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S O C I A L  S C I E N C E S

The Trojan-horse mechanism: How networks reduce 
gender segregation
M. Arvidsson1*, F. Collet2*, P. Hedström1*

The segregation of labor markets along ethnic and gender lines is socially highly consequential, and the social 
science literature has long viewed homophily and network-based job recruitments as some of its most crucial 
drivers. Here, we focus on a previously unidentified mechanism, the Trojan-horse mechanism, which, in contra-
diction to the main tenet of previous research, suggests that network-based recruitment reduce rather than increase 
segregation levels. We identify the conditions under which networks are desegregating, and using unique data on 
all individuals and all workplaces located in the Stockholm region during the years 2000–2017, we find strong 
empirical evidence for the Trojan-horse mechanism and its role in the gender segregation of labor markets.

INTRODUCTION
Individuals often find their jobs through friends, colleagues, and ac-
quaintances, and the importance of labor market networks for a wide 
range of socioeconomic outcomes has been documented in numerous 
studies (1–8). Analyses of the role of labor-market networks in segre-
gation processes usually center on homophily (8–13; see 14, 15 for rare 
exceptions), and the homophily thesis implies that individuals with 
similar characteristics agglomerate at certain workplaces/organizations. 
That is, if an individual with property X joins an organization, then 
the probability of additional individuals with property X joining the 
organization increases, and this kind of self-reinforcing process is ex-
pected to generate a more segregated market. What this line of re-
search has overlooked, however, is that opportunity structures often 
trump individual preferences. Focusing on gender segregation and 
the mixing constraints that employees face in tie formation within 
organizations, we show that networks created by individuals moving 
between organizations—which we refer to as mobility networks—
under a wide set of circumstances in fact are desegregating. In par-
ticular, we identify a mechanism, the Trojan-horse mechanism, that 
shows how networks counteract the impact of segregating mobility 
events. We refer to this mechanism as the Trojan-horse mechanism 
because it shows, just as in the case of the soldiers in the hollow 
Trojan horse, how the recruitment of a new employee belonging to 
one specific category (e.g., a male) can open up the gates for those of 
another category (e.g., females) and thereby change the composition 
of the organization in unexpected ways. Our analyses reveal that if 
this mechanism is commonly observed in a market, network-based 
mobility is likely to desegregate rather than segregate the market. To 
test this prediction, we use a large-scale longitudinal register dataset 
with rich demographic and socioeconomic information, as well as 
detailed mobility records, for every individual and every organiza-
tion that resided in the greater Stockholm Metropolitan area during 
the years 2000–2017.

Trojan horses and segregation processes
The main reason for mobility networks having a desegregating ef-
fect is because of the mixing constraints that employees face within 

organizations, and particularly, what we refer to as the Trojan-horse 
mechanism, a sequence of interlinked events through which the 
mobility of a minority group member triggers subsequent moves 
along the same network path by members of the majority group.

The seminal work by Peter Blau and colleagues [e.g., (16, 17)] 
provides the key for understanding why this is likely to happen. In 
a series of publications, they studied the interplay between homophily 
and group structure in the formation of cross-category ties. Their 
analyses showed that although individuals often prefer to form ties 
to similar others, the composition of the groups they are part of often 
prevents them from doing so. Their core prediction was that if indi-
viduals are in a minority within their groups, then the possibility 
and probability of them forming homophilous ties are reduced and 
their probability of forming cross-category ties is increased. This 
prediction has been supported in numerous empirical studies [e.g., 
(18, 19)]. In the context of labor markets, Blau’s research suggests 
that if an individual of category X works in an organization in which 
most individuals belong to category Y, then the individual in ques-
tion is likely to form more ties to Y-individuals than to X-individuals 
even if he/she prefers to have ties to X-individuals.

The Trojan-horse mechanism extends Blau’s theory to the case 
of intergroup dependencies created by individuals’ mobility between 
groups. Mobility can be represented as a network where the nodes 
are organizations and ties are formed when individuals move from 
one organization to another. Prior research (6, 7) suggests that privi-
leged job-related information can flow through these links and that 
this information is likely to influence subsequent mobility events (1). 
More specifically, if we let j and k represent two different organiza-
tions, prior research suggests (i) that the probability of relevant 
information about k reaching individuals in j increases if there are 
individuals in k who previously worked in j, (ii) that this informa-
tion is likely to affect subsequent mobility from j to k, and (iii) that 
individuals in j who are similar to the individual who moved from j 
to k in terms of sociodemographic characteristics are particularly 
likely to be informed about and affected by what goes on in k.

Together, these two insights—that group composition is predictive 
of the formation of cross-category ties and that prior mobility pro-
motes future mobility along the same network paths—result in the 
Trojan-horse prediction: When individuals leave an organization in 
which they are in a minority, they are more likely to be followed by 
majority-group individuals and this, in turn, implies that initially 
segregating moves can set in motion a chain of desegregating moves.
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The distinction between segregating and desegregating moves can 
be precisely defined using James and Taeuber’s (20) so-called prin-
ciple of transfer: Everything else being equal, the labor market becomes 
more sociodemographically segregated if an individual moves to an 
organization with a higher proportion of same-category employees 
than in the organization he/she left (a segregating move), and the 
market becomes less segregated if the organization they move to 
contains a lower proportion of same-category employees (a deseg-
regating move).

A stylized example is useful for illustrating how the Trojan mech-
anism works (see Fig. 1). If a woman moved from organization j 
to k at time t, then this would make the labor market more gender- 
segregated because the destination (k) contains a larger percentage 
of women than the origin (j).

However, a move like this should not be considered in isolation, 
since it is likely to affect the moves of other individuals. In this par-
ticular example, and as suggested by Blau’s research, even if the 
woman who moved from j to k preferred ties to other women, the 
gender composition of organization j was such that she probably 
had more ties to men than to women. Therefore, to the extent that 
someone from j follows in her path, this person is likely to be a man, 
and a move by a man is desegregating because k contains a smaller 
percentage of men than j. Once a male tie is formed from j to k, 
subsequent moves are even more likely to be male because of the 
large number of men in j and because of traditional homophilous 
tie-creation tendencies (21). Hence, this example illustrates how the 
Trojan mechanism makes the market less segregated: An initial seg-
regating move between two organizations opens up a mobility 
path for those of the opposite gender and sets in motion a desegre-
gating process.

RESULTS
Because the Trojan-horse mechanism operates at one level (micro) 
while its ultimate outcomes are observed at another level (macro), 
our analyses are divided into two parts. First, we subject the core 
hypothesized effects of the Trojan mechanism to detailed empirical 
tests using a node embedding–based dynamic matched sample de-
sign (22, 23). Second, we examine the hypothesized macro-level im-
plications of the Trojan mechanism using a large-scale, empirically 
calibrated simulation model that allows us to simulate counterfactual 
“worlds” (24) where everything is kept constant except for the net-
works in which the individuals are embedded.

To perform these analyses, fine-grained individual-level data at 
a population scale is required. We use a unique database that includes 

rich demographic and socioeconomic information on every individ-
ual and every organization that ever resided in the greater Stockholm 
Metropolitan area during the years 2000–2017. Statistics Sweden 
assembled the database for us by merging a large number of admin-
istrative and population registers. The number of organizations in-
cluded in the analyses ranges from 20,000 to 30,000 each year, and 
the number of individuals is about 700,000 at any point in time (see 
Supplementary Text for details).

Testing the micro-level assumptions
There are two hypothesized effects at the heart of the Trojan mech-
anism: (i) that a move between two organizations increases the 
probability of additional moves along the same path and (ii) that the 
group composition of the organization of origin is predictive of the 
sociodemographic characteristics of the followers.

To test the first hypothesized effect, we use a node embedding–
based dynamic matched sample design (see Materials and Methods) 
to contrast the likelihood of a move between two organizations with 
a prior mover (the treated) with the likelihood of a move between 
two organizations without a prior mover (the control). Corroborating 
the hypothesized effect, Fig. 2A shows that the presence of a prior 
mover substantially increases the probability of future moves along 
the same network paths. The estimated treatment effect, measured 
in terms of relative risk, is 3.7 [± 0.2 (95% confidence interval)] for 
those of the same gender as the initial mover and 3.3 (±0.2) for 
those of the opposite gender, suggesting that if a colleague moved to 
a particular organization during the previous year, then the proba-
bility that at least one individual of the same-gender moves to the 
same organization in the next year increases by a factor of 3.7 and at 
least one of the opposite gender by a factor of 3.3. Contrasting these 
estimates to those obtained by random matching, Fig. 2A also shows 
that, without adjusting for homophilous mobility tendencies, the 
estimated treatment effect would be grossly overestimated (increasing 
by more than 20-fold).

To test the second hypothesized effect, we examine whether the 
group composition of the organization of origin is predictive of the 
sociodemographic characteristics of those who follow. We do this 
by examining the gender of the followers for all dyadic pairs with a 
prior mover (the treated) during the years 2000–2017. As shown in 
Fig. 2B, the gender of those who follow an individual’s path is indeed 
highly contingent upon the gender composition of the organization of 
origin, and the patterns are in line with the theoretical expectations.

To make the observed data patterns more transparent, Fig. 2B 
distinguishes between three types of j (origin) organizations: orga-
nizations with (a) less than 10%, (b) between 40 and 60%, and (c) 

j k

t t

j k

t

j k

Fig. 1. Schematic representation of the Trojan-horse mechanism. (t) With no prior mobility between organization j and k, a female moves from j to k (segregating 
move), increasing the probability for future mobility along the same path. (t + 1) Strong mixing constraints (8 of 9 males in j) makes it likely that the female that moved 
had more ties to males than females, despite homophily. Therefore, it is more likely that a male follows in her path (desegregating move). (t + 2) The combined effect of 
composition (7 of 8 males in j) and preference for same-gender ties makes it much more likely that another male will follow (desegregation move). While this example 
shows a stylized Trojan sequence of length three, it is important to note that, as the counteracting (desegregating) effect occurs already at the second step, a sequence 
of length-two also constitutes a realization of the Trojan-horse mechanism.
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more than 90% of the same gender as the individual who moved 
from j to k during year t. The green reference line indicates the 
expected proportion of opposite-gender followers for each of these 
three categories if mobility perfectly mirrored the gender composi-
tion of the organization of origin. For example, if the first mover 
was a woman and the proportion of women in the organization of 
origin was 0.05, then the expected proportion of opposite gender 
followers is 0.95.

When an individual leaves an organization where he/she was in 
a small minority (type a), it is very likely that someone of the oppo-
site gender follows in his/her path. As shown in Fig. 2B, about 89.5% 
of the followers then are of the opposite gender. If the gender com-
position of the organization is balanced (type b), then the probability 
of an opposite-gender follower is much lower. About 47.5% of the 
followers then are of the opposite gender. Last, when an individual 
leaves an organization with a strong same-gender majority (type c), 
it is very unlikely that someone of the opposite gender will follow in 
his/her path. Less than 10% of the followers then will be of the op-
posite gender. Overall, the evidence shows that the gender of fol-
lowers is strongly influenced by the gender composition of the 
organization of origin.

Local effect on segregation
Whether a Trojan-sequence has a desegregating effect or not cru-
cially depends on the gender compositions of the organizations in-
volved. If the initial move is segregating, opposite-gender followers 
will desegregate the market, and vice versa. Figure 2C displays the 
empirically observed gender-composition differences (destination- 
origin) for such initiating moves using the same categorization of 
organizations (i.e., type a, b, and c) as in Fig 2B.

The vast majority of individuals who leave an organization in which 
they are in a small minority [same gender proportion (SGP) < 0.1] 
tend to move to organizations with a higher percentage of same- 
gender individuals (see the left violin plot in Fig. 2C). Such moves 
increase the segregation of the market, but because of their minority 
status in j, they tend to—as shown in Fig. 2B—be followed by those 
of the opposite gender, and their moves desegregate the market. As 
a result, Trojan sequences almost always tend to be desegregating.

In contrast, individuals who leave organizations in which they 
are in a strong majority position (SGP > 0.9) tend to move to orga-
nizations with a lower proportion of same-gender individuals (see 
Fig 2C), and these moves are desegregating. Those who follow in 
their path are likely to be of the same gender, thereby further deseg-
regating the market. This pattern shows that how a move to an or-
ganization with a lower proportion of same-gender individuals can 
set in motion network-based processes that amplify the desegregating 
effect of the first move. Last, if the gender composition of the j orga-
nization was balanced (0.4 < SGP < 0.6), Fig 2C shows that moves 
from such organizations have a relatively limited impact on the seg-
regation of the market.

Macro-level implications
To examine the macro-level implications of the Trojan-horse mechanism 
we implement a large-scale empirically calibrated simulation model 
(25, 26). In the simulations, individuals and organizations retain their 
true characteristics, and they enter and leave the market just as they 
did in reality. However, individuals do not move between the orga-
nizations as they did in reality but as predicted by a conditional logit 
model with parameters that capture key mobility mechanisms, includ-
ing the network dependencies of focal interest. More specifically, 
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Fig. 2. Empirical evidence of the Trojan-horse mechanism. (A) Fraction of the treated pairs j → k (with a prior move) and fraction of the control pairs i → k (without any 
prior move) where at least one individual moved to the destination (k) at time t + 1 (treatment occurs at time t). Error bars represent 95% confidence intervals obtained 
from estimated logistic regression models (see Supplementary Text for details). The x axis distinguishes between same- and opposite-gender movers (relative to the 
gender of the prior mover from j to k). The numbers shown alongside the vertical lines represent the estimated treatment effects, calculated as the risk ratio between the 
treated and the control group (i.e., by comparing the fraction of cases with at least one mover at t + 1 under each treatment regime). Control-R corresponds to random 
matching, and Control corresponds to coarsened exact matching. (B) Proportion of opposite-gender followers, relative to the initial mover, for all treated j → k dyads, plot-
ted as a function of the same gender proportion (SGP) in the organization of origin (j). Three ranges of SGP are considered: less than 0.1, between 0.4 and 0.6, and more 
than 0.9. Error bars represent 95% binomial confidence intervals calculated using the normal approximation. (C) Distribution over differences in SGP between the target orga-
nization (k) and the organization of origin (j) for initiating moves, i.e., those that create new ties, for the same three ranges of SGP as in (B).
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network dependency is captured by two binary variables, same-gender 
tie (SGT) and opposite-gender tie (OGT), that take the value 1 if a 
former colleague of the focal individual moved to the potential tar-
get organization during the previous time period (see Materials and 
Methods for details). For each individual-organizational pair, we 
assign a matching probability based on the conditional logit model, 
and using multinomial sampling, one destination is selected for each 
individual. Once all individuals have been assigned their destinations, 
organizational-level variables and network variables are updated, and 
the same steps are repeated for the next year until the end of the ob-
servation window in 2017 (see Materials and Methods for details).

Before engaging in any counterfactual simulation, we validate the 
simulation model by confirming that it generates mobility patterns 
that closely approximate our empirical observations. As shown in 
fig. S3, we find a high level of consistency both in terms of the gen-
erated mobility at the microlevel and with regard to the macro-level 
demographic composition of the market. Furthermore, and crucially, 
we find that the simulated mobility patterns capture the empirically 
observed Trojan-horse dynamics displayed in Fig. 2 well (fig. S3).

To assess the macro-level implications of the Trojan-horse mech-
anism, we implement a set of network interventions that target spe-
cific paths of the network and make them more/less consequential 
for mobility. Specifically, we alter the impact of the network links 
that are created when someone makes a segregating move from a 
minority-gender position (SGP < 40%). We refer to these links as 
“Trojan-initiating links” because the Trojan mechanism predicts that 
such links are likely to set in motion desegregating processes since 
individuals of the opposite gender then are likely to follow in the 
same paths. Thus, by altering the Trojan-initiating links, we can as-
sess the impact that the Trojan-horse mechanism has on the gender 
segregation of the labor market. We do this by simulating the fol-
lowing counterfactual worlds:

- World 1 (W1) represents the simulated equivalent of the 
real world in the sense that the matching of individuals and orga-
nizations is assumed to be governed by the actual conditional 
logit estimates.

- W2 and W3 are identical to W1 except that the importance of 
the Trojan-horse mechanism is amplified by multiplying the network 
parameters for Trojan-initiating links by two and three, respectively.

- W4 is identical to W1 except that the Trojan-horse mechanism 
it blocked by multiplying the OGT network parameters for Trojan- 
initiating links by 0.

Figure 3A shows that amplifying the effect of the Trojan-horse 
mechanism (W2 and W3) considerably reduces the segregation levels 
in the Stockholm labor market, and the greater the amplification, 
the less segregated the market becomes. Conversely, blocking the 
Trojan-horse mechanism (W4) results in a substantially increased 
segregation of the labor market.

Figure 3C presents further results of each intervention: Consistent 
with the Trojan-horse prediction, in W2 and W3, most (68.3 and 
72.5%) of the followers along the intervened paths were of the 
opposite-gender as the first (segregating) mover, and the amplifica-
tion increased their frequency by a ratio of 2.0 in W2 and 2.6 in W3, 
explaining why the segregation levels decreased. In contrast, when 
the Trojan-horse mechanism is blocked (W4), the proportion of 
opposite-gender followers drops markedly, down to 11.8%, imply-
ing that the initial segregating moves instead triggered more moves 
of those of the same gender as the initial mover, and thereby the 
segregation levels increased. Together, these analyses offer strong 
support for the Trojan-horse prediction and show that the mecha-
nism matters greatly for the overall segregation of the market.

To investigate the overall effect of the networks and the role that 
the Trojan-horse mechanism plays in this, we simulate four additional 
counterfactual worlds where the importance of all network paths is 
increased and where the Trojan-horse mechanism either is activated 
or blocked:

- W5 and W6 are identical to W1 except that the importance of 
the network is increased by multiplying the network parameters by 
3 and 5, respectively.

- W7 and W8 are identical to W5 and W6, respectively, except 
that the Trojan-horse mechanism is blocked by setting the opposite- 
gender network parameters to 0 for Trojan-initiating links.
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Fig. 3. Simulated trajectories of gender segregation as measured by the entropy index (Theil’s H) on the Stockholm labor market between 2000 and 2017. Error 
bands represent 95% confidence intervals based on 10 repeated runs. (A) Counterfactual trajectories when the network coefficients for Trojan-initiating links are either 
increased (W2 and W3) or set at to 0 for opposite-gender colleagues (W4). (B) Counterfactual gender segregation level trajectories when the importance of the whole 
network is increased and the Trojan-horse mechanism is either operative (W5 and W6) or blocked (W7 and W8). (C) Relative number of followers along Trojan-initiating 
links for W2 to W4 compared to the baseline simulation, W1. Colors indicate the proportion of the followers who were of the opposite gender of the initial mover.
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Figure 3B shows that, when the Trojan-horse mechanism is active, 
increasing the importance of the network by a factor of three (W5) 
or five (W6) leads to substantial reductions in the segregation levels 
as compared to the baseline simulation (W1). However, if we block 
the Trojan-horse mechanism, the same interventions—increasing 
the importance of the network by a factor of three (W7) or five 
(W8)—only leads to minor changes in the segregation levels as com-
pared to the baseline simulation (W1). These results provide further 
evidence on the importance of the Trojan-horse mechanism and show 
that the desegregating effect of networks is crucially dependent on 
its presence.

DISCUSSION
The findings presented in this study are important for several rea-
sons. First, they provide a nuanced assessment of the role of net-
works in segregation processes, and the proposed mechanism calls 
attention to new ways through which networks affect segregation 
levels. Second, they call into question the main prediction of the 
existing segregation literature with its emphasis on the importance 
of self-reinforcing homophily processes. What the previous line of 
research has overlooked is that opportunity structures often domi-
nate individual motivations. Although individuals may prefer to 
form ties with individuals who resemble themselves, the groups that 
the individuals travel within may not allow these motivations to play 
themselves out. We have shown how this seemingly subtle difference 
profoundly affects the formation of cross-category ties, the personnel 
flows between organizations, and the segregation of the market.

We believe that these results are widely generalizable to cases other 
than gender segregation. Analyses of ethnic segregation, for exam-
ple, yielded qualitatively very similar results to those reported here 
(fig. S4). In addition, and more generally, in any setting where we 
encounter groups (e.g., firms, schools, and neighborhoods) that are 
composed of individuals with different characteristics (e.g., ethnicity, 
gender, and social class) and where the individuals move between 
the groups, the Trojan-horse mechanism is of potential relevance 
for explaining how individual characteristics become distributed 
across groups.

While the Trojan horse is a highly general mechanism, a number 
of factors can affect the generalizability of our results. For example, 
in settings with highly institutionalized forms of segregation such as 
in the United States before the Civil Rights Act of 1964 where em-
ployees with certain demographic characteristics were barred from 
certain organizations and jobs, networks are likely to have been rather 
irrelevant (27). Furthermore, different categories of employees may 
not share job-relevant information to the same extent (14, 15, 28), 
and this could alter the dynamics that we observe. These observa-
tions suggest that while the Trojan mechanism is highly general 
and likely to apply to most labor markets, more work is needed 
to establish how the effect of the Trojan mechanism varies across 
institutional settings.

Since segregation is of considerable importance for a range of 
social outcomes such as school outcomes (29), neighborhood decline 
(30), and the persistence of gender inequality (2, 5), understanding 
the mechanisms through which societies become segregated along 
various socioeconomic and cultural lines is of crucial importance for 
the design of effective social policies. The nuanced results presented 
here illustrate how the combination of large-scale longitudinal data 
with counterfactual/empirically calibrated simulation models can 

generate new and important insights that would have been difficult 
to arrive at with smaller survey-based databases paired with the 
traditional econometric toolkit that so much of the social sciences 
traditionally has relied upon.

MATERIALS AND METHODS
Testing the micro-level assumptions
When someone follows in the path of another colleague, this could 
be because of a social tie to the prior mover, but it could also be 
because they both independently preferred to work in the same 
organization (22, 31). To distinguish peer effects from alternative 
mechanisms, we adjust for the key confounding mechanisms that 
prior research has shown to be important for job mobility (5, 32–36) 
and d node embedding dimensions that serve as proxies for unob-
served drivers of mobility (23, 37, 38). Following the seminal work 
by Aral et al. (22), we use a dynamic matched sample design using 
coarsened exact matching (39) for estimation. A pair of organizations 
j → k is considered “treated” at time t + 1 if at least one individual 
of organization j had moved to k during the previous time period, t. 
This treatment assignment is clearly nonrandom since organiza-
tions differ in terms of sectors, industries, and organizational char-
acteristics that strongly predict both the treatment (presence of a 
prior move to k) and the outcome (subsequent moves to k). There-
fore, for each year between 2000 and 2017, we match each treated 
organizational pair j → k with one or more counterfactual orga-
nizational pairs i → k, where i is an organization with the same 
coarsened-exact organizational profile as j, but which did not expe-
rience any prior move to k. To ensure treatment validity, we only 
consider organizational pairs with no mobility events in the 2 years 
preceding the treatment year. We match on organizational-level 
variables that capture mechanisms which previous research has 
shown to be key drivers of job mobility: (i) homophily (gender, 
ethnicity, age, education, and salary level) that sort individuals into 
organizations where many individuals share their profile (9, 12, 40–42), 
(ii) industry and sector (42) that capture noncompositional similar-
ities between organizations, (iii) geographical proximity (33), and 
(iv) the size of organizations and their employee inflows and out-
flows, which determine baseline mobility probabilities (32). Further-
more, we also match on an inferred latent network location for each 
organization to adjust for unobserved drivers of mobility (37, 38). 
For example, for a hypothetical move between two financial service 
firms j → k at time t, the counterfactual i would be another financial 
service firm that is similar to j in size, composition (gender, ethnicity, 
education, age, and salary), geographical location, latent network 
location, and with a history of in- and outflow of employees similar 
to j but without any move from i to k at time t. Details of the match-
ing scheme, the variables used, and balance checks are provided in 
the Supplementary Text. Last, the effect of prior moves is computed 
as a relative risk, comparing the fraction of cases where at least one 
individual moved to the destination in question during the subse-
quent time point t + 1 in organizations with a prior move and in 
organizations without a prior move. Following established practice 
(43), we obtain SEs from logistic regression models that account for 
the matched sample structure. Since we expect the treatment effect 
(i.e., peer effect) to be stronger for individuals of the same gender as 
the original mover, we estimate separate treatment effects for those 
of the same gender and for those of the opposite gender of the 
original mover.
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Testing the macro-level implications
To test the macro-level implications of the Trojan-horse mechanism, 
we use an empirically calibrated simulation model (25, 26). In the 
simulation, individuals move between the organizations not as they 
did in reality but as predicted by a conditional logit model. We de-
fine a function, aijt + 1, that gives the propensity that individual a in 
organization i is matched with organization j at time t + 1

     aijt+1   =   X  jt   +   X  it    X  jt   +   Z  aijt   +  X  jt    W  at   +   Z  aijt    X  jt   +  φ  aijt+1    

where Xit and Xjt are organizational properties, Zaijt are two network 
variables indicating whether there is a SGT and/or an OGT—with 
respect to individual a—from organization i to j, Wat are individual 
properties, and φaijt+1 is a type I extreme value (Gumbel distribu-
tion) error term. The size of a parameter is an estimate of how a 
change in the variable in question changes the propensity for indi-
viduals and organizations to be matched. Our model estimates only 
parameters that distinguish between matching alternatives (44–46). 
An individual’s properties may affect the probability of a move, but 
they do not differentiate between alternative matching opportunities. 
For this reason, properties of individuals (Wat) are entered only as 
interactions with the variables measuring the organizational prop-
erties and network ties in aijt+1.

We specify aijt+1 by including the same organizational-level 
variables (X) that we used in our dynamic matched sampling proce-
dure, which have been shown to be key drivers for job acquisition 
processes, together with individual-level interactions (W) and net-
work variables (Z) (see Supplementary Text for details).

The probability that individual a in organization i is matched with 
organization j at time t + 1, can hence be specified as a conditional 
logit function of aijt+1

   P  aijt+1   =   
exp(   aijt+1   + ln( S  jt   ) )

  ───────────────  
 ∑ l=1  L   exp(   ailt+1   + ln( S  lt   ) )

    

where Paijt+1 is the probability that individual a and organiza-
tion j will be matched at time t+1, L is the number of alternative 
organizations in the choice set, and ln(Sjt) is an offset term that 
accounts for the fact that larger organizations, on average, have 
proportionally more positions to offer than small organizations 
(44, 47).

Given this conditional logit model, the simulation is implemented 
in as follows. We start with individuals and organizations that are 
exact replicas of all the individuals and organizations that were in 
our database in 2000.

1) In 2001, new individuals and organizations enter into the virtual 
labor market, with exactly the same individual and organizational 
characteristics as the new entrants had in reality.

2) In 2001, individuals and organizations are removed from the 
virtual labor market if their corresponding real-world entities left 
the labor market during that year.

3) For all other individuals that were in the empirical labor market 
in both 2000 and 2001, the following procedure is carried out:

a) For each individual a, we draw a random sample Ca = (c1, 
c2, …, cK) from all organizations, where c1 is the organization where 
the individual currently worked and c2 − cK are randomly drawn 
organizations. We use K = 1000; assigning a large random subset of 
alternatives, as opposed to a full choice set, ensures computational 
feasibility without sacrificing empirical fit (see fig. S3).

b) From each individual-specific choice set Ca, we sample two 
alternatives: the stay-alternative (c1) with 100% probability and one 
move-alternative based on the predicted probabilities of the condi-
tional logit model.

c) Last, from the stay/move-choice set, we sample as many mo-
bility events as observed in the real data for that year and update the 
organizational statistics accordingly.

At time t ≥ 2001, steps 2 to 4 are repeated.

SUPPLEMENTARY MATERIALS
Supplementary material for this article is available at http://advances.sciencemag.org/cgi/
content/full/7/16/eabf6730/DC1
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