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Workplace communications around the world were drastically altered by Covid-19 and the resulting work-
from-home orders and rise of remote work. We analyze aggregated, anonymized metadata from over 360
billion emails within over 4,000 organizations worldwide to examine changes in network community struc-
tures over 24 months. We find that, in 2020, organizations around the world became more siloed than in 2019,
evidenced by increased modularity. This shift was concurrent with decreased stability, indicating that orga-
nizational siloes had less stable membership. We provide initial insights into the meaning and implications

of these network changes—which we term dynamic silos—for new models of work.
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1. Introduction
How has Covid-19 altered intra-organizational communication networks? Studying communi-

cation networks—who communicates with whom—is critical in understanding how work gets

done (Blaul 1963, |[Jacobs and Watts| 2021} [Kleinbaum et al|2013). Covid-19 created exceptional

circumstances—and a natural experiment—that disrupted work in many ways never observed on

such a scale. The public health crisis, related work-from-home orders, and the subsequent rise of



remote work redefined how employees could communicate, as digital forms of communication (e.g.,
email, messaging, calendaring software, and collaboration platforms) began to supplant in-person
social exchanges (DeFilippis et al. [2020). Did this shift of medium reshape intra-organizational
communication networks? If so, how? On one hand, the promise of digital communication tools is
that they expand the boundaries of who can communicate with whom (e.g., [Kellogg et al. |2006]).
One the other hand, the absence of in-person encounters might narrow the scope of employees’
communication to formal or essential connections (Yang et al.[2021]). Either shift might have impor-
tant consequences. In this study, we analyze data on 362 billion aggregated email receipts between
more than 1.4 billion email accounts in 4,361 organizations around the world over 24 months to
examine these dynamics related to new models of work and discuss their implications for future
research on organizational innovation and performance.

We find that the volume of emails increased globally following Covid-related work-from-home
orders. At the same time, a monthly year-over-year comparison shows that both churn and
modularity—two measures of community structure within a network—increased within organiza-
tions around the world. That is, although employees’ membership within communities began to
change more dynamically, organizational silos became more well-defined and less tightly coupled
with each other. We conceptualize these shifts as dynamic silos.

Our data provides unprecedented insight into intra-organizational network structures around
the world and over time. Advances in computational capabilities have only recently enabled large-
scale study of email networks. At the same time, due to the extraordinary scale and scope of
Covid-related work disruptions, there is little prior theory to guide our inquiry into their impact
on intra-organizational communication networks. The goal of this exploratory study is therefore
not to test hypotheses, but to uncover broad patterns.

Our findings provide a baseline set of results, replicated across organizations and geographies,
that can inform future work on why Covid-19 resulted in dynamic silos and what the implications
are for individuals, organizations, and the future of work. Recent studies indicate a post-Covid
shift in communication patterns in specific organizations (Yang et al.|2021) or over the short term
(DeFilippis et al. 2020, |Teodorovicz et al. 2021)); we extend those studies by comparing patterns
within organizations around the world and over two years. Although it is not our intention to specify
mechanisms, our findings suggest that intra-organizational communication networks were affected
by shifts in the medium of communication (from in-person to email). The observed changes suggest
that serendipitous, in-person interactions with those outside one’s community are not replaced by
email; instead, employees might reduce email with people outside their well-defined work groups

once they no longer interact in-person. But they may also intensify communication within their



organizational silos. These dynamics persist even in the face of increased membership instability
within silos.

The remainder of this paper is organized as follows. We anchor our study in research on organi-
zational networks. We then describe the data and our methods of analysis. We present results at
three levels: across organizations around the world, within individual countries, and within a single
large organization. Next, we describe a generative model we created to facilitate future research.
Finally, we highlight the implications of our results in order to inspire future research on the impact

of Covid-19 on organizational performance and innovation.

2. Understanding Inter-organizational Communication Networks
Scholars have long recognized that formal organizational charts may not represent actual flows of
communication at work. Blau (1963) highlighted the importance of informal “water cooler” con-
versations versus formal organizational structures in understanding how employees work. Shepard
(1960) and Strauss| (1955) explored how formal organizational structures could even be subverted
by informal structures driving output and efficiency. Recent research has examined how employees
build different informal networks within the same formal organizational network. For example,
women tend to have more ties than men (Kleinbaum et al.|2013), gain less advantages from those
ties (Ibarral[1992), and are less frequently introduced to new, potentially valuable ties (Abraham
2020).

Recently, scholars have highlighted email as a way to capture informal networks within organiza-
tions (Jacobs and Watts|2021, Kleinbaum et al.|2013)). By examining patterns of email, it is possible
to create social networks that aggregate patterns of individual interaction to the organizational
level. These aggregate patterns can provide insights into how information flows with an organi-
zation and how these flows vary between organizations. For example, |Jacobs and Watts (2021)
exploratory study found that more geographically dispersed organizations have more centralized
email networks, indicating that longer paths are required to access information.

Constructing social networks based on email data can also help identify higher-level community
structures within organizations. Community structures reveal the structure of ties within a network,
how frequently employees communicate with each other, and how often they engage employees
outside of their own silos. For example, one well-known type of community structure is a small
world (Watts and Strogatz|1998)), in which the network, or a portion of it, is characterized by dense
clustering of ties and short path lengths between nodes, which can facilitate rapid and efficient

information flow (Gulati et al.|2012a)).



3. Examining Shifts in Community Structures following Covid-19
While recent studies have begun to explore how organizational communication metrics (e.g. number
of emails and time spent in meetings (DeFilippis et al.[[2020, Teodorovicz et al.|[2021) have changed
due to Covid-19, we examine shifts in community structures for several reasons. First, it does not
require imposing a formal organizational structure; community structures can be induced. Inducing
rather than imposing structure allows for an understanding of how communication flows in practice
between individuals, teams, and functions. Second, analyzing patterns within distinct communities
reveals differences between an organization’s different communities. Finally, building on |Clement
et al. (2018a) finding that “in a network, members of different communities have access to different
knowledge and routines” (p. 266), we expect shifts in community structure to produce macro-level
changes in information and knowledge flow (see, for example, |Gulati et al.|2012al) with potentially
long-lasting impact on organizational performance and innovation.

One measure of a network’s community structure is modularity, which captures the degree to
which it is divided into communities—that is, the extent of siloing. Highly modular networks are one
form of small world (Watts and Strogatz||[1998). Those with low modularity have less-well-defined
communities and greater overall connectivity. Organizational scholars have identified consistently
high modularity (0.60-0.75) in the interorganizational collaboration networks of firms in the tele-
vision (Clement et al.|2018b)), microelectronics (Tatarynowicz et al|2016), computing (Sytch and
Tatarynowicz| 2014} |Gulati et al.2012b), and biotechnology/pharmaceutical (Tatarynowicz et al.
2016) industries. To our knowledge, research has not measured modularity in intra-organizational
communication networks nor explored temporal shifts in modularity. We attribute this gap to
data limitations, as a comparative and dynamic analysis of network structure requires longitudinal
data within and across many organizations. We leverage precisely this kind of data to understand
whether and how communication networks and community structures shifted following Covid-19.
We examine both the volume of emails sent and received and the network features that can be
observed from their exchange. We calculate community structures by attempting to maximize
modularity, as this provides insight into a network-level descriptive statistic independent of email
volume. Using these community structures, we also calculate the Adjusted Rand Index (ARI) to

measure the stability of intra-community membership.

4. Data

We collected anonymized email data from approximately 100,000 organizations over 29 months,
from July 2018 through November 2020—approximately 450 billion email receiptd'} For each orga-
nization ¢ and each month ¢, we constructed an undirected weighted edge (u,v) with the weight
! We analyzed workplace trends that were anonymized by aggregating the data broadly. We neither observe nor

use individual- or organizational-level content such as information within an email. All personal and organization-
identifying information, such as company name, were removed from the data before analysis.



Wi ¢ (u) Deing the total number of messages observed between accounts u and v. To filter out
company-wide messages, we follow prior research (Kleinbaum et al., 2013) by not considering
emails with more than four recipientsﬂ We eliminate self-loops by ignoring edges from u to wu.
This edge definition induced a undirected weighted graph from which we extracted the largest
(weakly) connected component, denoted G;; = (V;,, E;;), where V;, is the collection of accounts
and edge (u,v) € E;, indicates that accounts u and v had at least one message between them.
We limited our sample to organizations i with |V;,| > 2000 for all ¢, yielding 4,361 organizations
(ranging from 2,000 to 500,000 nodes), 126,469 organization-month networks, and approximately
362 billion email receipts]| We also analyzed the data between January 2019 and December 2020
(a) within countries with enough organizations to allow for anonymization and (b) from a single
organization, Microsoft. The time period allows for month-over-month comparisons that account

for seasonal variation in email patterns and exploit Covid-19 as a natural experiment.

5. Analysis

Analyzing the data was computationally intensive and required large-scale distributed compute
infrastructure; it took more than 55,000 compute-hours for clustered machines to process the
data. We defined modularity (Newman and Girvan|2004) Newman! 2006}, Bickel and Chen![2009) as
Q(G) =max, + 3, o (Auw — %) I{7; = 7;} where A denotes the adjacency matrix, d, denotes
the vertex degree, L= d,, and 7 € [K|" encodes a network partition assigning n vertices to K
communities. We used the Leiden algorithm (Traag et al. 2019) to find a network partition that
approximately maximized the modularity function.

We also consider ARI (Hubert and Arabie [1985). Given a network on the same set of n nodes
at two different times, G; and Gy, and letting P, and Py be partitions of the two networks into
communities, the Rand index is defined as RI(G,,Gy) = (a+b)/(};) where a is the number of
pairs of nodes that are in the same subset in both P, and Py and b is the number of pairs of
nodes that are in different subsets in both partitions. ARI adjusts this measure for chance, so that
ARI =0 indicates that which nodes cluster together is essentially chance across the two networks,
while ARI ~ 1 indicates that individual nodes’ community memberships are stable across the two
networks. We calculate ARI using the maximum modularity partitions.

To better illustrate the dynamic interplay between modularity and ARI, Figure [I] presents a
simplified case: the network of a single organization, with K = 2 blocks (communities), n = 20

2 We also analyzed the data by restricting emails to those with fewer than 2, 3, and 7 recipients; these specifications
did not meaningfully affect our results.

3 A cutoff of organizations with 2,000 or more email accounts was chosen to identify networks large enough for analysis,
with relatively small standard deviations and distribution of modularity scores. Networks with fewer nodes are more
sensitive to small changes in email patterns, making it harder to interpret shifts in community structure.



vertices (nodes), and 10 vertices per block, observed at times G; and G. In stochastic blockmodels
(SBMs) (Holland et al.|1983]) with both the number and size of the blocks held constant, an increase
in @ together with a small value of ARI implies (a) more siloed groups and (b) significant churn
in group membership. Figure 1 compares G; and G,. The only difference in the two SBMs is in
the block connectivity matrices By and By, which are of the form [byq, b12; ba1, ba]. We assume the
within-block connectivities b;; = by, = 0.50 for both B; and B,, but the between-block connectivity
is bio = by; = 0.15 for B; decreasing to 0.05 for B,. In this case, the network structure measure
modularity Q(G») is larger than Q(G1): Q(G1) = 0.400 +0.035 vs. Q(G2) = 0.266 + 0.035. If also
we assume that the block memberships are altered such that two of the ten members of block one
from (G switch to block two in G, replaced by two from G;’s block two moving to G5’s block
one, then the block membership stability measure ARI(G1,G5) = 0.324, as illustrated in Figure
The shaded communities are the Leiden-derived maximum modularity communities. The vertex
colors denote block membership in G, so we can see that two vertices change communities. The
modularity increase indicates fracturing of the internal community structure and the corresponding

decrease in stability indicates churn in community membership.

Figure 1 A Simplified Case of Modularity and ARI Change in an lllustrative Network

To further illustrate, Figure [2| presents a network map of Microsoft in March 2020. The top
image shows the entire organization (n = 80,690) with modularity Q aricrosoft,mar2020 = 0.82. Colors
distinguish communities as discovered via the maximum modularity partition. We used formal
organizational charts to isolate sub-organizations and present one with low modularity (left SubOrg
2, with n=10,243 and @ =0.79) and one with high modularity (right SubOrg 5, with n = 29,958
and ) =0.85).



Figure 2 Network Map of Microsoft, March 2020. Colors indicate communities. Top image shows the entire
organization (modularity = .82). Left image shows a low modularity sub-organization (modularity = .79); right

image shows a high modularity sub-organization (modularity = .85).



6. Results

We examined changes in monthly modularity and ARI in 2019 and 2020. Figures [3] and [4] provide
a cross-sectional view of modularity across organizations and geographies and contextualize a shift
in modularity within Microsoft. We find that modularity within organizations is relatively high:
50 percent of all organizations fall within the 0.64-0.77 range. Figure [3| provides a histogram sum-
marizing the modularity Q(G;,t) for all 126,469 organization-month networks, with interquartile
ranges. Figure [3] also includes two histograms illustrating geographic differences; specifically, the
modularity of organizations in Canada—the lowest-modularity country in our sample (mean mod-
ularity ranging over time from 0.66 to 0.69)—and Germany—the highest-modularity country in
our sample (mean modularity ranging over time from 0.75 to 0.77). Figure |3| shows the modularity
within Microsoft at four times: February 2019 and March 2019 (red) and February 2020 and March
2020 (purple). Figure {4|is a heatmap for a kernel density estimate of network size n versus modu-
larity @ for the 126,469 organization-month networks. Figure [4] also includes mean modularity in
Canada and Germany and at Microsoft in February and March 2019 versus February and March
2020.

Figure [5| demonstrates month-over-month modularity (mean £ one standard error) and ARI
(mean + one standard error) for 126,469 organization-month networks in 2019 and 2020. Figure
|§| depicts the volume of emails sent and received by employees over time (where email volume
indicates the average total number of emails an individual sent and received in a month); we see
a sustained increase in March 2020, following the imposition of Covid-19 restrictionsﬂ Figure
demonstrates a persistent increase in modularity and decrease in ARI after March 2020.

Figure 7] presents an additional analysis of the March 2020 modularity increase apparent in
Figure[5] The green histogram illustrates the year-over-year paired difference in modularity between
January 2019 and January 2020, centered near zero (indicating no statistically significant difference
in modularity). The red histogram illustrates the year-over-year difference between April 2019 and
April 2020, centered greater than zero (indicating increased modularity in 2020; two-sided Wilcoxon
p-value ~ 0), showing a post-Covid-19 effect.

To further isolate the mechanisms driving overall shifts in modularity, we examined modularity
by country. We examined the extent to which changes in modularity occurred contemporaneously
with emergency orders that resulted in widespread shifts to working from home (issued at different
times in different countries). While cultural drivers of modularity are outside the scope of our
study, this analysis suggests geographic drivers of variation in modularity. For example, Figure
4 Like prior studies (DeFilippis et al., 2020), we observe that the volume of emails decreased following the steep spike

in March 2020; we build on these studies by showing that this decrease was not sustained, and the volume of emails
remained higher throughout 2020 than 2019.
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Figure 3 Modularity Histogram and Boxplot. lllustrating modularity for 126,469 organization-month networks,
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geographic differences (Canada vs. Germany), and monthly differences within Microsoft.

presents modularity aggregated by geography for Canada (132 organizations) and Germany (84
organizations). But, while the modularity for Germany is consistently higher than that for Canada,
in both cases we see an increase following the imposition of country-wide emergency orders. Figure
@] presents modularity as a function of time for 10 other countries/regions. Following the imposition
of emergency orders (indicated with a red line) in the spring of 2020, modularity relative to 2019
increased across all regions. This was regardless of whether modularity in the early months of 2020
was higher (e.g. Germany, Japan) or lower (e.g. Canada, India) than in the early months of 2019.
This analysis also suggests the persistence of dynamic silos: although modularity in 2020 continued
to track the same seasonal trends as in 2019 (see, for e.g., France, United States), baseline levels
remained higher even following the removal of emergency orders (indicated with a blue line).

We also examine how community structures changed within a single organization, Microsoft,

following the imposition of a company-wide work-from-home order on March 4, 2020. We find that
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Figure 4 Heatmap for a Kernel Density Estimate of Network Size vs Modularity. lllustrating geographic

differences (Canada vs. Germany), and monthly differences within Microsoft.

Q(GMicrosoft,FebQOlgaGMicrosoft,Mar2019) = Q(GMicrosoft,Mar2019)Q(GMicrosoft,Feb2019) = 0.001, while
Q(Grticrosoft, Feb20205 G Microsoft,mar2020) = 0.013. That is, Microsoft’s modularity increased follow-
ing the work-from-home order; the spring 2020 change is an order of magnitude larger than the
spring 2019 change. Figure [10] plots modularity (left panel) and ARI (right panel) within Microsoft
from January 2019 through December 2020 and shows the modularity increase and ARI decrease

that followed the work-from-home order. To assess the significance of the modularity change from

February to March 2020, we consider network bootstrapping (Green and Shalizi|2017)). For Febru-
ary 2020, the observed modularity is @ = 0.807 and the bootstrap yields @@ = 0.804 & 0.0037; for
March 2020, the observed modularity is @ = 0.820 and the bootstrap yields @ = 0.818 4+ 0.0035.
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Figure 6 Month-Over-Month Global Email Volume, 2019 vs. 2020.

Finally, we compared formal organization structure with changes in modularity for seven subor-
ganizations within Microsoft. These subunits had different initial modularity scores, likely driven
by their distinct strategies, approaches to work, and degree of coupling with the broader orga-
nization. We found that our results held in all but one suborganization. That suborganization,
which dropped in modularity significantly between February and March 2020, includes members of
Microsoft’s strategy and operations organization, who were tasked with manning the organization’s
control center through the crisis. Members nimbly adapted their networks by paring down connec-
tions within their own working group and keeping and forming connections across groups—Ilikely
those most acutely relevant—to regain stability. This indicates that shifts in email communica-

tion, while broadly similar between organizations, likely differed between communities within the



12

300

200

Organization Count

100

-0.10 —-0.05 0.00 0.05 0.10
Modularity Difference
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Figure 8 Month-Over-Month Modularity in Canada and Germany, 2019 vs. 2020. lllustrating mean + one

standard error.

same organization, based on their function, strategies, and degree of coupling to the rest of the

organization.

7. Generative Model
Access, privacy, and legal considerations often prohibit obtaining raw communication data for

analysis. To facilitate future research, we have created a generative model designed for our intra-
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error. Red lines indicate the imposition and blue lines indicate the removal of national emergency orders including

work-from-home directives.

organizational communication networks and have negotiated to make the code for this model, along

with the anonymized data on Microsoft, available to other scholars.
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Our model is a generalization of the Barabési-Albert generative (Barabasi and Albert/[1999); a
Barabdsi-Albert augmented hierarchical stochastic block model (BA-HSBM). Figure [11] presents a
visual comparison of this new model with its simpler competitors. We provide a fitted generative
model for all 126,469 organization-month networks, allowing for future research and providing
baselines for comparisons against observed activity.

To generate this model, we used root-level Leiden community structures to create an a-posteriori
stochastic block model that retained the population statistics for both vertices and edges from the
real network being fit. To make Barabasi-Albert fit well in the context of an SBM, we modified
the algorithm: within each block of the SBM, we considered a specific budget of vertices and
edges, obtained from the observed network being fit. We configured the Barabasi-Albert algorithm
to create a number of edges for each vertex equal to the intra-block average degree centrality.
Then, using either Erdds-Rényi (Figure Panel (a)) or Barabdsi-Albert (Figure Panel (b))
to create intra-block connections, we observed major differences between the resulting networks
and the real network being fit (Figure Panel (d)). The inter-block connections are made at
a rate determined by the real network, but the connections are made between random vertices
across pairs of communities. We observed that the power-law distribution of the degree centrality
is much closer to the real network’s distribution when using the Barabasi-Albert generator and
that the network paths generated using Barabési-Albert are longer than those from Erd?s-Rényi.
These longer paths produce less regularity in the structures and also allow for bleed-over between
communities, as highly eccentric nodes connected to multiple communities will be pulled between
those communities.

Using these observations, we extended our model to use hierarchical Leiden communities obtained
by running Leiden recursively on the real network until we attained leaf communities with no

more than n,,, vertices. (We use 7., = 250.) Using these leaf communities, we applied the
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Figure 11 lllustrative Representations of Generative Models of Microsoft, March 2020.

Barabasi-Albert algorithm again for the leaf intra-block connections, then proceeded with inter-
block connections between leaf clusters. This localized the connections between communities to
small groups of nodes, dramatically fracturing the network structure (Figure Panel (c)) and
corresponding to the structure observed in the real network being fit; as in the real network, the
generative model produced many new and small communities. Applying Leiden to data generated
from our generative model, we found these groups of communities captured in the same partition
when maximizing root-level modularity, indicating that the more complex and realistic structure

generated by BA-HSBM has modularity characteristics similar to those of the real network being
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fit. This generative model significantly reduces the computational complexity of analyzing the data

in the future.

8. Discussion

The modularity of intra-organizational email communication networks increased from 2019 to 2020,
while ARI decreased across organizations. These results were replicated both around the world
and in one organization (Microsoft). Our analysis shows that, as employees shifted to remote
work due to Covid-19, organizational networks around the world became more siloed and that the
membership of communities within these networks became less stable. These dynamics persisted
over time, even as emergency orders driving many work-from-home restrictions were lifted. The
widespread shifts in these measures—that is, dynamic silos—implies that changes in the medium
of communication (from in-person to email) may affect who communicates with whom and how
information flows at work in a lasting way.

Our findings have significant implications for both practice and theory. Leaders of organizations
embracing remote work need to understand the impact of such a change on employee communi-
cation. Those executives who made formal organizational changes in response to Covid-19 might
consider whether and how those changes will need to be adapted to support long-term remote
work. Our analysis provides insight into how informal networks changed. The increased siloing
we observe need not be feared; indeed, our findings suggest baseline differences in modularity
scores exist between firms and even countries. This suggests that there is no single optimal level
of modularity and that the appropriate level of sioling in an organization likely depends on its
strategy and structural features including the degree of coupling between its subunits. Ultimately,
by understanding that shifts in the medium of communication can affect with whom, not just how,
employees communicate, executives can begin to attend to the dynamics of informal as well as
formal networks.

Theoretically, our study provides a baseline set of findings with implications for research on
organizational performance and innovation. Future research can explore both the benefits and the
trade-offs associated with dynamic siloes. First, increased modularity might improve productivity
and efficiency. Collaborating with people with similar domain knowledge (Simon|1996)) or comple-
mentary role experience (Valentine and Edmondson|[2015) increases trust (Coleman!/1988)), coop-
eration (Reagans and Zuckerman| 2001, [Wang et al.|[2021), and efficiency (Reagans and McEvily
2003). Increased siloing might allow employees to focus on communicating with those with whom
they already share interpretive schemas (Gulati|1995)), allowing for rapid sharing of information
and tacit knowledge (Granovetter||1985). Research has suggested that these benefits can occur even

with membership instability or churn, provided that members have clear roles within their groups
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(Valentine and Edmondson! 2015). Thus, depending on work practices and features of collabora-

tive groups, increased siloing may improve efficiency (Choudhury et al|2021) and productivity

(Dahlander and McFarland|2013). Future research can examine whether dynamic siloing is asso-

ciated with changes in firm or sub-unit performance and whether or how these relationships are
moderated by different work practices.

Second, dynamic siloing may reduce innovation in some organizations. Innovation often arises

from novel combinations of distantly held knowledge (Schumpeter and Opie| |1934, [Kogut and|

|Zander||1992, Hargadon and Sutton|[1997, Burt|2004). Interdisciplinary or cross-department collab-

orations provide access to new ties and information that can provoke innovative ideas (Soda et al.

2021}, [Rawlings et al|[2015). Increased siloing could reduce such access (Uzzi 1997, |Gulati et al.|

2012b, Tortoriello et al.|2012). Future research should examine the impact of shifts in modularity

on innovation rates (measured through patents, publications, new products, and so on).

Finally, increased modularity in large organizations might be associated with a specific kind of

innovation; namely, competence-destroying technologies (Abernathy and Clark|1985| Tushman and|

|Anderson||1986)), which render existing organizational capabilities obsolete. Such innovations are

typically the work of new firms (Tripsas [1997, Zuzul and Tripsas |[2020) or small teams (Wu et al.

2019). In large or incumbent organizations, competence-destroying, architectural, or disruptive
innovation is best developed by groups that are loosely coupled with the rest of the organization.

As increased modularity might foster the required cultural separation and autonomy, dynamic

siloing might promote innovation in large established organizations (Henderson and Clark||{1990,

|Christensen||1997, Benner and Tushman|2003)).

Our analysis highlights the need to examine the drivers and implications of geographic differences
in baseline modularity scores and in the magnitude of post-Covid-19 modularity shifts. If these
shifts are associated with changes in organizational performance and innovation, they may have
implications for national competitiveness and resilience and therefore merit continued focus as
organizational communities evolve after the pandemic. Finally, recent studies have shown that, as

a result of Covid-related work-from-home orders, employees transferred their informal interactions

to new forms of digital communication, including instant messages (Yang et al.|[2021). While we

focus on email data, future studies can examine the network structures revealed by multi-modal
changes in communications via video conferencing, social media, or chat data. We hope our research
will stimulate studies connecting modularity and related measures of communication networks to

organizational outcomes.
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9. Data Availability
An anonymized version of the data on Microsoft Corporation that support this study will be
retained indefinitely for scientific and academic purposes. The data are available from the authors

upon reasonable request and with the permission of Microsoft Corporation.

10. Code Availability
The code used to produce the results shown on Microsoft and the code used to create the generative
models and the fitted generative models for all 126,469 organization-month networks is available

upon reasonable request and with the permission of Microsoft Corporation.
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