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Abstract

Background: There is a case to be made that the widely popular and highly valued “Bitcoin” (and
other significant cryptocurrencies) has become synonymous with blockchain for many retail
investors and other non-informed individuals. This study attempts to answer two important research
questions in this space. First, the study aims to understand if companies leverage this proximity in
technological awareness of Bitcoin and blockchain to attract more investors and users by riding the
Bitcoin wave and strategically timing the disclosures. Second, we aim to compute the value of the
confounding effect.

Method: To answer these questions, we collected over 4000 blockchain-related announcements
from the top 30 NASDAQ-listed firms over the past five years. All announcements are analyzed
using text analytics techniques to identify the topic, tone, and complexity. An event study approach
adopting a Fama-French four-factor model is developed to detect whether any changes in the
market-wide abnormal returns surrounding Bitcoin events influence the company's performance.
The relationship between the announcement texts and the abnormal returns is then computed and
analyzed.

Results: The results evidence a substantial impact of Bitcoin market returns on the abnormal return
instances. Further, it is also observed that strategically framing the firm disclosures concerning
blockchain announcements has a significant impact on the market returns.

Conclusion: This study contributes to the literature on digital business strategies within the
emerging purview of cryptocurrency networks. At a practical level, the study aims to alert "not-so-
well-informed" investors about the possible misconception of Bitcoin performance as a direct driver
of the performance of the technological companies making blockchain announcements.
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Introduction
“Many people wrongly conflate the two. Do you know the difference?” (Euromoney, 2022)

This opening quote from Euromoney in 2022 talks about the two terms — “Blockchain” and “Bitcoin.” While being
related, these terms do not represent the same thing, and the confusion has persisted until now (Euromoney,
2022). Since the inception of blockchain technology in 2008 (Nakamoto, 2008), there has been a significant
development in the characteristics governing its practical use case (Agi & Jha, 2022). However, Statista reports
that the financial sector currently accounts for more than 60% of blockchains worldwide (Statista, 2022). It is not
uncommon for individuals to confound blockchain with cryptocurrencies when presented with such information.

Within the realm of cryptocurrencies, over the past decade, “Bitcoin” has emerged as the most popular
cryptocurrency (Yi et al., 2018). At its inception, the monetary value of Bitcoin (BTC) was nearly zero dollars.
However, it garnered a substantial amount of traction over the past decade, with the BTC unit touching an all-time
high (ATH) of $67,566 in November 2021 (Coinmarketcap, 2021). El Salvador became one of the major adopters
of Bitcoin when it announced the adoption of Bitcoin as legal tender in September 2021 (Alvarez et al., 2022).
Bitcoin has also gained more traction as various companies, such as Microsoft, Tesla, AT&T, and Twitch, have
announced their acceptance of Bitcoin and various cryptocurrencies for transactions (Bhattacharya & Rana, 2021).

All these events and the associated news reporting have ensured that Bitcoin remains the most popular
blockchain technology as well as the one most talked about in the popular press. However, over the past decade,
the use of blockchain as part of digital business strategy has transcended the financial domain. Due to the
advent of digitalization, the need to improve operational efficiency, business agility, privacy, and security has
become crucial for organizations and businesses (Jha & Bose, 2013; Kamal, 2020; Masrom & Rahimly, 2015).
Businesses require a strong digital business strategy to adapt, compete, and thrive in the current digital
economy (Skare et al., 2023; van de Wetering, 2021). With decentralization, transparency, security, and
immutability as core features, blockchain technology has become a part of the digital landscape of businesses
in the domains of 10T, cybersecurity, real estate, and healthcare (Shao et al., 2022). Blockchain has reformed
environments where data privacy and security are of the highest priority. For instance, blockchain technologies
are used to enable patients and doctors to share sensitive information (Prokofieva & Miah, 2019) or to design
smart contracts in the music industry to track royalties (Darvish & Bick, 2024).

Companies often use traditional media or press releases to announce innovative blockchain applications,
keeping stakeholders informed. These announcements cover various topics such as company performance
reports, product launches (including blockchain innovations), and organizational restructuring. According to
Mitchell and Mulherin (1994) and Stankevi¢iené and Akelaitis (2014), stock prices are directly correlated with
the public announcements made by the companies. Hence, it is reasonable to assert that announcements
related to blockchain made by firms could influence the stock price of said firms. However, this study aims to
address the fundamental question of whether investors in the firm can discern between the specialized
applications of blockchain proposed by these firms and the widely recognized form of blockchain, namely
“Bitcoin”, when making investment decisions. Therefore, the research focuses on studying the influence of the
confoundedness between the terms “Bitcoin” and “Blockchain” on the financial performance of technological
firms making blockchain-based announcements. It is crucial to understand if the use of blockchain as a part of
digital strategy is misinterpreted as Bitcoin. This leads us to the following set of research questions:

RQ1la: Does any confoundedness exist between the terms Blockchain and Bitcoin (BTC)?
RQ1b: Does the confoundedness reflect in the stock price of companies making Blockchain announcements
and Bitcoin prices?

In other words, are the blockchain-based announcements strategically timed to leverage this proximity in
technological awareness of bitcoin and blockchain to attract investors and boost financial performance? The
second question derived from the above discussion is stated as follows:

RQ2: How can we quantify or measure the extent of confoundedness between the above two terms?

These research questions are answered by implementing an event study methodology (Bose & Leung, 2019)
that aims to investigate the relationship between the Bitcoin price movement and blockchain-related
announcements of the top NASDAQ-listed companies. The study aims to analyze the possible misconception
of Bitcoin performance being a direct driver of the performance of companies making blockchain
announcements and urges potential investors to be wary of such business wrongdoings. Investors need to be
cautious about hastily misinterpreting highs in the Bitcoin market as optimistic signals to invest in companies,
which may subsequently plummet contrary to expectations. Investors should consider all information sources
before making a suitable decision.



Literature Review

Blockchain

Distributed data of transactions and block of ledgers are some of the terms used across the literature to define
blockchain. To put things into perspective, Rossi et al. (2019) explained blockchain as an append-only
distributed database of transactions characterized by high tamper resistance, making it a decentralized system.
However, the assumed fundamental characteristics of blockchain are security, transparency, anonymity, and
enhanced transactional speeds. These features can only be attained by integrating smart contracts and
encryption into blockchain technology. The distributed ledgers are responsible for storing the data in groups
defined as blocks. These blocks are stacked in chronological order, giving it a chain-like structure and hence
the term blockchain. Each block in the database is protected using timestamps, cryptographic hashes, and data
structures, which prevent the information from being overridden or tampered with (Liang et al., 2021).

Blockchain technology, a decentralized system, eliminates the requirement for third-party organizations for data
protection and privacy concerns as the databases are verified and processed by multiple actors in the system,
minimizing hacking concerns to a great extent (Upadhyay et al., 2021). Despite being such a revolutionary
technology that can alter the modus operandi of sectors like fintech, supply chain, 10T, etc., the ability to provide
a decentralized and transparent system comes at a price. The demand for substantial computational power to
verify blocks leads to increased energy consumption, making it a notable drawback for this technology. Apart
from this, double-spending and Sybil attacks are essential issues of concern. These limitations and
disadvantages of blockchain technology are identified by Liang et al. (2021).

Blockchain and Cryptocurrencies

The advent of blockchain technology and accompanying programmed protocols (smart contracts) creates
disruptive business opportunities (Leewis et al., 2021). In the Fintech sector, blockchain provides the security
and privacy required to handle transactional data, supported by other elements that are generally presumed to
be the inherent features of blockchain. The combination of distributed ledgers with consensus mechanisms,
encryption, smart contracts, and immutable audit trails offers the critical features necessary for the fintech sector
(Du et al., 2019).

Acting as the backbone for the fintech industry, blockchain technology has revolutionized the cryptocurrency
domain (Ali et al., 2020) with its capacity to record, store, and secure large volumes of transactional data. In
over 13 years since the inception of Bitcoin in 2009, more than 19,000 different cryptocurrencies have come
into existence reaching an all-time high market value of 2.95 trillion dollars. Mattke et al. (2021) found that,
considering the nature of cryptocurrencies as an investment opportunity, factors such as transactional speeds,
privacy, and low transactional fees drive the adoption of Bitcoin, in particular.

Other Blockchain Applications

Primarily defined as distributed ledgers, blockchain is commonly considered a technology constrained within
the fintech sector (Ng et al., 2023). To put things in perspective, Wang et al. (2020) defined blockchain as an
incorruptible digital ledger of economic transactions that can be programmed to record not just financial
transactions but virtually everything of value. Blockchain technology has found its place in almost every industry
and domain where privacy is of utmost importance (Volter et al., 2023).

Supply chain management is the sector that encompasses the planning and management of all business
activities (Council of Supply Chain Management Professionals, 2018). Involving extensive data storage, privacy,
and security concerns, the supply chain is one of the sectors where blockchain technology is predominantly
used. Erol et al. (2020) identified the powerplant industry, pharmaceutical supply chain, and intelligent
transportation systems among the various sectors that have been significantly transformed by integrating
blockchain technology. This integration enhances transparency regarding the elements within the supply chain
while ensuring security and privacy. Chen et al. (2022) noted the progression of blockchain applications in the
healthcare sector. The healthcare sector has large volumes of data, including patients' health records,
prescriptions, and information regarding the operations and activities of firms. Such private and sensitive
information is prone to cyber-attacks and hacking. With the ability to record and store large volumes of data, a
private blockchain can be used to provide limited access based on user-defined conditions. This feature has an
impending use case, as patient health records can be shared between healthcare institutions based on the
requirement. Prescriptions can be managed by monitoring the pharmaceutical supply chain; this helps solve
the drug shortage issues and handle the addiction to prescriptive drugs.



Blockchain vs Bitcoin

Due to the existing confoundedness between Bitcoin and blockchain, there has been significant speculation
about the performance of companies based on blockchain or cryptocurrencies. To understand if the companies
are trying to leverage the speculative market, Akyildirim et al. (2020) investigated the stock returns of companies
that announced the integration of blockchain or cryptocurrencies into their environment. It was found that there
were abnormal stock returns for the companies that announced these integrations compared to the other
companies in the same domain, class, and geography. This research provides a basis for understanding that
firms are leveraging the popularity of blockchain and Bitcoin to boost their financial performance.

The influence of various types of announcements on firm performance, depending on the sector and industry,
has been studied extensively. The literature indicates that firm announcements indeed have a significant
influence on firm performance. Bose and Pal (2012) studied the influence of Green Supply Chain Management
announcements on the short-term change in the firm's stock returns and found a positive correlation between
these two factors. Regarding technological announcements, Bose and Leung (2019) provided evidence that
Identity Theft Countermeasure (ITC) adoption announcements positively influence firms' short- and long-term
market performance.

Similarly, research efforts have been directed to explore the extent of ambiguity regarding blockchain and
Bitcoin in the general population (Cabhill et al., 2020). Autore et al. (2021) reaffirmed that investors view credible
corporate strategies involving blockchain technology favorably. Similarly, a study conducted by Chen and
Zahedi (2016) found that blockchain announcements have led to a significant positive increase in firm value by
generating more credible and substantial stock returns in technological firms. There is evidence of a positive
relationship between the integration of blockchain and firm announcements on the firm's financial performance.
This research aspires to understand if firms use these elements to garner higher stock returns and improve their
financial performance.

Table 1 — A Non-Exhaustive Summary of Relevant Studies

Research Articles | Research Objective/Theoretical Background | Study Artefact \F;erizzﬁgh
Cheng et al. (2019) The ‘?njblgw:[’y in the usage of terms “blockchain” | Bitcoin vs Financial
and “Bitcoin. Blockchain performance
. . . . Theoretical
Rossi et al. (2019) Understanding the core concepts of blockchain. | Blockchain f
ramework
Zhong et al. (2022) S_lgnalmg t_heory_for _|dent|fy|ng _factor; impacting Bitcoin Abnormal
firm valuation- Bitcoin returns, in particular. returns
Z%nlz%lotldls etal Influence of financial markets on Bitcoin returns. | Bitcoin Bitcoin returns
Akyildirim et al. An instance of firms riding a crypto exuberance Crvptocurrenc Abnormal
(2020) wave. yp Y| stock returns
. The information disseminated by the firm . .
Kashanipoor et al. : Company Financial
announcements should accurately provide a :
(2020) . disclosures performance
roadmap for the firm's future outlook.
While sentiment is an important factor that can
influence abnormal returns, an equally important | Firm Financial
Stevens (2022) . ; .
factor is the complexity of words used in the announcements | performance
announcements.
Choudhury et al. It is demonstrated that investors value the .
i . o . Firm Abnormal
(2019); Eachempati | addition of strategic keywords/themes over and
T N announcements | returns
et al. (2021) above numerical information in the report.
Kraus & Influence of company disclosures on abnormal Company Abnormal
Feuerriegel (2017) | stock returns. disclosures stock returns
Du et al. (2019) Role of blockchain in cryptocurrencies. Blockchain an_d Thearetical
cryptocurrencies | framework

Table 1 summarizes the relevant studies that form the structural basis for this research's theory development
and operationalization. While prior studies have investigated the consequences of ambiguity in the usage of
“Bitcoin” and “blockchain”, none of them have measured the extent to which this ambiguity impacts the abnormal
returns of the firm and, in turn, the firm’s performance. Therefore, there is a pressing need to adopt a robust
methodology that measures the impact on abnormal returns.



Furthermore, there is a need to identify the various factors/signals from corporate announcements that impact
market valuation (such as topics and sentiments in the announcement, complexity of announcements, etc.) and
quantitatively measure the extent to which these variables drive abnormal returns. Determining the significance
of the variables is essential to ascertain which factors can impact the firm's decision-making strategies.

Theoretical Background: Signaling Theory

The research arguments are built on the concepts of signaling theory. According to Connelly et al. (2011), the
signaling theory posits that the information asymmetry between parties in a transaction can be reduced through
appropriate signals. The four key elements of signaling theory are the signaler (sender), the receiver, the signal,
and the signaling environment. In the context of the study, signalers are the executives or managers of the firm
who possess information that is not available to the external parties. The information withheld can include the
firm's performance, future plans, or firm announcements, which are the signals that will be released to the
receivers. Receivers are the investors who assess the firm’s stock value by relying on the signals released
through various channels.

The reports or announcements (signals) from the firms are used by the investors (receivers) to reduce the
information asymmetry to make investment decisions. However, this may not provide accurate information for
decision-making. To reduce this information asymmetry, investors may seek additional direct or indirect signals
from the signalers or the signaling environment (Srinivasan et al., 2022). The firms (Signalers) mostly intend to
convey positive direct or indirect signals (Kim & Youm, 2017). Nevertheless, the actions of the investors depend
on how they interpret the direct and indirect signals from the firm and the external environment (Connelly et al.,
2011).

In the context of the study, the firms (signalers) leverage indirect signals from the external environment (such
as fluctuations in Bitcoin prices) to convey positive signals. However, these signals are interpreted by the
investors (receivers) as a negative indicator due to the volatility of Bitcoin. These arguments form the basis for
the hypotheses and are detailed in the hypotheses development section.

Hypotheses Development

The confounding belief between Bitcoin and blockchain that we argue in this paper is based on similar
occurrences that have been researched in extant literature. In one of the major studies in this area, Cheng et
al. (2019) studied the confounding of 8K filings with the rise in the Bitcoin price. They observed a sharp increase
in 8K filing announcements as a co-movement with the rise of Bitcoin prices caused by the novel breakthroughs
in blockchain technology at the end of the year. The investors were found to overreact to an announcement
stating the advent of blockchain technology. This behavior was attributed to the Bitcoin price bubble. Similarly,
Jain and Jain (2019) further observed that when companies changed their names to include terminologies
related to "blockchain™ or "Bitcoin™ in their terms, they experienced significant abnormal positive returns for the
next two months. These studies seem to show that individuals, as well as firms, want to ride the Bitcoin wave
by aligning themselves with Bitcoin-related announcements and, therefore, gain from that.

In the scope of our investigation, we extend beyond the discoveries articulated by Cheng et al. (2019) by
adopting a nuanced and critical perspective. Specifically, our investigation concentrates on discerning whether
companies possessing substantial market capitalization, capable of exerting influence on the U.S. market, are
strategically aligning their blockchain announcements for the general public with the Bitcoin price fluctuations.
Consequently, we posit the hypothesis that companies with significant market capitalization may actively
engage in leveraging the Bitcoin trend, thereby influencing their market dynamics. Hence, we hypothesize that:

H1: Companies are timing their blockchain-related announcements acting upon fluctuations in the Bitcoin
market movement as vital information signals such that more announcements are made when the Bitcoin prices
are at local peaks.

Next, we rely on the signaling theory (Connelly et al., 2011) to analyze the impact of these announcements.
Signaling theory provides a framework for making arguments on the use of signals by technological firms to
drive investors. According to signaling theory, signaling can be used as a form of communication by the
signalers to influence the behavior of the receivers leveraging any circumstances in the external environment.
The vital information that prompts receivers' decision-making are the desired signals. The three major
stakeholders in the current research scenario are technological firms (signalers) utilizing the Bitcoin price
fluctuations (external environment) to influence the investing behavior of the investors (receivers). The
technological firms (signalers) leverage the timing of the blockchain-based announcements (signals) following



the Bitcoin price fluctuations to alleviate their financial performance. The announcements include vital
information about company events, earnings, disclosures, and product launches (Zhong et al., 2022). These
arguments based on signaling theory provide a base for developing hypotheses to examine the factors/signals
influencing firms' financial performance.

For H2, we argue that the blockchain-based announcements that firms make are the signals sent to the
investors by the firms. As discussed in the preceding paragraph, such signals may relate to various firm activities
(Zhong et al., 2022). Extant research has established that investors react to these signals sent by firms as firm
announcements. When firms send signals about blockchain-based activities that they are engaging in (or are
considering engaging in), investors have the option to support the firm by buying its stock or show disapproval
by selling its stocks. When investors sell stocks, it leads to a decline in the market value of the firm. With the
building traction of blockchain and Bitcoin over the past decade, there is evidence of cautious wariness in
investors for blockchain-related investments as it is seen as a risky venture. Hence, we argue that when firms
make blockchain-based announcements, investors will not react positively to that as they confound blockchain
with Bitcoin, leading to a loss of market value for the firms. In a related study, Cheng et al. (2019) found that
after an initial positive reaction to blockchain announcements, the market value of firms reversed over the next
30 days. This confirms an existing distrust in blockchain announcements that we argue has only grown stronger.
Hence, we hypothesize that:

H2: Firms making blockchain-based announcements have a significant decline in their market value.

Signaling theory relies on the signal, type of signal, and content of the signal. The sentiment of the signal is one
of the other important metrics that explain the signal's inherent meaning. Srinivasan et al. (2022) argue that the
sentiment of the signal is significant in explaining abnormal market returns. It is believed that the sentiment of
the signal, i.e., news announcements, has an impact on the market value of the companies making blockchain-
based announcements. As stated in H1 and H2, investors are wary of Bitcoin and blockchain news as risky
ventures, the more firms are bullish about Bitcoin, investors will be cautious and withdraw from these firms,
leading to lower market value for these firms. Therefore, the more positive the sentiment of the firm
announcements, the lower the firm market value. Similarly, other studies have evidenced an impact on the
managers' tone (Kim et al., 2022) and the style of the language used in the textual component of 10-K filings
(Kashanipoor et al., 2020) as factors influencing a firm’s future performance. Thus, firm-generated
announcements can be subjected to sentiment analysis to decipher whether a firm, in general, is conveying
positive (or negative) signals (Kraus & Feuerriegel, 2017). Hence, we hypothesize the following:

H3: The more positive the sentiment of the blockchain-based announcements, the higher the loss of market
value of the firm.

Extending the concepts of signaling theory from the above argument, we continue to focus on the other
dimensions of signal content. While sentiment is an important factor that can influence abnormal returns, we
present an argument that the complexity of words used in the announcements also influences the decision-
making capabilities of the investors. Investors may assume that the companies are fudging the financial
statements if they are found complex in wording, dissuading them further away from investing in the firm.
Investigating this line of argument, Cecchini et al. (2010) observed a relationship between annual report
readability and the persistence of the firm's earnings. They found that the higher the readability and clarity of
words used in the report, the more confident investors feel about investing in the firm, leading to higher earnings
for the firm. Therefore, we hypothesize that:

H4: The complexity of the announcement text impacts the abnormal stock returns significantly.

As hypothesized above in H2, investors perceive announcements as signals for their decision-making. Based
on the signaling theory, the reaction to a particular signal depends on its strength. The content, specifically the
topic of the announcement, influences the decision-making capability of the investors (Roeder et al., 2022). The
topic modelling approach can be used to identify the major topics in these announcements. It is an unsupervised
algorithm that clusters the text based on their similarity to identify topics.

We argue that the topic of the announcement varies the perception of the investors, acting as the strength of
the signal, implying that certain topics are a stronger negative driver of market value. Huang et al. (2018) and
Eachempati et al. (2021) investigated whether drafting the tone and content of disclosures by presenting
suitable keywords/topics can influence the firm’s market value. Therefore, we hypothesize that:

H5: Topic coverage proportion significantly impacts abnormal stock returns.



Data Collection and Research Methodology

The research aims to investigate if the top technological firms are riding the Bitcoin wave. Specifically, the focus
will be on the top 30 NASDAQ-listed companies, which are predominantly technology-focused (Le et al., 2021).
This differs from the top 30 US companies, which encompass a variety of sectors. Notably, certain companies
within this group, such as Tesla and AT&T, accept cryptocurrencies as a means of payment. Moreover,
collectively, these top 30 firms represent a substantial portion, accounting for approximately 35% of the total
market capitalization across all NASDAQ-listed companies.

It is also essential to highlight that the frequency of blockchain-related announcements decreases substantially
beyond the top 30 companies. In fact, upon closer examination of these announcements, we found that for
companies ranked beyond the 30t position, the number of blockchain-related announcements reduces to single
digits. Within these 30 firms, we conducted longitudinal data collection spanning as many years as feasible to
establish patterns for our analysis. As detailed in the subsequent section, we amassed data for over 4,000
events across these firms.

Data Collection

To investigate the hypotheses, blockchain announcements made by the top 30 NASDAQ-listed companies are
collected from the LexisNexis® database. LexisNexis is a widely used news database that collates all news
announcements from across the world (Chan et al., 2011; Weitkamp & Eidsvaag, 2014). It is extensively used
in most event studies. We took a six-year timeline between January 2015 and October 2021 (when data
collection for this study concluded). The timeline was chosen for the following reason: The collection of
blockchain announcements began in 2015, primarily because there were relatively few announcements made
by companies in the preceding years. To illustrate, the total number of blockchain announcements made in
2014 and 2015 amounted to 21 and 19, respectively. It was only in 2016 that the number of announcements
withessed a substantial increase, reaching a total of 88. Therefore, data collection for these announcements
commenced in 2015, just one year before this notable growth in blockchain-related announcements began. On
the other hand, data pertaining to Bitcoin was collected starting from 2014. This was because of requirements
for event study as we used past financial performance to predict “normal” financial performance on the day of
blockchain-related announcements and compared that to the actual performance to find the impact of
blockchain-related announcements. This methodology requires the financial data of the period significantly
before the public announcements.

As the firms were based in the US and the NASDAQ is also based in the US, we limited our search to English-
language publications based in North America. For each announcement, if multiple outlets had covered the
same, we took the earliest announcement as the relevant one for our study. The keyword for the search was
“blockchain,” and any announcement by the 30 firms in the dataset using this word was considered relevant to
the study. We retrieved 4,056 announcements made by the top 30 companies. We found two firms, i.e.,
Facebook and Microsoft, to dominate the announcements. They had 1,486 and 1,135 blockchain-related
announcements, respectively.

In addition to the data on announcements, we collected financial and Bitcoin price data as well. The daily closing
stock prices for all the constituent firms of the S&P 500 index were collected from Bloomberg data sources for
the period between January 2014 and October 2021. Financial data, such as the firm's revenue, market
capitalization, net income, assets, liability, and return on assets, were also collected from Bloomberg. The S&P
Market returns (benchmark) were collected for the same period as above. Daily Bitcoin prices are gathered from
the publicly available source Yahoo Finance. Firms’ financial parameters like total assets, market capitalization,
liabilities, and stock prices are extracted from the Bloomberg database.

To address the research questions, the event study methodology has been adopted to relate the extent to which
the blockchain-based firms time the events with the Bitcoin price movement. This extent can be measured by
first identifying various factors/signals from corporate announcements that impact market valuation and then
regressing the factors such as word count, writing complexity (using the Gunning FOG index), the sentiment of
the announcement, and the financial factors of the firms like asset, revenue, and liability on the abnormal returns
(a measure of the impact of events on Bitcoin price). The textual indicators and the financial indicators collected
above are regressed on the abnormal returns with the detailed implementation procedure for the regression
model provided in the subsequent sections.

Since the factors vary in nature and require different pre-processing and extracting procedures, the data
analysis has been subdivided into three subsections: Textual Data Analysis, Abnormal Returns Computation,
and Regression Analysis. This division allows for a stage-wise analysis procedure to be captured.



Textual Data Analysis

Initially, the textual data analysis was performed to extract the word count, sentiment, and Gunning FOG index
from the announcement text using the pre-processing steps described below. This was followed by computing
the abnormal returns using the event study procedure detailed below in the Abnormal Returns Computation
subsection, which gives the dependent variable for the regression.

We followed robust analytical procedures for this study that were in line with recent developments in the field of
event study (Zhang et al., 2021) and text-based analysis (Lee, 2022). Our analytical approach can be
summarized in the following steps. First, the collected announcement data from LexisNexis were cleaned

following standard text analytic protocols®. Then, the variables from the processed text data were extracted. We

compute the complexity of the text through the Gunning FOG index (Zhou et al., 2018). The Gunning FOG?
index is widely used to measure of text complexity in business announcements (Ajina et al., 2016). We
employed Latent Dirichlet Allocation (LDA) to extract topics from the text (Ali & Kannan, 2022). Details on the
execution of the LDA algorithm and the uncovered topics are provided in the Appendix. We identified 10 topics
from the text that represent 10 themes of content in the announcements. We used the software R for LDA and
also to compute the sentiment of the text using the bag of words approach (X. Li et al., 2022). As the text analytic
techniques described above, work on understanding word frequency and the distance between words, it is
important to exclude the common words in English, i.e., stop words, numerical data, memorable characters,
and weblinks (Du et al., 2022). All necessary text pre-processing is performed as per the existing best practices
(Du et al., 2022). The data from the announcements were then merged with the firms’ financial data gathered
from Bloomberg and Yahoo Finance.

Abnormal Return Computation

The event study methodology was adopted to check for the change in the market value of firms (Liu et al., 2022),
as stated in the Efficient Market Hypothesis (Fama, 1970). The abnormal return ARy, for a firm “f" caused by the
occurrence of an event at a particular point of time “t” is the deviation of the actual return on the day of the event
and the expected return in an ideal scenario of non-occurrence of an event. In this study, the Fama-French-
Carhart five-factor model (FF5) (Martin & Xia, 2022) (equation 1) was adopted to compute expected returns,
with S&P 500 index firms considered as the benchmark market index. The FF5 model is considered a more
comprehensive model because it controls for factors such as market capitalization, value risk, robust-minus-
weak profitability, conservative minus aggressive portfolio returns, and momentum (Foye, 2018).

Tre =Xp+ Brrme + hpmarketcap, + sgvalue risk, + rmgprofitability, + ceportfolio returns, +
usmomentum, + €; (2)

The parameters for equation 1 are estimated using OLS regression in the estimation window of [-152,-40], i.e.,
the duration from 152 days and ending 40 days before the event, respectively (Racicot & Rentz, 2017). The
significance of the abnormal returns is validated using statistical tests like Mean abnormal return (non-
standardized) (%), T-test, Median AR (%), Wilcoxon rank-sum test, Percentage negative, and Binomial sign
test(p-values) (depicted in Table 3). Figure 1 explains the complete methodology of the paper in a graphical
format.

! This included removing emoticons, and emojis, converting text to lowercase and stemming the text, and removing
stopwords and punctuations. Please see Jha, A. K., & Shah, S. (2021). Disconfirmation effect on online review credibility:
An experimental analysis. Decision Support Systems, 145, 113519. for more details on text preparation.

? The FOG index algorithm provides a few different sets of readability indices, among which the "grade" score is extracted
and assigned as the FOG index score. This reflects the complexity of the announcements made by companies.



Lexis Nexis Yahoo

Data Collection (2015-2021) Bloomberg Finance
4056 announcements-— TN
A«"/—’/ l”/’ " " *
( N
Preprocessing of Assets I Revenue I Liability I Bitcoin Prices
Corpus
\ S
4 )
Implement LDA Topic
Modelling
\. J
10 optimal

Textual input
variables

(—A—\

Theme coverage
proportions

Cluster Common
Topics into 5 Different

Financial
Themes

input variables

Regression on
Abnormal Returns

Compute Word Count,
Sentiment Index and

Complexity o hS
//,/ \\\\
Ordinary Least Weighted Least
Square Square (for
robustness)
Validate | ________ Validate with Winsorization
Anecdotally

Figure 1 — Data Collection and Research Methodology

Regression Analysis

The abnormal returns computed above are now incorporated as the dependent variable in the regression
analysis to determine the impact of Bitcoin market events on a firm's abnormal stock returns. The Weighted
Least Squares (WLS) was adopted as the regression technique; however, it was also compared with the
standard OLS regression model (Kibekbaev & Duman, 2016). WLS regression controls for group-wise
heteroscedasticity by computing the weights from the inverse of the industry group-specific residuals of the OLS
regression (Y. Li et al., 2022).



The independent variables for the study were the text features i.e., the topics (Topic one to Topic ten)
representing the topic probabilities or top ten topic coverage proportions in the company announcements, topic
relevance, i.e., the relevance score of the topics concerning Bitcoin; the sentiment of the content and the
complexity.

Besides the top ten topic coverage proportions, sentiment, and FOG index used as parameters, the model is
also controlled for multiple firm and industry-related factors. The inherent firm characteristics such as firm size
are stated to impact abnormal returns (Palmon & Wald, 2002). There are different ways to quantify the firm size;
however, this study considers the market capitalization of each of the top 30 firms (Coén & Desfleurs, 2022).
Further, the total assets (Carlini et al., 2022), total liabilities (Fernandez-Méndez & Pathan, 2022), and total debt
(Gao & Bao, 2022) were also included as control variables. We controlled for the firm’s revenue and income,
which are dominant factors likely to have a confounding effect on abnormal returns. The impact of the critical
independent variable, i.e., Bitcoin returns, is investigated on the abnormal returns.

Analysis and Results

Table 2 shows the descriptive statistics and the Pearson correlation coefficients for the variables. The variables
income, stock price, and stocks issued were eliminated (income due to its high correlation with revenue and
stock price and stocks issued were removed due to high correlation with market capitalization). Further, only
the predominant topic one correlation is depicted due to its high importance over other topic proportion variables,
and only the sentiment is presented in the interest of parsimony.
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Figure 2 — Bitcoin Market Price vs. Blockchain Company Announcement Patterns

Initially, to investigate hypothesis H1, a procedure is conducted wherein the BTC market closing prices and the
number of blockchain firm announcements (aggregated from the compiled cross-sectional dataset of companies
and announcement dates) are plotted over the period from 2014 to 2021. Figure 2 illustrates the co-movement
patterns of BTC price and blockchain company announcements. We perform the Engle-Granger test for
cointegration to test the co-movement of the two-time series data. The Engle-Granger test checks the
stationarity of the pair of time series and indicates co-movement. The Engle-Granger statistic for these two data
series was -5.357 (p<0.001), indicating cointegration and hence establishing the co-movement of the two data
series.



Table 2 — Correlation Matrix of Variables in the Dataset

Mean Std dev 1 2 3 4 5 6 7 8 9 10 11 12

Length of 793.5 612.71 1.00 | 0001 | -0.10 | -005 | 004 | 002* | 006 | 007 | -001 | 0.02* | 0.04* | 0.04*
words (1)
Revenue (2) | 92,342,217 | 66,858,658.13 | 0.00 | 1.00 | 019 | 029 | 038 | 033 | 001 | 003 | 010 | 009 | -005 | 013
Cap't"’(‘g)za“o” 6,392,734 |59,872,336.49 | 010 | 019 | 100 | 096 | 078 | 057 | -006 | -001 | 0.03* | -0.17 | 0.03* | -0.09
TOta'(Z‘)ssets 176.4 98,632,023.4 | -005 | 029 | 096 | 1.00 | 091 | 070 | -005 | 0.03* | -0.01 | -0.17 | 0.04* | -0.04
”abﬁﬁiti (5 | 11632718 | 71,659,308.50 | 004 | 038 | 078 | 091 | 100 | 084 | -004 | 013 | -0.08 | 014 | 0.06 | 006
Total debt (6) | 90,837,479 | 34,152,014.06 | 0.02* | 033 | 057 | 070 | 084 | 100 | 002 | 016 | 011 | 013 | 005 | 0.10
Bitcoin 137,809,403 0.045 006 | -001 | -006 | -0.05 | -004 | -0.02 | 1.00 | -0.01 | 0.02* | -004 | 0.00 | -0.02
returns (7)
FOG Index (8) | 70,650,003 471 007 | -003 | -001 | 003 | 013 | 016 | -001 | 1.00 | -0.00 | 009 | 0.01* | 0.12
Topic 32,679,803 2.81 001 | -0.10 | 0.03* | -001 | -008 | -011 | 002* | -009 | 100 | -040 | 007 | -0.19
relevance (9)
Topic (10) 0.002 0.11 002 | 009 | 017 | 017 | -014 | -013 | -004 | 009 | -040 | 1.00 | -0.10 | 027
Word 9.3 305.62 015 | 003* | -004 | 001 | 010 | 013 | -002 | 007 | -013 | 0.02* | -002 | 017
count(11)
Se”(tl'ge”t 5.18 0.021 0.04* | -0.05 | 0.03* | 0.04* | 006 | 005 |0.005*| 001* | 007 | -0.10 | 1.00 | -0.55

Note: ** p<0.01; * p<0.05



It was found that initially, when the BTC closing prices were slowly rising (nearly stagnant change), the number
of announcements was scant. However, nearing June 2018, as the BTC price touched 7,000 US dollars, the
number of announcements also rose sharply to over 15. As the Bitcoin market rise petered off subsequently in
the later part of 2018, the announcements also dropped. A similar high was noticed in October 2020, wherein
the BTC market price touched 67,000 US dollars. The announcements again increased to 120 gradually, with
the BTC market being in a bull market mode. This validates hypothesis H1 that technological companies are
indeed timing their blockchain-based announcements with Bitcoin market movements. This provides us with a
cue to conduct a further detailed investigation using the event study approach to prove the second hypothesis
H2, i.e., whether Blockchain-based announcements have significant abnormal returns. Table 3 illustrates the
abnormal returns for different event windows and is consistent in the FF5 model.

Table 3 — Abnormal Returns and Its Significances for Multiple Event Windows

Event Window [-1,1] [-1] [0] (1]
Meansf‘abn” dggfgefg;‘;%(”"”' -0.29 % 0.90% -0.14% -0.16%
T-test -6.48*** 1.32%** -5.79*** -6.85***
Median AR (%) -61.37% -16.30% -22.74% -22.69%
Wilcoxon rank sum test -13.24*** -9.15%** -15.71%** -12.64***
Percentage negative 63.38% 60.38% 64.96% 63.00%
Binomial sign test(p-values) -13.65*** -10.59*** -15.26*** -13.26***

Note: *** p<0.01; ** p<0.05, * p<0.1. All statistical tests are one-tailed tests; Mean and median returns are averaged over
all the events and the event window.

Except for day [-1], all other event windows illustrate the mean abnormal returns to be of negative sign and are
found to be statistically significant. The results of the FF5 model analysis for the event window [-1,1] depict an
average drop in the market value to the tune of 0.3% per day per firm. This is equivalent to approximately a
0.9% market value drop in the adjoining three-day period (for the event window [-1,1], the one day before and
after are also considered for the impact to recede). The results are consistent for the day of the announcement
as well, with a market value loss of 0.14% per firm. The abnormal event in the window [-1, 1] is considered the
dependent variable for further regression analysis. Initially, the baseline OLS model was formulated as follows:

AR[-1,1]; = pysTopic probabilitiesy + B,;Topic relevance; + f;ySentiment related variables; +
BasWord county + PssFOG indexy + PgrBitcoinreturnsy + f;:Control variables, (2);

The WLS estimates for the coefficients are shown in equation 3, where we represent the predictor matrix, “wt"
represents the computed weights, and the abnormal returns AR represents the dependent variable.

Burs = UTwtD) " ITwtAR 3)

Table 4 — OLS and WLS Regression Results for Dependent Variable AR [-1,1]

Variables MO M1 M2 M3
Intercept -0.09(0.14) 25.998(0.02) 0.26(0.23) 18.15(0.09)
Length of words 0.06(0.01) 0.061(0.42) -0.01(0.08) 0.1(0.12)
Revenue -0.02*(0.02) -0.02 (0.12) -0.03**(0.01) -0.02*(0.16)
Income -0.02(0.03) -0.012(0.5) -0.04(0.04) -0.06(0.7)
Capitalization 0.03(0) -0.03(0.59) 0.04**(0.02) 0.08*(0.14)
Total assets 0.02(0.02) -0.041(0.94) 0.02(0.13) -0.08(0.08)
Total liabilities -0.01(0.05) 0.023(0.51) -0.12(0.04) 0.05*(0.15)
Total debt -0.02(0.06) 0(0.87) 0.06(0) 0.09(0.71)
Bitcoin returns Not included -2.09*** (0.04) Not included -2.74*** (0)
Complexity Not included -0.003(0.74) Not included 0.01(0.52)
Topic relevance Not included -0.015(0.6) Not included 0.01(0.8)
Topic one Not included -26.15*** (0.02) Not included -19.72*** (0.06)
Topic two Not included -25.45*** (0.02) Not included -18.52*** (0.08)
Topic three Not included -25.619*** (0.02) Not included -18.14*** (0.09)
Topic four Not included -25.661*** (0.02) Not included -18.4*** (0.08)
Topic five Not included -26.094*** (0.02) Not included -18.93*** (0.07)
Topic six Not included -24.616*** (0.02) Not included -17.57*** (0.1)
Topic seven Not included -25.181*** (0.02) Not included -18.38*** (0.08)
Topic eight Not included -25.11*** (0.02) Not included -17.95*** (0.09)




Table 4 — OLS and WLS Regression Results for Dependent Variable AR [-1,1]

Variables MO M1 M2 M3
Topic nine Not included -25.894*** (0.02) Not included -18.93*** (0.07)
Topic ten Not included -25.49*** (0.02) Not included -18.34*** (0.08)
Word count Not included 0(0.73) Not included -25.59** (0.01)
Sentiment Not included -64.024(0.48) Not included -218.86** (0.01)
R-Squared 0.014 0.02 0.011 0.0282
F-Statistic 1.416%* 2.69%** 1.45 2.826***
Max VIF 4.53 7.4 3.4 6.8
(p-value) 0.17 0.02 0.03 0.02

Note: ***p<0.01; ** p<0.05, * p<0.1. All statistical tests are one-tailed tests. Standard error in parentheses.

The OLS model and WLS model results are included in Models MO — M3 in Table 4. Model MO is the basic
model representing all the financial control variables and word length. M1 demonstrates the inclusion of all
control variables, textual variables including the FOG index, topic relevance, topic proportions, sentiment, and
the critical hypothesis variable "Bitcoin returns." Models M2 and M3 represent the weighted OLS (WLS) model
estimates, wherein M2 is a baseline model, and M3 incorporates all variables. The variables are expressed in
terms of coefficient and standard error in parentheses. A point to note is that the R-squared values, though they
seem low, are appropriate for studies on financial variables (Srinivasan et al., 2022) as they explain a stationary
variable, i.e., the stock market reaction.

The second model, M1, is the most explanatory model with an adjusted R-squared of 0.017 (1.7%). The topic
coverage variables are found to be negative and significant, validating H5. On further investigation, it is found
that out of the ten variables, topics five to ten are particularly causing a dip in abnormal returns, as illustrated
above in Table 4. These topics particularly link blockchain, cryptocurrencies, and trading and are not factored
in with immediate optimism by investors due to their inherent perception of cryptocurrencies as risky investments.

The critical hypothesis variable, Bitcoin returns, was found to be significant and negative. This implies that
Bitcoin returns are being confounded with the company’s blockchain announcements to boost the financial
indicators, validating hypothesis H2. However, the market is demonstrating a conservative and pessimistic initial
reaction to the Bitcoin returns, i.e., if the Bitcoin prices are impacted by one basis point, the market is taking a
cynical, pessimistic response to the tune of two basis points. Investors are cautious when making decisions
about trading in company stocks that are co-moving with Bitcoin market returns. The complexity of the
announcement text, which was anticipated to be significant, was in reality, not found significant. Thus,
hypothesis H4 was not validated.

The third model, M2 (weighted OLS regression), depicts that Revenue and Capitalization also demonstrate the
significance of firm size (measured by market capitalization) on abnormal returns. However, the effect is found
to negatively impact market performance, as hypothesized by Meligkotsidou et al. (2019). Similarly, the
weighted OLS consolidated regression model M3 demonstrates the significance of topic coverage, revenue,
word count, and sentiment variables (significantly validating H3), again negatively impacting the abnormal
returns and showing a similar cautious, pessimistic reaction to financial control variables. Overall, the WLS
model outperforms the OLS model in terms of explainability while validating the variable significance to a large
extent.

Robustness Checks

An additional robustness check is performed to validate the above WLS estimates by winsorizing the outcome
variable. Winsorization (Cheng et al., 2022) is a technique wherein the data entries corresponding to the top
ten percentile and bottom ten percentile values of the dependent variable [abnormal returns] are imputed, and
the regression results are re-run on the winsorized dataset. Table 5 illustrates the winsorized OLS regression
results:

Table 5 — Winsorized Regression Results

Variables MO M1 M2 M3
(Intercept) -0.3(0.084) 20.28(6.565) -0.06(0.14) 23.34(6.547)
Length of words 0.05(0.005) 0(0) 0.03(0.05) 0(0)
Revenue -0.08**(0.05) -0.05(0) -0.02**(0) -0.01*(0)
Income -0.02**(0.001) -0.02(0) -0.03(0.05) 0(0)
Capitalization 0.07%(0.003) 0.07(0) 0.09(0.06) 0(0)
Total assets -0.09**(0.003) -0.08(0) 0%(0.002) -0.05*(0)




Table 5 — Winsorized Regression Results

Variables MO M1 M2 M3
Total liabilities 0.07***(0.002) 0.05(0) 0.05***(0.002) 0.04*(0)
Total debt 0.03(0.002) 0.02(0) -0.08(0.002) -0.01(0)
Bitcoin returns Not included -1.25*** (0.024) Not included -0.95*** (0.006)
FOG Index Not included 0.01(0.006) Not included 0(0.64)
Topic relevance Not included 0(0.017) Not included 0.02(0.016)
Topic 1 Not included -21.18*** (6.577) Not included -24.04*** (6.564)
Topic 2 Not included -20.65*** (6.574) Not included -23.43*** (6.559)
Topic 3 Not included -20.78*** (6.578) Not included -24.02*** (6.569)
Topic 4 Not included -20.84*** (6.574) Not included -23.74***(6.558)
Topic 5 Not included -20.74*** (6.579) Not included -23.53*** (6.565)
Topic 6 Not included -20.43*** (6.571) Not included -23.43*** (6.557)
Topic 7 Not included -20.55*** (6.563) Not included -23.55*** (6.545)
Topic 8 Not included -20.23*** (6.579) Not included -23.31***(6.556)
Topic 9 Not included -20.7*** (6.584) Not included -23.59*** (6.57)
Topic 10 Not included -20.58*** (6.582) Not included -23.34*** (6.557)
Word count Not included 0(0) Not included 0(0)
Sentiment Not included -1.79**(0.024) Not included -2.01*%(1.071)
R-Squared 0.013 0.026 0.015 0.030
F-Statistic 1.54%** 2.11%* 1.67 2.34%**
Max VIF 3.84 8.4 5.4 9.8

Note: ***p<0.01; ** p<0.05, * p<0.1. All statistical tests are one-tailed tests. Standard error in parentheses

The topic proportion variables are again consistently and significantly validating H5, and the hypothesis variable
"Bitcoin returns” continues to hold importance; additionally, for the winsorized baseline OLS model, financial
control variables other than Revenue, i.e., Income, Capitalization, Total assets, and Total liabilities are found
significant. For the winsorized WLS models, the sentiment computed by the “qdap” package is also significantly
validating H3. The complexity of the announcement text is not significant; thus, H4 is not validated. Since,
predominantly, there is no variation in results and primarily, the control variables and the hypothesis variable
“Bitcoin returns” hold good, corroborating the hypotheses H1 and H2, thus, providing confidence that our initial
analysis is indeed robust.

Discussion and Implications

Theoretical Implications

The study investigates whether technological firms leverage the confounding meaning of the terms “blockchain”
and “Bitcoin” and boost their financial performance to mislead investors into correlating companies’ blockchain-
based announcements and the Bitcoin market movement. Hypothesis H1 is tested by performing an event study
on the announcements of the top 30 NASDAQ-listed companies, tracing their events and simultaneously the
variation in Bitcoin market returns and other control financial indicator variables to observe instances of
abnormal returns. The results evidence a substantial and significant impact of Bitcoin market returns on
abnormal return instances, thus being in line with Cheng et al. (2019). Prior investigations have found cases of
confounding both the terms blockchain and Bitcoin (Cabhill et al., 2020; Treiblmaier, 2021). However, few are
investigating the consequences of this interchangeable use of terms.

Our study contributes to the existing literature by examining how companies may exploit this phenomenon as
false market signals to strategically time their blockchain-related announcements with bullish movements in the
Bitcoin market. This strategic timing aims to prompt stakeholders to associate blockchain news with Bitcoin
returns.

Also, some studies examined how Bitcoin trading volume influences the blockchain firm’s financial performance
(Kozlowski et al., 2021), which impacts the firm's returns (Ante et al., 2021). This is validated in our study
findings. Regression results also reveal that the variables corresponding to topic coverage proportions are
statistically significant in elucidating the abnormal fluctuations in returns, thereby validating H4. However, the
coefficients of the variables are found to be negative. This implies that whenever keywords about topics related
to blockchain and Bitcoin are framed in the announcements, the events demonstrate a conservative, pessimistic
reaction to the topics. Abnormal returns take time to adjust to the arrival of information about any of the keywords



related to blockchain and Bitcoin. The reaction does not factor in the topic-related news with immediate optimism.
The inclusion of the primary hypothesis variable "Bitcoin returns" and the stage-wise incorporation of other
financial indicator control variables do not alter the nature of reaction to these topics. This validates the findings
of Falchetti et al. (2022).

Our study also highlights the importance of sentiment extracted from blockchain announcements in influencing
abnormal returns. As computed by the Gl dictionary, sentiment is found to impact abnormal stock returns (p
~0.01, illustrated in Table 4 M3). This is another crucial contribution to the literature.

Practical Implications

The study contributes practically by alerting stakeholders and investors not to confuse firms' positive blockchain
news/announcements with bullish Bitcoin market outcomes. They need not necessarily attribute the bullish
Bitcoin market to positive blockchain news/announcements from technological firms and get overly optimistic in
investment decisions. Similarly, investors are advised not to be discouraged by the negative Bitcoin market
movements and refrain from investing in technological firms making blockchain-related announcements.
Instead, investors are encouraged to adopt a rational approach that does not overly prioritize the Bitcoin market
movement for evaluating firm performance, particularly in countries like Japan and South Korea which are
leaders in blockchain technology adoption. Additionally, the study underscores the importance of investor
sentiment and confidence in announcements as potential indicators of company performance.

Cryptocurrency, a digital form of currency operating on decentralized networks based on blockchain technology,
was first introduced in the Asia-Pacific region with the advent of Bitcoin in 2009 (Ganbold, 2024). Since then,
the cryptocurrency landscape in the Asia-Pacific region has evolved rapidly with a rapid rise in number of
startups in the blockchain space a number of startups in the blockchain space, with 26.8% of startups emerging
from Asia (Ariela, 2024). Further, the market has experienced significant volatility, with a notable boom in 2021
followed by a downturn in 2022, marked by the bankruptcy of numerous crypto companies. Currently, the market
is gradually recovering and is projected to grow in revenue in the coming years. The Asia-Pacific region is
emerging as a leader in the cryptocurrency field, driven by higher institutional acceptance and growing
consumer interest.

The regression results highlight the significant impact of variables related to topic coverage proportions on return
fluctuations, although the direction of this impact is negative. This suggests that companies strategically
incorporating certain keywords/topics in their reports may influence or reassure users/stakeholders (Dao &
Abraham, 2021; Feuerriegel & Gordon, 2018). In the context of the paper, whenever keywords about topics
related to “blockchain” and “Bitcoin” are used in proximity, a negative response emerges. This implies that
investors take time to absorb information about Bitcoin market developments before deciding. Other specific
market-related news is not factored in by users after processing this information about the Bitcoin market.
Investors are showing prudence concerning Bitcoin market developments (Guler, 2023) and not making hasty
investment/trading decisions solely based on Bitcoin market highs when investing in the company.

The importance of the investor sentiment variable in explaining abnormal returns is critical from an efficient
market hypothesis perspective because investors and stakeholders are influenced by the sentiment extracted
from annual reports, disclosures, and product announcements to estimate the firm's financial performance
(stock price, revenue, and income). The inherent sentiment from corporate discourses indeed drives the
direction of firm performance by providing a future roadmap of which areas are profitable/worth treading by the
company (positive sentiment) and which areas/strategies are no longer viable for the company (negative
sentiment). Sentiment is, therefore, a key leading indicator for future performance. In Singapore, a hub for
fintech innovation, investor sentiment can significantly influence market dynamics, for instance. Positive
sentiment towards blockchain initiatives can drive investment and market confidence (Arner et al., 2016).

Further, the complexity of the announcement text was not found to be a successful metric in determining firm
performance. This implies that the degree of complexity of the language used in discourses cannot alone
provide a direction for future courses of action to firms. The frequency of certain topics mentioned in disclosures
coupled with the language complexity can change the future outlook of firms and influence their performance,
and in that scenario, complexity can hurt firm performance (Cecchini et al., 2010). This finding particularly holds
importance in emerging markets of the Asia Pacific where a positive tone of disclosures can help boost investor
confidence, which in turn, has a positive impact on firm performance.



Limitations

This study is not without its share of limitations. First, this study analyzes the impact of blockchain-based news
announcements on market value changes in a short time window. However, there is scope to study the long-
term consequences of the confoundment between the terms "blockchain™ and "Bitcoin” to ascertain the impact
on stakeholders and investors. Second, the study is limited to only a few NASDAQ-listed companies with high
market capitalization. There is a need to expand the study sample of firms to analyze the differential strategies
adopted by high market capitalization firms and smaller firms in leveraging the Bitcoin market developments to
boost strong financial indicators and present a different picture to investors and stakeholders. Another limitation
of the study is its temporal scope, as it is confined to December 2021, a period preceded by the occurrence of
black swan events such as Tesla's Bitcoin holdings liquidation, the FTX exchange crash, and the downturn in
the Terra ecosystem. These events led to extraordinary and atypical fluctuations in Bitcoin prices. Nevertheless,
this limitation opens up an avenue for future research that could explore the spillover effects of the Bitcoin
market on firm shares during such impactful black swan events.

The above findings have prompted investors interested in companies to adopt a conservative reaction strategy
to Bitcoin market announcements. Instead, investors and stakeholders are encouraged to focus on market
indicators like news sentiment, which provide insights into the performance of the technological firms. Our study
sheds light on this critical research area that remains underexplored. Further, our findings also indicate that the
announcements need to be strategically framed without mentioning particular keywords about the confounding
of blockchain and Bitcoin, which reveals a conservative pessimistic reaction to the financial key performance
indicators. The interest of the investors can instead be captured by incidentally mentioning the Bitcoin market
without explicitly influencing their psychology through “confounding” vocabulary to blockchain terms. They must
be provided with the scope to process information and be allowed to form their perceptions based on cognitive
understanding rather than imposing the mentions of confusing topics and clouding their decision-making ability.

Despite anticipating a positive market impact stemming from the sentiment of blockchain-based announcements
by technological firms, our findings reveal a counterintuitive outcome. The empirical evidence shows a
statistically significant correlation wherein higher positive announcement sentiment is associated with a
subsequent loss in market value. This intriguing observation prompts further investigation into elucidating the
precise mathematical relationship (linear, parabolic, exponential, etc.) between the two variables: the sentiment
of the announcement and the market value of the firms.

Conclusion

The findings of this study underscore the importance of topic coverage, Bitcoin returns, investor sentiment, and
the extent of stakeholder interest as critical signals driving firm performance. Firms are advised to highlight
specific positively connoted topics and themes, ensuring that the proportion of relevant information is conveyed
in a positive tone. This approach can reassure investors and users about the firm's value and market
performance. Additionally, the findings suggest that firms should emphasize incorporating Bitcoin as a part of
their digital business strategy rather than merely attributing blockchain technology to Bitcoin. By focusing on the
positive connotations of specific themes, firms should underscore the weightage of blockchain features such as
security, privacy, and decentralization in their announcements. This can enhance the transparency of
technology integration and gain investor trust. By adopting these strategies, firms can ensure a win-win situation,
boosting their performance while enabling investors to make judicious decisions for the growth of their portfolios.
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Appendix

The number of topics given data is inherent to the nature of data and finding the optimal number of topics is
crucial in segregating the issues and themes accordingly. Coherence scores are plotted to find the optimal
number of topics between 1 to 20. It is found that the coherence score is high for ten topics. After identifying the
optimal number of topics, the LDA topic modelling algorithm is employed to find the probability of documents
belonging to topics based on their contents. These are the top 15 terms in each topic extracted to observe the
context of each topic. Further analysis has revealed five emergent themes among the ten topics. Table | below
describes the themes and the topics under each theme. When mapped to the individual announcements, these
themes collectively aid in identifying the specific domain of interests of each company.

Table A — Topics Identified and Mapping to Significant Themes

Theme Topics Description
. Focuses primarily on digital elements, social media,

Digital 1 T L
applications, digital content

Blockchain and innovation 268 _Broadly_ encompasses things that are related to blockchain and
innovation

Media news 3 Broadly focuses on media news and information

Blockchain in general 4 Covers general aspects of blockchain

Blockchain, cryptocurrencies, The focus is global market trading, -cryptocurrencies,

; 5,7,9,10 . I
and trading blockchain, and Bitcoin.
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