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The effect of co-location on human
communication networks
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Timur Abbiasov’, Robin Dunbar®?> and Carlo Ratti’

The ability to rewire ties in communication networks is vital for large-scale human cooperation and the spread of new ideas.
We show that lack of researcher co-location during the COVID-19 lockdown caused the loss of more than 4,800 weak ties—ties
between distant parts of the social system that enable the flow of novel information—over 18 months in the email network of a
large North American university. Furthermore, we find that the reintroduction of partial co-location through a hybrid work mode
led to a partial regeneration of weak ties. We quantify the effect of co-location in forming ties through a model based on physi-
cal proximity, which is able to reproduce all empirical observations. Results indicate that employees who are not co-located are
less likely to form ties, weakening the spread of information in the workplace. Such findings could contribute to a better under-
standing of the spatiotemporal dynamics of human communication networks and help organizations that are moving towards
the implementation of hybrid work policies to evaluate the minimum amount of in-person interaction necessary for a productive

work environment.

works to share information and collaboratively accomplish

sophisticated tasks is a distinguishing feature of humans'.
While the ability to form social ties with others was originally
developed when individuals were in close proximity, techno-
logical improvements have allowed increasingly remote forms
of communication and collaboration, that now include tele- and
video-conferencing, email and chats®. These changes reinvigo-
rated longstanding debates about the extent to which social rela-
tionships are predicated upon physical proximity®. While earlier
studies in sociology and organizational science discuss the role of
spatial propinquity in producing interpersonal ties"’, the causal
mechanisms through which co-location affects social networks
remain understudied®~’.

Addressing this question is all the more relevant today. First,
in planning the transition towards the post-COVID-19-pandemic
‘new normal, institutions and policy-makers world-wide are won-
dering about the best way to reshape work environments following
COVID-19'"". Second, the massive shift to remote work during
the past two years has produced a trove of big data that promises
to elucidate what happens when we remove physical presence as a
main conduit of communication'. While recent work has started to
highlight changes in the communication networks of information
workers due to mandatory remote work, the data were collected
across several campuses in the continental USA—making it diffi-
cult to link these network changes to a lack of physical proximity"°.
Hence, the following question remains open: what is the effect of
co-location on human communication networks?

In this study, we explore the mechanism via which the com-
plete removal and subsequent partial reintroduction of physical
co-location at a large North American university—the MIT cam-
pus—affects the structure of its digital communication network. We
find that, despite the robustness of many network measures to the

| he ability to establish and leverage communication net-

shift to remote work, physical co-location plays a crucial role in the
formation of weak ties.

Since Mark Granovetter’s seminal work in 1973, weak ties
have been identified as fundamental microscopic structures that
enable the spread of ideas and opportunities in social networks.
Our hypothesis is that weak ties form due to chance encounters
in and around the office, so removing the possibility for chance
encounters should affect the formation of weak ties. By hindering
new weak tie formation, the removal of physical co-location leads
to increased redundancy in email networks—more information is
spread between fewer people. Put differently, physical proximity
is vital for updating the people with whom we communicate over
time. This is in line with earlier work on the notion of propinquity,
used to denote the tendency to form connections among proximate
individuals’. Propinquity can be modeled with a modification of the
link-central preferential attachment model, which includes a co-
location factor 7, accurately reproducing the dynamics of formation
and stability of weak ties caused by long-term removal and partial
reintroduction of physical co-location on the MIT campus.

Results

Forming the daily email network. We build and analyze a large
email network of research workers at MIT in Cambridge, MA.
Despite the wide-scale adoption of synchronous video-conferenc-
ing technology, email remains a universal mode of digital commu-
nication used by researchers to exchange information and organize
meetings. To study changes in communication behavior due to
fully remote work, we study the email habits of 2,834 MIT faculty
and postdocs over 18 months starting on 26 December 2019. Each
researcher belongs to a ‘research unit, which describes their campus
affiliation (see Supplementary Information for a complete list—the
partition of the MIT research community into research units is in
general finer than the partition into departments). During March
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Fig. 1| Robustness of global network topology in daily reciprocated email networks. a, The change from the beginning of the spring 2020 semester
(weekdays between 5 February and 5 March 2020) to the spring 2021 semester (weekdays between 17 February and 19 March 2021) in the number of
users in the largest component, the number of components, the number of connections (edges) between users who are in the same research unit and
the number of connections (edges) between users in distinct research units. 95% confidence intervals (Cls) from two-sided z test on the coefficients of
a generalized least squares model fit to the log difference in means (n=16d for all variables). Full results are in Supplementary Tables 1-4. b, Predicted
cumulative change in network metrics compared with a synthetic counterfactual from 23 March 2020 to 15 July 2021. Posterior predictive intervals with

95% coverage computed using Bayesian structural time series (n
central tendency.

pre

2020 MIT started implementing COVID-19 contingency plans,
which led to a progressive decrease in campus attendance and cul-
minated on Monday 23 March 2020 with the halting of in-person
research activities. For each day, the number of emails sent between
each pair of (anonymized) individuals is determined exactly for
>66% pairs of individuals from randomized, aggregated data and
used to form the edge weights of an undirected network. For the
remaining pairs we estimate the number of emails sent using non-
negative matrix factorization (Methods).

Robustness of network metrics to the remote work transition. Our
initial analysis did not show many changes in the network: directly
comparing connected components and the number of intra-/inter-
research unit connections in the email network in February 2020
and February 2021 using a paired test on the logarithms of these
network metrics (Methods) highlights few significant differences
(Fig. 1a). However, due to the seasonal nature of academic work,
paired testing comparing only February is not sufficient to estimate
the short- and cumulative long-term effects of fully remote working
on the communication network.

To provide a statistically robust estimation of long-term effects,
we design a methodology based on the Bayesian structural time
series approach. The approach is based on the construction of a syn-
thetic counterfactual time series from a covariate unaffected by the
treatment. A well constructed synthetic counterfactual can capture
fluctuations in the time series of interest due to seasonality and con-
founding factors other than the treatment. If the predictive power of
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the covariate wanes over time (which can happen because, for exam-
ple, the model is only fit on data before the treatment is applied), then
the width of the posterior predictive interval around the synthetic
counterfactual will increase over time, representing our increased
uncertainty about the distant future. As the treatment in this case
corresponds to the termination of campus access for researchers,
we use email data from weekends, when most researchers were
not entering the office, to construct our counterfactual (Methods).
When studying these cumulative effects, there are also no significant
differences in the number of intra-/inter-research unit connections,
the number of connected components or the size of the giant com-
ponent due to remote work (Fig. 1b). A detailed plot highlighting the
evolution of the uncertainty of the Bayesian structural time series
model over time can be found in Supplementary Information. The
fact that the sign (loss versus gain) of the change in network metrics
such as connected components, inter-unit connections and size of
giant component differs between Fig. 1a and Fig. 1b is indicative of
the fact that choosing a single month in 2020 and 2021 for compari-
son does not accurately capture cumulative effects.

Weak-tie formation is impeded by remote work. To study the effect
of remote work on the sorts of connection that might arise from ser-
endipitous encounters on campus, we investigate the structure of
weak ties in the email network. Because local bridges can be iden-
tified knowing only the topology of a social network, Granovetter
suggested using the notion of a local bridge as an accessible proxy
for the notion of a weak tie'® (see Supplementary Information for

495


http://www.nature.com/natcomputsci

ARTICLES NATURE COMPUTATIONAL SCIENCE

a b
—— Chance encounter 1,000 -
- - - Local bridge %
B (o} £ 800 -
© 1
@} g p— RDD fitted value
. z 600 1 i --- 23 March 2020
< £ 1 Number of weak ties
RN S 400 - . | Number of new weak ties
A D é | ‘
S 200+ '\\:{*‘
P4 Ve
0 ; e AT ity
—
LS ERN P HI
B S P B
P DT PR PR P QTP R
Data
c d
—— Weak ties lost
250 1 —— Weak ties made strong
(2]
2 200 A
Number of new weak ties X
$ 150 -
k]
, 3100 A
Number of weak ties ° e
=
Z 50
: 0
T T i T T T T T T T T T T
-10,000 -5,000 0 5,000 P P QAP P

Predicted cumulative change from
23 March 2020 to 15 July 2021

Q7 QO QO QO NN NN

ORI S SR AR A A

S S S S S S S S
Data

Fig. 2 | Changes in weak ties in the MIT email network after the shift to remote work. a, A candidate mechanism for local bridge formation in a social

network which requires co-location. b, A drop of 55.70 (6.2%) in the number

of local bridges (weak ties) after 23 March 2020 (P=0.002, 95% ClI

[-91.627,—19.7741). There is a drop of —38.03 (38.7%) in the mean number of new (not previously seen) weak ties appearing each weekday after 23

March 2020 (P<0.001, 95% CI [-53.38, -22.68]). ***P < 0.001, **0.001<P

< 0.01. Statistics represent the results of a two-sided z test corresponding

to a local polynomial RDD (n,,.=42d, n,.=188d). ¢, There is a cumulative loss of 5,110 weak ties throughout an entire year (P <0.001, 95% posterior
predictive interval [—4,957,—5,2671) and a non-significant loss of 2,930 new weak ties (P=0.241, 95% posterior predictive interval [-11,588,5,7301).

Posterior predictive intervals computed using Bayesian structural time series (n

=8 weeks, n

1 Hpos

=72 weeks). d, The number of weak ties that become

pre

strong (become embedded in triangles) or are churned (dropped from the network) in a 30 d rolling window. Fitted values/intervals use the mean as the

measure of central tendency.

detailed definitions). To check that our results are robust to alterna-
tive definitions of weak ties, we repeat our analysis (obtaining very
similar results) using low-contact-frequency ties in Supplementary
Information. Figure 2a provides an illustration of the way in which
chance encounters lead to the formation of new local bridges.

The removal of physical co-location (as a consequence of man-
datory fully remote work) caused an immediate and persistent
drop in the number of weak ties formed in the MIT email network.
Figure 2b shows the causal effect of a lack of co-location estimated
with a piecewise polynomial regression discontinuity design (RDD)
on both the number of weak ties and the number of new (not previ-
ously seen) weak ties. There is a statistically significant 6.2% drop
in the number of weak ties and a 38.7% drop in the number of
new weak ties coinciding with the sudden absence of co-location.
Because we study a fixed population of users, as we see more ties the
number of new weak ties will naturally decrease—thus the down-
ward trend of new weak ties is expected. However, the significant
jump discontinuity on 23 March 2020 indicates that the absence of
physical co-location is negatively associated with the ability to form
new weak ties. The decrease in the addition of new weak ties hints at
a stagnation effect—researchers are not updating their pool of weak
ties as often as would be expected.

Not only is the drop in weak ties sudden and statistically sig-
nificant at the onset of the transition to full remote working, but
it is also cumulatively significant over the course of more than one
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year. Using Bayesian structural time series to estimate the cumula-
tive effect of a lack of co-location, we see in Fig. 2c a significant
predicted loss of more than 5,100 weak ties from 23 March 2020
until 15 July 2021 due to remote work—approximately 1.8 ties per
person in the 2,834 researchers we study. Thus we find that remote
work leads to a long-lasting, statistically significant drop in weak
ties. Figure 2c also shows a non-significant cumulative drop in the
number of new weak ties formed in the network—we explain this
phenomenon in detail in the following section.

Finally, we identify a striking difference in the mechanism via
which local bridges disappear due to remote work: in the short term
through the end of the spring 2020 semester, local bridges become
embedded in triangles, while in the long term they are dropped
from the network (Fig. 2d). We also confirm in Supplementary
Information that ego networks become more stagnant in the
absence of co-location—the social contacts of researchers become
more similar from week to week after remote work. Specifically,
by computing the intersection over union of the edges in the daily
reciprocated email networks on day d and day d + 7, we see a lasting,
significant increase in the stability of network edges from week to
week after remote work (Supplementary Fig. 1h).

Weak-tie formation and physical proximity. As people are more
likely to meet by chance on campus if their offices are nearby’, we
expect to observe more consistent changes in the formation of new
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Fig. 3 | Formation of new weak ties stratified by distance. a, The estimated effect between researchers in the same laboratory. b, The estimated effect
between researchers in distinct laboratories within 150 m. €, The estimated effect between researchers in distinct laboratories between 150 and 650 m.

d, The estimated effect between researchers in distinct laboratories further apart than 650 m. Shaded regions represent 95% posterior predictive intervals
computed using Bayesian structural time series with a synthetic counterfactual constructed from weekend data (n,,. =8 weeks, n,., =72 weeks for all
panels). Fitted values/intervals use the mean as the measure of central tendency.

weak ties for co-located MIT personnel. For each week we predict the
mean value of the dependent variable (weak ties between research-
ers in a fixed distance range) during business days. We use the mean
of weekend values as our covariate for the Bayesian structural time
series approach with treatment on 23 March 2020 outlined previ-
ously. To have a consistent measure of distance across all days in
the data, we use distance between the campus offices of researchers
rather than the distance between their active work environments—
during the shift to remote work the distance between researchers’
campus offices does not change. We use four distance thresholds:
Om (researchers working in the same laboratory), 0-150m (close/
nearby researchers in distinct laboratories), 150-650 m (researchers
at medium distance) and >650 m (far-away researchers). The dis-
tribution of distances between researcher offices can be found in
Supplementary Information.

Using Bayesian structural time series with a synthetic counter-
factual constructed from weekend email network data, we find an
immediate and lasting drop in the number of new weak ties between
researchers in distinct but nearby research laboratories (Fig. 3b).
This is in line with our expectation that propinquity contributes
to weak-tie formation. Given this decrease, it may seem surprising
that there is an increase in the number of new weak ties between
researchers in the same laboratory (Fig. 3b). However, Yang et al.”
discovered an increase in the use of asynchronous communication
(for example email) after the COVID-19 pandemic. A plausible
explanation for the increase in new weak ties between researchers
in the same laboratory is that after the shift to remote work email
was used to schedule one-on-one meetings or ask small questions
between same-laboratory researchers that formerly would have been
scheduled or asked in person. Figure 3c,d shows a non-significant
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decrease in the number of new weak ties formed between research-
ers in distinct laboratories at medium and far distances. This is also
compatible with our intuition, as we do not expect researchers who
work far away from one another to have many chance encounters
even when working in person.

The effect of hybrid work on the formation of weak ties. MIT
reopened its campus for the fall 2021 semester starting on 8
September 2021. However, following MIT recommendation
many research laboratories adopted a hybrid mode of work with
researchers only physically present for (at most) three out of five
business days each week, implying that the chance of serendipitous
encounters was still lower than before the COVID-19 pandemic.
Furthermore, limitations on the number of people allowed to eat
together at a time and ongoing restrictions to international travel
prevented departments from hosting large-scale events where
researchers might typically mix. To estimate the causal effect of the
end of remote work, we calculate a synthetic counterfactual for 2021
weekday email data from 2020 weekday email data (Methods).

The percentage of new weak ties at close distances is higher than
expected in fall 2021 given the percentage at close distances in fall
2020 (Fig. 4a), with no significant differences observed at other
distance thresholds. The number of weak ties rises more sharply
than expected on 8 September 2020 (Fig. 4b) given the rise at the
beginning of the fall 2020 semester. Despite this, the total number
of new weak ties is lower than or similar to the predicted value
after hybrid work (Fig. 4b). Taken together, the results of Fig. 4 hint
at the partial but incomplete success of the hybrid work model in
allowing researchers to once more form new weak ties with other
proximal researchers.

497


http://www.nature.com/natcomputsci

ARTICLES NATURE COMPUTATIONAL SCIENCE

a b
New long-distance, : T
distinct-lab weak ties : 200 1 —— RDD fitted value
——— 8 September 2021
g 100 - Number of weak ties
New medium-distance, i z i
distinct-lab weak ties : ] 04 i
2 i
B *
» —100 4
New close-distance, 2
distinct-lab weak ties £
3 200 -
1
New same-lab : =300 - !
weak ties . . + . T T T —l— T T
-4 -2 0 2 4 NoO» N I\ \o}
Predicted cumulative change in percentage of \9‘3 \,QQ" \,@' S \,\G \;9'
new weak ties at different distance thresholds N2 N2 N2\ 2
v v v v v
Date

New long-distance,

distinct-lab weak ties

New medium-distance,
distinct-lab weak ties

New close-distance,
distinct-lab weak ties

New same-lab

——

weak ties T T t T

T T
-200 -150 -100 -50 O 50

100

Predicted cumulative change in number of new
weak ties at different distance thresholds
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weak ties between researchers in the same laboratory, researchers in distinct laboratories at distance less than 150 m, researchers in distinct laboratories
at distance between 150 m and 650 m, and researchers in distinct laboratories at distance larger than 650 m. 95% posterior predictive intervals computed
using Bayesian structural time series (n,.=29d, n,.=35d). b, An RDD on the difference between the numbers of weak ties in September 2020 and
September 2021 using a two-sided z test (effect =67.5, P=0.022, 95% Cl [9.740,125.266], n,.=34d, n,,4=26d). *0.01<P<0.05. ¢, The changes in the
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Modeling the effect of distance on tie formation. Our empirical
results are consistent with the existence of some kind of mecha-
nism via which co-location promotes weak-tie formation. Here
we seek to address the following question: given a collection of
potential communicating pairs of researchers, how can we choose
which pairs of researchers communicate each weekday to accu-
rately capture the topological structure and temporal dynamics of
real world networks?

Previous work has identified at least four factors relevant to tie
formation'”""": focal closure, triadic closure, link-centric prefer-
ential attachment and physical co-location. Figure 5 gives a dia-
grammatic depiction of these four factors. However, determining a
simple functional form via which these factors combine to govern
the evolution of a dynamic communication network is still an open
problem. Here we describe a simple network evolution model via
which co-location multiplicatively scales the effect of homophily
to determine which pairs of people communicate on a given day
(see Methods for details). We simulate the formation of email net-
works on weekdays by creating an edge memory dictionary from
the last two weeks of February 2020, then generating new graphs
each day using our model. Previous work on the effect of distance
on tie formation has primarily focused on distance and homoph-
ily as separate, additive factors that both contribute positively to tie
formation®**'. However, bringing people with clashing personali-
ties close together is more likely to make them enemies than friends
and hence unlikely to make them contact one another via email.
For this reason we view co-location as a multiplicative factor that
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scales the effects of homophily to form new ties. See Supplementary
Information for an ablation study of our model together with a dis-
cussion of other random graph models.

Our goal is to reproduce the dynamics of weak-tie formation
in networks with a simple network evolution model. To reproduce
the qualitative features observed in the data, we set the 7 for each
pair of individuals to 0 (corresponding to no physical co-location)
starting from 23 March 2020 then back to 1 on 8 September 2021.
Upon the removal of co-location, our model produces a drop in the
number of weak ties (Fig. 6a) and new weak ties (Fig. 6b), which
is qualitatively similar to what we observe in the empirical data. It
also reproduces the increase in edge stability (Fig. 6¢), as well as the
robustness of long-distance ties to a sudden absence of co-location
(Fig. 6d). Here the weekly periodicity is measured as the intersec-
tion over union of the edge sets of the networks on days d and d—7.
By looking at the number of weak ties, the clustering coefficient and
the week to week periodicity (Fig. 6a,b) produced by our model
after 8 September 2021, we see that our model predicts that com-
plete reintroduction of co-location results in a complete recovery
of weak ties. The signs of the logarithm of the distance interaction
coefficients allow us to identify the following potential mechanism
for the drop in weak ties: two researchers are more likely to form
new weak ties when they are co-located. To further confirm this
hypothesis, we have simulated a scenario without the sudden transi-
tion to fully remote work modeled through the change in the value
of the physical co-location variable on 23 March 2020. The results,
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reported in Supplementary Information, show no observable drop
in weak ties, providing further evidence in support of our explana-
tory hypothesis.

Discussion

Several sociologists have argued that the lack of connections during
the COVID-19 pandemic negatively impacted mental and physical
well-being as well as innovation, collaboration and creativity”>*.
However, the mechanism via which such effects have occurred has
yet to be explicitly identified. As businesses and universities make
crucial decisions about the amount of in-person work after the
COVID-19 pandemic, understanding the lasting effects of remote
work on research communities is of paramount importance.

Our study shows that the transition to fully remote work on
the MIT campus—with consequent complete removal of physical
co-location between co-workers—had notable effects on the email
communication network: while some common topological features
were preserved, the formation of weak ties was hindered, causing
weak-tie deterioration and network stagnation in the long term.
Employees who are not co-located are less likely to form ties, weak-
ening the spread of information in the network*-*. The mechanism
of weak-tie formation can be successfully reproduced using a link
formation model through which co-location multiplicatively scales
the effects of homophily between researchers.

Our findings have implications for the design of future research
campuses and work environments, as well as for the development
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of new virtual technologies that seek to recreate interactions that
happen in physical offices. Today it is of the utmost importance to
identify what is the ‘minimum amount’ of in-presence work that
enables the formation of weak ties, so that individual and societal
benefits related to remote work can be preserved without impact-
ing the generation of new ideas and innovation in general. While
previous studies have documented the effects of reduced in-person
collaboration in the short term", we show that the shift to remote
communication produces a long-lasting impact on the formation of
local bridges in collaborative networks, with effects accumulating
over time. Expanding on the existing methodology, we demonstrate
that paired testing estimates, conventionally used to evaluate the
short-term effects of stay-at-home restrictions, do not accurately
represent the long-term changes in the social network. We provide
an alternative estimation strategy that produces more robust infer-
ence about the long-term effects.

We also would like to highlight several important considerations
on our causal inference strategy. We use the Bayesian structural
time-series method to estimate the long-term effects of the man-
datory shift to remote work by constructing a counterfactual pre-
diction of weekday email exchanges using weekend email data. The
validity of our methodology is supported by three main arguments.
First, at a weekly level, weekend email exchanges are sufficiently pre-
dictive of the weekday emails due to common unobserved seasonal-
ity and the fact that work communication tends to spill over into
weekends. Second, even if weekend email exchanges are affected
by the shift to mandatory remote work, this is not due to changes
in co-location of researchers since people typically do not come
to the office on weekends. Finally, while there are other potential
pandemic-related confounding factors such as changes in childcare
that could a priori contribute to changes in the MIT email network,
it is reasonable to expect such confounding factors to be distributed
independently of the distance between researcher offices. Thus, by
stratifying connections by the distance between researcher offices,
we directly attribute the observed loss in new weak-tie formation
to a lack of co-location. Still, our approach is not without its limi-
tations. In particular, the predictive power of the weekend email
exchanges is limited by the fact that we only observe the network
for three months before intervention and could benefit from adding
data for previous years.

Our results suggest that the loss of social connections that oth-
erwise spontaneously emerge in shared spaces can not be imme-
diately restored by simply returning to offices. When designing
work-from-home policies, firms and organizations should consider
ways to promote serendipitous interactions across organizational
units if they want to retain efficient discovery and transmission
of novel information. Still, our initial findings on the hybrid work
model that followed the reintroduction of partial in-person col-
laboration at MIT show a slight recovery in the number of weak
ties—especially between researchers who are once again co-located.
This hints at the possibility of establishing a work balance trade-off
by combining in-person and remote interactions among colleagues,
which could inform the transition to a hybrid, post-COVID-19
new normal.

Methods

Ethical review. This research was reviewed and classified as exempt by the
Massachusetts institute of Technology (MIT) Committee on the Use of Humans as
Experimental Subjects (MIT’s institutional review board), because the research was
secondary use research involving the use of de-identified data.

Data preprocessing. Data were analyzed using Python 3.7.9, NumPy 1.21.5,
pandas 1.1.5, statsmodels 0.12.1, OSMnx 1.0.1, python-flint 0.3.0, SciPy 1.6.0
and GeoPandas 0.8.1.

We start with a fixed set of anonymized researchers R (research staff,
faculty and postdocs) from 112 different research units. As required by MIT
staff for privacy reasons, these researchers are grouped via ten random partitions
(no researchers are shared between the groups in a partition) of R, R; = Uj G,

500

1 <i<10. We describe below how to estimate individual-level data from aggregated
data, which was necessary to ensure that the studied users were active through

the entire time period of interest. Each group G; contains at least five researchers,
and all researchers in G, belong to the same research unit. Let g; € R denote the
collection of researchers in G/. For a pair of groups G/, G and a day d, our data
contain the sum W)’ of all emails sent between groups j and k for randomization i:

Wie=>"">" emails(gy gu)- m

&i €G] gk €G,

For each research unit U, let RY denote the collection of researchers in the
research unit. Because each group contains only researchers from a single research
unit, each equation (1) is a sum over researchers from at most two research units.
Grouping the equations (1) by pairs of research units U, V on each day d we obtain
a collection of constrained linear systems of Diophantine equations,

wY = alxy )

XY >0 (3)

where x¥ is the column vector whose entries are emails,(g;, ), 1 <i< 10, gj € RY,
gk € R" and AY is the matrix of coefficients of the equations (1). Each of these
linear systems is guaranteed to have at least one solution (the actual number of
emails sent), but may be underdetermined. If there is a unique solution, we use

the Hermite normal form? of AY to find it. If the system is underdetermined, we
use non-negative matrix factorization” with an #* penalty to quickly estimate a
sparse non-negative solution, as the algorithms that compute exact sparse integer
solutions are slow. This procedure yields an estimate for each day d and each

pair u, v € R of emails,(1,v). In Supplementary Information we show that our
approximate solutions are very close to true solutions.

Network formation. To rule out changes in the data due to departures from the
university or new hires, we ensure that each user sent at least one email over the
university network before the end of the 2020 spring semester and at least one
email after 20 May 2021. We denote this set of active users by .A.

We are missing data from 23 December 2020 and 19-21 January 2021; because
these days are during the winter holiday at MIT this does not heavily affect our
analysis. For each of the remaining 562 days from 26 December 2019 through
15 July 2021, we obtain a weighted, undirected network whose nodes represent
(anonymized) individuals. Fix a day d; for each user u in A, let Nb,() denote
the number of people whom u emailed on day d. For a pair of users u, v € A,
let emails,(u, v) denote the number of emails sent (estimated as in the previous
section) from u to v on day d. To rule out massmails, let .A; C A be the subset

Ay = {u € All < Nb(u) < 100}.

Define a weighted, undirected network N, with nodes A,. For two nodes u, v,
there is an edge (u, v) if emails(u, v) > 1 and emails(v, u) > 1. The weight of the
edge is defined to be min(emails (1, v), emails (v, u)). Although the email data are
partially estimated due to randomization and aggregation, for >66% of the edges
with non-zero weight in the estimated network N, we were able to recover the

true number of emails sent. If we include all edges between users contributing to a
non-zero weight edge in at least one random aggregation of the network (but which
may have weight zero in the estimated network), >99.9% of edges have the ground
truth number of emails. When building the undirected network N, we consider
four possible time windows during which emails can be reciprocated: the same
day (daily), within 5 business days (weekly), within 10 business days (biweekly) or
within 21 business days (monthly). For results on weekly, biweekly and monthly
networks see Supplementary Information. Previous studies have found that more
than 90% of emails are replied to on the same day that they are sent, with more than
half being replied to within 47 min (ref. ). Requiring emails to be reciprocated the
same day hides interactions between users who typically respond slowly to emails;
however, it is useful for filtering out massmails, observing sharp discontinuities in
the data and increasing the power of hypothesis tests. Allowing longer periods of
reciprocation captures weaker ties missed in the daily reciprocated email network,
but we are forced to sacrifice some statistical power either to autocorrelation or
lower sample size; additionally, the networks become more saturated, destroying
some topological features of interest. Examples of daily, weekly, biweekly and
monthly email networks are reported in Supplementary Information.

To examine whether this hybrid mode of work returned tie formation to
prepandemic levels, we first restrict ourselves to a collection of 2,206 researchers
who sent at least five emails after September 2021 and before May 2020, then
proceed as above to form networks from 23 December 2020 to 31 October 2021.
We choose a stricter requirement for inclusion in the network than previously,
as we observe many users becoming inactive starting in summer 2021.

When comparing February 2020 with February 2021, we pair the days in the
two months as follows: the first Tuesday of the MIT semester in February 2020
is paired with the first Tuesday of the MIT semester in February 2021, and so on.
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For each pair of days (d,,,’, dy0,,"), we consider the set of users Ag N Ag
who were active on both days and, as above, form a pair of undirected networks
(Gao20> Gygpy') whose edges (u,v) correspond to reciprocated emails on d,yy,'

(for Gyypy') OF dyyy’ (for Gyyy,Y). Directly comparing these networks allows us to
completely remove the effects of seasonality or any difference in makeup of active

users in February 2020 and February 2021.

Link-centric preferential attachment. The goal of our model is not to serve as a
tool for prediction, but to understand the mechanism via which distance impacts
link formation. Through experimentation, we found that using link-centric
preferential attachment alone to propagate a dynamic network produced daily
networks that had too many local bridges. Thus we use a two-step approach,
which first produces an intermediate network using link-centric preferential
attachment, then adds edges in a way that increases the clustering coefficient of
the network. This is analogous to the reverse of the Watts-Strogatz method™,
where the intermediate network has high clustering coefficient and local bridges
are added afterwards.

Our link formation model has the following parameters.

o P, the periodicity of the model. P controls how much the graph on day d
looks like the graph on day d — 7. In other words, the higher the value of P,
the closer the dynamic network is to being 7-periodic (or 5-periodic if week-
ends are removed).

« O, the tendency to connect with old links. The higher the value of O, the more
likely it is that a given link will connect with a previous partner rather than
someone new. This is one of the standard parameters from a vanilla link-cen-
tric preferential attachment model, and this parameter decays exponentially
in the number of days between contact: O=ce™, where c is a constant and d is
the number of days since the link last appeared.

o N, the tendency to reach out to new people. This is typically the complement
of O in vanilla link-centric attachment models (we have more parameters than
the standard two).

o D, the tendency to connect with people in the same department.

o F, the tendency to be introduced to a mutual friend.

The parameters O, N and P rely on a memory dictionary, which stores the days
on which a given edge has appeared. For all of the above parameters {P,O,N, D, F},
we include interaction terms

{Cp, Co, Cn, Cp, Cr}

controlling the extent to which co-location amplifies or dampens the effect. For
example, from the empirical data we conclude that co-location should dampen
periodicity while amplifying the probability of reaching out to new partners.
Lete = (u,v) € A x A be a pair of nodes. For each parameter

Q&{P,0,N,D, F} let 1 denote the associated indicator variable. Specifically,

1

1p(e) = {
0

if u, v connected 7 d in the past

otherwise

1  ifu, vhave never connected
In(e) =

0  otherwise

S e~ (de=d)/562 if v have previously connected
Lo(ed) =4 *

0 otherwise

1  ifu, varein the same research unit
Ip(e) =

0 otherwise

if u, v have offices within 150 m

{ 1
7(e) =

0  otherwise

where d. is the current day, and d, are the past days on which the tie e was
present in the network. The 150 m cutoff is chosen on the basis of the
empirical results.

Consider the set E of all edges that appear on at least one day in the empirical
data. Note that the use of E rather than the set of all possible edges makes this
model unsuitable for prediction tasks. On each day d, we start by adding an edge
e€ E to the random network G,? with probability

peocz(e) > Cole(e)Q
Qe {P,ON,D}

+1-1e) ¥ dle@Q
Qe{POND}

If C,> 1 then co-location amplifies the effect of parameter Q, while if C, < 1
it dampens the effect. In total, in the first step we add ¢, edges to G,*, where
£1 ~ N(1000, 10).

In the second step, we add the parameter F,

{ 1 ifdg, (wv) =2

0  otherwise

]l}:(e) =

where G,” is the random network constructed in step 1, and dg; is the usual
(unweighted) shortest path distance in the graph G. In words, 1r(e) = 1ifadding
e will close a triangle in the network. A new edge e is added to the network in step
two with probability

pexz(e) 3 Calo(e)Q
Qe {P,OND,F}

+1-7() ¥ Eig@Q
Qe{P,ON,D,F}

In total we add ¢, edges to G, in the second step, where &, ~ A/(500, 10).
including the parameter F has the effect of increasing the expected number
of triangles in the random graph, and hence reducing the percentage of edges
that are local bridges.

With parameters fixed, we proceed to form networks one day at a time, adding
the edges from the current network to a memory dictionary after formation. To
model the effect of remote work, for each day d after 23 March 2020, we set the
distance between researcher offices to be a fixed constant larger than 650 m
(all other parameters remain fixed). For parameter values we set

P = 80,000 N =2,000 0 =1 D = 90,000 F = 200,000

Cr=2 Cy=2 Co=1Cp=2 =2

Regression discontinuity. Figure 2a,b (respectively Fig. 4c) shows the drop

in weak-tie and new weak-tie formation (respectively increase in weak ties)
due to the policy change on 23 March 2020. We used RDDs’'~* to estimate

the causal impact of the policy change. RDDs are a classic, quasiexperimental
procedure for estimating treatment effects in observational studies. In an RDD,
treatment assignment is determined by an assignment variable rather than
through randomization.

For an RDD to be valid, we need only assume that the response is
continuous with the assignment variable near the cutoff and that subjects
cannot precisely manipulate the assignment variable’*. Figures 2a,b and 4c
show that the responses (weak ties and new weak ties) are continuous with the
assignment variable time, albeit observed with noise. The assignment variable,
time, is not precisely manipulable by subjects since the announced policy
was not known far in advance. Furthermore, there would be little reason to
manipulate assignment since subjects are free to send emails at the same rate
before and after the policy change.

In Fig. 2a and Fig. 4c, we model the weekly mean number of weak ties with the
discontinuous linear regression

Y=a+nD+ p,D(X—c)+e (4)

where ¢ is the cutoff date (either 23 March 2020 or 8 September 2021) and D is the
binary variable
1
D=
0

that indicates if the date X is before or after the policy change date c. The error term
€ is assumed to be heteroskedastic white noise. The coefficient # is the impact of the
policy and measures the gap between the two sides of the regression. We estimate

7 and the other coefficients with generalized least squares with AR(n) structured
covariance matrix with n=>5 and report the value of 7 and its P value in Fig. 2.

We use heteroskedasticity-robust estimators for standard errors, so that in total
standard errors are robust to autocorrelation (from the AR(5) generalized least
squares) and heteroskedasticity™.

In Fig. 2a, we assumed a discontinuous order-one polynomial trend line
because the data did not display any apparent higher-order nonlinear behavior.
The data were subset to 3 January 2020 to 1 October 2020, to semilocalize our
regression around the discontinuity, which reduces bias in 7 (ref. %), and to
avoid influence from the two outlying regions (before 3 January 2020 and during
December 2020). These outliers correspond to winter break at MIT and represent a
natural and expected decrease in weak ties not due to the policy change.

In Fig. 2b, we similarly model the rate of new weak-tie formation over time. We
assumed a second-order discontinuous polynomial trend (equation (5)) due to the
observed parabolic behavior before the cutoff point. Using the same notation as in
equation (4), our linear regression is given by

X>c

X<c

Y=a+nD+ (X —c)+ (X —0) + DX — ¢) + f,DX — ©)* +e.
)
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The coefficient 7 is, again, the causal impact of the policy change. We report the
value of 7 and its P value in Fig. 2.

Bayesian structural time series. We stress that, when using Bayesian methods,
reported CIs are credible intervals of the predicted dependent variable (also
called posterior predictive intervals), and P values are posterior tail probabilities.
Bayesian structural time series combines a state-space model for time-series data
and Bayesian model averaging for parameter selection and estimation™.

As a state-space model, Bayesian structural time series combines three
components of state: a local linear trend,

Hipr = M+ o+ U
Ot41 = Ot + g

with 17,,, ~ N'(0,62,), 15, ~ N (0, 63 ); a seasonality component,
52
Y41 = — Zytfs + 1,
s=0

with § the number of seasons and 7, again an independent error; and
(static) covariates, which are predictive of the time series in question
before the intervention,

Z = f'x.

For the local linear trend and seasonality components, we use the default priors
of the Causallmpact library:

1 —2 n—22 2 _ (J’t—}7)2
— ~ G107 107%)) syfgﬁ

where G(—, —) denotes a gamma distribution. For the covariates (the weekend data),
in general a spike-and-slab prior is used with the spike defined by

]
P& =[]z a9
i=1

with 7, initialized to % where M is the expected model size. The slab part of the
spike-and-slab prior is

Pelot ~ N (0.07(Z) 7)™
20 (5%)
27! = L {IXTX + Ldiag(X"X)}

where X is the covariate data. Because we include only one covariate (the weekly
minimum) the spike-and-slab prior collapses to just a normal-inverse Gamma
distribution. We use 1,000 iterations of Markov chain Monte Carlo to compute
posterior predictive distributions.

Consider the binary variable X(r, d) defined by

1 researcher ris in their office on day d
X(r,d) =

0  otherwise.

For us, ‘treatment’ consists of setting X(r, d) to zero for d after 23 March 2020 by
not permitting researchers to enter their campus offices. The time series whose
counterfactual we want to estimate is the weekday maximum of the network
measure while the covariate is the weekend minimum. As most employees are

not physically present in their office on weekends, X(r,d) =0 for most r when d

is a weekend so that the treatment has little effect. We verify this assumption by
looking at the number of distinct MAC (media access control) addresses connected
to routers in on-campus research laboratories on the weekday and weekend
(Supplementary Information).

When studying the effect of hybrid work, we construct a counterfactual using
weekday email data spanning 22 July 2020 through 14 October 2020 as a covariate
for email data spanning 28 July 2021 through 20 October 2021, aligning so that the
starts of the fall 2020 and fall 2021 semesters coincide. We also remove Memorial
Day (a university holiday) from both the 2020 and 2021 data.

Reporting summary. Further information on research design is available in the
Nature Research Reporting Summary linked to this article.

Data availability

A subset of the data containing 1,000 (anonymized) users is available on Zenodo™.
Because of privacy concerns for MIT employees, the entire dataset of emails and
pairwise distances cannot be publicly released. Source data for Figures 1,2,3,4,6 is
available with this manuscript.

Code availability

The code used to analyze the data can be obtained from Code Ocean”’.

Received: 10 February 2022; Accepted: 12 July 2022;
Published online: 22 August 2022

References

1. Walker, R. Co-residence patterns in hunter-gatherer societies show unique
human social structure. Science 331, 1286-1289 (2011).

2. Chen, G.-M. The impact of new media on intercultural communication in
global context. China Media Research, 8, no. 2, 1-10.(2012).

3. McPherson, M., Smith-Lovin, L. & Cook, ]. M. Birds of a feather: homophily
in social networks. Annu. Rev. Sociol. 27, 415-444 (2001).

4. Hipp, J. R. & Perrin, A. J. The simultaneous effect of social distance and
physical distance on the formation of neighborhood ties. City Community 8,
5-25 (2009).

5. Reagans, R. Close encounters: analyzing how social similarity and
propinquity contribute to strong network connections. Organ. Sci. 22,
835-849 (2011).

6. Fine, G. A. The sad demise, mysterious disappearance, and glorious triumph
of symbolic interactionism. Annu. Rev. Sociol. 19, 61-87 (1993).

7. Reynolds, L. T. Interactionism: Exposition and Critique (Reynolds Series in
Sociology, General Hall, 1993).

8. Wang, D., Pedreschi, D., Song, C., Giannotti, F. & Barabasi, A.-L. Human
mobility, social ties, and link prediction. In Proc. 17th ACM SIGKDD
International Conference on Knowledge Discovery and Data Mining, KDD 11
1100-1108 (Association for Computing Machinery, 2011).

9. Simini, F, Gonzalez, M. C., Maritan, A. & Barabasi, A. L. A universal model
for mobility and migration patterns. Nature 484, 96-100 (2012).

10. Benveniste, A. These companies’ workers may never go back to the office. CNN.
https://www.cnn.com/2020/10/18/business/virtual-work-offices-pandemic/index.
html (2020).

11. McLean, R. These companies plan to make working from home the new
normal. As in forever. CNN. https://www.cnn.com/2020/05/22/tech/
work-from-home-companies/index.html (2020).

12. Lund, S. et al. What 800 Executives Envision for the Postpandemic Workforce
(McKinsey Global Institute). https://www.mckinsey.com/featured-insights/
future-of-work/what-800-executives-envision-for-the-postpandemic-workforce
(2020).

13. Brynjolfsson, E. et al. Covid-19 and Remote Work: an Early Look at US Data.
Working Paper 27344 (National Bureau of Economic Research, 2020).

14. Brucks, M. & Levav, J. Virtual communication curbs creative idea generation.
Nature 605, 108-112 (2022).

15. Yang, L. et al. The effects of remote work on collaboration among information
workers. Nat. Hum. Behav. 6, 43-54 (2021).

16. Granovetter, M. S. The strength of weak ties. Am. J. Sociol. 78,

1360-1380 (1973).

17. Kossinets, G. & Watts, D. Empirical analysis of an evolving social network.
Science 311, 88-90 (2006).

18. Vestergaard, C. L., Génois, M. & Barrat, Alain. How memory generates
heterogeneous dynamics in temporal networks. Phys. Rev. E 90, 042805 (2014).

19. Reagans, R. Close encounters: analyzing how social similarity and
propinquity contribute to strong network connections. Organ. Sci. 22,
835-849 (2011).

20. Wimmer, A. & Lewis, K. Beyond and below racial homophily: ERG models
of a friendship network documented on facebook. Am. J. Sociol. 116,
583-642 (2010).

21. Burt, R. S. Bridge decay. Soc. Networks 24, 333-363 (2002).

22. Brower, T. Why the Office Simply Cannot Go Away: the Compelling Case for
the Workplace (Forbes). https://www.forbes.com/sites/tracybrower/2020/06/07/
why-the-office-simply-cannot-go-away-the-compelling-case-for-the-
workplace/ (2020).

23. Walsh, D. How to Manage the Hidden Risks in Remote Work (MIT Sloan
Management School). https://mitsloan.mit.edu/ideas-made-to-matter/how-
to-manage-hidden-risks-remote-work (2020).

24. Hansen, M. The search-transfer problem: the role of weak ties in sharing
knowledge across organization subunits. Adm. Sci. Q. 44, 111-82 (1999).

25. Argote, L. & Ingram, P. Knowledge transfer: a basis for competitive advantage
in firms. Organ. Behav. Hum. Decis. Process. 82, 150-169 (2000).

26. Reagans, R. E. & McEvily, B. Network structure and knowledge transfer: the
effects of cohesion and range. Adm. Sci. Q. 48, 240-267 (2003).

27. Bradley, G. H. Algorithms for Hermite and Smith normal matrices and linear
Diophantine equations. Math. Comput. 25, 897-907 (1971).

28. Lee, D. & Seung, H. Learning the parts of objects by non-negative matrix
factorization. Nature 401, 788-791 (1999).

29. Kooti, E, Aiello, L. M., Grbovic, M., Lerman, K. & Mantrach, A. Evolution of
conversations in the age of email overload. In Proc. 24th International
Conference on World Wide Web, WWW ’15 603-613 (International World
Wide Web Conferences Steering Committee, 2015).

502 NATURE COMPUTATIONAL SCIENCE | VOL 2 | AUGUST 2022 | 494-503 | www.nature.com/natcomputsci


https://www.cnn.com/2020/10/18/business/virtual-work-offices-pandemic/index.html
https://www.cnn.com/2020/10/18/business/virtual-work-offices-pandemic/index.html
https://www.cnn.com/2020/05/22/tech/work-from-home-companies/index.html
https://www.cnn.com/2020/05/22/tech/work-from-home-companies/index.html
https://www.mckinsey.com/featured-insights/future-of-work/what-800-executives-envision-for-the-postpandemic-workforce
https://www.mckinsey.com/featured-insights/future-of-work/what-800-executives-envision-for-the-postpandemic-workforce
https://www.forbes.com/sites/tracybrower/2020/06/07/why-the-office-simply-cannot-go-away-the-compelling-case-for-the-workplace/
https://www.forbes.com/sites/tracybrower/2020/06/07/why-the-office-simply-cannot-go-away-the-compelling-case-for-the-workplace/
https://www.forbes.com/sites/tracybrower/2020/06/07/why-the-office-simply-cannot-go-away-the-compelling-case-for-the-workplace/
https://mitsloan.mit.edu/ideas-made-to-matter/how-to-manage-hidden-risks-remote-work
https://mitsloan.mit.edu/ideas-made-to-matter/how-to-manage-hidden-risks-remote-work
http://www.nature.com/natcomputsci

NATURE COMPUTATIONAL SCIENCE

ARTICLES

30. Watts, D. & Strogatz, S. Collective dynamics of ‘small-world’ networks. Nature
393, 440-442 (1998).

31. Thistlethwaite, D. L. & Campbell, D. T. Regression-discontinuity analysis:
an alternative to the ex post facto experiment. J. Educ. Psychol. 51,

309-317 (1960).

32. Hahn, J., Todd, P. & Van der Klaauw, W. Identification and estimation of
treatment effects with a regression-discontinuity design. Econometrica 69,
201-209 (2001).

33. Lee, D. S. & Lemieux, T. Regression discontinuity designs in economics.

J. Econ. Lit. 48, 281-355 (2010).

34. Newey, W. K. & West, K. D. A Simple, Positive Semi-Definite,
Heteroskedasticity and Autocorrelation Consistent Covariance Matrix. Working
Paper 55 (National Bureau of Economic Research, 1986).

35. Brodersen, K. H., Gallusser, E, Koehler, J., Remy, N. & Scott, S. L. Inferring
causal impact using bayesian structural time-series models. Ann. Appl. Stat. 9,
247-274 (2015).

36. Carmody, D. et al. The effect of co-location on human communication
networks. Zenodo https://doi.org/10.5281/zenodo.6809296 (2022).

37. Carmody, D. et al. The effect of co-location on human communication
networks. Code Ocean https://doi.org/10.24433/C0.5754680.v1
(2022).

Acknowledgements

PS. and C.R. thank FAE Technology, MipMap, Samoo Architects & Engineers, GoAigua,
DAR Group, Ordinance Survey, RATP, Anas S.p.A., ENEL Foundation and all of the
members of the MIT Senseable City Laboratory Consortium for supporting this research.
S.L. was supported by the Carlsberg Foundation (CF20-0044) and the Villum Foundation
(Nation-scale Social Networks).

Author contributions

D.C, M.M,, CR. and PS. designed the research. M.M. provided data access. D.C. and
T.H. processed and analyzed the data. D.C., M.M., T.H., T.A. and PS. performed the
interpretation and writing. S.L., T.A. and R.D provided theoretical expertise. P.S. and
C.R. continuously advised the project. C.R. framed the initial hypothesis.

Competing interests

The authors declare no competing interests.

Additional information
Supplementary information The online version contains supplementary material
available at https://doi.org/10.1038/543588-022-00296-z.

Correspondence and requests for materials should be addressed to Daniel Carmody.

Peer review information Nature Computational Science thanks John Meluso and the
other, anonymous, reviewer(s) for their contribution to the peer review of this work.
Peer reviewer reports are available. Primary Handling Editor: Fernando Chirigati,

in collaboration with the Nature Computational Science team.

Reprints and permissions information is available at www.nature.com/reprints.
Publisher’s note Springer Nature remains neutral with regard to jurisdictional claims in
published maps and institutional affiliations.

Springer Nature or its licensor holds exclusive rights to this article under a publishing
agreement with the author(s) or other rightsholder(s); author self-archiving of the

accepted manuscript version of this article is solely governed by the terms of such
publishing agreement and applicable law.

© The Author(s), under exclusive licence to Springer Nature America, Inc. 2022,
corrected publication 2022

NATURE COMPUTATIONAL SCIENCE | VOL 2 | AUGUST 2022 | 494-503 | www.nature.com/natcomputsci 503


https://doi.org/10.5281/zenodo.6809296
https://doi.org/10.24433/CO.5754680.v1
https://doi.org/10.1038/s43588-022-00296-z
http://www.nature.com/reprints
http://www.nature.com/natcomputsci

nature portfolio

Corresponding author(s):  Daniel Carmody

Last updated by author(s): Jul 8, 2022

Reporting Summary

Nature Portfolio wishes to improve the reproducibility of the work that we publish. This form provides structure for consistency and transparency
in reporting. For further information on Nature Portfolio policies, see our Editorial Policies and the Editorial Policy Checklist.

>
Q
—
(e
(D
©
(@)
=
S
<
-
(D
©
O
=
>
(@)
w
[
3
=
Q
A

Statistics

For all statistical analyses, confirm that the following items are present in the figure legend, table legend, main text, or Methods section.

Confirmed

The exact sample size (n) for each experimental group/condition, given as a discrete number and unit of measurement
A statement on whether measurements were taken from distinct samples or whether the same sample was measured repeatedly

|X’ The statistical test(s) used AND whether they are one- or two-sided
Only common tests should be described solely by name; describe more complex techniques in the Methods section.

A description of all covariates tested
A description of any assumptions or corrections, such as tests of normality and adjustment for multiple comparisons

A full description of the statistical parameters including central tendency (e.g. means) or other basic estimates (e.g. regression coefficient)
2~ AND variation (e.g. standard deviation) or associated estimates of uncertainty (e.g. confidence intervals)

|X’ For null hypothesis testing, the test statistic (e.g. F, t, r) with confidence intervals, effect sizes, degrees of freedom and P value noted
Give P values as exact values whenever suitable.

For Bayesian analysis, information on the choice of priors and Markov chain Monte Carlo settings

|:| For hierarchical and complex designs, identification of the appropriate level for tests and full reporting of outcomes

OXO O OO0 000%

|X| Estimates of effect sizes (e.g. Cohen's d, Pearson's r), indicating how they were calculated

Our web collection on statistics for biologists contains articles on many of the points above.

Software and code

Policy information about availability of computer code

Data collection  No specialized software was used in the collection stage.

Data analysis Data analyzed using python 3.7.9, numpy 1.21.5, pandas 1.1.5, statsmodels 0.12.1, osmnx 1.0.1, python-flint 0.3.0, scipy 1.6.0,
geopandas 0.8.1. The code used to analyze the data can be found on CodeOcean: https://doi.org/10.24433/C0.5754680.v1

For manuscripts utilizing custom algorithms or software that are central to the research but not yet described in published literature, software must be made available to editors and
reviewers. We strongly encourage code deposition in a community repository (e.g. GitHub). See the Nature Portfolio guidelines for submitting code & software for further information.

Data

Policy information about availability of data
All manuscripts must include a data availability statement. This statement should provide the following information, where applicable:

- Accession codes, unique identifiers, or web links for publicly available datasets
- A description of any restrictions on data availability

- For clinical datasets or third party data, please ensure that the statement adheres to our policy

Lc0c Y21o

Data collected and aggregated externally by MIT university staff for privacy reasons. A subset of the data containing 1000 (anonymized) users is available on
Zenodo: https://doi.org/10.5281/zenodo.6809296. Because of privacy concerns for MIT employees, the entire dataset of emails and pairwise distances cannot be
publicly released. Source data for Figures 1,2,3,4,6 is available with this manuscript.




Field-specific reporting

Please select the one below that is the best fit for your research. If you are not sure, read the appropriate sections before making your selection.

[ ] Life sciences [X| Behavioural & social sciences [ | Ecological, evolutionary & environmental sciences

For a reference copy of the document with all sections, see nature.com/documents/nr-reporting-summary-flat.pdf

Behavioural & social sciences study design

All studies must disclose on these points even when the disclosure is negative.

Study description quantitative longitudinal

>
Q
Y
(e
)
1®)
o
=
o
S
_
(D
1®)
o
=
5
(@}
wm
[
=
3
Q
<

Research sample All MIT researchers (postdocs,faculty,research staff) hired before Jan 1, 2020. Because we use all researchers, our sample is by
definition representative. Researchers were required to be hired before 2020 so that their pre-COVID email behavior could be
observed, and research units were required to have at least 5 people for the aggregation procedure. For privacy reasons, we do not
have access to demographic variables such as age and gender.

Sampling strategy No sampling performed, all available researchers were used.

Data collection Number of emails sent over the MIT email network was collected externally by university IT staff.
Timing Dec 27, 2019 - October 31, 2021

Data exclusions Users not active in the MIT email network in both 2021 and 2020 excluded

Non-participation No dropouts

Randomization Researchers within the same research unit randomly aggregated into groups of 5

Reporting for specific materials, systems and methods

We require information from authors about some types of materials, experimental systems and methods used in many studies. Here, indicate whether each material,
system or method listed is relevant to your study. If you are not sure if a list item applies to your research, read the appropriate section before selecting a response.

Materials & experimental systems Methods
Involved in the study n/a | Involved in the study
Antibodies g |:| ChiIP-seq
Eukaryotic cell lines |Z |:| Flow cytometry
Palaeontology and archaeology |Z |:| MRI-based neuroimaging

Animals and other organisms
Human research participants

Clinical data

XXX NXNXX &
OOXOOOO

Dual use research of concern

Human research participants

Policy information about studies involving human research participants

Population characteristics MIT faculty, postdocs, research scientists, and research support staff. For privacy
reasons, we do not have access to demographic variables such as age and gender.

Recruitment No recruitment -- passive observational data only

Ethics oversight This research was reviewed and classifed as exempt by the
Massachusetts institute of Technology (MIT) Committee on the Use of Humans
as Experimental Subjects (MIT’s Institutional Review Board), because the
research was secondary use research involving the use of de-identifed data.

Note that full information on the approval of the study protocol must also be provided in the manuscript.




	The effect of co-location on human communication networks

	Results

	Forming the daily email network. 
	Robustness of network metrics to the remote work transition. 
	Weak-tie formation is impeded by remote work. 
	Weak-tie formation and physical proximity. 
	The effect of hybrid work on the formation of weak ties. 
	Modeling the effect of distance on tie formation. 

	Discussion

	Methods

	Ethical review
	Data preprocessing
	Network formation
	Link-centric preferential attachment
	Regression discontinuity
	Bayesian structural time series
	Reporting summary

	Acknowledgements

	Fig. 1 Robustness of global network topology in daily reciprocated email networks.
	Fig. 2 Changes in weak ties in the MIT email network after the shift to remote work.
	Fig. 3 Formation of new weak ties stratified by distance.
	Fig. 4 The effect of reintroducing co-location between researchers.
	Fig. 5 Illustration of model mechanisms.
	Fig. 6 A tie choice model in which distance multiplicatively scales the effects of homophily.




