Network Dynamics of a Financial Ecosystem
Shahar Somin1,2 , Goren Gordon2,3 , Erez Shmueli2 ,
Alex ’Sandy’ Pentland1 , and Yaniv Altshuler1,3
1

2

MIT Media Lab, Cambridge, MA, USA
Industrial Engineering Department, Tel Aviv University, Israel
3
Endor Ltd.
shaharso@media.mit.edu
Abstract

A

B

Count

During the past decade, data-driven research has increased in an unprecedented scale across most scientific
disciplines. Specifically, an abundance of research works has focused on the study and modeling of economic
ecosystems (1–5). However, difficulties in acquiring empirical economic data, due to privacy control and regulatory
limitations, pose great impediments to these endeavors. In particular, the scarcity of large-scaled user-level
financial datasets hinder the appliance of network theory methods to financial ecosystems. The use of these
recently developed methods proved great prominence in modeling behavioral dynamics in a variety of complex
systems (6–13), suggesting they may also enable accurate modeling of economic markets.
In this work we suggest that the trading of cryptocurrency-tokens (14–16) on top of the Ethereum Blockchain
(17), a publicly available financial dataset encompassing the individual financial activity of millions of different
actors trading tens of thousands of varied assets, may be used as a testbed for such analysis. This financial
ecosystem, of an overall market cap of 120 Billion USD to-date, is akin to countries like Spain or Italy in terms
of number of participants, and to Hungary or the Ukraine in terms of total GPD. The main goal of our work is
to establish that this new and evolving cryptocurrency-economy shares important properties and dynamics with
the traditional one. We analyze this economy using a network theory approach, and demonstrate it displays
an abundance of phenomena, known in existing literature to be characteristic of financial ecosystems, such as a
power-law distribution of network degrees (18–21) and oscillating dynamics (22, 23), as can be seen in Fig. 1.
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Figure 1: Cryptocurrency network evolution over time, demonstrating the underlying consolidation process
the network’s topology undergoes. Panels A and B depict the dynamics of incoming and outgoing degree
distribution parameters γtin and γtout over time. Harmonic Under-Damped Oscillator models, OSCTin and
OSCTout , are fitted to data up until T=31.12.2017 (left part of panels A and B), and their predictions for the
following year are displayed in right part of panels A and B. Panels C and D present a comparison between
the dispersion of γdin and γdout along training and test data.

This affinity between cryptocurrency-economy and the traditional economy, suggests that a better modeling
of the latter could become possible through the use of high-granularity analytical approach on the former, where
data is ample and abundant.
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