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Discussion Paper #1 

 

Cryptoasset Competition and Market Concentration in the Presence of 

Network Effects 

Konstantinos Stylianou, University of Leeds 

Leonhard Spiegelberg, Brown University 

Maurice Herlihy, Brown University 

Nic Carter, Coin Metrics 

 

Abstract 

When network products and services become more valuable as their userbase grows (network effects), 

this tendency can become a major determinant of how they compete with each other in the market and 

how the market is structured. Network effects are traditionally linked to high market concentration, 

early-mover advantages, and entry barriers, and in the cryptoasset market they have been used as a 

valuation tool too. The recent resurgence of Bitcoin has been partly attributed to network effects too. 

We study the existence of network effects in six cryptoassets from their inception to obtain a high-level 

overview of the application of network effects in the cryptoasset market. We show that contrary to the 

usual implications of network effects, they do not serve to concentrate the cryptoasset market, nor do 

they accord any one cryptoasset a definitive competitive advantage, nor are they consistent enough to 

be reliable valuation tools. Therefore, while network effects do occur in cryptoasset networks, they are 

not (yet) a defining feature of the cryptoasset market as a whole. 

Keywords: Network Effects, Metcalfe, Metcalfe’s Law, Concentration, Monopolization, Monopoly. 
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ABSTRACT
When network products and services becomemore valuable as their
userbase grows (network effects), this tendency can become a major
determinant of how they compete with each other in the market
and how the market is structured. Network effects are traditionally
linked to high market concentration, early-mover advantages, and
entry barriers, and in the cryptoasset market they have been used
as a valuation tool too. The recent resurgence of Bitcoin has been
partly attributed to network effects too. We study the existence
of network effects in six cryptoassets from their inception to ob-
tain a high-level overview of the application of network effects
in the cryptoasset market. We show that contrary to the usual
implications of network effects, they do not serve to concentrate
the cryptoasset market, nor do they accord any one cryptoasset a
definitive competitive advantage, nor are they consistent enough
to be reliable valuation tools. Therefore, while network effects do
occur in cryptoasset networks, they are not (yet) a defining feature
of the cryptoasset market as a whole.

KEYWORDS
network effects, Metcalfe, Metcalfe’s Law, concentration, monopo-
lization, monopoly
ACM Reference Format:
Konstantinos Stylianou, Leonhard Spiegelberg, Maurice Herlihy, and Nic
Carter. 2020. Cryptoasset Competition and Market Concentration in the
Presence of Network Effects. In . ACM, New York, NY, USA, 13 pages.
https://doi.org/10.1145/nnnnnnn.nnnnnnn

1 INTRODUCTION
The rapid appreciation and popularization of cryptoassets over
the past few years has incited a large body of scholarship on un-
derstanding their behavior and their positioning in the market,
particularly financial markets. As cryptoassets gradually became
a household investment and transaction medium, they began to
invite greater regulatory and investor scrutiny, which created the
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need to better understand their function as a market of their own
and as market that forms part of the greater economy. While early
analyses focused on simple economic illustrations of the function-
ing of cryptoasset networks in isolation, later work started explor-
ing market-wide phenomena, including the dominance patterns of
some cryptoassets over others.

Since cryptoassets are based on blockchain networks and are
therefore network markets, one important parameter that reflects
and determines their behaviour is the relationship between their
userbase and their value. This relationship has a long history in
network markets under the theory of network effects. Network
effects theory states that the value of a product or service V is
co-determined by its userbase u. Then, for products or services
that obey network effects, one can derive the value of the network,
and therefore their relative value to each other too, for a given
userbase assuming that the relationship betweenV and u is known,
for example V ∝ nloд(u), V ∝ u2, V ∝ 2u etc.

Initially, this insight attracted attention because of its predic-
tive potential of cryptoasset valuation. Indeed a number of studies
attempted to develop valuation models based on network effects
that could be used by investors to predict the future value of their
assets and the value of the market as a whole. However, the impli-
cations of network effects go far beyond valuation and, understood
properly, they inform also the structure and competitiveness of the
market making them a key input into policy-making and regulatory
decisions. Most notably, markets that are characterized by network
effects are commonly thought to be winner-take-all markets, where
first mover advantage is key, entry barriers are high, networks hit
tipping points of no return, and contestable monopolies or high
concentration can be the natural state of the market. This is for
two reasons: firstly, because the value of joining a network is in-
creasing in the number of other network adopters, because the
bigger the number of existing adopters the greater the utility every
new adopter derives from it (pure network effects), and secondly, be-
cause for every new adopter joining the network, existing adopters
also benefit (network externalities). In both cases bigger equals bet-
ter (everything else equal), creating an incentive for users to join
the network where the value will grow larger both for new and
for existing users, which creates a snowball effect. This kind of
power concentration in networks that exhibit network effects usu-
ally makes regulators uneasy, and therefore, if cryptoassets exhibit

https://doi.org/10.1145/nnnnnnn.nnnnnnn
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network effects, they would (and should) attract higher regulatory
and investor scrutiny.

Extant literature on network effects in cryptoassets is limited
and has focused almost exclusively on confirming or rejecting,
usually for Bitcoin only, a specific application of network effects,
namely Metcalfe’s law, which states that the value of a network is
proportional to the square of its users (V ∝ u2), and, if confirmed,
it would be a useful valuation tool. However, this line of literature
presents only a binary distinction between the existence or not
of a specific type of network effects, focuses only on valuation,
uses sub-optimal data, and has also been temporally limited to the
period before the recent resurgence inmid 2019, or excludes periods,
therefore missing key parts in the cryptoasset market evolution.

By contrast, our analysis takes a more comprehensive view of
network effects in cryptoassets, and, while it confirms that network
effects occur in cryptoassets, it shows that they do not have the
usual implications associated with them in terms of according com-
petitive advantages, resulting in market concentration, or serving
as a reliable valuation tool. Firstly, we define network effects to
occur when the value of a cryptoasset network changes supra- or
infra-proportionately to changes in its userbase, thereby showing
both positive and reverse network effects, while not being con-
strained by a specific version of network effects. We also use two
proxies for value and userbase each to better capture what users
perceive as the value of the network and how the network size
(userbase) should be measured, and we base our results on cleaner
vetted data. Moreover, we examine multiple cryptoassets to get a
broader view of the industry, as opposed to previous works which
focused on Bitcoin. Lastly, our analysis covers the entire history
of the studied cryptoassets, which includes the valuation spikes
and subsequent declines in 2014, 2017 and 2019. The spike in 2019
and the preceding decline from the heights of 2017 are particularly
valuable because they help us show that the results obtained in
previous studies which sampled only up to early 2018 do not hold
based on more recent history.

2 BACKGROUND, MOTIVATION AND
IMPLICATIONS

Network effects were first studied in the 1970s to more accurately
capture the value and growth of telecommunications networks [28].
The intuition was that when the nature of a product or service is
such that it relies on linking users together, the value of the product
V is co-determined by its userbase u. More specifically, for every
user added to the userbase of a product, value is created not just for
the joining user but for existing users as well. As a result, each new
user derives value from joining a network that is relative to the size
of the network (pure network effects) and creates an externality in
the form of value that is captured by the network of existing users
(network externality). Conversely, for every exiting user, value is
lost both for the exiting user and for existing users. This type of
network effects was called direct network effects to distinguish
it from later extensions to the theory, which accounted for the
effects changes in the network’s userbase have on complementary
products and services developed for that network [8]. This latter
type was called indirect network effects, and it is not the kind that
will concern us here.

The powerful implication of (direct) network effects is the in-
creasing returns to the userbase and ultimately to the product
exhibiting network effects. Because for products that exhibit net-
work effects every new adopter makes the product more valuable
relative to existing size of its network, it creates incentives for other
adopters to adopt the product with the bigger network over its
competitors. Consequently, the more the userbase grows the more
it invites further growth rendering the product increasingly more
valuable and competitive. The exact relationship between value
and userbase can vary; While one can say that in the most basic
version of network effects the value of a product grows linearly
with the number of users added to its userbase (V ∝ u) [32], most
commonly network effects are used to describe relationships that
are logarithmic (V ∝ nloд(u)) [5], quadratic (V ∝ u2) [23] or other
(e.g. V ∝ 2u ).

Network effects have found application in numerous industries
and business models ranging from telecommunications [4, 16], to
web servers, PC software [17], airline reservation systems, ATMs
[14], and platform systems [7]. Indeed, the intuition and implica-
tions of network effects have been so pervasive that they have been
invoked in any industry where the consumption or use of a product
by consumers makes the product more valuable for others (for a
collection of relevant literature see [19]. It is no surprise that cryp-
toassets have also been hypothesized to exhibit network effects.
The combination of the inherent network nature, the meteoric rise
in popularity (read: userbase), and the substantial price volatility
(read: value) has suggested a strong-if elusive-relationship.

The particular motivation behind the study of network effects
in cryptoassets has so far been to discover a valuation formula:
if we know the function between userbase and value, then with
informed guesses on the network’s growth we can predict future
prices [26, 30, 33]. But valuation formulas reduce network effects
down to a binary distinction represented by a single function.While
useful as prediction tools and high-level descriptors of cryptoasset
trends, valuation formulas provide little granularity.

Our motivation and goal is, instead, to provide more high-level
view of how network effects influence the cryptoasset market as a
whole, and particularly what they say about the potential for con-
centration in the market and about competitive (dis)advantages of
one cryptoasset over others. These are the most impactful implica-
tions of network effects, and they are desirable for those networks
that can exploit them, but undesirable for their competitors or for
regulators who have to deal with concentrated markets. We work
with numerous cryptoassets so that we can obtain a market-wide
overview (limited by how big and representative our sample is),
and we study them from their inception until early 2020 which
allows us to capture all historically important phases, including the
resurgence in 2019, which extant literature has not had a chance to
consider. This type of approach allows us to draw insights about
the structure and competitive dynamics of the cryptoasset market.
It goes back to the early wave of "Bitcoin maximalism", which stood
for the idea that the optimal number of currencies as alternatives to
the mainstream financial system is one, and altcoins will eventually
be rendered obsolete as more and more users gravitate toward the
biggest, most stable, most widely accepted cryptocurrency, namely
Bitcoin. At the time, Bitcoin maximalism was rejected by Vitalik
Buterin, the creator of Ethereum, correctly pointing out that the



Cryptoasset Competition and Market Concentration in the Presence of Network Effects ,

2016-01 2016-07 2017-01 2017-07 2018-01 2018-07 2019-01 2019-07 2020-01

−2

0

2

4

6

lo
g

pr
ic

e
re

la
ti

ve
to

st
ar

t
of

20
16

Log price development since 2016 (rolling mean over 1 month)

Bitcoin

Litecoin

XRP

Tezos

Ethereum

Doge

2016-01 2016-07 2017-01 2017-07 2018-01 2018-07 2019-01 2019-07 2020-01

0

1

2

3

4

5

6

7

8

L
og

A
d

rB
al

C
n

tR
el

re
la

ti
ve

to
st

ar
t

of
20

16

LogAdrBalCntRel since 2016 (rolling mean over 1 month)

Bitcoin

Litecoin

XRP

Tezos

Ethereum

Doge

Figure 1: Price and userbase development since 2016.

cryptoasset universe is not a homogeneous thing, and that there-
fore there is no one single "network" around which network effects
would form [6]. We expand on that thinking.

Looking at network effects to study the competitive dynamics
of the cryptoasset market and its potential to concentrate around
one or a small number of cryptoassets can provide useful insights
for industrial policy. Normally, a showing that cryptoassets exhibit
network effects would suggest that early cryptoassets have a first-
mover advantage and may lock the market in [13, 18, 22], even
if they are intrinsically inferior to other comparable cryptoassets
[5, 15, 20]. While, the market seems to have moved away from
that danger, network effects theory also suggests that, assuming
homogeneity, once a cryptoasset hits a tipping point, it may fully
prevail because new users will always prefer the cryptoasset with
the larger userbase (the so called "winner-take-all" markets, which
Bitcoin maximalism relied on) [13, 22]. Homogeneity is, of course,
a matter of degree, and it is still likely that, if a cryptoasset ex-
hibits stronger network effects than its peers, it can prevail at least
within a sub-segment of the market. The flip side of network ef-
fects can also be observed, whereby the loss of a user results in
a supra-proportionate loss of value (i.e. more value than the user
intrinsically contributed individually), which incites further losses
and so on. This means that rapid depreciation is more likely in
cryptoassets characterized by network effects. The rapid appre-
ciation and depreciation cycles coupled with the winner-take-all
characteristic can in turn result in cryptoasset markets that are
successively dominated by a new winner in every era (successive
contestable monopolies). Then, if this is the natural state of the
market, artificially forcing more competition may not be optimal.

These insights are well-applicable in financial markets. For in-
stance, the influential "Cruickshank report", an independent report
on banking services in the United Kingdom prepared for the UK
Treasury, which has in turn influenced regulatory and legal deci-
sions [1, 2], warned about the far reaching implications of network
effects: "Network effects also have profound implications for compe-
tition, efficiency and innovation in markets where they arise. Estab-
lishing critical mass is the first hurdle, as the benefits to customers
and businesses of a network arise only gradually with increasing

use. It is possible to imagine a world in which electronic cash is
widely held and used, for example, but much harder to see how to
get there. Once a network is well established, it can be extremely
difficult to create a new network in direct competition. ... Where
network effects are strong, the number of competing networks is
likely to be small and the entry barriers facing new networks will
be high" [11]. As the fintech industry is heating up, network effects
have also been cited there as a strong factor in entrenching existing
market power of financial services (see e.g. the recent proposed
acquisition of Plaid by Visa [12]), and such risks have also been high-
lighted in the cryptoasset market, with models showing that certain
conditions can allow cryptoasset markets to become oligopolies
and market players entrench their position in the market [3, 10].

3 PRIOR LITERATURE AND CONTRIBUTION
A number of papers have investigated aspects of the application
of network effects in cryptoasset networks. The focus has been to
determine whether the value of cryptoassets (and mainly Bitcoin)
complies with network effects, and in particular on whether it fol-
lows Metcalfe’s law, which is the most popular iteration of network
effects and stipulates that the value of a network grows at a rate
proportional to the square of the number of users (V ∝ u2).

The early influential analysis by Peterson [26] remains the point
of reference. Peterson developed a valuation model for Bitcoin’s
price based onMetcalfe’s law for the period 2009-2017, using wallets
as a proxy for users, Bitcoin prices as the proxy for value, and
a Gompertz function to account for growth. He found that the
price of Bitcoin follows Metcalfe’s law with R-square of 85 percent.
In a revised version of the original paper that extends through
2019, Peterson re-confirms the application of Metcalfe’s law to
Bitcoin [27]. However, he excludes significant periods of time on
the grounds of price manipulation, during which the value of the
Bitcoin network, as measured by the USD price of Bitcoin, lies well
outside of Peterson’s model predictions. Van Vliet [33] enhanced
Peterson’s model by incorporating Rogers’ diffusion of innovation
models to better capture population parameters and growth rates.
By doing so, van Vliet raised R-squared to 99 percent. Shanaev et al.
[30] acknowledge the utility of Peterson’s and van Vliet’s analyses
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but depart from them in that their model does not rely on historical
data for the estimation of the coefficient of proportionality, which
raises an endogeneity problem. They still use Metcalfe’s law but
only as only as one of the building blocks of their model. Civitarese
[9] rejects the applicability of Metcalfe’s law to the value of the
Bitcoin network by running a cointegration test between price and
an adjusted number of wallets’ connections.

Gandal and Halaburda [18] use a completely different approach
to examine the existence of network effects in cryptoasset networks.
They define network effects as the reinforcement effects the price
of a cryptoasset has on the price of another cryptoasset. With
Bitcoin as the base cryptoasset, the idea is that, if network effects
are in place, as Bitcoin becomes more popular (price increase),
more people will believe that it will win the winner-take-all race
against other cryptoassets resulting in further demand and higher
prices. Therefore, network effects would manifest themselves as an
inverse (negative) correlation between the prices of the sampled
cryptoassets. For the period May 2013 - July 2014, their results
showed signs of network effects after April 2014.

Our analysis complements and differs from prior literature in
several ways. Firstly, we do not focus on a specific network effects
formula; we rather look at when, to what degree, in which cryptoas-
sets, and for what proxies of value and userbase network effects are
observable (defined as supra-proportional change in value relative
to userbase) regardless of which particular curve/function they
follow. Secondly, we go beyond Bitcoin to examine six cryptoassets
that we have selected as representative of different features and
characteristics to better be able to observe potential industry-wide
trends. This helps us notice whether one cryptoasset has the poten-
tial to dominate the market or multiple cryptoassets benefit from
the same network effect forces. Thirdly, we use different param-
eters as proxies for value and userbase to more fully capture the
functionality and usage of cryptoassets in the market. Importantly,
we do not rely on the total number of users as a proxy for userbase
like extant literature, because many of those addresses are dormant
or permanently inaccessible and therefore economically irrelevant.
Fourthly, we study the full history of cryptoassets from their in-
ception to today which allows us to observe their different phases,
including the price collapse in 2018 and the resurgence in mid-2019,
which dramatically change the picture of network effects and which
have been missed by previous studies. Lastly, we work with data
sets that have been meticulously cleaned to filter out spurious or
manipulative activity, which improves the accuracy of our results
compared to data-sets that are pulled unfiltered from the network.
Our analysis confirms the existence of network effects, but also
that they do not have the results usually associated with them on
the market.

4 METHODOLOGY AND DEVELOPMENT
We study the application of network effects in Bitcoin (BTC), Do-
gecoin (DOGE), Ethereum (ETH), Litecoin (LTC), XRP and Tezos
(XTZ). The selection of these cryptoassets was made on the basis
of diversity and feasibility. We aimed to study cryptoassets that
exhibited different attributes in terms of age, market capitalization
and any special features that make them stand out from other com-
peting cryptoassets in order to build a representative sample of the

Age Market cap (2020) Features
Bitcoin
(BTC)

Old (2009) V. Large ($170B) Popularity,
first cryp-
tocurrency,
UTXO based

Dogecoin
(DOGE)

Old (2013) V. Small ($0.3B) "Joke cryp-
tocurrency",
early BTC
contender ,
UTXO based

Ethereum
(ETH)

Medium (2015) Medium ($25B) Turing com-
plete, pro-
grammable,
account
based

Litecoin
(LTC)

Old (2011) Small ($2.6B) First major
BTC fork,
UTXO based

XRP Old (2012) Small ($8B) Consensus,
fintech-
orientated,
account
based

Tezos (XTZ) New (2018) Small ($1.7B) Centralized
PoS, on chain
governance,
account
based

Table 1: List of studied cryptoassets, chosen to cover differ-
ent characteristics.

crypto-economy [21]. We also limited the study to cryptoassets
for which we could get reliable, standardized time-series data from
the cryptoassets’ initial release to the time of the study [24]. The
unreliability of the prices reported by exchanges in the early days
of the industry led us to consider Bitcoin from July 2010, Litecoin
from March 2013, and XRP from August 2014âĂŤthe rest from
their beginning. Table 1 summarizes the attributes of each chosen
cryptoasset.

We first define network effects. Network effects occur where
the value of the network V grows supra-proportionately to the
number of users n that participate in the network. Reverse network
effects occur where the value V drops supra-proportionately to
the number of users n that leave the network. Unless there is a
reason to distinguish between positive and reverse network effects,
we collectively refer to them as network effects. Therefore, we
define network effects to occur in cryptoassets when a positive
value change ∆V > 0 is larger than a positive userbase change
∆u > 0, or when a negative value change ∆V < 0 is smaller than a
negative userbase change ∆u < 0. Notice that we do not consider
that network effects apply when value and userbase move in dif-
ferent directions, e.g. when the value increases while the userbase
decreases, regardless of which increases or decreases more.

Thus, network effects occur if

∆V > ∆u ≥ 0 ∨ ∆V < ∆u ≤ 0
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In our analysis we define change at time t similar to log returns,
i.e.

∆V := ln
Vt+1
Vt

(1)

∆u := ln
ut+1
ut

(2)

Then, we identify appropriate proxies to represent value V and
userbase u. To represent V we use two proxies: (a) token price and
(b) transaction value. The two proxies represent different aspects
of the value users assign to cryptoassets. In theory, even one proxy
applied to one cryptoasset would be enough to demonstrate (or
not) network effects (as has, for example, been done in previous
literature that relied only on token price), assuming the proxy and
cryptoasset are representative. However, because cryptoassets are
differentiated resulting in diversified usage patterns, and because
the chosen proxies express different ways by which users perceive
the value of the network, a multitude of cryptoassets and proxies
was used in an effort to better represent the industry.

Token Price (PriceUSD): The first parameter we use is token
price, which is the fixed closing price of the asset as of 00:00 UTC the
following day (i.e., midnight UTC of the current day) denominated
in USD (for a detailed explanation of Coin Metric’s methodology
on toke price see [24]). Token price expresses value in terms of
market forces, namely the point at which supply meets demand. It
is the value that users as market participants collectively assign to a
given cryptoasset by deciding to buy and sell at that price level. We
assume that the studied cryptoassets trade under normal market
conditions; any acknowledgement of price manipulation that may
have occurred at times has been accounted for in the cleaning of
data by Coin Metrics [24].

Transaction Value (TxTfrValAdjUSD): The second proxy of
choice is transaction value, which expresses the USD value of the
sum of native units transferred between distinct addresses per day
removing noise and certain artifacts to better reflect the real eco-
nomically relevant value circulating in the network. The assump-
tion is that as the network becomes more valuable to users, they
will use it more frequently and/or to transfer greater value among
them. Therefore, transaction value as a proxy sees cryptoassets as
means of transaction. We considered and rejected transaction count
as an appropriate proxy, because on some networks a large number
of recorded transactions are unrelated to value transfer, but rather
to the operation of the network, e.g. consensus formation on Tezos
[25]. One could retort that even these non-value-carrying transac-
tions reflect engagement with the network and that therefore are
an indication of the value of the network to users. Even so, lumping
together value-carrying and operational transactions would taint
the comparison across cryptoassets, since on some cryptoassets the
majority of transactions are operational (e.g. Tezos, see [25]), while
on others value-carrying (e.g. Bitcoin).

Next, to representu we select the following proxies: (a) addresses
with non-zero balance (b) trailing 6-month active addresses and .
Different ways to represent userbase more fully captures the rela-
tionship between value and userbase. We considered and rejected
counting userbase based on total number of addresses (like all pre-
vious literature), because of the large number of inactive addresses.

Contrary to other industries where network effects have been stud-
ied and where inactive users are eventually purged from the net-
work (e.g. mobile phone subscriptions, social networks), so that total
user count may still be a good approximation of the economically
meaningful userbase, this is not the case with cryptoassets. Instead
we opted for two variants of addresses with non-zero balance, as
defined below.

Addresses with Non-Zero Balance (AdrBalCnt): This proxy
represents the sum count of unique addresses holding any amount
of native units as of the end of that day. Only native units are consid-
ered (e.g., a 0 ETH balance address with ERC-20 tokens would not be
considered). The utility of this proxy lies in that it excludes all non-
economically active addresses, the assumption being that addresses
with zero balance are dormant (similar to bank accounts with zero
balance). This choice responds to criticism that has been raised
with regard to extant literature that tended to use all addresses
or wallets as a proxy for users. Despite our choice of improved
metric, it still remains a fact that there is no one-to-one mapping
between addresses and actual users, which is a common problem
to any network or service, e.g. the same person may have multiple
bank accounts. While there are methods to de-cluster actual users
from wallets and addresses, these are not sufficiently precise and
are unavailable or inapplicable across cryptoassets [? ]. We also
acknowledge that on networks with lower transaction fees it is
easier to generate and/or maintain addresses with balance, and to
counter that we could raise the amount of native units the counted
addresses should have, but this would introduce a subjectivity ques-
tion without even fully eradicating the initial problem of spurious
addresses.

Trailing 6-Month Active Addresses (6MAdrActCnt): This
proxy counts all unique addresses that have been active at least
once over the trailing 6-month period from the time ofmeasurement.
Repeat activity is not double-counted. Traditionally, most userbase
measurements are taken in time frames that range from one month
to one year. Given that cryptoassets are of relatively young age,
which may suggest that their userbase is expected to interact with
them less frequently, and that part of their utility involves simply
owning them, which does not generate any activity, we decided
that a 6-month time frame sufficiently captures active userbase.

Before we derive network effects, we first calculate the Pear-
son correlation between value V and users u which is informative
in terms of their overall relationship. Next, we obtain relevant
measurements of network effects. We rely predominantly on the
PriceUSD-AdrBalCnt pair of proxies for value and userbase, but
additional measurements are in the Appendix. To see how prevalent
network effects are in the studied cryptoassets we calculate the
ratio of total days to the days where network effects were observed
(separately for positive and reverse) for each cryptoasset. To see
how strong network effects are we calculate the ratio of total days
to the sum of the network effects observations over the days they
occurred for each cryptoasset (separately for positive and reverse).
To see how strong network effects are in cryptoassets relative to
each other we reduce to a 100 day period. The results are presented
in Part 5 and the analysis of the results in Part 6.
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Metric abbr Metric meaning

PriceUSD Token price
TxTfrValAdjUSD Transaction value
AdrBalCnt Addresses with non-zero balance
6MAdrActCnt Trailing 6-month active addresses

NFX Network effects
Table 2: Legend of metrics in use.

5 RESULTS
We are looking for network effects in the relationship between
value V and users u of various cryptoassets as represented by the
proxies defined previously. Four pairs (2x2 proxies) are possible:

• Token Price - Addresses with Non-Zero Balance: This
pair demonstrates network effects expressed as the change of
monetary value of a cryptoasset relative to the users that hold
any amount of that cryptoasset. By counting only accounts
with non-zero balance, we filter out economically dormant
users.

• Token Price - Trailing 6-month Active Addresses:
This pair demonstrates network effects expressed as the
change of monetary value of a cryptoasset relative to the
users that have been active at least once in the trailing 6-
month period on that cryptoasset’s network. Counting all
active users over a recent time segment (usually 1, 6 or 12
months) is a common measurement of network or platform
userbase and less conservative than daily active users.

• Transaction Value - Addresses with Non-Zero Balance:
This pair demonstrates network effects expressed as the
change of transaction value of a cryptoasset relative to the
users that hold any amount of that cryptoasset.

• Transaction Value - Trailing 6-month Active Addresses:
This pair demonstrates network effects expressed as the
change of transaction value of a cryptoasset relative to the
users that have been active at least once in the trailing 6-
month period on that cryptoasset’s network.

Before we derive network effects, we calculate, based on the
above pairs, the Pearson correlation between value V and users u
which tells us whether, as a general matter, cryptoasset value and
userbase are moving in the same direction. This already provides
an indication of whether cryptoassets become more valuable as
their adoption increases.

It is evident that only BTC shows a strong correlation between
value and userbase, at least when userbase is measured by our
main proxy of total addresses with non-zero balance (AdrBalCnt),
with LTC showing the next highest correlation, which is, however,
average and only holds when value is measured as value in fiat
currency (PriceUSD). Correlations when userbase is measured as
addresses that have been active in the trailing 6-month period
(6MAdrActCnt) tend to be higher although still not consistently
so. Higher correlation using 6MAdrActCnt might be explained on
the grounds that user activity picks up during phases of large price
movements. Overall, the mediocre and inconsistent correlations
between value and userbase provide a first indication that a blanket

User proxies
Cryptoasset Value proxy AdrBalCnt 6MAdrActCnt

BTC PriceUSD 0.878760 0.800890
BTC TxTfrValAdjUSD 0.771601 0.734617
DOGE PriceUSD 0.532856 0.255025
DOGE TxTfrValAdjUSD 0.258791 0.141790
ETH PriceUSD 0.256837 0.475199
ETH TxTfrValAdjUSD 0.048093 0.214427
LTC PriceUSD 0.646814 0.844012
LTC TxTfrValAdjUSD 0.258648 0.431706
XRP PriceUSD 0.551157 0.803027
XRP TxTfrValAdjUSD 0.189622 0.278429
XTZ PriceUSD -0.477943 -0.681394
XTZ TxTfrValAdjUSD -0.169407 -0.240346

Table 3: Pearson correlation between value and user proxies

conclusion that the cryptoasset market is characterized or not by
network effects is unwarranted.

Next, we obtain relevant measurements based on the PriceUSD-
AdrBalCnt pair of proxies for value and userbase as presented in
Table 4 and for additional pairs as per above in the Appendix. As
explained in the methodology, we believe these are the most appro-
priate proxies. Column 5 of Table 4 shows prevalence of network
effects for each cryptoasset as calculated by the ratio of total days
to the days where network effects were observed (separately for
positive and reverse). Column 6 of Table 4 shows relative strength
of network effects across cryptoassets. We derive that by calculat-
ing for each cryptoasset the ratio of days where network effects
occurred to the sum of the network effects observations over those
days (separately for positive and reverse) and then reducing to a
100 day period. This allows us to compare how strong network
effects are across cryptoassets regardless of how prevalent they are
across them.

6 ANALYSIS
Our results are useful in reaching a number of conclusions on
how network effects inform the structure and evolution of the
cryptoasset market.

(1) Network effects do not provide precise valuation predictions:
The most common application of network effects theory has been to
draw insights into future cryptoasset pricing based on the evolution
of their userbase. Our results indicate that network effect observa-
tions in cryptoassets are frequent but inconsistent and therefore
they cannot be relied on, generally, as a valuation tool as previous
literature suggests (Figures 2 and 3). They are most frequent in
XRP (45 percent of time in the pair Token Price-Addresses with
Non-Zero Balance) and least frequent in LTC (29 percent of time in
the same pair). While they appear more consistent in ETH and XRP,
their results can be somewhat misleading at first glance: ETH’s
and XRP’s userbase (AdrBalCnt) was constantly increasing and so
any supra-proportionate increase in price registered as a (positive)
network effect observation (blue lines in (c) and (e) in Figure 2).
However, the positive network effect observations are frequently
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Crypto Total days Days of NFX
(pos-reverse)

Sum (strength)
of NFX

(pos-reverse)

Ratio of total days/NFX days
(pos-reverse)

Relative strength of NFX
(pos-reverse)

Bitcoin 3461 1434 47.1 0.400 3.28
243 9.2 0.070 3.78

Doge 2175 695 30.7 0.310 4.40
295 11.1 0.130 3.70

Ethereum 1614 707 33.5 0.430 4.70
12 0.2 0.007 1.66

Litecoin 2473 722 34.5 0.290 4.77
354 11.2 0.140 3.16

XRP 1973 901 41 0.450 4.55
- - - -

Tezos 558 244 10.8 0.430 4.40
- - - -

Table 4: Network effects measurements based on the Token price - Addresses with non zero balance proxy pair

2011 2012 2013 2014 2015 2016 2017 2018 2019 2020

$0.1

$1

$10

$100

$1000

$10000
∆PriceUSD > ∆AdrBalCnt≥ 0 (1433 days, |Σ|=47.105)
∆PriceUSD < ∆AdrBalCnt≤ 0 (243 days, |Σ|=9.262)

(a) BTC

2014 2015 2016 2017 2018 2019 2020
$0.0001

$0.001

$0.01
∆PriceUSD > ∆AdrBalCnt≥ 0 (694 days, |Σ|=30.715)
∆PriceUSD < ∆AdrBalCnt≤ 0 (295 days, |Σ|=11.169)

(b) DOGE

2016-01 2016-05 2016-09 2017-01 2017-05 2017-09 2018-01 2018-05 2018-09 2019-01 2019-05

$1

$10

$100

$1000
∆PriceUSD > ∆AdrBalCnt≥ 0 (707 days, |Σ|=33.503)
∆PriceUSD < ∆AdrBalCnt≤ 0 (12 days, |Σ|=0.295)

(c) ETH

2014 2015 2016 2017 2018 2019

$1

$10

$100

∆PriceUSD > ∆AdrBalCnt≥ 0 (721 days, |Σ|=34.553)
∆PriceUSD < ∆AdrBalCnt≤ 0 (354 days, |Σ|=11.268)

(d) LTC

2015 2016 2017 2018 2019 2020

$0.01

$0.1

$1

∆PriceUSD > ∆AdrBalCnt≥ 0 (901 days, |Σ|=41.158)
∆PriceUSD < ∆AdrBalCnt≤ 0 (0 days, |Σ|=0.000)

(e) XRP

2018-07 2018-09 2018-11 2019-01 2019-03 2019-05 2019-07 2019-09 2019-11 2020-01

$1

∆PriceUSD > ∆AdrBalCnt≥ 0 (243 days, |Σ|=10.810)
∆PriceUSD < ∆AdrBalCnt≤ 0 (0 days, |Σ|=0.000)

(f) XTZ

Figure 2: Network effect observations and distribution (blue: positive NFX, red: reverse NFX, white: no NFX); userbase mea-
sured by total addresses with non-zero balance, value measured by USD token price.
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punctuated by days/periods of no network effect observations dur-
ing which the price either does not rise supra-proportionately to
userbase or drops. In cryptoassets such as BTC and LTC, where
userbase fluctuates, it is easier to notice the changes in network ef-
fects trends (blue and red lines in (a) and (d) in Figures 2 and 3), even
through network effect frequency is comparable to ETH and XRP.
Therefore, it is hard to conclude that in any cryptoasset network ef-
fects exhibit constant patterns that, if extended into the future, can
hold predictive value. This does not mean that we do not acknowl-
edge the exponential long-term price increase of some cryptoassets
(Figure 1), but we note that this is not linked consistently to their
userbase growth, which is what network effects theory suggests.
One explanation of why our results do not support the conclusions
of previous studies can relate to the different time frames. Most
previous studies’ datasets end around the valuation peak of Janu-
ary 2018, missing the precipitous fall in 2018 and the subsequent
rise in 2019, which upend the relatively smoother network effect
curves of valuations up until the end of 2017. Another explana-
tion relates to methodology. For example, Peterson’s revised study,
which covers up to 2020 and confirms the finding of the paper’s
previous popular version that Bitcoin’s valuation follows Metcalfe’s
law, excludes certain sizeable time periods, which, if accounted for,
show a poor(er) fit [27]. A third explanation relates to the proxies
used. Some previous studies rely on wallets (total addresses) as the
proxy for userbase, which is a more crude measurement than our
preferred addresses with non-zero balance, as the latter show only
economically active users and are therefore a better approximation
of relevant userbase.

(2) Reverse network effects are also noticeable meaning that cryp-
toassets are vulnerable to rapid decline, not just conducive to rapid
growth: While network effects have mostly been used to describe
growth patterns, they are equally applicable in describing decline.
Reverse network effects reflect situations where a decrease in users
is linked to a larger decrease in value. Such observations are impor-
tant, because they show that each user loss incurs a greater loss of
value and therefore expose the potential for a rapid decline of the
network once user exodus begins. Reverse network effects therefore
highlight the precariousness of success (as measured by proxies of
value). Most cryptoassets exhibited at least one prolonged period
where reverse network effects were dominant, during which phases
their value contracted disproportionately to the contraction of their
userbase ending up less valuable than their userbase size would
otherwise suggest or mandate during that period. This is noticeable
both when userbase is measured by addresses with non zero bal-
ance, but it is even more pronounced when userbase is measured as
trailing 6-month active addresses (Figure 3). This makes sense since
the users active in the trailing 6-month period are more likely to
be responsive to price fluctuations compared to users who simply
hold some balance on their account. From Figure 3 it is also evident
that user disengagement is almost consistently observed after every
price crash (as manifested through the reverse network effects that
begin 6 months after many of the crashes), and the fact that price
continues to decrease supra-proportionately to userbase, as mea-
sured by active users in the trailing 6-month period, 6 months after
the crash, may be indicative of the lasting effects user exodus has
on the value of cryptoasset networks. Generally, however, while

reverse network effects serve as a cautionary note that rapid decline
of value can be triggered by user exit, they are weaker in magnitude
than positive network effects (Table 4). So, overall, positive network
effects (albeit inconsistent) still seem to characterize cryptoasset
networks.

(3) Cryptoassets do not seem to be a winner-take-all market: A
common corollary of network effects is that they eventually cause
the market to gravitate toward oligopolistic structure, since, every-
thing else equal, users prefer to join the network where the value
from their joining will be maximized. This causes a "rich-get-richer"
effect where the most valuable network continues to become even
more valuable as users prefer to join that over others. Such markets
tend to become oligopolistic, with the usual downsides of such
industry structure (higher prices, reduced output, entry barriers;
lower variety and innovation), and can therefore be a cause for
concern. For this to be more likely to happen the various networks
(=cryptoassets) must be undifferentiated and switching among and
multi-homing across networks must be rare or costly [29]. These
features do not seem to characterize the cryptoasset market, which
accordingly appears less susceptible to a winner-take-all trend, at
least on account of network effects. Indeed, of the thousands of
available cryptoassets many serve different purposes, and users can
own multiple cryptoassets at the same time and enter and exit their
networks without friction. As evidenced by our results, the fact
that the various cryptoassets we studied exhibit network effects
of comparable relative strength (Column 6 in Table 4), and that
they retain their userbase and valuation cycles (Figure 1) seems
to suggest that the underlying market features, including network
effects, do not lead it toward an oligopolistic structure.

(4) Network effects strength across cryptoassets is comparable and
therefore network effects do not accord a single cryptoasset a strong
comparative advantage over its peers, undermining fears of concen-
tration: Besides frequency and duration, i.e. what period of a cryp-
toasset’s lifetime is dominated by network effects, another useful
parameter of network effect observations in cryptoassets is their
strength, i.e. the magnitude of the impact of a userbase change
to value change [31]. Strong network effects can be indicative of
higher homogeneity or cohesion within the network, where the
addition of each new user (e.g. investor) affects existing users of that
closely-knit network more than if it was a different looser network.
In turn, this is reflected in the value of the network, or they may
be indicative of stronger reputational effects, where the addition of
each new user signals major changes for the network, which are
then reflected in its value. Our results show that the comparative
strength of network effects across the studied cryptoassets is sim-
ilar (Table 4). This leads us to believe that no single cryptoasset
benefits from network effects significantly more than its peers and
therefore that no cryptoasset enjoys an overwhelming competitive
advantage over its peers on account of network effects. A necessary
corollary observation is that network effects accrue at similar levels
to the studied cryptoassets, which means that network effects as
a phenomenon, characterizes the cryptoasset industry as a whole
(at least based on our sample), not just Bitcoin, which has been the
main subject of many of extant studies in the area. This is not a sur-
prising finding, but it is worth highlighting that it lends support to
the previous point that the structure of the cryptoasset market does
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not seem to be such where network effects lead it to concentration
around a small number of cryptoassets or that it helps cryptoassets
overtake their peers on account of network effects. This is most
likely because cryptoassets are differentiated and multi-homing
and switching are pervasive.

(5) Network effects are not consistently observed during the early
days of cryptoassets and therefore it is doubtful that they can be relied
on as a tool to bootstrap a new cryptoasset: A common business
model when launching new products or services in digital markets
is to exploit network effects to quickly establish a growing foothold.
Particularly if the product or service is also the first of its kind to
hit the market, network effects can dramatically augment the first
mover advantage, everything else equal. Our results indicate that
network effects are not consistently observed in the studied cryp-
toassets during their early days (the first year of data); in particular,
DOGE, XTZ and LTC do not exhibit consistent positive network
effects neither by token price (PriceUSD) nor by transaction value
(TxTfrValAdjUSD) as proxies for value (Figures 2 and 5). The lack of
consistency is even more pronounced when userbase is measured
by active addresses in the trailing 6-month period, which is an in-
structive measure here, because it tracks recent user activity which
is the driver of early adoption. In Figure 3 only BTC and ETH have a
claim to positive early network effects and in ETH they are sparser.
This suggests that new cryptoassets cannot necessarily hope that
network effects will assist in their initial uptake. It is useful to dis-
pel this hypothesis because investors are looking for patterns in
events that may trigger valuation changes (e.g. the hypothesis that
cryptoasset value as measured in monetary terms increases once
the cryptoasset is listed on a major crypto-exchange).

(6) Comparison between network effects on price and transaction
value reveals sensitivity to price, which can be a competitive disadvan-
tage: Extant literature has relied exclusively on token price as the
proxy for network value. Using transaction value too helps us draw
useful comparisons. For this, it is most instructive to rely on trailing
6-month active addresses as the proxy for userbase, because this
proxy is more responsive to value fluctuations. Then, a comparison
between the strength of network effects measured by token price
(PriceUSD) and by transaction value (TxTfrValAdjUSD) reveals that
some cryptoassets experience greater fluctuations in their transac-
tion value relative to their token price. During upturns, network
effects tell us that token price and transaction value increase more
than the userbase increases, and during downturns, reverse network
effects show the opposite. By comparing the ratios among cryptoas-
sets of the sum of network effects when value is measured by token
price and the sum of network effects when value is measured by
transaction value one can observe differences in how transaction
value is affected among cryptoassets. Specifically, the ratios for
BTC, DOGE, ETH and LTC are similar ranging from 0.12 to 0.14 for
positive network effects and 0.07 to 0.09 for reverse network effects,
whereas XRP’s is 0.07 and for XTZ’s is 0.06 for positive network
effects and 0.04 and 0.03 for reverse network effects (compare sum
ratios in Figure 3 and Figure 4). This means that during periods of
positive network effects, XRP’s and XTZ’s transaction value grows
more than their token price grows relative to their userbase, and
that during periods of reverse network effects, XRP’s and XTZ’s
transaction value drops more than their token price drops relative

to their userbase. This kind of increased volatility may be generally
undesirable, but it is particularly problematic during downturns
(reverse network effects) because it shows that activity on XRP
and XTZ networks is more drastically affected making them more
sensitive and less resilient, which is a competitive disadvantage.
Our results hold too when we look exclusively at 2017 and 2018
as the years with the most sustained price increase and decrease
respectively.

7 CONCLUSION
Network effects can be among the most common and influential
factors shaping market dynamics in industries where products and
services are built around networks. It is no wonder that they have
been cited as a determinant in how cryptoassets grow in value and
how they compete. Our analysis shows that while network effects
do characterize cryptoassets, they do not result in the usual concen-
tration and competitive advantage implications usually associated
with them. Our work also invites further research to determine
the exact scope and conditions under which network effects apply.
More precise proxies for userbase and value and accounting for
exogenous effects are steps in the right direction. It will also be use-
ful to re-run network effects analysis in the future as cryptoassets
mature to observe whether network effects are a macroscopic deter-
minant that simply needs more time to develop results; with only a
decade of history behind them, cryptoassets may be too premature
and fragmented a market to exhibit strong network effects.
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Figure 3: Network effect observations and distribution (blue: positive NFX, red: reverse NFX, white: no NFX); userbase mea-
sured by trailing 6 month addresses, value measured by USD token price.
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ABSTRACT 
The bookkeeping accounting method recognized all over the world 

is based on the so-called double entry, with which in each account 

(defined T-Account for its shape) there are two sections, Debit and 

Credit. These two sections take on different meanings depending 

on the nature of each account. The double entry is an exceptional 

consolidated accounting method that dates back to the fifteenth 

century, however it has highlighted limits in terms of auditing. The 

single entry did not take into account the cross relations between 

the accounts, reporting only on the journal. The double entry has 

overcome this limit by introducing the ledger, but a cross-check of 

the mirrored transactions recorded by the other companies is still 

missing. The introduction of blockchain technology could now 

offer a new opportunity to ensure further auditing control. The 

transition from double entry to triple entry is therefore only a matter 

of time. The blockchain itself is borrowing the word “ledger” from 

accounting and now it is time for accounting to introduce a third 

leg (another axis) to the T-Accounts, that can be turned into a new 

X-shaped version of accounts. This third axis can be used to include 

the unique identifier of each transaction represented by the Hash. 

CCS Concepts 
• Applied Computing ➝ Law, Social and behavioral sciences 

➝ Economics.  

Keywords 
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1. INTRODUCTION 
The double entry accounting methodology, scientifically 

formalized in Luca Pacioli’s book [1] at the end of the fifteenth 

century, has been in use for more than half a millennium so far. 

Numerous accounting studies have refined the bookkeeping 

technique, however the basic structure, consisting of the two Debit 

and Credit sections of each account, along with the use of Ledger 

and Journal, has always remained the same. The use of this specific 

(accounting) language has numerous benefits and it is no 

coincidence that it is still in use today. The digitization of all the 

processes that took place at the end of the twentieth century [2], 

however, greatly facilitated the process of reporting and accounting 

for transactions, thanks to specific software known as Accounting 

Information Systems, then integrated with other managerial 

functions, which determined the birth of the so-called Management 

Information Systems (MIS), up to the inclusion of further 

engineered functions that led to the availability of Enterprise 

Resource Planning Systems (ERPs) [3-5]. The introduction of 

blockchain technology which, especially in the last decade has been 

the subject of particular attention and discussion by scholars, but 

also and above all by companies and the public sector. In this 

research it is assumed that readers know at least the basic elements 

of the blockchain (Node, Transaction, Hash, Ledger, Block), its 

general functioning (a chain of blocks of information shared by all 

users), but above all the its advantages (Decentralization; 

Transparency; Security; Immutability; Consent; Responsibility; 

Programmability). Given this assumption, it is possible to consider 

the blockchain as a new paradigm, rather than a technology [6].  

2. METHODOLOGY 
The methodology used in this research falls within the broadest 

meaning of qualitative analysis, but can at the same time be 

identified in applied research as it aims and proposes a practical 

application of the model devised. Starting from a brief historical 

analysis of the ideas related to the application of the triple game, 

the authors show an alternative way with the creation of a new 

system, also demonstrating its effective applicability. 

3. LITERATURE REVIEW 

The analysis of the existing literature in which this research is 

rooted can be identified in two different strands, that relating to 

previous studies relating to the so-called “triple entry” and those 

relating to the possible applications of the blockchain in 

accounting. Although some researchers have attempted to 

combine these two strands of study, no one has so far been able to 

combine them effectively.  

3.1. Triple Entry Accounting 
At least three main authors who have theorized, in alternative ways, 

the so-called triple entry bookkeeping can be identified. Therefore, 

each of them proposed very dissimilar systems, in different periods 

and geographic areas. Therefore, identifying what the third entry 

might be can become rather confusing. 

3.1.1. Fedor Esersky 
The Russian researcher Fedor Esersky [7-9] named triple-entry 

(also known as the “Russian Triple-Entry”) at the end of the 20th 

century, suggesting the use of three accounting books: 1) 



chronological entry, 2) systematic accounts, and 3) summary of 

accounts. The author intended to overcome one of the limitations 

of the double-entry system by constantly updating of inventory, 

rather than doing it only at the end of the period, avoiding a lag 

between existing goods in the warehouse and their value in the 

accounting books after each sale transaction. Therefore, it would be 

more appropriate to define the system identified by Esersky as a 

“triple book” rather than a “triple entry”. 

3.1.2. Yuji Ijiri 
The Japanese professor Yuji Ijiri, in the 80s of the last century, 

suggested the introduction of a third axis, called "force", in order to 

identify not only the income, but also the wealth, that can differ 

from the income. This system, defined by the author as "momentum 

accounting", also intends to measure changes in the flows of 

accounts, considered as a "force" measure to highlight the extent of 

the changes that occurred in the accounts in the periods. The 

"momentum accounting" system, unlike Esersky’s, therefore 

proposes only the introduction of a third axis, but not also that of a 

third accounting book [9-10]. 

3.1.3. Ian Grigg 
The researcher, consultant and entrepreneur Ian Grigg first 

determined a useful application of the so-called “Ricardian 

Contract” in the modern systems, and then merging cryptography 

and bookkeeping, suggested a triple entry system, eliminating 

reconciliation and allowing accounts to be shared. According to 

Grigg, a triple entry bookkeeping can be defined as “recordkeeping 

for two or more parties through a shared transaction repository 

(STR) with a “signature – signature – signature” structure” [10-

11], in which the transaction is stored in a shared repository only 

once all the signatures are made by the involved parties. Grigg also 

suggested that a further copy of the STR (shared transaction 

repository) could be prepared “as a subledger to the general ledger 

of transactional parties”. The system devised by Grigg, similarly 

to Esersky, focuses again on the creation of a new book, in this case 

a shared ledger (rather than that related to the inventory identified 

by the Russian author), but appears to be missing a third axis where 

the signatures can be stored. 

3.1.Blockchain Accounting 
Blockchain technology has become popular in recent years thanks 

to Bitcoin, with which it is often confused; this technology, which 

is the tool behind cryptocurrencies, is not easy to define, due to the 

many technicalities that characterize it. Blockchain represents a 

new way of managing information that guarantees the immutability 

of the data within it and certifies the history of all data and all 

operations connected to each transaction. The peculiarity of the 

blockchain consists in the absence of a professional intermediary 

who must guarantee the truthfulness of the data. This task, in fact, 

is performed by the participants themselves to the blockchain 

through an authentication system. In addition, any transaction 

stored in the chain cannot be canceled or modified, and remains 

accessible at any time by members of the network. The transactions 

to which blockchain technology can be applied are, ideally, all 

those involving multiple subjects: from payments, to the 

management of information related to contracts (such as smart 

contracts), to transactions that concern the exchange of goods and 

services, besides many others. The potentially affected sectors are 

therefore multiple: from banking to insurance, from energy to 

healthcare, without excluding the telecommunications sector. The 

advantages of using blockchain and smart contracts in 

administrative-accounting consultancy are demonstrated by the 

initiatives launched by the so-called Big Four Auditing companies: 

Deloitte, Ernst and Young, KPMG and PriceWaterhouseCooper. 

Several researchers have argued that blockchain-based accounting 

is the next step for the accounting industry. Ultimately, the 

blockchain is the architecture that lends itself to be the environment 

on which to base the new accounting system proposed by Grigg and 

which has become necessary with the recent financial events that 

push towards decentralized and distributed management of trust. 

There are two characteristics that identify the architecture of the 

DLT as a tool through which to modernize one of the oldest 

professions in the world: a) the immutability of the register; b) 

transparency of transactions [3-11]. The necessary consent (the 

absolute majority of the nodes) to insert the new blocks in the 

register, the consequent unchangeability of the block and the so-

called “Proof-of-Work” makes the blockchain immutable and 

suitable for a profession where precision must be the indispensable 

requirement. Furthermore, given that the register can be consulted 

by a more or less vast community, transactions can be traced and 

known by the public of users who have interest in the performance 

of the company. Blockchain technology meets all the legal 

requirements and accounting standards, above all the ban on 

canceling the already recorded transactions. Since transactions 

cannot be eliminated from the blockchain (in case of modification 

of an incorrect block, the node must insert a new block that corrects 

the previous one), the readability of the accounting entries is best 

satisfied. 

4. FINDINGS AND CONCLUSIONS 

Despite the large number of studies and researchers who have dealt 

with this matter, it is believed that we can offer a decisive 

contribution with the present research. An effective application of 

the blockchain, that could be useful also for auditing purposes, 

therefore, as recently demonstrated by Ian Grigg, requires the use 

of cross signatures before storing any transaction in a shared ledger. 

The system suggested by Grigg, although suggesting a signature for 

each transaction to be stored in the ledger, does not take into 

consideration the need to add another axis to the accounts, as it is 

intended to be demonstrated in this research. The need to add a new 

axis to the accounts appears to be a natural consequence of being 

able to cross-identify (and armor) each transaction, not only in two 

ways to balance the accounts in the double entry system of the 

company, but also to guarantee perfect mirroring of the transaction 

towards the external party with whom the transaction itself takes 

place (see Figure 1) [9-11].  

 
Figure 1. The Evolution of Triple Entry. 



Adding a new axis to an account also entails a necessary 

modification of its shape, which can no longer be represented only 

by the traditional “T”, but by a more complex “X” shape to allow 

the identification of the heading at the top, Debit and Credit, 

respectively at the left and at the right sides, and, last but not least 

at the bottom the third axis will be the hash, from time to time 

obtained in each transaction, to be connected to the values recorded 

in Debit or Credit (see Figure 2). 

 

 

 
Figure 2. From T-Accounts to X-Accounts. 

Given the nature of accounts as it is shown in Figure 3, the double 

entry bookkeeping system can be always considered valid and 

useful for the transaction recording, although integrated by the third 

hash entry [12].  

For a better understanding by non-accountants of the transactions 

under a double entry system, it is considered necessary to highlight 

that the words “Debit” and “Credit” have no intrinsic meaning, but 

only indicate, respectively, the left and right section of the account. 

The meaning of the amounts entered in each section depends on the 

nature attributed to each account, as shown in Figure 3 [12].  

Let us consider the following case study (see Figure 4).  

“Test Company Ltd” carries out the following transactions:  

1) 01.01.2020 £ 1,000 revenue accrual for services rendered to 

“Customer Ltd”;  

2) 05.01.2020 £ 600 bank collection from “Customer Ltd”;  

3) 31.01.2020 £ 250 rent payment (by bank) to “Landlord Ltd”;  

4) 02.02.2020 £ 50 cash withdrawal. 

For greater completeness of information, the nature of each account 

will be indicated in order to understand the meaning attributed from 

time to time by the different sections of the accounts. This is 

essential to understand the balanced (and mirrored) system and why 

the amounts should be entered in the left or right section of each 

account. 

Assuming that all three companies (Test Company Ltd, Customer 

Ltd, and Landlord Ltd) have their bank accounts in different banks, 

we can identify in this case 6 different entities that must access an 

integrated system (on the blockchain platform) to mutually approve 

only those transactions in which they participate directly. 

As can be clearly observed in Figure 3, each transaction follows the 

rules of the double entry, however a numbered link is added to each 

transaction (in addition to the date on which it is carried out), 

relative to the hash, a unique identifier that is assigned to that 

specific one transaction.  

Among all six entities that are considered in the case, not all (apart 

from the Test Company Ltd) are always involved in the approval 

of all transactions, but only in those that are relevant to them. The 

approval of the transactions should take place by affixing a digital 

signature (through a smart card, a digital token, or a biometric or 

similar device) with consequent automatic affixing also of a time 

stamp. In a similar scenario, for reasons of control (corporate 

governance), of internal and external cross-checking (internal and 

external auditing), the rule of separation of duties must be 

necessarily applied (as also indicated in general by the COSO 

Framework), therefore the accounting office will only take care of 

accounting recording, while another office (e-procurement), duly 

delegated by the company administrator, will deal with the 

validation and digital signature of the transactions to have the hash 

attributed, even if asynchronously with respect to the accounting 

recording. 

  

Figure 3. Nature of accounts. Source: [12] 

 



By analyzing the individual transactions, the relevant subjects (see 

Figure 5) for the simultaneous approval of each of them are 

identified. 

- Transaction 1) services rendered: Test Company Ltd – 

Customer Ltd; 

- Transaction 2) receivable collection: Test Company Ltd 

– Customer Ltd – Bank 1 – Bank 2; 

- Transaction 3) rent payment: Test Company Ltd – 

Landlord Ltd – Bank 1 – Bank 3 

- Transaction 4) cash withdrawal: Test Company Ltd – 

Bank 1 

Considering that the hash can be attributed only and exclusively if 

all the entities involved in the specific transaction approve it by 

affixing a digital signature (and the related time stamp), in the event 

that an entity does not affix it, it could be immediately (from an 

auditing perspective) to focus attention first on those transactions 

with the missing hash. The lack of hash in fact could alternatively 

configure two situations: a) negligence or delay of one of the 

entities involved for the affixing of the digital signature; b) 

identification of errors, by one of the entities, which rightly refuses 

to confirm the transaction. The lack or delay in obtaining the hashes 

(which an occur asynchronously), does not generate any problem 

from an accounting perspective, as the recording process can 

Figure 4. X-Accounting Case Study. 



continue to be made according to the double entry system. Missing 

hashes can be added later (without creating delays in the accounting 

chronological recording) or cause adjustments to incorrect 

recordings [14-15]. 

The advantages deriving from such a system would therefore be 

evident both with regard to auditing (avoiding fraud such as those 

that occur through the invention of false invoices or unjustified 

increase in revenues), and from a corporate governance perspective 

in terms of processes, requiring different cross-checks both 

internally (between different departments of the same company 

such as accounting and e-procurement) and externally, with a 

mirrored cross-check with the counterparties of the transactions. 

The demonstration just carried out of a practical application of 

accounting integrated in a blockchain system constitutes the first 

empirical evidence of the feasibility of exceeding the limits of the 

double entry. The integration of this system now seems desirable, 

but above all a greater dialogue between engineers and accounting 

and finance experts. It is necessary to have a financial literacy of 

the IT engineers to understand the operation of the transactions, 

equally obvious is the need for the accountants to have to know the 

technologies underlying the system just described. 

5. LIMITATIONS 

The main limitations that can be identified for this research are 

essentially two: a) the application is proposed only in theory, as it 

would be necessary to develop and codify a suitable software to 

integrate accounting with the third axis and at the same time 

generate a hash shared in every transaction; b) as this is an early 

stage study, potential cryptographic or privacy issues have so far 

been neglected. 
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Abstract 

Network effects exist when the value of a product increases as the number of users increase. 

For network sponsors, strong positive network effects result in market concentration and 

increase their market power. These effects also exist for decentralized networks such as the 

network for blockchain-based digital assets; however, in these markets, there are no 

centralized sponsors and market power is distributed in the hands of the participants. For 

decentralized digital assets, network effects are unlikely to result in a winner-take-all outcome, 

and multiple digital assets can remain viable in the long-run. These markets also prevents 

rent-seeking and are inherently more efficient 
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INTRODUCTION 

 

A product or service exhibits positive network effects if the benefits of its usage increase as the 

number of users increase. In economic terms, this is also known as demand-side economies of 

scale. This phenomenon can be observed across many industries like communications (Oren & 

Smith, 1891), payments (Leibbrandt, 2004), gaming (Shankar et al., 2002) and social media 

(Qiu et. al, 2015), where the benefit of consumption is influenced by the size of the network of 

consumers. In telecommunications, for example, a user only derives value from joining the 

network if their immediate circle and other potential contacts are also easily accessible via the 

network or other compatible ones. Strategy literature has extensively analysed the role of 

network effects in delivering competitive advantage to network sponsors (see Katz & Shapiro, 

1985), and both researchers and practitioners have studied how companies deploy strategies to 

create and reinforce these effects in order to gain and protect market share (Tucker, 2018). In 

most cases, network sponsors perpetuate network effects by deploying tactics which will 

increase switching costs for users. These tactics could involve product pricing, e.g., through 

penetrative pricing--negatively tagged “bargain-then-rip-off” (Farrell et al., 2006; Westarp et 

al., 2000)—or they could be through product development by ensuring incompatibility with 

competitors’ products. 

For consumers, switching costs are the costs associated with switching from one product, brand 

or system to another. These are commonly monetary costs, but they can also be intangible costs 

like time, effort, learning costs and other psychological barriers (Burnham et al., 2003). Acting 

rationally, consumers would assess the benefits from switching to be positive net of the costs; 

consequently, where product qualities cannot be significantly differentiated or improved over 

competitors’, sponsors or promoters attempt to increase switching costs to preserve their 

market advantage. Switching costs function to reinforce network effects (and vice versa) in 
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industries where they apply; as network effects strengthen, the opportunity cost of transitioning 

to a less robust network itself becomes a significant switching cost. 

Management literature has mostly examined network effects in the context of sponsor agents 

interested in appropriating monopoly benefits, and the role of switching costs in the process. 

The effect of compatibility between competing products and standardization to enable 

complimentary products in the aggregation of network effects and its externalities have also 

been well-researched (see Besen & Farrell, 1994). Farrell et al. (2006) have examined policy 

implications for high switching costs in order to prevent a winner-take-all outcome that might 

create sub-optimal market welfare outcomes, for example, via legislation in favour of cross-

network compatibility between large and small competitors. However, as the field is still 

nascent, research is light on describing the development of network effects in the context of 

decentralized assets and systems, where there are no sponsor agents and where the value from 

network effects does not accrue monopolistic profits to any single entity. Furthermore, little is 

explained about the implications for network effect development where there are multiple 

competing products which are compatible in these decentralized marketplaces. 

Blockchain-based digital assets are an emerging class of assets, a foundational subclass of 

which are decentralized in nature. Decentralized digital currencies like Bitcoin, for example, 

have a network of users who benefit increasingly as the size of the user network grows. These 

benefits vary according to the utility to the holder. For users interested in its use-case as a 

currency or payment instrument, more users on the network imply broader acceptability, better 

liquidity and legitimacy. Likewise, for speculators and users interested in the asset as a store 

of value, increasing usage ensures price stability or appreciation. The pricing power and 

governance framework of the Bitcoin asset on the network is not within the remit of any single 

agent; it is determined by the push and pull of demand and supply in the market, and consensus 

of participants respectively. 

The technical barrier to entry for the creation of other digital assets that could compete with 

Bitcoin’s use-cases is extremely low, and many competing blockchain networks such as 

Ethereum have emerged and developed their own network of users in parallel. The motivation 

for participating in these alternative blockchain networks could be for pecuniary benefits based 

on an expectation of price appreciation if demand for the asset grows. It could also be for 

philosophical reasons, or due to a new utility derived from a unique feature on that blockchain. 

For example, some assets have been created with properties that promote privacy, and others 

have been developed to optimize for transaction cost and speed. Nonetheless, the absolute 

power of asset creators, and subsequently the installed base, diminishes marginally as the 

network grows. This thesis assumes idealistic cases of decentralization where there is no 

collusion or opportunity for any central agent to coordinate and implement changes to define 

otherwise market-determined fundamentals like pricing and supply. 

Core blockchain technologies on which most digital assets are developed are open-source, 

consequently, many digital assets share the same properties and standards. This makes many 

assets developed over the same blockchain compatible by default. Also, there exists 

decentralized exchange platforms where multiple digital assets are paired, whether or not they 

are developed using the same blockchain standard. These assets can be exchanged peer-to-peer 

based on market-determined prices, making them also compatible for trading purposes, or more 

appropriately, “cross-fungible” if they have significant market liquidity due to the transparency 

inherent in their price discovery. This is in contrast with sponsored products where it is more 



 

  

likely for firms with good reputations or large existing networks to favour incompatibility (Katz 

& Shapiro, 1985). 

Digital asset exchanges are generally not promoters of any individual network and they have 

no incentive to promote the development of one network over another. In fact, their operational 

model involves facilitating movement between assets, and they thrive on transaction frequency 

which is conditional upon having at least two assets with a critical mass of users. A market 

where there is a winner-take-all asset as a result of dominant network effects or otherwise could 

render them obsolete, as there will be no alternative asset to exchange into. However, 

centralized exchanges, especially dominant ones, have the power to influence the development 

of network effects by being selective about which assets to list for trading. An exclusionary 

model, either for cost, regulatory or other reasons, creates unequal opportunities for assets to 

amass users. For simplicity I only consider decentralized assets in a theoretical market where 

they are only exchanged in decentralized marketplaces. 

This paper reviews existing management and economics literature alongside data showing the 

evolution of the cryptocurrency market to further theorize about the dynamics of network effect 

development for blockchain-based decentralized assets. The underlying question is whether or 

not a winner-take-all network can be predicted to emerge in decentralized markets where there 

are no central agents to preserve and appropriate value from such a network, where there are 

many players due to low barriers to entry, and where multiple competing products are 

compatible. In the context of blockchain technology, compatibility is considered as the multiple 

assets sharing one blockchain standard or wallet (storage and governance) system, or where 

this state is achieved via an adapter (cross-chain technologies). Across blockchains, 

compatibility can also be described as the pairing of one asset to another such that they can be 

easily converted into each other.  

 

Abstraction Layers of Blockchain Networks 

The role of network effects in strengthening market concentration has been well-established. 

Network effects function to install monopolies (Helias, 2016) and Katz and Shapiro (1985) 

examined network effects in oligopolistic markets where there is more than one network 

equilibrium. They expanded network definitions by proposing a broader scope of networks 

based on compatibility within a market, thereby expanding the scope beyond monopolies to 

oligopolistic settings. They argue that competing products that are compatible have one 

network equilibrium, and can therefore be defined as one network. This would imply that 

different networks of decentralized blockchain assets are indeed a single network on aggregate 

due to their compatibility. I contend that these networks can both share one equilibrium and 

multiple equilibria simultaneously depending on the level of network abstraction.   

On the one hand, all compatible blockchain assets constitute one network that is incompatible 

and competing with traditional or sponsored/centralized assets (further study is required to 

examine the dynamics of network effect development between centralized and decentralized 

competitors in an oligopolistic setting); on the other hand, within this high-level network are 

heterogeneous sub-networks that are compatible but in competition with each other. 

Disallowing for abstraction neglects the heterogeneity of utility between networks (where the 

assets are not perfect substitutes) and the possibility of multi-homing (where the assets are not 

complements). The interrelationship between decentralized sub-networks shown in the 

Diagram 1 below is the scope under review. 



 

  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Traditional network effects in centralized markets reduce average cost for sponsors (supply-

side economies of scale). In both centralized and decentralized networks, they also increase the 

opportunity cost of switching (demand-side economies of scale). This suggests that as long as 

strong network effects exist, markets will become concentrated regardless of structure. 

However, this theory is yet to be definitively established in practice. Weitzel et al. (2000) 

highlighted common results of previous studies that appear to be in conflict with observable 

phenomena in modern networks. Examples highlighted include the notions that: 

• Demand-sided positive network effects inhibit multiple equilibria and the market will 

finally lock-in to a monopoly situation with one standard winning total market share.  

• In what is called the “start-up problem”, excess inertia can occur as no actor is willing 

to bear the overproportioned risk of being the first adopter of a standard. 

• Laissez-faire of decentralized markets should be replaced by centralized state control 

to ensure favourable diffusion of technologies subject to network effects. 

Weitzel et al. (2000) argued that if optimal networks under (positive) network externalities are 

monopolies, then all networks are too small. Such a logic applies only in the context of 

sponsored products where increased network sizes result in falling average costs. In general, 

their discussion attempts to expose the deficiencies in traditional thinking about network 

effects, and it proposes a more interdisciplinary theory of network effects where uncertainty, 

bounded rationality and evolutionary system dynamics on behalf of network actors are 

incorporated.  

 

Centralized Network 
Compatible Master Decentralized Network 

Diagram 1. 



 

  

By engaging this approach, they propose that the existence of multiple equilibria and the 

coexistence of optimal network sizes below the population can be better explained. Although 

their work is in relation to sponsored networks, their proposal to extend network effect theory 

included that a distinction should be made between centrally and non-centrally coordinated 

networks. 

 

Decentralized Digital Assets 

Following the global financial crisis of 2007 to 2008, an anonymous developer published the 

white-paper and technology for Bitcoin, the first mainstream decentralized digital asset. The 

invention was welcomed by the scientific community because it solved a popular “double-

spending” problem that has long inhibited the assignment and transfer of value digitally over 

the internet. The vision behind the creation of the instrument was to develop a self-governed 

alternative to the traditional centralized financial system with software-defined themes like 

privacy, transparency, security and neutrality. In the Bitcoin white-paper, Satoshi Nakamoto 

stated that "what is needed is an electronic payment system based on cryptographic proof 

instead of trust". The system was structured to rely on independent self-interested actors to run 

computer nodes which are used to verify transactions and permanently record them on a public 

ledger. The asset was also programmed to have a capped supply, and supply is created in the 

form of rewards to network participants that invest computing resources to support the security 

and on-going functioning of the network. 

Since the invention of Bitcoin, thousands of other digital assets have been invented, some with 

radically unique attributes compared with the Bitcoin blockchain, and others as simply “forks” 

of the Bitcoin blockchain. A fork is a process whereby all or a subset of node operators collude 

to create new rules governing transactions, and therefore a new network. New digital assets 

have been created either as a clone to existing assets, or to improve on specific qualities such 

as transaction speed, privacy, security, maintenance, etc. Assets can be created for many use-

cases, or for no specified one, but the key attribute of a decentralized asset is that its 

development mechanism is not centrally managed and the underlying technology is auditable. 

Nonetheless, since its creation, Bitcoin has maintained its position as the dominant network, 

accounting for about 60% of the market capitalization of all assets. Bitcoin’s continued 

dominance supports the literature on first mover advantages and the formidability of network 

effects. As the genesis digital assets on the blockchain, it has successfully installed a significant 

user base with over 50 million wallets without a central sponsor agent.  

The strength and growth of this base has added merit to the asset’s use case as a payment 

instrument and the definition of currency as a social construct, a classic demonstration of the 

network effect phenomenon. Due to the scarcity programmed into the asset, the expansion of 

the user base has also promoted the asset as a viable store of value. Broadly, most blockchain-

based digital assets (also known as cryptocurrencies) compete with Bitcoin for those two use 

cases in addition to their espoused unique functionalities. This utility as currencies and stores 

of value have introduced speculation into the asset class, as potential network participants take 

positions in a network based on their individual cost and utility function. Among other personal 

variables, this function includes a valuation of the currently installed base, the predicted size 

of the network and the opportunity cost of participating in the network. 

Katz and Shapiro (1985) explained that rational network participants operate with unique cost 

and utility functions and a diversity of expectations, which could lead to multiple fulfilled 

expectations of equilibria. A set of network participants may believe that an asset will remain 



 

  

dominant or predict future growth of its user base. This belief will inform their willingness to 

pay for the asset, and they might decide to concentrate on one asset, or multi-home; that is, 

maintain a portfolio of different assets. The hybrid and shared functionality inherent in most 

digital assets ascribe them the attribute of being both substitutable for certain use-cases, and 

unique for others. 

Adoption of Digital Assets 

 

The decision to join a blockchain network or adopt a digital asset is generally influenced by an 

assessment of the technical conditions, philosophical reasons, network effects and economic 

incentives. Technical considerations by prospective users could include the appropriateness of 

the implementation for the suggested use case, and the perceived soundness of the system via 

expert assessment. Due to the open-source foundations across the industry, several digital 

assets share technical properties, so the best technical conditions are typically met by new 

assets. For example, thousands of digital assets are compliant with the ERC-20 token standards 

on the Ethereum blockchain. The name, ticker, attributes and supply of the asset can be unique, 

but the underlying technology remains consistent. This creates a system where tools for storage 

(e.g., hardware wallets) and tracking tools (e.g., Etherscan) can be shared, reinforcing network 

effects. 

Philosophical considerations and agendas can be strong drivers of adoption and stickiness. 

Bitcoin’s growth, and indeed the growth of decentralized digital assets in general, have been 

driven by participants’ belief in individual agency, decentralization, freedom and personal 

responsibility. Inventions of new blockchain systems and system forks are often executed 

purely for philosophical reasons. For example, digital assets like ‘Monero’ were created with 

significant emphasis on privacy. The Ethereum blockchain standard was developed with the 

underlying philosophy of universality; that is, without features but as a Turing-complete 

scripting language for smart contract development. Multiple digital assets can share a global 

philosophy like decentralization, and individual assets can exist to promote a unique 

philosophy. The size of a digital asset’s community is therefore influenced by the number of 

users that subscribe to its philosophy. 

The value of any blockchain asset increases as the number of users increases. Decentralized 

digital assets uniquely derive value from network effects. A high and increasing number of 

network participants suggests that the network is increasingly secure, it positively signals its 

future prospects for further acceptance and development, and it makes the asset more likely to 

be liquid and desirable for its practical use cases. A large installed base also confirms a potential 

participant’s bias in favour of the asset and triggers the human instinct to follow the wisdom 

of the crowd. Network effects generally de-risk an asset for a single individual and increase 

switching costs for participants. 

As many assets have assumed a speculative form, economic incentives have become strong 

drivers of adoption. Participants pursuing economic incentives may or may not be interested in 

the technology or the philosophy behind decentralization. Digital assets have been extremely 

volatile over the past decade, with prices seeing extreme high and low swings. Over any long-

term period under review, Bitcoin, for example, have shown strong performance in terms of 

price appreciation, and this has created a large base of participants that consider digital assets 

as a viable investment class. New assets are also released to the public via mechanisms like 

Initial Coin Offerings (ICOs) or Initial Exchange Offerings (IEOs), a small fraction of which 



 

  

has returned significant gains to early participants. Investment considerations are driven by 

many factors, including the investors’ risk profile and strategy, and these all combine to 

determine how assets are adopted. Also, diversification is a fundamental risk management 

technique in portfolio construction; this would increase the rate of multi-homing and preserve 

the market preference for a diverse selection of assets within the category for participants in 

pursuit of economic incentives. 

Fundamentally, the surplus that the investor will derive from purchasing the asset depends on 

the number of other agents who join the network (Katz & Shapiro, 1985). So, economic 

considerations are driven by the speculator’s expectation of future network size, and also the 

opportunity cost of investing in another network or asset class subject to the investor’s 

personalized time horizon and returns expectation. Katz & Shapiro (1985) developed a decision 

flow for the adoption of sponsored assets with network effects. This can similarly be extended 

to decentralized digital assets as shown below: 

 

Sponsored Networks (Katz & Shapiro, 1985) 

 

Decentralized Networks 

 

Consumers form expectations about the size of 

the network with which each firm is associated. 

 

Consumers evaluate the pre-installed size 

of the network. 

 

The firm plays an output game, taking 

consumers expectation as a given, to generate a 

set of prices. 

 

Prices are determined by the market ex-

ante. Consumers form expectations about 

the future size of the network.  

 

Consumers make their purchase decisions by 

comparing their reservation price (based on 

expected network sizes) with the price set by 

the firm. 

 

Consumers purchase without a 

reservation price; purchase is based on 

their expectation of the future size of the 

network relative to their expectation of 

the future size of an alternative network. 

 

 

 

In summary, the size of any network is a function of the technical conditions, philosophical 

factors, network effects and economic incentives. A future state where there is an 

overwhelmingly dominant digital asset implies that one blockchain network simultaneously 

exhibits superior technical conditions, with enough dynamism to satisfy all possible utilities 

for blockchain-based digital assets. All participants must be rational enough to ascribe value to 

this dynamism and superiority, and the asset must embody the diverse philosophies of the 

population. The asset must already have strong positive network effects such that the switching 

costs will be prohibitively high, and lastly, the entire population must expect that the asset will 

indeed be dominant in the future and that it will outperform all other digital assets over any 

time period. These conditions will be difficult to satisfy to the extent that a winner-take-all 

digital asset will emerge. 

 

 



 

  

Population Ecology of Decentralized Assets 

How do decentralized networks or organizations form, evolve and die? Population ecology 

theory can be very useful for understanding the evolution of organizations. Prior research on 

population ecology theory has focused on the perspective of centralized organizations to 

investigate why and how different organizations exist; however, the theory is perhaps even 

better adaptable to decentralized populations which better mirror biological ecosystems. 

According to the work of Hannan and Freeman (1977), competition, natural selection and 

survival are the main principles of population ecology, and the combination of external factors 

and inertial pressures in the organization determine the organization's ultimate 

survival. External pressures that face competing decentralized networks are consistent. These 

include legitimacy constraints and regulatory barriers to participation in the market. Ultimately, 

the market, via collective rationality, will evolve to determine the optimal number of viable 

networks. The networks that represent the best fit to their environment will survive and expand 

at the expense of others (Hannan and Freeman 1989), and as with biological populations, 

several species can survive with several interdependent. 

The principle of isomorphism is also relevant in answering the question about how many 

different networks can exist. According to Hawley (1968), "the diversity of organizational 

forms is isomorphic to the diversity of the environments. In each distinguishable environmental 

configuration, one finds, in equilibrium, only organizational forms optimally adapted to the 

demands of the environment". According to DiMaggio and Powell (1983), institutional 

isomorphism is “a constraining process that forces one unit in a population to resemble other 

units that face the same set of environmental conditions”. The prediction suggested here for 

competing decentralized organizations, particularly compatible ones, is that increased 

interaction will ensure homogenization over time, which will lead to a scale shift, as numerous 

small organizations fade away to be replaced by a smaller number of larger organizations 

(Bloodgood, 2011). 

Density Dependence Model 

 

The rate of formation and extinction of decentralized networks can also be evaluated via the 

density dependence model. It brings to the fore the role of competition and legitimacy in 

determining survival. The model predicts that the rates with which organizations form and die 

are a function of the number of existing organizations in the population at any given time 

(Hannan, 1986; Hannan and Carroll, 1992). 

Capital is limited, so eventually, new networks will not be able to develop without eroding an 

existing network. Limited capital could go to the new digital assets, but an increase in failures 

will signal or trigger resource scarcity within the asset class, which will further discourage new 

creations (Singh and Lumsden, 1990). The market will experience increasing interaction 

between network effects of incumbents and start-up problems (liability of newness and 

smallness) of new entrants. The greater the number of new entrants, the higher the start-up 

problems and opportunity cost of switching from a viable network (Aldrich & Auster, 1986). 

“Density has a non-monotonic effect on founding rates; that is, at low density, legitimation 

increases founding rates, but at high rates of density, competition leads to declining founding 

rates” (Salimath et al., 2011). 

 



 

  

Implications for Market Efficiency 

In economic terms, intermediation is a remedy to correct market failure. Information 

asymmetry therefore allocates market power to central agents, and this creates inherently 

inefficient markets as centralized agents influence prices, command rents and distort trade (e.g., 

central and commercial banks in currency markets). The literature suggests that the nature of 

decentralized networks, following isomorphism across networks and taking into consideration 

the factors that influence the adoption of digital assets, will be unlikely to create a winner-take-

all system. At best, the market will converge into decentralized oligopolistic networks. A 

research study by Nava (2015) answered the question whether behaviour in decentralized 

oligopolistic markets can approximate perfect competition. 

The study analysed oligopolistic markets in which the role of players in the economy is 

determined in equilibrium, where the network describes the set of feasible trading relationships 

and where traders maximize their private utility. The study concluded that when the number of 

players is small, trade is necessarily inefficient because of the price distortions implied by 

quantity competition. “The result establishes that trade is almost efficient if and only if it is 

possible to clear markets without recourse to intermediation in any large community. If so, 

direct competition among players belonging to neighbouring large communities eliminates 

resale and restores efficiency” (Nava, 2015). This near-efficiency describes decentralized 

digital asset networks, but only at scale. In this market, according to Nava’s 2015 model, “all 

units were sold at one price in any large community; and intermediation persisted only to 

supply communities of negligible size.” In contrast, centralized agents constrain trade due to 

their market power, and perfectly competitive resale markets cannot exist. Decentralization 

supports market efficiency; however, whether or not it optimizes social welfare will be context-

dependent. 

Current Market Landscape 

 

Several decentralized networks coexist, each operating at significant scale with billions of 

Dollars in market capitalization and daily trading volume. Each of the networks continuously 

leverage on their internal network effects to expand, and the strength of an existing network 

does not prevent newer decentralized network from gaining traction. More so, in some 

instances, emergent networks can be complimentary to the sustenance of an existing network. 

For example, a "decentralized finance" (also known as "DeFi") phenomenon has recently 

emerged along with concepts like "yield farming", where users provide liquidity for certain 

assets in exchange for rewards in a new cryptocurrency. New networks are then formed out of 

these reward tokens as value becomes ascribed to them in a public marketplace. A case study 

of this phenomenon is the Yearn Finance DeFi reward token (YFI) which saw an astronomical 

rise into the top 50 cryptocurrencies by market capitalization after crossing $1billion in total 

value within a few weeks of its creation. In this case, the economic incentives for adoption 

were strong for network development, and while YFI was developed on Ethereum's ERC 20 

protocol, making it identical in attributes to Ether (the second largest cryptocurrency by market 

capitalization) the unique and opportunistic economic incentives for YFI still supported the 

emergence of a new network at scale without apparently compromising the long-term viability 

of any existing network. 

 



 

  

CONCLUSION 

Strong positive network effects increase switching costs, enable market concentration and 

promote the emergence of monopolistic agents. This can result in a winner-take-all outcome, 

and sponsors of networks can capture value in a way that is sub-optimal for the overall market. 

Unsponsored networks like the market for decentralized digital assets are also subject to 

concentration due to network effects; however, the dynamics of blockchain-based 

decentralized networks make this outcome unlikely. Competing networks of decentralized 

digital assets are compatible, making them a single network with one equilibrium at a high 

level of abstraction when they are considered in aggregate to be in competition with traditional, 

centralized assets. At a second level of abstraction, multiple networks operate with multiple 

equilibria, and while network effects apply for each network, several can remain viable. 

Organizational isomorphism and density dependence can result in newer assets becoming 

progressively unviable, homogenization can begin and oligopolies of viable networks can 

emerge over time as a result, but this will only be if the population determines that such an 

outcome is the best fit for the environment, and not because of market power exertion by a 

centralized network sponsor. If there are a large number of participants, decentralization, as 

fundamental to the digital asset ecosystem, ensures near-perfect competition and results in 

more efficient trading markets. Further study is required to determine the possible impact that 

proliferation of decentralized networks across more industries will have on governance and 

social welfare outcomes. 
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