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Abstract

Understanding how networks change over time can help identify network properties related to stability and uncover general
scaling rules of network evolution. In the analysis of static networks, the tendency of a network to form into modules has
received the most support as a measure of network structure and potential stability signature. However, modularity and
stability relationships have largely been explored only for networks of information flow (e.g., computer networks) and
some bipartite interaction networks (e.g., plant-pollinator networks). We use a collection of over 80 commercial sex worker
networks sampled across 18 years to explore the conservation of modularity over time. If modularity is a sign of stability
in social or sexual networks, then modular networks should tend to stay modular over time, resulting in a negative mean—
variance scaling. We find evidence of positive mean—variance scaling in network size, but a negative mean—variance scaling
relationship for modularity. This suggests that commercial sex work networks conserve modularity over time, despite high
turnover in the individual nodes (i.e., clients and sex workers) which make up the network. Together, our results link network
structure and temporal network dynamics, and provide evidence for clear mean—variance scaling relationships in complex

networks.
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1 Introduction

Networks are a great tool for visualizing and studying the
complex interactions between individuals and between spe-
cies (Tylianakis and Morris 2017). Social contact networks
allow the examination of social group formation, cohesion,
and opinion spreading (Backstrom et al. 2006; Ndeffo Mbah
et al. 2012). In particular, sexual contact networks—which
link individuals in networks based on their sexual inter-
actions—can be used to identify interacting groups, and
explore potential epidemic dynamics (Meyers et al. 2006).
However, data on sexual contact networks tend to be lim-
ited due to their potentially sensitive nature. However, the
rise of digital platforms that allow sex workers to interact
with clients, and clients to review sex workers, has created
available time-resolved sexual interaction data. These data
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are incredibly important to understanding the structure of
interaction networks more generally, as they represent a
clear instance of contact network through which dynamic
processes occur such as infectious disease propagation (Rob-
inson et al. 2012) and opinion spreading (Xie et al. 2012). In
the case of sexual contact networks, sex workers and clients
represent nodes in a network, with links based on sexual
encounters between sex workers and clients. While we do
not attempt to claim that commercial sex work networks are
somehow representative of sexual contact networks gener-
ally, they are often the closest we can estimate, as data on
empirical sexual contact networks tend to be small in scale,
size, and temporal resolution.

Sex worker-client networks may be examined as static,
where interaction order and time are largely not considered
(Hsieh et al. 2014), but both sex workers and clients may only
be present in the network for a short time, suggesting that a lot
can be gained by addressing the temporal component explic-
itly (Rocha et al. 2010). For instance, dividing networks into
snapshots in time allows for the estimation of both mean and
variance of network properties and their relationship (e.g.,
do they positively covary?). This scaling between mean and
variance is found in a variety of systems, and generally tends
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to be positive. Evidence for positive mean—variance scaling
relationships comes from dynamics of animal and plant popu-
lations (Reuman et al. 2017), species cell counts (Azevedo
and Leroi 2001), stock market activity (Cai et al. 2016), and
internet traffic (Duch and Arenas 2006). Together, they sug-
gest that the higher the mean value of something (e.g., indi-
viduals in a population), the more this value tends to fluctuate
over time. For ecological systems, this leads to the idea that
large populations should also be more variable, something at
odds with population dynamic theory related to demographic
stochasticity (Xiao et al. 2015), which shows that small popu-
lations are more variable.

The study of networks (i.e., graph theory) proposes a col-
lection of hypotheses about how networks may be structured,
and how network structure may translate into dynamic pro-
cesses that determine stability. For instance, graph theory
posits that networks arranged into subgroups (or modules),
where individuals within subgroups interact mostly with
nodes within their own subgroup, tend to be more resistant
to perturbations. Until recently, this idea received theoretical
support (Newman 2012; Grilli et al. 2016), but quite limited
empirical tests (but see Gilarranz et al. (2017)). Support for
modularity being a signature of network stability has been
previously posited for ecological (Thébault and Fontaine
2010; Grilli et al. 2016; Gilarranz et al. 2017), social (Sales-
Pardo et al. 2007), and technological (Duch and Arenas
2006) networks. If more modular networks tend to be more
stable, we might expect that networks with a given modular-
ity value in one time would have a similar modularity value
in the next time, creating a negative mean—variance scaling
relationship. This would be counter to the vast majority of
positive mean—variance scaling relationships. Modularity is
also related to pathogen invasion potential (Sah et al. 2017),
where more modular networks tend to have smaller epidem-
ics, depending on the disease model (Nadini et al. 2018).
Thus, sustained modularity could be a signal of a stable
network which is resistant to both epidemics and general
perturbations (Gilarranz et al. 2017). More generally, the
tendency for a network to retain a structural property over
time is a signature of a stable network (Yoon et al. 2018).
This suggests that a stable network should have relatively
larger mean values of modularity, and that these networks
with high mean modularity should also have small variance
in modularity over time.

One of the largest stumbling blocks to the empirical evalu-
ation of these types of relationships in sex worker networks—
and networks more generally—is the paucity of available
temporally resolved data, as most data on sexual contact net-
works come from surveys of small populations (Liljeros et al.
2001). Data on commercial sex work networks from websites
which catalog sex worker—client interactions are temporally
resolved, creating an incredibly rich data source from which
to examine temporal changes to network properties and how
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structural features of networks relate to network dynamics.
We explore how network properties change over time, lev-
eraging data on 81 commercial sex work networks sampled
over 18 years as part of The Erotic Review, an online platform
for advertising and ranking commercial sex work. Specifi-
cally, we examine the scaling relationship between mean and
variance in network size, connectance, and modularity. Net-
work size and connectance were expected to demonstrate a
positive mean—variance scaling relationship similar to other
mean—variance scaling relationships. However, modularity
may be a signature of network stability, suggesting that more
modular networks are also more stable over time. Thus, we
would expect a negative relationship between mean and vari-
ance in modularity, as more modular networks would tend to
stay modular. We find clear positive mean—variance scaling
relationships in network size (larger networks are more vari-
able over time), and connectance (well-connected networks
are more variable over time), but a negative mean—variance
relationships for modularity (more modular networks are
more consistently modular over time).

2 Methods
2.1 The Erotic Review data

The Erotic Review is an online platform which facilitates
interactions between sex workers, who post a public profile
with information, and clients, who provide reviews of their
interactions with sex workers. The Erotic Review has no
public API, and data were acquired by programmatically
scraping data on each sex worker and associated reviews,
anonymizing the sex worker and client usernames as
we scraped. In total, we gathered data from 2000-2017
from The Erotic Review at the US county scale, selecting
counties which housed the top 100 more populous US
cities. We selected 2017 as the end year due to the USA
passing legislation which shut down The Erotic Review in
2018. Overall, we had data from a total of 81 US counties,
constituting over 980,000 unique sex worker—client
interactions. These data provided putative client—sex worker
associations, as client-reported reviews may suffer from
under-reporting (not every sexual contact is likely reviewed)
or over-reporting (disconnect between client-reported sexual
encounter and reality). These reviews provide the basis of
the sexual contact network, and fraudulent reviews can be
flagged and moderated by website administrators. While
biases in reporting interactions may exist, it is unlikely to
vary systematically across US counties or through time,
suggesting that temporal comparisons within the same
county remain valid, and variation in network structure
across counties is highly unlikely to be driven by differential
reporting bias across space. Online sex worker—client
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networks represent an interesting way to explore temporal
variation in network structure, and, if representative of
more general sexual contact networks, are an indispensable
resource for understanding other types of sexual contact
networks. We built commercial sex work networks at the
annual scale, as the data are timestamped to month, but this
corresponds to the time of review, not the time of interaction.
An edge between two nodes in a network represents a
review, which we assume implies a previous sexual contact.
In our networks, edges can only occur between a sex worker
and a client, not between two sex workers or two clients.
This created a total of 18 annual bipartite networks per
US county. Both sex workers and clients can exist in more
than a single network. These internetwork connections are
interesting, but were not considered in this analysis, as the
focus here is on the structural and temporal properties of
individual networks.

2.2 Estimating network structure and modularity

For each client-sex worker network and each year, we
estimated several properties, including network size,
connectance, and modularity. Network size was estimated as
the total number of sex workers and clients in the network.
Connectance was estimated as the total fraction of realized
associations in each network out of the all possible links
(the number of sex workers times the number of clients).
Finally, we estimated modularity using Barber’s Q statistic,
after delineating modules using the random walk method
of Pons and Latapy (Pons and Latapy 2005). While we use
modularity, or more accurately the scaling between the
mean and variance of modularity, as a potential indicator of
network stability, we acknowledge that other measures of
network structural stability exist. For instance, the dominant
eigenvalue of the adjacency matrix of a network may be
a sign of structural stability (Song and Saavedra 2020).
This measure is also a proposed measure of nestedness
in networks as well (Staniczenko et al. 2013), a network
property which is directly related to modularity (Fortuna
et al. 2010).

Modularity inherently depends on the structure of the
underlying network, such networks can vary in terms of
maximum achievable modularity as a function of their
connectance and network size. To account for this, we
standardized modularity estimates based on the maximum
modularity, which we calculated by simulating modular
networks of the same size and number of links as the
empirical network. To do this, we created 1000 simulated
networks for each possible number of modules in the
network, which ranged from 1 module to each node in its
own module. Links within modules were randomly removed
until the connectance of the empirical network was reached.

For each network, consisting of the client—sex worker net-
work of a given county in a given year, we calculate these
network statistics, as well as aggregate estimates of the mean
and standard deviation for each county, allowing each county
to exist as a single point in mean—variance network structure
space. For a given county, the client—sex worker network may
change over time. Larger, more established networks, may
fluctuate less over time, resulting in a negative relationship
between network size and the variance in network size.

2.3 Mean-variance relationships

With respect to modularity, a large body of theory would
suggest that more modular networks should remain modular
through time, as modularity is a potential indicator of stability,
resulting in a negative mean—variance relationship (Thébault
and Fontaine 2010; Grilli et al. 2016; Gilarranz et al. 2017;
Sales-Pardo et al. 2007; Duch and Arenas 2006). To assess
mean—variance scaling relationships when covariance among
network size, connectance, and modularity may exist, we
calculated relationship between mean and variance in network
structure as partial correlation coefficients, which attempt to
parse out the effects of collinear covariates to estimate the
underlying relationships.

Larger networks may fluctuate more over time, as a function
of the burstiness of popularity of the site in a given location,
or driven by demographic or social factors surrounding sex
work in that area. Commercial sex worker networks may also
change in their membership over time, as the average indoor
sex worker is active on The Erotic Review website for less than
2 years. This degree of turnover in membership, along with
changes in client demand, creates a situation where we would
expect the networks to be quite dynamic. This turnover may
be related to stability, as measured as modularity. To explore
this, we quantified mean turnover of sex workers and clients
combined from year to year, and related this to both network
size and modularity. We would expect that larger networks are
more established, and generally have higher stability and lower
turnover. We measure turnover here as

B |A N B|
|A U B|

where A and B correspond to the sex workers and clients for
two different years. This is a modified Jaccard index, where
larger values indicate larger compositional differences of sex
workers and clients between two years.

R code and data to reproduce the analyses is provided at
https://doi.org/10.6084/m9.figshare.14186663.v1.
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3.2 Mean-variance scaling in network structure

Network size and the number of links in a network may fun-
damentally constrain higher-order properties of networks,
such as modularity (Poisot and Gravel 2014). To explore a
mean—variance scaling relationship in modularity, we must
consider the relationships between lower-order network sta-
tistics and resulting modularity. By using partial correla-
tions, we attempted to parse out the influence of network size
and connectance on resulting mean—variance relationship in
modularity (Fig. 2). We found positive mean—variance scal-
ing relationships for network size (Fig. S1) and connectance
(Fig. S2). Further, larger networks tended to have lower
connectance (Fig. 2). Mean connectance was negatively
related to network size and modularity, while the variation in

connectance

Fig.2 Partial correlation coefficients between mean and variance
measures in network structure, specifically in modularity, network
size, and connectance. While positive mean—variance scaling rela-
tionships were observed for network size and connectance, a clear
negative relationship was observed for modularity. Gray box outlines
indicate statistical significance (@ = 0.01). Other weaker relationships
existed between average network measures (e.g., connectance was
negatively related to network size and modularity)

connectance followed an opposing pattern (Fig. 2). Perhaps
most importantly, we observed a clear negative relationship
(r=-0.51, p <0.001) between mean and variance (meas-
ured as standard deviation) in modularity (Figs. 2, 3).
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Fig. 1 Data on the interactions between clients and sex workers from The Erotic Review considered here were widespread across the USA (a)
and varied greatly in average network properties such as connectance and modularity (b), with each network changing in structure over time (c)
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Fig.3 Mean—variance scaling relationship in network modularity,
where point color is proportional to average network size (the total
number of sex workers and clients in the network) and point size is
proportional to connectance (the fraction of realized links in a net-
work). Smaller networks tended to also have higher connectance.
Modular networks tended to have lower variance in that modularity,
suggesting that modular networks stay modular. Reported correla-
tions are Spearman’s rank correlation coefficient (r) and associated p
value. Plotted line is from a linear model, intended simply to high-
light the relationship

3.3 Turnover in commercial sex worker networks

Turnover tended to be quite high on average, where over
90% of clients and sex workers were not shared between
any two years. However, we observed no relationship—or a
weak positive relationship—between modularity and turno-
ver (Fig. 4). However, we do observe an effect of network
size on mean turnover, suggesting that larger networks tend
to have lower turnover (Fig. 4).

4 Discussion

In temporally resolved sex worker networks, we find clear
evidence for positive mean—variance relationships for both
network size and connectance. However, modularity had a
negative mean—variance relationship, where higher mean
modularity corresponded to less variance, suggesting that
more modular networks tend to stay modular over time. The
positive mean—variance relationships observed for network
size and connectance suggest that larger networks are also
more variable, just as more well-connected networks tend
to be more variable over time. As modularity has been pos-
ited to be a signature of stable networks, the maintenance
of this network property provides empirical evidence that
more modular sexual contact networks tend to conserve

modularity over time. We find this signature of network
temporal stability even given the high turnover observed in
the composition of sex workers and clients which make up
the networks, suggesting some functional redundancy in sex
workers and clients, as new nodes to the network can fill the
same role as those leaving the network.

But what does stability in the context of a sexual contact
network actually mean? It does not mean that individuals in
the network play a consistent role over time, as individual
sex workers or clients are only active for a short time in
the networks. This level of turnover observed suggests
that these networks are highly dynamic. The turnover
observed, though, was unrelated to modularity, though it
scaled with network size, suggesting larger networks have
less turnover. Stable networks are those that have consistent
temporal properties, such that different individuals play the
same functional role through time. That is, even though
turnover was fairly high, stability may be unaffected if the
new individuals in the network play similar roles to those
leaving the network. This disambiguation from lower-level
properties of individual nodes to higher-level properties of
the entire network is important, as a stable network may have
incredibly high turnover of individual nodes, as evidenced
by commercial sex worker networks examined here, where
the average time spent in the network is less than 2 years.
Despite high turnover and variable network growth over the
span of 18 years, we found consistent support that more
modular networks tended to stay modular, suggesting that
modularity itself is a conserved property associated with
stability. This is supported by previous examinations of
ecological (Thébault and Fontaine 2010; Grilli et al. 2016;
Gilarranz et al. 2017), social (Sales-Pardo et al. 2007), and
technological (Duch and Arenas 2006) networks.

Despite this previous, largely theoretical, support for
modularity as a signature of stability across multiple
systems (Grilli et al. 2016), support for the idea is far from
universal (Maynard et al. 2018). Further, the higher-order
stability of sexual contact networks—notable commercial
sex work networks—has previously not been examined,
perhaps out of the assumption that sparse data and massive
turnover of individuals over time would obscure any
potential relationship. Sparse data are still a persistent
concern, even in our commercial sex work networks, as the
popularity of the website (The Erotic Review) varied over
time, such that no perceivable equilibrial dynamics in terms
of network properties was ever reached. Related, sex work
is currently illegal in the USA, suggesting such that sex
workers may change their accounts often. However, these
data represent the best temporal data available on sexual
contact networks, to our knowledge, and sex workers are
unlikely to change their username, as it would cause a loss
of their existing client base. We find evidence for this in that
numerous sex workers are active in these networks for the
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entirety of the study period (18 years). A final concern is that
higher-order properties of networks (e.g., modularity) are
intrinsically related to lower-order network properties (e.g.,
connectance). We attempted to disentangle the different
scales through the use of standardized modularity and
partial correlation coefficients considering the relationships
between network size, connectance, and modularity, but this
specter may still influence efforts to establish a link between
network structure and network dynamics.

We found that commercial sex work networks that
are more modular tend to conserve this modularity. But
what makes a commercial sex work network modular, and
how does this relationship scale to other network types?
While many systems can be represented as complex
networks, the links describing the flow of information or
interaction between nodes change in identity and currency.
If modularity is signature of network stability, the scale at
which this can be generalized is important, as there may
be no other a priori reason to think that the stock market
(Heiberger 2014), the world wide web (Eriksen et al.
2003), spatial networks (Gilarranz et al. 2017), protein
networks (Maslov and Sneppen 2002), and commercial
sex work networks are comparable in terms of network
attributes that confer stability. However, it is striking that
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networks which have such high temporal turnover still
maintain modular structure. This suggests that sex workers
and clients in these dynamic networks are playing similar
functional roles, and that signatures of stability can be
found even in incredibly dynamic evolving networks.

Commercial sex work networks are most likely not
a proxy for sexual contact networks, but they may
(and likely do) have similar signatures of temporal
conservation of modularity. Network stability has been
explore across different subfields, leading to multiple
bodies of research which sometimes are not synthesized
together. By exploring these scaling patterns across
multiple networks of a single type (commercial sex work
networks), we posit that these dynamical signatures
could exist in other temporal networks. A synthesis of
which network structures may be signatures of temporal
stability, and an understanding of which networks these
stability relationships do not hold, will lead to a greater
understanding of evolving networks. This understanding
has clear implications to the design of sensor and
computer networks (Wellman 2001; Bhushan et al. 2008),
information spreading in social networks (Liu and Zhang
2014), and epidemic processes in contact networks (Yang
et al. 2015).
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Supplementary Information The online version contains supplemen-
tary material available at https://doi.org/10.1007/s13278-023-01071-2.
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