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STRATEGY 1 - S&P
900 FOCUS

» STRATEGY OVERVIEW: EMPHASIS ON
INVESTING HEAVILY IN THE S&P
500.

* RATIONALE: STABILITY AND
HISTORICALLY CONSISTENT RETURNS
oF THE S&P 500.

 Risk PROFILE: LOW-RISK APPROACH
AIMING FOR STEADY GROWTH.

* ALLOCATION: BREAKDOWN OF
INVESTMENT PERCENTAGES IN THE
S&P 500 AND OTHER MINOR
ASSETS.




STRATEGY 2 - MILITARY, OIL, AND
CRYPTOCURRENCY INVESTMENTS

o STRATEGY OVERVIEW: INVESTMENTS BASED ON GEOPOLITICAL CONTEXT LATELY.
e SECTOR Focus: LONG POSITIONS IN MILITARY SECURITY, ARMY, DEFENSE, AND THE OIL INDUSTRY.

e CRYPTOCURRENCY INcLusioN: WEIGHTS oN BTC anp ETH pue 1o BLAckRock's crYPTO
ANNOUNCEMENT.

e SHORT POSITIONS: STRATEGY TO SHORT THE REMAINING ASSETS.

* ANALYSIS: RATIONALE BEHIND EACH SECTOR CHOICE AND EXPECTED MARKET IMPACT.
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PERFORMANCE ANALYSIS

group_name mean_forecast mean_decision forecasts_rank decisions_rank overall_rank
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STRATEGY 3 - OIL, SELECT ETFS, AND
CRYPTOCURRENCIES FOCUS

L

|1‘ e STRATEGY OVERVIEW: HEAVY INVESTMENT IN OIL (Cowm,
Il XOP) anp ETFs (XLE, XLI).

|
s  CRYPTOCURRENCY INCLUSION: SUBSTANTIAL ALLOCATION

IN ETH anD BNB.

e ZERO WEIGHT: NO INVESTMENT IN OTHER ASSETS.

e STRATEGY RATIONALE: INSIGHTS INTO CHOOSING THESE
PARTICULAR SECTORS AND ASSETS.




# Twitter accounts you want to fetch tweets from

STRATEGY 4 — SENTIMENT

coinmetrics",
"*coinbase'",

ANALYSIS - TWITTER DATA
COLLECTION: |

""StackerSatoshi",
# Extended list of crypto keywords

crypto_keywords = [“"crypto', "bitcoin', "ethereum', "eth'", "blockchain', "cryptocurrenc
“ripple®'”, "litecoin", "cardano'", *"polkadot®'", "dogecoin®'", "“uniswap",
“"'solana'", "binance', "cryptomining®', "nft'", "non—fungible tokens®',
Sdefi®,; “staking’;
“"wallet", '"“exchange', "ICO", "token', '"coin",
“satoshi™, "hodl"; *“"hold®, *altcoin®”; *“altt™, "gas™,
“mining', ""work", '"stake',
“fork'", "airdrop', "whale'", "bear', "bull", "“pump'', "“dump"',
“moon', "fiat'", '"liquidity', "ERC20'",
“"stablecoin', "decentralized", 1]

# Initializes an empty list to store the tweet data
data = []

# Headers for the API request

headers = {
“"Authorization": f"Bearer {BEARER_TOKEN}",
“"Content-type'": "application/json",

GATHERING TWEETS FROM KEY CRYPTOCURRENCY

INFLUENCERS TO GET MARKET INSIGHTS. ’

# Loop through each influencer
for influencer in influencers:

. # Create a query string that includes the influencer's handle and the crypto keywor
EXPLANATION OF THE DATA COLLECTION PROCESS. query_string = f"from:{influencer} ({' OR '.join([f'{keyword}' for keyword in crypt

US|NG TW]TTER API TO FETCH RECENT TWEETS FROM # Fetch recent tweets from the influencer (last 100 tweets as per Twitter API v2 1li

params = {

INFLUENCERS LIKE COINMARKETCAP, COINTELEGRAPH, e et e,

'tweet.fields': 'text,created_at’', # Include 'created_at' to get the date of t
ETC b

response = requests.get(endpoint, headers=headers, params=params)

OVERVIEW OF THE EXTENDED LIST OF CRYPTO if response.status_code != 200:
raise Exception(f"Request returned an error: {response.status_code}, {response.

KEYWORDS USED TO FILTER RELEVANT TWEETS. cweete

= response.json().get('data’, []1)

# Process the response
for tweet in tweets:
text = tweet.get('text', ')
created_at = tweet.get('created_at', '"')

TECHNICAL ENVIRONMENT: PYTHON, REQUESTS LIBRARY
FOR API CALLS, AND PANDAS FOR DATA MANIPULATION.

# Store the result in a dictionary
tweet_data = {
“"Influencer'": influencer,
"Tweet'": text,
“"Date': created_at,

b

# Append the dictionary to the data list
data.append(tweet_data)

# Create a pandas DataFrame from the data list
dfl = pd.DataFrame(data)

# Save the DataFrame as a CSV file
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ENHANCING DATA QUALITY: CLEANING AND
TEXT ANALYSIS

DETAILED EXPLANATION OF THE DATA CLEANING import re
. import nltk
sTePS: REmMoviNG URLS, SPECIAL CHARACTERS, fron nltk.corpus inport stopwords
DIGITS, AND EXTRA WHITESPACES; CONVERTING TEXT from nitk.sten inport WordNetlematizer
TO LOWERCASE. nltk.download('stopwords")
nltk.download(‘wordnet')
OVERVIEW OF TEXT PROCESSING TECHNIQUES. def clean_text(text):
# Remove URLs
STOPWORD REMOVAL, TOKENIZATION, AND text = re.sub(r"http\S+|www\S+|https\S+", "", text, flags=re.MULTILINE)
LEMMATIZATION USING NLTK # Remove special characters and digits
: text = re.sub(r"[*\w\s]", "", text)
text = re.sub(r"\d+", "", text)
PURPOSE OF THESE STEPS: IMPROVING DATA # Remove extra whitespace
text = re.sub(r"\s+", " ", text)
QUALITY FOR MORE ACCURATE ANALYSIS OF TWEET # Convert to lowercase
SENTIMENTS, TRENDS, AND KEYWORDS. Lec @ Lont foucr)

GETTING THE SENTIMENT ANALYSIS SCORE THANKS df['Cleaned_Tweet'] = df['Tweet'].apply(clean_text)
df1['Cleaned_Tweet'] = df1['Tweet'].apply(clean_text)
TO0 VADER LIBRARY




group_name mean_forecast mean_decision

HIREUS

SP500
EW_LONG
GAMBLING
4SIGMA

ALPHA
CITADELSPINOFFS
HELLO_WORLD
RANDOM
MEDALLION
JAYSTREET
LAMM

UHCAKIP

DYF

MSG

0.156724

0.124043

0.160000

0.154019

0.231644

0.182340

0.232236

0.186241

0.171278

0.169759

0.156935

0.187100

0.174986

0.235294

0.229598

5.911400

4.355636

4.617711

2.684527

7.446886

3.109273

6.910374

3.856796

1.983802

0.977094

-3.422412

-1.374405

-9.378341

1.317655

-1.867828
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