sense, for the persistence of income across generations.1

This opening analysis characterizes the differences in firm sorting behavior across parental
income groups we seek to understand. We find that differences in representation at high-
paying firms across parental income groups – the between-firm sorting component – accounts
for close to a third of the intergenerational income rank-rank relationship.

Our main analysis quantifies how social connections influence the sorting of young work-
ers across firms. Our approach isolates the effect of social connections on job opportunities by
building counterfactual worker-job match probabilities in the absence of social connections.
That is, we identify the impact of connections on match probabilities by comparing peo-
ple who enrolled in the same educational program and therefore faced similar labor market
prospects, as in Kramarz and Skans (2014), but have different social connections.2 Con-
cretely, we estimate the impact of social connections on job match probabilities between
each worker and each firm in the data, and use these estimates to produce counterfactual
allocations of workers across firms.

Although a person’s entire social network is ultimately unobservable to the analyst, we
cast a broad net and consider numerous connection types, including both family ties and non-
kin relationships. For instance, it is well-established that many adult children work at firms
that also hire one of their parents (Staiger, 2025; Corak and Piraino, 2011). Our analyses
therefore include such connections to a parent’s employer. For all private incorporated firms,
the data also include the list of business owners. With that information in hand, we can
separately identify family firms. For example, among children in the top 1 percentile of
parental income, more than one child out of ten work for their parents in their late 20s.3

1Throughout the paper, we use the words “firm” and “employer” interchangeably, although the term
employer might be more appropriate since we include both private- and public-sector organizations.

2Kramarz and Skans (2014) use Swedish graduation records. Our database includes both graduation and
enrollment, and therefore allows us to further differentiate between people who started but never graduated
from a post-secondary program, and those who did complete it. Given relatively low completion rates in
Canada (Childs et al., 2017), as is the case in the US, and known differences in economic outcomes between
workers with some college education and those with earned degrees (Oreopoulos and Petronijevic, 2013),
distinguishing between graduates and non-completers is important.

3The share is considerably higher at younger ages, but we focus on employment between the ages of 25
to 29 in our main analyses.
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We additionally consider social connections to firms via siblings, parents’ former co-workers,
and classmates from one’s graduation cohort.4

The impact of social connections on job match probabilities differs considerably in mag-
nitude across connection types. For instance, while the likelihood of working at a given firm
increases by about 3 to 5 percentage points when one’s parent works there, the effect size is a
full order of magnitude larger in cases where a parent is the owner of the firm. In that latter
case, most estimates range between 28 and 65 percentage points increases. The probability
of matching with an employer increases by around 2 percentage points if a sibling works
there, and by close to 7 percentage points if a sibling owns the firm. Finally, the impact of
non-kin ties is considerably smaller: the presence of a parent’s past co-worker on a firm’s
payroll increases the probability of matching with that firm by close to 0.4 percentage point.
If a parent’s past co-worker owns a business, the likelihood of working at this firm rises by
0.1 percentage point. Whether a same-cohort classmate’s parent works at or owns a firm
has virtually no impact on the probability of working there. Despite our granular controls
for education, if children and their social contacts share unobserved firm-specific skills or
preferences, our estimates may reflect matching based on correlated unobserved skills or
preferences rather than social connections. To verify whether this is the case, we show that
social connections in the future – based on matches that have not yet occurred – do not
affect sorting today. This rules out time-invariant firm-specific preferences or skills driving
our results.

How economically significant are social connection effects for intergenerational income
mobility? The quantitative importance of connections depends not just on effect sizes but
also on which firms children from different backgrounds are connected to. Combining both
pieces of information, we find that connections to a parent’s employer are the most important
ones for income mobility. They explain close to 10% of the between firm sorting component.
In contrast, connections to parents’ family firms (i.e., businesses owned by parents) explain
less than 1% of the firm sorting component. This is partly due to the fact that few parents
own businesses, and those who do are dramatically over-represented at the top of the income
distribution. Hence, family firms have little explanatory power for the transmission of income
across generations, except at the very top. Connections to siblings’ employers and to parents’
past co-workers’ employers respectively account for 3% and 1% of the firm sorting component.
The explanatory power of connections through same-cohort classmates’ parents is essentially

4We focus on connections through same-cohort classmates because our main econometric specification
includes education-by-firm fixed effects, leaving no residual variation in social connections shared by all
students (of any cohort) of a given education program.
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null. Overall, social connections collectively explain for almost 15% of differences in the firm
sorting component across parental income groups, although this figure is likely a lower bound
since we cannot observe all possible connection types.

To put these numbers in perspective, consider that the share of the between-firm sorting
component that can be explained by differences in education is 45%. Hence, the contribution
of social connections is about a third that of observable differences in education. The share
attributable to education captures a causal effect of education on job matching probabilities,
but also the influence of other correlated attributes such as a school’s proximity to a firm,
differences in academic ability, and, importantly, social connections built in school. That is,
a fraction of the component we attribute to education may actually reflect social connection
effects via faculty members, alumni networks, and participants in co-op programs, for ex-
ample. This reinforces our interpretation of the share of the sorting component we attribute
to social connections as a lower bound.5

Why do firms hire socially connected workers? We consider several classes of explana-
tions. Firms may seek to hire connected workers because social connections provide informa-
tion about the quality of the match or alignment with the firm. This matching channel would
lead connected workers to be paid more than their coworkers and increase labor productivity
at the firm. Alternatively, hiring of connected workers may reflect preferences of workers for
firms – e.g. if workers enjoy working with people they know – and preferences of firms for
workers – e.g. favoritism. To guide the interpretation of our findings and evaluate which of
these mechanisms is most likely at play, we conduct auxiliary analyses in which we (i) com-
pare the earnings of socially connected workers to that of their unconnected co-workers, and
(ii) use firm balance sheet data to examine how firm performance changes when a socially
connected worker is hired.

We find that workers who have a social connection to their employer earn more, on
average, than their co-workers who do not have such a connection. This is true of all
connection types, but the income gaps between connected and unconnected co-workers is
the largest in cases where the connected worker is either the child or the sibling of the firm
owner. Perhaps surprisingly, the income gaps are roughly the same for connections to a social
contact’s employer, regardless of the contact type. Are connected workers relatively more
productive, or do they benefit from preferential treatment? To distinguish between these

5In Appendix D, we provide indirect evidence of education-based connection effects by netting out the
contribution of aggregate factors that are associated with geography and fields of study, and are shared
too widely in the population to plausibly capture relevant social networks. We find the remaining residual
education program-firm match effects explain 5% of the firm-sorting component.
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interpretations, we examine changes in firm performance around the time a connected worker
joins the firm. Here, we find that firm revenue per worker and value-added per worker decline
substantially after a connected child joins a family firm (i.e., a firm their parents own), and
there is no evidence that the firm eventually makes up for this loss over a 5-year horizon.
A decline in revenue per worker is also observed when a child joins their parent’s employer,
although the magnitude of the change is much smaller than for family firms. We find no
change in firm performance on the basis of other connection types. Overall, these results
suggests within-firm income gaps between connected and unconnected workers are unlikely
to reflect differences in labor productivity.

Putting all of these findings together, we conclude that differences in human capital can-
not be the sole factor driving the persistence of income across generations. Social connections
do allow children from high-income families to have disproportionate access to high-paying
firms. In some cases, this might be because their social connections allow them to sig-
nal their relatively high productivity, something comparable high-productivity workers from
lower-income families may not have the opportunity to do. Yet, we also find suggestive
evidence that children who have access to jobs at family firms may benefit from favoritism.

We see our study as making four contributions. First, we contribute to a vast literature
on intergenerational income mobility (Becker and Tomes, 1979; Solon, 1999; Sacerdote, 2007;
Chetty et al., 2014; Stuhler, 2018). Most investigations of intergenerational income transmis-
sion mechanisms focus on differences in human capital that can be traced back to differences
in either inherited attributes (Björklund et al., 2006) or parental investments in childhood
(Agostinelli and Wiswall, 2025; Caucutt et al., 2020). Other examples of pre-market factors
include parenting practices (Doepke et al., 2019), neighborhoods (Chyn and Katz, 2021),
and colleges (Chetty et al., 2020). There is a smaller but growing literature on the role of
labor markets and early career shocks as contributors to the persistence of income across
generations (e.g. Kaila et al. (2025)). Our work shows that social connections to early career
employers are important for intergenerational mobility, with their explanatory power being
roughly a third that of observable differences in detailed education.

Second, we contribute new evidence on how social factors affect inequality. Theoretically,
hiring through social connections can cause one group’s (Calvo-Armengol and Jackson, 2004)
or one generation’s (Bolte et al., 2020) employment advantage to persist. Empirically, re-
ferred workers perform better and stay longer at hiring firms (Dustmann et al., 2016; Burks
et al., 2015; Pallais and Sands, 2016), though whether referrals reduce or amplify income in-
equality remains unclear given heterogeneous effects across worker skill levels (Brown et al.,
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2016) and connection types (Lester et al., 2023). Eliason et al. (2023) find that network-based
matching reduces inequality, while Chetty et al. (2022) show that social capital correlates
positively with intergenerational mobility across places. We provide new evidence that social
connections can instead hinder intergenerational income mobility – specifically, connections
to firms operating through the labor market play a very different role from social capital
in a location, which can operate through non-market channels. This complements Staiger
(2025), who finds large positive effects of working at a parent’s employer, and San (2022),
who shows social connections amplify ethnic wage differentials in Israel. Our work extends
this literature in three ways: we construct complete counterfactual worker-firm allocations to
capture connections to potential employers beyond realized matches, consider a broader set
of connection types including novel evidence on connections to business owners, and provide
new evidence on how connections affect firm performance.

Third, we contribute to understanding the role firms play in inequality. Seminal contri-
butions quantify how firms drive inequality trends (Card et al., 2013; Song et al., 2019), as
well as inequality by gender (Card et al., 2016), race (Gerard et al., 2021), and immigra-
tion status (Dostie et al., 2023). Recent papers show that sorting across firms meaningfully
shapes the intergenerational income elasticity (IGE) in Israel and Sweden (Dobbin and Zohar,
2025; Engzell and Wilmers, 2025; Forsberg et al., 2026). Our results on firms’ contribution
to mobility are quantitatively similar to theirs, suggesting these findings generalize across
countries and measurement approaches.6 Our distinct contribution is to open the black box
of why children from higher-income families sort to better firms. Building on the classmates
research design of Kramarz and Skans (2014), we show that social connections account for
a non-negligible share of the income gradient in firm sorting – documenting a mechanism
largely absent from prior work.

Last, we contribute to the literature on family firms. While a large fraction of businesses
throughout the world are organized around families (Burkart et al., 2003), why this is so
remains subject to debate (Bertrand and Schoar, 2006). One strand of research has shown
that family based CEO succession reduces firm performance (Bennedsen et al., 2007). Yet,
evidence on wage differentials indicates that retaining private benefits of control appears
to be valuable (Di Porto et al., 2024). We provide evidence that hiring decisions in family
firms are likely partly based on non-financial considerations, since the businesses who hire

6Each of these papers decomposes the IGE into individual and firm components using an AKM-type two-
way fixed effects specification (Abowd et al., 1999). Dobbin and Zohar (2025) find that AKM firm effects
account for 22% of the IGE in Israel; Engzell and Wilmers (2025) and Forsberg et al. (2026) find shares of
28% and 36% in Sweden. We find selection-adjusted firm effects account for 31% of the rank-rank slope in
Canada.
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the owner’s children do not seem to benefit economically from doing so. Still, we find the
impact of family firms on intergenerational mobility is modest, except at the very top of the
distribution.

The remainder of the paper is organized as follows. The data are described in Sec-
tion 2. Section 3 presents a decomposition of the rank-rank relationship into within- and
between-firm components. Section 4 estimates the impact of social connections on job match
probabilities and quantifies their importance for income mobility. Section 5 probes alter-
native explanations for why social connections affect job match probabilities, and Section 6
concludes.

2 Data

We use administrative tax data from the Canadian Employer Employee Dynamics Database
(CEEDD), linked with granular education records from the Postsecondary Student Informa-
tion System (PSIS). The CEEDD covers years 2001 to 2018, inclusive, whereas the PSIS
covers years 2009 onward. On the worker side, the CEEDD includes individual (T1) and
family (T1FF) tax forms for the universe of tax filers in Canada. On the firm side, it includes
balance sheet data (T2 corporate tax returns), and, for private incorporated businesses, a
list of all owners and their corresponding ownership shares (T2S50 forms).7 The database
includes all employers in Canada, both in the public and private sectors. Within the public
sector, separate organizations (e.g., different ministries, school boards, hospitals or public
utilities) are assigned unique identifiers.

The CEEDD also includes job-level information based on T4 slips and Records of Em-
ployment (ROE). This allows us to link workers to firms by finding the employers who issued
their T4 slips. Since workers can receive more than one T4 in a year (e.g. if they switch
employers in the middle of the tax year), for each fiscal year we match workers with the
employer from which they earned the most within that year.

The PSIS records individual-level enrollment and graduation at all public and private not-
for-profit post-secondary institutions in Canada. This covers virtually all post-secondary
students in Canada. The database notably includes information on which institution a
student is enrolled in, the program and credential types, as well as the field of study, coded

7The list includes indirect owners through chained ownership. That is, if a firm j is owned by another
corporation k, we assign the owners of corporation k as the owners of firm j.
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using 6-digit Classification of Instructional Programs (CIP) codes.

2.1 Intergenerational Sample

The procedure we use to link children to their parents mimics the one Statistics Canada
used to create the Intergenerational Income Database (Corak and Heisz, 1999). Using T1
Family Files (T1FFs), we link 15 to 19 year-olds (children) to their parents using unique
census family identifiers.8 Since the CEEDD coverage starts in 2001, the earliest birth
cohort for which child-parent linkages are feasible is 1982 (i.e., 19 year-olds in 2001).

Our main analytical sample comprises all linked children of the 1987-1989 birth cohorts,
although we do include older cohorts in some auxiliary analyses. The main reason for
focusing on the 1987-1989 cohorts is that graduation data from PSIS only starts in 2009.
Many students complete a Bachelor’s degree when they are 21 or 22 year old. Then, many
children born in 1982 would have graduated many years before the PSIS coverage starts,
making it impossible to know their education. In contrast, coverage of educational outcomes
for later birth cohorts is excellent, but we don’t observe these cohorts’ income at older
ages. Our choice of cohorts is meant to balance the trade-off between coverage of education
outcomes and coverage of income later in life. Children born in 1987-1989 were between the
ages of 20 and 22 in 2009, when PSIS starts, and were between the ages of 29 and 31 in 2018,
when the coverage of tax data ends. This main sample includes just over 970,000 children.

2.2 Variable Definitions

Income ranks. Our definition of income variables largely follows prior work on intergener-
ational income mobility in Canada (Haeck and Laliberté, 2025; Corak, 2020; Connolly et al.,
2019). We define total income as income from all sources before tax (earnings, interest and
investment income, self-employment net income, taxable capital gains/losses and dividends,
and benefits).9 When studying cross-sectional differences in income, we measure income of
children as the average between the ages of 25 and 29 inclusively to reduce the influence

8The exact matching procedure is described in Appendix A.1.
9In prior work based on Canadian tax data, the income of individuals who do not file taxes in a given

year (i.e. who have no T1 form) is often assumed to be zero (e.g. Connolly et al. (2019)). Using the T4-ROE
files, which are issued by employers, we find that there is a non-negligible fraction of employed individuals
(roughly 5%) who do not file taxes despite earning taxable income. In those cases, we impute their income
using their unreported T4 earnings.
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of transitory annual income shocks. Parental income is defined as the average total family
income (the sum of both parents’ income) when a child is between the ages of 15 and 19. We
convert average income into percentile ranks for both parents and children, and percentiles
are calculated separately for each children birth cohort.

Education groups. From PSIS, we define an education group e as a unique combinations
of a field of study (defined as a 4-digit CIP code), a degree type, a post-secondary institution,
and an indicator for graduating from (as opposed to not completing) the program. An ex-
ample of such a group would be graduates of a Bachelor’s degree program in civil engineering
from the University of Toronto - St George campus. This classification is very granular as
there are over 450 different fields of study.10 For workers with no post-secondary education,
we define an education group as a locality (census subdivision), which proxies the set of high
schools they attended. The locality is assigned on the basis of the child’s first ever recorded
place of residence in the tax data. Overall, children in our main sample belong to just over
14,000 unique education groups.

Assignment of main employers. Since child income is averaged over a five-year window,
we take each child’s modal employer during that period to assign firms cross-sectionally.
Implicitly, this means we match children to their most stable early career job.11 Similarly,
prior work on parental connections generally focus on children’s first stable job (Staiger, 2025;
San, 2022; Kramarz and Skans, 2014). This procedure assigns children in our estimation
sample to over 230,000 different employers.

Several children have no employer throughout the 5-year observation window. Figure
A1, panel A shows the fraction of children without an employer for each percentile of the
parental income distribution. Close to 20% of children from the bottom 5 percentiles have no
employer. The relationship between non-employment and parental income is not monotonic:
while it decreases with parental income over most of the distribution, it increases slightly
among the top percentiles. This is mostly due to many children of high-income families
receiving business income rather than employment income (see Figure A1, panel B). Hence,

10For example, there are 41 different fields related to engineering, such as civil engineering, chemical
engineering, materials engineering, nuclear engineering and petroleum engineering.

11Because children can have more than one employer between the ages of 25 and 29, the firm fixed effects
we estimate reflect both differences in compensation across firms as well as firms’ influence on outside job
opportunities. For example, firms that provide good training and networking opportunities may help their
workers advance their careers at other employers or in entrepreneurship (Gendron-Carrier, 2023). Differences
in income across firms should therefore be interpreted as reduced-form income gaps between people who have
different main employers.
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we assign children with no employer to either a “non-participant” category or a “capitalist”
category, depending on whether they receive any form of capital income (business income,
dividends, interest payments). Since the decision to participate in the labor market depends
on one’s labor market opportunities, we keep all children in our sample to avoid sample
selection issues. We discuss the implications of the employment margin for intergenerational
income mobility in the next section.

Social connections. We consider four categories of social contacts (parents, siblings, par-
ents’ past co-workers, and parents of graduation-cohort classmates), and two kinds of rela-
tionship to a firm (either working at or owning the firm), resulting in eight types q of social
connections for which there is identifying variation within education groups. We define the
corresponding social connection variables Cq

il as indicators for whether child i is socially
connected to firm l. For instance, for connections to a parent’s employer, Cq

il takes a value
of one if at least one of child i’s parents was employed by firm l at any point within the
5-year window we use to assign children’s main employer. Similarly, the indicator variable
for connections to firms parents of child i own takes a value of one if at least one of child i’s
parents owned firm l at some point within the 5-year window. Connections via siblings are
similarly defined.

In terms of non-family ties, parents’ past co-workers are defined as individuals who worked
together with the parent (i.e., for the same employer at the same time) at some point when
child i was between the age of 20 and 24, and no longer works with the parent (i.e., did
not share an employer with the parent when the child was 25-29). We only keep co-worker
relationships from firms with less than 100 employees to make sure the co-workers plausibly
knew each other, and exclude contemporary connections to a parent’s previous employer.

Finally, we include connections through post-secondary education classmates from one’s
graduation cohort. We rely on variation across cohorts because our main specification in
Section 4 includes a full set of education-by-firm fixed effects, thereby absorbing any social
connection shared by all graduates of a given program. That is, we can only identify the
impact of differences in social connections within education programs.12 Although students in
different cohorts of a given program may interact with each other, we assume two students are
more likely to know each other if they graduated at the same time.13 We therefore partition

12Using a similar econometric specification, Fischer et al. (2025) leverage random assignment to tutorial
groups within a business program in Copenhagen.

13Kirkebøen et al. (2021) find the vast majority of spousal matches occurring within education programs
in Norway are within cohorts of applicants.
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Figure 1: Social connectedness of employees, by parental income rank

(a) Connections via parents
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(c) Connections via parents’ past co-workers
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(b) Connections via siblings
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(d) Connections via classmates’ parents
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Notes: This figure shows the fraction of children in each percentile of the parental income distribution who
have a social connection to their modal employer between the ages of 25-29. To construct these statistics,
children with no modal employer are excluded. In each panel, the fraction of children who share their
contact’ employer excludes cases where the contact also owns the firm. In panels (c) and (d), the parental
income-specific shares of children working at firms their social contacts own are too small to be released per
vetting guidelines. Instead, the figure shows the overall shares (pooling all parental income groups) in those
cases. In panel (d), connections to classmates’ parents only include classmates from one’s graduation cohort.
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education groups e into graduation cohorts based on graduation years, and code indicators
Cq

il for whether a parent of a child in that cohort-education cell (excluding one’s own parents)
works at or owns firm l. We focus on this indirect link to a classmate’s parent rather than a
direct link to the classmate to ensure our estimates are not driven by cross-cohort differences
in human capital and market conditions. When generating the set of same-cohort peers, we
include graduates from birth cohorts outside our focal sample of children.14 Finally, we
only keep connections for program-specific graduation cohorts with at most 100 graduates
to ensure students knew each other.

How do social connections relate to parental income? In Figure 1 we report the fraction of
working children who are socially connected to their modal employer, separately by parental
income rank and connection type. The fraction of workers whose main employer is also
their parent’s employer is 6 percent, on average.15 This share is increasing in parental
income between the 5th and 90th percentiles, a result potentially partly driven by a positive
relationship between parental income and the likelihood of having two working parents (and
therefore connections to more firms).16 The probability a child’s modal employer is their
parent’s employer is much higher for the bottom 2 percentiles, and considerably lower at
the top of the distribution.17 In contrast, the likelihood of working at a firm one’s parents
own is almost flat (around 2 percent) between the 20th and 80th percentiles, and increases
precipitously above the 90th percentile. 13 percent of working children in the top 1 percent
of parental income work for their parents.18

Roughly 6 percent of working children share their sibling’s employer, and only 0.3 percent
work at a firm their sibling owns. Family ties between siblings seem particularly important
at the top of the parental income distribution. About 2 percent of working children are
employed at a firm that also employs a former co-worker of one of their parents, and only 0.3
percent work at a business owned by their parents’ former co-worker. Finally, 4 percent of

14We include connections to graduates born in 1984-86 and 1990-92 for whom family ties are known. This
means the set of peers excludes international students whose parents don’t live in Canada.

15Most business owners pay themselves a salary, which means they are also considered employees of the
firm they own. To avoid double counting, the share of children working at firms where their social contact
also works shown on the figure excludes cases where the social contact owns the firm.

16Figure A2 plots the share of children in lone-parent families by parental income rank. The overall
fraction of children with a single parent in our data is just below 20%, which is relatively lower than the
corresponding share of 30.6% in Chetty et al. (2014).

17The high share of children and parents/siblings sharing an employer at the very bottom of the income
distribution is mostly explained by the combination of (i) an over-representation of Indigenous children at the
bottom of the parental income distribution and (ii) an over-representation of Indigenous families with very
low income among those working in local Indigenous Public Administration (Connolly and Haeck, 2026).

18This fraction only includes those whose parents’ business is their modal employer between the age of 25
and 29. Many more have worked for their parents at some earlier point in their lives.
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working children share an employer with one of their same-cohort classmate’s parent. This
share generally increases with parental income, in part because children from high-income
families are more likely to graduate from post-secondary programs and so to have such
connections. The share of children working at a firm owned by the parent of one of their
same-cohort classmate is indistinguishable from zero.

Overall, these comparisons suggest a role for connections to employers in intergenerational
mobility, but may partly capture correlated attributes rather than social connection effects.
For instance, the fact that several children work at firms that also employ at least one parent
of their same-cohort classmates likely reflects overlap in skills and geography, not a social
connection effect.19 In Section 4, we compare observed to potential matches to reach a
more definitive conclusion. Figure 1 also highlights the value of our rank-rank approach as
the relationships between parental income and social connections are non-linear with much
variation in the tails of the distribution.

3 Intergenerational Income Mobility and Employers

3.1 Decomposition Method

To first evaluate the role of firm sorting for income mobility, we decompose the average
income rank of children with parental income p, ȳp, into a component capturing sorting
across employers by parental income rank (denoted by ∆p), and one reflecting within-firm
income persistence:

ȳp =
∑
j

δjsj|p︸ ︷︷ ︸
≡∆p

+
∑
j

(ȳjp − δj) sj|p (1)

where j indexes employers, δj is a measure of average compensation at employer j, sj|p is
the share of children of group p who are employed at firm j, and ȳjp is the average income
rank of children in firm j belonging to income group p. This equation highlights that the
firm sorting component ∆p depends on two key sets of parameters. First, the distributions
of employers within parental income groups (sj|p) characterize the allocation of children to
firms. Differences in these distributions across parental income groups indicate whether

19By construction, classmates share skills and location. Parents and children often do too.
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children from different backgrounds are matched with different employers.20 In the next
section, we investigate how social connections shape these distributions. Second, dispersion
in compensation δj across firms affects the relative weight put on the within- and between-
firm components. For example, if compensation was similar across employers (i.e., if the
variance of δj is close to zero), then firm sorting by parental income would be inconsequential
for income gaps.

The formulation of equation (1) is very general; we can plug-in any compensation struc-
ture to examine the sensitivity of our findings to measurement of firm-level compensation.
For completeness, we implement the decomposition using two different measures of δj. The
first one aims at documenting the total role of between-firm income inequality for mobil-
ity. For the purpose of this descriptive accounting exercise, we regress the income rank of
child i on parental income rank dummies and a full set of firm fixed effect, and summarily
evaluate the role of between-firm inequality by examining how much accounting for firms
fixed effects flattens the relationship between children’s and parents’ income ranks.21 Under
this approach, the estimated δj’s reflect firm-level average income ranks net of differential
representation by parental income. The second measure of δj we consider isolates the role of
firm pay premiums. That is, we “selection-adjust” firm effects for compositional differences
in time-invariant unobserved earnings potential using typical AKM (Abowd et al., 1999)
worker and firm effects obtained from the entire sample of prime-aged Canadian workers.
For conciseness, we summarize the main results of this analysis below, but refer the reader
to Appendix B.3 for the details of the procedure used to adjust firm effects for selection.
Since unadjusted firm effects conflate the causal effect of working at firm j (i.e., firm j’s
value-added) and selection in firm j on the basis of unobserved earnings potential, a com-
parison of results across measures of δj informs patterns of selection into firms by earnings
potential.

3.2 Results

Figure 2 plots the unconditional average income rank ȳp alongside estimates of average
ranks conditional on employers (i.e., the within-firm component). The linear slope of the
unconditional relationship is 0.232, very similar to prior work using Canadian data (Connolly

20Differences in theses distributions may contribute to observed within-firm gaps if workers sort into
firms on the basis of group-based comparative advantage. Appendix C.2 provides evidence that sorting by
comparative advantage is limited in our setting.

21The firm fixed effects estimation procedure is described in detail in Appendix B.1.
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et al., 2019; Connolly and Haeck, 2024; Haeck and Laliberté, 2025).22 There are important
non-linearities at the tails, with the slope steepening below the 20th percentile as well as at
the very top of the parental income distribution. These features are not unique to Canada –
very similar non-linearities at the bottom are found in Australia (Deutscher and Mazumder,
2020), in France (Kenedi and Sirugue, 2023), and in the US to a lesser extent (Chetty et
al., 2014). In contrast, the steepening of the rank-rank relationship at the top is even more
pronounced in Norway and Sweden (Bratberg et al., 2017).

The conditional series – which correspond to the within-firm component – exhibit similar
non-linearities at the top end of the parental income distribution, indicating that these
patterns are not explained by firm sorting. The income advantage of children growing up in
top 1 percent families relative to top 10 percent families is therefore not due to differential
representation at “superstar” firms. The shape of the conditional rank-rank relationships at
the bottom of the parental income distribution is a bit more linear than the unconditional
one, but a salient steepening of the slope remains, particularly below the 5th percentile.

Overall, the linear rank-rank slope conditional on firm fixed effects (not adjusting for
selection) is 0.115, indicating that between-firm income inequality explains roughly half
((0.232− 0.115)/0.232 = 50.4%) of the transmission of income across generations. The cor-
responding slope estimate based selection-adjusted firm effects is 0.160, suggesting employer-
specific pay premiums explain close to a third ((0.232−0.160)/0.232 = 31%) of the transmis-
sion of income across generations. This number is strikingly close to comparable estimates:
Dobbin and Zohar (2025) find that AKM firm effects account for 22% of the intergenera-
tional income elasticity in Israel, whereas Forsberg et al. (2026) and Engzell and Wilmers
(2025) find corresponding values of 36% and 28% in Sweden.23

Graphically, the firm sorting component ∆p is equal to the vertical distance between the
conditional and unconditional series in Figure 2, panel (a). For greater visual clarity, we plot
the firm sorting component in panel (b). The benchmark series not adjusted for selection
shows a sharp steepening below the 20th percentile of the parental income distribution, a
pattern that is partly muted in the selection-adjusted series. That is, segregation of low-
pay workers in low-pay firms partly drives the persistence of income at the bottom of the
distribution. Interestingly, there appears to be slight patterns of negative selection into

22Appendix Figure A4 compares the rank-rank relationship in our sample with the rank-rank relationship
for different Canadian samples and datasets.

23Engzell and Wilmers (2025) report a host of estimates for different subsamples and specifications. The
28% figures is obtained by adding the worker-to-firm and firm-to-firm components reported in their Table
A6, focusing on sons. Forsberg et al. (2026) further demonstrate the share of the IGE attributable to firm
effects rises to 50% once dynamic returns are taken into account.
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Figure 2: Intergenerational Income Mobility and Children’s Employers
(a) Child-Parent Income Rank-rank Relationship
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firms at the very top of the parental income distribution, as the selection-adjusted sorting
components are larger in magnitude than the unadjusted ones. In other words, low-pay
workers from rich families disproportionally sort into high-pay firms.

When interpreting these results, it is important to keep in mind that the conditional
ranks also capture differential sorting into employment. Appendix Figure A3 compares the
rank-rank relationship in the full sample to the corresponding relationship for the sub-sample
of children with an employer. The steepening of the rank-rank relationship below the 20th
percentile is less pronounced when conditioning on the employment margin. In general,
however, both series are very similar, exhibiting non-linearities at both tails. The patterns
we document are therefore mostly driven by differences in which firms people work for, rather
than whether they work at all.

We further assess the sensitivity of these results to different definitions of income in
Appendix C.1. For instance, several children may still be pursuing graduate degrees between
the age of 25 and 29. As a result, we might mischaracterize the role of firms for lifetime
mobility when measuring income and employers too early. Reassuringly, using older cohorts,
we find that the share of the income rank-rank slope attributable to firm sorting is largely
unchanged if we measure income at older ages (29 to 33). In contrast, results are more
sensitive to whether non-employment income is included or not in our measure of income.
Here, we find the role of firms is even greater when non-employment income (e.g. investment
income) is excluded.

4 Social Connections and Firm Sorting

4.1 Empirical Specification

Having established the magnitude of the firm sorting component, we now examine how
social connections shape the distribution of workers across employers.

Econometric model. Our objective is to construct counterfactual distributions of workers
across firms s̃l|p by predicting the probability that a worker from group p matches with firm l,
using social connections as predictors.24 To do so, we endogenize realized employer-employee

24Whereas j(i) denotes the firm worker i actually works for, here l indexes firms independently of the
actual employee-employer match.
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matches and make them the dependent variable in a dyadic set-up:

Hil = αe(i),l +
∑
q

γqCq
il + ϵil (2)

where Hil is an indicator variable for worker i being employed by firm l, and e(i) denotes
the education group worker i belongs to. αe(i),l is a match effect between education program
e and firm l, and Cq

il is a binary variable indicating whether worker i has a social connection
of type q with firm l. We include all connection types simultaneously as separate predictors.
This is important since connection types are not mutually exclusive. For example, firm
owners are often listed as employees of the firm they own. Firm owners also often hire
more than one of their children, producing a correlation between connections to a sibling’s
employer and connections to a parent’s business.

The coefficient γq reflects the impact of social connections of type q on hiring probabilities.
We define social connection effects relative to a counterfactual world in which job seekers
search in isolation, where workers do not use information obtained from social networks, and
neither do employers. In that counterfactual scenario, workers and firms match on amenities
(including geographic proximity) and observable skills, which can take on any form or number
of dimensions. Relative to that counterfactual, social connections can affect the probability
a worker matches with a specific employer for several reasons. First, social connections may
help reveal to employers that a job applicant is a particularly good fit for the job (i.e., that
they possess unobservable skills that are particularly valuable to that employer), thereby
solving problems of imperfect information. This can operate via a job referral from a trusted
employee, or if the firm owner knows the potential worker personally and has information
about their ability that other employers do not possess. Second, social connections may
help reduce search frictions in the labor market, helping disseminate information about job
opportunities within social networks. Third, connected workers may benefit from preferential
treatment (e.g. favoritism, nepotism). Equation (2) provides us with estimates of reduced-
form social connection effects that conflate these different mechanisms.

Identification. In our context, there are at least two important threats to identification.
First, children and the people they are connected to (parents, siblings, etc.) likely have
similar skills, similar preferences for job attributes, and may pursue similar careers. Hence,
two connected individuals may work for the same employers for reasons unrelated to the
fact they know each other. Such unobserved correlations in skills would produce positive
estimates of γq even in the absence of social connections effects. A second threat to identifi-
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cation is that children and their parents may look for jobs in the same local labor markets.
Then, the probability of a child working for the same employer as their parent would exceed
what would prevail under a pure random allocation of workers to firms at the national-level,
again producing spurious positive γq coefficients.

We address these challenges with the inclusion of education-by-firm fixed effects αe(i),l

in equation (2), in which case the γq coefficients are identified by comparing “classmates” –
people who hold the same degree from the same institution – to each other, as in Kramarz
and Skans (2014). Intuitively, consider a comparison between two people who graduated
from the same program and therefore have very similar resumes, one of which is socially
connected to firm l and the other is not. The coefficient γq will be positive if the connected
individual is more likely to work at firm l than their classmate who has the same degree but
is not connected to firm l. This approach is very flexible in that it allows for any patterns
of sorting across firms among sets of people with a given degree. It does not require explicit
measures of workers’ skills or of firms’ demand for skills.

Since education groups e are based on specific post-secondary institutions, the education-
by-firm fixed effects largely absorb variation in terms of which local labor market students
search in: most people who studied in Quebec City look for jobs in Quebec City. Moreover,
they account for patterns of intergenerational occupational following to the extent that
fields of study are a key determinant of occupation sorting. This is because the inclusion
of education-by-firm fixed effects implicitly restricts comparisons between people who chose
to pursue the same type and level of education, and therefore have very similar human
capital and career prospects. The education-by-firm fixed effects also account for specific
education-to-firm pipelines that may exist independently of geographic or academic factors.25

This includes the effect of school-based social connections that are shared equally by all
students in a given program (e.g., the presence of a faculty member who has strong industry
connections). As a result, these fixed effects may absorb some education-related connection
effects.

25Oyer and Schaefer (2016) demonstrate that lawyers segregate into firms on the basis of which law school
they graduated from, and Zimmerman (2019) find that graduates of elite colleges in Chile disproportionately
occupy leadership positions at publicly traded firms. The proximity between universities and high-wage
firms (Weinstein, 2022), as well as employers’ on-campus recruiting strategies (Weinstein, 2018) also affect
hiring outcomes.
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4.2 Estimation

The estimation dataset for the dyadic set-up of eq. (2) is a list of all possible pairwise
combinations of workers and firms.26 With hundreds of thousands of workers and hundreds
of thousands of firms, this makes several billions of possible pairwise combinations of workers
and firms. As a result, direct estimation of eq. (2) on the full dataset is computationally
impossible.

We utilize two features of the data and empirical specification to make our estimation
computationally feasible. First, we can retrieve consistent estimates of γq on a smaller
subsample of the dataset. This is because education-firm pairs with C̄q

e,l = 0∀q (i.e., no
one from education group e is connected to firm l) do not contribute to the identification
of γq (Kramarz and Skans, 2014).27 We can therefore estimate γq using only the subsample
of education-firm pairs for which at least one connection of any type exists without loss of
identifying variation. That is, estimates of γq for the full sample are exactly the same as
those one obtains from estimation on the subsample in which we have discarded cells with
C̄q

e,l = 0∀q.

Second, we partition the sample of children into broad education categories using 2-
digit CIP codes (indexed by m), and estimate the model separately by category m.28 In
other words, we allow for heterogeneous effects of social connections by category m, and the
estimating equation becomes

Hil = αe(i),l +
∑
q

γqm(e(i))C
q
il + ϵil. (3)

Note the education-by-firm fixed effects αe(i),l are not indexed by m. This is because we
form categories using high-level groupings of fields of study (2-digit CIP codes), so that
granular education groups e are nested within categories m. For example, one such category
is “Engineering”, which includes any program of study at any level in some subfield of
engineering. This categorization results in just over 300 categories m, and therefore we
retrieve about 300 estimates of γqm for each connection type.

26The set of firms is restricted to those that hire at least one child in our sample. We therefore do
not predict probabilities of matching with out-of-sample firms that do not hire anyone from our sample of
children.

27The “no employer” groups fall into this category since no one is connected to the absence of an employer.
28For workers without any post-secondary education, we form categories by combining census subdivisions

into census divisions.
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4.3 Estimates of Social Connection Effects

Figure 3 plots the distributions of estimates of the social connections coefficients γqm,
separately by connection type. Using the median of the distribution as a summary measure,
we find the probability of working for a given employer increases by close to 4 percentage
points if one’s parent works there. Most coefficient estimates for connections to a parent’s
employer range between 0.026 (10th percentile) and 0.053 (90th percentile).29 For compari-
son, the main estimate of that same parameter is 0.061 in Kramarz and Skans (2014), who
use Swedish data. Given that the unconditional probabilities of matching with specific firms
are very small, a 4 percentage point increase is a very large effect. Parental connections
clearly matter for early career jobs.

Results in panel (b) indicate that the impact of parental connections based on ownership
status is an order of magnitude larger than for connections based on employment relation-
ships. When a parent owns a firm, the change in their child’s hiring probability range
between 0.279 (10th percentile) and 0.649 (90th percentile), with a median of 0.492. Given
that high-income parents are much more likely to own a business than low-income ones, this
suggests a potentially important role for ownership-based types of connections for intergen-
erational mobility. These findings also have important implications for the measurement of
social connections in studies of economic inequality. Business owners often pay themselves a
salary, which means they appear to be employed by the firms they own. Without ownership
data, analysts may therefore conflate the two types of connections we study, despite their
impact on hiring patterns being dramatically different.

Panels (c) and (d) present corresponding estimates for connections via siblings. Children
are 2 percentage points more likely to work at a firm when one of their siblings works there,
relative to people with the same education but no connection to the firm. The impact of
social connections via sibling business owners (panel d) is sizable – the median of γqm is 0.0654
– but quite dispersed across subgroups. There is a non-negligible share of estimates with a
negative sign, indicating that in some cases siblings may avoid working for one another.

We report results for parent’s past co-workers in panels (e) and (f). The impact of social
connections via such social contacts is positive, but much smaller in magnitude than it is for
close family members: the median estimate is 0.4 percentage point when the social contact
works at a firm, and 0.001 when they own the firm. Estimates of social connection effects

29Roughly 95% of the estimates shown in panel (a) have p-values below 0.05 based on heteroskedasticity-
robust standard errors.
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Figure 3: Distributions of Estimates of Social Connections Effects on Hiring Probabilities
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(g) Classmate’s parent works at firm
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(f) Parent past co-worker owns firm
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Notes: This figure presents the distribution of estimated social connection coefficients γqm from equation (3).
Each panel plots the distribution for a different connection type. Note the number of estimates in panels (g)
and (h) is considerably smaller since these connections only apply to groups m with some post-secondary
education.
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via the parents’ of a child’s graduation cohort peers are presented in panels (g) and (h).30

While the descriptive statistics presented in Figure 1 show it is quite common for children
to share an employer with one of their classmate’s parent, our results based on the dyadic
framework suggest these social contacts have no impact on firm sorting. This comparison
highlights the importance of controlling for skills when estimating social connection effects.

To unpack some of the heterogeneity in social connection effects, Appendix Figure A5
shows that social connections effects are larger for children without post-secondary education
– except perhaps for connections to parents’ past co-workers – a result also in line with the
findings in Kramarz and Skans (2014). Since children from high-income families are more
likely to pursue post-secondary education (see Figure A6), they may be subject to lower
social connections effects on average. Figure A7 – which plots the average of γ̂qm(i) separately
by connection type and parental income rank – shows that this is indeed generally the case.

4.4 Robustness

If parents and children share unobserved firm-specific skills, then the coefficients γqm may
reflect hiring on the basis of correlated unobserved skills rather than social connections. It
might also be the case that even within narrow education groups different students look for
jobs in different cities depending on where their parents live. For instance, a child who grew
up in Saskatchewan and completed a Bachelor’s degree in Ontario may want to move back
to their home province after graduation, whereas most of their classmates would remain in
Ontario. We conduct two series of empirical exercises to evaluate whether these confounds
severely bias our estimates of social connection effects.

Timing of job matches and future connections. First, we focus on parental employ-
ment and allow the effect of social connections to differ by the length of the parent’s tenure
at the job, including negative tenure, in the estimating equation.31 That is, we include future
connections (i.e. the parent has yet to start working at firm l) as placebo connections. To do
so, we re-estimate the dyadic set-up of eq. (2) measuring Hil at a specific point in time, when
children are aged 25. We then include a set of social connections indicators for different val-

30The distributions are less dispersed in these two cases because these connection types only exists for chil-
dren who graduated from a post-secondary program, and therefore only exist for categories m corresponding
to some post-secondary education.

31For this exercise, we do not consider connections based on ownership since a child cannot possibly start
working at a firm before it exists, that is before the business owner starts it.
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ues of job tenure at that point in time. If the effect does operate via social connections, then
we would expect a sharp break in a child’s hiring probabilities around the time their parent
joins the firm. The coefficients on future connections capture a combination of correlated
unobserved skills, locational preferences, and unobserved shared connections. For example,
future parental connections may reflect broader contemporaneous social networks – e.g. a
connected extended family member who helps both a child and their parent to obtain a job
at their firm. It may also be the case that the child is the person providing a referral for
their parents.

As before, we estimate the model separately by broad educational groups m. Results are
summarized in Figure 4.32 For visual clarity, for each value of job tenure, we plot the median
of coefficient estimate across subgroups using blue lines, and use bars to present the range
between the 10th and 90th percentiles of the distribution of coefficient estimates. Positive
values of job tenure T mean that a parent of child i was working at firm l when the child was
25, and that they had been employed there for T years at that time. Negative values of job
tenure mean that a parent of child i started working at firm l when the child was older than
25. For instance, a job tenure of −2 means the parent started working at the firm when the
child was 27.

We find the impact of parental connections is larger the longer the parent has been at the
firm. When the parent has been at the firm for 5 years or more, the median change in hiring
probabilities is close to 0.08, almost twice the size of our main estimates pooling all tenure
lengths together. Estimates are slightly lower in magnitude for tenure of 4, 3, 2, and 1 year,
on average, and are more dispersed, as we may expect given the fact there are far fewer of
these short-tenure connections than long-tenure ones when a child is 25 years old. Then,
there is a sharp drop in the magnitude of the estimated coefficients between tenures of 1 and
−1 years.33 The distributions of coefficients for future connections are more concentrated,
and gradually shift toward zero as we move away from the present, similar to the findings
in Staiger (2025). To the extent correlated unobserved skills and locational preferences are
time-invariant, then they should affect all coefficients the same way. In contrast, the set
of firms one has access to via broader unobserved social networks likely changes over time.
Putting these two arguments together suggests the slow decline of coefficient sizes between
job tenure of −1 to −5 is mostly due to changing social connections. Most estimates for
tenure of −5 are very close to zero. We take this as evidence that any bias in our social

32The complete set of distributions of estimates is presented in Appendix Figure A8.
33For tenure of 0 year, it is unclear whether the parent joined a firm before of after the child joined their

main employer during the fiscal year.
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Figure 4: Distributions of Social Connections Effects on Hiring Probabilities, by Parent’s
Tenure At Employer
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il = αe(i),l +
∑

T γ
T
m(e(i))C

T
il + ϵil, where H25

il is an
indicator for worker i working at firm l when they are aged 25, and CT

il indicates whether a parent has a job
tenure of T years at firm l the year their child is aged 25.
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connection estimates is likely minimal.

Within-neighborhood permutations. Second, while the education-by-firm fixed effects
absorb variation in geographic preferences to a large extent, it remains possible that our
estimates of social connection effects are biased due to differences in terms of which local
labor market graduates search in. To evaluate this possibility, we run a placebo-type analysis
in which we permute each child’s true employer (i.e., the value of Hil) with one of their
childhood neighbor’s employer. That is, for each child in our sample we randomly select
a “control” child that grew up in the same 6-digit postal code – which amounts to living
on the same block-face or even in the same apartment building in denser areas – and use
that control child’s employer as the outcome in eq. (3). Candidate control children exclude
siblings, but include children from birth cohorts outside of our main analytical sample.34 We
present the results of this analysis in Appendix Figure A9. For all eight connection types,
the distributions of estimates are all tightly clustered around zero.

4.5 Quantifying the Importance of Social Connections

Method. What is the economic significance of social connection effects for income mobil-
ity? To answer this question, we collapse equation (3) at the firm-by-parental income rank
level:

sl|p = E[Hil|l, p] = E[αe(i),l|l, p] +
∑
q

E[γqm(e(i))C
q
il|l, p]︸ ︷︷ ︸

s̃l|p

+E[ϵil|l, p]. (4)

where s̃l|p is a counterfactual (predicted) distribution of children across firms based on
predictors included in the model. In order words, we split the observed distributions of
children across firms by parental income into a part that can be explained by differences in
observables (education and social connections), and a part that cannot. Equation (4) also
makes clear that the quantitative importance of connections for the firm sorting component
of income mobility depends on the effect size (the magnitude of γqm), but also on the incidence
of connections (the values of Cil).

The associated counterfactual firm sorting component is obtained by substituting the
34Since education is unobserved for children in earlier birth cohorts, permuting the right-hand side variables

is infeasible.
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counterfactual distributions s̃l|p for the real ones:

∆̃p =
∑
l

δls̃l|p. (5)

Calculating all elements of s̃l|p requires estimates of αe,l for all possible education-firm
pairs, including those not in the estimation subsample. Appendix B.4 describes how we can
back-out all values of αe,l using estimates of γqm as well as some other moments of the data.

Results Figure 5 presents a breakdown of the firm sorting component based on selection-
adjusted firm effects by stacking all of the terms in ∆̃p.35 We also tack on the residual term
rp = ∆p − ∆̃p to examine how the eight types of social connections collectively account for
overall patterns of firm sorting. Note the model in equation (3) does not include information
on parental income. That is, we predict individual assignment to firms using information on
social connections and education, and then examine the extent to which the counterfactual
sorting component ∆̃p can reproduce the true firm sorting component ∆p. To summarily
quantify the contribution of each dimension to firm sorting, we calculate their share of the
area under the curve traced by ∆p, as in Haeck and Laliberté (2025).36 This allows to
take into account any non-linearity in their explanatory power across the parental income
distribution.

We find that the eight types of social connections we consider collectively explain just
over 13% of the firm sorting component. For benchmarking purposes, we also plot the share
attributable to differences in education in panel (a). Education accounts for 45% of the
firm sorting component, indicating the overall explanatory of social connections is about
a third that of detailed education. One important caveat is that the share attributable
to education may not just capture a causal effect of education, by could also reflect the
influence of unobserved heterogeneity in academic ability, as well as other potential correlates
of educational decisions. Therefore, a comparison of these two components likely provides
a lower bound on how social connection effects compare to education effects. The fact we
only observe a subset of all possible social connections further reinforces that point. Finally,

35Corresponding results for unadjusted firm fixed effects are presented in Appendix Figure A10. Results
are very similar.

36At some parental income percentiles, the explanatory power of a given factor can be negative. For
example, it could be that the sign of ∆p and that of the education component

∑
l δlE[αe(i),l|l, p] are opposite.

Whenever that arises, we subtract rather than add the area covered by that factor in the calculation of its
total contribution to firm sorting across the parental income distribution. This ensures that all shares sum
to 1.
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Figure 5: Decomposition of the firm sorting component
(a) Pooling all connection types
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∑
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eight types (
∑

l δl
∑

q E[γqm(e(i))C
q
il|l, p]), as well as residual unexplained variation in firm sorting. Panel

(b) decompose the social connection component, breaking down the contribution of each connection type.
Values of δl are selection-adjusted firm effects.
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the residual component accounts for almost half of the firm sorting component. Factors
we do not measure that are part of this residual include, for example, within-education
group differences in academic ability, unobserved social connections, as well as differences in
preferences for job attributes across parental income groups.

In panel (b), we break down the social connection component into parts attributable
to each connection type. We find the lion share of social connections’ explanatory power
comes from connections to a parent’s employer (9 percent points out of 13). Not only is
this type of connections very common, but the quality of firms children have access to this
way is strongly correlated with parental income.37 In contrast, connections to a sibling’s
employer explain only 3% of the firm sorting component. Connections to firm owners –
either a parent, a sibling or a classmate’s parent – have virtually no explanatory power in
total. Between the 45th and 99th percentiles of the parental income distribution, if anything,
connections to firms parents own have negative explanatory power. That is, on the basis of
such connections, we’d predict children in these parental income groups would have below-
average firm-sorting components, whereas in reality their firm-sorting component is above-
average. This is because most family firms are low-pay firms. In contrast, the contribution
of connections to family firms is positive and economically significant for the top 1 percentile
of parental income.

The values presented above likely constitute a lower bound on the role of social con-
nections. First, while our measures of connections are relatively broad, there exists many
connection types (e.g., friends from high school) we cannot observe and measure. Second,
it might be that some of the variation we attribute to differences in education operates via
the use of social networks built in school, rather than to differences in human capital.38 In
this case, some fraction of the education component should rather be interpreted as a social
connection component. We consider this possibility in Appendix D, where we decompose
the education-by-firm coefficients into an institution-by-firm fixed effect (capturing factors
due to geographic proximity between a school and a firm, as well as reputation effects), a
field of study-by-firm fixed effect (capturing each firm’s propensity to hire graduates from
a given field), and an idiosyncratic match effect between program e and firm l. The first
two components are unlikely to capture social connection effects since they reflect attributes
shared by many students who certainly do not know each other – people from the same

37This correlation is not completely mechanical since parental income is measured when the child is aged
15-19, whereas parents’ employers are measured when the child is 25-29.

38Zimmerman (2019) finds evidence in support of that mechanism for elite colleges in Chile. Another
possibility is that connections are used to gain admission to specific programs or post-secondary institutions,
although this is unlikely to happen in Canada since admission to university is generally only based on grades.
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university but in different programs, and people in the same field of study but from different
places in the country. More plausible is that social connections between classmates operate
through residual match effects. We find this residual variation accounts for a non-negligible
5% of the firm-sorting component.

5 On the Purpose of Social Connections in Hiring

Why are workers more likely to match with a firm they are socially connected to? There
exists several classes of explanations, each of which have different implications for the effect
of connections on the earnings of connected workers and on the performance of firms who
hire these connected workers. The mechanisms through which connections affect hiring
probabilities also likely differ by connections types. For instance, in some cases a worker
may receive an explicit job referral from someone currently employed at the firm.39 But in
cases where workers are connected to the firm owner, referrals are unlikely to be relevant as
the contact person may be the one making hiring and pay decisions. Below, we conduct two
sets of empirical analyses to shed light on potential mechanisms. Specifically, we examine
whether connected workers earn more, less or the same as similar unconnected colleagues,
and whether firms that hire connected workers perform better, worse, or the same as those
that hire similar unconnected workers.

5.1 Do Connected Workers Earn More Than Their Colleagues?

Estimation. We begin our empirical analysis to distinguish between alternative mecha-
nism by looking at how social connections affect workers’ compensation relative to their
co-workers. We do so using the following regression equation:

yi =
∑
q

θqCq
ij(i) + ωe(i) + κj(i) + εi (6)

where yi is worker i’s income rank, Cq
ij(i) indicates whether worker i has a social connection

of type q with the firm j(i) that hires them (i.e., their modal employer between the age of 25-
29), and ωe(i) is a set of education group fixed effects. The coefficients θq capture the income
advantage that accrues to workers with a social connection of type q relative to unconnected

39Brown et al. (2016) provides a detailed list of empirical predictions associated with different models of
employment referrals.
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worker. Although estimates of θq do not have a causal interpretation, they are net of selection
on very detailed measures of education. We report estimates both from models with and
without firm fixed effects to get a broad view of where any income advantage associated
with social connections may come from.40 The inclusion of firm fixed effects insures that
parameters θq and ωe(i) are estimated using within-firm variation, and therefore are based on
comparisons among colleagues. When firm fixed effects are omitted, the coefficients capture
both within-firm income advantages as well as income gains arising from access to better
paying firms.

Results. We report estimates of the social connection coefficients θq in Figure 6. When
firm fixed effects are omitted, children who work for the same employer as their social
contact (either a parent, a sibling, a parent’s former co-worker, or a classmate’s parent) have
income levels substantially higher – between 5 and 7 percentile ranks – than unconnected
workers with the same degree. The corresponding within-firm income advantages (i.e., when
accounting for firm fixed effects) are considerably smaller, closer to 1 or 2 percentile ranks.
This means that the income advantage associated with working at a contact’s employer
operates mostly through access to better-paying firms, a conclusion that Staiger (2025) also
reaches. Strikingly, patterns go the opposite direction for connections to a firm’s owner. For
instance, children working for their parents have similar income as unconnected workers (at
other firms) with similar education, but much higher incomes (about 15 percentiles higher)
than their colleagues. The fact that the coefficient from a model with firm effects is larger
than the one without firm effects indicates that firms that hire the owner’s children are
relatively low-pay firms.

These findings raise the question: why do firms offer higher remuneration to socially con-
nected workers relative to other same-aged employees?41 One possibility is that connected
workers are more productive. Such productivity differentials may arise for several reasons:
social connections may help reveal private information about unobserved skills at the time
of hiring, connected workers may have better access to information about how to navigate

40When firm fixed effects are included, singleton firms are necessarily dropped. For robustness, in Figure
A11 we report results in which singleton firms are kept in the estimation sample by pooling them into ventiles
of the distribution of AKM firm effect. See Appendix B.1 for details of how firms are grouped.

41Because income ranks are based on total income from all sources, it is possible that the income of the
owner’s children comes in different forms than for other unconnected employees. For instance, children of the
owner may also be given shares in the company and derive business income from it. Other employees likely
only receive employment income. In Appendix Figure A12, we re-estimate the model but using employment
income alone as the outcome. The coefficients for parent-owned and sibling-owned businesses, not accounting
for firm fixed effects, are negative when non-employment income is excluded.
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Figure 6: Social Connections and Income Ranks
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Notes: This figure plots coefficient estimates from equation (6), separately by connection type and by
specification that do or do not include firm fixed effects. All models include education fixed effects. Whiskers
indicate 95% confidence intervals based on heteroskedasticity-robust standard errors.
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internal labor markets, or workers may be productive when working with people they know.
Alternatively, connected workers may benefit from preferential treatment (e.g., favoritism).
Ideally, one would directly measure worker productivity to distinguish between these compet-
ing explanation. Without such data, however, we flip the perspective and examine whether
firms gain from hiring connected workers.

5.2 Social Connections and Firm Performance

How do social connections affect firm performance? An important challenge is that worker
sorting to firms is not random and may depend on unobserved determinants of performance.
We adapt our classmates research design that exploits highly granular data on education to
estimate the effects of hiring connected workers on firm performance. Our approach is to
form comparison sets g in which all firms – both “treatment” and “control” firms – hired
students of the same education program e in the same year h, but in some cases the worker
had a social connection with the employer, and in other cases they did not. This narrows
the comparison between firms who likely faced similar market conditions since they chose to
hire workers with very similar skills in the same year.

Estimation. Specifically, we estimate the equation:

vjgt =
∑
q

∑
τ

βq
τ

(
1{t− hg = τ} × Cq

jg

)
+ ϕjg + ϕgt + ϵjgt (7)

where vjgt is an outcome for firm j in comparison set g in calendar year t. Note that firms
can appear in multiple comparison sets if they hire different workers in different years. Then,
Cq

jg indicates whether firm j hired a worker with social connection type q in comparison set
g, and hg is the year all firms in comparison set g hired at least one worker from education
group e. ϕjg are firm-by-comparison set fixed effects, and ϕgt are comparison set-by-year fixed
effects. The latter account for any time trend that is shared by firms that hired workers from
the same program in the same year.

The coefficients of interest are βq
τ , which are on interactions between dummies for time

relative to the event year hg (omitting the dummy for τ = −1), and treatment status Cq
jg.

As in our previous analyses, all eight connection types are simultaneously included in the
model. We consider an event window of τ ∈ [−5, 5], but also include observations outside
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this window and bin the end points (i.e., combining all observations for τ ≤ −5 into a single
relative-time category), as recommended in Schmidheiny and Siegloch (2023) to be able to
estimate the relevant effect dynamics.

The main outcomes we track are log revenue per worker and log value-added per worker,
which we winsorize below the 1st percentile and above the 99th percentile of their distribu-
tions to reduce the influence of outliers. For internal consistency, we focus on hiring events
when a worker from our main sample of children born in 1987-89 is joining their modal em-
ployer. Since an individual worker is unlikely to have a detectable impact on performance in
large firms, we restrict the sample to private incorporated firms with less than 100 employees.

Results. Results are presented in Figure 7. Firm performance is slightly reduced after a
worker joins their parent’s employer, but declines precipitously in cases where a worker joins
a firm their parents own. One possibility is that the child takes over the family firm and goes
through a transition phase as he or she learns how to manage the company. The patterns we
observe, however, are not consistent with the change being transitory: 5 years after the child
is hired log revenue per worker remains much lower than at τ = −1. There is no systematic
change in per worker firm outcomes for the remaining connection types.42 Overall, there is
no connection type for which firm performance increases when a connected worker is hired.

The firm responses documented in Figure 7 suggest children of business owners may
receive preferential treatment when they work for their parents. That is, the firm owner
appears to be willing to incur an economic cost to hire their child.43 This effect could
capture private benefits of control in family firms that manifest over much longer time
horizons (Di Porto et al., 2024). Still, an important caveat is in order: all of these findings
only apply to small firms and may not generalize to larger firms.

42Our main outcomes of interest are on a per worker basis. In Appendix Figure A13 we examine trends in
firm scale by presenting results for log revenue and log payroll outcomes. We see that disentangling causal
effects of hiring connected workers from pre-existing trends in firm scale is very challenging. For example,
firms hiring the owner’s children were contracting before they hired the connected worker. After the worker
joins the firm, revenue continue to decrease relative to control firms, whereas payroll increases. In contrast,
for connections to a sibling’s employer, both revenue and payroll were increasing prior to the event (indicating
firms were expanding), and continue to do so in similar proportions after a connected child is hired.

43Firm owners may also hire their child for tax avoidance purposes. However, most ways to do so require
the child to be living with the parent. Since we focus on modal employers at 25-29, we believe our findings
aren’t driven by tax incentives.
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Figure 7: Firm Performance and Hiring of Connected Workers
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Notes: The figure presents event-study estimates of changes in firm performance around the time a connected
workers is hired. Point estimates are based on equation (7). Shaded areas indicate 95% confidence intervals
based on standard errors clustered by comparison set g.
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6 Discussion and Conclusion

Using a detailed matched employee-employer-parent-child database for Canada we docu-
ment five stylized facts. First, which firms workers match with matters for intergenerational
income mobility. Differential representation at high-pay employers explains roughly half of
the transmission of income across generations, as measured by the income rank-rank rela-
tionship.

Second, using a classmates research design, we find that social connections significantly
impact job match probabilities. These effects differ considerably by connection type. The
likelihood of working at a given firm increases by about 3 to 5 percentage points when
one’s parent works there. The effect size is larger by an order of magnitude when a parent
is the owner of the firm. Social connection effects are smaller for sibling and non-family
connections.

Third, connections to family firms account for almost none of the firm sorting component
of the rank-rank relationship, except at the very top of the income distribution. Connec-
tions to a parents employer are quantitatively more important, explaining close to 10% of
the firm sorting component. Our results highlight the importance of differing connection
incidence across the parental income distribution in explaining the persistence of income
across generations.

Fourth, workers who have a social connection to their employer earn more, on average,
than their coworkers who do not have such a connection. Still, for connections to a so-
cial contact’s employer, most of the income advantage comes from access to better-paying
employers, not access to better-paid positions within the firm.

Finally, that social connections contribute to intergenerational (im)mobility raises ques-
tions over their efficiency. We show that firm revenue per worker and value-added per worker
decline after a connected child joins a firm their parents either own or work at, and persist
for at least a 5-years. These results indicate that workers connected though their parents
receive preferential treatment rather than making the connected firm more productive.

While much work on intergenerational mobility has focused on human capital, our results
demonstrate an important role for labor market frictions. They imply the frictions a worker
faces differ by parental background. Some limitations of our study suggest important direc-
tions for future work. One could be incorporating heterogeneous returns to job search effort
that differ by parental income into a search and matching model following (Faberman et al.,
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2022). Another avenue would be to incorporate labor market frictions in the next generation
of models of intergenerational mobility. There remains much to learn about whether and
how differences in labor market outcomes across workers are driven by differences in the
labor market frictions they face.
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Figure A1: Fraction of individuals with no modal employer at age 25-29
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Notes: This figure shows the share of children who do not have any employer while being between the age of
25 and 29, separately by parental income rank. In the right panel, the share is split between two mutually
exclusive categories: those without an employer and with no capital income, and those without an employer
but with some positive amount of capital income.



Figure A2: Fraction of Children in Lone-Parent Families by Parental Income Rank
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Notes: This figure presents the share of children who are in lone-parent families (i.e., have only one parent
present between the ages of 15 and 19), separately by parental income percentiles.



Figure A3: Income rank-rank relationship, with and without non-employed individuals
Panel A: Unconditional rank-rank relationship
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Panel B: Rank-rank relationship conditional on employers (unadjusted firm effects)
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Panel C: Firm sorting component (unadjusted firm effects)
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Notes: Panel (a) shows mean child income percentiles for each parental income decile. Grey triangles show
unconditional means for the full sample of children born in 1987-89, whereas blue circles show unconditional
means for a subsample that excludes children without a modal employer. Panel (b) shows conditional means
accounting for differences in employers (using selection-adjusted firm effects), as per equation (1). Panel (c)
shows the corresponding firm sorting component, also based on selection-adjusted firm effects.



Figure A4: Comparison of rank-rank relationships across Canadian datasets
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Notes: This figure shows mean child percentile income rank for three different sample. The series in blue
circles corresponds to our main sample, drawn from the CEEDD. It includes children born in 1987-89, and
their income is calculated when they are aged 25-29. The other two series are based on data from the
Intergenerational Income Database (IID). The series in red triangles is from Haeck and Laliberté (2025). It
includes birth cohorts from 1963-1985, and their income is calculated when they are aged 27-31. The series
in green squares is from Connolly et al. (2022). It includes birth cohorts from 1962-1985, and their income
is calculated when they are aged 30-36.



Figure A5: Distributions of Estimates of Social Connections Effects on Hiring Probabilities,
With and Without Post-secondary Education
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(g) Classmate’s parent works at firm
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(h) Classmate’s parent owns firm
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Notes: This figure presents the distribution of estimated social connection coefficients γqm from equation (3),
separately for subgroups m that correspond to education categories with and without post-secondary educa-
tion. Each panel plots the distribution for a different connection type. Note that by definition connections
via classmates’ parents do not exist for children who have no post-secondary education.



Figure A6: Fraction of Children with Post-Secondary Education by Parental Income Rank

.5
.6

.7
.8

.9

Pe
rc

en
t o

f c
hi

ld
re

n 
w

ith
so

m
e 

po
st

-s
ec

on
da

ry
 e

du
ca

tio
n

0 20 40 60 80 100
Parental income rank

Notes: This figure presents the share of children who ever enrolled in a post-secondary institution in Canada,
separately by parental income percentiles.



Figure A7: Average Social Connections Effects by Parental Income Rank
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(c) Connections via parents’ past co-workers
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(b) Connections via siblings
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(d) Connections via classmates’ parents
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Notes: This figure plots the average social connection effect by parental income rank. That is, we assign each
child in our data a value of γqm on the basis of which education category m they belong too, and take the
average separately by parental income group. For reasons related to Statistics Canada’s vetting procedure,
the averages shown on this figure have to be rounded before disclosure. This significantly mutes the amount
of variation across parental income groups for connection types shown in panels (c) and (d) since the numbers
are very low to begin with.



Figure A8: Distributions of Estimates of Social Connections Effects - by Parent’s Job Tenure
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Notes: This figures plots the distributions of social coefficients estimate for different values of job tenure. The
estimating equation is H25

il = αe(i),l +
∑

T γ
T
m(e(i))C

T
il + ϵil, where H25

il is an indicator for worker i working
at firm l when they are aged 25, and CT

il indicates whether a parent has a job tenure of T years at firm l the
year their child is aged 25.



Figure A9: Distributions of Estimates of Social Connections Effects - Permutation Tests
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(g) Classmate’s parent works at firm
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(b) Parent owns firm
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(f) Parent past co-worker owns firm
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(h) Classmate’s parent owns firm
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Notes: This figure presents the distribution of estimated placebo social connection coefficients γqm from
equation (3). Each panel plots the distribution for a different connection type. In this analysis, the outcome
variable Hplacebo

il indicates whether the “control” neighbor of child i works at firm l.



Figure A10: Decomposition of firm sorting component, using unadjusted firm fixed effects
(a) Pooling all connection types
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Notes: This figures plots counterfactual firm sorting components based on equations (4) and (5). It uses esti-
mates of δl based on equation (8). Panel (a) shows components attributable to education (

∑
l δlE[αe(i),l|l, p])

and to social connections pooling all eight types (
∑

l δl
∑

q E[γqm(e(i))C
q
il|l, p]), as well as residual unexplained

variation in firm sorting. Panel (b) decompose the social connection component, breaking down the contri-
bution of each connection type.



Figure A11: Social Connections and Income Ranks, Singleton Firms Included
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Notes: This figure plots coefficient estimates from equation (6), separately by connection type and by
specification that do or do not include firm fixed effects. Singleton firms are pooled into ventiles of the AKM
firm effects distribution. Whiskers indicate 95% confidence intervals based on heteroskedasticity-robust
standard errors.



Figure A12: Social Connections and Employment Income Ranks
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Notes: This figure plots coefficient estimates from equation (6), separately by connection type and by specifi-
cation that do or do not include firm fixed effects. The outcome is employment income percentile ranks (i.e.,
excluding non-employment income). Whiskers indicate 95% confidence intervals based on heteroskedasticity-
robust standard errors.



Figure A13: Firm Scale and Hiring of Connected Workers
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(d) Connections via classmates’ parents
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Notes: The figure presents event-study estimates of changes in firm log revenue and log payroll around the
time a connected workers is hired. Point estimates are based on equation (7). Shaded areas indicate 95%
confidence intervals based on standard errors clustered by comparison set g.



A Data Appendix

A.1 Child-Parent Linkages

To create child-parent linkages, we mimic the methodology used by Statistics Canada in
the creation of the Intergenerational Income Database (IID) (Corak and Heisz, 1999), which
forms the basis for most work on intergenerational mobility in Canada.

The CEEDD includes T1 Family Files (T1FFs) from 2001 onward. The T1FFs include
family-level information for tax filers, their spouse, and their census family. We find all 15 to
19 year-olds (children) in T1FFs, and link them to their parents using unique census family
identifiers. That is, for each child and each tax year, we identify who are the parents in
their census family in that year. We then create time-invariant child-parents links using the
earliest year a match is made. This means that if a child has different parents at ages 15 and
19, we create a child-parent linkage based on the census family they were part of when they
were 15. In the process, we also impose additional restrictions, such as parents must be at
least 16 years older than their children. This is mainly to avoid mistaking a child’s relatively
older roommate for a parent. Also, we drop any year in which a child has a spouse.

Some limitations must be noted. First, the parents we assign children may not be the
ones they grew up with in early childhood. Rather, the parents are household heads in
teenage years (15 to 19 years of age). Second, links can only be made for children who
filed taxes at some point while still living with their parents. Despite these restrictions, the
original IID, which was constructed using the same method we apply, has excellent coverage
of the underlying population (Connolly et al., 2019). Reassuringly, we find that the income
rank-rank relationship in our sample is very similar to the one obtained using the IID (see
Figure A4).

A.2 Education Groups

As a first step, we find each person’s highest level of education. That is, if an individual
holds more than one degree, we select the one at the highest level.44 Similarly, if an individual
enrolled in two different programs but never graduated from either, we assign them to the

44For example, if a holder of a Master’s degree goes back to school to earn an Associate’s degree, we code
the Master’s degree as their highest level of education even though it is not their most recent program of
instruction.



one corresponding to a higher level of education. If the level is the same for both programs,
we select the most recent one.45 At the end of this procedure, each individual who ever
enrolled in some post-secondary education is assigned to exactly one program of study.

Having selected each person’s most advanced program of study, we then create education
groups as unique combinations of a 4-digit CIP code (which correspond to fields of study),
a credential type, a program type, a post-secondary institution, and an indicator for having
graduated from the program or not. When institutions have more than one campus, we
treat different campuses as different institutions. We merge small groups – those with less
than 10 students in our sample of children born in 1987-89 – into broader categories, pooling
together CIP codes (within a 2-digit category) within cells defined by a credential type, a
program type, a post-secondary institution, and an indicator for having graduated from the
program.

For children who have never attended a post-secondary institution in Canada (roughly
a third of our sample of children), we define education groups as census subdivisions based
on their first recorded place of residence in the tax files. Census subdivisions correspond
to municipalities, or to areas treated as municipal equivalents for statistical purposes by
Statistics Canada. As such, they likely capture well the set of high schools these children
attended. There are over 5,000 census subdivisions in Canada.

45For all remaining cases where an individual is assigned two equally recent degrees in the same level of
education, we keep the program with the largest enrollment.



B Estimation Notes

B.1 Estimation of Firm Fixed Effects

We obtain estimates of firm fixed effects using the following rank-rank regression

yi =
100∑
p=1

βp1{xi = p}+
∑
j

δj(i) + εi (8)

where yi is the income rank of child i working in firm j, xi is the income rank of their
parents, and δj(i) is a complete set of firm fixed effects, which is normalized to have a mean
of zero in the estimation sample. The βp coefficients represent the expected income rank
of children belonging to parental income group p conditional on the employers they work
for, and the estimated δj’s are firm-level average income ranks adjusted for composition by
parental income. Note that this constitutes a regression-compatible decomposition (Fortin,
2008; Haeck and Laliberté, 2025) as βp is exactly equal to the within-firm component as per
equation (1).

Estimation of firm fixed effects in equation (8) is complicated by the fact that there are
singleton firms – firms at which we only observe one worker in our sample of children. These
firms typically have more than one worker, but only one of them belongs to the three birth
cohorts that constitute our estimation sample. Since social connections to these small firms
may still play an important role for income mobility, rather than dropping these observations
we group them for the purpose of estimating δj. To distinguish between high- and low-pay
singleton employers, we define the groups using ventiles of the distribution of AKM firm
effects.

Figure B1 shows rank-rank relationships excluding all singleton firms from the sample.
The series excluding children at singletons firms lie slightly below those including them,
which means children at singleton firms earn a little less, on average. This level shift is
apparent throughout the parental income distribution, and therefore leaves the rank-rank
slope roughly unaffected by the exclusion of singleton firms.



Figure B1: Income rank-rank relationship, with and without children at singleton firms
(a) Unconditional rank-rank relationship
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(b) Rank-rank relationship conditional on employers (unadjusted firm effects)
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(c) Firm sorting component (unadjusted firm effects)
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component.



B.2 Estimation of AKM Worker and Firm Effects

We start with a sample that includes all 24-54 year-old workers in Canada for years
2001 to 2018, and impose a few additional sample restrictions. First, we only keep worker-
year observations with annual earnings above 5,000$ (in 2016 Canadian dollars). Similarly,
Lachowska et al. (2020) drop workers with less than 2,850$ (in 2005 US dollars) in annual
earnings, which is roughly the same cutoff as ours for a 1.23 CPI adjustment (translating
2005 US dollars into 2016 US dollars) and at an exchange rate of 1.35. This restriction is
meant to drop any observation for which a worker spent very little time in the labor market
within a fiscal year (e.g. if they started working in December). An implication of this
restriction, however, is to make the AKM firm effect for employers that hire many workers
at very low pay scales more positive than it would be otherwise. Second, we drop all workers
who appear in the tax data for less than 3 years. This insures that most workers in the
sample spent at least one full year in the labor market. Finally, we focus on the largest
connected set (Card et al., 2018).

The dependent variable is the log of T4 earnings (ln eit) for worker i in year t. We remain
agnostic regarding the source of firm premiums, whether it is a wage or a work hours effect.
A usual AKM specification takes the form

ln eit = α′
i + ψ′

j(i,t) + βXit + ε′it (9)

where Xit is a vector of covariates, which generally includes year fixed effects and a polyno-
mial in age. Unfortunately, the server on which we estimate the model is unable to estimate
such a specification on the full sample, running into memory errors. To circumvent this
computational issue, we first regress ln eit on a full set of year and age fixed effects, and save
the residuals rit. We then regress these residuals on worker and firm fixed effects

rit = αi + ψj(i,t) + εit (10)

and store the estimated α̂i’s and ψ̂j’s. For validation purposes, we estimated eq. (9)
on smaller sample for which estimation is computationally feasible (all workers and firms
in Ontario, Canada’s largest province), and compared one-step estimates to those obtained
using the two-step approach described above. The correlation in person effects is 0.965, and
the correlation in firm effects is 0.999.



B.3 Selection-adjusted Income-rank Firm Premiums

Here, we cast the problem of obtaining selection-adjusted firm effects in eq. (8) in terms
of the the omitted variable bias, where the omitted variable is person i’s earnings potential.
Assuming AKM worker effects are good proxies for unobserved earnings potential, we replace
the parental income dummies in eq. (8) with a cubic polynomial in AKM worker effects.46

Hence, the firm fixed effects we estimate this way are adjusted for compositional differences
across firms in terms of AKM worker effects. Rather than grouping singleton firms like we
do when estimating eq. (8), here we drop them from the estimation sample and impute their
values in a second step using information on AKM firm effects. More precisely, we predict
values of selection-adjusted firm fixed effects for singletons firms using fitted values from a
model in which we project the estimated selection-corrected δj’s (obtained controlling for
AKM worker effects on the set of non-singleton firms) on their corresponding AKM firm
effects ψj.47

Robustness. For robustness purposes, we report results based on an alternative method
for adjusting firm effects for selection. Here, we generate counterfactual income ranks for
each child i in our sample by imposing that everyone receives the same AKM firm effect ψj.
Let Ii denote child i’s average income between the age of 25 and 29, and ψj(i) is the estimated
AKM firm effect for child i’s modal employer j between the age of 25 and 29, which is in log
units. We can then write

ln Ii = ai + ψj(i) (11)

where ai implicitly captures all components of child i’s income that aren’t due to firm effects.
With data on both ln Ii and ψj(i), we can back out values of ai. Then, we calculate a
counterfactual income as

Ĩi = exp(ai + ψ̄c) (12)
46We also include a dummy variable for individuals who do not have a AKM worker effect. This will be

the case for people who never work, or for those who only work for firms outside the largest connected set,
for instance. It is worth noting that some people with no main employer between the ages of 25 and 29 may
still have a AKM worker effect if they had jobs at other ages. This means including AKM worker effects in
the model can account for selection into non-employment between the ages of 25 and 29.

47The correlation between the selection-adjusted firm effects we obtain under this procedure (excluding
singleton firms) and corresponding AKM firm fixed effects ψ̂j is very high, at 0.95.



where ψ̄c is the sample average of ψj(i), which we calculate separately by birth cohort c. Then,
using cohort-specific income percentile cutoff points from the true income distributions, we
retrieve the income rank ỹi for counterfactual income Ĩi. For each child, the difference
between their real and counterfactual income rank yi − ỹi represents the contribution of the
firm premium to their income rank. We finally calculate average firm premiums for firm j

as E[yi − ỹi|j]. This corresponds to the average contribution of firm j to the income rank of
its workers.

This approach maintains a key property of the AKM log additive specification, which is
that high-pay firms increase earnings in dollars more for high-pay workers than for low-pay
ones. But since AKM firm effects don’t exist for the two non-employment categories, as well
as for firms outside the largest connected set, we must fill these holes using the estimates
from the main approach described above.

Figure B2 shows the firm sorting component ∆p for the two different ways we selection-
adjust firm effects. Using the linear rank-rank slope as a summary measure of the firm
sorting component, we find that results are fairly stable across measurement approaches.
The slope is equal 0.072 when controlling for AKM worker effects and to 0.067 when directly
using AKM firm effects.

We note that the main approach based on controlling for AKM worker effects shows
slightly more non-linearity at the very bottom, likely because it is less affected by the AKM
sample restriction on minimal annual earnings. That is, children from the bottom 20 per-
centiles may be over-represented at low-paying firms that systematically pay some workers
less than 5,000$ a year.



Figure B2: Robustness to alternative estimates of selection-adjusted firm effects
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B.4 Retrieving Education-firm Fixed Effects

For each category m, the estimating equation for the full dyadic sample (i.e., including
cells that do not contribute to identification of the social connection coefficients) is

Hil = κm + α′
e(i),l +

∑
q

γqmCil + ϵil (13)

where we normalize estimates of α′
e(i),l such that their within-sample average is zero, and

include an intercept κm so that αe,l = κm(e) + α′
e,l. Since estimation of eq. (13) on the full

sample is computationally infeasible, we must back-out the key parameters using estimates
of γqm as well as other moments of the data.

First, taking the sample average of eq. (13) we obtain

H̄m = κ̂m + ᾱ′
m︸︷︷︸

=0

+
∑
q

γ̂qmC̄
q
m + ϵ̄m︸︷︷︸

=0

(14)

where C̄q
m is the group-m sample average of Cq

il. Since every child is matched with one firm
and the sample includes all possible worker-firm pairs, H̄m = 1

J
, where J is the number of

firms in the data. This implies we can back-out the value of κ̂m:

κ̂m =
1

J
−
∑
q

γ̂qmC̄
q
m. (15)

Then, averaging equation (13) across education-firm cells {e, l} we obtain

H̄e,l = α̂′
e,l + κ̂m(e) +

∑
q

γ̂qm(e)C̄
q
e,l. (16)

Note that H̄e,l is equal to sl|e – the fraction of workers with education e that actually works
at firm l – which can be directly measured. Combining equations (15) and (16),

α̂′
e,l =

(
sl|e −

1

J

)
−
∑
q

[
γ̂qm(e)

(
C̄q

e,l − C̄q
m(e)

)]
(17)

or, put differently,

α̂e,l = κ̂m(e) + α̂e,l = sl|e −
∑
q

γ̂qm(e)C̄
q
e,l. (18)



Note that if sl|e = 0 (i.e., no one from education group e works at firm l) and C̄q
e,l = 0 for

all connections types, then α̂′
e,l = −κ̂m. With estimates of α′

e,l, κm, and γqm in hand, we can
then compute predicted values Ĥil for the entire dyadic sample

Ĥil =
(
κ̂m(e(i)) + α̂′

e(i),l

)
+
∑
q

γ̂qm(e(i))C
q
il. (19)

Finally, with some abuse of notation, we take expectations conditional on parental income
rank and firm to obtain counterfactual distributions of workers to firms:

s̃l|p = E[Ĥil|l, p]. (20)

In practice, we calculate s̃l|p by collapsing over education groups

s̃l|p =
∑
e

E[Ĥil|l, p, e]νe|p (21)

=
∑
e

α̂e,lνe|p +
∑
e

(∑
q

γ̂qm(e)C̄
q
ep,l

)
νe|p (22)

where C̄q
ep,l = E[Cq

il|l, p, e] is the average of Cq
il for individuals in education group e and

parental income group p, and νe|p is the share of children with parental income p who have
education level e.



C Sensitivity and Robustness of Rank-rank Decompo-
sitions

C.1 Alternative Income Measures

Income measured at older ages. To examine the sensitivity of the rank-rank decom-
position to the age at which income and firms are measured, we reproduce our main decom-
position using the 1984-86 birth cohorts, for which we can observe income and employers at
older ages, but cannot observe education with sufficient accuracy. For benchmarking pur-
poses, in Figure C1 we first compare the rank-rank relationships for average income between
the ages of 25-29 between our two subsamples of birth cohorts. The two series align very
closely, although the rank-rank slope is a bit smaller for the 1984-86 cohorts (0.222) than
for the 1987-89 cohorts (0.232), consistent with prior work showing that income persistence
has been increasing over time in Canada (Connolly and Haeck, 2024).

Figure C2 shows both the unconditional rank-rank relationship as well as the estimated
ranks conditional on main employer (based on eq. (8)) for ages 25-29, 27-31 and 29-33, using
the 1984-86 birth cohorts. While the unconditional relationship steepens as we measure
outcomes at older ages, the relative importance of firms remain fairly stable, around 50% in
all cases.

Lastly, we examine whether early career main employers are predictive of future income
gaps. Perhaps early career jobs are mostly transitory and unrelated with future employment
prospects. Naturally, it might also be that for many people their main employer in their
early 30s is the same one they had in their late 20s. Here, we use average income between
the ages of 29-33 as our outcome, but control for children’s main employer at 25-29 (based
on eq. (8)). The resulting average ranks conditional on employers, shown in Figure C3, are
very similar to those obtained using the main employer at 29-33. This suggests early career
employers are pivotal for one’s career.

Excluding non-employment income. Our main measure of income includes all sources
of income. This is important since one’s main form of remuneration is itself an outcome of la-
bor market opportunities. For instance, Gendron-Carrier (2023) shows that unincorportated
business ownership is a close substitute for employment in low-pay firms. In addition, some
firms may directly contribute to workers’ non-labor income – e.g. by offering stock options –



Figure C1: Comparison of rank-rank relationships across birth cohorts
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Notes: This figure shows mean child percentile income rank at age 25-29, separately for the 1987-89 and
1984-86 birth cohorts.



Figure C2: Income rank-rank relationship, by age-at-measurement
(a) Average income and main employer at 25-29
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(b) Average income and main employer at 27-31
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(c) Average income and main employer at 29-33
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Notes: This figure shows mean child percentile income rank for the 1984-86 birth cohorts. Average ranks
conditional on employers are based on equation (8). In panel A the outcome is average income rank based
on average income between the ages of 25 and 29. Panels B and C reproduce similar analyses using average
income at 27-31 and 29-33, respectively.



Figure C3: Income mobility and past employers
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and others systematically have high rates of business ownership among their employees. For
example, incorporation of one’s medical practice is a common phenomenon among physi-
cians in Canada (Strobel et al., 2025). Still, for most people the bulk of the compensation
associated with an employment relationship is in the form of wages and salaries. Hence,
employers may play a larger role for mobility in terms of labor income than in terms of total
income. To examine this, we reproduce our main decomposition analysis using employment
income (i.e., T4 earnings) only, in Figure C4.48

We find that the unconditional rank-rank slope based on children’s employment income
alone is 0.204, roughly 12% lower than the slope based on total income. Strikingly, the
rank-rank relationship for employment income turns negative above the 95th percentile of
parental income. This means the income advantage of children from very rich families relative
to that of families just below them in the distribution is entirely driven by non-labor income.
Comparing the linear slopes for the unconditional and conditional relationships, we find
that employers account for (0.122/0.204=) 60% of differences in employment income across
parental income groups.

48For ease of comparability, we do not generate new income percentiles based on the distribution of
employment income alone, but rather keep the percentile cutoffs from the original distribution of total
income. We then uniformly re-allocate the total amount of non-employment income among children in
our sample. That is, we obtain percentile ranks for a counterfactual scenario that holds the total amount
of income in our sample fixed, where each child receives the same amount of non-labor income and so
employment income is the only source of variation in income across children.



Figure C4: Intergenerational Employment Income Mobility and Children’s Employers
(a) Child-Parent Rank-rank Relationship
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(b) Firm Sorting Component
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Notes: Panel (a) shows mean child employment income percentiles for each parental income decile. Grey
triangles show unconditional means, whereas blue circles indicate conditional means accounting for differences
in employers, as per equation (8). The difference in linear slopes represents the contribution of employers to
employment income mobility. Panel (b) shows the corresponding firm sorting component. This component
is equal to the vertical distance between the two series presented in panel (b).



C.2 Sorting by comparative advantage

While differences in distributions sj|p across parental income groups chiefly influence
the sorting component, they may also contribute to within-firm gaps if workers sort by
comparative advantage. To examine whether that is the case, we decompose the within-firm
component (based on eq. (8)) of the rank-rank income relationship

βp =
∑
j

(ȳjp − δj) sj +
∑
j

(ȳjp − δj)
(
sj|p − sj

)
(23)

where the first term imposes that all groups be equally represented at all firms and therefore
is free of comparative-advantage sorting. The second term, then, can be interpreted as a
measure of comparative-advantage sorting.

Unfortunately, neither term can be directly calculated due to data sparsity: not all
parental-income groups are observed at all firms, and therefore ȳjp is undefined in many
cases. As a result, the shares sj may not add up to one within the summations. That is,
while

∑
j sj|p always sums up to one within each group p, the elements of sj that are part of

the sum
∑

j (ȳjp − δj) sj won’t sum up to one.

Still, the correlation between (ȳjp − δj) and (sj|p − sj) can be informative of the extent
of sorting by comparative advantage within the set of observed matches. The idea is that
sorting patterns at the “intensive margin” (i.e. more vs fewer workers of a given group are
hired by firm j) are informative of sorting patterns at the extensive margin (i.e. some vs
no worker of a given group is hired by firm j). In our data, that correlation is equal to
-0.04, suggesting that, if anything, groups of workers tend to be under-represented at firms
at which they experience the largest earnings advantage relative to other workers at that
firm, on average.

To further address this issue, we compare the true βp =
∑

j (ȳjp − δj) sj|p with a properly
re-scaled sum that uses the population-wide shares sj as weights. That is, we calculate for
each group p:

β̃p =

∑
j (ȳjp − δj) sj∑
j 1{sj|p > 0}sj

. (24)

To ease the interpretation of β̃p, let βcomplete
p denote the (unobserved) value of βp one

would obtain if group p was observed at all firms in the data. β̃p will coincide with βcomplete
p



if the counterfactual average within-firm gap for group p at firms where they are not observed
was the same as the average within-firm gap at firms where they are observed.

In Figure C5, we plot the re-scaled sum from eq. (24) against the true βp. The two series
closely overlap throughout the parental income distribution, expect for the top 3 percentiles,
where the re-scaled sum slightly mutes the non-linearity. We take these findings as evidence
that sorting by comparative-advantage is limited.

Figure C5: Sorting on Comparative Advantage
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based on equation (24).



D Decomposing education-firm fixed effects

Patterns of sorting into firms by education may reflect different firms’ propensity to hire
students from a particular institution or from a particular field of study. They may also
capture variation in social connections built in school, either because people who studied
together may provide each other with job referrals, or because a professor in a specific
program systematically recommends their students to particular firms.

Here, we examine the separate contribution of these channels to the education-based firm
sorting component. Since institutions and fields of study are only observed for children with
some post-secondary education, we first write

αe,l =αe,lPSe + αe,l(1− PSe) (25)

where PSe is an indicator function that takes a value of one for groups e that correspond to
some post-secondary level of education. Then, let ᾱPS,l =

∑
e∈PS αe,lνe∑

e∈PS νe
be the average match

effect between firm l and post-secondary education groups of any kind, and let ᾱHS,l be the
corresponding term for high school education.49 We can further break down education-firm
match effects

αe,l = [PSe (ᾱPS,l − ᾱHS,l) + ᾱHS,l]

+ (αe,l − ᾱHS,l) (1− PSe)

+ (αe,l − ᾱPS,l)PSe (26)

where the first line captures firm l’s propensity to hire workers with post-secondary edu-
cation relative to workers with high school education. The next two lines are deviations from
broad averages. The second-term, (αe,l − ᾱHS,l) (1−PSe), captures differences in conditional
match probabilities among people who do not have post-secondary education but attended
a different set of high schools. The third term,(αe,l − ᾱPS,l)PSe, reflects the strength of
the match effect between education group e and firm l relative to that of the average post-
secondary program. We further decompose that within-post-secondary education deviation
term using the following regression:

αe,l − αPS,l = ηinstitution(e),l + ζfield(e),l + µe,l (27)
49If social connections were not included in eq. (2), then ᾱPS,l would simply be the conditional probability

of matching with firm l if one has some post-secondary education of any kind.



where ηinstitution(e),l are post-secondary institution-by-firm fixed effects, ζfield(e),l are field-of-
study-by-firm fixed effects, and fields of study correspond to 4-digit CIP codes. These two
components respectively capture the overall propensity of workers from a given institution
to work at firm l – e.g., due to geographic proximity between a school and a firm, or because
of reputation effects – and the propensity of workers with education in a given field to work
at that firm. For example, ζfield(e),l accounts for the fact that engineering firms are more
likely to hire workers with a degree in engineering than from other fields. Finally, µe,l is
a residual match effect, net of both geographic and broad academic factors. That residual
term may capture a potential social connection effect, but may also reflect the fact that an
education program could tailor its curriculum for a specific firm’s needs.

Finally, we evaluate the economic significance of each of these channels for intergenera-
tional mobility using the following decomposition:

∆̃educ
p =

∑
l

δl
∑
e

αe,lνe|p =
∑
l

δl
∑
e

[PSe (ᾱPS,l − ᾱHS,l) + ᾱHS,l] νe|p

+
∑
l

δl
∑
e

[(αe,l − ᾱHS,l) (1− PSe)] νe|p

+
∑
l

δl
∑
e

[(
ηinstitution(e),l + ζfield(e),l + µe,l

)
PSe

]
νe|p (28)

Results are presented in Figures D1 (using selection-adjusted firm effects) and D2 (using
unadjusted firm effects). In panel (a), we show the three broad education-based sorting com-
ponent, and report the share of the total firm sorting (∆) they account for. In Figure D1,
shares sum up to 45% (up to rounding), which is the share of the firm sorting component
attributable to education (see Figure 5). Differences in representation in post-secondary
education of any kind across parental income groups accounts for 18% of the firm sorting
component. Differences in post-secondary programs conditional on pursue some higher ed-
ucation has the most important explanatory power, accounting for 20% of the firm sorting
component. The explanatory power of differences across education groups conditional on
not enrolling in higher education is 8% in total, but is particularly important for the bottom
2 parental income percentiles.

In panel (b), we break down the sub-component attributable to differences within the
broad set of children with post-secondary education. The most important dimension is the
institutions children attend, which partly captures “vertical” differences between colleges and



universities. Residual match effects – which are mostly likely to capture social connections
– explain 5% of the firm sorting component, which is greater than the explanatory power of
fields of study (4%).



Figure D1: Decomposition of firm sorting component by education sub-components,
Selection-adjusted firm effects

(a) Broad sub-components
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(b) Unpacking differences across post-secondary programs

-3
-2

-1
0

1
2

Fi
rm

 s
or

tin
g 

(s
ub

)c
om

po
ne

nt

1                  20                   40                   60                   80                   100
Parental income rank

Differences in representation in post-sec (18%)

Differences among high-school educated (8%)

Differences due to post-sec institutions (10%)

Differences due to post-sec fields (4%)

Differences due to program-firm match effects (5%)

Share of firm sorting
component explained by

Notes: The figure presents a decomposition of the firm sorting component into sub-components of education.
It plots each term in equation (28), using selection-adjusted firm effects as measures of δl.



Figure D2: Decomposition of firm sorting component by education sub-components,
Unadjusted firm effects

(a) Broad sub-components
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(b) Unpacking differences across post-secondary programs
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Notes: The figure presents a decomposition of the firm sorting component into sub-components of education.
It plots each term in equation (28), using unadjusted firm effects based on equation (8) as measures of δl.




