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We build a new framework of network strength that combines four
elements into a cohesive model of how a network could help
career advancement: (a) value of the information your
connections have for you, (b) bandwidth of information sharing
between connections, (c) redundancy of information in your
network based on shared connections, and (d) overall size of your
network. We estimate the model for gender in the United States
(US). We find an 8 percentile point gap in network strength and
across several of the above-listed features, of which
approximately 2/3rds is explainable by gaps in occupations, firms,
platform activity, and other features. Network strength is predictive
of the amount of recruiter contact as well as the likelihood the
member increased seniority over one year.

"Currently at Docker. All work was done while at LinkedIn.



Introduction

Economic networks have gained increased
recognition as key determinants in fostering
career opportunities, knowledge exchange, and
professional growth in today’s knowledge-based
economies. Economic networks encompass the
relationships and connections individuals
establish within their professional spheres,
including colleagues, mentors, clients, and
industry peers. These networks serve as channels
for information exchange, collaboration, and
opportunity sharing. Increasing digitalization,
globalization, and interconnectedness has
amplified the significance of networking as a
strategic tool for professional growth and
advancement. Economic networks facilitate
access to many opportunities, such as job leads,
referrals, skills to develop, resources for attaining
goals, and social capital, mentorship, and access
to influential decision-makers. The strength of an
individual's economic network can significantly
influence their career trajectory and economic

outcomes.

Moreover, economic networks contribute to the
diffusion of knowledge, innovation, and
entrepreneurial activity. The exchange of
information and ideas within networks can spark
collaborations, promote the spread of best
practices, and facilitate the transfer of industry-
specific knowledge. Thus, economic networks not
only benefit individuals but also have wider
implications for organizational performance,
industry competitiveness, and economic
development at large.

Women still face more barriers in the labor
market than men in the US. Despite progress over
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the past few decades, there are persistent labor
outcome disparities between men and women in
the US economy for such outcomes as earnings,
promotion to leadership, and general career
progression (Graf et al., 2018; Lara et al.,, 2023;
Maasoumi & Wang, 2019; Petrongolo, 2019).
One potential mechanism for this persistence
may be differences in the economic networks
that these groups have. To examine differences
in network quality between men and women, we
need a useful framework for parsing or
understanding the quality of member networks. In
this paper, we develop a new methodology for
measuring network strength which combines
elements from social science literature on
network strength from economics and sociology

with research from network science.

We apply this network strength model to one
million randomly sampled US LinkedIn members
and examine the extent of the gender gap in
network strength, as well as which features of a
network display the largest disparities. These
gender gaps in economic network strength can
stem from various underlying factors, including
social norms, implicit biases, and structural
barriers. Understanding and addressing these
disparities are crucial steps towards achieving
gender equality in the realm of professional
networks. We also explore the extent to which our
network strength measures are predictive of
economic outcomes, in particular recruiter InMail
received by the member and the likelihood that a
member’s job title reflects an increase in seniority

Across one yedar.

Disparities measured in this paper should be
interpreted as surfacing underlying systemic
discrimination in the labor market. Indeed,
gender gaps in economic conditions are
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pervasive and well-known. We are unable to
observe the alternative of what economic
networks look like or would look like without
LinkedIn; however, we believe that gender gaps
in networks would be even worse without
LinkedIn (for example, due to such conditions
sometimes called Old Boys Clubs).

By diving deeper into the factors that shape
economic network strength and analyzing the
gender gaps within each of these factors, this
research aims to provide a nuanced
understanding of what it means to have a strong
economic network, and to examine potential
challenges women face in the formation of strong
networks. Moreover, by controlling for observed
factors such as occupation, industry, and
educational background, we can discern
whether the observed gender disparities are
solely a reflection of structural differences in these
factors, or if additional biases and barriers persist.
The findings of this study hold the potential to
inform evidence-based policies and interventions
that foster gender equality in economic networks,
ultimately leading to more equitable economic
outcomes and societal progress.

Key findings

e Men's median network strength is 8.3
percentile points higher than women's. This
arises from men have larger networks with
more communication, connected to more
senior people in related industries.

e \Women typically have more diverse
networks with more pathways to unique
information. Women's networks have on
average less information redundancy, 6
percentile points better than men’s.

e Much of the gender gaps is driven by
differences in occupation, firm, and
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seniority level. Once we control for these and
other factors, most gender gaps in network
strength and its inputs drop in half or even
more, although there typically still remains a
statistically significant disparity.

Stronger networks are associated with
more contact from recruiters. For example,
a 10 percentile point increase in total network
strength is associated with a 0.27 percentile
point increase in monthly recruiter messages
received. Additionally, men receive 0.479
percentile points more recruiter messages
than women. If we control for network
strength, this gap drops in half to 0.22.
Controlling for all other covariates decreases
the gap even more, to 0.085 percentile
points.

For both men and women, stronger
networks are also associated with a higher
probability of transitioning to a job title that
is more senior from one year to the next. A
ten percentile point increase in network
strength is related to a one-percentile point
increase in the likelihood of increased
seniority.

Total network size and information
bandwidth have the strongest associations
with recruiter InMail and increased
seniority. Having a large network who
communicates with you often has stronger
associations with economic outcomes than
the characteristics of the connectee (e.g.,
their seniority).

Related literature

Our model builds on the important work of past
research. Most concretely, our model builds on
that of Aral (2016). Aral frames network strength
in terms of information sharing, as we do here.
Additionally, he describes several features of a
network that we construct directly into our model,
including information value (the extent to which a
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given connection can provide useful information),
channel bandwidth (the likelihood of that
information being shared), and network diversity
(what we call information non-redundancy).
Many papers have focused in particular on
network diversity and its potential interplay with
bandwidth (Bruggeman, 2016). They
acknowledge the tension between the strength of
a network connection—or tie—and the value of
the information that tie has. The underlying
concept is that stronger ties—people to whom
we are closest—have high information
bandwidth and are thus more likely to share
information. But they have less valuable
information, because it is information, people are
likely to already possess or receive through other
channels. Thus, weak ties—people with whom
we share few mutual connections—are
potentially the most valuable even though
people may have lower average bandwidth
communication with them. Recent work
examining LinkedIn networks provided strong,
empirical evidence that supports the idea that
weak tie connections are the most beneficial to
career progression (Rajkumar et al., 2022).

There is also a strong history of evaluating
network disparities by gender and other
dimensions. McDonald et al. (2009) find that men
receive more job leads than women from routine
conversations (as well as a racial divide for the
same outcome). Further, networks with higher
proportions of White men have more total job
leads shared than women and minority
dominated networks. McGuire (2002) examined
financial services employees and found that,
within their firms, women received less help from
their network than men do. These differences
persisted even when controlling for worker
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characteristics as well as other network
characteristics including measures of network
strength, closeness, and bandwidth. This supports
a broader conceptualization of what it means to
have a strong network.

An additional body of work has examined the
extent to which gaps in network features between
groups are associated with gaps in economic
conditions, as well as when even having similar
features of networks can result in different
outcomes. For example, Pedulla & Pager (2019)
find that Black and White workers leverage their
networks at similar rates and even receive job
leads at similar rates, but that the networks have
differing levels of effectiveness. When each group
leverages their network to seek jobs, having a
higher number of White connections is
associated with a higher likelihood of receiving a
job offer than having more Black connections.

Barbulescu (2015) finds that having diverse
networks benefits workers at different stages of
the job search process, although having more
focused groups of connections by occupation
benefits workers in moving forward in the
interview process. Childers & Kaplan (2023)
investigate the role of networking among women
in leadership in business and find that women
report networking being critical to their success—
and that they indeed network often, many of
them daily. However, only 32% of the
respondents reported having a mentor. The
economic connectedness of social networks has

also been linked to economic outcomes such as
income mobility (Chetty et al.,, 2022a, 2022b).

Thus, the literature has established that networks
are important, and that there are critical divides
by gender. However, we build on the literature by
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creating a cohesive model of economic network
strength and estimating it using proprietary
LinkedIn network data.

Network strength model

Our model of network strength is built around the
concept of the quality and amount of information
an individual is likely to receive from their network
that could help them in their career. We model it
borrowing from the literature where possible, and
base it on four components which we bring
together into one cohesive metric. The four
elements are information value, information
bandwidth, information redundancy, and

network size.
Feature 1: Information value

\We start with information value—how useful the
information that a potential connection node
would be to a person’s career advancement. A
node could possess information about job
opportunities, skills in demand, connections to
make, and generally provide mentoring and
advice to help careers. Let V;; be the potential
information value that node j (the alter, or
potential connection) has to offer node i (the
ego, or person whose network strength we seek
to estimate). Intuitively, these are observable
employment measures that would make any
given connection attractive to helping a member
in their career. Proxying for the above types of
information value, we use the following 5
measures, Vij}, s VS which we explain in more
detail below

a. Alter jisin a senior position
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b. Alter j does not have the “Open to Work”
status on in their profile

c.  The number of skill endorsements alter j
has received

d. The occupation similarity of alter j's work
totheegoi

e. Theindustry similarity of alter j's work to
theego i

Note that measures a-c are node-level measures
(the information value dlter j possesses would be
the same for any ego i), whereas measures d
and e are edge-level measures (the information
value depends on both who the alter and who
the ego is, and a given alter would have different
value for different egos). We explain each
measure in turn. First, we measure whether an
alter is working in a senior position. Senior
positions are standardized within LinkedIn’s
employment data based on titles and keywords
used by the member in their profile. We consider
as senior any of the following positions: senior,
manager, director, VP, CXO, partner, and owner.
We consider an alter who is in a more senior
position to offer higher information value than one
in a junior position because they are likely to have
more insights into hiring and skills in demand, and
to be able to offer more useful recommendations
(informally and formally) for the ego.

With regards to information value from not being
“open to work”, members on LinkedIn are able to
create a flag for them being open to new work
opportunities, which they can allow to be visible
to all other members or invisible but pass the filter
that recruiters would put on only looking for
workers open to work. We use this as an indicator
of job stability and position. We consider an alter
who is not open to work as adding more
information value on average because they
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would have more connections within their work
and across other employers and be in a better
position to assist the ego.

For number of skill endorsements, LinkedIn
platform allows members to endorse others for
skills. A member can have a higher total number
of endorsements either by having more skills and
by, for each skill, receiving more endorsements.
\We consider the total number of endorsements
an alter has as a measure of both people and
social capital, and thus consider an alter who has
more endorsed skills to be in a better position to
help the ego.

Occupation and industry similarity capture the
extent to which an alter’s occupation (or industry)
is similar to that of the ego. We explain using
occupation similarity. We calculate occupation
similarity based on the frequency of observed job
transitions in the US using LinkedIn profile
histories. Pr(occe+1 = 1locc,: = 1) estimates
the probability of working in occupation m given
you worked in occupation n in the prior position.

. . Pr(occ =1Nnoccp=1) .
This is mit] 2 \We calculate this
Pr(occpt=1)

using sample analogues from the US data of all
job transitions. Two things are of note—first, m
can equal n: we dlso estimate the probability of
transitioning from a job in a given occupation to
another job in the same occupation. Thus, a
given occupation can have a higher self-similarity
than another occupation if people are likely to
transition within the occupation at a higher rate
(as is typically the case). Second, the similarity
measure is not symmetric in our model. Indeed,
we hypothesize that

Pr(occpiq = 1loccy, = 1) #

Pr(occ,rq = 1loccy,: = 1). In other words,
some occupations may serve as launching pads
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or gateway occupations into other occupations.
For example, one common transition we observe
is from pharmacy technician to pharmacist. In our
methodology, a pharmacist would have a high
information value to a pharmacy technician in
terms of occupation similarity (given we observe
transitions from pharmacy technician to
pharmacist with a relatively high conditional
probability), but a pharmacy technician may not
have as high information value for a pharmacist
(given those transitions are much more rare).
Thus, an ego who is a pharmacy technician
would likely have greater value from being
connected to a pharmacist than a pharmacist
would have for being connected to a pharmacy

technician.

We calculate industry similarity in the same
manner as occupational similarity. Note that in
the example above, this allows for the law clerk to
have valuable information potentially for the
lawyer (being in the same industry), but not as
much as a lawyer would have for alaw clerk
(being in the same industry and in an occupation,
they are likely to transition into).

With these five measures of information value, we
normalize for comparison and aggregation. To
do so, we need to get everything on a common
scale. We create z-scores for each one (i.e.,
subtracting the mean and dividing by the

standard deviation), yielding I’/Z‘ =
sa(v5)

measure of information value 1, = ¥ V¥. Note

. We then create an aggregate

that we are taking an unweighted sum, and
assuming that each of the five measures are
equally important. We do this for simplicity, in
absence of guidance on which measures would
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be more important. In follow-up research, this
could be revisited as we pursue analysis
examining which elements of a strong network

impact employment outcomes the most.

However, we do not want the information value in
the end to be on a z-scale. It is both harder to
interpret and the negative values (when later
combined in the full framework) would imply that
an ego would prefer not having a connection
with a member (value of zero) with below-
average information value (negative value), an
undesirable feature with respect to our model
which assumes all connections provide non-
negative value. We take the average of the
standardized values, VJ and estimate the
percentile of it across the entire sample using

V, = 1/(1 + exp(],)). Thisis a logistic
distribution transformation, which puts the
information value on a positive, bounded scale.
Under the assumption that ¥ is distributed
logistically, this also means that V; is the
cumulative distribution function value, or
percentile of VJ Specifically, under the
distributional assumption, a value of for example
0.8 for an edge between an ego and alter would
imply that its total information value is in the 80th
percentile across all edges. We use this
simplifying parametric assumption for tractability
of the estimates, given we are measuring this
across billions of edges.

Feature 2: Information bandwidth

Information is only helpful if shared. We consider
a network stronger if there is higher
communication along edges the ego has.
Following the naming from Aral (2016), we call

this network feature information bandwidth, B; ;.
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High information bandwidth implies high
probability of sharing the information, and makes
an edge higher value. A network with many high-
bandwidth edges is all-else-equal a stronger

economic network.

\We model information bandwidth using
observed messaging behavior between nodes.
Specifically, an edge has higher bandwidth
(probability of sharing information) if the ego
received more messages in the past year from
the alter. Given some connections may be less
than a year old, we in practice use the average
number of messages received from the alter
within an ego’s network each month over the
past year (or across the time frame in which they
have been connected). Call this average number

of messages M R; ;. Note that we do not use the

total number of messages sent and received
along an edge, only messages received. This is
aimed at controlling for non-symmetric
relationships, such as if an ego is connected to an
alter who has many (e.g., 30,000) connections
and does not know the ego well. If there are no
observed messages received from that alter, we
predict a low likelihood of message transfer. Also
note that this implies that bandwidth is not
symmetric along an edge.

\We need for the measure using received
messages to reflect the probability of an alter
who has useful information about a job
opportunity to share it. As it is now, the estimate of
MR;; will range from zero to some positive value
larger than one. Also note that there is alarge
mass point at zero. Indeed, over 90% of all edges
in our data had a value of zero (did not receive a
message in the past year). We use a simple
transformation of the percentile of MR;; to put it
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on a scale from 0.01 to 0.5 (1% to 50%), that is,
Bij = perc(MRl-j) *.49 + 0.01 (where
perc(MRl-j) is the percentile and perc(0) = 0).
This assumes that alters who send an ego the
most messages (across the entire sample, not just
for that given ego) have a 50% probability of
sharing valuable information, while alters who
send no messages have a 1% probability of
sharing valuable information.

Feature 3: Information non-
redundancy

Next, we care about how insulated or redundant
a network is. Intuitively, a new connection that is
highly redundant, also referred to as a strong tie
(connected to other dlters with whom the ego is
already connected to) is less valuable all-else-
equal than a low-redundancy/weak tie. The
information that the alter has for the ego has
established pathways for sharing. We choose @
single measure of information redundancy given
by the local closure coefficient, p; (Yin et al.,
2019). The local closure coefficient measures the
fraction of an ego’s “closed wedges where the
ego is the head of the wedge”, or in other words
the fraction of second-degree connections that
are already first-degree connections for an ego,
or the fraction of my friends’ friends that | am also
friends with. We calculate this directly using the
network data. Note that for tractability reasons,
for now instead of calculating this as an edge-
level measure (for each alter, the fraction of their
connections that the ego is connected with), we
calculate it as a node-level measure (the
average across all edges for a given ego).
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Feature 4: Network size

Our fourth input to network strength is network
size. Intuitively, a larger network offers more
opportunities for information to be shared with
the ego regarding career advancement. We
calculate network size directly from the data and
is given by the number of alters connected to the
ego, V. Itis reflected in the total, or aggregate,
network strength measure by allowing for more
edges in the final summation.

Total network strength model

We bring together the four elements of the model
to create an aggregated statistic of network
strength S;. The information value that alter j for
ego i has (17;;) will be shared from alter to ego
with probability B;j. Thus, the expected
information value from that edge is given by
[V; |Bl-j] = V;Bij. Each alter provides an
expected information value to the ego, and so
we can sum across all edges connected to the
ego to get a total measure of network strength.
However, this is only the first-degree network
strength. We label this as S}, and it is given by

St = Yjen, BijVi,.

Thus, first-degree network strength is increasing in

network size JV;, information bandwidth B; ;, and

ijr
information value I’/; However, we have not yet
incorporated information redundancy. This
concept is implicitly related to second-degree
connections. We want to model the extent to
which an ego’s connections’ connections can
pass on information to the ego. The local closure
coefficient p; offers a model-consistent way to
incorporate information redundancy. Recall that

p; is the fraction of second-degree connections
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that are alreadly first-degree connections. Thus, it
offers a natural scaling of the connections’
network values, say Vj\k for alter j's connection to
node k. We scale down the value of each of the
second-degree connections by the probability
that the ego already has that information value
using the local closure coefficient. Then we can
calculate the second-degree network value from
alter j to ego i as follows.

S% = By;(1 - py) Z Bj1Vk
KEN j
And thus, summing across an ego’s first degree
connections we can calculate the second
degree network strength derived through their
first degree connections.

St = Z Sk = Z B;;(1-py) Z B Vyk

JEN; JEN; keN;

Zke]\fj Bjkl7]; is familiar, and is the first-degree

network strength that node k has for dlter j. The
value of each of these to ego i (that is, the value
the second degree connection has to the ego) is
then scaled by B;; (the probability that alter j
shares the information they received from their
connection kback to ego i) as wellas by 1 — p;,
the fraction of these second degree connections
that are already connected to ego i and thus
already included (with likely higher sharing
probabilities) in the first-degree connections

network strength S7.

With the first-degree network strength and
second-degree network strength, we can
calculate the total network strength. This is given

by
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= Z BV, + Z B;j(1—py) Z Bj1Vk

JEN; JEN; keN;
= Z Bi;V, + Z Z (1 = p)BijBjic V.
JEN; JEN kEN;

Operationally, we estimate the network strength
for each person in this order

1. Cadlculate 17;; and B;; for all first- and
second-degree edges
Caleulate S based on V;; and By;
Calculate S7 based on the prior-
estimated 17;; with the associated

bandwidths and redundancy measure

From this, it is straightforward then to estimate
gaps in network strength (or the components of
network strength) by group, such as gender,
race/ethnicity, or community income (Baird et al.,
2023). For example, the gender gap would be
given by the difference in average network
strength between groups, i.e.

Zi=male Si _ Zi=female Si
Zi=male 1

Note too that individual elements and measures

Gender Gap = S, 1
i=female

of information value, bandwidth, redundancy,
and network size each have intuitive
interpretations and help us understand the
sources of network strength disparities between
groups. We can first contrast S and S? within
and between genders to determine the extent to
which disparities are driven by first-degree
connections versus second-degree connections.
Additionally, focusing now on the first-degree
connections, we can calculate each of the

1 .
factors. For example, S}V = it Yjewn; Vi, isa
i

measure of the average network information

10 Gender Gaps in Economic Network Strength



value, and shows what the network strength

would be if individuals had the same network size
(dividing by the network size) and had 100

percent bandwidth, or all information was shared.

SB = lNLileeNi B;; calculates the first-degree

network strength that would result if the
information was shared at the 99th percentile
(top score) and had the same network size, given
actual bandwidth. |V;| is not only the network
size but is the total network strength under perfect
information sharing where information value was
in the 100th percentile.

Data and context

Our data is drawn from a random sample of one
million LinkedIn members residing in the US in
2023, as well as dll first-degree and second-
degree connections of each of these members.
From that 1 million drawn, we end up with a
sample size of 755,936 members (with attrition
from the sample being due to not having a
reliable gender measure, having an account with
no connections, and other related missing
information reasons). This results in billions of
edges that we examine. LinkedIn is a platform for
professional networking, and thus offers an ideal
scenario for investigating economic network

strength at a large scale.

Network size and redundancy measures are
derived directly from the network structure. We
observe each active connection as of the date of
investigation (June 2023). Information bandwidth
is drawn from the observed messaging behavior
between each member connection. Given we
investigate bandwidth at the edge-level, this
excludes such messaging as from recruiters or
others outside of a member’s network. Finally,
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information value is derived from several inputs.
Occupational and industry similarity are derived
from the primary, current job position held by
each member, as self-entered by the member as
part of their LinkedIn profile. Seniority level is
standardized given the job title each member
lists for their primary position. We consider a
position to be senior if it is in a management
position. Open to work status is a flag that each
member can activate (publicly or privately).

We also explore how the measure of network
strength is associated with two labor market
outcomes: the average number of recruiter InMail
received monthly, and whether the person’s job
title has a “higher” seniority level compared to
one year prior. INMail are on-platform messages
sent and received. We count the number of
InMails received from recruiters by each person
over the past year, divided by the number of
months that person was a member of LinkedIn
during the year to account for people who
registered recently. We assume that more InMail
from recruiters is a proxy for demand for that
worker. For both interpretability and to obfuscate
proprietary details, we scale the average monthly
InMails into a percentile ranking.

For those who move to a higher seniority level
over the course of one year (from June 2022 and
June 2023), we use LinkedIn’s taxonomy for
seniority level, which advances from intern to
entry to senior non-management to manager to
director to VP to C-suite level. We exclude those
who are not working or who are listed as owners
(as this can be a particularly noisy measure of
seniority). An individual is classified as advancing
if they move “up” that ladder between the two
time periods.
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Table 1

Selected summary statistics

Variable N Mean  Std.Dev.  Min.  Max.
Gender is female 755,936 0.465 0.499 0 1
Percentile of total network strength 755,936  50.159 28.833 0.01 100

Increased seniority

509,573  0.066

0.249 0 1

Abbreviations N: number of observations. Std. Dev.: standard deviation.

Min.: minimum. Max.: maximum.

Finally, we recognize that gender identity is not
binary. Some Linkedln members identify beyond
the traditional gender constructs of “man” and
“woman.” However, for this analysis we evaluate
members based on this binary construct. Some
members have opted to self-identify their gender.
For those who have not, LinkedIn infers the
gender of members included in this analysis
either by the pronouns used on their LinkedIn
profiles or inferred on the basis of first name.
Members whose gender could not be inferred as
either man or worman were excluded from this

analysis.

Results
Summary statistics

We first examine the different inputs into the
model. Table 1 contains the summary statistics for
the fraction who are women (46.5% of our
sample), the percentile network strength as an
example (mean is 50.159), and increased
seniority (6.6% of our sample increased seniority
over that one year). We do not include recruiter
InMail given even while scaled, given alarge
mass point at zero, different features of the raw
data could be inferred. However, we note that
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one standard deviation of the percentile rank for
this variable is 4.6.

Figure 1 presents the information value measures
between men and women using boxplots. The
dark line in the center represents the median
values. The boxes present the 25th to 75th
percentile range, while the line presents the

minimum to maximum range (excluding outliers).

We find that men have on average higher
information value for all five measures. The
advantage shown at the median for men is
largest for being more likely to be connected to
other members who have more endorsed skills
(gap of 7.2 percentile points), who are in senior
positions (6.5 percentile points), and who are not
open to work (5.2 percentile points). The gaps in
information value derived from industry and
occupation similarity are substantially smaller (1.9
and L0, respectively). Additionally, note that the
variation in network information value is much
larger within gender than between gender, as
shown by the large spread in the box charts for
each group. Appendix Table A.l presents the

averages and medians for these measures.

Figure 2 presents the elements of total network
strength. Appendix Table A.2 presents the
associated means and medians. Men have
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Figurel

Network information value measures
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Figure 2
Network strength inputs
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higher median values for three of the four inputs.

First, men have larger networks (more
connections) than women on average, an 8.1
percentile points higher size than women’s. Next,
men have /.3 percentile points higher
information value than women. In other words,
men are connected to individuals who may be
able to help their career progress, by those
connections being in more senior positions in
related industries and occupations. Finally, men
also have 5.1 percentile point higher information
bandwidth than women; men receive
communication on platform more frequently from
their connections.

\Women hold an advantage over men in one of
the network strength features. Women have on
average information non-redundancy score 6.0
percentile points higher than men. In other words,
woman are more likely than men to have a
network with more weak ties, which provides
connections who are in turn connected to other

Figure 3

Overall network strength

~
al

people that the members are not themselves
connected to. This provides potential access to
new circles of information.

Figure & presents the total network strength, with
Table A.3 containing the means and medians.
The Ist degree network strength gap is largest.
The second-degree network strength gap is
smaller, likely driven by the advantage women
have in information non-redundancy. For overall
network strength, the median percentile for men
is in the 54.1st percentile, whereas for women it is
in the 45.8th percentile, for a gap of 8.3
percentile points. This is a meaningful divergence
between the two groups.

Regression analysis of network
strength on gender

\We next test the extent to which observed gaps
can be explained by observable characteristics.

&)
&)
|
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N
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For each outcome examined (translated to
percentiles to increase interpretability and
comparability), we regress the outcome on
gender alone, with various sets of fixed effects
and other control variables, and with all control
variables.

Table 2 contains the regression results for total
network strength on gender and various sets of
controls. We first note that the disparity for
average network strength men hold over
women—=>5.972 percentile points with no control
variables—always decreases if we control for
any other variables. The measured gap
decreases the most when controlling for the suite
of Other controls which includes when they
registered for LinkedIn (longer-tenured members
have stronger networks), when they were born
(older members have stronger networks), their
employment status (employed workers have
stronger networks), whether they are current
students (students have stronger networks,
although to a much less extent than the effect
from employment), open to work status (what
fraction of the month’s days they had the open to
work flag open, which is negatively correlated
with network strength until we control for all other
fixed effects), number of skills listed (more skills
listed on the profile is associated with stronger
networks), seniority (higher seniority is associated
with stronger networks), and education (higher
educational attainment is associated with
stronger networks). The regression also includes
a detailed set of fixed effects for their profile
activity for the prior month (which we are unable
to provide more details concerning).

While the Other column has the largest decrease
in the gap relative to the other columns except
when all controls are included, the disparity also
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decreases substantially from occupation fixed
effects or firm-level fixed effects. We also note
that the R? increases the most from firm fixed
effects.

The full model with all controls and fixed effects
narrows the gender gap in network strength by
two-thirds—from 5.972 percentile points down to
1.816 percentile points. In other words, two-thirds
of the gender network strength gap can be
accounted for in differences in a broad set of
observable member characteristics, but a third
cannot and remains separate. The control
variables also explain a reasonable amount of
the variation in the outcome, with an R? of 0.687
and adjusted R? of 0.509. The full regression
results in the final column also help benchmark
the magnitude of the gender gap of 1.816. Itis
approximately equal to the gap in network
strength between bachelor’'s degree holders and
high school graduates (1.959) or associate
degree holders (1.841). It is approximately half the
magnitude as the gap between entry-level
workers and managers (4.865).

\We next examine the other outcomes. Table 3
reports the coefficient and statistical significance
for all of the outcomes across all models.
Appendix Tables A.4-A.6 report the other
regression coefficients and statistics for the All
model with the full set of covariates across all of
the outcomes.

\We find that covariates in all cases either narrow
or flip the gender gap, as we already noted for
the case of the total network strength outcome
discussed above. Industry and occupation
similarity lose their statistical significance with the
full set of controls, suggesting that once we
control for the industries and occupations workers
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Table 2

Regression coefficients for total network strength

None Industry Occ. Geo. Firm College Other All
Female -D.972%* 4396 3688 5805 4068 5249 -3.234*** -1.816***
(0.066) (0.686) (0.808) (0.149) (0.530) (0.154) (0.052) (0.444)
Regstr. date -0.002%** -0.002%**
(0.000) (0.000)
Year born 0.003*** 0.002**
(0.000) (0.001)
Employed 13.315%* 11467+
(0.097) (0.762)
Current 1.530*** 2.096**
student (0.094) (0.605)
Opento -1.668*** 0.118
work (0.064) (0.384)
Number of 0.682** 0.610***
skills listed (0.002) (0.052)
Sen.: senior 6.394*** 2772
(0.069) (0.241)
Sen.: 7.052%* 4.865**
manager (0.106) (0.439)
Sen.: 14.016*** 10.302***
director (0.108) (0.716)
Sen. VP 18.696*** 15.323***
(0.143) (1.510)
Sen.: CXO 15247+ 13.156***
(0.163) (2.317)
Ed: HS -6.423** -1.959***
(0.193) (0.451)
Ed: AA -8.856*** -1.841%
(0.139) (0.497)
Ed: MA 0.102 1.692***
(0.091) (0.372)
Ed: MBA 3.906** 2.550***
(0.122) (0.320)
Ed: PhD 2,734+ 4 44

(0.185) (0.587)

Num. Obs. 755936 755936 755936 755936 755936 755936 755,936 755,936

R? 0.011 0.119 0.227 0.064 0.448 0.139 0.398 0.687
R? Adj. 0.011 0.119 0.213 0.064 0.192 0115 0.398 0.509
Fixed Effects . Sen., Educ., :
included None Industry Occ. Geo. Firm College Activity All

+p <01 *p<0.05"*p<0.0L ** p<0.001 Abbreviations: Occ.: occupation; Geo: geography (market area). Sen.: job
seniority level; Educ.: highest educational attainment. Regstr. date: registration date for LinkedIn platform. Note: college
denotes fixed effects for the institution where they received their highest degree. Activity denotes detailed fixed effects for
how active the member was on LinkedIn platform as of the start of the month. Reference group for seniority and education
are entry and bachelors, with some levels omitted from the table (e.g., MD for education). fIncludes fixed effects by
industry, occupation, geography, firm, college, activity, and seniority level, and highest educational attainment.
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are in, the gender gap regarding how similar in Additionally, we note that occupation and

industry or occupation their networks are (ie., the  industry fixed effects seem to be relatively

extent to which their LinkedIn network seems like important in decreasing the measured gaps
a professional network as opposed to a social across outcomes, as are all of the variables
network) is the same between men and women.  contained in the Other model. Finally, in

examining the network strength inputs, without

Table 3

Network information value measures

Covariates included
None Ind. Ocec. Geo. Fim  College  Other All

Inputs to information value

-1180  -0.180 -1.081 L0265  -0960 -0936 -0.327 0472

Ind. simﬂarity Hokok *okok wokok Hokok
. -0.618 -0.384 -0.308 -0.525  -0.992 -0.601 0188 -0.156

Occ. similarity o N ok o N ok
oTw 2828 254 L8Ol 2920 2ls 265 L4000
o -4.045 -3.058 2446 -4.055 2673 -3.751 1198 -1.183
Shells -4.651 -3.579 2773 4533 -3.140 -4.634 -1.543 -1.359

Inputs to total network strength
4239 -3.031 2606 4165  -3113 3991 1941 -0.959

Value Fskok Fokok *ok Fokok Fokok Hoskok Fskok +
. 2652  -1.960 1908 2543 1974 2495 2495 1611
Bandwidth Fskok Fokok *okok Fokok Fokok Hoskok Fskok Fskok
3.885 3.066 2.883 3.783  3.086 3.084 2432 1528
Redundancy Fskok Fokok *okok Fokok Fokok Hokok Fskok ok
. -5486  -4.077 3372 5339 3763 -4.634 2489  -1.358
Network size Hskok Fokok *okok Hokok Fokok Hskok Hskok ok

Total network strength
-6.030 4433 8711 -85.866 4121 5215 -3.033 -1643

1St degree ok >k *kskx kokk *kokxk *kkxk kokk ok >k ok >k
nd 40081 -2.789 2470 -3892 2598 3841 2876 -1.628
Total -5.972 -4.396 -3.688  -5.805 4068 -5.249 3234 -1816

+p<0J *p<0.05 *p<0.0] ** p < 0.00]1 Note: College denotes fixed effects for the institution where
they received their highest degree. Regressions include fixed effects by industry, occupation, geography, firm,
college, activity, and seniority level, and highest educational attainment, as well as control variables around
registration date, age, open to work status, employment status, student status, seniority level, and educational
attainment.
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any control variables the largest gender gap was
for network size (5.5 percentile points) followed by
information value (4.2 pp). However, when
adjusting with the full set of covariates, the largest
disparity is bandwidth (1.6 pp). Network size and
information value gaps narrow considerably
when controlling for worker characteristics (1.4 pp
and 1.0 pp, respectively).

Regression analysis of economic
outcomes on network strength and
gender

\We next examine how network strength and its
elements are related to economic outcomes. We
focus on two outcomes, as explained above: the
percentile of the number of recruiter INMail
received, and an indicator for increasing seniority

level across one year.

Table 4 presents the regression results for
recruiter InMail for total network strength.

Table 4

Unadijusted, we find that a percentile point
increase in total network strength is associated
with a 0.04367 percentile point increase in
recruiter InMail received. Model (2) shows a
gender gap where men receive on average
0.479 percentile points more recruiter InMail
each month than women. \When we control just
for total network strength (3), that gender gap
drops in half to 0.22 percentile points, while the
relationship between network strength and
recruiter InMail remains roughly the same. Model
(4) includes the full set of control variables.
Controlling for the other set of covariates
decreases the estimated relationship of total
network strength on recruiter messages from
0.04367 to 0.0270. In other words, moving up
one percentile point in network strength (e.q.,
from the 40" rank out of 100 to 41%) is associated
with a 0.027 percentage point increase in
recruiter messages received each month.
Including the covariates also narrows the gender
gap in recruiter messages, from 0.479 to 0.085

Recruiter InMail percentile regressions for total network strength

©) )

) 4) ()

Total network 0.04367*** 0.04328**  0.0270***  0.0245***
strength (0.00018) (0.00018)  (0.0025) (0.0024)
Male 0.479** 0.220%* 0.085** 0.091+
(0.011) (0.0D) (0.027) (0.047)
Male x Total 0.00462%*
network strength (0.00081)
Num. Obs. 755936 755936 755936 755936 755936
R? 0.074 0.003 0.075 0.493 0.494
R? Adi. 0.074 0.003 0.075 0.205 0.205
Controls X X

+p<01*p<0.05 " p<0.01,** p < 0.001. Controls: fixed effects by industry,
occupation, geography, firm, college, activity, and seniority level, and highest educational
attainment, as well as control variables around registration date, age, open to work status,
employment status, student status, seniority level, and educational attainment. College
denotes fixed effects for the institution where they received their highest degree.
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percentile points. Finally, in model (5) we find a
slightly larger relationship between network

strength and recruiter messages for men than
women (0.0291 vs 0.0245).

In other words, much of the observed gaps in
men receiving more recruiter messages than
women are due to men having stronger networks
than women; some is due to them being in firms,
occupations, industries, seniority levels, and more
that have more recruiter interactions. And part of
the gap remains unexplained by either these
observed worker characteristics or network
strength.

Appendix tables A.7 and A.8 repeat the
regressions, but use 1st and 2nd degree network
strength as well as the four inputs to network
strength. We find 1st degree network strength
percentile is about twice as predictive of recruiter
InMail as 2nd degree network strength when
adjusting for covariates. For the model with the
four inputs to network strength, the model with
covariate adjustment (1), finds that network size
percentile has the largest association
(1/0.04435=22.5 percentile point increase in
recruiter InMail percentile for a one percentile

increase in information network size).

We also observe that the unadjusted gap (model
2) between men and women is 0.479, or
approximately one half of a percentile point in
recruiter InMail received. Model (8) shows that
controlling for both network inputs and gender
does not change the association between the
network inputs and recruiter InMail substantially,
but that the gender gap drops in half. Model (4)
further adjusts with the full set of control variables.
Doing so decreases the impact of the network
strength inputs somewhat, but all four remain
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independently and positively associated with
recruiter InMail. Network size remains the
strongest predictor.

Additionally, the measured gap between men
and women drops again, and settles at less than
one tenth of a percentile point. Finally, model (5)
interacts gender with the network strength inputs
to gauge the extent to which men and women
have different associations between network
strength inputs and recruiter InMail. All four
interactions are statistically significant, although
information value only marginally so. For the
other four, we observe that men have stronger
associations between network strength inputs

and recruiter InMail than women.

Table 5 repeats the analysis for increased
seniority over one year. Unadjusted, a 10
percentile point increase in total network strength
is associated with a 0.0087 (or 0.87 percentage
point) increase in the likelihood of increasing
seniority. Interestingly, we estimate a positive gap
where women are more likely to increase
seniority level over the one year than men, by half
a percentage point.

However, once we control for all covariates
(model 4), that gap disappears. This is likely
largely due to the fact that women are in less
senior positions than men overall, and less senior
positions have higher promotion rates. Model 4
also shows that controlling for these covariates
slightly increases the relationship between total
network strength and increased seniority. There
also is no statistically significant difference in the
relationship between men and women (model 5).

Appendix Figures A.9 and A.10 explore the
relationship for elements of network strength and
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Table 5

Increased seniority regressions for total network strength

@ @

) (4) ()

Total network 8.7e-04*** 8.9e-04***  1.0e-03**  1.0e-03***
strength (1.3e-05) (1.3e-05) (5.7e-05) (6.5e-05)
Male -0.0053**  -0.0107*** -0.0021 -0.0022+
(0.0007) (0.0007) (0.0013) (0.0013)
Male x Total 2.0e-05
network strength (4.9e-05)
Num. Obs. 509573 509573 509573 509573 509573
R? 0.009 0.000 0.009 0.530 0.530
R? Adi. 0.009 0.000 0.009 0.174 0.174
Controls X X

+p<0L*p<0.05*p<0.0],***p < 0.001. Controls: fixed effects by industry, occupation,
geography, firm, college, activity, and seniority level, and highest educational attainment, as
well as control variables around registration date, age, open to work status, employment
status, student status, seniority level, and educational attainment. College denotes fixed
effects for the institution where they received their highest degree.

increased seniority. In the adjusted model (4), the
relationship for 1st degree network strength is
about twice as large as that for 2nd degree
network strength. However, the effects are still
relatively small. When examining the inputs to
network strength, we find that a ten percentile
point increase in information bandwidth is
associated with a 0.01 (or 1 percentage point)
increase in the probability of increasing seniority
level in the unadjusted model. Interestingly, unlike
in predicting recruiter InMail where all four inputs
had a positive relationship with the outcome,
here we find a positive relationship for information
bandwidth and network size, but a negative
relationship with non-redundancy and

information value.

Discussion

Economic networks can help people advance in
their career, through identification of job
opportunities and information regarding in-
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demand skills and people to connect with.
Unfortunately, inequality in the labor market (both
in terms of outcomes such as employment and
promotion, as well as experiences and inputs
such as recruiter contact, information sharing
about job opportunities, and more) between
groups may be reinforced by underlying
disparities in economic networks. In this paper we
develop a new model of network strength and
estimate it using LinkedIn data. We evaluate
differences in network strength between men and
women.

\We find that there are notable divergences, with
men having larger networks filled with people in
better positions to help their careers than
women—in particular, people in more senior
positions, with more endorsed skills, who are
more likely to not be open to new work
opportunities. This all translates into a total
network strength gap of 8.3 percentile point
difference between the medians. Put another
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way, if you randomly selected 100 people and
ordered them from weakest to strongest
economic network, the typical woman would be
8 people lower in the line than the typical man.

However, when we control for observable
characteristics of the worker (such as occupation,
industry, college, and firm), we find that each of
these gaps narrow, or even reverse. Occupation,
firm, and other measures around seniority and
educational attainment are most important in
explaining the gaps in network strength and its
features. For total network strength, when
including all control variables, the gap decreases
from an average difference of around 6
percentile points to 1.8.

We next explored the extent to which differences
in network strength and its inputs were associated
with economic outcomes, in particular recruiter
InMail (contact) received by the member and an
increase in the seniority of their job title across
one year. We found that total network strength
had a positive association on both outcomes. A
ten percentile point increase in total network
strength is associated with a 0.27 percentile point
increase in recruiter InMail percentile and a 1
percentage point increase in the probability of

increasing seniority titles across one year.

Controlling for network strength also narrows the
gender gap in these outcomes (unadjusted, men
in our sample received more recruiter InMail but
had a lower likelihood of increasing seniority in
their job title). When examining the inputs to
network strength, all have positive relationships
with recruiter InMail while controlling for each of
the other elements, with network size and
information non-redundancy having the largest
relationship. On the other hand, when controlling
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for all elements, only network size and information
bandwidth have a positive relationship with the
probability of increasing seniority level by job title.

In sum, this suggests that there are meaningful
gender gaps in network strength and elements,
and that these are in turn related to economic
outcomes. In particular, network size plays an
important role in increasing the odds of these
positive economic outcomes, even when
controlling for alarge set of covariates which
includes LinkedIn platform activity, membership
length, and strong controls for occupation, firm,

seniority themselves, and more.

Women may have smaller and weaker
economic networks than men for many reasons
related to long-standing systemic problems. The
network gaps we see on platforms like ours are
likely better than historical standards. The
traditional networking that had been the norm
often primarily benefitted a small group of
workers who were more likely to be men. These
network systems lacked a universally available
mechanism for finding and reaching out to
people, as is possible through LinkedIn’s platform.

While some of these network gender disparities
are improving (Baird et al. 2023), there is still
some way to go before we see equal networks.
Policies and initiatives that encourage inclusive
networking practices, such as mentorship
programs and employee resource groups, as well
as practices that prioritize trust and safety, will
provide greater opportunities for making
connections. Additionally, firms can lean into
technology’s reshaping of how teams are
organized (e.g., remote and hybrid work) to foster

more inclusive economic networks.
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Additional research is needed as well to identify
what programs and practices are most effective
in narrowing gender gaps in each of the
elements of network strength investigated in this
paper. Narrowing the network strength gap in
turn will help improve gender gaps in

downstream economic outcomes.
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Appendix Tables
Table A1
Percentile of information value inputs
Mean Median
Men \Women Men Women
Industry 50.9 498 51.2 493
Occupation 511 50.5 50.8 498
Not open to work 52.0 492 53.0 479
Seniority 52.5 484 53.7 472
Endorsed skills 52.6 479 54.0 46.8
Table A.2
Percentile of network strength inputs
Mean Median
Men \Women Men Women
Bandwidth 524 498 52.1 47.0
Redundancy 53.0 47.5 54.2 46.2
Network size 48.2 52.1 46.7 52.8
Information value 524 48.2 54.0 46.7
Table A.3
Percentile of total network strength
Mean Median
Men \Women Men Women
1 degree 53.0 47.0 54.4 45.8
2" degree 51.8 477 524 46.5
Lol el 52.9 47.0 541 458

strength
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Table A4

Regression coefficients for information value inputs

Ind. Ocec. Opento Seniority Endorsed
similarity similarity work skills
Female 0.472 -0.156 -0.710* -1.183*** -1.359**
(0.366) (0.096) (0.303) (0.168) (0.427)
Registration date 0.001* 0.000 -0.005*** -0.004*** -0.007%*
(0.000) (0.000) (0.000) (0.000) (0.000)
Year born 0.000 0.000 -0.007* -0.001 -0.002
(0.002) (0.000) (0.003) (0.003) (0.003)
Employed 13.520* 8.641+ 7109 -2.167* 3171+
(5.669) (4.754) (0.775) (0.812) (1.700)
Current student -3.008 -2.338*** 7.627%* 11,623 -7.156***
(1.954) (0.384) (1.248) (2.204) (1.066)
Open to work 2.276** -0.313 4940 -0.223 -0.669**
(0.627) (0.413) (0.484) (0.346) (0.159)
Number of skills listed -0.055 -0.008 -0.188*** 0.025 0.306***
(0.056) (0.005) (0.037) (0.028) (0.028)
Seniority: senior 3.307*** 0.484* 1.729*** 7406*** 2.241%**
(0.358) (0.190) (0.428) (0.826) (0.374)
Seniority: manager SV 0.733+ 0.996 10.607*** 3.805"*
(0.554) (0.365) (0.762) (1.218) (0.429)
Seniority: director 6.908™* 1292+ 2.680** 16.358™* 6.006***
(0.701) (0.429) (0.739) (1.689) (0.950)
Seniority: VP 7778 2.653*** 4.027* 21.867*** 8.626***
1.063) (0.477) (1.182) (1.225) (2.181)
Seniority: CXO 5.823*** 2.564** 5.359*** 18.404*** 10.428***
(1.506) (0.814) (0.943) (1.738) (1.529)
Education: HS -1.028+ -0.723* -1.881** 2727+ 0.056
(0.525) (0.281) (0.588) (0.619) (0.636)
Education: AA 0.733 0.468* 1.100** 0.055 1.873"**
(0.481) (0.205) (0.308) (0.323) (0.338)
Education: MA 1146 0.210 0.982* 0.884** 0.612**
(0.688) 0.277) (0.409) (0.310) (0.180)
Education: MBA -0.056 0.031 -0.559 4.207%* 1.958**
(0.423) (0.184) (0.361) (0.348) (0.283)
Education: PhD 5.072* 0.342 3.845%* 4.630*** 1.358**
(1.938) (1.102) (0.823) (0.410) (0.475)
Num. Obs. 755936 755936 755936 755936 755936
R? 0.687 0.788 0.516 0.545 0.625
R? Adi. 0.508 0.667 0.240 0.286 0.412

+p<0.1*p<0.05 " p<0.01,** p < 0.001 Note: Educ.: highest educational attainment.
Registration date: registration date for LinkedIn platform. College denotes fixed effects for the
institution where they received their highest degree. Activity denotes detailed fixed effects for how
active the member was on LinkedIn platform as of the start of the month. Reference group for
seniority and education are entry and bachelors, with some levels omitted from the table (e.g., MD
for education). Regressions include fixed effects by industry, occupation, geography, firm, college,
activity, and seniority level, and highest educational attainment
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Table A.5

Regression coefficients for network strength inputs

Information value Informartion Information Non- Network size
Bandwidth redundancy
Female -0.959+ -L611F* 1.528** -1.358**
(0.478) (0.392) (0.429) (0.416)
Registration date -0.003** 0.008*** 0.002%* -0.0047>*
(0.000) (0.000) (0.000) (0.000)
Year born -0.003 0.001+ 0.003* 0.002
(0.004) (0.001) (0.001) (0.001)
Employed 3.139 10.188*** -11.304* 10.918***
(3.068) (0.531) (2.237) (1.454)
Current student -10.356*** 6.198*** -8.790* 3.576*
(0.309) (0.775) (3.243) (1.629)
Open to work -2.814%** 3.809*** 0.115%** -2.193***
(0.453) (0.595) (0.335) (0.219)
Number of skills listed -0.038 0.299*** -0.295*** 0.588***
(0.036) (0.047) (0.066) (0.049)
Seniority: senior O.741** 1.492%** -1176** 1.939***
(0.559) (0.270) (0.399) (0.257)
Seniority: manager 8./87** 2.312%** -2.756*** IS anas
(0.780) (0.322) (0.662) (0.497)
Seniority: director 13.395%** 4 498*** -5.589*** 7746
(0.955) (0.541) (0.737) (0.699)
Seniority: VP 17.241*** 6.828*** -8.188*** 11.938***
(0.950) (1.021) (1.081) (1.349)
Seniority: CXO 15.768** 0.626** -3.856* Q.922***
(1617) (1.344) (1.490) (1.960)
Education: HS -2.291* -0411 1.383* -2.063**
(0.813) (0.572) (0.568) (0.519)
Education: AA 1722+ 0.746+ 3.119%** -3.508***
(0.386) (0.367) (0.617) (0.555)
Education: MA 1.839** 14290 1777 0.916*
(0.519) (0.196) (0.491) (0.402)
Education: MBA 2.102%** 1.290*** 1409* 1.492**
(0.271) (0.265) (0.530) (0.416)
Education: PhD 6.905*** 4.388*** 3.208*** 1.710*
(1.643) (0.697) (0.740) (0.682)
Num. Obs. 755936 755936 755936 755936
R? 0.594 0.462 0.541 0.734
R? Adi. 0.362 0.155 0.280 0.583

+p<01*p<0.05*p<0.0l, *** p < 0.001 Note: Educ.: highest educational attainment. Registration
date: registration date for LinkedIn platform. College denotes fixed effects for the institution where they
received their highest degree. Activity denotes detailed fixed effects for how active the member was on
LinkedIn platform as of the start of the month. Reference group for seniority and education are entry and
bachelors, with some levels omitted from the table (e.g., MD for education). Regressions include fixed
effects by industry, occupation, geography, firm, college, activity, and seniority level, and highest
educational attainment
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Table A.6

Regression coefficients 1st degree, 2nd degree, and total network strength

1* degree 2" degree Total
Female -1.643*** -1.628** -1.816™*
(0.423) (0.498) (0.444)
Registration date -0.003*** 0.002%* -0.002%**
(0.000) (0.000) (0.000)
Year born 0.002* 0.005*** 0.002**
(0.001) (0.001) (0.001)
Employed 12.185%** 10.143*** 11467
(0.937) (0.851) (0.762)
Current student 2.335* 1.080** 2.096**
(1.069) (0.362) (0.605)
Open to work -1.231** 4.694*** 0.118
(0.334) (0.583) (0.384)
Number of skills listed 0.601*** 0.442** 0.610***
(0.054) (0.052) (0.052)
Seniority: senior 2.784%** 1972+ 27727
(0.266) (0.330) (0.241)
Seniority: manager 4,841+ 3.348*** 4.865"*
(0.437) (0.399) (0.439)
Seniority: director 9.817*** 6773 10.302***
(0.771) (0.716) (0.716)
Seniority: VP 14.401%** 10.241** 15.323***
(1.469) (1.690) (1.510)
Seniority: CXO 12.193*** 10.242%* 13.156™**
(2.240) (1.975) (2.317)
Education: HS -2.284%** 0119 -1.959%*
(0.439) (0.749) (0.451)
Education: AA 2447 0.131 -1.841*
(0.509) (0.480) (0.497)
Education: MA 1.638** 1.463* 1.692%*
(0.401) (0.385) (0.372)
Education: MBA 2.194%** 2.078*** 2.550***
(0.380) (0.230) (0.320)
Education: PhD 3.986%** 4.060*** 4 449
(0.616) (0.652) (0.537)
Num. Obs. 755936 755936 755936
R? 0.729 0.520 0.687
R? Adj. 0.575 0.247 0.509

+p <01 *p<0.05"p<0.0L ** p<0.001 Note: Educ.: highest educational attainment. Registration
date: registration date for LinkedIn platform. College denotes fixed effects for the institution where they
received their highest degree. Activity denotes detailed fixed effects for how active the member was on
LinkedIn platform as of the start of the month. Reference group for seniority and education are entry and
bachelors, with some levels omitted from the table (e.g., MD for education). Regressions include fixed
effects by industry, occupation, geography, firm, college, activity, and seniority level, and highest
educational attainment.
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Table A.7

Recruiter InMail regressions for 1st and 2nd degree networks strength

) ) ) (4) ©)

1t degree network 0.03062** 0.03026**  0.0205***  0.0200***
strength (0.00022) (0.00022) (0.0017)  (0.0018)
2" degree network 0.02078*** 0.02073==*  0.0118™* 0.0088***
strength (0.00022) (0.00022)  (0.0018)  (0.0012)
Male 0.479%+* 0.21*** 0.081** 0.092+
(0.01D) (0.0D) (0.025) (0.045)
(0.20) (0.20)
Male x 1* degree 0.00072
network strength (0.00050)
Male x 2" degree 0.0061***
network strength (0.0011)
Num. Obs. 755936 755936 755936 755936 755936
R? 0.083 0.003 0.083 0.495 0.495
R? Adi. 0.083 0.003 0.083 0.208 0.208
Controls X X

+p<01*p<0.05 " p<0.01,** p < 0.001. Controls: fixed effects by industry,
occupation, geography, firm, college, activity, and seniority level, and highest educational
attainment, as well as control variables around registration date, age, open to work status,
employment status, student status, seniority level, and educational attainment. College
denotes fixed effects for the institution where they received their highest degree.
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Table A.8

Recruiter InMail regressions for network strength inputs

) ) ) 4) ©)

Inf. value 0.00807*** 0.00285**  0.00277** 0.0036**
(0.00018) (0.00018) (0.00093) (0.0010)
Inf. bandwidth 0.02268*** 0.02256**  0.01287***  0.01056***
(0.00019) (0.00019) (0.00091) (0.00088)
Inf. Non- 0.01699*** 0.01703** 0.0160*** 0.0128***
redundancy (0.00024) (0.00024) (0.0028) (0.0024)
Network size 0.04435*** 0.04407**  0.0327*** 0.0285**
(0.00026) (0.00026) (0.0041) (0.0039)
Male 0.479%** 0.23*** 0.092** 0.098*
(0.011) (0.0D) (0.026) (0.037)
Male x value -0.00157+
(0.00085)
Male x 0.00345***
bandwidth (0.00065)
Male X non- 0.0071**
redundancy (0.0012)
Male % Network 0.0079***
size (0.0013)
Num. Obs. 755936 755936 755936 755936 755936
R? 0.082 0.003 0.082 0.496 0.496
R? Adi. 0.082 0.003 0.082 0.209 0.210
Controls X X

+p<01*p<0.05 " p<0.01, ** p < 0.001. Controls: fixed effects by industry,
occupation, geography, firm, college, activity, and seniority level, and highest educational
attainment, as well as control variables around registration date, age, open to work status,
employment status, student status, seniority level, and educational attainment. College
denotes fixed effects for the institution where they received their highest degree.
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Table A.9

Increased seniority regressions for 1st and 2nd degree networks strength

@ @ &) G ©
1t degree network 4. 7e-04%** 9.0e-04**  84e-04** 8le-04**
strength (1.6e-05) (1.6e-05) (49e-05)  (6.7e-05)
2" degree network 6.2e-04*** 6.2e-04**  38e-04**  3.9e-04***
strength (1.6e-05) (1.6e-05) (3.5e-05)  (4.3e-05)
Male -0.0053**  -0.0107*** -0.0021 -0.0025+
(0.0007) (0.0007) (0.0013) (0.0013)
Male x 1* degree 4.8e-05
network strength (5.7e-05)
Male x 2" degree -5.8e-06
network strength (4.7e-05)
Num. Obs. 509573 509573 509573 509573 509573
R? 0.011 0.000 0.011 0.530 0.530
R? Adi. 0.011 0.000 0.011 0.175 0.175
Controls X X

+p<0L*p<0.05*p<0.0l, *** p < 0.001. Controls: fixed effects by industry, occupation,
geography, firm, college, activity, and seniority level, and highest educational attainment, as well
as control variables around registration date, age, open to work status, employment status,
student status, seniority level, and educational attainment. College denotes fixed effects for the
institution where they received their highest degree.
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Table A.9

Increased seniority regressions for network strength inputs

@ ) €) G) )
Inf. value -6.5e-04*** -6.4e-04%*  15e-04**  .2.3e-04***
(1.3e-05) (1.3e-05) (3.5e-05) (4.6e-05)
Inf. bandwidth 11le-03** 1le-03**  8.0e-04***  8.2e-04***
(1.4e-05) (1.4e-05) (3.9e-05) (3.8e-05)
Inf. Non- -3.9e-04*** -3.9e-04***  .9.3e-05** -11e-04**
redundancy (L.7e-05) (L.7e-05) (2.8e-05) (3.1e-05)
Network size 3.9e-04%* 40e-04***  62e-04*  6le-04**
(1.8e-05) (1.8e-05) (5.5e-05) (7.2e-05)
Male -0.0053***  -0.0088*** -0.0022 -0.0031*
(0.0007) (0.0007) (0.0013) (0.0014)
Male x value 14e-04**
(4.3e-05)
Male x -2.7e-05
bandwidth (5.8e-05)
Male x non- 2.3e-05
redundancy (4.6e-05)
Moale x Network 2.7e-05
size (6.1e-05)
Num. Obs. 509573 509573 509573 509573 509573
R? 0.022 0.000 0.022 0.531 0.531
R? Adi. 0.022 0.000 0.022 0177 0177
Controls X X

+p<01*p<0.05 " p<0.01,** p < 0.001. Controls: fixed effects by industry,
occupation, geography, firm, college, activity, and seniority level, and highest educational
attainment, as well as control variables around registration date, age, open to work status,
employment status, student status, seniority level, and educational attainment. College
denotes fixed effects for the institution where they received their highest degree.
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