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From code to market: Network of developers
and correlated returns of cryptocurrencies
Lorenzo Lucchini1,2, Laura Alessandretti3,4, Bruno Lepri1, Angela Gallo5, Andrea Baronchelli6,7,8*
“Code is law” is the founding principle of cryptocurrencies. The security, transferability, availability, and other
properties of crypto-assets are determined by the code through which they are created. If code is open source, as
is customary for cryptocurrencies, this would prevent manipulations and grant transparency to users and traders.
However, this approach considers cryptocurrencies as isolated entities, neglecting possible connections between
them. Here, we show that 4% of developers contribute to the code of more than one cryptocurrency and that the
market reflects these cross-asset dependencies. In particular, we reveal that the first coding event linking two
cryptocurrencies through a common developer leads to the synchronization of their returns. Our results identify a
clear link between the collaborative development of cryptocurrencies and their market behavior. More broadly,
they reveal a so-far overlooked systemic dimension for the transparency of code-based ecosystems that will be of
interest for researchers, investors, and regulators.

A cryptocurrency is a digital asset designed to work as a medium of
exchange. The underlying Blockchain technology allows transactions
to be validated in a decentralized way, without the need for any intermediary (1). Every cryptocurrency is entirely defined and governed
by its code, which determines its security, functionality, availability,
transferability, and general malleability (2). This “code is law” architecture immediately puts developers under the spotlight (3). Lack of
transparency in the coding process might damage users and other
stakeholders of the code (4).
“Open code” is identified as the antidote to lack of transparency
(3). Even if the code is accessible to only a small fraction of users,
the reasoning goes, it would protect the asset and stakeholders from
manipulations (5). For this reason, the code of the vast majority of
cryptocurrencies is stored in public repositories. GitHub alone currently stores the code of more than 1600 cryptocurrencies (6).
Cryptocurrencies are nowadays used both as originally intended,
i.e., media of exchange for daily payments and, to a larger extent, for
speculation (7, 8). The market value of a cryptocurrency is not based
on any tangible asset, resulting in an extremely volatile, and largely
unregulated, market (9–11). However, the cryptocurrency market has
attracted private and institutional investors (12, 13). At the moment
of writing, more than 3000 cryptocurrencies are traded, capitalizing
together more than 200 billion dollars (14, 15).
Here, we challenge the view that open code grants transparency
to cryptocurrencies, even accepting that literate users do check it
carefully (which is, of course, far from obvious). We do so by analyzing 298 cryptocurrencies (i) whose code is stored in GitHub and
(ii) whose daily trading volume has been, on average, larger than
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105 U.S. dollars (USD) (16) during their lifetime. We show the
following:
1) A substantial fraction of developers (4%) contributes to the
code of two or more cryptocurrencies. Hence, cryptocurrencies
are not isolated entities but rather form a network of interconnected codes.
2) The temporal evolution of the network of co-coded cryptocurrencies anticipates market behavior. In particular, the first time
two independent codes get connected via the activity of one shared
developer marks, on average, a period of increased correlation between the returns of the corresponding cryptocurrencies.
Thus, the temporal dynamics of co-coding of cryptocurrencies
provides insights on market behaviors that could not be deduced on
the basis of the combined knowledge of the code of single currencies
and the present state of the market itself. In other words, transparency,
i.e., the availability of relevant market information to market participants, is a systemic property. The whole network of cryptocurrencies should be considered both by regulators and by professional
investors aiming to maximize portfolio diversification. From this
point of view, our work contributes a new dimension to the literature focused on the properties of the cryptocurrency market, which
has, so far, adopted approaches ranging from financial (17–21) to
behavioral (22) and from evolutionary (21, 23, 24) to technological
(25, 26) perspectives.
RESULTS

GitHub activity and the network of cryptocurrencies
We are interested in the coding and market activity concerning
actively traded cryptocurrencies (see Methods). The 298 cryptocurrencies with trading volume larger than 100,000 USD whose
code is stored on GitHub (298 projects) include 63 of the top 100
cryptocurrencies, ranked by average market capitalization during
October 2019. A total of 6341 developers contributed to these
GitHub projects, totaling 879,742 edits (see section S1.2 for more
details). The number of developers working on a cryptocurrency
project correlates positively with its market capitalization (Spearman
correlation coefficient, 0.48, with P <0.0001; see fig. S2A), as previously noted (6).
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Market synchronization of GitHub-linked cryptocurrencies
We now consider the temporal evolution of the cryptocurrency network
over 5 years of coding activity (from 5 March 2014 to 30 May 2019).
A link between two cryptocurrencies is created the first time that a
developer of one of the two edits the other (Fig. 2A), referred in the
following as the GitHub connection time. What happens to the
market behavior of the two cryptocurrencies that have just been
linked in the GitHub network?
We focus on the correlation between asset returns (40, 41). We
rescale time so that the connection time corresponds to d = 0 for each
pair of GitHub-linked currencies, and we measure the Spearman
correlation over a backward rolling window of size s = 4 months
[see Figs. 2 (B and C) and Fig. 3A and Methods for definitions;
results are robust with respect to variations of this definition; see
section S1.4]. To limit the effect of overall changes in market evolution, we standardize the value of the Spearman correlation, for a given
pair of linked currencies and at a given time, by subtracting the average correlation across all possible pairs of currencies at that time
and dividing by the corresponding SD (see Methods).
Figure 3A shows that the average standardized Spearman correlation between the returns of two linked cryptocurrencies, averaged over the set of 204 linked pairs, increases at the turn of the
GitHub connection time, rising from 0.31 ± 0.01, on average
(±SEM), in the 4 months before the connection time, to 0.66 ± 0.01,
in the period included between 2.5 and 6.5 months after the connection time [Fig. 3A, significant under Welch test (42, 43), with P =
0.02). This corresponds to a relative increase of almost 130% after
the synchronization occurred (see section S1.9.2 for details about
the synchronization period). This result is robust to major perturbations of the network, including the removal of Bitcoin or/and
Ethereum from it (fig. S9).
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We test that the observed behavior is specific to linked pairs by
measuring the synchronization of a random sample of 104 cryptocurrency pairs, selected from the entire market excluding linked
pairs. Their connection time is chosen at random from the list of
actual GitHub connection times (see section S1.4.1 for different
randomization approaches). We find that the standardized correlation
of these pairs remains constant across the connection time, ruling
out the possibility of ecology effects induced by the specific distribution of connection times (fig. S5). We note also that, on average,
the standardized Spearman correlation is higher for linked pairs
compared to random pairs.
The increase in correlation observed for linked pairs could (i) be
driven by few outliers or (ii) reflect the behavior of the majority of
them. Figure 3B shows the distributions of the increase in standardized correlation between the 4 months preceding and the 4 months
included between 2.5 and 6.5 months after the connection time. The
distribution of linked pairs is centered at positive values of change
(i.e., increase in correlation) and shows a significantly higher average synchronization compared to the distribution of random pairs,
e.g., under Welch test (for more statistical tests, see section S1.4.1).
In particular, approximately 65% of linked couples increased their
correlation after GitHub connection time, a percentage significantly
higher than random (fig. S13). These observations confirm that the
observed change in correlation is not simply driven by outliers,
hence supporting hypothesis (ii).
The market behavior of cryptocurrencies is also characterized by
other properties. We repeated the analyses reported above to study
the correlations between the time series describing daily changes in
trading volume and market capitalization. We found no significant
effects of the connection time on those measures (see results in section S1.8) under a Welch test at a significance level of 0.05.
Market properties of GitHub-linked cryptocurrencies
We now consider the market properties of GitHub-linked cryptocurrencies across GitHub connection time. First, we focus on the
difference in market capitalization and volume among pair constituents.
We find that the absolute difference in market capitalization and
volume between two linked cryptocurrencies is typically larger than that
between randomly selected cryptocurrencies [see Fig. 4 (A and B)
and section S1.9.2 for details; note also that the market capitalization
and volume of currencies are highly correlated, as expected (fig. S17)].
Then, we shift our attention to differences in market age, defined
as the difference in the amount of time since a currency appeared in
the market. We find that the age difference of the two cryptocurrencies in a linked pair, measured at connection time, is significantly
higher, on average, than the difference of market age observed for
random pairs (Fig. 4C). In particular, we find that the second-edited
currency is younger than the first-edited currency in 61% of the cases and has lower market capitalization in 65% of the cases.
Last, we investigate the factors responsible for the observed heterogeneity in synchronization across linked pairs (Fig. 3B). We find
that, when a linked pair includes one of the top 10 linked cryptocurrencies in terms of market capitalization (evaluated in the period
preceding connection time), the corresponding synchronization of
returns following connection is significantly higher than average
(fig. S21D). Other factors, including the type of development event
(push or pull), the direction of the link (from younger to older or
vice-versa), and the connection time, do not explain the observed
differences in synchronization across pairs (fig. S21, A, B, E, and F).
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The activity of the developers is heterogeneous. Twenty-eight
percent of developers focused only on the top 10 cryptocurrencies,
producing 20% of the edits, while only 15% of the developers
worked only on projects with a capitalization lower than the median
capitalization of the market, producing only 11% of the developing
events. The Ethereum community soars above the others in terms
of editing activity (109,527 development events), while Bitcoin has
the largest number of developers, 832 (fig. S1). In general, the number
of developers and the number of edits for a given project strongly
correlate (Spearman correlation coefficient, 0.92, with P <0.0001;
see fig. S2B).
We find that 4% of developers contributed to more than one
cryptocurrency and are responsible for 10% of all edits. We further
investigate their role by representing the GitHub data as a bipartite
network, where developers and cryptocurrencies (the nodes) are
connected by edit events (the links; Fig. 1A). We then project the
bipartite network and obtain the network of connected cryptocurrencies where cryptocurrencies are nodes, and a link exists between them if they share at least one developer (Fig. 1B). We find
that this network has 204 links, activated first by 147 different
developers, and 123 nonisolated nodes, of which 115 form a giant
component. Bitcoin has the largest number of connections, 53,
followed by Ethereum with 43. The remaining 175 projects do not
share any developer (Fig. 1C). The presence of a small fraction of
developers who contributed to more than two cryptocurrencies (22
of 147) makes the network rich in cliques (see section S1.3 for more
analyses on the network).
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Fig. 1. The GitHub network of cryptocurrencies. (A) The GitHub dataset can be represented as a bipartite network, where developers (red circles) are linked to the
cryptocurrencies (blue circles) that they have edited at least once. (B) Projection of the bipartite network; cryptocurrencies that have at least one common developer are
connected. (C) The real network of 123 cryptocurrencies with at least one connection. Node size is proportional to the number of connections, and link width is proportional to the number of common developers between two cryptocurrencies. Bitcoin (BTC) and Ethereum (ETH) play a central role in the graph.

DISCUSSION

We analyzed the relationship between code and market for 298 GitHub-
hosted cryptocurrencies whose trading volume was larger than 105 USD
for the covered period. We showed that approximately 4% of developers
contributed to the code of more than one cryptocurrency and that these
developers are more active than the average, contributing together to
10% of all edits. We then defined the network of co-developed cryptocurrencies and showed that, for months after the GitHub connection
time, the correlation between the return time series of two GitHublinked cryptocurrencies increased, on average. We found that other
market indicators, and in particular, volume, do not show the same behavior. Last, we showed that developers tend to work on an established
currency first and that linked pairs containing at least one top cryptocurrency exhibited a larger correlation of returns following connection.
It is important to delimit the scope of our findings. First, we only
considered projects developed on GitHub. While this is, by far, the
Lucchini et al., Sci. Adv. 2020; 6 : eabd2204
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largest repository of cryptocurrency open-source code (it hosts
more than 99% of the project hosted on online repositories), alternatives exist, e.g., GitLab (44). Second, we selected cryptocurrencies
on the basis of their average trading volume, possibly neglecting
currencies with only a short history of significant trading volume.
Third, we focused on the first connecting event and did not investigate the presence and consequence of a possibly increasing pool of
shared developers between two cryptocurrencies and/or actions of
the developer(s) in that pool. Fourth, we considered pairs of cryptocurrencies, neglecting other possible influences of the network built
in the first part of the article. Last, we did not consider the structure
of the code or the semantics of the coding that a developer of the
first cryptocurrency performs on the second. All these are open
directions for future work.
Of course, our analysis cannot identify the mechanisms that
drive the observed market synchronization. Speculatively, at least
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Fig. 2. GitHub co-development and cryptocurrency market synchronization. (A) A developer of cryptocurrency “crypto 1” publishes her/his first contribution to
“crypto 2.” If no other developer has worked on both currencies before, then this moment represents the GitHub connection time for the pair composed of “crypto 1” and
“crypto 2.” (B) The time series describing the asset returns of the two currencies synchronize after the connection time. (C) The Spearman correlation between the two
time series increases when the asset returns synchronize.
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two main dynamics might be at play. The first identifies code as an
important “fundamental” for this market (45, 46). Traders would be
aware of and operate (also) based on code and code development.
The activity of developers would therefore represent a signal that,
perceived by many traders, could result in the observed synchronization. The second dynamics, either complementary or alternative
to the previous one, points to a greater role for developers, who
could either directly own and trade large amounts of the cryptocurrencies that they edit or be hired by stakeholders who, in their
turn, do the trade. At the systemic level, these interlocking directorates
of developers/stakeholders would cast a shadow on the transparency
of the market and potentially expose it to systemic risks due to hidden
structural correlations between cryptocurrency prices.
In this respect, it is worth noting that the lack of incentives for
developers is a longstanding issue for cryptocurrencies. Some Bitcoin
developers, for example, are paid by companies with an interest in
Bitcoin (47); in the case of Ethereum, some are funded by the Ethereum
Foundation itself, while bug-bounties, development grants, and
visibility remain as other common incentives (48). In this context,
our results could suggest that trading on the cryptocurrency market
might play the role of incentive for developers to perform certain
cross-currency actions. The lack of increase in synchronization for
volumes suggests that the observed synchronization of returns is not
due to an overall increase in trading interest toward the linked cryptocurrencies. Beyond these two mechanisms, more explanations may
exist, and exhausting or testing them, if at all possible, is outside of
the scope of this article.
Our results have broad implications. Code has become an important societal regulator that challenges traditional institutions,
from national laws to financial markets (5, 49, 50). In particular,
whether and how financial markets and technological code development interact is an open and debated question (6, 25, 51, 52). The
case of cryptocurrencies is paradigmatic and still largely unexplored.
Cryptocurrencies are open-source digital objects traded as financial
Lucchini et al., Sci. Adv. 2020; 6 : eabd2204
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Fig. 4. Linked pair composition. (A) Probability density function (pdf) of the difference in market capitalization among cryptocurrencies forming linked pairs
(continuous line) and random pairs (dashed line). (B) Probability density function
of the difference in transaction volume among cryptocurrencies forming linked pairs
(continuous line) and random pairs (dashed line). (C) Probability density function
of the difference in market age at the connection time among cryptocurrencies
forming linked pairs (continuous line) and random pairs (dashed line). All the density
distributions are computed using a Gaussian Kernel Density Estimation setting the
bandwidth values to 0.36.

assets that allow, at least theoretically, everyone to directly shape both
an asset structure and its market behavior. Our study, identifying a
simple event in the development space that anticipates a corresponding behavior in the market, establishes a first direct link between the
realms of coding and trading. In this perspective, we anticipate that
our results will be of interest to researchers investigating how code
and algorithms may affect the nondigital realm (53–55) and spark
further research in this direction.
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Fig. 3. Market synchronization following GitHub connection time. (A) Average standardized Spearman coefficients between return time series of linked pairs (red
line) and a sample of random pairs of cryptocurrencies (dashed blue line). The size of the random samples is chosen to be the same as the number of existing linked pairs
at each time. Its average size in the period reported in (A) is 124. Shaded areas represent 2 SDs of the mean and are determined via bootstrap (see Methods). The gray
dot-dashed line corresponds to the average standardized correlation in the 3 months before the connection occurred. Time is shifted such that d = 0 corresponds to the
GitHub connection time of each pair. Correlations are measured over a 4-month rolling window. (B) Distributions of the average correlation for linked and random pairs.
Averages are computed over periods of 4 months: the 4 months before the connection time and the period between 2.5 and 6.5 months after the connection time. Vertical lines correspond to the average of each distribution. Pairs that synchronized after the connection time shift the distribution toward positive values. All the density
distributions are computed using a Gaussian Kernel Density Estimation setting the bandwidth values to 0.39. For raw data histograms, see fig. S12.
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of GitHub development on market indicators, we collected market
data for 6 months longer compared to the GitHub data.
In this work, we focus on cryptocurrencies that can be traded
with sufficient ease. We, therefore, consider only cryptocurrencies
whose trading volume is larger than 100,000 USD (16). We find that
521 cryptocurrencies meet this condition (see table S1 for full list),
of which 298 share their code on GitHub.
Randomized pairs
We compare various quantities measured for GitHub-linked pairs
to the corresponding values measured for random pairs. A random
pair is obtained by (i) extracting 2 of the 521 cryptocurrencies that
meet the condition of an average daily market volume larger than
100,000 USD and (ii) verifying that the two extracted cryptocurrencies do not form together a GitHub-linked pair. As for the average
volume, days with zero transaction volume (days of market inactivity)
were discarded and treated as missing values. The resulting set of
521 cryptocurrencies represents 27% of all the cryptocurrencies with
a market history on both CryptoCompare and CoinGecko.
Time series analysis
P(t ) − P(t − 1)
 ,
A cryptocurrency asset return at time t is defined as R(t ) =  _
P(t − 1)
where P(t) is the price (56). The change in market capitalization at
M(t ) − M(t − 1)
 , where M(t) is the market capitalt is defined as C M(t ) = _
M(t − 1)
V(t ) −V(t − 1)
 , where
ization. The change in volume is defined as CV   (t ) = _
V(t − 1)
V(t) is the volume as time t.
Following a standard approach in time series analysis (57, 58),
we measure correlation as the Spearman coefficient between two
time series. To compare the correlation across pairs of currencies,
following, e.g., Schruben (59), we compute the standardized correlation as
C
  k(t ) − C̄ (t)
,	
	
S C k( t ) = ─
(t)
where Ck(t) is the the correlation time series, computed for a pair k
by comparing the return time series [Ri(t) and Rj(t)] of paired assets
i and j at time t, and C̄ (t) and (t) are the average correlation and
corresponding SD across pairs. At each time step t, the set of pairs
used to compute the standardized correlation consists of the pairs
for which we had price data at time t.
Error estimate and bootstrapping
We compute the error associated with the average standardized
correlation across pairs using bootstrapping (60). For each value of
d, representing the number of days before/after the connection time
(such that at the connection time d = 0): (i) We sample Nd pairs
of currencies with replacement, where Nd is the number of existing
linked pairs at time d; (ii) we compute the average standardized cor d
  S C k(d ) / N d where k is running across the Nd pairs;
relation SC(d ) = Nk=1
(iii) we repeat steps (i) and (ii) 104 times; and (iv) we compute the mean
and SD across the obtained values of SC(d). These values provide an
estimate of the average standardized correlation and associated error
for the population of linked pairs d days after the connection. We follow
the same procedure for random linked pairs.
SUPPLEMENTARY MATERIALS

Supplementary material for this article is available at http://advances.sciencemag.org/cgi/
content/full/6/51/eabd2204/DC1
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Data
The GitHub dataset
GitHub is a service providing a host for software development using
Git version control system (27, 28) largely used in a variety of innovation fields, from science to technological development (29). Previous research on the platform focused on the understanding of
collaborative structures and developer behavior, showing the importance of social characteristics in the selection of code modifications
(30) and of socialization as a precursor of joining a project (31).
A project is stored on GitHub in a so-called “repository,” and its
production-ready code lives in the “master branch” of the repository
(32) [called by default “main branch” starting from 1 October 2020
(33)]. Developers can modify the master branch in two ways, depending on their role. So-called “collaborators” are part of the core
development team and can directly edit the code by triggering a “push
event.” In contrast, “contributors” are anyone who contributed some
changes to a project, by submitting their suggestions through a
“pull request” that was later accepted and merged by one of the collaborators. Thus, “push” and accepted pull requests are the core events
in the development of cryptocurrency production-ready code (34).
We retrieved cryptocurrency GitHub repository names from
CoinMarketCap (35). We find that 1668 of the 2225 cryptocurrencies
listed in CoinMarketCap as of 9 June 2019 shared their source code
on GitHub. Then, we queried the GitHub Archive dataset (36), which
stores all events on public repositories from 2011, through Google
BigQuery (37). This step provided us with all events related to the
development of cryptocurrency GitHub projects. Specifically, we
queried two types of events: “push events” and accepted “pull request
events.” Last, we removed all events triggered by GitHub apps (software designed to maintain and update the repositories), and we removed from our dataset GitHub profiles whose name included the
term “bot” to not include noise from users that identified or were
reported to be nonhuman.
The market dataset
We collected cryptocurrency daily price, exchange volume, and
market capitalization from three different web sources: CoinGecko
(15), CryptoCompare (14), and CoinMarketCap (35) (the latter was
used only until the end of July 2018 because of updates in the website regulations). We processed the data from CryptoCompare and
CoinGecko following a standard procedure (38). We preferred the
OpenHighLowClose (OHLC) data from the CryptoCompare Application Programming Interface (API). We adopted as a measure
of the transaction volume the amount of USD traded for a crypto on
the exchanges registered on CryptoCompare. Similarly, we retrieved
the market capitalization of a cryptocurrency using the CoinGecko
API and processed it to remove the structural biases found in (38),
e.g., we shifted by 1 day all data starting from 30 January 2018.
The price of a cryptocurrency represents its exchange rate (with
USD or Bitcoin, typically), which is determined by the market supply and demand dynamics. The exchange volume used is the total
trading volume across exchange markets, from dollars to one crypto. The market capitalization is calculated as a product of a cryptocurrency’s circulating supply (the number of coins available to users)
and its price. We retrieved historical data for currently inactive currencies by querying all the 6000 and more cryptocurrencies recorded
in the CoinGeko database (39). Our datasets include market indicators from 3 April 2013 (date by which all the webpages started
collecting data) until 30 October 2019. Note that to study the effects
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