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In this dissertation, I study the decision-making process of participants on online platforms. I specific-
ally focus my attention on the sequential aspects of such processes, i.e. my interest is in understanding
the endogenous determinants of the decision-making processes in the contexts crowdsourcing and crypto-
currencies. First, I study the user participation in an open-innovation platform, specializing in solving
socio-economic problems via crowdsourcing ideas and solutions. I hypothesize that platform participants
are creatives who, with the right mix of knowledge and application, can find solutions to these problems
requiring inter-disciplinary skills. I model their participation decisions as dependent on their entire history
of knowledge acquisitions and applications i.e. every focal interaction, with the platform, is dependent on all
the past interactions and all the future interactions are affected by the focal interactions. This allows me to
uncover the nuanced usage of existing knowledge by platform participants in generating creative ideas that
has implications for managers of knowledge-based crowdsourcing platforms. We also highlight the import-
ance of feedback mechanisms that adds to platform participants’ knowledge over time. Further, we also find
a significant impact of learning-by-doing in improving users’ creative ideation abilities. In my second study,
I study the cryptocurrency mining industry, specifically focusing on the competitive equilibria in Bitcoin and
Bitcoin-Cash around the time of Bitcoin fork (which led to the birth of Bitcoin-Cash). I also investigate the
impact of emergency difficulty adjustment algorithm on the Bitcoin-Cash’s equilibria. I model these mining

pools (or miners) as forward-looking profit-maximizing firms whose strategic interactions lead to dynamic



changes in the underlying system’s protocols. Our results indicate that competition among Bitcoin miners
has a positive externality, improving the expected payoffs for every miner. Further, our investigation reveals
the dynamic impact of this externality for the Bitcoin-Cash ecosystem owing to emergency difficulty adjust-
ment algorithm. We also estimate the varying impact of the within-miner competition, from BTC mining, on
the BCH mining rate. Our counterfactual simulations provide further insights into possible configurations

for the emergency difficulty adjustment algorithm.
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Chapter 1

INTRODUCTION

The ability (or the inability) to correctly learn from our prior decisions, to guide future decisions, has
shaped the course of human history. In an almost online world, billions of users make trillions of decisions
(or choices) on digital platforms which facilitate their many needs, such as social connectivity (social me-
dia), buying and selling goods and services (e-commerce), sourcing knowledge and talents (crowdsourcing),
etc. These decisions, however small or large, impact the users’ future interactions with the platforms dy-
namically. Since a major part of our life now is spent navigating and interacting with these relatively young
systems, it becomes imperative to analyze the sequences of choices and their dynamic inter-dependencies.
Every interaction, such as an online click, comment submission, payment processing, etc. creates a di-
gital trail or trajectory of rich user information. These trajectories can be utilized to understand the users’

underlying dynamic decision-making processes.

Every user decision is made in a certain context and therefore, its analysis requires us to investigate it
within the bounds of that context. While some research questions permit us to assume that these decisions
(or interactions) do not affect the underlying context or that they are independent of the past, conditional
on the present state of the context, some settings require us to understand and model these inter-dependent
interactions with the environment or drop Markovian assumptions whenever necessary. I motivate my re-
search from the vantage point of the econometrician: (a) abandon Markovian dynamics and assume that the
entire past history of the focal user has an effect on his current choices, and (b) assume that the focal user is
a forward-looking rational agent, i.e., his current choices are affected by his beliefs on the evolution of the

context and his future decisions therein.

In Chapter 4, I analyze the decision made by users of an open innovation platform regarding common
participation activities such as acquiring knowledge from their peers and submitting their ideas for chal-

lenges. Open innovation platforms connect knowledge-seeking firms with knowledge-providing users (also



referred to as crowdsourcing). Their success depends on finding the right set of creative and knowledge-
able users and nurturing them to provide high-quality solutions. I focus on one of the key determinants of
creativity, analogical learning, on the ability of these platforms to increase their creative throughput. Ana-
logical learning is the phenomenon of using the knowledge acquired from one domain to solve problems of
other domains. This phenomenon plays an even bigger role when dealing with inter-disciplinary problems,
such as socio-economic challenges like eradicating poverty, reducing waste, etc. Our research context is an
open innovation platform dealing with socio-economic challenges that require inter-disciplinary knowledge
(and hence, the ability to connect knowledge from one domain to another). A user’s current participation
is affected, not only by his past activities, but also by the content of the said activities. In our context,
this content represents knowledge about solving different types of problems (also referred to as analogies
or stimulus ideas). We model the focal user’s participation decisions through an endogenous framework of
Mutually Exciting Point Processes and explicitly impose knowledge-based structure through the dependency
of idea submissions on the interaction of acquired knowledge (from other ideas on the platform) with that of

the required knowledge (for a particular challenge).

By utilizing the activity stream data of 13,028 participants from 2010 to 2016 from this open innovation
platform, I uncover the synergistic effects of these participation activities on creative outcomes. I find that
knowledge acquired from others’ ideas (stimulus ideas) plays a vital role in the creative ideation process,
but their effect is more nuanced than what we have known so far. In contrast to the prior belief that distant
analogies, stimulus ideas outside of a problem domain, spur creativity, we find that distant analogies lead
to failures. Yet, we further find that such failures are indispensable to the creative ideation process because
failures motivate idea generators (1) to acquire more knowledge by increasing their future knowledge ac-
quisition from other participants (learning-from-others), and (2) to persist in generating ideas that lead to
improvements in their ability to apply the acquired knowledge and to identify innovation tasks that are relev-
ant to their stock of acquired knowledge (learning-by-doing). Our results indicate that failures are a stronger

driver of the learning activities than successes.

In Chapter 3, I empirically analyze the equilibrium behavior of miners involved in mining Bitcoin (BTC)

and Bitcoin-Cash (BCH) cryptocurrencies during the period of April 2017 - February 2018. These miners



are responsible for processing transactions and creating new coins, and compete with each other to be the
first one to do so. Hence, their strategic interactions with the underlying platform affect the commonly
shared platform protocols, which in turn, affect their future decisions. Thus, we hypothesize that miners are
forward-looking profit-maximizing agents whose aim is to maximize the current expected discounted profits
from future mining (rather than profits from just the current mining operation). The shared evolutionary
structure of the BTC (or BCH) protocols is affected by the collective mining decisions made by these miners.
Our research interest lies in ascertaining the impact of competition on their expected payoffs.

BCH was born out of a contentious BTC fork in August 2017 and inherited BTC’s characteristics such
as its mining and difficulty adjustment algorithms. BCH developers introduced Emergency Difficulty Ad-
justment (EDA) algorithm to incentivize miners to process BCH’s transactions over that of BTC’s. Based
on the strategic actions of the miners, difficulty changes brought about by EDA resulted in dynamic changes
to the difficulty adjusted profitability of BCH. This manifested in wild swings in their mining rates. Con-
sequently, it leads to two research questions: (a) effectiveness of such emergency mechanisms, and (b)
impact of competition with EDA-modulated difficulty changes. Therefore, we construct an equilibrium
model of cryptocurrency mining to uncover miners’ profit motivations, with and without such mechanisms.
We utilize a two-step structural approach to recover the model primitives.

Our results indicate the importance of competition to BTC (and BCH) mining. Competition for BTC
blocks resulted in lower overall computational cost for everyone involved and therefore, competition posit-
ively impacted miners’ per-period utilities. However, wild changes in difficulty levels can lead to conditions
where competition has an erosive effect on payoffs. We find that during EDA-Active periods, BCH miners
were impacted negatively by competition due to EDA-triggered difficulty reductions. This result is further
corroborated by our theoretical model of mining in equilibrium, which derives the optimal level of com-
petitors. Moreover, we also find strong fraternal competition between BTC and BCH miners for the shared
computational hash power. As expected, competitive effect was strongest during EDA-active period as EDA
temporarily made mining BCH more lucrative. Therefore, any diversion of hash power, from BCH to BTC,

resulted in a much stronger negative effect on miners’ payoff.



Chapter 2

LITERATURE REVIEW

My research encompasses two different research contexts: open innovation and cryptocurrency plat-
forms. Since I study decision-making under different conditions, I cover the concerned conceptual literature

on creativity and idea generation in Section 2.1 and cryptocurrency mining in Section 2.2.

2.1 Open Innovation Platform

Creativity research has a long history spanning diverse disciplines such as innovation (Von Hippel, 1988),
psychology (Amabile, 1988), marketing (Toubia and Netzer, 2017), information systems (Huang et al., 2014;
Hwang et al., 2019), and management science (Girotra et al., 2010). Across the diverse disciplines, scholars
have identified several factors that lead to creative idea generation.

First, knowledge is an important component of creative idea generation. Creativity is defined as the
production of novel and useful ideas that are built upon existing knowledge (Amabile, 1988; Toubia and
Netzer, 2017; B. Ward et al., 1995). That is, creative ideas are not spawned in a vacuum but produced
through the process of recombining knowledge in new ways (e.g. Schumpeter, 1934; Fleming, 2001). This
definition of creativity indicates that the development of creative ideas is reliant upon access to and retrieval
of relevant knowledge (Toubia and Netzer, 2017; A. Finke et al., 1992). In gastronomy, the ability of a chef
to fit the right set of ingredients to the final taste (s)he desires is crucial. Similarly, generating a creative idea
for a particular problem requires the access and retrieval of the right set of existing knowledge. In creativity
parlance, this process of retrieving and applying knowledge to a new problem context is referred to as
analogical reasoning (Dunbar, 1995; Gentner et al., 1997). Acknowledging the importance of analogical
reasoning in creativity, Weisberg (1998) propositioned that the result of creative task is governed by an
individual’s ability to acquire knowledge and mold it into a novel idea that solves the given problem.

Scholars studying user innovation have also emphasized the importance of knowledge in creativity. In



particular, they state that users acquire relevant knowledge through interactions with other users. By sharing
and providing feedback to each other’s ideas, users get an opportunity to collect important needs information
that can later be used to build their ideas (e.g. Von Hippel, 1988; Morrison et al., 2000). Especially when
users are embedded in a community, the community serves as a reservoir of rich and relevant knowledge
that is often non-replicable outside (Shah and Tripsas, 2007). As a result, several studies have documented
evidence that innovations arise more frequently in industries where user communities are prevalent (e.g.,
computing, automobiles, and juvenile products industry) (Allen, 1983; Franke and Shah, 2003; Liithje et al.,

2005; Shah and Tripsas, 2007)

Likewise, user interaction is a critical feature in a community-based open innovation platform. In crowd-
sourcing platforms, users interact by sharing their ideas and reading & commenting on others’ ideas. Com-
ments may involve the sharing of pertinent information, critique of a specific aspect of an idea, suggestion of
a different approach, questions, and compliments. Previous studies have shown that through the process of
providing feedback, users collect new information represented in ideas and also recall relevant information
from their memory (Shah and Tripsas, 2007; Hwang et al., 2019). In other words, user interactions enrich
the creative intelligence of individuals by allowing them to discover and accumulate knowledge (Singh et al.,
2011; Ransbotham et al., 2012). While the knowledge acquired from a community is a subset of individuals’
entire stock of knowledge, this subset is likely to be activated and used as a source of new idea generation:
Prior research has found that people have difficulty activating relevant information from their memory unless

the information was recently accessed in a similar context (Higgins, 1996).

To illustrate, we provide a few anecdotal evidence that suggest that users acquire knowledge through
commenting activities. Although it is difficult to measure how much knowledge users acquire and how much
relevant information they recall in the process of leaving comments, we observe that users put significant
efforts in understanding the proposed ideas and formulating comments in our research context. The time and
effort users put in understanding and providing feedback suggest that individuals are more likely to retain
the knowledge in their memory and use it when they engage in creative tasks later (Higgins, 1996). Some
comments do suggest that learning is happening. For example, we see that several comments explicitly

mention that the idea an individual is commenting on “inspired” their own idea (e.g., “Your idea’s emphasis



on using photographs for rewarding and reminding families about getting their child immunized is very
insightful! Your idea inspired mine, Immunization Shield.”). In addition, although not explicitly mentioning
about direct impact on their own ideas, many comments reveal that individuals acquired knowledge from
the idea they are commenting on (e.g., “I think this is a really interesting idea. It tackles a problem from a
unique point of view, focusing specifically on making the whole experience a little more positive and more
memorable. ... I am excited to see where this goes!”, “This is a great way of simplifying an issue which
has been overcomplicated. ..”). As the example indicates, the knowledge they acquire may involve facts but

it may also involve the way an ideator approaches a problem.

Due to the importance of existing knowledge in creative ideation, researchers have paid specific attention
to the characteristics of existing knowledge that influence the creative process. Researchers found that
exposure to diverse knowledge aids creative idea generation. For instance, in an innovation experiment,
Dahl and Moreau (2002) found that participants who are provided with multiple analogies were more likely
to create original ideas than participants who are given a single analogy. In the setting of an innovation
crowdsourcing community, Hwang et al. (2019) found that individuals who are exposed to diverse issues of
customers are more likely to generate creative ideas. Diverse analogies aid creative idea generation because
they enable easy access to and/or identification of relevant knowledge whose retrieval can aid idea generation

(Nijstad and Stroebe, 2006).

Researchers have also examined how analogical distance, conceptual distance between the existing
knowledge domains of analogies and the target problem domain, affects the creativity of new ideas. Based
on the analogical distance, analogies can be subdivided into near and distant categories - near are drawn
from the same or very similar domains as the target problem and distant analogies are drawn from very
different domains. Researchers posit that distant analogies are valuable in generating creative ideas because
they introduce a fresh approach to the current problem and also help individuals be less constrained by es-
tablished solutions of the problem domain area (Gentner et al., 1997; B. Ward et al., 1995; Yu et al., 2014;
Dahl and Moreau, 2002). However, the empirical evidence in support of their arguments is mixed. Dunbar
(1995) found near analogies play a very significant role in scientific inquiry whereas distant analogies are

useful to highlight or educate others about the salient features of the problems under discussion. On the



other hand, studies on product designs have found benefits of using distant analogies and detriments of near
ones on the originality and creativeness of the outcome (Dahl and Moreau, 2002; Christensen and Schunn,
2007). Yet, others such as Fu et al. (2013), Enkel and Gassmann (2010) have found no or a negative effect
of analogical distance in ideation of creative solutions. This study aims to advance our understanding of the

impact of analogical distance on creativity by applying a novel empirical approach.

Another important factor in generating creative outputs is learning. Arrow (1962) posited that learning
is dependent on the agent’s (here, ideator’s) experience in solving problems. Moreover, these attempts at
problem-solving, whether successful or not, lead to better performance when these problems are steadily
evolving. Similarly, there is a wide acceptance among creativity scholars on the role of learning through
deliberate practice in creative ideation. In a qualitative study of famous musicians involving The Beatles,
Mozart, etc., it has been found that their fame was preceded by years of deep immersion to their craft
(Weisberg, 2009). They utilized this extended period of time to practice and improve their skills after which
their true creativity started to blossom. Similarly, chess players need to master over 50,000 chess-move
patterns for at least ten years to reach the level of grandmaster (Chase and Simon, 1973). These studies

underscore the importance of learning-by-doing in creativity.

A corollary of deliberate practice is the role of failure or failed prior attempts in spurring creative intel-
ligence (Hayes et al., 1987; Wishbow, 1988; Sims, 2012; Thorley, 2018). The Geneplore model (A. Finke
et al., 1992), built on the creative cognition approach to understanding human creativity, asserts that cre-
ative idea generation is an iterative process where existing knowledge is recalled and recombined in novel
fashions to generate new ideas. This exploration continues until the created value best fits the goal of the
innovation task. Although this role of failures and persistence are theoretically justified, there is scant em-

pirical evidence on the positive role of failures in creativity outcomes (Hayes, 1989).

Based on the review of existing literature, we build a comprehensive model of idea generation focusing
on the following determinants of creative ideation that are observable in an open innovation platform: know-
ledge acquisition and learning through deliberate practice. In contrast to previous empirical frameworks, our
empirical approach allows for endogenous interplay of these processes. We explain our measure of know-

ledge acquisition and learning through deliberate practice in the next section. Besides the above factors,



there is unobservable individual heterogeneity that is expected to influence the creative outcome. For ex-
ample, asymmetries in individuals’ knowledge bases and unique approaches to framing problems may make
some individuals more likely to be successful than others in their creative tasks (Liithje et al., 2005; von
Hippel, 1986). Our model incorporates such effect as unobserved heterogeneity in ideators’ propensities to

acquire knowledge and submit ideas for different problems.

2.2 Cryptocurrencies & Mining

2.2.1 Related Research

Our analysis of the dynamic mining game is closely related to the research on the economics of Bitcoin
transaction fees and the mining competition. Ma et al. (2018) study the dynamics of the mining Bitcoin
blocks in a dynamic setting with exogenous fees and rewards. They prove the existence of a unique Nash
equilibrium in hash power allocations of predetermined number of miners for every difficulty level. Further,
they find that higher difficulty levels lead to higher hash power allocations which leads to erosion in miner’s
profits as difficulty adjusts to maintain constant block generation times. Dimitri (2017) analyze a similar
game of mining with heterogeneous cost structure to find the improbability of the existence of monopoly in

Bitcoin mining.

While increases in mining power can be viewed as a wasteful expenditure, their true utility lies in secur-
ing the underlying blockchain and ensuring trust in the system (Houy, 2014). As such, competition helps
maintain the robustness of the Bitcoin blockchain. Moreover, the collective rate of mining is also responsible
for transaction processing, which in turn affects the levels of transaction fees (Easley et al., 2019). Such fees
plays a major role in incentivizing miners to process transactions during times of high demand or high dif-
ficulty levels. Our empirical model, with endogenous determination of transaction fees and difficulty levels,
aims to further increase our understanding of the competition within and between Bitcoin and Bitcoin-Cash

mining.



2.2.2 Dynamic Game Estimation

Our dynamic model of mining assumes that miners’ strategic behavior is in line with Markov perfect equi-
librium (MPE) i.e. miners’ actions are only dependent on the values of their current states and their private
shocks (Maskin and Tirole, 2001). These actions impact the commonly observed state variables such as,
difficulty levels and fees, which affect future strategic interactions. Using models based on MPE is fraught
with computational difficulties owing to the difficulty in computing the allowed equilibria in the theoretical
model and then, matching those equilibria to the ones in the data. This difficulty prohibits using Nested
Fixed-Point types of estimators (Rust, 1987). We follow the econometric literature in estimating dynamic
games using two-step estimators, based on forward simulation procedure of Hotz et al. (1994), which make
it possible to recover the model parameters without solving for equilibrium even once (e.g. Bajari et al.,
2007; Aguirregabiria and Mira, 2007; Pesendorfer and Schmidt-Dengler, 2008; Ryan, 2012; Blevins et al.,
2017).

The two-step estimators are built on the assumption that in equilibrium, agents exhibit rational behavior
conditional on their beliefs about competitors and environment. Therefore, recovering the probability dis-
tributions governing what agents do during equilibrium is akin to recovering their equilibrium beliefs. Once
the equilibrium beliefs are recovered, econometrician can simulate many plays of the underlying game while
imposing the restrictions of the theoretical model on these beliefs. This allows us to recover the underlying

structural parameters that have generated the observed data.

2.2.3 Conceptual Background: Cryptocurrencies

In their seminal paper, Haber and Stornetta (1990) outlined the principles of blockchain technology, which
is a chronologically-chained collection of data blocks. Their distributed (multiple copies reside on different
nodes), decentralized (participating agents have equal voting rights), and append-only property (data can be
added but not removed) made them the preferred underlying technology for BTC (Conley, 2017; Nakamoto,
2008). BTC’s consensus mechanism, Proof-of-Work, enabled agents to agree on the state of the underlying
blockchain without requiring trust in any central authority.

Using public key cryptography, BTC (and BCH) miners can verify whether the transactions on the
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network are legitimate and their initiators own the coins being transacted. After verifying whether the coins
being sent are owned by the sender and whether those coins have been spent already or not, transacted
amount is associated with the recipient’s account. Miners detect these initiated transaction requests from
users, verify their information contents, and add a block of validated transactions to the blockchain (Peck,
2017). Usually, every transaction includes transaction fees which incentivizes the miner to include it into

the block being processed. This entire process of verification and block generation is referred to as mining.

The process of block generation results in creation of new coins (known as coinbase) which act as a
major incentive for participation in mining. During the period of our study, 12.5 coins of their respective
currencies were created for every valid block of BTC and BCH. After all the verified transaction are bundled
into a block, the current block’s header (which includes information about the transactions in the block) and
hash of the most recently generated block are hashed using the hashcash proof of work algorithm'. The
goal of this mining exercise is to find a hash value that is less than the publicly-known difficulty target that
all the BTC/BCH clients share. The winner (first miner to find the valid hash value) transmits its proof
or proof-of-work on the network for every other miner to verify and update their copies of the underlying

blockchains.

The difficulty target is a 256-bit number which is a measure of how difficult it is to find a hash value
below a given target. It is revised after every 2016 blocks in BTC to keep the rate of coin generation at
roughly a block every 10 minutes. If 2016 blocks are mined in less than two weeks, target is lowered to
increase the rate of difficulty for the next set of 2016 blocks (Figure 2.1c). The difficulty never changes by
more than a factor of 4. Since it is a append-only ledger, transactions, once buried under enough number
of blocks (6 in BTC’s case), are considered confirmed and cannot be reversed. This irreversibility is also a
result of immense difficulty in computing valid proof-of-works (hash value below the target) which deters

malicious actors from attempting to modify the existing records?.

In the early days of Bitcoin mining, individual enthusiasts would use their personal computing resources

'A cryptographic hash function, like hashcash-SHA2562, is a complex mathematical function which generates a fixed length
output for any data of arbitrary size and is designed to be a one-way function (very hard to invert).

Theoretically, a group of malicious actors can capture 51% of the total network mining power and reverse the recorded trans-
actions. This is referred to as 51% attack and almost impossible to carry out.
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such as central processing units or graphics processing units to mine. However, with growing demand and
popularity, the level of difficulty has also risen by many orders of magnitude. It has led to establishment of
mining pools and usage of Application-Specific Integrated Circuits (ASIC) mining equipment (Pilkington,
2016). A mining pool is a collection of individual miners who pool in their computing resources to reduce
the volatility of their returns. Antpool, ViaBTC, BTC.TOP, BTC.com, etc. are some of the prominent
mining pools. Energy-intensive nature of BTC mining adds significant costs to its production. BTC.com,
Antpool, BTC.TOP, ViaBTC, Bitcoin.com, and F2Pool possess more than the half of the global Bitcoin
mining power’. Therefore, we focus our analysis on their actions. Mining pool with more powerful ASIC
mining equipment can compute trials of the proof-of-work faster than its rivals and thus, has a better chance
of winning. However, such a powerful mining pool does not guarantee success in block generation due to
inherent randomness owing to brute-force calculations in proof creation.

The mining process for BCH is very similar to BTC’s as BCH inherited BTC’s characteristics such
as the SHA-2562 based hashcash proof-of-work mechanism. BCH’s developers did modify the difficulty

adjustment algorithm for BCH. We elaborate on the new algorithm and its properties in the next subsection.

Bitcoin Fork

Nakamoto (2008) conceived BTC as a distributed, temper-proof, and decentralized peer-to-peer cryptocur-
rency. It did not require trust in third-party to perform verification. However, BTC was limited to processing
7 transactions per second. This was a resultant of BTC’s technical architecture that restricted the sizes of its
blocks to 1 MB and effectively, limited the number of transactions that could be accommodated in a single
block to roughly 1500-2200. In comparison, Visa could handle up to 25K transactions per second (Raul,
2018). During higher network activity periods, block size limitation lead to slower confirmation times and
higher transaction fees.

BTC stakeholders could not agree on the means and methods to scale BTC’s throughput. Some of them
felt the need for larger block sizes (8 MB) to process greater number of transactions. Though it partially

solved the scaling issue, it created another problem with respect to centralization. Large blocks require

3https://hackernoon.com/why-mining-pool-concentration-is-the-achilles-heel-of\ \ - bitcoin-ce91089ce 1f
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mining nodes to possess expensive storage and bandwidth facilities that was expected to disproportionately
affect the smaller miners and result in consolidation of mining power in the hands of big players. The core
developers were strictly opposed to such centralization of mining power in lieu of higher throughput. They
proposed their own scaling solution, however, the two groups could not reconcile. With the proposition of
faster transaction processing times and lower fees, Bitcoin Cash was forked from the Bitcoin chain on 1%

August 2017.

Since BTC and BCH share the same codebase, BCH also inherited BTC’s hashing algorithm (hashcash
SHA-2562), its difficulty adjustment algorithm (DAA), and its transaction history. Initially, they shared
the same difficulty levels but BTC was priced much higher in comparison to BCH (Figure 2.1d,2.1c). To
incentivize mining on BCH chain, its developers proposed Emergency Difficulty Adjustment (EDA) al-
gorithm, which would lower the difficulty of BCH chain by 20% if the time difference between the 12 and
the 6™ blocks leading up to the current block was greater than 12 hours (Song, 2017a). This ensured that
profit-maximizing miners would allocate a majority chunk of their mining power to BCH when difficulty
adjusted profitability was in its favor (Song, 2017c). EDA helped the newly born minority chain, BCH,
to survive by garnering the support of mining pools (Menegerian, 2017). The inherited BTC difficulty ad-
justment algorithm (adjustment after every 2016 blocks) was responsible for any upward revisions in BCH
difficulty. BCH deprecated EDA on November 13 2017 and switched to a rolling DAA (BitcoinABC,
2017). This algorithm was based on a 144-period simple moving average. The difficulty was adjusted every

block, based on the amount of work done for the past 144 blocks.

Wild fluctuations in computation or mining hash power were observed between BTC and BCH during
the EDA-active periods (Figure 2.1b). Miners measure profitability in terms of difficulty adjusted rewards
index or DARI (Equation 2.1). Triggering of EDA would result in reduction of BCH difficulty Haywood,
2017; Song, 2017b,c. This would increase BCH’s DARI and incentivize miners to allocate more hash power
to BCH at the cost of BTC (Figure 2.1e). Influx of mining power resulted in higher competition among
miners for the limited low-difficulty BCH blocks. Such shifts, inadvertently, led to higher confirmation
times on BTC network and pushed up BTC’s transaction fees as BTC users competed for the attention of

reduced number of miners (Figure 2.1f). Therefore, miners make repeated choices between the two, i.e.,
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Figure 2.1: We present the plots for different state variables during the period of our study, April 2017
- February 2018. Vertical lines mark the time of BTC fork and the deactivation of Emergency Difficulty
Adjustment algorithm on BCH. (a) Daily count of mined Bitcoin and Bitcoin Cash blocks. Before EDA was
deprecated in mid-November, BCH chain witnessed extreme mining where 2016 blocks would be mined
within 2-3 days. (b) Hash-power allocations for Bitcoin and Bitcoin Cash. (c) Difficulty Levels. (d) Price
for Bitcoin and Bitcoin Cash. (e) Difficulty Adjusted Reward Index (2.1) for Bitcoin and Bitcoin Cash. (f)
Average fees per transaction for Bitcoin and Bitcoin Cash.
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mine highly-competitive low-priced low-difficulty BCH blocks) or mine high-priced high-difficulty BTC

blocks with lower competition and higher transaction fees). Their dynamic decisions, in turn, affect the

evolving difficulty and fees levels.

block reward in USD + transaction fees in USD .1
block difficulty ’

DARI =
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Chapter 3

LEARNING TO BE CREATIVE: A MUTUALLY EXCITING SPATIO-TEMPORAL
POINT PROCESS MODEL FOR IDEA GENERATION IN OPEN INNOVATION

3.1 Empirical Methodology

3.1.1 Research Setting & Data

Our empirical context is a large open innovation platform that originated in the U.S (the open innovation
platform hereafter). The open innovation platform is an online idea crowdsourcing platform, which invites
crowds to solve socio-economic challenges such as food wastage, sanitation issues in India, e-waste recyc-
ling, combating viral diseases, etc. Individuals with different backgrounds and expertise participate to find
solutions to these challenges. Challenges are sponsored by organizations such as United States Agency for
International Development, Amplify Program, American Association of Retired Persons, Coca-Cola Enter-
prises, Bill and Melinda Gates foundation etc. The management team of the open innovation platform, in
conjunction with the sponsors, creates a challenge brief that describes the challenge statement, and sets the
expectations about their requirements.

A challenge usually lasts for three months and goes through the following life cycle. Majority of chal-
lenges begin with the research phase. During this phase, participants post potential reference ideas and
online articles that could help create a cogent solution for the challenge statement. The research phase is
followed by the ideation phase where participants create detailed solutions that can potentially solve the
target problem. Once the solution idea is uploaded to the platform, other platform participants can vote upon
these ideas. In the crowd selection phase, creative ideas are shortlisted based on the crowd voting results
and the sponsors’ feedback. Finally, in the expert selection phase, the shortlisted creative ideas are further
scrutinized and refined for their technical and financial feasibility by an expert panel.

Although experts’ evaluation is often used in an open innovation setting, a recent study found that there

is a high likelihood of experts’ unintended negligence in identification of creativity because of their overem-
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phasis on feasibility of solutions (Piezunka and Dahlander, 2015). Howe (2006) finds crowd voting, where
active community members evaluate the crowd-produced content, to be highly efficient in filtering and se-
lecting creative outcomes accurately by tapping into the collective wisdom of the crowd. Consequently,
we use the judgments derived from crowd voting supplemented with the sponsors’ feedback in the crowd
selection phase as an indicator of whether the submitted idea is a creative solution or not. This focus on
creative ideas stems from our limited accessibility to implementation constraints of each challenge. These
constraints (which can be of technological or financial nature) are set by the sponsors and can vary with

problem types and sponsors’ appetite.

We obtained activity stream data of 13,028 participants from 2010-2016. The activity streams of these
platform participants consist of their timestamped idea submission and commenting activities. In our re-
search setting, in addition to submitting ideas, platform participants can interact with others through casting
votes and/or writing comments. Each comment represents the time and effort spent by a commenting parti-
cipant to understand and analyze the corresponding idea. These ideas serve as sources of new knowledge and
inspirations for the commenting participant’s future ideas. The 13,028 participants have submitted a total of
7,510 ideas to 39 challenges, and 798 of these ideas were selected as creative ideas in the crowd selection
phase. For convenience, we refer to the 798 ideas as successful ideas and the remaining as unsuccessful
ideas. The 7,510 ideas received a total of 81,893 comments. We also have detailed information on the text
contents of the submitted ideas and the challenge descriptions. Out of 13,028 participants, 11,384 have
made at least one comment on some idea(s) on the platform, 4,418 have submitted at least one unsuccessful
idea, and 649 have submitted at least one successful idea. Out of these 649 participants with at least one
successful idea, 348 have experienced at least one failure and one success each. In these activity streams,
we find 289 participants had at least one success after an initial failure whereas 59 participants failed at least

once after an initial success.

Table 3.1 presents user frequency in terms of their knowledge acquisition, unsuccessful ideation, and
successful ideation activities. For example, 1,644 users have never acquired knowledge from ideas posted
on the platform, 5,228 have acquired knowledge once, 1,702 have acquired knowledge twice, etc. Similarly,

Table 3.2 presents the distribution of users in terms of their participation in challenges. 11,211 users par-
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ticipated, i.e. either submitted an idea or acquired knowledge, in only one challenge, 1,192 participated in

two challenges, and 338 participated in three challenges, etc. Likewise, 4,323 users contributed ideas to a

single challenge, 305 contributed ideas to two challenges, etc.

Table 3.1: Distribution of ideators’ participation levels across different activity types

. User Frequency
Activity Type 0 | ) 3 4 5 S5
Knowledge Acquisition | 1,644 5,228 1,702 891 573 408 2,582
Unsuccessful Ideation 8,610 3,453 546 202 88 38 91
Successful Ideation 12,379 572 51 11 5 3 7

Note. This table presents the user frequency of participation for different type of activities.

Table 3.2: Distribution of ideators’ participation in unique challenges

User Frequency

1 2 3 4 5 >5
Unique challenges an ideator participated in | 11,211 1,192 338 135 59 93
Unique challenges an ideator contributed to | 4,322 305 55 14 9 23

Note. This table presents the user frequency for the number of unique challenges ideators participated in or contributed to. For participation,
we include challenges that they acquired knowledge from or submitted an idea to. For contribution, we only include those challenges that they

submitted an idea to.

3.1.2  Model Development

To enhance our understanding of how participants channelize the knowledge acquired through interactions

into their idea generation process and generate creative ideas, this study applies the mutually exciting spatio-

temporal point process model. In section 3.1.2, we explain our modelling strategy through an example. In

section 3.1.2, we develop our empirical model that captures the dynamic interactions across participants’

interactions and their idea generation activities. In section 3.1.2, we extend our model to incorporate con-

ceptual distances between stimulus ideas and a target problem through the spatial extension of mutually

exciting point processes.
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Model Overview.
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Figure 3.1: Illustrative example of Alice’s interaction and idea generation activity.

To illustrate our modeling strategy, in Figure 3.1, Alice acquires knowledge from an idea ¢; at time ¢;. Later,
she acquires knowledge from other ideas, i at t2 and 3 at t3. She submits an idea, I; at t4 for innovation
challenge C1, which is not chosen as a creative idea later. She, again, acquires knowledge from other ideas,
i4 at t5 and i5 at tg. Later, she submits an idea o at ¢7 to another innovation challenge Cs, which is chosen
as a creative idea. In such a scenario, how do we disentangle the effect of Alice’s stimulus ideas (ideas of
others that she acquired knowledge from) on her own idea’s likelihood of success? For example, how do
we apportion the effect of ¢1, i2 and i3 on I;? Existing empirical frameworks weigh the contribution of 1,
12, and i3 equally on the likelihood of success of I; because participants’ knowledge acquisition activities
are assumed to be exogenous. However, knowledge acquisition from 42 might have not occurred without
her prior knowledge acquisition from ¢;. Similarly, knowledge acquisition from i3 might be a result of
prior knowledge acquisitions from %; and 2. As such, exogenous knowledge acquisition assumption will
assign values that are not commensurate with their actual contribution. In other words, in Alice’s example,
existing empirical frameworks are unable to account for the dissipation of the past knowledge acquisitions’
effects over other intermediate interactions and assign them fully to the submitted idea I;. This dynamic
calls to account for self-exciting effects among the same type of activities (e.g., the effects of occurrences of
past knowledge acquisitions on the likelihood of occurrences of future knowledge acquisitions), before we
ascertain their collective effect on idea generation.

In addition, apart from the self-exciting effects, we also need to account for the exciting effects among
different activity types. For instance, in Alice’s example, the generation of creative idea, Io at 7 may be
attributed to all prior stimulus ideas (1,72,%3,24,i5) and prior failure (/1). To estimate the impact of all prior

activities on I, existing empirical frameworks treat prior idea generation activities and stimulus ideas as
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exogenously given. However, in reality, prior idea generation efforts influence the stimulus ideas individuals
acquire knowledge from and vice versa. For instance, Alice may have acquired knowledge from stimulus
ideas 74 and i5 because of her earlier failure at ¢4 (submitted idea I; was unsuccessful). Without including
such dynamic interactions among different activity types, our ability to draw conclusions regarding the exact

role of stimulus ideas on idea generation will be quite limited.

Moreover, individuals’ decisions to participate in a certain innovation task are also dependent on all
prior stimulus ideas and idea generation experience because idea generation is very much dependent on
availability of knowledge (Weisberg, 1998). That is, the kinds of knowledge that have been accumulated
from other ideas is expected to influence the future problems an individual will participate in. For example,
Alice’s participation in innovation challenge, Cy at t4, and C} at t7, is dictated by her accumulated stock of
knowledge through her knowledge acquisitions from other ideas. If the contents of ideas 71, 72, and i3 were
different, it is quite possible that Alice would have not participated in C but in some other challenge as her
acquired knowledge might not be relevant for C; anymore. Existing studies did not model this endogenous
task selection and take it as predetermined. In order to account for this crucial aspect of endogenous task
selection, we extend the mutually exciting spatio-temporal point process model to high-dimensional text
spaces: We include the machine-learned semantic understanding of the stimulus ideas and innovation tasks

by representing their textual contents through high-dimensional numerical vectors.

Lastly, the key strength of the mutually exciting point process model is in its ability to infer the causal
network of the data generating process (Bacry et al., 2015). Since a focal event can only cause those events
which occur after it, our modeling framework allows us to disentangle the causal relationships between
and within activity types. In addition, this framework allows us to calculate the expected number of direct
descendants of every event type i.e. number of events of one type causally generated by another type. For
instance, we can calculate the number of successful creative ideas generated as a result of unsuccessful idea
submissions in the past or as a consequence of an individual’s prior knowledge acquisition from other ideas.

This capability gives us detailed insights into the mechanism of idea generation process.
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A Mutually Exciting Point Process Model for Idea Generation.

The backbone of our modeling strategy is premised on multivariate point processes (also known as counting
processes). A counting process, N (-) is a right-continuous non-negative integer-valued process which meas-
ures the cumulative number of occurrences of the events of the phenomenon under study. This process can
also be understood as the sequence of random arrival times, T = {717, 1%, ...}, at which the counting process
N(-) has jumped or incremented in value (Laub et al., 2015). It is used to model the random occurrences of
events in time and through its spatial extensions, in n-dimensional space. Point processes are characterized
by the conditional intensity function or the hazard function,

. Pr{N(t+At) — N(t) > 0|H:}
= lim
At—0 At

A(t|He) 3.1

‘H, is the history of the arrivals up to but not including ¢. H; includes the timestamps of the occurrences of
the events along with other metadata associated with the points. A(¢|H;)At is the instantaneous probability
of an event occurrence in the interval (¢, ¢ + At]. The conditional intensity function, therefore, gives the rate

of expected number of arrivals in the same interval conditioned on history ;.

In many natural phenomenon such as earthquake occurrences, we observe clustering of events, for ex-
ample, one earthquake is followed by many aftershocks in the vicinity of the epicenter (Ogata, 1998). This
clumpiness of events renders the commonly used Poisson process unusable to model such phenomenon due
to its memoryless property: in Poisson process, past events do not affect the probability of future events. In
1971, A.G. Hawkes (Hawkes, 1971a,b) published the seminal paper on ‘self-exciting processes’ where the
occurrence of a past event ‘excites’ the process to generate future event up until some time period, thereby
accounting for the clumpiness in the data. These processes have found successful applications in various
fields to model neuron interactions in neurosciences (Reynaud-Bouret et al., 2013), earthquake occurrences
in seismology (Ogata, 1988; Veen and Schoenberg, 2008), re-tweet behavior on twitter (Mishra et al., 2016;
Srijith et al., 2017; Yang and Zha, 2013), advertisement clicks in marketing (Xu et al., 2014), and market
microstructure in finance (Bacry et al., 2015). Multivariate extension of the Hawkes processes allowed for

mutually exciting behavior where events of one type could excite the events of other types. A D-dimensional
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multivariate Hawkes process is a collection of D marginal counting processes, taking values in N, and is

characterized by N = (N1, Na, ..., Np) whose individual intensities, (A1, A2, ...Ap), are given by

D t
Me(t|He) = pg + Z/ Prj (t —u) Nj(du)
— ] o
JD t
= [k +Z/ g frj (t —u) Nj(du)
e

D
=+ > > anifri(t—th,) (3.2)
J=1 m:tf;n<t
where k,j € {1,2,..., D} and N;(du) = 1 if an infinitesimal element (du) includes an event and O other-

wise (Daley and Vere-Jones, 2003).

Ak (t|Hy) is the risk of an occurrence of a k-type process’s event at time ¢ conditional on the history
of the process, H;. Equation (3.2) can be decomposed into two parts: exogenous and endogenous parts.
ur € RT is the exogenous risk of occurrence of the k-type process i.e. an event occurrence of a homo-
genous Poisson process with the rate parameter p;. The summation of the stochastic integral over all the
process types represents the endogenous event occurrences. ¢;(t — u) is the excitation kernel or function
which quantifies the self-excitation effects (k = j) and the mutual-excitation effects (k # j). It can be
decomposed as a product of the excitation coefficient and the decay kernel. f;(t — u) is the decay kernel
which measures the decaying effect of past occurrences based on their time difference with current time. ay;
are the excitation coefficients which quantify the increment in the instantaneous intensity of k-type process
due to the occurrence of a j-type process’s event. Stability conditions dictate that fooo frj(t)dt = 1 and
0 < ag; < 1V k, j (Karabash, 2012). Hence, a probability density function can be used as the decay kernel.
Our choice of kernel is the two-parameter gamma density function for its flexibility over more commonly

preferred exponential density function (Halpin and De Boeck, 2013).

This process formulation can also be viewed as a branching process i.e. as an immigration-birth process
where each event is either an immigrant or a descendant of the earlier immigrants. The immigrant ideas
arrive as a homogeneous Poisson process and each immigrant arrival can give birth to second-generation

ideas through the excitation function ¢;(¢t — u). Hence, the first event is always the immigrant and events
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that follow after can either be its children or other immigrants and their children. This ties in neatly with our
conceptualization of endogenous idea generation. Thus, «y; are also referred to as the branching coefficients
and are strictly less than 1 lest the process explodes. The benefits of the branching process representation
are discussed in the estimation subsection along with the expectation-maximization (EM) procedure.

In the context of idea generation in the open innovation platform, idea generation occurs either due to
exogenous reasons or endogenous reasons. Exogenous reasons may include reaction to word-of-mouth pub-
licity for a challenge or advertisement by the platform or general propensity of the ideators to participate.
Endogenous influence is through participants’ prior participation on the platform which influences them to
participate further. Statistically, the process can be viewed as the superposition of a memoryless homo-
geneous Poisson process (representing the exogenous occurrences) and an inhomogeneous Cluster process
which is dependent on its history (representing the endogenous process). Our model captures both exogen-
ous and endogenous forces.

In our setting, there are three main processes interacting with each other: knowledge acquisition process,
unsuccessful ideation process, and successful ideation process. As mentioned earlier, participants interact
with other ideas on the platform through comments and this commenting activity signifies knowledge ac-
quisition. This process enables a participant to understand different ideas which can be later recalled as
analogies to solve new problems'. The second process is the unsuccessful ideation process. This process
includes idea submissions which fail to make the cut in the crowd selection phase. Finally, the successful
ideation process includes idea submissions which make the cut in the crowd selection phase. In our model,
the knowledge acquisition, the unsuccessful ideation, and the successful ideas are the three different types
of process (k, j € {0,1,2}), respectively. A participant’s history of activities consists of orderly timestamps
belonging to these three processes along with the content data associated with the ideas he/she submitted and
read. We measure time difference between processes in months (for example: if time difference between
two events is 45 days, we would label the time difference as 1.5 months).

An example branching structure for our research setting is illustrated in Figure 3.2. Here, t,, represents

the n'” occurrence of the k" process. The vertical orientation of events is arbitrary. Solid arrows represent

! Although users may also accumulate knowledge through passively browsing others’ ideas without leaving any comments, the
complete history of community users’ viewing log data is not available.
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self-excitation and dashed represents mutual-excitation. For example: o) is a knowledge acquisition im-
migrant which leads to ¢11, a failed idea submission. ¢1; excites another failed idea submission, ¢12, which
in turn leads to a successful idea submission, t2;. tg2 is a knowledge acquisition immigrant which does not

excite any other activity.

tor - N

>

0 T

Figure 3.2: An example of the branching structure (i.e. interactions between different processes) over the
time period [0, T7].

Spatial Extension of Hawkes Process

Hawkes processes can also be defined over a spatial distribution along with a temporal one i.e. the occur-
rence of events is also dependent on the exact spatial coordinates (user-defined abstract space) of events in
the past along with their location on the temporal dimension. This implies that an occurrence of an event
will affect the future occurrences of events in time as well as space. For instance, occurrence of an earth-
quake triggers more earthquakes or aftershocks in the aftershock region (clustered around the epicenter). To
account for this spatio-temporal clustering of earthquakes, scholars developed the spatio-temporal Hawkes
models (Ogata, 1998; Veen and Schoenberg, 2008). Similar to the earthquake occurrence processes, idea
generation process can also be clustered along the spatial dimension of topics. That is, individuals’ decisions
to participate in innovation tasks are dependent on the interaction between the content (textual) properties
of the prior analogies and the content or knowledge requirements of the innovation task itself (Weisberg,

1998). Therefore, this implies that as user accumulates knowledge through his or her interactions with oth-
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ers’ ideas, this acquired knowledge will also decide the kind of problem he/she will participate in the future.
This endogenous selection of problems by the ideator is essential in understanding the analogical reasoning
phenomenon in idea generation as individuals interact and participate based on their inherent preferences
over topics. We model this interaction as a function of the conceptual distance between the contents of the

target problem and prior analogies.

The conceptual distance is measured in the following way. Ideas are embedded in the vocabularies used
by the ideators, and thus, any conceptual understanding of the idea can be inferred from the textual analysis
of the idea (Kuhn, 2012). This necessitates the need to develop a numerical representation of these ideas
that captures the underlying semantics involved in exposition. One of the most popularly used numerical
representations is bag-of-words and text models built upon that representation. Every idea is represented as a
count vector of words present in the global vocabulary. Addition of the tf-idf scheme (term frequency-inverse
document frequency) increases the usability of such representations in identification of discriminative terms
for classification but falls short of providing any information about semantic relationships between texts.
These inadequacies led us to unsupervised machine learning technique of paragraph vectors, which take
order of the words in a text document into account to deliver a fixed length semantic representation (Le and

Mikolov, 2014).

Paragraph vectors are quite efficient in discovering the latent semantic structures in the text body. This
method has been found to be the state-of-the-art in many natural language processing (NLP) tasks such as
sentiment analysis and document clustering (Dai et al., 2015). Each paragraph vector is an output of the
training process whose goal is to predict words in the documents. Training process samples words from a
moving contextual window, thereby, capturing the semantics of the words in the order they are written. We
train a paragraph vector model to infer one vector of length 300 for every submitted idea?.

Cosine similarity between vectors has been used in the majority of NLP literature to quantify similarity
between text vectors. However, angular distance has been found to have better discriminative properties at
smaller angles of separation (Cer et al., 2018). Therefore, we measure analogical distance as the angular

distance between a stimulus idea and the target challenge. This angle captures the conceptual dissimilarity

2 Algorithmic details for the paragraph vector generation process are elaborated in the Appendix .2
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between the underlying concepts for any pair of text vectors in the high-dimensional text vector space.

cos ™! (cosine similarity)

angular distance =
T

The spatial distribution is helpful in understanding that idea generation for a specific challenge is also
a function of the accumulated knowledge (Weisberg, 1998). The rate of idea generation is, hence, affected
by the spatial distribution of analogies with respect to the upcoming challenges. This allows us to capture
the effect of analogical distance on creative output where the selected problem is itself a realization of the

stochastic process rather than exogenously determined.

Let us assume that ideas and problems are points in some high-dimensional knowledge space. We
represent them as such to accommodate the paragraph vector representation of ideas and problems in the
knowledge space. In the case of earthquake occurrences, spatial distribution of events is defined over the
R? euclidean space. Assume H = {(t1,1,c1), (ta, T2,¢2), ..., (tn, Tn,cn)} is a realization of the orderly
processi.e. 0 < t; < to < ... < t,, where each x; and ¢; is a coordinate in high-dimensional vector space.
Here, z; is an idea generated for the corresponding c; problem. Now, the endogenous part of the conditional
intensity function for each marginal k*" process can be formulated as the multiplicative interaction of the

spatial density function with the temporal density function (Ogata, 1998).

D
Ne(t[He) = o + g / ) /X by (£ — u, ¢, — %) N;(du, dx)

D
= it Z/ / kg (t — u, e — x) .Nj(du, dx)
D ' '
=t D D gy (E— e — X))
I=lmetd, <t
D
=pe Y > anifiy ™ (=) i (e = xalo) (3.3)
I=1 el <t

In this formulation of the intensity function, the instantaneous rate of occurrence is also dependent on the

angular distance (conceptual distance) between the challenge of the k" process’s event at time ¢, ¢;, and
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the ideas that the user interacted with prior to time . ¢; is the numerical representation of the text of the

challenge at time £. ¢y; (t—th, ¢; —XJ,) can be decomposed into the multiplicative form, oy x Ii;mp"ml (t—
th) x it 944l (|¢; —xJu|9), where oy is the branching coefficient, ,ij.mp oral . is the temporal decay kernel,

Iy atial ) is the spatial density function, and | - | represents the angular distance. While usage of gamma
density function to model temporal decay has been preferred in prior literature (Halpin and De Boeck, 2013),
we select the density function for spatial effects empirically. Specifically, we experiment with different
distributions that have support over R™ and select the one with the lowest AIC value (see the Appendix
1 for details). This leads to the usage of weibull density function for f;¥ atial( ) " The above formulation
assumes that the effect of time and conceptual distance are independent of each other. Apart from reasons
of computational tractability, we believe this is a reasonable assumption since the propensity to contribute

to any challenge is decided by the past activities and the specific challenge to which the submission is made

is decided by the spatial distribution of the topics of prior analogies.

Since our focus is on the spatial effects of acquired knowledge’s topics on ideation outcomes, we only

estimate f7 atial (Y for j € {knowledge acquisition} and k € {unsuccessful ideation, successful ideation}.

For all other cases, such as effect of unsuccessful ideation on successful ideation, we do not include them in

our model. In other words, we only estimate f52*"*!(.) and f:2**!(.) and we do not estimate other spatial

effects, for example, f57 atwl(-), etc. These other effects, if present, are subsumed in their corresponding

excitation parameters. Also for a fixed k, we assume f,zjmpo”“l(.) is same for all j i.e. on a given process,
the effect of all processes decays at the same rate. Therefore, we estimate fr“"""*'(\) V k € {0,1,2}, to

model the decaying effect of past activities on the rate of occurrence of the events of k" process.

Platform users could also differ in their baseline rates of participation in different activities. This could
be a result of individual participant’s innate proclivity to submit more or fewer ideas, to acquire knowledge
from others’ ideas in varying degrees, and their exposure to platform’s publicity efforts. Therefore, we allow
for individual heterogeneity in the baseline rates, u, for event occurrences. Though we model unobserved
user heterogeneity in the baseline rates, the modelling structure of multivariate Hawkes process leads to
these heterogeneities also being manifested in the excitation parameters leading to multi-dimensional het-

erogeneity structure. Our proposed model for the rate of occurrence of an event of the k" process at time t
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for user 7 is as follows:

N (t1H) = g+

J

D Oyt —th.e —x]) (34)

D

zlm:t{n<t

ol fremvere! (t—th) fpoticl <|ct—x£n\9), ift >, and (k, ) € {(1,0),
(2,0)}

i.temporal(t—tj) if ¢ > tJ, and (k, j) € {(0,0

Gt —th,ep —x),) = “ei Tk ") it > tm and (k. ) € 40,0,

(0,1),(0,2), (1,1),(1,2),

(2,1),(2,2)}

0, otherwise
3.5)

A summary of the key model parameters is provided in Table 3.3.

Table 3.3: Summary Description of Model Parameters

Model Parameter Parameter Name Description

Qj Excitation Coefficient Instantaneous increment in the conditional intens-
ity of the k-type process due to the occurrence of a
j-type process’s event

Lo Baseline Rate Poissonian rate of arrival of events of the k™" pro-
cess
temporal . .
A Temporal Density function | Measures the rate of decay of past events on the
occurrence of the k" process
f,fgatwl Spatial Density function | Measures the spatial effect of conceptual distance

between the target challenge of the unsuccess-
ful/successful idea submission and prior know-
ledge acquisition

3.1.3 Estimation

Ozaki (1979) derived the log-likelihood expression for the self-exciting Hawkes processes. The extension to

multivariate case is relatively straightforward. Asymptotic properties of the maximum likelihood estimator,
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such as consistency and efficiency, are discussed in Ogata (1978). The log-likelihood is given by

N D k

0= (3 (3 st pen - [ agrerar) (6

i=1 “k=1 “m=1

Equation (3.6) is also known as the incomplete data log-likelihood as the likelihood does not take branching
information into account. N is the number of users and D is the number of marginal processes under con-
sideration. In the context of Hawkes processes, the incomplete data log-likelihood has been found to be very
flat near the optimal values (Veen and Schoenberg, 2008) leading to convergence issues and can be suscept-
ible to the choice of the starting values of the parameters. The problem of flatness is further exacerbated in
multivariate processes due to proliferation of parameters. In particular, the problem of numerical instability
arises due to the inclusion of logarithm of the weighted sum of probability density functions (Halpin and

De Boeck, 2013) in Equation (3.6).

The proposed solution to this problem involves the explicit usage of the branching structure of the
Hawkes process (Rasmussen, 2013) which includes probabilistic information about the immigration and
descendant status of events. Since event occurrences are either a resultant of baseline behavior or causal
effect of any of the past events whose influence is proportional to the excitation provided by those events
(Bacry et al., 2015), we can compute the posterior probabilities of the branching structure. This allows us
to rewrite the Hawkes process as a mixture of Poisson processes which can be estimated by expectation-
maximization algorithm. While the EM algorithm for temporal model of Hawkes process (3.2) can be found
in Halpin (2013) and Veen and Schoenberg (2008), we present the modified estimation algorithm for the

spatial extension of Hawkes process with unobserved user heterogeneity (Equations 3.4,3.5).

Our extension of the mutually exciting spatio-temporal point process model allows for non-parametric
random effects in the specification of the baseline rates. In other words, the ideator-specific baseline rates
are denoted by ;' = ( ,ug, i, ;ﬂQ) where 7 denotes the ideator. The mixing distribution is approximated by a

discrete distribution whose masses and mass points (i.e. *) are estimated along with the model parameters.
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The mixing distribution is given by

H
P(ui:uh):wh forh =1,2,3,..H; Y a"=1
h=1

where 1" = (uf, il 115 37

Let us define )\ij(t) as the excitation effect of the m!” instance of the j" process on the occurrence
of an event of k' process at time ¢ when the baseline rate, ;i = /. Under this notation, )‘Zoo = ,LLZ is the

baseline rate of k" process.

QR (t — th, ¢ —x0), ift >t and (k,5) € {(1,0),(2,0)} and p? = p"

. i (t = th), ift > th and (k. §) € {(0,0),(0,1),(0,2), (1,1),(1,2),

N (t) = (3.8)
(2,1),(2,2)} and /Li = /Lh

0, otherwise

In the modified EM algorithm, the random effects and the branching structure conditional on the ran-
dom effect, are treated as the missing variables. We drop the 7 superscript, denoting users, for the ease of
exposition. Let z,’jjm be the process of k" process’s responses to the event tjm 1.e. events of the k" process
generated due to the event ¢, (m'" event of the j* process) when the baseline intensity is z”. If any event
i 18 a response to event ¢, then t, € zﬁjm with ui = ,uh. If t1,, is a spontaneous occurrence, then
tkn € z,@oo. We define the missing data variables for the branching structure conditional on the random
effect, as Z ,? =(Z ,?1, w2 ,i‘Nk ). Z ,ffn indicates the 2" process to which the event ¢;,, belongs to i.e. we write
Z ,}C‘n = 2Mifty, € 2" for 2" € z,}j when the baseline risk is 1. Let 8" denote the " iteration parameters

(r,h)

for the A" random effect i.e. u* € (™", The conditional posterior probabilities for the branching structure

are given by: )
)\ZT’ (tkn)

r.h
Saeap AT (th)

Prob(Zp, = 2" | H,, 000 = (3.9)

We use these conditional probabilities to calculate the likelihood for observing the data, f (00", #,)
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when pf = ph:
D

log f (016", Hy) = > (Z < > <Zlog (tkn)) X Prob(Z}t, = 2 | Hy, 601)

users k=1 ZGZ,};

T
—/ A’;dt))) (3.10)
0

Finally, the posterior probabilities for the random effects are given by,

7 £(010M), Hy)
Sy X F(010TR) Hy)

P (o= p"12", 00", 3;) = (3.11)

In the iterative maximization step, we will maximize the expected complete data log-likelihood, Q (00", H,):

H D
QeI 1) = 3 (P (1= stizn 000 00) < (3 (X

users ™ h=1 k=1 ZGZZ

T
<Zlog (tin)) xProb(Z,i;n:zh|’Ht,9<ﬁh>)—/ Ath))))
0

3.12)

The posterior probabilities, derived from equations (3.9) and (3.11), can be used to estimate the expected
count of immigrants and descendants for all event types. For example, expected count of k" process events
generated due to ;% process will be given by 3", . (37 P (u = ph| 2, 001 H,) (3, Prob(Z), =
Sh | H,, g(r,h)))) V2l e {zkﬂ, Zigs oo z,?ij } The asymptotic standard errors were computed by using

the hessian of () evaluated at the MLEs (Jamshidian and Jennrich, 2000).

A key problem in calculating the complete data log-likelihood arises due to the integral over A”(¢) in
Equation (3.12). Since the text vectors lie in a high-dimensional space, we are left with two options: either
to employ dimensionality reduction techniques, such as PCA or t-SNE, to reduce the text embedding space
to two dimensions ideally or to solve this integral using numerical approximation. Conceptual distances
calculated using low-dimensional embeddings have a very low coefficient of correlation with the conceptual

distances calculated using original vectors. Therefore, we numerically approximate the integral as shown
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below:

T T ) )
/ Mgt — / / Gt — 1, e, — ) dtdf
0 0 Jocol,

T . .

= / / oy ]iemporal(t N tin)fjjé?atml(‘ct _ Xin’.g)dtde
0 Jocoel,
T

:/0 Oék;] Iiemporal(t _ t}]ﬂ)(/e' . ks;)atial(‘c _X‘Zn|9)d9> dt

cel,

= akjFliemporal(T —t; @)F]:fatml(max(@%) — min(07,); ®) (3.13)

The set ©7, is the set of analogical distances, xl,, of analogy at time tJ, from all the challenges that the
ideator has participated in or could have participated in during his or her tenure on the platform. Therefore,
we integrate over all the challenges that were active during the focal ideator’s activity stream. ® is the set
of parameters governing the spatial and temporal distributions. F'(-; ®) is the corresponding cumulative

distribution function. Please see Appendix .3 for more details.

3.1.4 Identification Strategy

Our identification strategy is premised on (1) the exogeneity of challenge arrivals on the platform, (2) the
exogeneity of others’ idea arrivals from which an ideator can acquire knowledge, and (3) the capability of
the mutual-exciting framework to explicitly model endogenous process of individuals’ decisions (to choose

specific challenges to participate in and ideas to acquire knowledge from).

First of all, the exogenous sequencing of challenges on the platform occurs independently of the ideators’
actions. The content and requirements for all challenges are decided by the platform (in conjunction with the
sponsor) and taken as given by the platform users. As such, any ideator has very limited control over which
challenges to participate in (i.e. s/he can only participate in those challenges that are active at any point of
time). In our framework, the decision to submit an idea to any challenge is dependent on the entire history
of the ideator’s actions and the content properties of the posted challenge. These exogenous occurrences of
challenges provide us with the required variation in content properties of the data to identify the structural

parameters.
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Second, the existing ideas on the platform, which the ideator can acquire knowledge from, occur exo-
genously. At any point in time, a platform participant chooses to acquire knowledge from these given ideas
(that have been submitted by other ideators in the past) i.e. the participant takes the presence of these ideas
on the platform as given. These exogeneity conditions combined with the modelling structure imposed using
the inter-temporal ordering of event occurrences aids us in identification.

Third, the mutually-exciting framework implicitly accounts for non-systematic unobservables and idio-
syncratic shocks (Xu et al., 2014). For example, a platform participant could be affected by discussions
on specific topics outside of the platform which could impact his/her knowledge acquisition and ideation
behavior on the platform. As long as this exposure to outside discussions is not systematic, the expected
effect of all such discussions is included in the model parameters that enter the stochastic conditional in-
tensity function (\?(¢)). An example of systematic exposure could be correlation of challenge arrivals with
contemporaneous topics of discussion in the wider world. Given the general and universal nature of topics
of challenges on the platform, like food waste reduction or climate change or women safety, etc., there is no
reason to suspect such a contemporaneous correlation.

Lastly, we have also incorporated individual heterogeneity into our model, which further controls for

unobserved ideator characteristics that could bias our results, and strengthens our identification strategy.

3.2 Results

3.2.1 Results for the Mutually Exciting Spatio-Temporal Point Process Model

The goal of this study is to investigate the effect of stimulus ideas on the creative outcome in an open innov-
ation platform. Specifically, we are interested in quantifying the effect of conceptual distance of stimulus
ideas from the target problem in spurring creative intelligence. Our model framework incorporates key
components of idea generation process, namely, knowledge acquisition, learning from (successful or un-
successful) experiences, and unobserved individual heterogeneity. Our model endogenizes occurrences of
knowledge acquisition and idea generation, as well as the selection of the specific challenges for which the
ideas are generated.

We present our results in Table 3.4. As explained in the previous section, the excitation coefficients,
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ayj, 1s interpreted as the instantaneous increment in the probability of occurrence of k" process event

due to an event of j!* process. We contrast the excitation coefficients, ayj, with its corresponding iy,

values (the baseline intensity of process k) which serves as a benchmark. In our model, the three main

processes, knowledge acquisition, unsuccessful ideation, and successful ideation, are denoted as process 0,

1, and 2 respectively. Each column of Table 3.4 presents the results for the k' marginal process. To ease

the comparison with the baseline rates, we use the weighted average of the ;" V h as the reference value,
avg  avg | avg

denoted as 9 = (pg 7,7 7, py ). Using the posterior probabilities from Equation (3.11) as the weights,

we obtain 9 = (1.1353,0.2336,0.0246).

We first discuss the excitation effects of knowledge acquisition. Based on our results, the baseline intens-
ity of the knowledge acquisition activity (ug"? = 1.1353) is almost 59% higher than its self-exciting effect
(g = 0.7146). This means that individuals acquire knowledge from the platform, at a rate of approx-
imately 1 per month, and through self-excitation, they increase their knowledge acquisition rate by 0.7146.
This self-excitation can be interpreted as the explicit effect of prior knowledge acquisition on individuals’
inquisitiveness to acquire more knowledge through other ideas. Further, our results indicate that knowledge
acquisition activity does not directly excite a successful idea generation in the future: aqq is statistically
insignificant. Even though knowledge acquisition through interactions does not directly influence success-
ful idea generation, our model uncovers second-order effects (i.e. child of a child of an immigrant/child):
We find that knowledge acquisition activities lead individuals to generate more ideas, even though those
ideas are unsuccessful (a19 = 0.0575), but these unsuccessful ideas boost the intensity of successful idea
generation in the future (g1 = 0.0277). This increase in the probability of successful idea generation is

equivalent to the baseline intensity of successful idea generation (5 Y = 0.0246).

Based on the branching process representation, the excitation coefficients can also be interpreted as
branching coefficients i.e. ay; is the expected number of k" process’s child events spawned by an oc-
currence of an event of j* process. Hence, using our estimates, we compute the expected count of every
activity that is generated as a result of baseline intensities and excitation effects. Table 3.5 presents the ex-

pected counts. We calculate their standard errors using the Delta method®. We find that, on average, 68% of

3 Asymptotic Normality of the MLE is discussed in Ogata (1978) which makes the usage of Delta method possible.
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Table 3.4: Parameter Estimates of the Mutually Exciting Spatio-Temporal Point Process Model with Ran-

dom Effects

Process Types

Knowledge Acquisition Unsuccessful Ideation

Successful Ideation

Knowledge Acquisition

Unsuccessful Ideation

Successful Ideation

Shape

Scale

Shape

Scale

Baseline Intensities

1
0.9686***
(0.0090)
T
0.4067***
(0.0106)
e
1.1383***
(0.0207)
4
3.1197***
(0.0375)
#
0.1234**
(0.0036)
Exciting Effects

Q00
0.7146***
(0.0030)
Qo1
0.2463***
(0.0061)
Q02
0.2106***
(0.0175)

Temporal Distribution

ko
0.2624***
(0.0012)
to
0.0745***
(0.0007)

Spatial Distribution

/
kO
n.a.
n.a.
/
60
n.a.
n.a.

I
0.3076**
(0.0051)
T
0.0296***
(0.0029)
I
0.0083**
(0.0018)
T
0.0689"*
(0.0056)
T
0.0378*
(0.0020)

aig
0.0575%**
(0.0032)
Q11
0.1791%*
(0.0056)
Q12
0.0000
(0.0001)

k1
0.1564***
(0.0034)
01
2.3016***
(0.1919)

ky
5.1683"**
(0.2337)
01
0.4005***
(0.0046)

1
0.0256**
(0.0015)
1
0.0037++
(0.0010)
3
0.0001
(0.0001)
13
0.0586**
(0.0051)
13
0.0018"**
(0.0004)

Q20
0.0768
(0.0780)
21
0.0277%**
(0.0023)
22
0.0912***
(0.0122)

ko
0.1213***
(0.0068)
02
4.3432%**
(1.2205)

ks
1.5089*
(0.7273)
05
0.1609*
(0.0771)

Note: Standard Errors are reported under the parameter estimates in parenthesis. * p < 0.05, ** p < 0.01,

% p < 0.001
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Table 3.5: Expected Counts of comments and ideas generated through self and mutual excitation.

Process Types Knowledge Acquisition Unsuccessful Ideation ~ Successful Ideation

Baseline Intensities

24,235.5893*** 4342.1881*** 468.5578***
(155.6778) (65.8953) (21.6462)
Exciting Effects
Knowledge Acquisition 55,905.7629*** 1315.5455"** 112.2697
(236.4669) (73.8648) (114.0499)
Unsuccessful Ideation 1606.4982*** 1054.2663*** 159.8303***
(40.0812) (33.2340) (13.1070)
Successful Ideation 145.1495*** 0.0000 57.3423***
(12.0478) (0.0574) (7.6453)

Note: Standard Errors are reported under the parameter estimates in parenthesis. * p < 0.05, ** p < 0.01, *** p < 0.001

the knowledge acquisition activity (55,906 out of a total of 81,893 knowledge acquisitions) is a consequence
of the prior knowledge acquisition activities (self-exciting effect) of the ideators. Moreover, the expected
count of unsuccessful ideas generated due to knowledge acquisition (mutually exciting effect) is 1,316 (out
of 6,712 unsuccessful ideas submissions). This result stresses the important role of knowledge acquisition

activities in stimulating future participation.

The interpretation of how knowledge acquisition activities affect creative outcomes can further be en-
riched by incorporating the effect of conceptual distances between stimulus ideas and the target problems.
As we described in section 3.1.2, ideas are clustered along the spatial dimension of conceptual topics just
as earthquake occurrences are spatially clustered in the aftershock regions. Our model captures such spa-
tial effects through the angular distance between the contents of stimulus ideas and target problem. Low
value of the angular distance would indicate that the knowledge acquired through stimulus ideas is concep-
tually closer to the chosen target problem while high value would indicate that the chosen target problem is
conceptually distant (or unrelated) to the knowledge in the stimulus ideas.

Figure 3.3 depicts the density plots illustrating the varying impact of the angular distance on the rate
of unsuccessful and successful ideation. The distribution of the unsuccessful ideation density plot indicates

that the stimulus ideas that are driving the statistically significant excitation effect of a1y are conceptually
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Figure 3.3: Density plots for the Spatial Distributions (Weibull).

Process Types

Successful Ideation
Unsuccessful Ideation

Density

050
Angular distance

distant from the problem contexts for which the focal ideas are generated: As the stimulus ideas become
more and more uncorrelated with the target problem (i.e. their angular distance increases from 0.25 towards
0.5), the spatial density function for the unsuccessful ideation process increases many folds than it does
for the successful ideation process. Because the contribution of every prior knowledge acquisition activity
is included as a product of the excitation coefficient, temporal decay, and spatial effect in the conditional
intensity function (3.5), therefore, for a fixed temporal decay, the spatial effect of distant analogies increases
the risk of occurrence of an unsuccessful idea (A (%)) more than it does for a successful idea (A\2(¢)). In a
similar fashion, we observe that the stimulus ideas, which are conceptually closer to the target problem, are
driving the statistically insignificant excitation effect of aiyg as the mean of the spatial distribution governing
successful ideation is 0.1452 (compared to the mean value of 0.3684 for unsuccessful ideation). These low-
distance stimuli are, however, unable to excite any successful idea as indicated by statistical insignificance

of a9(.

Next, we turn our attention to the excitation effects of idea submissions. The self-exciting coefficients of
unsuccessful ideas (a1 = 0.1791) and successful ideas (e = 0.0912) are statistically significant and al-
most 0.77x and 3.7x of their baseline intensities (u]"Y = 0.2336 and p5"Y = 0.0246). These results indicate

that every unsuccessful and successful idea submission leads to instantaneous increment in the probability of
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future submissions of the same kind by 0.1791 and 0.0912 respectively. Furthermore, the result indicates that
past failure leads to future success: Mutual excitation effect from unsuccessful ideation efforts to successful
ideation (a2; = 0.0277) is comparable with the ;15" = 0.0246. This result suggests that through deliberate
practice and failures, an individual learns how to apply his or her accumulated knowledge correctly, which
leads to future successes. In contrast, we do not find any evidence of past success leading to future failures
(a12 = 0.0). These excitation effects offer evidence of the presence of learning-by-doing (Arrow, 1962).
Prior ideation efforts have a direct impact on the occurrence of future idea submissions and these efforts can
lead to better performance as illustrated by a2 and a1 (160 and 57 successful ideas, out of a total of 798
successful ideas, were expected to be generated due to excitation from past successful and unsuccessful idea

submissions respectively). In other words, ideators can learn through their failures and successes to create

successful ideas in the future.

The statistically significant mutual excitation effects from idea submissions to knowledge acquisition
activities (i.e. g1, ag2) suggest that every idea submission, unsuccessful or successful, leads to more
knowledge acquisition by the focal ideator. The rate of increment is cvg; = 0.2463 for unsuccessful ideation
and ago = 0.2106 for successful ideation. This result indicates that individuals are more likely to acquire
knowledge from others’ ideas after a failure rather than a successful submission. Through these knowledge-
seeking activities, individuals not only collect new knowledge, but also learn how that knowledge has been
applied by their corresponding ideators. Comparatively higher rate of knowledge acquisition after failure
suggests the presence of a “learning drive” i.e. ideator’s failure has a direct influence on him or her to seek

more knowledge from others’ ideas.

Lastly, the estimates in the temporal distribution section present the decay effect on the rate of event
generation of different processes. We find that the excitation effect decays rapidly for knowledge acquisition
activities i.e. ability of past platform activities to spur future knowledge acquisitions diminishes speedily
in comparison to other two processes. Effect of past activities declines less rapidly for unsuccessful idea
generation and even more slowly for successful idea generation. This implies that the rate of occurrence of
successful idea submissions is affected by events way more in the distant past when compared with rates of

occurrences for unsuccessful idea submissions and knowledge acquisitions.
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3.2.2 Benchmark Models Analysis

Our mutually exciting framework allows for a variety of model nesting strategies to validate the incremental
impact of the underlying theoretical assumptions (Halpin and De Boeck, 2013; Xu et al., 2014). In this sub-
section, we build a baseline benchmark model (with maximum restrictions on model parameters) and then,
incrementally relax these restrictions in subsequent models for model comparison purposes. The restrictions
were designed to aid our understanding of how the impact of conceptual distance varies as we build up our
model with just (a) knowledge acquisition without explicit spatial effects (Knowledge Acquisition Model
without Spatial Effects), (b) knowledge acquisition with spatial effects (Knowledge Acquisition Model),
(c) knowledge acquisition with spatial effects and learning-by-doing through self-excitation (Self-Excited
Knowledge Acquisition Model), and (d) knowledge acquisition with spatial effects and learning-by-doing
through self- and mutual-excitation (Fully-Excited Knowledge Acquisition Model). The results of these
benchmark models help us in understanding the relative impact of knowledge acquisition and learning-by-
doing activities on creative ideation outcome. All benchmark models include the effects of unobserved
individual heterogeneity. We focus our attention on the main parameters of interest, namely, the spatial

parameters (k7 , k5, 0/, 05) and the excitation coefficients (o).

The baseline benchmark model, the Knowledge Acquisition model without spatial effects, captures the
excitation effect of knowledge acquisition on idea generation while ignoring self-excitation among all pro-
cesses and all other mutual-excitation effects (agg = g1 = qp2 = @11 = 12 = a9 = age = 0), and
f,f;’ atial () = 1. In this model, we allow only past knowledge acquisition activities (without explicitly mod-
elling their spatial effects) to affect future ideation outcomes. In the next benchmark model, the Knowledge

spatial

Acquisition model, we relax the restrictions on [, g () and estimate the spatial effects of knowledge

acquisition activities. This model still restricts all other excitation effects.

The third benchmark model is the Self-Excited Knowledge Acquisition model where the occurrences of
successful and unsuccessful idea submissions are allowed to increase the probability of future occurrences
of successful and unsuccessful idea submissions respectively: i.e. «1; and g9 are no longer set to zero.
Thus, only agp = g1 = g2 = a1 = a2 = 0. In our final benchmark model, referred to as the Fully-

Excited Knowledge Acquisition model, we further extend the Self-Excited Knowledge Acquisition model by
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relaxing the restrictions on a1 and avy2: i.e. we now also allow for mutual-excitation between the successful
and unsuccessful ideation processes. This model comes closest to our main model. However, in comparison
to the main model, it ignores the excitation in the generative process for the knowledge acquisition activities
(oo = ap1 = a2 = 0): i.e. knowledge acquisition process is restricted to follow a homogeneous Poisson

process (we employ this restriction in all the benchmark models).

Table 3.6: Model Comparison: Goodness-of-fit

Models AIC

Knowledge Acquisition —95553.43
Self-Excited Knowledge Acquisition ~ —109692.60
Fully-Excited Knowledge Acquisition —111872.80
Main Model —253079.00

Table 3.6 presents the goodness-of-fit scores for the benchmark models. The results suggest that our
proposed main model (3.4) outperforms all the benchmark models by a very wide margin based on the AIC
scores® (see Table 3.6). The relative likelihood of our second best model in comparison to our main model
is &~ 2.9058 x 10739663 Through the Knowledge Acquisition model without spatial effects, we find that
participants’ knowledge acquisition activities on the platform lead to future occurrences of idea generation.
In the second model, the Knowledge Acquisition model, we further dissect this result by explicitly including
the effect of conceptual distances. We find that the prior analogies increase the probability of occurrence of
unsuccessful ideation more than that of successful ideation (19 = 0.0870, cgg = 0.0152), but there is no
discernible difference between their spatial properties (Figure 3.4). In the Self-Excited Knowledge Acquisi-
tion model, where we allow for self-excitation in the ideation processes (i.e. we also estimate a1, ag2), we
find similar effect of knowledge acquisition activities (a19 = 0.0569, aog = 0.0154) on ideation outcomes.
However, we do notice slight difference in the spatial distributions £:7*!(.) and f37*"!(.) (Figure 3.4).

In the Fully-Excited Knowledge Acquisition model, we further relax the constraints on mutual-excitation

Sy ) . . tial
between ideation processes i.e. g1 and o are estimated along with aig, 11, @0, a2, fro o (+)s

o atial (+). After the inclusion of the mutual-excitation effects, we find that prior analogies no longer incre-

4Since the random data for the Knowledge Acquisition model without spatial effects does not include the spatial data (unlike all
other models), we can not compare its goodness-of-fit measure with the other models.
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Table 3.7: Model Comparison: Parameter Comparison

Models
Parameter Knowledge Knowledge Self-Excited Fully-Excited
Acquisition Model Acquisition Model Knowledge Knowledge Main Model
w\o Spatial Effects Acquisition Model  Acquisition Model
@10 0.0061*** 0.0870*** 0.0569*** 0.0568*** 0.0575***
(0.0003) (0.0041) (0.0031) (0.0031) 0.0032)
20 0.0003*** 0.0152%** 0.0154** 0.1184 0.0768
(0.0001) (0.0028) (0.0049) (0.2618) (0.0780)
11 n.a n.a 0.1825*** 0.1826*** 0.1791***
(0.0057) (0.0056) (0.0056)
9o n.a n.a. 0.1072*** 0.0930*** 0.0912%**
(0.0136) (0.0124) (0.0122)
a2 n.a n.a. n.a. 0.0000 0.0000
(0.0000) (0.0001)
o1 n.a n.a. n.a. 0.0292*** 0.0277***
(0.0024) (0.0023)
K n.a 4.9443*** 5.2021*** 5.2060*** 5.1683***
(0.1881) (0.2307) (0.2307) (0.2337)
Kl n.a 3.7090*** 2.9613*** 1.1907 1.5089*
(0.5224) (0.5848) (0.6898) (0.7273)
01 n.a 0.4024*** 0.4006*** 0.4007*** 0.4005***
(0.0040) (0.0045) (0.0045) (0.0046)
o, n.a 0.3818*** 0.3397*** 0.1164 0.1609*
(0.0191) (0.0335) (0.1319) (0.0771)

Note: Standard Errors are reported under the parameter estimates in parenthesis. * p < 0.05, ** p < 0.01, *** p < 0.001

ment the probability of occurrence of successful ideas (apg is statistically insignificant). Moreover, we find
a clear difference in the spatial distributions for successful and unsuccessful ideation. However, the spatial
parameters for successful ideation process become statistically insignificant. This is most likely an outcome
of also assigning the parentage of successful idea submissions to prior unsuccessful submissions (through
ao1). That is, after controlling for generation of successful ideas through prior failed attempts, the spatial

effect of prior analogies on successful idea generation process is rendered statistically insignificant.

Our main model, the Mutually Exciting Spatio-Temporal Point Process model, includes the generative
process for knowledge acquisition activity i.e. we also estimate aqg, a1, (g2 in addition to parameters in
the Fully-Excited Knowledge Acquisition model. Through this model, we are able to observe the nuanced
effect of prior analogies, in relation to their conceptual distance from the target problem, on the ideation

outcomes. This model differs significantly in its estimated **9 = (1.1352,0.2335, 0.0246) when compared
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Figure 3.4: We present the density plots for the effect of spatial distance on ideation efforts for the following
baseline models: (a) Knowledge Acquisition model. (b) Self-Excited Knowledge Acquisition model.

with the Fully-Excited Knowledge Acquisition model’s u®¥9 = (2.9862,0.1831,0.0190). This difference
is responsible for the statistical significance of ngatml(-) parameters in the main model because it leads
to significant changes in the parentage assignments (i.e. branching probabilities, Equation (3.9)) of the
idea submission activities after modelling the generative process for knowledge acquisitions. Our ability
in correctly inferring the true statistical parentage is essential in understanding the spatial properties of
analogies which lead to successful and unsuccessful outcomes. Therefore, inclusion of all the observed

processes of knowledge acquisition and its applications via idea submissions are necessary to understand

the nuanced effects of conceptual distances on creativity outcomes.

In addition to the above benchmark analyses, we further compare our mutually exciting model frame-
work with the conventional models belonging to the reduced-form framework. For the reduced-form ana-
lysis, similar to prior studies (e.g. Chan et al., 2015), we created a dataset using all the ideas whose authors
had acquired knowledge through interactions on the platform before submitting their ideas. We measured
the conceptual distance as the mean of angular distances between the stimulus ideas and the challenge of
the focal idea submission. We ran a logistic regression model with fixed effects at the author level and
used controls for author’s tenure on the platform, number of prior stimulus ideas, success in earlier submis-
sions, number of challenges participated in, and number of ideas submitted by the author prior to focal idea

submission. The result of this analysis is presented in Table 3.8.
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Table 3.8: Logistic Regression with Fixed Effects for Analogical Learning.

Covariate Name Point Estimate
Intercept —20.2618
(1773.0360)
Conceptual Distance 0.8620
(0.9046)
Time on Platform —0.7845
(0.4798)
Number of prior analogies —0.7255*
(0.2835)
Number of prior submissions —1.2586*
(0.5098)
I(Prior Success>0) —1.3655™**
(0.2588)
Prior Challenges Participated In 1.7683**
(0.5381)

Note: Standard Errors are reported under the parameter estimates in parenthesis. * p < 0.05, ** p < 0.01, *** p < 0.001

In contrast to the nuanced results from our main model, the result from the logistic regression model
indicates that there is no effect of conceptual distance on the likelihood of creative idea generation. The
statistically insignificant effect in the reduced-form model partially supports our main results (as agg is also
statistically insignificant). However, it does not provide us with a deeper insight into the differentiating
effects of conceptual distance on creative and non-creative outcomes. Moreover, reduced-form analysis fo-
cuses on statistical correlations in the data to showcase negative impact of prior activities (e.g. as user’s time
on the platform increases, number of future successes would reduce in finite data samples, which would
result in estimation of spurious correlations). On the other hand, in the mutually exciting framework, the
comparison of excitation coefficients with exogenous rates clearly distinguishes between ideas that are gen-
erated independently of the platform stimuli and ideas that are a resultant of it. This allows us to understand
the generative processes behind event occurrences. Moreover, modelling structure imposed through the ad-
dition of spatial density functions elicits the nuanced effects of conceptual distance for different submission

types which is not possible through the reduced-form framework.
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3.3 Robustness Checks

We perform a variety of robustness checks to validate the different underlying assumptions and assess their

impact on our final results.

3.3.1 Minimum User Tenure

In our main analysis, we set the minimum duration for the tenure of the user on the platform to one month.
We use one month because it is the mean value for the duration of ideation phase across all challenges. We
check the robustness of our results across different thresholds for minimum user tenure (i.e., 0.5 months
and 1.5 months). We find that the estimated parameters remain consistent in their direction and statistical

significance. The results of this robustness analysis are reported in Table 3.9.

Table 3.9: Estimates with Different Minimum User Tenure

Parameters 1 month 0.5 month 1.5 month
Baseline Intensities
Mgvg 1.1352*** 2.0236*** 0.7813***
(0.0077) (0.0140) (0.0054)
ui? 0.2335*** 0.4254*** 0.1612***
(0.0037) (0.0068) (0.0026)
Mgvg 0.0246*** 0.0425*** 0.0163***
(0.0012) (0.0021) (0.0008)
Exciting Effects
Qg 0.7146*** 0.7129*** 0.7206***
(0.0030) (0.0030) (0.0030)
a10 0.0575%** 0.0550*** 0.0593***
(0.0032) (0.0033) (0.0032)
90 0.0768 0.1078 0.0642
(0.0780) (0.9250) (1.0152)
ap1 0.2463*** 0.1932*** 0.2881***
(0.0061) (0.0055) (0.0066)
a11 0.1791*** 0.1864*** 0.1753***
(0.0056) (0.0060) (0.0054)
Qo1 0.0277*** 0.0278*** 0.0291***
(0.0023) (0.0023) (0.0024)
Q2 0.2106*** 0.1801*** 0.2169***
(0.0175) (0.0162) (0.0173)

o712 0.0000 0.0000 0.0000
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(0.0001) (0.0001) (0.0001)
92 0.0912%** 0.0938*** 0.0877***
(0.0122) (0.0125) (0.0118)
Temporal Distribution
ko 0.2624*** 0.2659*** 0.2582***
(0.0012) (0.0012) (0.0012)
k1 0.1564*** 0.1510%** 0.1599***
(0.0034) (0.0033) (0.0034)
ko 0.1213*** 0.1196*** 0.1213***
(0.0068) (0.0069) (0.0068)
) 0.0745%** 0.0641*** 0.0880***
(0.0007) (0.0006) (0.0008)
01 2.3016%** 2.6966*** 2.0891***
(0.1919) (0.2348) (0.1688)
02 4.3432%** 4.3235*** 5.9528**
(1.2205) (1.2693) (1.8967)
Spatial Distribution
ki 5.1683*** 5.1248*** 5.1361***
(0.2337) (0.2444) (0.2249)
kb 1.5089* 1.3953* 1.4955*
(0.7273) (0.7020) (0.7077)
01 0.4005*** 0.3981*** 0.4015***
(0.0046) (0.0050) (0.0045)
o, 0.1609* 0.1389* 0.1668*
(0.0771) (0.0675) (0.0802)

Note: Standard Errors are reported under the parameter estimates in parenthesis. * p < 0.05, ** p < 0.01,
p < 0.001

3.3.2 Idea Submitting Users Only

In this subsection, we run the analysis using only those users who have submitted at least one idea for any

challenge. Our results remain robust to this subset of users.

Table 3.10: Estimates based on only Idea Submitting Users

Parameters Model: All Users Model: Submitting Idea Users




avg
avg

M

avg

Ko

@00
Q10
Q20
Qo1
Q11
Q21
Q02
Q12

Q22

k1

ko

01

02

K

Baseline Intensities
1.1352***
(0.0077)
0.2335***
(0.0037)
0.0246***
(0.0012)
Exciting Effects
0.7146***
(0.0030)
0.0575%**
(0.0032)
0.0768
(0.0780)
0.2463***
(0.0061)
0.1791***
(0.0056)
0.0277***
(0.0023)
0.2106***
(0.0175)
0.0000
(0.0001)
0.0912%**
(0.0122)
Temporal Distribution
0.2624***
(0.0012)
0.1564***
(0.0034)
0.1213***
(0.0068)
0.0745%**
(0.0007)
2.3016***
(0.1919)
4.3432%**
(1.2205)
Spatial Distribution
5.1683***
(0.2337)
1.5089*

0.6911***
(0.0093)

0.6473***
(0.0103)

0.0567***
(0.0028)

0.8326***
(0.0042)
0.0918***
(0.0066)
0.0246
(0.0384)
0.3173***
(0.0070)
0.1593***
(0.0052)
0.0232***
(0.0020)
0.2490***
(0.0190)
0.0000
(0.0001)
0.0817***
(0.0111)

0.2528"**
(0.0014)
0.1491***
(0.0033)
0.1135"**
(0.0069)
0.1383"**
(0.0016)
1.7924%*
(0.1433)
1.9135%
(0.5350)

4.6200%**
(0.2397)
1.6698*

45
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(0.7273) (0.7110)
0, 0.4005"** 0.3842%**

(0.0046) (0.0061)
0, 0.1609* 0.1550*

(0.0771) (0.0715)

Note: Standard Errors are reported under the parameter estimates in parenthesis. * p < 0.05, ** p < 0.01,
* p < 0.001

3.3.3 Stationarity of exogenous risk parameters

In the context of the Hawkes process, the counting process N (¢) has stationary increments if and only if the
expected number of events generated through excitation is less than one (Bacry et al., 2015). Our estimated
excitation/branching coefficients are less than one implying the stationarity of the Hawkes process. The
stationarity of the exogenous risk, u, implies that the expected number of events caused by the exogenous
risk (occurring in any time interval) is a product of the duration of the interval and a constant rate. Therefore,
if this were the case, the expected rate of events occurring in arbitrarily defined time intervals would be
approximately constant. This also forms the basis for the diagnostic test for stationarity of the homogeneous

Poisson process (Daley and Vere-Jones, 2003).

We follow the instructions in Daley and Vere-Jones (2003) for testing the stationarity of the exogenous
risk p. Our current dataset consists of users’ trajectory data from time O to T" (7" is the timestamp of the last
activity). We create new datasets where we only include user activities between time 0 to % and 0 to %

We estimate the mutually exciting spatio-temporal point process model for these datasets.

If the expected baseline risks (for these datasets) are approximately equal to our main dataset with users’
activities from O to 7', then it implies that the baseline risk is stationary (Daley and Vere-Jones, 2003). We
tabulate the estimated ratios in Table 3.11. We find that the exogenous risks are approximately equal and

consistent, suggesting that the baseline risk is stationary in our setting.
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Table 3.11: Baseline Rates for models with different time ranges

Time Range wo? ui"? o ?
0OtoT 1.1352 0.2335 0.0246
0to T 1.1317 0.2376 0.0241

0to 2L 1.1360 0.2336 0.0244

3.3.4 Time Delay in Results

The ideas submitted by the platform participants are adjudged to be successful or not after a certain duration
(as is common in tournament settings). For example, an ideator submits an idea at ;. The results are
declared at 7. Therefore, it is hard to say whether events generated in (¢1,7] are due to successful or
unsuccessful ideation as the results are not known until 7.

Nonetheless, with overlapping challenges, i.e., multiple challenges occurring around the same time, it
does not seem possible to incorporate this delay in our mutually exciting model. Consequently, we set out
to test whether our estimates would change drastically if we could model this time delay. Our strategy is as

follows:

1. Assume that, instead of successful and unsuccessful ideation processes, there is only one process
i.e., ideation process. In other words, our test model has two processes: knowledge acquisition and

ideation processes.

2. Estimate a mutually exciting spatio-temporal point process model on the same data for this simplified

specification.

The results are presented in Table 3.12. From this analysis, we find that knowledge acquisition excites
ideation activities, and the distribution of the spatial effect is some weighted average of the spatial effects
of our main model with the knowledge acquisition process, unsuccessful ideation process, and successful
ideation process. As 88% of all idea submissions are unsuccessful, we see that the estimated spatial distri-

bution for the ideation process leans more towards the unsuccessful ideation process (Figure 3.5).
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Table 3.12: Estimate for the model with two processes

Parameter Name  Estimate Standard Error
Qo 0.7711 0.0031
a1 0.0675 0.0038
Qo1 0.3072 0.0065
a1 0.2011 0.0057

ko 0.2485 0.0011
k1 0.1549 0.0031
0y 0.1396 0.0013
01 2.2681 0.1847
K 4.8760 0.2164
o' 0.3944 0.0048
1o 0.6488 0.0046
1 0.1570 0.0023

What this simplified model tells us is that knowledge acquisition has an effect on idea generation and
the spatial effect has a mean value of 0.3616. Because the time delay is immaterial in this model (as there
is no winning or losing status, only idea generation status), it demonstrates that irrespective of the time
delay, the current results would hold. When we split the ideation process into successful and unsuccessful

processes, we see more insight into the effect of conceptual distance on creativity outcomes. Though this is

not a perfect test, it approximately shows that time delay would not drastically change our findings.

Figure 3.5: We present the density plots for the effect of spatial distance on ideation efforts. (a) Model with

three processes. (b) Model with two processes.
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3.3.5 Negative Binomial Baseline Rates

In our main model, the baseline rates are restricted to follow the Poisson distribution. We relax this assump-
tion to allow for over-dispersion. Specifically, we model the baseline rate of event occurrence as following
the Negative Binomial distribution. This necessitates the need to derive the new conditional intensity func-
tion for the baseline rate. We present our derivation and the results below. We do not find any evidence
of over-dispersion as it is captured by the Poisson cluster process which we model explicitly through our

Hawkes process framework (Daley and Vere-Jones, 2003).

Derivation

For a general Point Process, we know

/

AtHO)R +o(h),  m=1,

]P)(N(t + h) — N(t) = m\?—[t) = O(h), m > 1, (3.14)

L= At|/He)h +o(h), m =0,

Let M\(¢t|H¢, v) = A(t|Hi)v = Av where v is gamma distributed with mean 1 and variance % i.e. shape

= ¢ and scale = % for the baseline process. Thus,

P(N(t+h)— N(t) =1,Hy)
P (M)
_ JP(N(t+h) = N(t) =1{He,v)P(He|v) g(v)dv
JP (Hulv) g(v)dv
_ J AE|Hy, v)RP (He|v) g(v)dy
J P (Helv) g(v)dv
_ J AhP (Hy|v) g(v)dv
J P (He|v) g(v)dv

P(N(t+h)— N(t)=1H) =

Now, conditional on v, P(H;) follows Poissonian distribution. Hence,
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P(N(t+h) — N(t) = 1[Hy) = L }ﬁg:ﬁ;;”;(i ()2 o

yN@ET) yo—le—vdpd

e M
I R (G N )Nt
e~ MW A\YNET) yo—le—vophe
S N INE) dv

I AN )+e—v(A+0) gy,
- fooo yNE)+o—1le—v(A ) dy

= )\h<F<N(t) + ¢+ 1) (A + ¢)N(t—)+¢2>
= A+ ¢)NET-ID(N(t-) + )

_ N({Et")+¢
= )\h<)\ p > (3.15)
Thus,
ML) = )\<W> (3.16)
Results

We estimate a model using these conditional intensity function with baseline rates following the Negative
Binomial distribution. The results are presented in Table 3.13. The results indicate no evidence for the
presence of over-dispersion in the baseline intensities. The over-dispersion in the data is captured by the
Poisson cluster process which we model explicitly through our Hawkes process framework (Daley and

Vere-Jones, 2003).

3.3.6 Usage of Fixed Effects instead of Random Effects to model user heterogeneity

In this section, we develop a model of idea generation where unobserved user heterogeneity is included via

fixed effects. We define the multivariate Hawkes model, with user-level fixed effects /%, as follows:

D
AL (t M, V') = il + Z Z bt — 11, ¢, — xI) where puf, = pyv*

J=1 m:tzn<t
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Table 3.13: Parameter Estimates of a Mutually Exciting Spatio-Temporal Point Process Model with Negative

Binomial Baseline Rates

Process Types

Interaction

Unsuccessful Ideation

Successful Ideation

Interaction

Unsuccessful Ideation

Successful Ideation

Shape

Scale

Shape

Scale

Baseline Intensities

1o i1
0.6489*** 0.1423***
(0.0046) (0.0022)
o o1

626647.2234
(8187392.4911)

185992.0396
(987900.6560)

Exciting Effects
Qoo Qo1
0.7711%** 0.3036***
(0.0032) (0.0068)
Q10 o1
0.0576*** 0.1839***
(0.0032) (0.0057)
@20 Q21
0.0361 0.0309***
(0.0356) (0.0025)
Temporal Distribution
ko k1
0.2485%** 0.1600***
(0.0011) (0.0034)
90 01
0.1396*** 2.0533***
(0.0013) (0.1739)
Spatial Distribution
Ky, K}
n.a. 5.1696***
n.a. (0.2305)
o, 01
n.a. 0.4003***
n.a. (0.0046)

M2
0.0145***
(0.0007)
b2
4159.1421
(28449.3428)

a2
0.3445***
(0.0224)
Q12
0.0000
(0.0001)
Q22
0.0970***
(0.0129)

ko
0.12871***
(0.0069)
)
6.9819**
(2.2051)

ks
1.7681*
(0.6895)
0,
0.2202*
(0.0931)

Note: Standard Errors are reported under the parameter estimates in parenthesis. Since we did not estimate the effect of spatial distribution over
generation of new comments, we have placed n.a. for the same.
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g [ (b= th) 2 (lee = xlo) it >t and (K, ) € {(1,0),
(2,0)}
Qg fremperal (t—t{n), ift > 13, and (k, §) € {(0,0),

bt — ), er —xI)) =

(0,1),(0,2), (1,1), (1, 2),
(2,1),(2,2)}

0, otherwise

(3.17)
v are the N dummy variables for fixed effects. IV is the number of users. We set v! = 1 for identification

purposes.

Estimation

We use the EM algorithm to estimate the model parameters. In the Expectation step, we compute the
posterior branching probabilities for the 7" iteration (i.e. probability that the event of process k at time ¢,

is generated by any of the prior events or is the result of exogenous risk)

O (tgn)
Zz ‘ez, )\( )(tkn)

Prob(Zpn = z | Hy,00) = (3.18)

In the maximization step, we take the posterior probabilities as given and maximize the expected com-

plete data log-likelihood.

Ng

QI 1) = 3 <i<z(21°g () x o2 = | 400 — [ ) )

users Nk=1 “z€zr “n=1

(3.19)

Equation (3.19) has closed form solutions for a;. For V', we derive its optimal value in terms of ji, as

follows: i
D b 7 r
i = it Ynty P00 Zin = 2| T, 6)) (3.20)
> et kT
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7 denotes the user. D is the number of processes under study. Therefore, we maximize (3.19) subject to the
restriction in (3.20).
Results

Our results remain robust to usage of fixed effects for unobserved user heterogeneity (see Table 3.14). While
non-parametric random effects allow us to model multi-dimensional heterogeneity (i.e. heterogeneities in

ay; along with pg), fixed effects only allow for heterogeneity in the exogenous risk parameters fiy.

Table 3.14: Estimates for Fixed Effects

Parameters Model: Random Effects Model: Fixed Effects
Baseline Intensities

wo? 1.1352%** 0.8494***
(0.0077) (0.0090)
pi? 0.2335*** 0.1432***
(0.0037) (0.0018)
po"? 0.0246*** 0.0148***
(0.0012) (0.0007)
Exciting Effects
00 0.7146*** 0.6728***
(0.0030) (0.0029)
10 0.0575** 0.0426***
(0.0032) (0.0028)
20 0.0768 0.0303
(0.0780) (0.0295)
01 0.2463*** 0.1559***
(0.0061) (0.0049)
11 0.1791*** 0.1682***
(0.0056) (0.0053)
021 0.0277*** 0.0273***
(0.0023) (0.0023)
002 0.2106*** 0.1461***
(0.0175) (0.0146)
12 0.0000 0.0000
(0.0001) (0.0001)
22 0.0912*** 0.0914***
(0.0122) (0.0122)

Temporal Distribution
ko 0.2624*** 0.2752%**
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(0.0012) (0.0013)
k1 0.1564*** 0.1420***
(0.0034) (0.0030)
ko 0.1213*** 0.1160***
(0.0068) (0.0030)
o 0.0745%** 0.0445%**
(0.0007) (0.0004)
01 2.3016** 1.5360***
(0.1919) (0.1476)
02 4.3432%** 4.2428**
(1.2205) (1.3639)
Spatial Distribution
K 5.1683*** 5.1958***
(0.2337) (0.2691)
K 1.5089* 2.0167*
(0.7273) (0.7043)
61 0.4005*** 0.3961***
(0.0046) (0.0053)
o, 0.1609* 0.2225**
(0.0771) (0.0784)

Note: Standard Errors are reported under the parameter estimates in parenthesis. * p < 0.05, ** p < 0.01,
* p < 0.001
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Chapter 4

STRUCTURAL ANALYSIS OF COMPETITION IN BITCOIN AND BITCOIN-CASH
MINING

4.1 Model

We consider a theoretical model of I forward-looking mining pools, subscripted as . Time is discrete and a
single time period is an interval of 6 hours. At the beginning of every time period ¢, miners make decisions
regarding their willingness to participate in mining BTC or BCH or neither or both. As such, every miner
draws a private shock, at the beginning of ¢, regarding mining feasibility of BTC and BCH. We model their
choices as a partial equilibrium, dynamic decision problem. In our setup, miners decide on the number of
blocks of each chain to mine!: that is, n; ;e € {0, ..., K1} and n; ¢ pen € {0, ..., K2}. We use the terms
miner and mining pool® interchangeably.

While the actual decision-making process within the mining pool could be complicated and opaque, we
make simplifying assumptions regarding the timing of the process. First, we assume that decision about
BTC is made prior to BCH by every mining pool®. Second, we assume that coins earned in time t are
sold in the same time period at the prevailing market price*. Third and most importantly, we assume that
BTC and BCH mining represent two different dynamic games. That is, we assume that there are two separate
decision-makers for BTC and BCH within every mining pool. And, BCH decision-maker takes the decisions

of the BTC decision-maker as given. Our first assumption allows us to separate these two mining operations

"Miners decide on the allocation of hash power or computational power to each blockchain. We do not observe these hash power
shares. Since, number of mined blocks are strongly correlated with quantum of hash power used, we posit the decision-making
problem from the perspective of number of blocks. The structural errors allow us to rationalize the inherent mining stochasticity.

*Mining pools are comprised of individual miners who have different preferences over BTC and BCH. We abstract away from
their individuality and treat the outcomes of their collective preferences as the overall decisions of the mining pool.

3Given the dominance and popularity of BTC, it is very probable.

*Ideally, miners are required to wait until 100 new blocks have been added to the chain after their block before they can monetize
their coinbase rewards and transaction fees by selling them on the secondary market (coin exchanges). Since, we do not know the
actual time of their sale (it cannot be traced on the blockchain either), we assume that they get the current time period’s market
price.
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and treat them as separate mining games. For miner ¢, we refer to the BTC decision-maker as BTC miner ¢

and BCH decision-maker as BCH miner i.

In our setup, miners are forward-looking i.e. their goal is to maximize expected discounted profits from
mining BTC and BCH at time ¢. BTC miner ¢ decides on the number of BTC, n; 4 11, to mine to maximize
its expected discounted profits from mining BTC. In a similar fashion, but with separate function for BCH
profits, BCH miners makes a decision about BCH blocks, n; ¢ ;. while taking its BTC counterpart decision,
N t bte> 45 exogenous. Miner incurs computational costs while mining these blocks. Inclusion of coinbase
reward and transaction fees brings revenue to the miner conditional on the market prices. Let X pz. be the
set of payoff-relevant BTC’s state variables for miner ¢ at time ¢, i.e., Xit pte = <3§7th, s%bt c). We define
Xit,beh, Similarly. sfibt . 1s the set of BTC state variables which affect the revenue accrual to the miner such as
BTC’s market prices and prevailing transaction fees levels. Likewise, sg’ v 18 the set of BCH state variables.
Let p denote price and f denote transaction fees. s%bt . 1s the set of variables affecting the cost such as
difficult levels, denoted by dp;.. sl.c; v, includes BCH’s difficulty levels, dp.; and the BTC miner’s decision,
N ¢ bt~ €itbtc 1S @ privately known structural error, independent and identically distributed, and drawn from
a known distribution, Fy.(€;| Xt btc) With support €; C R. It represents miner 4’s private information about
BTC mining, such as hash power contribution of pool members toward BTC or information regarding profit
distribution among pool members or the inherent randomness in mining. ¢€;; pcp, is the miner ¢’s private
information about the share of hash power allocated to BCH mining and the inherent randomness in mining.
€t beh 18 drawn from Fycp (€;]Xit pen). The reduced-form one-shot payoff functions for miner 7 at time ¢ is

given by:

bte _ R C
T (N4 t,btes Mt btes Xit btes €itbte) = LMt bte, N—itbtes Siy pre) — C(Mitbtes Ni t btes Sit pre)
+€i t,btc
beh _ R c
T (Wit behs it behs Xitbehs €itbeh) = R(Nitbehs Nt behs Sit pen) — C(Nistbehs N—istbehs Sit pen)

+€itbeh 4.1)

Miners’ per-period profit (4.1) comprises of revenues and costs associated with mining BTC and BCH.
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R(-) is the revenue function and C/(+) is the cost function. The per-period payoff, from BTC and BCH, is
parametrically defined by equations (4.2) and (4.3) respectively. These payoffs have very similar specifica-
tions. The profit from mining on each chain increases linearly in the number of mined blocks as each mined
block carries significant coinbase rewards. thcnmbtc and 9§°hni7t7bch represents the revenue accrued by
BTC and BCH miners respectively through coinbase rewards. Transaction fees incentivize miners further,
in addition to coinbase rewards, to allocate precious mining power and enter additively into their respective
profit functions as Hgtc ft.bte and GgCh ft.beh- Miner gains 9’1’“ ft,ptc and H?Ch ft.ben due to exogenous movements
in market prices of BTC and BCH respectively. The erosion of profits due to competition is quantified by
Qgtcn,i,wte and 9§Chn,i7t’bch where n_; ¢ p1. and n_; ¢ pc,, are the number of BTC and BCH blocks mined by
competitors of miner ¢ at time ¢. The expenses related to mining are quantified by thcdt,btc and GZChdtybch.
Moreover, the BCH miner further faces competition from its BTC counterpart for the limited hash power

owned by their mining pool. Its profits are further eroded by HgChnmth + QQChn?t bte:

bt . nbt __ 1pbt bt bt bt bt
Wi,tc (ni,t,bm Nt btes Xit,bte; 0 C) = [07Depte + 05 frpe + 03 Nt bte — 0 “dipre — 05 it pic
+ € tpte) 1 {nitpee > 0} (4.2)
bch .pbch'\ __ 1pnbch beh beh beh
it (ni,t,bchan—i,t,bchanz‘,t,btcaXit,bchve ) = (07" Depen + 05" frpen + 0371t pen — 04" di pen—

beh beh beh, 2
03" 1 it beh — 06" it bte — 07 Nt pen + €itpen]-1{Nitpen > 0} (4.3)

Thus, the structural parameters defined in our model for the BTC miner are 6% = (65, g5'¢, 95/, g5ic,
6%¢). BCH miner’s structural parameters are defined by the vector §°" = (6%<h g5ch g5t gheh ghch gbch,

ich).

We study the mining game being played by BTC miners from April 2017 to February 2018. We split
this period into three sub-periods: (a) pre-fork period: BTC wasn’t forked in this period and, therefore,
BCH did not exist; (b) EDA-active period: BTC was forked on 1% August 2017, and immediately after

the fork, BCH developers instituted the emergency difficulty adjustment algorithm (EDA) which was active
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until 13" November 2017 ; (c) Non-EDA period: covers the time from end of EDA to February 2018. These
sub-periods were characterized by very different equilibria due to (a) Miners focused their attention only on
BTC in the pre-fork period as BTC fork hadn’t occurred; (b) presence of EDA algorithm in the BCH chain
during EDA-active period, (c) BCH switched to a new difficulty adjustment algorithm® during the Non-EDA
period, and (d) Non-EDA period witnessed the cryptocurrency boom leading to massive overheating of the
cryptocurrency market. The Non-EDA period did not see any wild fluctuation in the BCH’s rate of mining

and hash power contributions. As such, we compute the equilibria governing these periods separately.

In the BTC and BCH mining process, difficulty changes and transactions fee levels are a function of
the collective mining rate in the recent time periods. Higher rate of mining leads to upward adjustment
in the difficulty levels and vice versa to maintain a constant rate of mining (one block every 10 minutes).
Introduction of EDA led to one-way downward difficulty adjustments on the BCH chain during the time
EDA mechanism was active. Fees incentive miners to process transactions during periods of high demand
Houy, 2014; Easley et al., 2019. The rate of mining increases to cater to the increased demand for blocks
and as a consequent, more transactions are processed. This mechanism allows users to increase the priority
of their transactions. Once the excess demand subsides (as increased rate of mining eventually catches up),
the fee levels decrease in response. This endogeneity of transaction fees is an important component of our
structural model and has not been considered in earlier theoretical studies of Bitcoin mining (Ma et al., 2018;
Dimitri, 2017).

We explain our forward-looking model for BTC miner only. The model and its explanation is exactly
the same for BCH miner. Given an initial state X;; . at time ¢, BTC miner i’s expected discounted profits,

before the realization of private shock, €; ; ptc, are given by

)
T—t,__btc
E |: § B T (ni,T,btca N—j,rbtcy Xit,btes 6i,‘r,btc)

T=t

Xit,btc:| ) (44)

where § € [0,1) is the discount factor. The goal of BTC miner 7 is to maximize its expected discounted

profits, taking the actions of rival BTC miners as given. The expectation in (4.4) is taken over ¢’s private

SNew DAA smoothed the future estimates of difficulty levels by using a simple moving average of the hash power contributed
to the BCH blockchain for the previous 144 blocks to avoid erratic block generation times.
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shock and other BTC miners’ actions in time period ¢ as well as over the future values of BTC-relevant state

variables, private shocks, and BTC miners’ actions.

We focus on pure strategy Markov Perfect Equilibrium (MPE) in specifying the equilibrium behavior.
BTC Miners follow anonymous, symmetric, and Markovian strategies i.e. miners’ actions depend only on
the current state vector and their individual private shocks. Let S; ;. be the state space of all possible values
of Xt ptc for miner 7 and Sy be the collection of S pie. Let n; ¢ pre € Njpre C NO. Also, ¢, C R is the

collection of i.i.d. private shocks ¢; 4 s for all BTC miners at time ¢. The Markov strategy profile for BTC

bte

miner ¢ can be characterized as a function ;¢ : Sy, x R — Nj 3 that maps the BTC payoff-relevant state

variables and private information to the set of possible choices. The profile of Markov strategies is denoted

btc _ ( btc

bt
by o o7, ...,07 )

Given the Markov profiles oy, expected profit of BTC miner ¢ in state xp;. (dropping the time sub-

scripts) is defined recursively as

yhte (thc; Ubtc) = Ee[m" (0 (Xote: €bte), Xiptes €ipte) T BE [V (Xhies ) [ Xbte, o (Xbtes €btc)} | Xbte)
(4.5)

V%€ is the BTC miner 4’s ex-ante value function. It reflects expected profits from mining BTC before the

btc(

private shocks are drawn. o”“(Xptc, €ptc) is the action profile (U’ftC(thc, €1,btc)s s a?tc(xl,tc, € I,btc))- The

inner expectation is with respect to future value of state variable, thc, conditional on the current state s
and the action of all the BTC miners in current time period. The outer expectation is over the current values

of the private shocks, €p;c.

An action profile ¢%*¢ is a MPE if BTC miner 7 has no incentive to unilaterally deviate from its strategy

btc

O'Z-btc while the opponent miners are playing by ¢”*¢. This implies that there is no alternative Markov strategy

;" that will yield a higher ex-ante value function than aftc, Therefore, o%*¢ is a MPE if for all BTC miners
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1, states Xp¢c, and alternative Markovian strategies &Vibtc,

bt . bt bt bt .~ bt bt
Vi (Xote; 07 027) 2 Vi (Xote; 067 ¢, 025) (4.6)
bt ~ bt bt
=E. [771' ¢ (Ji C(thca 6i,btc)a O-—ic(thcv E—i,btc)v Xi,btcs 6z’,btc) +

ﬁE [V?tC(X;)tc; @btc, O'litzc) |thc, @btc(thca Ei,btc)7 O-ljz‘C(thca e—i,btc)] |thc]

The forward-looking model for BCH miner is defined in an equivalent fashion. Though studies have
proven the existence of MPE in general Markovian games (Dutta and Sundaram, 1998), however, little is
known about equilibrium existence in a dynamic game with continuous states as ours. As such, we assume
that an MPE exists and the same MPE is expected to be played in all time periods (e.g., Bajari et al., 2008;
Blevins et al., 2017).

4.1.1 Theoretical Understanding of Competition in Mining

We define a theoretical equilibrium mining model for any coin, whether BTC or BCH. We consider N
identical miners who choose their rate of computations (or hash power allocations), \; € R in every time
period ¢. The difficulty of mining is set to D € N°. The difficulty adjusts to maintain a time interval of &
between two blocks on average. Let X;(¢) denote the Poisson distributed random variable for the number of
computations done by miner 7 at time ¢ (see Altman et al., 2019; Ma et al., 2018). In expectation, D x 2%
computations® are required to find the hash below the target value. Since finding the hash is a stochastic
process and independent of past computations done by miners, the inter-arrival time between two successive

computations on the network is a random variable following the Exponential distribution with rate parameter,

va ;. Therefore,
N

D x 232
Z N\ = s 4.7

In equilibrium, every miner chooses the same \. Let M/ = D x 232,

M
N x 6

A= (4.8)

®https://en.bitcoin.it/wiki/Difficulty
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We plot the expected total network hash rates (according to our result, %) with the observed total net-
work hash rate for BTC and BCH. We find that our theoretical predictions for total network hash rate closes
matches with the observed data. However, we do find drastic, though expected (because of EDA-triggered
difficulty reductions), deviations from our predictions during the EDA-active period for BCH. We also find
consistent (yet, expected) deviations during the Non-EDA period for BTC (period characterized by crypto-

currency boom).

o
o

++-Actual

o
S

—Expected

w

=)

o

BCH Hash Rate in Exahashes per second
@

BTC Hash Rate in Exahashes per second

Aor Jul oat Jan oct Jan

Time in Days Time in Days

(a) (b)

Figure 4.1: Expected vs Observed Total Hash Power on the Bitcoin and Bitcoin-Cash blockchains. Vertical
lines mark the time of BTC fork and EDA deactivation. (a) Bitcoin network hash power. (b) Bitcoin-Cash
network hash power.

Therefore, each miner has an equal probability of winning the block generation competition, which is
given by N Block generation brings a total reward of R (including fees and coinbase) coins. Further, every
miner faces the same cost function, ¢()\;) which is strictly increasing and convex. Hence, miner 7’s expected

payoff, U;(\;) is

Ui(\i) = % —c(N)
R
R M

Through derivatives, we find that the expected utility is increasing in /V until a threshold value of N* =
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M

s(c 1y ()
or coin prices, such as those observed for BCH during EDA-active periods or BTC price boom, can impact

where (c¢=1)(-) is the first derivative of the inverse of ¢(-). Drastic changes in difficulty levels

this competitive threshold. Our empirical analysis will allow us to understand our theoretical model’s results

with the help of actual mining data.

4.2 Empirical Strategy

Searching for an equilibrium in dynamic games is computationally prohibitive and mathematically intract-
able. Maximum likelihood approaches to estimate dynamic game parameters are computationally very
demanding as the estimation procedure needs to solve for an equilibrium at every guess of parameters when
even solving for an equilibrium for a single set of candidate values is computationally prohibitive. Moreover,
existence of multiple equilibria complicates the procedure further as the econometrician is required to com-

pute the set of all equilibria and then, match these equilibria to the data (Ryan, 2012).

We follow the two-step estimation approach to alleviate these computational issues. These methods do
not require one to solve the theoretical equilibrium model explicitly even once (Hotz et al., 1994). The two-
step empirical strategy posited in Bajari et al. (2007), henceforth referred to as BBL, is our preferred method
to solve the miners’ dynamic decision-making problem. In the first step, we compute the reduced-form es-
timates of the miners’ policy functions. We do not impose any structure here and estimate the reduced-form
regressions with flexible specifications. We also recover the probability distribution governing the evolu-
tion of market prices and transaction fees using standard time series methods. We explicitly include the
dependence of transactions fees on the past rate of mining in the evolution of the same. This avoids com-
puting the equilibrium of the game because the policy functions are estimated from the actual equilibrium
that is played in the data. Therefore, by estimating the probability distributions for actions and states, we
ultimately recover the miners’ equilibrium beliefs because they are expected to have correct opinions about
their environment and competitors in an equilibrium model. We simulate the ex-ante value functions using
the parameters recovered in first stage of BBL. Using these simulated value functions, we impose optim-
ality conditions (4.6) to recover the structural parameters through a minimum distance estimation routine

in the second step. We assume that the data follows a first-order Markov process, are generated through a
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single MPE, and all the miners expect the same equilibrium to be played in all the time periods of a single

duration’.

4.2.1 Data Sources

The data for our study has been generously provided by BlockChair (Blockchair, 2018). The data consists of
the entire BTC and BCH blockchains right from their genesis blocks (the very first block in the blockchain).
This includes information such as timestamp of each block, name of the successful miner, number of trans-
actions in the block, total transaction fees, miner reward, and level of difficulty. We collected price-level and
trading data from coinAPLio (CoinAPI, 2018). Using their services, we aggregated price data from multiple
exchanges such as Bitfinex, CoinBase, OKCoin, Cexio, and Kraken. We aggregated data at 6 hour intervals
i.e. the number of coins mined by our selected mining pools in every 6 hour interval along with information

about market prices, difficulty levels, and transaction fees.

4.2.2  First-Stage Estimation

Let ¢ be the vector of all first stage parameters. ¢ includes the reduced-from policy function coefficients
and the coefficients of the transition functions for the price and transaction fees. The estimated coefficients

in ¢ are tabulated in the appendix.

Policy Functions

We estimate the policy functions dictating the number of blocks to mine on the BTC and BCH blockchains.
We use log-linear models to correlate the observed states to the number of miner blocks. Specifically, we
model log(n; ¢ pte + 1) and log(n; ¢ pen, + 1) as a linear combination of ¢y and ¢y, respectively. Let W ¢ pte
and W ; e, be the vectors of BTC’s and BCH’s policy-relevant state variables. These vectors consists

of their respective prices, difficulty levels, transaction fees, lagged decisions for both chains, EDA-active

"We compute equilibria for three different time durations: pre-fork, EDA-active, and Non-EDA.
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period, and some interactions of the above. We also include miner fixed effects.

log(nigpie +1) = GoteWitpte + €itbte

log(nitpen +1) = Oven Wit peh + €t peh (4.10)
We try different specifications of the vectors W ; ps. and W 4 ., and select the best fit based on R? values.

Transition Equations

We estimate the transition equations for the state variables in x;, namely, P ptcs Pt.behs ftptes ftben and an
indicator variable denoting whether EDA was active in that time period or not. We specifically model the
evolution of log (¢t/z,_1) where € {Dptc, Pochs fotes foen}. Let us denote log (#t/z,—1) as A(xy). ¢t pte
and ¢ pcp, 18 the total number of BTC and BCH blocks mined at time ¢ respectively. Evolution of EDA is
deterministic. EDA was activated with the BTC fork on August 1% 2017 and deactivated on November 13"

2017.

A(pepte) = C0,0APe—1,ptc) + Co,170,6—1 + Vot
vo ~ (i.i.d. )N (0, k3) 4.11)
A(Prpen) = CLOAPI—1,beh) + C11V1—1 + Vi
vig ~ (ii.d )N (0, k3) (4.12)
A(fepte) = Q0A(fr—1pte) + (210201 + C22(Ct—1pte — Ct—2,btc) + V2t
va ~ (i.i.d )N (0, k3) (4.13)
A(frpeh) = B0A(fi—1,bch) + (317341 + (32(Ct—1,bch — Ct—2,bch) + V3¢

vg ~ (i.i.d )N (0, k3) (4.14)

4.2.3 Second-Stage Estimation

In the first stage, we recover the parameters qAS of the reduced-form policy functions governing miners’

mining decisions and transition equations for the evolution of state variables assuming first-order Markov
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processes. The estimated policy functions inform us about the beliefs of miners in equilibrium and how they
will respond in a given market condition. In an equilibrium model, we assume miners have rational beliefs
about state transitions and the actions of their rivals. We can use estimated gz§ to simulate many paths of plays
starting from different market conditions. Therefore, we can effectively simulate miners’ reactions under
different policy regimes for the same market conditions.

We drop the btc/bch supscripts/superscripts for this part. We use these simulations to construct empirical
estimates of the ex-ante value function. Then, we use the equilibrium condition (4.6) to form the minimum
distance criterion function to recover the underlying structural parameters, . We will use the subset of the
estimates (;AS from first-stage to approximate the MPE profile o. ¢ is the actual policy employed by miners to
make mining decisions and is an approximation for ¢. & is the behavior under alternative policy (generated
via perturbation of ). Using 6 (or §’) and &, we can simulate ex-ante values for any miner 7 starting with

initial conditions X, .

T
V (Xi2:5,0) = B | D 77 L (6 (s 0) X €1 0) xtl,&]
T=11
1 s T
-3 DD L6 (€)X i) (4.15)
s=1 1=t

where we simulate S paths of play until T time periods. Superscript s denotes different paths generated
starting from x;,. We repeat this procedure B times with different x. To compute ex-ante value functions
for the alternative policies, o, we repeat the above procedure using & in place of 6. We generate 200 alternate
polices with multiplicative perturbations following the recommendations in Srisuma (2013). Our linear-in-
parameters specification of the one-shot profit function results in massive computational saving as we only
need to forward simulate once. The simulated V (+;6,0) and V (; 5, 6) can then be evaluated for different
candidate values of 6.

BBL posits that in equilibrium, actual policy is always weakly preferred to other feasible alternatives at
every other state. Therefore, the policy &; for miner ¢ will yield a weakly higher value of expected present
discounted profits than any other policy &; when the rival miners are playing by 6_;. The differences in

value functions generated by these two class of policies, actual and alternative, are used to estimate the
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structural parameters. Given B inequalities with different initial conditions (Xi’l), we minimize the sum of
squared negative deviations from the equilibrium play. In effect, our simulated minimum distance estimator

minimizes the violations of the optimality condition through the objective function, @ (#), defined as

Q0= 55" (min {7, (x:0.0) - 7. (1705 -06) 0})° @16
b=1
A positive value of the minimum distance, @ (), at 6 signifies that at least one miner has a profitable
deviation. We simulate each inequality 2,500 times for 100 time periods.
Our identification scheme relies on exploiting the temporal variations in miners’ decisions throughout the
observation period. In the period of our study, spanning 9,368 miner-time period observations, the observed
price volatility (Figure 2.1d) created conditions where one coin was more profitable than the other allowing

us to observe variations in miners decision-making.

4.3 Results

The goal of this study is to investigate the driving forces behind the observed mining decisions made by
BTC and BCH miners from April 2017 to February 2018. This period includes the BTC fork, introduction
of an emergency difficulty adjustment algorithm to the forked cryptocurrency, BCH, and the cryptocurrency
bubble that led to massive over-valuation of the cryptocurrency market. We compute three different equi-
libria for the BTC miners (pre-fork, EDA-active, and Non-EDA) and two for BCH miners (EDA-active and
Non-EDA). We specifically focus our attention on the endogenous impact of transaction fees and competi-
tion on miners’ utilities while allowing for dynamic adjustments in the difficulty levels.

First-stage results are presented in the Appendix in Table 3, 4 and 5. In the second stage, we sampled
1,171 inequalities (out of a total sample of 1,284). Each inequality comprises of a randomly sampled miner,
starting time period, tuple of state variables (prices, fees, difficulty levels) for that time period, and the set of
alternative policies. We simulated 2,500 paths of play for every inequality for 100 time periods. The discount

factor 3 was set to 0.958. The standard errors for second stage were calculated by bootstrapping using 200

80ur results remain robust to other commonly preferred discount factors, such as 0.9 and 0.97.
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replications with replacement. Table 4.1 presents our estimates for the structural parameters governing BTC

and BCH miners dynamic decision-making during the three sub-periods.

We begin our discussion of the results with BTC miners’ structural parameters. As expected, price plays
a significantly positive role in BTC miners’ utility. During the period of our study, BTC’s price increased
from $1,000 to $19,000 (Figure 2.1d). Our estimates for the Gll’tc for the three periods reflect the increasing
importance of price in miners’ per-period utility. At the same time, we find BTC miners’ preference over the
number of mined blocks, eng, decreases from 0.1053 in pre-fork period to 0.0442 in the Non-EDA period.
This indicates that miners, in equilibrium, preferred mining fewer BTC blocks as the prices and difficulties
rose. The rising difficulty levels (Figure 2.1c), from pre-fork period to the Non-EDA period, increased the
cost of mining significantly and it is visible through the magnitude of 65/. In line with the preferences over
BTC blocks, miners’ utility was positively impacted by transaction fees (93“), however, their contribution

to the payoff decreases monotonically as we go from pre-fork period to Non-EDA period.

In section 4.1.1, we derive the threshold N* for number of active miners, below which, expected utility is
increasing in competition. Our estimates for the competition among BTC miners is negative and statistically
significant i.e. competition has an overall positive impact on miners’ utilities. This implies that the number
of active miners were indeed below N* during the observed mining periods. Moreover, we see that the
benefit of competition increases from pre-fork period to the Non-EDA period. During the high-demand
lucrative periods, BTC mining witnesses contribution of hash power from new miners®. This reduces the
computational burden on all active miners and consequently, the total cost of mining for the BTC network.
Moreover, addition of new hash power has the added benefit of making the BTC network more secure and

trustworthy (Houy, 2014).

BCH miners do not show any preference for BCH prices. The price coefficient, Q?Ch is positive but
statistically insignificant. BCH difficulty (GZCh) has a negative impact on miners’ utilities. However, the
effect is quite small compared to the cost of mining BTC in the corresponding time periods. As expected,
transaction fees (HSCh) increase miners’ payoff from mining. Their effect increases from 0.0252 during

the EDA-Active period to 0.0527 during the Non-EDA period. However, we notice that effect of mining

°In our setup, this would be reflected by the growing contributions of Other and Unknown mining pools.



68

Table 4.1: Estimates for the structural parameters for BTC and BCH miners.

Pre-fork EDA-Active Non-EDA
Structural Parameters (Apr 2017 (Aug 2017 (Nov 2017
- Jul 2017) - Nov 2017) - Feb 2018)
BTC Miners
Price (%) 0.0960*** 0.1273*** 0.2025"*
(0.0204) (0.0273) (0.0554)
Transaction Fees (65) 0.0729*** 0.0630*** 0.0547***
(0.0096) (0.0083) (0.0084)
BTC Blocks (65¢) 0.1053*** 0.0763*** 0.0442**
(0.0044) (0.0041) (0.0044)
Difficulty (65¢) 0.0484*** 0.0596*** 0.0922***
(0.0055) (0.0083) (0.0181)
Competitors’ BTC Blocks (62¢) —0.0254** —0.0464*** —0.0834***
(0.0084) (0.0079) (0.0076)
BCH Miners
Price (62°") n.a. 0.0185 0.0081
n.a. (0.0149) (0.0291)
Transaction Fees (5°") n.a. 0.0252*** 0.0527**
n.a. (0.0028) (0.0067)
BCH Blocks (65°") n.a. 0.1440*** 0.1059***
n.a. (0.0070) (0.0066)
Difficulty (65¢") n.a. 0.0163*** 0.0173*
n.a. (0.0037) (0.0084)
Competitors’ BCH Blocks (#2°") n.a. 0.0528*** —0.0130**
n.a. (0.0037) (0.0050)
BTC blocks (6%") n.a. —0.0443*** —0.0250%**
n.a. (0.0032) (0.0023)
BTC Blocks? (62" n.a. 0.0182*** 0.0085***
n.a. (0.0011) (0.0009)

Note: Standard Errors are reported under the parameter estimates in parenthesis. * p < 0.05, ** p < 0.01, *** p < 0.001
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BCH blocks (ch") on miners’ utilities decreases from 0.1440 during the EDA-Active period to 0.1059
during the Non-EDA period. This was a consequent of the EDA algorithm. During EDA-Active periods,
EDA-triggered reductions in BCH difficulty made mining BCH much more lucrative. However, after EDA

deactivation, fees started playing bigger role in BCH miners’ decision-making.

N* also applies to BCH mining. It’s dependence on the difficulty levels will alter the threshold value
above which competitions starts eroding BCH miners’ expected per-period payoffs. Due to EDA, BCH
difficulties were lowered by almost 50-75% (Figure 2.1c). This, in turn, lowered the threshold value for the
number of active miners. This is why, we observe that competition led to erosion of miner profits during
the EDA-active period (H?fh = (0.0528). Difficulty levels stabilized when EDA was deactivated (in the
Non-EDA period) and a difficulty adjustment algorithm, based on simple moving average, was introduced.
This allowed N* to stabilize at levels where competition contributed positively to miners’ payoff (HIgCh =

—0.0130) by curtailing the expected computational burden on all active BCH miners.

In our forward-looking setup for BCH miners, we assume that the said miner takes the decision of its
BTC counterpart as given and then, maximizes its expected discounted profits. Our results indicate, as
expected, that the rate of BTC mining (by the same mining pool) has a much stronger effect during the
EDA-Active period as compared to Non-EDA period. As the number of BTC miner’s blocks increase, the
per-period utility of BCH miner is negatively affected where the effect increases quadratically. This is again
a consequence of EDA. BCH miner competes with its BTC counterpart for precious hash power. Higher
BTC blocks result in lower levels of hash power for the BCH miner. Since EDA made BCH mining very
lucrative, lower availability of hash power (due to BTC miner’s actions) had a much stronger negative effect

during the EDA-Active periods.

4.3.1 Model Fit

We find our estimated model performs well during simulation runs. We contrast the actual rate of block
generation with the outcomes using our model. Figure 4.2 presents a succinct overview of its effectiveness
in predicting the mining decisions. Model simulations are implemented via the forward simulation approach

of Benkard et al. (2010).
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Figure 4.2: Actual vs Simulated number of mined blocks for BTC and BCH. Vertical lines mark the time of
BTC fork and the deactivation of Emergency Difficulty Adjustment algorithm on BCH.
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4.3.2  Counterfactual Policy Simulations

BCH developers introduced EDA with the intent to motivate miners to contribute their hash power to the
newly born minority BCH chain over BTC. However, their reasons to prefer the implemented design for
EDA, 20% difficulty reduction after a 12 hours gap, is not very clear. Coinbase rewards are halved after every
210,000 blocks to keep the underlying currency’s inflation in check by lowering the supply of new coins
(Nakamoto, 2008). Halved rewards would adversely affect individuals’ incentives to participate in mining.
As such, there is a tension between miners’ goals (maximize revenues) and BCH developers’ (survival of
BCH). We run this set of counterfactual simulations to ascertain the comparative effectiveness of the chosen
EDA design with respect to other possible schemes from the perspectives of miners and developers. We look
to the forward simulation procedure elaborated in Benkard et al. (2010) and applied by Blevins (2016) to
estimate these counterfactuals. This approach does not require one to solve the computationally intractable
dynamic model.

Simulated counts of mined BCH blocks and advancement in halving of rewards are presented in Tables
4.2 and 4.3 respectively. Overall level of dispersion (standard deviation) in the BCH block counts is 12,911

which drops to 5,460 after removal of the extreme 3 hours regime.

‘ Reduction Factor
‘ 50% 40% 30% 20% 10%

3 | 78359 64932 53176 41088 31453
6 | 41538 36315 30549 25930 21257
9 | 31442 28508 24862 21741 19848
12 | 28524 25600 22378 20417 19255
15 | 26475 24055 21217 19423 18370
18 | 24582 22638 20485 19208 17784
21 | 23274 22054 20032 18696 16985
24 | 23082 21638 19313 17945 16371

Time Difference (in hours)

Table 4.2: Simulated counts of mined BCH blocks during the EDA-active periods for different EDA designs.
Highlighted cell represents the count of BCH blocks for the actual EDA design.

Simulations for BCH mining under different EDA designs display very dispersed counts. Extreme design

configurations, such as, 20-50% difficulty adjustment after every 3 hours or 40-50% after 6 hours, will hasten
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the arrival of the day when mining rewards would be halved. Ideally, a block should be generated every 600
seconds. For extreme designs, we find that almost 2x-4x BCH blocks would have been mined in comparison
to the actual design’s simulated rate, which would advance halving of rewards by another 4-12 months (Table

4.3).

‘ Reduction Factor

| 50% 40% 30% 20% 10%
3 14.19 11.19 8.55 5.84 3.69
6 5.95 4.78 3.48 2.45 1.40
9 3.68 3.03 2.21 1.51 1.09
Time Difference (in hours) g 22?7) 332 123 (1)351) 822
18 2.15 1.71 1.23 0.94 0.62
21 1.85 1.58 1.13 0.83 0.45
24 1.81 1.49 0.97 0.66 0.31

Table 4.3: Halving of BCH rewards would be advanced by the above number of months for different EDA
designs. Highlighted cell represents the months for the actual EDA design.

Our counterfactual exercise informs us of the feasibility of multiple EDA configurations which would
allow BCH developers to preserve similar reward halving advancements. For example, 30% reduction in

BCH’s difficulty after every 18 hours, would have resulted similar advancement of reward halving.



73

Chapter 5

CONCLUSION

5.1 Creative Idea Generation in Open Innovation Platforms

The ability to think creatively fuels competitive advantage for companies by enabling them to make novel
products and services. According to the Forrester Research (Forrester, 2014), companies that encourage
creative thinking are 3.5 times more likely to achieve 10% revenue growth goals and are 50% more likely to

enjoy higher market shares over their competitors.

With the heightened interest on creative thinking skills, this study is motivated to advance our under-
standing of how individuals generate creative ideas. Such an understanding will enable us to offer insights
on how to cultivate creative thinking skills. Idea generation process is simultaneously influenced by multiple
activities that commonly occur in an open innovation platform: knowledge acquisition from participants’ in-
teractions with each others’ ideas, deliberate practice through persistent participation, and learning through
failures. Due to the dynamic interplay among these activities, which influence creative ideation outcomes
and are themselves influenced by these outcomes, it is challenging to identify each activity’s influence on
creative ideation outcomes using a reduced-form regression analysis. Moreover, individuals’ ideation capab-
ilities are expected to vary with their abilities. To overcome these challenges, we employed a novel empirical
framework, the mutually exciting spatio-temporal point process model with unobserved heterogeneity, and
uncovered their synergetic effects in creative idea generation. We found that knowledge acquired through
interactions influences creative ideation outcome by enhancing individual’s ability to select relevant prob-
lems to ideate for. Further, we found direct impact of deliberate practice in motivating individuals to persist
in generating ideas which leads to improvements in ideation skills. Finally, failures were found to drive
individuals to learn from others’ ideas by increasing their future knowledge acquisition rate and improving

their ideation abilities.

Our research makes the following theoretical and methodological contributions. Foremost, our research
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contributes to empirical studies on the effectiveness of analogical reasoning in generating creative ideas
(Dunbar, 1995; Fu et al., 2013) by introducing a novel empirical framework. Although the creativity theory
suggests that knowledge acquisition and its application processes are endogenous, the prior studies share
implicit assumptions relating to a) problem selection is exogenous i.e. individuals do not have any hand in
selecting the problems they ideate for, and b) all analogies occur independently of past behavior (Dahl and
Moreau, 2002; Yu et al., 2014). Such assumptions are inconsistent with innate motivations to participate in
creativity-oriented tasks where individuals’ intrinsic preferences play a strong role (Amabile, 1988). Our
modeling strategy alleviates the need for such assumptions by explicitly modeling knowledge acquisition
and ideation processes’ ability to affect themselves as well as other processes. Our benchmark analysis
reveals the importance of interdependence among these processes which are key to discerning the nuanced

impact of acquired knowledge on future ideation outcomes.

Our study also contributes to the literature on community-based open innovation platforms. Members’
interactions among themselves and with the sponsoring firms are vital for the overall health of such in-
novation communities. These interactions can be essential to motivate and guide the participants towards
desirable innovation goals (West and Lakhani, 2008). Extant literature focuses its theoretical attention to
either one-way communication of firms with participants (e.g. West and O’mahony, 2008) or role of com-
munity leaders and their interactions (e.g. Fichter, 2009). This paper, using members’ interactions among
themselves over their creative ideas, expands our knowledge of the vital role played by knowledge-based
communications on creative outcomes as well as their relative importance in the face of success and failure

in creativity tasks.

Methodologically, our contribution lies in the extension of two-dimensional spatio-temporal mutually
exciting models to high-dimensional semantic data (such as images or text). Earlier applications were lim-
ited to 2-dimensional euclidean distances where earthquake occurrences related geospatial data were used
to create a spatio-temporal model of seismological activities (Veen and Schoenberg, 2008; Ogata, 1998).
Majority of clickstream or trajectory data points are associated with raw unstructured information, such as
images or text descriptions, which can be numerically approximated to fixed-length vectors using machine

learning methods (Le and Mikolov, 2014). In this paper, we show how the complex high-dimensional in-
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tegrals (Equation (3.13), see Appendix .3) can be numerically approximated without needing to analytically
solve over many dimensions (see Ogata, 1998 for 2D application). This opens many possibilities to util-
ize semantic information in clickstream data, such as, including tweet contents in information diffusion on
twitter or including advertisement message and image data for calculating click through rates, etc. while
accounting for the dynamic interactions between tweets or advertisement types. We also extend the EM
algorithm for Hawkes processes to include multi-dimensional unobserved user heterogeneity through non-

parametric random effects.

The rise of open innovation platforms and firms’ increasing reliance on such platforms for their R&D
needs has created a compelling need to find effective methods to increase creative throughput. As such, our
research generates recommendations for the platform managers to consider. Since they have active know-
ledge of their participants and the upcoming problems on the platform, their targeted impetus to participants
can increase the platform’s creative throughput. Platform managers would find it advantageous to direct
ideators, who have not been successful in the past or new ideators, towards challenge-relevant sources of
knowledge. While these ideators could be using knowledge from other domains to solve the current chal-
lenge, the challenge-relevant knowledge would allow them to tailor their ideas to aspects of problems that
are important to solving it. Our results indicate that ideas or solutions, albeit creative, fail to convey their
value if they are viewed as being uncorrelated with the challenge. Therefore, recommending challenge-
specific knowledge and its subsequent inclusion in the idea submitted by the ideator, can make the idea

more relatable to the problem.

We would also like to highlight the importance of encouraging all types of participants to interact with
(or acquire knowledge from or provide feedback to) each other’s creative outputs. Introduction of incent-
ive mechanisms that can nudge potential ideators and platform participants to share their views with others
results in higher knowledge levels for all involved. This act of knowledgeable interaction spawns future
knowledgeable interactions with a high probability. While knowledge levels are one part of the creativity
process, application of that knowledge is the other part. Since the act of acquiring knowledge leads to future
idea submission activity, thereby, encouraging the acquirer to also learn to apply the acquired knowledge.

Our findings indicate that learning-by-doing is a strong driver of creativity. Therefore, efforts in that dir-



76

ection, whether direct such as encouraging past ideators to submit ideas again or indirect such as via the
knowledge acquisition - knowledge application route, will lead to higher overall creative submissions for a

posted challenge.

This study is not without its limitations and as such, provides avenues for future research. In this paper,
we are interested in how individuals utilize analogies that they find intriguing enough to acquire know-
ledge from. Though it is sufficient for our analysis as only intrinsic preferences and their outcomes affect
creativity (Amabile, 1988), it would be useful to include passive observation data (i.e. analogies that they
did not find interesting enough to acquire knowledge from) into our analysis to model individuals’ know-
ledge acquisition processes more intricately. That is, viewing log data will enable scholars to also analyze
what knowledge is actively avoided by community members and whether such evasion is beneficial or not.
Secondly, every submission goes through many iterations based on constant feedback from the community.
Since we only observe the final output, we are unable to investigate micro changes brought about by others’
feedback. Availability of submissions’ version histories will provide insights into what kind of comments’
characteristics are useful for ideators and what are not. Given the tournament nature of our research setting,
participants come to know of their winning status after a certain time delay. It is a limitation of our study that
we do not explicitly model this delay, however, we perform robustness check (Appendix ??) to investigate
its effect on our results. Lastly, our findings might only be generalizable to open innovation platforms deal-
ing with socio-economic problems i.e. our results will apply for those sub-populations that are motivated
by such problems. Whether these findings will generalize for other platforms, specializing in other problem

domains, is left for future research work when other platforms’ data becomes available.

Overall, our study provides us with insights into how individuals learn through their interactions and par-
ticipations on an open innovation platform through a novel application of mutually exciting spatio-temporal
point process model. Our work finds its motivations in the growing debate over future of work and import-
ance of open innovation platforms. As such, our recommendations can be used to improve participants’

learning experiences as well as the creative throughput of the platform.
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5.2 Cryptocurrency Mining and impact of Emergency Difficulty Adjustment Algorithm

Over the last couple of years, cryptocurrency valuations have wildly fluctuated between $100 B and $ 800
B. Their volatility and sky-high valuations have piqued the interest of everyone in industry, academia, and
government. Their growing valuations and demand has encouraged individuals and organizations to start
mining. Many new currencies have been proposed which aim to provide lightning-fast payments facilities,
smart contracts, utilization of idle computing resources, data storage, etc. Quite a few of the proposed
currencies are derivatives of older currencies and have been created via code forks. The dynamic ecosystem
developing around cryptocurrencies will lead to more code forks and increase the limelight on role played

by incentives like EDA and the nature of competition between the parent and children cryptocurrencies.

In this paper, we investigate competition in Bitcoin and Bitcoin-Cash mining. Specifically, we focus our
attention around the time period of the very popular cryptocurrency fork that resulted in the creation of Bit-
coin Cash from Bitcoin. Further, we analyze the resulting competitive equilibria in BCH, with and without
EDA. EDA was introduced to incentivize miners to process BCH’s transactions over those of the more pop-
ular and dominant BTC’s (since BTC and BCH shared the same difficulty algorithms). We aim to estimate
the structural parameters that motivate the observed strategic behavior of the forward-looking miners during
and after EDA using the two-step estimator of Bajari et al. (2007). We use the publicly-available chain data
to find that competition in Bitcoin mining has immense value to Bitcoin mining. Apart from increasing the
security and trust in the system, competition also enables miners to share the computational load of mining
during high demand or high difficulty regimes. We also find that difficulty adjustment algorithms like EDA,
can distort this positive externality of competition which results in lowering of expected payofts for BCH
miners. Through our counterfactual policy simulations, we find that different EDA configurations would

have been satisfied developers’ halving concerns with similar rates of BCH mining.

Our work, to the best of our knowledge, is the first to empirically investigate the dynamic changes in the
competitive mining ecosystem during the tumultuous periods of Bitcoin fork and cryptocurrency boom. Our
econometric analysis uncovers the structural determinants of miners’ decision-making and their expected
contributions to miners’ payoffs . We believe cryptocurrency developers would find our research helpful

in understanding economic implications of incentives like EDA and their overall impact on participating
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miners’ profits in comparison to their currency’s rewards schedule. Using our analysis, individuals and
groups involved in mining can benefit by making better-informed decisions when faced with competing
cryptocurrencies.

We make some simplifying assumptions in our modeling which also provide avenues for future research.
In our formulation, we assume all profits are realized in the same time period. However, many miners hold
on their earned coins and sell them at a later stage. This limitation can be relaxed in future works through
investigation of exchange-level trading data of miners. We also assume that miners apply computational
power commensurate with the observed mined coins but the relationship is not exactly linear. In future,
scholars can analyze the dynamic relationship between hash power contributions and realized mining out-
comes using data from mining pools. Scholars will also find it interesting to investigate the recent regulatory
interventions in the cryptocurrency industry whose long-term impacts aren’t fully understood and are topics

for future research.
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.1 Distributional Assumptions for Spatial Effect

While gamma/exponential density function has been used to model temporal decay in earlier studies, we ex-
periment with different distributional forms for the spatial effect. We model the impact of conceptual/spatial
distance between the topics of the focal challenge and the prior knowledge acquisition activities as a realiz-
ation of a random variable. Since distances are positive-valued, we experiment with different distributions
which have support on R*. We select the most appropriate distribution for this random variable based on
the AIC values of the estimated model. We find weibull distribution leads to a minimum AIC value and the
second best model has a relative likelihood of 1.85 x 10790 with respect to our best model. We present the
exact form of all the density functions below. For fw¢ull and f9¢mma density functions, k and @ are the

shape and scale parameters respectively. For ¢/, k and 6 are the shape parameters. For fle9normal 'k and

0 are the mean and standard deviation parameters.

k
k(z\k-1 —(I/@) L(k4+0) k—1(1 _ ,.\6—1
fweibull(w' k 0) = o (9) ‘ =2 07 fbeta(x. k 0) — F(k:)I‘(G)x (1 I’) Tz 0’
0 z <0 0 z <0
1t (ho1-(70)
flognormal(x; k,@) _ xe\/ﬂe 20° T > 07 fgamma(x; k7 0) _ oFT (k) x> 0,
0 xr <0 0 <0

Table 1: AIC values for models with different spatial distributions

Model AIC
Gamma-Weibull —214328.2
Gamma-Beta —214301.8
Gamma-Lognormal —214276
Gamma-Gamma —213959

Each model name represents the temporal density function - spatial density function. We use gamma density function for all models for temporal
decay.
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Figure 1: We present the density plots for the effect of spatial distance on ideation efforts. (a) Gamma-
Weibull Model. (b) Gamma-Beta Model. (c¢) Gamma-Lognormal Model. (d) Gamma-Gamma Model.

.2 Neural embeddings for text vectors

In this section, we discuss the natural language processing (NLP) method that was employed to generate
the numerical representation of the ideas and challenges posted on the open innovation platform. Extant
NLP research for downstream usage of neural embeddings makes a distinction between semantic (e.g. word
similarity, sentiment analysis) and syntactic (e.g. part-of-speech tagging) understanding. While shorter vec-
tors are found to contain more syntactic knowledge i.e. about the grammatical structures, high dimensional
vectors are found to be much more suitable for semantic knowledge i.e. about the underlying meaning of
the words/documents. Majority of research papers use vectors of length 300 due to diminishing returns
on vectors with higher dimensionality (Pennington et al., 2014). Moreover, research has found semantic

understanding plateaus for vectors larger than 300 (Melamud et al., 2016).
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We follow the machine learning literature to decide on the optimal length of the numerical vectors via
a grid search. We craft our creativity problem as a classification task i.e. we classify ideas as success or
failure in creativity tasks using the numerical representations as input features. We split our data into training
and testing set using a stratified (at a challenge level) 80:20 split. For every possible configuration of the
hyper-parameters (namely, length of the vector and window size), we create a new paragraph vector model
using the training set data, train a logistic regression model using this training set data, infer vectors for the
testing set, and then test the performance of our classifier on the test set (Le and Mikolov, 2014) using the
F1 score as a measure of accuracy. We use F1 score as our evaluation metric as it takes both precision and
recall/sensitivity into consideration.

Through this empirical process, we find that the paragraph vectors with length 300 and window size 7
lead to the best performance with a F1 score of 0.41. The F1 scores for all configurations are given in Table

2.

Table 2: F1 scores for different vector length- contextual window size pairs.

Vector Sizes Contextual Window Sizes
6 7 8 9 10 11 12
200 0.343 0.347 0.347 0.348 0.340 0.345 0.376
250 0.345 0.331 0.333 0.398 0.334 0.339 0.329
300 0.343 0.410 0.380 0.346 0.372 0.359 0.335
350 0.351 0.340 0.374 0.372 0.359 0.307 0.332
400 0.397 0.378 0.321 0.344 0.363 0.335 0.367

.3 Numerical Approximation for Equation (3.13)

The integration in the likelihood function has a specific interpretation which forms the basis of our numerical
approximation. The integral represents the likelihood of not observing the events at any other points (in time
and space) except their actual realizations. This requires us to know the bounds of their temporal and spatial
horizons. In a single dimension, the integral over time is easy to calculate and has a closed form solution (1).
However, with the introduction of the spatial component where the dimensionality of the space is high, we

run into intractable computational issues due to lack of closed-form solutions as well as the time required to
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numerically approximate through simulations.

T T .
/ Ath:/ o (t —t,)dt
0 0
o r temporal j
= Qi fh (t—t))dt
0

_ akjF]zemporal(T N tzn; (I)) (1)

We overcome these by using the conceptual understanding of this integral. Given the activity stream
of knowledge acquisitions and idea submissions, we can observe the range of conceptual distances that
the ideator could have possibly engaged in or actually engaged in as we observe all the challenges that
were accepting ideas during the tenure of the ideator on the platform. Therefore, we can observe, for
every acquired knowledge, the lowest (dn;n) and highest (d;nq,) conceptual distance from the set of all
possible challenges that the ideator participated in or could have participated in (but chose not to). Now,
the multidimensional integral problem is reduced to a single dimension over conceptual distances, instead
of the numerical vector coordinates, where the integral represent the likelihood of not observing any other

idea submissions in challenges whose conceptual distance from the aforementioned acquired knowledge

€ [dmin7 dmaa:]-
.4 First Stage Results

4.1 Policy Estimates

We estimate log-linear models for the policy functions governing mining BTC and BCH blocks in the first
stage. Specifically, we model log(7; ¢ ptc +1) and log(n; ¢ pene +1) as a flexibly-specified function of W ; ps.
and W ; pep, respectively. Results for BTC and BCH miners, with different specification, are presented in

Table 3 and 4 respectively.

4.2 Estimates for transition equations

The transition equation parameters (Equations 4.11, 4.12, 4.13, 4.14) are given in Table 5. We estimate

different transition equations for BTC price before and after the fork. Prior to the fork, BTC price innov-
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Table 3: First Stage Policy Estimates for BTC miners

I

II

Parameter Point Estimate  Standard Error Point Estimate  Standard Error
Intercept 2.5024 1.4536 3.0132 0.8626
Pricep. 0.2253 0.0508 0.2236 0.0301
Difficultyy,, —0.1097 0.0611 —0.1068 0.0363
Feespyc —0.0740 0.0219 —0.0742 0.0130
Price Ratio 0.0002 0.0217 —0.0017 0.0128
Difficulty Ratio —0.0038 0.0202 —0.0017 0.0120
EDA —0.0290 0.0993 —0.0247 0.0589
Fork —0.0461 0.0967 —0.0503 0.0574
EDA x Price Ratio 0.0187 0.0218 0.0206 0.0129
EDA x Difficulty Ratio —0.0163 0.0206 —0.0184 0.0122
Lagged BTC Total 0.0038 0.0013 0.0038 0.0008
Bitcoin.com n.a n.a —1.6210 0.0202
BTC.com n.a n.a —0.4225 0.0202
BTC.TOP n.a n.a —0.3630 0.0202
F2Pool n.a n.a —0.6880 0.0202
Other n.a n.a 0.6592 0.0202
Unknown n.a n.a —1.4723 0.0202
ViaBTC n.a n.a —0.7107 0.0202
Adjusted R? 0.01604 0.6536




Table 4: First Stage Policy Estimates for BCH miners

I

II

Parameter Point Estimate  Standard Error Point Estimate  Standard Error
Intercept —3.0784 2.1213 —4.3147 1.4977
Pricepep, —0.0576 0.0739 —0.0773 0.0521
Difficulty,,,, 0.1797 0.0762 0.2192 0.0538
Feesyqn, —0.0204 0.0094 —0.0172 0.0066
Price Ratio —0.1596 0.0284 —0.1762 0.0201
Difficulty Ratio 0.1628 0.0277 0.1772 0.0195
EDA 5.6938 2.7972 6.0828 1.9736
EDA x Price Ratio 0.0681 0.0304 0.0828 0.0215
EDA x Difficulty Ratio —0.0733 0.0299 —0.0858 0.0211
Lagged BCH Total 0.0048 0.0003 0.0052 0.0002
BTC Count —0.0815 0.0030 —0.0131 0.0034
EDA x Pricep,y, 0.0238 0.1125 0.0618 0.0794
EDA x Difficulty,,,, —0.2300 0.1052 —0.2538 0.0742
Bitcoin.com n.a n.a —0.0984 0.0416
BTC.com n.a n.a —0.2174 0.0356
BTC.TOP n.a n.a 0.1241 0.0360
F2Pool n.a n.a —1.0057 0.0379
Other n.a n.a —0.8876 0.0392
Unknown n.a n.a 1.6199 0.0399
ViaBTC n.a n.a 0.4714 0.0366
Adjusted R? 0.2918 0.6474
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ations, according to (4.11), are distributed as A/ (0,0.0005) with AR term estimated as 0. Post-fork, BTC
price innovations are distributed as N (0, 0.0011). Innovations for BTC fees, BCH price, and BCH fees are
distributed as AV (0, 0.0438), A (0, 0.0040), and AV (0, 0.2801) respectively.

Table 5: First stage transition equation parameters.

Parameters Point Estimates Standard Errors

BTC Price
0,0 —0.0880 0.0354
o1 0.0000 0.0000
BCH Price
(1,0 —0.3950 0.1360
(11 0.2658 0.1378
BTC Fees
(2,0 0.4785 0.0550
(o1 —0.7966 0.0393
(2,2 —0.0143 0.0007
BCH Fees
(3,0 0.3653 0.0726
(3,1 —0.8029 0.0528

3,2 —0.0128 0.0006




