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Abstract: Cryptocurrencies like Bitcoin have received substantial attention from financial exchanges.
Unfortunately, arbitrage-based financial market price prediction models are ineffective for cryptocur-
rencies. In this paper, we utilize standard machine learning models and publicly available transaction
data in blocks to predict the direction of Bitcoin price movement. We illustrate our methodology
using data we merged from the Bitcoin blockchain and various online sources. This gave us the
Bitcoin transaction history (block IDs, block timestamps, transaction IDs, senders’ addresses, re-
ceivers’ addresses, transaction amounts), as well as the market exchange price, for the period from
13 September 2011 to 5 May 2017. We show that segmenting publicly available transactions based
on investor typology helps achieve higher prediction accuracy compared to the existing Bitcoin
price movement prediction models in the literature. This transaction segmentation highlights the
role of investor types in impacting financial markets. Managerially, the segmentation of financial
transactions helps us understand the role of financial and cryptocurrency market participants in
asset price movements. These findings provide further implications for risk management, financial
regulation, and investment strategies in this new era of digital currencies.

Keywords: Bitcoin price direction prediction; blockchain transactions; financial transaction distribution;
financial market segmentation; cryptocurrency transactions

1. Introduction

Cryptocurrencies have become an important component in the digital economy and
financial markets (Adrian and Mancini-Griffoli 2021), with Bitcoin being the most popular.
Bitcoin and blockchain technology are called the key drivers behind the next revolution in
the financial industry (Li et al. 2021; Su et al. 2020). Despite Bitcoin’s popularity, explosive
growth, and innovation, it is often characterized as a financial bubble (e.g., Geuder et al.
2019; Cheah and Fry 2015). While the supply of Bitcoin is constrained, demand is specula-
tive and causes wide fluctuations in price. Many governmental financial agencies, e.g., the
U.S. Securities and Exchange Commission (SEC 2014), have issued investor alerts about
Bitcoin due to the high risk associated with its price volatility (Aalborg et al. 2019). Studies
of the extreme volatility in Bitcoin prices have also found evidence of both deliberate price
manipulation Gandal et al. (2018) and substantial empirical support for the hypothesis that
backers of the leading token Tether have the ability, and have possibly used Tether, to prop
up the price of Bitcoin (Griffin and Shams 2020). Evidence of such market manipulation
raises the specter of naive investors being left at the vagaries of an unregulated market
manipulated by sophisticated, malicious actors engaging in deliberate and fraudulent
price manipulation (Popper 2018). Investors can be unknowingly victimized without a
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fundamental pricing method against which to benchmark. It is, therefore, crucial to bet-
ter understand Bitcoin’s price movement and develop proper investment strategies, risk
management, and financial regulation.

Several studies exist in which scholars have studied Bitcoin price movements (see
Table 1). While these methods can help predict Bitcoin price movements to some extent,
few have investigated the heterogeneous behavior of various investor segments and how
investor heterogeneity influences Bitcoin price movement. In contrast, previous studies
have shown that different types of investors react differently to stock price movements in
the stock market, and this heterogeneity influences stock prices. Whether heterogeneity in
investor types exists in the Bitcoin market and how this heterogeneity is related to Bitcoin
price movement remains unclear and is one focus of this paper.

Table 1. Predicting the direction of the change in Bitcoin price.

Ref. Data Prediction Method Prediction Period Best Accuracy

Madan et al. (2014) Historical Price Generalized Linear Model Next 10 min 0.57
Sattarov et al. (2020) Twitter + Historical Price Sentiment Analysis Next 30 min 0.62
Sin and Wang (2017) Historical Price Artificial Neural Network Next Day 0.60
McNally et al. (2018) Historical Price Long Short-Term Memory Next Day 0.52

Kinderis et al. (2018) Social Media (Twitter) +
Historical Price

Linear Discriminant
Analysis Next Day 0.67

Atsalakis et al. (2019) Historical Price
Artificial Neural Network
PATSOS Neuro-Fuzzy
Controller Forecasting

Next Day 0.67

Arguelles (2018) Historical Price Support Vector Machine Next Day 0.62

Kurbucz (2019) Transaction Network
Single Hidden-Layer
Feedforward Neural
Networks

Next Day 0.60

In this paper, we investigate investor segments in the Bitcoin market and study the
heterogeneity in investment behavior. Based on our findings, we present a novel approach
to predict the direction of Bitcoin price movements (up or down). Comparing our proposed
approach with those in the extant research indicates the superior predictive power of
our approach within a short investment duration. We also propose a typology of Bitcoin
investors (i.e., investor segments) which, to the best of our knowledge, is the first attempt
at systematically segmenting Bitcoin investors. This segmentation allows us to generate
rich insights to help better understand the behaviors and actions of investors participating
in Bitcoin markets. This information could also be utilized to better understand the role
of investors’ participation in initial coin offerings and the short-term evolution of the coin
(Holden and Malani 2022; Lyandres et al. 2022).

This paper is organized as follows. Section 2 reviews the current methods for predict-
ing Bitcoin price movement and the challenges associated with them. Section 3 presents
our investor segmentation approach and methodology. Section 4 presents the data analysis
and results, and Section 5 interprets the results. Section 6 discusses the conclusions.

2. Neither Fish nor Fowl: A Review of Challenges in Current Predictions of Bitcoin
Price Movements

The study of Bitcoin price movements is challenging for several reasons. First, as seen
in Figure 1, Bitcoin prices exhibit very high daily volatility, making accurate prediction
difficult (McNally et al. 2018; Miller and Kim 2021). Second, Bitcoin speculative assets
are “neither fish nor fowl”—they are speculative investments that behave neither like
traditional currencies nor usual physical commodities like wheat, oil, etc. (Gronwald 2019).
This leads to higher fundamental uncertainties on the part of investors (Abraham et al.
2018). Extant research has shown that Bitcoin price volatility is highest at times when US
and European investors are not engaging in the trade of cryptocurrency assets (Dimpfl and
Odelli 2020).



J. Risk Financial Manag. 2024, 17, 128 3 of 17

Figure 1. Bitcoin price volatility and daily transaction volume.

Economists generally say that “money” serves three functions: (1) it is a useful medium
to facilitate the exchange of one product for another; (2) it should be able to serve as a
unit of account so the comparative value or worth of different objects or entities can be
measured and compared; and (3) it should provide a vehicle to store value. Currently,
at best, Bitcoin only marginally satisfies these functions1. The fact that it can take ten
minutes to several hours (or more) to confirm that a Bitcoin transaction is valid makes
using Bitcoin very inconvenient and problematic for everyday shopping transactions in
daily life. The Lightning Network (LN) was invented in 2016 to allow for faster transaction
verification, thereby better facilitating the use of Bitcoin for everyday transactions. The LN
also has lower transaction fees. However, the LN comes with its own problems, such as the
need to pre-establish a channel between the buyer and seller and show (post) liquidity to
guarantee the validity of the transaction when opening an exchange arrangement. This
may be problematic for small or infrequent purchases as it ties up resources. The LN also
requires more technical skill to navigate.

Despite El Salvador’s adoption of Bitcoin as legal tender, the U.S. Internal Revenue Ser-
vice considers Bitcoin assets to be property and not a currency for tax purposes (IRS Notice
2014-21, as modified by Notice 2023-34). The U.S. Commodity Futures Trading Commission
(CFTC), which historically oversees physical commodity markets and commodity-linked
products like derivatives and futures contracts, has classified the intangible Bitcoin asset as
a commodity, although it does not derive its value from any physical asset such as gold, oil,
etc. Thus, Bitcoin presents problems when used as a unit of exchange for most purposes
(Alvarez et al. 2023).

Due to its extreme volatility, Bitcoin also presents problems in being perceived as
a unit of account that could provide easy understanding and comparison of the value
of goods and services relative to each other. As a store of value, the extreme volatility
makes this problematic in the short run, and the intrinsic “financial bubble” aspects of
this speculative asset, along with the potential for fraud or manipulation, make long-term
storage of value problematic2.

Thus, Bitcoin valuation is “free-floating”3 in the sense that its value is not benchmarked
against or tied to other financial assets such as gold or silver. Neither is its value derived
from its use as a raw material or intermediary resource in productive enterprises, e.g.,
rare-earth minerals have value because they are used in the manufacturing of permanent
magnets and other high-tech products. Additionally, Bitcoin’s value is not based on interest
rates and purchase price parity concepts, which are useful for currency exchange valuation.
Furthermore, its value is not associated with production costs, e.g., computation costs and
electrical power (Arnosti and Weinberg 2022). Some have argued that Bitcoin has intrinsic
value due to its portfolio diversification effect. Whether or not Bitcoin has a diversifying
effect on portfolios, as with gold, is not clear. Some have observed diversifying effects (Li
et al. 2021) and others have urged caution in using Bitcoin for portfolio diversification (Bakry
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et al. 2021). Almeida and Gonçalves (2023) provided a literature review of the portfolio
diversification literature with respect to Bitcoin.

Consequently, economic theory and/or econometric arbitrage-free pricing methods,
familiar for currency and asset pricing in finance, are missing. Finally, the relationships
between Bitcoin market price, price volatility, and transaction behaviors are not yet well
understood (Aalborg et al. 2019; Kjærland et al. 2018), making theoretical pricing models
problematic. Moreover, due to random high price volatility, its use as a “storage of value”
is uncertain at best. High volatility generates technical and economic risks for participants,
system risks to the Bitcoin ecosystem, and societal risks at large, resembling a signal in high
noise (Weaver 2018).

The absence of theoretically justified or arbitrage-based economic pricing models
may not mean that predicting Bitcoin prices is futile. To assess the feasibility of obtaining
a successful prediction of future prices, the finance concept of “weak form efficiency”
is relevant. Applied to asset pricing, the weak-form efficient market hypothesis (EMH)
asserts that publicly available information, such as an asset’s price history and volume
history, cannot be used to make money in a highly liquid market by successfully predicting
the asset’s future price direction because rationally informed investors will immediately
incorporate past information into current prices in an unbiased manner. According to
this theory, public information is already incorporated into current prices, and future
prices become random fluctuations from today’s prices (the random-walk hypothesis).
Some literature has tested the null hypothesis of weak-form efficiency for Bitcoin prices,
examining whether prices follow a random walk, and has rejected this null hypothesis.
Consequently, the EMH is not supported empirically for Bitcoin (e.g., see Bariviera 2017).
In his literature review survey on efficiency in the cryptocurrency market, Kyriazis (2019)
stated, “It is found that the majority of academic papers provide evidence for the inefficiency
of Bitcoin and other digital currencies of primary importance.” Since prices may not follow a
random walk, implying there may be dependence on Bitcoin price changes, it is worthwhile
to examine whether public data and dependence on prices can be exploited for successful
prediction of Bitcoin price change direction (cf., Fischer et al. 2019).

Apart from the EMH financial analysis, there is a burgeoning literature that technically
addresses the prediction of Bitcoin price using various statistical and algorithmic methods,
rather than methods derived from theoretical financial or economic relationships. For
example, using ancillary information from social media platforms such as Twitter, News,
and Google Trends, (Dutta et al. 2020). Mai et al. (2018) and Bartolucci et al. (2020) found
that social media characteristics, such as the frequency of Bitcoin-related news or emotions
in online discussions, can partially explain Bitcoin price movements. User sentiments being
able to influence the price seems reasonable in light of the above discussion on Bitcoin
pricing. Bitcoin price movement is not based on underlying economic fundamentals but is
primarily speculative. The viral quality of social media discourse taps into, reflects, and
even amplifies this speculative nature of cryptocurrency price determination.

A fundamental effort, therefore, concerns constructing quantitative models to predict
Bitcoin prices based on historical price information. The first step in Bitcoin price prediction
is to predict the direction (going up, staying stagnant, or going down) of Bitcoin price
changes (e.g., should one buy or not). Table 1 highlights the research that has used a variety
of machine-learning techniques and data sources for predicting the direction of Bitcoin
price movements.

A review of the studies in Table 1 reveals that (1) most existing studies predicted daily
Bitcoin price changes, (2) some studies predicted at the block time period using historical
price data but performed poorly, and (3) two studies that used transaction information
achieved relatively low accuracy scores. While a recent machine learning approach used
historical (eight-month-old) data and a random forest model to achieve high prediction
accuracy of price movement (Amjad and Shah 2016), there is little evidence that such old
data can causally influence the recent price of a highly volatile Bitcoin. Chen (2023) also
applied machine learning (random forest regression and LSTM) to predict Bitcoin prices
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and found that higher accuracy for next-day price prediction was achieved when using
only a one-period look-back on explanatory variables. In summary, the existing literature
shows that when using historical price data, the predictive accuracy over a short time
period is very challenging, whereas over a longer time period, accuracy is not significantly
better than chance. Our study, however, sheds light on the predictability of price changes
at a block level, within a short time frame. Our study not only achieves a higher prediction
accuracy but also provides the possible mechanisms underlying Bitcoin price movement
and the heterogeneity of investors.

While some existing studies have exploited Bitcoin transaction network data to predict
Bitcoin price movement, a similarly important yet less explored topic is the converse:
whether and how Bitcoin price affects Bitcoin transactions, or more specifically, how
different segments of investors react differently to Bitcoin price movement. There are
two questions worth investigating, which are discussed later in this paper. First, do
changes in Bitcoin price, in turn, affect Bitcoin transaction behavior? And second, are
such relationships heterogeneous, i.e., based on Bitcoin transaction characteristics? Some
researchers have already found linkages between Bitcoin price and transaction network
characteristics—such as connections among Bitcoin market participants (Akcora et al. 2018)
and transaction volume (Koutmos 2018)—that are bidirectional and dynamic.

3. Not All Blocks Are Created Equal: Investor Segmentation

Each block in a Bitcoin blockchain contains all transactions that occur in approximately
a rolling 10-min time window. The number of Bitcoin transactions occurring in each block,
however, can vary significantly. Also, transactions can range in size from a fraction of
a Bitcoin to a large number of Bitcoins. Because of this, Bitcoin transaction blocks are
not uniform in composition and can differ in attributes such as the number and size
of transactions. We further observe that Bitcoin blocks show interesting patterns when
segmenting transactions in each block by transaction amounts. Figure 2 shows an example
of how blocks evolve when transactions are segmented by transaction amount (in BTC).

Figure 2. Number of transactions by block.

Figure 2 shows that the number of transactions in each transaction class varies signif-
icantly across blocks. Additionally, if we calculate the proportion of transactions falling
into each transaction class, it also varies significantly by block. Therefore, given the high
price volatility associated with the high volatility of the transaction classes, we propose
that analogous to what is found in the stock market, there are multiple investor types in the
Bitcoin market, and if classified by their transaction amount, different types of investors
are dynamically associated with Bitcoin price movement. Later, in Section 5, we present
possible labels, i.e., different types of investors, for these transaction classes and provide
possible underlying mechanisms to explain the associations.

Based on the above proposal, we develop an effective predictive model that captures
the heterogeneity in the association between the types of Bitcoin investors and Bitcoin price
movement. In our predictive model, to predict the directionality of BTC price movements
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over time, we use the change in transaction class in two ways: (1) the change in the number
of transactions in each transaction class from one block to the next, and (2) the change in
the proportion of each transaction class to the total transaction numbers from one block to
the next. This allows us to capture the heterogeneity in speculations by various investor
types and utilize their prior time-period decisions to predict future price movements. This
segmentation of investors provides rich insights for more accurate prediction—not just
for capturing volatility but also for understanding the behavior and actions of investors
participating in this market. Details of operationalizing this approach are described in
Section 4.

4. Data Analysis and Results
4.1. Data

Historical Bitcoin transaction data were collected and processed from three data
sources: (1) blockchain.com (accessed on 21 March 2018); (2) blockcypher.com (accessed
on 21 March 2018); and (3) Bitcoinchart.com (accessed on 21 March 2018). The first two
sources provide Bitcoin transaction history data, including block IDs, block timestamps,
transaction IDs, senders’ addresses, receivers’ addresses, and transaction amounts. They
contain 306,033,506 transactions in total, dating from 18:15:05 on 3 January 2009 to 03:56:50
on 21 March 2018. The third source provides the Bitcoin market transaction price for
every five minutes, with the time windows for this data source being from 13:50:00 on 13
September 2011 to 00:00:00 on 14 May 2017. We merged these three datasets to obtain the
Bitcoin transaction history with market exchange price for the time period from 13:50:00 on
13 September 2011 to 00:00:00 on 14 May 2017.

4.2. Transaction Segmentation

For each block, we segmented the transactions into 15 segments based on transaction
volume, as shown in Table 2. Here, the “Transaction Amount Segment” represents the
transaction amount interval (in BTCs) in which a transaction falls.

Table 2. Transaction segmentation used in predicting the direction of the change in Bitcoin price.

Transaction Amount Segment Total # of Transactions Mean # of Transactions per Block

(0, 0.1] BTCs 145,731,106 448
(0.1, 0.5] BTCs 38,978,755 120
(0.5, 1] BTCs 12,944,521 40
(1, 5] BTCs 18,690,349 57
(5, 10] BTCs 5,199,054 16
(10, 25] BTCs 5,071,494 16
(25, 50] BTCs 2,677,391 8
(50, 100] BTCs 1,592,056 5
(100, 200] BTCs 887,452 3
(200, 500] BTCs 758,835 2
(500, 1000] BTCs 226,882 1
(1000, 5000] BTCs 150,458 0.5
(5000, 10,000] BTCs 37,608 0.1
(10,000, 50,000] BTCs 18,042 0.05

(50,000, ∞] BTCs 529 0.002

4.3. Price Movement Prediction

The baseline framework for predicting the direction of price movement (moves up or
not at time T)4 is described as follows:

mT = f (−→m T−1, ∆
−→
N T−1, FT) (1)

Here, mT , the predicted binary variable, can take the value of one or zero, with
one representing an upward Bitcoin market price movement from time T − 1 to T, and

blockchain.com
blockcypher.com
Bitcoinchart.com
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zero representing an unchanged or downward market price movement from time T − 1
to T. The function f represents a binary prediction classifier that utilizes the following
predictive variables:

(1) −→m T−1, a vector representing the direction of the historical Bitcoin price movement
from time T − p to T − 1. This vector of zeros and ones is denoted by:

−→m T−1 = (mT−1, mT−2, · · · , mT−p) (2)

where mT−t represents the Bitcoin price movement direction from time T − (t + 1) to
T − t.

(2) ∆
−→
N T−1, a vector representing the change in transaction volume of all transaction

classes during each time period from time T − p to T − 1. This vector is denoted by:

∆
−→
N T−1 = (∆ni,t)(1≤i≤15,T−p≤t≤T−1) (3a)

i.e.,

∆
−→
N T−1 =


∆n1,T−1, · · · , ∆n15,T−1

· · ·
∆n1,T−(p−1), · · · , ∆n15,T−(p−1)

∆n1,T−p, · · · , ∆n15,T−p

 (3b)

(3) A variable FT , representing a fixed effect measured at time T. We consider two types
of time-specific fixed effects: the day/night fixed effects and the month fixed effects.
We tested our results with various values of the look-back period (p). For consistency
and simplicity, and to save space, we present the subsequent results only for the case
p = 10.

Here, to accommodate two possible models, ∆ni,t represents either the change in
the number of transactions within transaction class i or the change in the proportion of
transactions falling in transaction class i from time t − 1 to t depending on whether we are
focusing on the changes in the number or the proportion of changes, respectively.

As mentioned previously, in our investigation, ∆ni,t is defined in two alternative
ways: (1) ∆ni,t measures the change in the number of transactions in transaction segment i
from time t − 1 to t, and (2) ∆ni,t represents the change in the proportion of transactions
in segment i from time t − 1 to t. The first approach allows us to capture the change in
the number of transactions over time, whereas the second approach allows us to capture
the change in the distribution of transactions over time. Additionally, including a time-
specific fixed effect enables the model to capture transaction times across different countries,
and consequently, the differences in transaction patterns caused by the time/location
differences.

Additionally, we estimated the performances of multiple combinations of variables
for the prediction of price movement: transaction volume/distribution changes in each
transaction interval, historical price, day/night fixed effect, and month fixed effect (Table 3).
Using the transaction volume changes and the transaction distribution changes, we demon-
strated a significant predictive improvement compared with existing studies, suggesting
an important role of publicly accessible transaction data in Bitcoin price movement.

We present the results using two classifiers. The first is recurrent neural network
(RNN) classifiers since they have been shown to have a strong ability to learn and model
time-series data with non-linear and complex relationships. A special form of RNN, the
Long Short-Term Memory (LSTM) method, allows information to persist and is capable
of learning from the past while selectively remembering patterns for a longer duration
of time. LSTM provides a good prediction of the direction of Bitcoin price movement.
Specifically, we constructed a three-layer LTSM model, using categorical cross-entropy as
the loss function.
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Table 3. Direction of Bitcoin price movement prediction.

Direction of Bitcoin Price Movement Prediction
Using Transaction Volume Changes

Model Hist. Price Trans. Volume Month F.E. Day/Night F.E. Accuracy F-1 Score

LSTM Yes Yes No Yes 0.631 0.773
LSTM Yes Yes Yes Yes 0.631 0.768
Logistic Regression No Yes No No 0.599 0.663
Logistic Regression Yes Yes Yes Yes 0.596 0.652
Logistic Regression Yes No Yes Yes 0.532 0.585
Logistic Regression Yes No No No 0.496 0.497

Direction of Bitcoin Price Movement Prediction
Using Transaction Proportion Distribution Changes

Model Hist. Price Trans. Volume Month F.E. Day/Night F.E. Accuracy F-1 Score

LSTM Yes Yes Yes Yes 0.636 0.778
LSTM Yes Yes No Yes 0.635 0.777
Logistic Regression Yes Yes Yes Yes 0.538 0.586
Logistic Regression Yes Yes No Yes 0.535 0.592

Another classifier used with the same sets of variables is the logistic regression model.
Model fixed effects are included for possible day/night and month fixed effects. In the
logistic regression model, the prediction function takes the form of:

P(mT = 1) =
exp(β0 + ∑t=1

p β1,tmT−t + ∑t=1
p ∑i=1

15 β2,i,t∆ni,T−t + β3FT)

1 + exp(β0 + ∑t=1
p β1,tmT−t + ∑t=1

p ∑i=1
15 β2,i,t∆ni,T−t + β3FT)

(4)

In this equation, p is the number of look-back periods for the transaction volume or trans-
action volume distribution changes; β0 denotes the intercept; and β1,t(1≤t≤p), β2,i,t(1≤i≤15,1≤t≤p),
and β3 denote the coefficients of the historical price movements, changes in the number
(or proportion, respectively) of transactions in each volume segment, and the fixed effects
vectors.5

4.4. Results

First, we report the prediction results for the direction of price movement based
on transaction volume changes as the key predictive variable while incorporating other
variables in the predictive model. The best prediction model results are presented in Table 3
(upper) with an accuracy rate of 63.1%. The best-performing predictive models were (a) the
recurrent neural network method (LSTM), using the historical price movement, historical
changes in the transaction volume, and day/night fixed effects (i.e., not including the month
fixed effects), and (b) the LSTM method, incorporating all the variables introduced earlier,
including the month fixed effects. While both LSTM models exhibited the same accuracy
(number of correct predictions divided by the number of predictions), the first LSTM model
exhibited a slightly higher F1-score (the harmonic mean of the precision and the recall),
indicating greater overall accuracy as measured with the precision and recall rates. Since
all the models in Table 3 were run on the same dataset and same forecast horizon (unlike
the summary given in Table 1), this result clearly shows that incorporating transaction
volume changes improved performance. For comparison with the methods in Table 1, the
LSTM metrics for prediction using historical data and not incorporating the transaction
data or fixed effects yielded an accuracy of 0.4941 and an F1-score of 0.5292. This compares
to (see top two rows of Table 3) the accuracy of 0.631 and F1-score of 0.768–0.773 for the
same analysis on the same dataset with the same prediction horizon but also including the
transaction network data. The common dataset and prediction horizon in Table 3 make it
more fair to compare the results of Table 1 with those of Table 3 with the incorporation of
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a transaction volume variable. The LSTM models performed better when the transaction
volume was incorporated.

Since Table 3 (upper) shows that the inclusion of historical changes in transaction vol-
ume provided a more accurate classification of the direction of price movement, this raises
the question of how much the inclusion of transaction volume changes contributes to the
prediction. To further explore this, Table 3 (upper) revisits the previous logistic regression
models from Table 1, comparing the results when excluding versus including the historical
and transaction volume changes from the explanatory variables (logistic regression was
among the top methods on our data and also one of the most used quantitative methods
employed in the literature presented in Table 1). The results in the last line of Table 3 (upper)
show that including the historical price movement and fixed effects without including the
historical record of transaction volume changes led to significantly worse performances
in classifying price movement direction. These results provide empirical evidence of the
central role transaction network characteristics play in predicting Bitcoin price movement.
The comparison is fair because all models used the same dataset and prediction horizon.

Next, we replicated the analysis of Table 3 (lower), but now used the changes in
the proportion (instead of the number) of transaction segments as predictive variables
(as discussed in after Equation (3b) in Section 4.3). With the inclusion of the changes
in transaction volume distributions in the model, we observed (Table 3 (lower)) a slight
improvement in predictive accuracy for the recurrent neural network method when also
including the historical price movement, monthly fixed effects, and day/night fixed effects.
The highest accuracy rate reached was 63.6%. By contrast, the logistic regression model
performed significantly worse, even relative to the logistic regression model that included
transaction volume changes as the predictive variable (compared with the previous table).

4.5. The Relationship between Price Movement and Transaction Volume in the Bitcoin Market

Next, we explored the causal effect of transaction volume changes in each transaction
segment on the direction of Bitcoin price movement. While our previous predictive models
achieved relatively high accuracy, these models are inherently black-box models and
did not explicitly explain how the transaction volume was related to the direction of
Bitcoin price movement. Thus, we applied the linear probability model to interpret the
direction of Bitcoin price changes in a time-series framework (Battey et al. 2019). Specifically,
we regressed the binary direction of Bitcoin price movement on a series of historical
transaction volume changes in each transaction segment while incorporating fixed effects.
The coefficients reflect the explanatory power of each transaction volume segment at the
examined block time prior to the current block time on the current price movement. The
interplay between the transaction volume and block time allows us to explore how the
explanatory power varies based on transaction size and time. The rationale behind this
estimation strategy is to differentiate the impacts of the volume of small-amount and large-
amount historical transactions and if they have different degrees of effect on future price
changes. Thus, we estimate the following linear probability model:

P(mT = 1) = α0 +
t=1

∑
15

i=1

∑
15

αi,t∆ni,T−t (5)

The dependent variable in Equation (5) is the binary variable indicating whether
the Bitcoin price moves upward (mT = 1) versus staying stagnant or moving downward
(mT = 0). This model is similar to the earlier predictive model (Equation (1)). Through this
linear probability model, we can interpret how a change in the number of transactions in
different transaction amount segments generates heterogeneous effects on Bitcoin price
movement.

Based on the estimated coefficients (Table 4), we can observe that a transaction volume
(or transaction distribution) that is older than 10 blocks in the past does not have a signifi-
cant impact on the expected current Bitcoin price movement6. Furthermore, interestingly,
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these coefficients suggest that a unit change in “small-amount” transactions positively
affects Bitcoin price movement, whereas a unit change in “large-amount” transactions
negatively affects Bitcoin price movement.

Table 4. Price movement by the change in the number of transactions.

Segment t−1 t − 2 t − 3 t − 4 t − 5 t − 6

(0, 0.1) 4.52 × 10−5 *** 4.14 × 10−5 *** 3.74 × 10−5 *** 4.10 × 10−5 *** 3.95 × 10−5 *** 3.81 × 10−5 ***
(0.1, 0.5) 1.98 × 10−4 *** 1.44 × 10−4 *** 6.00 × 10−5 *
(0.5, 1) 3.70 × 10−4 *** 3.03 × 10−4 *** 3.18 × 10−4 *** 2.04 × 10−4 **
(1, 5) 2.67 × 10−4 *** 3.15 × 10−4 *** 2.64 × 10−4 *** 2.27 × 10−4 *** 2.66 × 10−4 *** 2.07 × 10−4 ***
(5, 10) 8.91 × 10−4 *** 6.82 × 10−4 *** 8.26 × 10−4 *** 8.18 × 10−4 *** 6.77 × 10−4 *** 5.85 × 10−4 ***
(10, 25) 3.63 × 10−4 *** 2.32 × 10−4 *
(500, 1000) −3.22 × 10−4 * −3.85 × 10−4 *
(1000, 5000) −4.67 × 10−4 *
(5000, 10,000) −8.39 × 10−4 * −7.49 × 10−4 *

Significant codes: *** 0.001; ** 0.01; * 0.05.

We now turn to the specific transaction amount segments. First, although all the
coefficients for the first transaction amount interval, 0 to 0.1 Bitcoins, were significant,
the transactions in this interval were likely to be transaction fees and were less related
to the amount of the transaction. The significance here could suggest that the volume of
micro-transactions is a proxy for overall transactions happening in the marketplace. For the
next four intervals, 0.1 to 10 BTC, we found that an increase in transactions in the segment
0.1 to 1 BTC had a shorter-term positive effect on the Bitcoin price with no effect observed
beyond t − 4, whereas the positive effect of larger Bitcoin transactions, from 1 to 10 BTC,
persisted over a longer term. Small-transaction investors whose transactions fall in the
0.1 to 1 BTC interval are more likely to be driven by market sentiments and speculations
that affect the price in the short term. Since a small amount of Bitcoin is more affordable,
potential amateur or uncertain buyers can purchase, and this could lead to a significant
increase in demand. A longer-term effect was observed on transactions in the range of 1 to
10 BTC. This is intuitive because a participant with a stronger speculation motive is likely
to invest more in such a dynamic financial market Dyhrberg et al. (1995). Thus, mid-scale
transactions ranging from 1 to 10 BTC were much larger and more frequent, leading to
significant effects on Bitcoin price movement in the long run. This result is consistent
with earlier findings that the persistence of Bitcoin price volatility is driven by massive
middle-scale transactions (Scharnowski 2021). By way of contrast, transactions ranging
from 500 to 10,000 BTCs exhibited a negative effect on pricing. This is possibly because
many investors in this large-dollar range are institutional investors, and they can benefit
from investing in products that are classified as overvalued by timing the correction of
overpricing Edelen et al. (2016); Jang and Kang (2019). As a result, it could be an indication
of an anticipated price drop when these large-dollar investors become more active in
making Bitcoin transactions.

5. Interpretation and Discussion

Our findings provide interesting insights into the dynamic relationship between
Bitcoin price and transaction distribution. The findings suggest that various segments of
Bitcoin market participants influence price movement in intervals as short as one block or
as long as two hours. We identify three groups (small, mid, and large) of participants based
on transaction amounts. We then analyze how different types of market participants can
potentially respond to price dynamics in different ways, and how the divergent patterns of
market response can lead to changes in the dynamics of price and transactions. This utilizes
theory from social influence and network density to shed information on price movement.
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5.1. Market Participants

A rationale consistent with our Bitcoin market analysis is that different market par-
ticipants respond to Bitcoin price movement in different ways and, in turn, also generate
different effects on Bitcoin price. While these insights are similar to market segmentation
present in financial equity markets, it is of particular importance to study the relation-
ship between Bitcoin transactions and price movement given Bitcoin’s high volatility Blau
(2017), its speculative nature, and the public accessibility of its transaction information.
The transaction information also enables information transparency that is usually held by
large financial institutions in traditional financial markets. This information can help future
market participants make more rational decisions to optimize returns from Bitcoin markets.
It is expected that Bitcoin price and transactions have a dynamic relationship similar to
assets in the stock market (Gabaix et al. 2006). On the one hand, traders with small and
large transaction amounts respond deferentially to price movement in the Bitcoin market,
whereas on the other hand, trading behaviors can reflect (and even cause) price movement.
Thus, we present three groups of participants, as seen in Figure 3: small investors (e.g.,
algorithmic traders), mid-sized investors (e.g., individuals), and institutional investors
(e.g., individual whales). Figure 3 presents a contour map, where the x-axis represents the
natural logarithm of transaction amounts, the y-axis represents the natural logarithm of
the number of transactions in each block, and the contour lines and shading represent the
total number of blocks. In this figure, we can see that the transactions show significant
patterns and can be segmented into three segments: large transaction volume but small
transaction amount, medium transaction volume and medium transaction amount, and low
transaction volume but large transaction amount. These correspond to the three investor
groups, which we describe next.

Figure 3. Bitcoin market participants and transaction patterns.

5.1.1. Individual Investors

Similar to individual participants in the stock market, individual Bitcoin investors
mainly focus on small-to-medium transactions. In a financial market, individual market
participants focusing on small-amount transactions actively adjust their investment strate-
gies following changes in stock prices. For example, as discussed in earlier stock market
studies (e.g., Niederhoffer and Osborne 1966), individual stock market investors are more
likely to invest when stock prices are increasing and less likely to invest when stock prices
are decreasing. This type of investment behavior can be explained by behavioral financial
theories (e.g., Ji et al. 2008), which argue that an individual’s expectation of continued price
increase in a “rising market” could surpass expectations of the risk associated with a price
decline in the future. This transaction pattern is similar in the Bitcoin market, where we
observed a long-term positive impact on price movement.
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5.1.2. Algorithmic Bitcoin Traders (Micro-Traders)

Algorithmic traders concentrate on high-frequency transactions that lie within the
smaller-size transaction segments. The goal of high-frequency transactions is fundamentally
different from that of individual participants in the market Gsell (2008): algorithmic trading
tends to focus on short-term costs and benefits, whereas individuals are relatively more
interested in longer-term trends in the market price. Therefore, the optimal strategy of
algorithmic trading is to capitalize on the benefits in a rising market by selling immediately
after the price increases. In other words, in contrast to individual participants’ investment
behaviors, algorithmic trading tends toward “sell” as the price increases and “buy” as the
price decreases. Both individual market participants and algorithm traders are sensitive
to price movement, and a change in the market price leads to an increase in transactions
for both types of participants with small transaction amounts in the Bitcoin market. This
is consistent with our findings on the short-term positive relationship between small-size
transaction volume and price movement.

For individual traders who concentrate on small transactions, a commonly exhibited
trading strategy is to buy in a rising market and sell in a falling market Ji et al. (2008),
whereas on the other hand, algorithmic trading tends toward buying in a falling market
and selling in a rising market. In any case, market price movements generate a positive
effect on transaction volume, with some small-amount market participants buying and
others selling. It is thus possible to exploit price movement to predict the volume of small-
amount transactions. Additionally, the buying and selling behaviors among small-amount
participants could also reflect price movement, especially in the Bitcoin market where the
supply of new Bitcoins is limited. Therefore, an increase in transactions marks a higher
level of trading activity, suggesting a higher demand for Bitcoins in the market. This leads
to a price rise as demand increases while the supply remains fairly stable. Although a
causal link between small-amount transactions and a price rise or decline might be too
strong an assumption for the Bitcoin market, any changes in the volume of small-amount
transactions might still reflect—and thus can be used as a predictor of—price movement in
the Bitcoin market.

5.1.3. Larger-Volume Traders (Institutions and Whales)

Typically, individual market participants and algorithm traders are not involved in
large-scale transactions in the financial market due to their limited financial resources
and capacity. Instead, market participants focusing on transactions with high amounts
are generally large institutional traders who have sufficient financial resources to engage
in such transactions (Chan and Lakonishok 1995). These investors likely possess private
information on the long-term performance of an asset and tend to invest when the price is
declining or sell when the price is increasing, which is again consistent with our findings
regarding Bitcoin.

Institutional trading, which focuses on large-amount transactions, depends on the
specific trading volume and the size of the investor (Gabaix et al. 2006). Given the high
volatility of the Bitcoin market, institutional traders might be less inclined to engage in
transactions due to risk aversion compared to individuals and algorithm traders (O’Connell
and Teo 2009).

Therefore, there could be a divergent pattern of transactions under price movement
between market participants who focus on small-amount transactions versus large-amount
transactions. On the other hand, since institutional trading involving large-amount transac-
tions is disproportionately influential in the Bitcoin market (Aalborg et al. 2019), changes in
the volume of large-amount transactions can generate a direct impact on the Bitcoin price,
in addition to reflecting the price movement. The above differential dynamics provide a
basis for predicting the mutual relationship between transaction volume and Bitcoin price
in the upper tail of transactions.
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5.2. Using Prediction of Price Direction Movement as an Investment Guide

To better illustrate the predictability and application of our model, we compared it
to a very simple trading strategy based on a naive prediction model, the random-walk
model. We then monitored the total asset value and ROI of each investment strategy at
each block over a span of a month. The investment strategy used is simple: once block
(number N) is mined, immediately invest the balance to purchase Bitcoins (BTCs) and hold
it. Continue to hold it when the next block (number N+1) is mined, provided the predicted
price movement from block N to N + 1 is “up”. Alternatively, immediately sell all BTCs in
the account if the predicted price movement from block N to N + 1 is “stagnant or down”.
We applied the same strategy based on our model prediction and a “random-walk” model
prediction, which assumes that the Bitcoin price has a 50% chance of going up and a 50%
chance of not going up.

The use of the random-walk model to provide a reasonable comparison model against
our model may require a justification for some. Indeed, one might conjecture that it is easier
for a machine learning model to outperform the random-walk model, especially in series
with trends. However, for very short-term predictions (about ten minutes into the future
for a block-length prediction), this conjecture is less obvious because of Bitcoin’s extremely
high volatility. Additionally, there is empirical support for the random-walk hypothesis
being a reasonable (non-rejectable) alternative model in some tests of the efficient market
hypothesis for Bitcoin (e.g., Nadarajah and Chu 2017). Thus, we do not view the random-
walk model as a “straw man” comparison but rather as a reasonably simple alternative
model for comparison.

We can also find some support for using the random-walk model as an alternative
model in the theoretical and empirical exchange rate literature. The paper by (Meese and
Rogoff 1983) is an important and seminal paper in the currency exchange literature. It shows
that for out-of-sample prediction, sophisticated exchange rate models in the literature do
not perform better in short-term prediction (1–12-month horizons in their paper) compared
to the random-walk model. According to Moosa and Burns (2014), “This view [that the
random-walk model does as well as more sophisticated econometric finance models] is
still widely accepted to the extent that it is typically argued that the Meese–Rogoff results,
which are “yet to be overturned”, constitutes a puzzle.”

We include the random-walk model because it is a reasonable short-term alternative
model, especially due to the high local volatility of Bitcoin prices. At any rate, in light of the
currency literature cited above, as well as some literature that tests whether Bitcoin price
changes are consistent with the weak-form (random walk) efficient market hypothesis,
we feel that the random-walk model provides a reasonable comparison benchmark for
short-term prediction.

The trading strategy based on our model reached a total return on investment (ROI)
of 305%, whereas the naive random-walk model only reached a total ROI of 20%, with both
strategies starting with the same initial capital investment. Figure 4 shows how the ROI
changed over time based on these two strategies. The x-axis in Figure 4 represents the time,
and the y-axis represents the ROI percentage.
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Figure 4. ROI comparison.

6. Conclusions and Implications

Bitcoin market price movement prediction and the dynamic relationship between
price and transaction volume distribution are critical for a better understanding of Bitcoin
investment, applications, and regulation. In this paper, we present a novel approach
to predict Bitcoin market price movement based on the transaction volume distribution.
Our results demonstrate that our models significantly improve the accuracy, precision,
and recall rates compared to existing models in predicting Bitcoin price movements7.
Managerially, this is an important finding to inform both investors and regulators of how
publicly available transaction data in the blockchain could be utilized to understand the
movement of a digital currency. While Bitcoin does benefit from its open decentralized
architecture, the public availability of information could provide unfair advantages to some
investors.
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Notes
1 In fairness, it should be noted that many “fiat currencies” issued by governments may also sometimes fail to satisfy one or more

of these functions.
2 However, when there is a lack of trust in the local fiat currency, which sometimes occurs in some developing or emerging

economies, or when investment in foreign currency is forbidden, storing value in Bitcoin may be attractive despite its high
volatility.

3 Cheah and Fry (2015) showed that Bitcoin exhibits speculative bubbles with a fundamental price of zero .
4 We consider T to be the time when a block is mined on the Bitcoin blockchain, which is approximately every 10 min.

Blockchain.com
Blockchair.com
Kaggle.com
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5 Studies have shown that in many contexts neural network models outperform traditional statistical models for prediction, and
that logistic regression is among the best (and easiest to explain) of the of the traditional statistical classification methods (cf.,
West et al. 1997; Brockett et al. 1994, 2006).

6 This is similar to the findings of Chen (2023), who found that older price history was not significant in their predictions, albeit
using a different model than ours.

7 Our dataset uses Bitcoin information from 2011 to 2017; however, much has evolved in the Bitcoin market since then (e.g.,
the emergence of Exchange Traded Funds for Bitcoin, El Salvador recognizing Bitcoin as legal tender for transactions, etc.).
Nevertheless, there is nothing in these changes that would cast doubt on the conclusion of this paper that there is an accuracy
benefit to using segmented transaction data in conjunction with Bitcoin price data to better predict the direction of Bitcoin price
movement. Additionally, while we recognize that using data from 2011 to 2017 may raise questions about topicality, we note that
using a newer dataset can pose additional challenges because a large number of transactions have been happening off-chain since
2018 (https://www.chainalysis.com/blog/fake-trade-volume-cryptocurrency-exchanges/ (accessed on 1 March 2020)). Many of
the crypto exchanges provided a channel for investors to trade without registering the transaction on the BTC blockchain.
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