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Abstract

Cryptocurrency is the ‘Wild West’ of investing, with no regulatory oversight

and little insight into the future of widely-owned cryptocurrency. Current anal-

ysis techniques are unable to make sense of price trends in the cryptocurrency

market. This thesis proposes that determining the causal impact of events on

cryptocurrencies will allow analysts to more easily predict prices and trajectories

based on their knowledge of similar situations. Inferences on the causal impacts

of events on cryptocurrencies were analyzed using a Bayesian structural time se-

ries (BSTS) model. A BSTS model utilizes prior knowledge of trends from the

variable it analyzes, and multiple control markets to determine the impact of treat-

ment (an action at a point in time) on the variable’s value. Different analyses are

conducted in this thesis using a Python implementation of Google’s Causal Impact

R library. This paper uses a BSTS model to run various causal inference analy-

ses. The benefits and limitations of this approach are explored through the lens of

cryptocurrencies. Additionally, this thesis examines the potential impact of social

media on the prices of cryptocurrency. After running through several experiments

this thesis demonstrates the viability of using a BSTS model on volatile data such

as cryptocurrency. The results show the model is able to reveal what effects a

treatment has on price data and the conclusion suggests avenues for improvement.
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1 Introduction

Understanding the stock market has always been one of the most complex tasks

in statistical and time series analysis. There are many daily events and news that

can possibly influence the value of a stock or the entire stock market. With the

arrival of Bitcoin in 2009, the first successful decentralized cryptocurrency, an-

alyzing the market became even more strenuous. Bitcoin is extremely volatile

[19], which made it difficult to make sense of with the leading analysis methods

that were being used on the market at the time. As Bitcoin grew in popularity,

many more cryptocurrencies were created with equally challenging behaviors to

predict. When trying to predict something so unstable, analysts must determine if

it is possible to narrow down what causes a dramatic shift in the price. This leads

to the question: Do certain events have a causal impact on the price of Bitcoin and

other cryptocurrencies? Uncovering the events that impact the price of cryptocur-

rencies may allow analysts to more easily predict prices and trajectories based on

their knowledge of similar situations.

Over the years, quantitative research and analysis has helped develop many

methods and models that can make sense of shifts in the market, as well as fore-

cast prices. One of the most well-known techniques developed to determine the

causal impact of an event is difference-in-differences [4, 9]. Although there are

many advantages to using difference-in-differences, there are many cases where

this method falls short. A more detailed discussion of the benefits, limitations, and

an example of difference-in-differences being applied will be discussed in section

2.3.2. In more recent years, endlessly growing data has led researchers to ex-

amine machine learning techniques as a more advanced method of understanding

and forecasting the market. They have developed many time series forecasting
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approaches, such as the Auto-regressive Integrated Moving Average (ARIMA)

model. In 2015, a very powerful library was developed by Google in R which

uses a Bayesian structural time series (BSTS) model to infer the causal impact of

an event [1].

This approach was introduced in a paper by Broderson et al. that showed the

power of this tool when analyzing the causal impact of an advertising campaign.

The model utilizes prior knowledge of trends from the variable it is analyzing and

multiple control markets (predictors) to determine the impact of a point in time

on the variable’s price or value. A detailed discussion of the model as well as the

original paper will be in section 2.3.3.

The goal of this thesis is to determine whether a BSTS model can be applied

to a highly volatile variable such as Bitcoin and other cryptocurrencies. This

paper used a Python version of Google’s causal impact library to perform various

analyses. This paper explores the library’s benefits and limitations through the

lens of cryptocurrencies. Additionally, this thesis explores the potential impact of

social media on the prices of cryptocurrency.

Recent events have indicated that social media could have an impact on the

price of crypto. Memes and tweets appear to correlate to shifts in cryptocurrency

prices. For example, Elon Musk’s tweets in April 2021 praising Dogecoin seemed

to lead to the cryptocurrency skyrocketing in price. In general, Elon Musk has

demonstrated his impact on the prices of cryptocurrencies, whether it is through

his tweets [5] or other forms of social media. Being able to infer the causal impact

of an event, such as a tweet from Elon Musk, can have a crucial effect on the

forecasts of crypto prices.
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2 Background

2.1 Cryptocurrency Overview

One of cryptocurrency’s most well-known features is its extreme price volatility

[19]. The high volatility of crypto makes it difficult to forecast and analyze, thus

making people cautious about investing. Bitcoin, the first successful decentralized

cryptocurrency, is famous for rapidly gaining and losing much of its value. For

example in 2017, Bitcoin was shocked the world when its price skyrocketed from

around $1,000 to over $19,000 by December.

After the boom of Bitcoin, the popularity of cryptocurrency investing grew

and many other coins were created. By July 2022, there were over 20 thousand

cryptocurrencies in circulation. With time and effort, anyone can create their own

cryptocurrency. This has led to a lot of ‘memecoins’ (cryptocurrencies created as

elaborate jokes) being created, such as Dogecoin.

The oversaturation of cryptocurrencies has created a challenging environment

for researchers to understand and analyze. Getting an accurate forecast for any

cryptocurrency is nearly impossible. Every analyst seems to have a different opin-

ion or calculation on the future prices of crypto. Researchers broadly agree (all

other popular cryptocurrencies) markets are interdependent [6]. A shift in the

price of Bitcoin will cause a shift in the price of all altcoins, and vice versa. This

could potentially simplifies analyzing and forecasting altcoins.

The key to forecasting crypto could lay in the ability to understand what im-

pacts the price in the long and short-term. Ascertaining the impact of certain types

of events allow analysts to create more accurate forecasts based on future events.

For example, if analysts find that the price of Bitcoin goes down about 5% every
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winter, they can factor this expected decrease into their forecast.

2.2 Impacts in the Cryptocurrency Market

At its core, the cryptocurrency market is very similar to the stock market. As

established earlier, almost all cryptocurrency prices follow Bitcoin. This is similar

to the behavior the stocks of smaller companies have when compared to the Dow

Jones Industrial Average. Just like the stock market, there are countless events

that have had an impact on cryptocurrencies over the past few years.

2.2.1 Global Events and Regulations

A recurring event that has been found to impact crypto prices is regulations [20].

Crypto’s high volatility combined with its correlation to the stock market could

lead to a global economic collapse. This has caused public authorities and reg-

ulators to often attempt to regulate the crypto market. A recent study analyzed

the long- and short-term impact of these regulations and discovered a correlation

between the crypto prices and these regulations [7].

The creators of cryptocurrencies aspired to create a decentralized global cur-

rency, ensuring that global events directly lead to price fluctuations for large cryp-

tocurrencies. Examples of global events with major price impacts are the COVID-

19 pandemic and El Salvador adopting Bitcoin as one of its official currencies

[21]. Some of the effects from these events are easy to visualize and understand.

For instance, the global recession caused by the COVID-19 pandemic caused tra-

ditional stocks and cryptocurrencies to crash. Looking at the trend of Bitcoin, the

price nearly halved between mid-February 2020 and mid-March 2020. However,

the impact of some events, such as El Salvador adopting Bitcoin, cannot be seen
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as easily on a graph. As seen in Figure 11, the price of Bitcoin fluctuated so much

that it is difficult to draw a conclusion about how this event impacted its price.

Many events may impact the prices of cryptocurrencies, so it is not easy to know

if an event has a causal impact on the price of crypto. In order to determine if

an event has impacted a cryptocurrency’s price it is possible to use causal impact

techniques.

2.2.2 Elon Musk and Social Media

Analyses of social media sentiments demonstrate Twitter and Facebook’s impact

on cryptocurrency prices. [8]. Due to this, the events in this thesis are classified

as either relating to social media or not.

As a result of the COVID-19 pandemic, many people started to use more social

media since they could not physically interact with others. Social media quickly

became one of the main places for people to disseminate and create news. During

this time, Elon Musk, founder and CEO of Tesla Motors, cultivated his massive

presence on social media, specifically Twitter. He tweeted multiple times a day

and gained millions of followers (currently over 100 million). Elon Musk’s Twit-

ter fame and perceived knowledge of cryptocurrencies allowed him to greatly im-

pact the prices of Bitcoin, Dogecoin, and many other altcoins. A recent study from

Blockchain Research Lab (BRL) done by Lennart Ante found that some of Elon

Musk’s Tweets regarding cryptocurrency had an impact on the price of crypto.

The conclusion Lennart found was that Elon Musk’s Dogecoin-related tweets had

a significant impact, while the Bitcoin-related tweets often varied in impact [5].

One of the most famous examples of Elon Musk’s tweets moving crypto was

when he tweeted “... going to moon very soon” on April 10th, 2021. This tweet
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was meant to be a joke regarding the ‘meme’ cryptocurrency, Dogecoin. Prior to

April 2021 Dogecoin sat consistently under 10 cents, but suddenly skyrocketed

to nearly 70 cents by May 2021. The reason for this large jump can be solely

attributed to Elon Musk’s influence on Twitter and other media platforms. This

event is just one example of many tweets from Elon Musk about crypto that had

a demonstrated impact on their prices. As with global events, it may be difficult

to determine how impactful a certain tweet can be. An analyst needs to consider

other factors going on at the time of the tweet relating to crypto. There are several

techniques that can be used to determine the causal impact social media posts have

on the price of crypto.

2.3 Techniques for Inferring Causal Impact

As mentioned in the previous section, determining whether an event has a causal

impact on the price of crypto is difficult. There could be many other variables at

play through the duration of an event. For example, studying the effect of a ran-

dom Elon Musk tweet from February 2020, effects of the global shutdown, due to

the COVID-19 pandemic, needs to be considered. Additionally, cryptocurrency’s

innate volatility can make it difficult to perform simple analysis techniques to infer

the causal impact.

2.3.1 Randomized Experiments

The gold standard method for estimating causal effects is a randomized experi-

ment. This involves randomly splitting a group into two groups, and giving one

group the treatment (treatment group) and nothing to the other (control group).

The effect of the treatment on the treatment group is observed and a conclusion
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is drawn about the possibility of a causal impact. However, in many situations it

is not possible to run a randomized experiment because it is too expensive, too

difficult, or unethical.

In the case of analyzing the impacts from a specific event in the crypto market,

a random experiment would be impossible to do because in the real world if an

event (treatment) occurs it will affect the entirety of the stock market. Ideally,

there would be a way to randomly split up stocks, apply a treatment to only one

group, and observe the impacts. Unfortunately, there is no feasible way to do this,

so in the case of finding causal impacts in the market, a different approach must

be used.

2.3.2 Difference in Differences

When a randomized experiment cannot be done, a popular approach to inferring

the causal impact of a treatment is different-in-differences (DD). The main ques-

tion causal analysis aims to answer is determining the effect of the treatment on

the observed outcome. In a DD approach this is done by looking at the counterfac-

tual, which is the outcome had the treatment not been applied. The causal effect of

the treatment can be estimated by taking the difference between the counterfactual

and the observed outcome.

Figure 2 shows a simple example of difference in difference, where the causal

effect of the intervention can be found with the formula (YT 2 - YC2) - (YT 1 - YC1). In

this formula YT 2 and YC2 represents the value at the end of the time frame for the

treatment and control variables, respectively. Similarly, YT 1 - YC1 is the difference

between the treatment and control variable at the start of the time frame (T = 0).

This is the average change over time from the post-treatment to the pre-treatment.
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Figure 1: Visualization of the different-in-differences(DD) method [22]

A study done in 2013 by Shiqing Xie demonstrated a great example of using the

difference-in-difference approach to examine the impact of index future trading

had on stock market volatility in China. In the study a multi-period DD analysis

was done and only a short-term impact was found to be significant [4].

Using a traditional DD approach has a few problems. A problem arises with

the fact that a causal effect can never be observed because there is no way to

observe both the outcome and counterfactual at the same time. One solution to

8



this problem is finding controls or predictors, which follow the same trend as the

main variable, but are not affected by the treatment. In the crypto market, Bitcoin

can be used as an excellent control for other coins. As discussed in section 2.1,

many popular altcoins tend to follow the price trends set by Bitcoin. Similarly,

studies have found that Bitcoin follows similar trends to the stock market [10], so

stocks could potentially be great controls when analyzing the impact of an event

on bitcoin. In general, as many good controls as possible are needed to estimate

the counterfactual. Once the counterfactual is estimated a traditional DD approach

seen in Figure 2 can be used to simply find the causal effect.

There are a few assumptions of the difference-in-differences approach. The

first assumption is that the observations are independent and identically distributed.

The second one is known as the parallel trend assumption, which states that the

trend of the variable with the treatment and the control are identical [9]. With real

world time series data, these assumptions almost never hold. Taking any stock

as an example, there will constantly be countless factors or variables that affect

its price. As a result, using a stock as a control would violate the parallel trend

assumption. Another limitation of DD is that the model does not reveal anything

about the change in effect over time. As seen from the example in figure X, there

are only two points in time that are being observed, which are the pre- and post-

values. Anything that occurs in between would be a black box when using this

approach.

2.3.3 Bayesian Structural Time Series

Another approach for inferring the causal impact of an event is using a Bayesian

Structural Time Series (BSTS) model. This method involves fitting a BSTS with
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several controls to predict a counterfactual post-treatment time series. This time

series showcases the variable of interest’s trajectory in a reality where the treat-

ment never took place. Then, similarly to the DD approach, the estimated causal

impact of the treatment can be found by taking the difference between the ob-

served and counterfactual post-treatment time series.

Using a machine learning technique, rather than the traditional DD approach

has many advantages. A BSTS approach reduces many of the disadvantages of

DD and allows for a lot more flexibility. Unlike DD, BSTS allows the possibility

to see the impact of the treatment over a period of time. Furthermore, since this

is a fully Bayesian approach, all parameters have empirical priors, which prevents

overfitting. Another advantage of BSTS is that it can account for large variations

in trends, such as seasonality [1, 11].

Structural time series models are state-space models for time series data [1].

A state-space model is a model of a system as a set of input, output and state

variables related by first-order differential equations. The following two equations

can be used to define a structural time-series model:

yt = ZT
t αt + εt (1)

αt+1 = Ttαt +Rtηt (2)

where εt ∼ N(0, σ2
t ) and ηt ∼ N(0, Qt) are independent of all other unknowns.

Equation 1 is the observation equation, which links the observed data yt to a d-

dimensional state vector αt . Equation 2 is the state equation, which controls the

change of the state vector αt over time. In these equations Zt is a d-dimensional

output vector, Tt is a d x d transition matrix, Rt is a d x q control matrix, and ηt is

a q-dimensional system vector [1].
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Many models used for forecasting, such as ARIMA [23], can be written based

on equations 1 and 2. The state vector αt allows for the flexibility to account for

trends and seasonality. This is based on the assumption that the different state

component model errors are independent, thus permitting vector αt to be formed

by concatenating the individual state components [1]. A regression component

allows for the counterfactual prediction to be derived by creating one synthetic

control based on a combination of controls not affected by the treatment.

The first component of the model is a linear trend that can be defined by the

following equations:

µt+1 = µt +δt +ηµ,t (3)

δt+1 = δt +ηδ ,t (4)

where ηµ,t ∼ N(0, σ2
µ ) and ηδ ,t ∼ N(0, σ2

δ
). Here the variable µt is the value of

the trend at time t, δt is the expected change in µ between times t and t + 1 (the

slope at time t). This is a commonly used local linear trend model because it can

quickly adapt to local variations, which is great for short-term predictions [1].

The next step is to add components to the state space that represent the controls

that have similar trends, but are not affected by the treatment. As mentioned be-

fore, these controls will be combined to predict the counterfactual. These controls

are incorporated using linear regression. Given controls j = 1,2,...,J the regressed

component is defined as

XT
t βt =

J

∑
j=1

x j,tβ j,t , (5)

β j,t+1 = β j,t +ηβ j,t (6)

where ηβ j,t ∼ N(0, σ2
β j

). In these equations β j,t is the coefficient of the jth control.

This equation can be written into state-space form as Zt = β T Xt and αt = 1, where
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Xt represents all of the controls.

Since the approach is fully Bayesian, a spike-and-slab prior can be used to

determine which controls should be used and how heavy they should be weighted.

Spike-and-slab is a type of Bayesian regression method that is used to help pick

what variables (controls) are the most important and should be used in the final

prediction. The model shapes two prior distributions. The first one is a ‘spike’

which reveals the probability of a variable being chosen for the model. The second

is the ‘slab’ which shows the variable coefficient values, or the weights [12].This

approach allows the user to avoid overfitting by confirming the controls within the

BSTS model. In other words, using this method ensures that the controls being

used are not actually significantly affected by the treatment, which other methods

such as DD do not support.

Figure 2: Graphical representation of BSTS model taken from the original Causal

Impact paper by Brodersen, et al. [1]
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3 Application of BSTS to the Crypto Market

3.1 Problem Statement

The main goal of this thesis has two elements to it: a technical component and

an analytical component. Its primary objective is to demonstrate that a BSTS

model can be applied to infer causality in the crypto market. This is achieved

by running several experiments to observe causality using a Python version of

Google’s CasualImpact [2] library, developed by Willian Fuks [3]. The analyses

use global and social media events as treatments on the cryptocurrency price. If

the BSTS approach proves to be feasible, many different events can be run using

the model to give analysts a better understanding of the type of events that cause

significant movement in the crypto market.

3.2 Data

This thesis used three different data sources to perform its experiments: Cryp-

tocurrency, Stock, and Twitter data. The data was taken from investing.com [14]

by selecting all the data since January 1st, 2019. Then, the daily closing price for

each crypto was cleaned from this data. At first, the idea was to see if the various

other altcoins could be used as controls for each other, however, after perform-

ing various analyzes, it was found that all the altcoins were extremely correlated

and followed bitcoin [6]. This would make the altcoins poor controls for most

experiments.

As a result, this thesis decided to use the stock market and various individual

stocks as controls. Using stocks as a control for inferring causal impacts of crypto

is viable because major cryptocurrencies, such as Bitcoin, follow similar trends to
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the market, but the individual stocks do not have huge price swings like crypto.

The individual stocks selected to be used in the experiments were Amazon, Ap-

ple, Facebook, Google, Tesla, and Twitter. Additionally, the Dow Jones Industrial

Average was used as a control. All of these controls are used to predict a counter-

factual for each experiment. The data for each of these was obtained by using the

GOOGLEFINANCE function [24] on Google Sheets, which provides daily data

of the closing price for each stock. The following equation shows an example of

how this function was used to obtain the time series data for Amazon:

GOOGLEFINANCE("AMZN","price", DATE(2019,1,1), DATE(2022,6,30), "DAILY")

Since stock prices were decided to be used as the controls for the experiments

rather than altcoin prices, this study selected just 3 cryptocurrencies as main vari-

ables: Bitcoin, Dogecoin, and Cardano. Only 3 different coins were used, due to

the similarity in the trends explained in section 2.1.

3.2.1 Bitcoin

Bitcoin (BTC) was created in 2009 and is the first successful decentralized digital

currency. Being the most popular and trend defining cryptocurrencies, Bitcoin was

selected as the treatment variable for most of the experiments. Furthermore, since

most altcoins follow Bitcoin, it is used as a control for causal impact experiments

done with altcoins.

3.2.2 Dogecoin

Dogecoin (DOGE) was created in 2013 by 2 software engineers as a joke to make

fun of the idea of using a digital currency such as Bitcoin. This crypto was selected
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Figure 3: Price of Bitcoin since January 2019

to be used because of its connections to social media. Throughout 2021, Dogecoin

was a popular subject to joke about on Twitter, but the price of Dogecoin seemed

to shift in tune with Twitter-driven frenzy. In the analysis, Elon Musk’s tweets

were used as a treatment to infer a causal impact on Dogecoin.

Figure 4: Price of Dogecoin since January 2019

3.2.3 Cardano

Cardano (ADA) is a popular altcoin that was founded in 2015. The goal of Car-

dano is to find a greener digital currency solution by using a proof-of-stake block
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chain. Cardano was selected as a secondary altcoin to observe effects of social

media on crypto.

Figure 5: Price of Cardano since January 2019

3.3 Events Investigated

In order to test the BSTS model, the effects of 3 global events and 4 tweets from

Elon Musk were investigated. This study chose three world events from different

years in order to see short- and long-term effects on the crypto market. The effect

of the world events were analyzed specifically on Bitcoin because other altcoins

tend to follow Bitcoin prices. On the social media side of the analysis, two of

Elon Musk’s tweets relating to crypto and two tweets not relating were chosen.

The reason for this was to explore if tweets unrelated to crypto would have an

effect on the crypto market as well. The tweets that discussed crypto are some

of the most well known and controversial tweets that Elon Musk made in 2021,

during the crypto boom. The other two tweets were picked from a dataset found

on Kaggle which contained all of Musk’s tweets from 2010 to 2021 [13]. Two

tweets with the most likes, retweets, and replies were since 2019 selected (the
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crypto dataset only had data after January 1st 2019). The effects of each tweet

were studied on Bitcoin, Dogecoin, and Cardano.

Below is a list with more detailed descriptions of all the events chosen:

• Facebook Announces Libra (June 17th, 2019): Facebook announces that

they will launch their own cryptocurrency in 2020, which they will integrate

into Facebook’s apps and services. Unfortunately the Libra (now known as

Diem) project had a lot of backlash and ended up failing.

• The Onset of the COVID-19 Pandemic (February 14th, 2020): Around

February 2020, most companies started to close down and transitioned to

fully remote work due to the global pandemic. This led to huge swings in

the markets that had not been seen in a long time.

• El Salvador Adopts Bitcoin (September 7th, 2021): El Salvador became

the first country to officially adopt Bitcoin as a legal tender. This was huge

news in the crypto world and the effects of this are analyzed.

• “... going to moon very soon” - Elon Musk (April 10th, 2021): One of the

most well-known tweets made by Elon Musk concerning crypto. After this

tweet crypto was at the forefront of peoples’ minds. Many people began to

invest in Dogecoin either as a joke or believing Elon Musk’s conjectures.

• “Cryptocurrency is promising, but please invest with caution!” - Elon

Musk (May 7th, 2021): After this tweet Elon Musk announced that Tesla

would no longer be accepting Bitcoin for purchases.

• “The coronavirus panic is dumb” - Elon Musk (May 6th, 2020): Elon

Musk’s most liked and retweeted tweet.
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• “Me in my sick new car (left him the money)” - Elon Musk (April 3rd,

2021): Elon Musk’s most replied-to tweet. The tweet also has a photograph

of a car he had recently purchased.

3.4 BSTS Analysis

The experiments in this thesis used a Bayesian Structural Time Series model to

infer the causal impacts of various events (treatments) on Bitcoin, Dogecoin, and

Cardano. Before the model could be applied the first step in the procedure was to

gather and format the data so it could be properly fed into the model. The format

required a dataframe with dates in the first column, the treatment variable in the

second column, and controls in the remaining columns. Additionally, based on

the pre- and post-period values the dates needed to be filtered out to contain the

proper time period. Appendix B.1 showcases the functions that were developed to

generate the input dataframe. Once the preprocessing of the data was complete,

the dataframe was able to be fed into the causal impact model along with inputs

for the treatment date, number of days before the event, and number of days after

the event.

3.4.1 Python Implementation

Several different Python packages were considered for the implementation. It

was found that the tfcausalimpact Python package developed by Willian Fuk [3]

most closely resembled the Causal Impact R package created by Google. This

Python package has nearly all the same features and outputs of the R package.

Unfortunately, one crucial feature the Python package does not have is the ability

to get the probability of controls. This is a slight limitation of the experiment and
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is discussed in more detail in the future work section.

Using this Python library a pipeline was developed to easily apply the BSTS

model on various events relating to cryptocurrency. The inputs required are a

dataframe with the treatment and control variables, a treatment date, a number of

days before, and a number of days after. This allows a computer to be able to

perform an experiment on the data based on any event and time frame, as long as

the time frame is within the data. Within the pipeline based on inputs, the data is

masked to create separate datasets for the pre- and post-periods. Then after the

data is masked, it is fed into the CausalImpact function from the library. After the

function is run, the p-value and control weights are analyzed. For all experiments,

the α chosen was 0.05. The control weights showcase how much each control

contributed to the prediction of the counterfactual. If the weight of a control is

very small, then it is most likely a useless control for the experiment.

When using the default parameters of the CausalImpact function, it was found

that slightly different results were being outputted for identical experiments. This

was a particular concern in some cases when the function would jump between a

significant and insignificant p-value. Changing the method used to fit the Bayesian

model was the best solution to remedy this error. The default fit method used in

the function is Variational Inference (VI), but has the option to use Hamiltonian

Monte Carlo (HMC), which is a fit method that takes more samples and iteration.

The HMC method leads to more precise results, but at the cost of a longer run

time. This study ran a comparison between HMC and VI and discovered that

HMC works better for the specific world events in this experiment. In most cases

this only increased run time by a few minutes, which was not a significant issue.

The run time difference becomes more noticeable when analyzing effects over
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larger time frames.

The CausalImpact function also outputs a summary with various numerical

statistics and a graphical visualization of the causal impact. The summary allows

for users to be able to see numerically how much of an impact an event had on

the treatment variable. Another useful feature of this library provides the ability

to generate the summary into text and gives users a full textual analysis report.

3.4.2 Varying Time Frames

For the world events three different pre- and post-event time periods were taken:

• Short Time Frame: 45 days before, 30 days after

• Medium Time Frame: 100 days before, 70 days after

• Long Time Frame: 150 days before, 120 days after

When preforming an analysis on the global events, results did not show major

differences between the medium and long time frames. As a result, for the Elon

Musk tweets only two different time frames were analyzed for each experiment:

• Short Time Frame: 45 days before, 30 days after

• Long Time Frame: 100 days before, 70 days after
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4 Results

For every experiment done, the causal impact library outputs a posterior prob-

ability, a p-value, and statistical results. The table below summarizes all the

statistical values that which are outputted:

Average Cumulative

Actual # #

Prediction (s.d) # (#) # (#)

95% Confidence Interval [#,#] [#,#]

Absolute effect (s.d) # (#) # (#)

95% Confidence Interval [#,#] [#,#]

Relative effect (s.d) % (%) % (%)

95% Confidence Interval [%,%] [%,%]

For the purposes of this experiment, the actual and predicted values are enough

to understand the impact of the treatments. When summarizing the results from

each experiment, the following outputs are provided: p-value, posterior probabil-

ity of effect, actual average after treatment, and predicted average after treatment.
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4.1 Facebook Announces Libra (June 17th, 2019)

Figure 6: Bitcoin prices around the time Facebook announced Libra. Towards the

end of June there is a peak of about $13,000 then the price drops for the reminder

of the year. On June 17th, 2019 the price of Bitcoin was about $9,500
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Time Frames P-value Posterior Prob. Actual Avg Predicted Avg (s.d.)

Short (VI) 0.0 100% $11001.63 $7712.81 (342.89)

Short (HMC) 0.0 100% $11001.63 $8186.03 (384.67)

Medium (VI) 0.0002 99.9% $10756.04 $8204.01 (630.12)

Medium (HMC) 0.0 100.0% $10756.04 $6956.81 (217.59)

Long (VI) 0.0149 98.5% $10162.68 $8341.54 (836.63)

Long (HMC) 0.001 99.9% $10162.68 $6378.55 (752.85)

Stocks Short Medium Long

Dow Jones 0.54 0.39 0.15

Google -1.27 -1.24 -0.70

Apple -1.24 -1.01 -0.71

Tesla -0.39 -1.33 -1.24

Twitter -1.21 -0.62 -0.18

Amazon 1.33 1.21 0.66

Table 1: Results table when applying Facebook announcing Libra as the treatment.

The second table has the average control weights over 3 runs with the HMC fit

method. Facebook is not included in the control weights table, due to potential

effects from the treatment
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Figure 7: Causal impact output for Bitcoin prices with the date of Facebook an-

nouncing Libra as the treatment

As seen in Table 1 and Figure 7 there is a significant impact of the date Libra

was announced on the price of Bitcoin. In general, based on the controls the

expected average Bitcoin price was significantly greater. The longest time frame

had the highest standard deviation for the predicted average, which means the

model is not as sure about the long term values compared to shorter time frames.

When comparing the model fit methods, the HMC method had a smaller standard

deviation, which means the predicted results are more accurate.

This event having a significant impact is expected because this was major in

the crypto industry. There was nothing else major that occurred during this time

relating to the crypto, so this event likely results in the Bitcoin price shifts seen.
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4.2 The Onset of the COVID-19 Pandemic(February 14th, 2020)

Figure 8: Bitcoin prices around the time frame of everything shutting down due

to COVID-19. Prices go steady until a sudden drop around mid-February. On

February 14th, 2020 the price of Bitcoin was about $10,300.

25



Time Frames P-value Posterior Prob. Actual Avg Predicted Avg (s.d.)

Short (VI) 0.3377 66.23% $8618.3 $8786.71 (647.12)

Short (HMC) 0.2607 79.9% $8618.3 $9115.47 (576.75)

Medium (VI) 0.0020 99.8% $7511.59 $9812.6 (616.05)

Medium (HMC) 0.0259 97.4% $7511.59 $9158.39 (837.67))

Long (VI) 0.0300 97.0% $8216.39 $10056.88 (976.81)

Long (HMC) 0.0370 96.3% $8216.39 $9948.23 (944.82)

Stocks Short Medium Long

Dow Jones -0.64 -0.25 0.09

Google 1.13 1.16 -0.11

Apple 1.07 0.28 0.10

Facebook -0.44 -0.26 0.71

Tesla 0.94 0.73 0.43

Twitter 0.76 0.41 -0.16

Amazon 0.37 0.55 0.61

Table 2: Results table when applying everything shutting down due to COVID-19

as the treatment. The second table has the average control weights over 3 runs

with the HMC fit method
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Figure 9: Causal impact output for Bitcoin prices with the date of everything

shutting down due to COVID-19 as the treatment

As seen in Table 2 and Figure 9 there is a significant impact only for the

medium and long time frames. The varying results make sense due to the fact

that the stock market was affected by the pandemic. This would make all the

controls used in the experiment very poor. In general, for this time it is difficult to

find good controls because pretty much everything was affected by COVID-19 in

some way. Thus, using this date for the experiment is a poor choice.
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4.3 El Salvador Adopts Bitcoin (September 7th, 2021)

Figure 10: Bitcoin prices around the time El Salvador announced they would

adopt Bitcoin as a national currency. On September 7th, 2021 the price of Bitcoin

was about $46,800.
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Time Frames P-value Posterior Prob. Actual Avg Predicted Avg (s.d.)

Short (VI) 0.0270 97.3% $46098.45 $49678.18 (1415.13)

Short (HMC) 0.0679 93.2% $46098.45 $49404.91 (1451.6)

Medium (VI) 0.0489 95.1% $54734.66 $49354.02 (3456.48)

Medium (HMC) 0.1409 85.9% $54734.66 $51776.07 (3297.4)

Long (VI) 0.4575 54.3% $53300.8 $52661.46 (6445.15)

Long (HMC) 0.2398 76.0% $53300.8 $58316.92 (7538.01)

Stocks Short Medium Long

Dow Jones 0.04 0.02 0.48

Google 0.60 1.22 0.15

Apple 0.29 0.05 0.12

Facebook 0.36 1.29 0.53

Tesla 0.84 0.86 0.93

Twitter -1.38 -1.15 -0.68

Amazon -0.61 -1.08 0.07

Table 3: Results when applying El Salvador adopting Bitcoin as the treatment
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Figure 11: Causal impact output for Bitcoin prices with El Salvador adopted Bit-

coin as the treatment. The second table has the average control weights over 3

runs with the HMC fit method

As seen in Table 3 and Figure 11 there is no significant impact of El Salvador

adopting Bitcoin on the price of Bitcoin. The p-value for every time frame is less

than the α value (0.05), except for short and medium (VI). A possible explanation

for this is that the VI fit method is less accurate and p-value outputs are more vari-

able compared to the HMC method. Just as before, as the time frame increases,

the predicted average is less accurate. For this event it is clear that the HMC fit

method works better than the VI method.

The overall result of this event not having a significant impact is somewhat

surprising because cryptocurrency tends to have fluctuations in price, especially
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for major events such as this. A possible explanation for why the model did not

pick up a significant effect on this date is because there could be other events at

the time that are counteracting the treatment. For instance, around this time China

started to crack down on crypto [25].
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4.4 “... going to moon very soon” - Elon Musk (April 10th,

2021)

Figure 12: Prices of Bitcoin, Cardano, and Dogecoin around the time frame that

Elon Musk sent this tweet. The effect of this tweet is most noticeable for Doge-

coin.
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Time Frames P-value Posterior Prob. Actual Avg Predicted Avg (s.d.)

Short (BTC) 0.0270 97.3% $56667.21 $59271.14 (1338.47)

Long (BTC) 0.0 100.0% $46932.41 $59979.34 (2030.1)

Short (DOGE) 0.0 100% $0.24 $0.06 (0.0)

Long (DOGE) 0.0 100.0% $0.35 $0.07 (0.01)

Short (ADA) 0.0160 98.4% $1.28 $1.17 (0.05)

Long (ADA) 0.0 100.0 % $1.52 $1.22 (0.09)

Table 4: Results when applying this tweet as the treatment
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Figure 13: Causal impact output for Doge prices with this treatment

As seen in Table 4 and Figure 13 Elon Musk’s tweet had a significant impact

on all three coins being analyzed. The effect is the largest for Dogecoin as the

actual average price was much larger than the predicted average. This is likely

because the tweet is directed towards Dogecoin. This result does not come as a

surprise because this tweet is famous for causing people to invest in Dogecoin as a

joke. During this time Elon Musk also made his voice heard through more tweets

and talk shows. This tweet alone might not be the reason for the price explosions,

but this time period, where Musk was actively supporting crypto, definitely had a

causal impact on crypto prices.
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4.5 “Cryptocurrency is promising, but please invest with cau-

tion!” - Elon Musk (May 7th, 2021)

Figure 14: Prices of Bitcoin, Cardano, and Dogecoin around the time frame that

Elon Musk sent this tweet. From all the graphs there is a clear downward price

trajectory around the time the tweet was made
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Time Frames P-value Posterior Prob. Actual Avg Predicted Avg (s.d.)

Short (BTC) 0.0 100.0% $42643.12 $53237.38 (2156.81)

Long (BTC) 0.0 100.0% $38175.72 $57857.95 (1358.57)

Short (DOGE) 0.0040 99.6% $0.42 $0.58 (0.08)

Long (DOGE) 0.0 100.0% $0.33 $0.43 (0.05)

Short (ADA) 0.0 100.0% $1.72 $1.14 (0.07)

Long (ADA) 0.0220 100.0 % $1.53 $1.3 (0.1)

Table 5: Results when applying this tweet as the treatment

As seen in Table 5 and Figure 15 again Elon Musk’s tweet had a significant

impact on all three coins being analyzed. For Dogecoin and Bitcoin the predicted

counterfactual price is much higher than the actual average price. These results

make sense when looking at Figure 18, the trends the coins have around May 7th.

It is important to note that when using the longer time frame for the analysis, there

is an overlap with the tweet made in Section 4.4. This means that only the short

term result will be abstained from other majors events.
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Figure 15: Causal impact output for Bitcoin prices with the date Elon Musk made

this tweet as the treatment
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4.6 “The coronavirus panic is dumb” - Elon Musk (May 6th,

2020)

Figure 16: Prices of Bitcoin, Cardano, and Dogecoin around the time frame that

Elon Musk sent this tweet
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Time Frames P-value Posterior Prob. Actual Avg Predicted Avg (s.d.)

Short (BTC) 0.0 100% $6533.45 $7832.22 (530.47)

Long (BTC) 0.0050 99.5% $7361.01 $8451.42 (534.71)

Short (DOGE) 0.0050 99.5% $0.0 $0.00 (0.0)

Long (DOGE) 0.4855 51.5% $0.0 $0.00 (0.01)

Short (ADA) 0.0220 97.8% $0.03 $0.02 (0.0)

Long (ADA) 0.1738 82.6% $0.04 $0.03 (0.0)

Table 6: Results when applying this tweet as the treatment

Table 6 and Figure 17 show mixed results when analyzing the causal impact

with the date of this tweet being used as the treatment. For BTC both short and

long time frames revealed to have a significant impact, while for the other coins

only the short time frame had a significant impact. During this time period the

COVID-19 pandemic was just starting to ramp up, so markets were beginning

to fall. This explains why in the results actual average was much less than the

predicted average.

It is important to remember that this tweet was tested to see results for a social

media event not relating to crypto. Due to this, it is likely this tweet had nothing

to do with the results. Most likely, around the date this tweet was published there

were other significant events that caused this price shift, such as COVID-19 be-

ginning to cause panic. This reveals a limitation of using this approach to infer

causality.
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Figure 17: Causal impact output for Cardano prices with the date Elon Musk made

this tweet as the treatment
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4.7 “Me in my sick new car (left him the money)” - Elon Musk

(April 3rd, 2021)

Figure 18: Prices of Bitcoin, Cardano, and Dogecoin around the time frame that

Elon Musk sent this tweet
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Time Frames P-value Posterior Prob. Actual Avg Predicted Avg (s.d.)

Short (BTC) 0.1519 84.8% $56967.3 $59739.25 (2894.01)

Long (BTC) 0.0 100.0% $48862.48 $62603.59 (1886.12)

Short (DOGE) 0.0 100.0% $0.22 $0.05 (0.0)

Long (DOGE) 0.0 100.0% $0.33 $0.08 (0.01)

Short (ADA) 0.2188 78.1% $1.27 $1.22 (0.07)

Long (ADA) 0.0060 99.4% $1.50 $1.21 (0.1)

Table 7: Results when applying this tweet as the treatment

The results in Table 7 show that the date Elon Musk made this tweet there was

a significant impact for the long time frame, but not the shorter time frame. In

general, the actual average prices for the coins were a lot higher than the predicted

average based on the counterfactual. As seen Figure 19, the significant price shift

did not occur until a few days after the treatment date. This explains why the

shorter time frame did not have a significant impact for BTC and ADA.

Just like in the previous example, this tweet was simply a test and does not

relate to crypto in any way. The results are likely due to events that follows a

few days after this tweet, where Elon Musk was actively supporting crypto and

joking about Dogecoin. The analysis for this date was done in section 4.4 and a

significant impact was found. Due to this tweet occurring too close to the tweet

made on April 10th, the results are likely a shadow of this larger event. This again

showcases one of the limitations of using the BSTS model to determine causality.
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Figure 19: Causal impact output for Cardano prices with the date Elon Musk made

this tweet as the treatment
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5 Conclusions and Future Work

5.1 Conclusions

The BSTS model is an extremely powerful tool for measuring the causal impact

of events on market prices. The results of this thesis demonstrate the viability of

this approach on volatile data such as cryptocurrency. The model offers flexibility

and pertinent information detailing the impact of a treatment. While more im-

provements can be made to the Python library, the process to get results from an

analysis is simple and quick.

In general, the results for each event studied were easy to understand. When

comparing the fit methods for the model, the Hamiltonian Monte Carlo (HMC)

proved to be more precise and accurate. The HMC fit method was also not as

punishing as expected, as the run time was only a few minutes slower for each

event. If a much larger time frame had been used, the slower run time with the

HMC fit method would have been more noticeable. Fortunately, large time frames

should not be used often when using this approach because the precision goes

down as the time frame increases.

These results showcase some limitations of the BSTS model and the Python

library. The analyses done in sections 4.6 and 4.7 demonstrate that significant

events occurring close to the treatment date could have an impact, which could

cause misleading results. Additionally, the BSTS model assumes that the controls

were not affected by the treatment. The original R causal impact package devel-

oped by Google offered a way to check the probability of a control being good.

Unfortunately, the Python version has yet to implement this feature, so there is

no efficient way to validate controls. Using the Python package, the best way to
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validate the controls was to look at the weights and test out dropping controls.

5.2 Future Work

There are a few improvements that could be made to the overall pipeline of infer-

ring the causal impact of an event in the crypto market. The causal impact Python

package offers a few more parameters and features that were not explored in this

thesis. One parameter that could be useful to look into is the option to add sea-

sonality. Telling the model that there are seasons in the data provided could be

helpful and lead to more accurate results. There are a few seasonality effects seen

in the crypto market that could be useful to investigate, such as “Crypto Winter”.

In addition, finding more valid controls would be an impactful way to get

a more accurate outcome. In the future, when the control probability feature is

added to the Python package, it will be a lot easier to pick and choose controls for

each analysis. In this thesis all the controls used were different stock prices, how-

ever, it might be a good idea to look into other controls, such as Google searches.

Once the pipeline for finding causal impacts on the crypto market is optimized,

an analysis could be done on many more events, which has the possibility to unveil

many of new connections. This will eventually lead to a better understanding of

the crypto market and help analysts forecast prices more accurately.

An interesting experiment can be done by finding the causal impact when-

ever Elon Musk sends a tweet. Using a natural language processing (NLP) tech-

nique, tweets could be organized into positive or negative tones. Based on this,

researchers could use the analysis techniques demonstrated in this thesis to see if

the tone of Elon Musk’s tweet has some correlation to the causal impact on the

price of Bitcoin, or any altcoin.
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A Data Samples

A.1 Raw Bitcoin Data Sample
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A.2 Merged Crypto Prices Dataframe Sample

A.3 Merged Stock Prices Dataframe Sample
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B Codes Samples

B.1 Functions

1 def generate_df(coin_to_analyze, cypro_df, stock_df):

2 # based on provided coin creates a dataframe with predictors

3 coin = cypro_df[['Date', coin_to_analyze]]

4 df = pd.merge(coin, stock_df, on= "Date")

5

6 return df

1 def ci_analysis(data, event_date, num_days_before, num_days_after):

2 date_format = '20%y-%m-%d'

3 analyze_date = datetime.strptime(event_date, date_format)

4 # shift from requested based on inputs

5 # subtract n days

6 start_date = analyze_date - timedelta(days=num_days_before)

7 # subtract 1 day

8 before_analyze_date = analyze_date - timedelta(days=1)

9 # add n days

10 end_date = analyze_date + timedelta(days=num_days_after)

11

12 # convert dates to strings

13 start_date = start_date.strftime(date_format)

14 before_analyze_date = before_analyze_date.strftime(date_format)
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15 end_date = end_date.strftime(date_format)

16

17 pre_period = [start_date, before_analyze_date]

18 post_period = [event_date, end_date]

19

20 # filter dataset for the proper time range

21 mask = (data['Date'] >= start_date) & (data['Date'] <= end_date)

22 filtered_data = data.loc[mask]

23 filtered_data = filtered_data.set_index('Date')

24 filtered_data.sort_index(inplace=True)

25 # BIG DIFFERENCE IS NOW USING HMC TO FIT MODEL

26 ci = CausalImpact(filtered_data, pre_period, post_period,

27 model_args= {'fit_method': 'hmc'})

28

29 return ci

1 def ci_get_weights(ci, orignal_data):

2 result_stats = dict()

3 weights = np.mean(np.array(ci.model_samples[6]), axis= 0)

4 item = {'Weights': weights}

5 result_stats.update(item)

6

7 weights_df = pd.DataFrame(result_stats,

8 index=orignal_data.columns[2:])

9 return weights_df
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B.2 Sample Run

1 num_days_before = 100

2 num_days_after = 70

3 event_date = '2019-06-17'

4 ci_bitcoin_06_17_2019 = ci_analysis(bitcoin_analysis_df, event_date,

5 num_days_before, num_days_after)

6 weights_v1 = ci_get_weights(ci_bitcoin_06_17_2019, bitcoin_analysis_df)

C Output Samples

C.1 Raw Summary Output
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C.2 Textual Summary Output

During the post-intervention period, the response variable had an average value

of approx. 48862.48. By contrast, in the absence of an intervention, we would

have expected an average response of 62603.59. The 95% interval of this coun-

terfactual prediction is [58899.5, 66292.94]. Subtracting this prediction from the

observed response yields an estimate of the causal effect the intervention had on

the response variable. This effect is -13741.1 with a 95% interval of [-17430.46,

-10037.02]. For a discussion of the significance of this effect, see below.

Summing up the individual data points during the post-intervention period

(which can only sometimes be meaningfully interpreted), the response variable

had an overall value of 3469236.5. By contrast, had the intervention not taken

place, we would have expected a sum of 4444854.5. The 95% interval of this

prediction is [4181864.69, 4706798.76].

The above results are given in terms of absolute numbers. In relative terms, the

response variable showed a decrease of -21.95%. The 95interval of this percentage

is [-27.84%, -16.03%].

This means that the negative effect observed during the intervention period

is statistically significant. If the experimenter had expected a positive effect, it

is recommended to double-check whether anomalies in the control variables may

have caused an overly optimistic expectation of what should have happened in the

response variable in the absence of the intervention.

The probability of obtaining this effect by chance is very small (Bayesian one-

sided tail-area probability p = 0.0). This means the causal effect can be considered

statistically significant.
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