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1 Introduction

This paper implements the system setup and other technique setup used in Research Project:
“Efficient Calibration of Implied Volatility”.

Google Colab is the virtual environment that the Research Project developed on. All the data
source  and the results are  then uploaded to Google Drive:
https://drive.google.com/drive/folders/1EOQgkCI3Sd6GKDxdxaA360EMQ2zhSHnxd?usp=dri

ve_link

2 Configuration

2.1 Devices specification

Model: Surface laptop 3

Processor: Intel(R) Core(TM) i5-1035G7 CPU @ 1.20GHz 1.50 GHz
Ram: 8 GB

System type: 64-bit operating system, x64-based processor

Edition: Windows 10 Home

2.2 2.2 Software specification
Gmail account with the accession to Google Drive and Google Colab

3 Research Project

This project is setup in Google Colab. This project is divided into three mains parts
including: download data and data preprocessing, compute and visualize implied volatility
surface, predict and visualize predicted implied volatility surface.

3.1 Download and Preprocess Options Data

Dataset is downloaded from: https://optiondata.org/#sampleld

&S Free Data

We provide free historical option data of all symbols in the U.S. equities markets from January to June 2013, you can use this free historical option prices
for data analysis, investment method evaluation or backtest.

Download file: 2013-01.zip, 2013-02.zip, 2013-03.zip, 2013-04.zip, 2013-05.zip, 2013-06.zip.

The data is free and includes 6 months daily option trading.

1


https://drive.google.com/drive/folders/1E0gkCl3Sd6GKDxdxaA360EmQ2zhSHnxd?usp=drive_link
https://drive.google.com/drive/folders/1E0gkCl3Sd6GKDxdxaA360EmQ2zhSHnxd?usp=drive_link
https://optiondata.org/#sampleId

After downloading the data, the dataset is about 7 GBs, and it is uploaded to Google Drive.
Then in Colab, first I import the libraries needed:

~ Import Libaries

[ 1 import pandas as pd
import numpy as np
import os

import warnings
warnings.filterwarnings('ignore')

[ 1 # mount Google Colab to Google Drive -> this is to save data to Google Drive later
from google.colab import drive as colab_drive
colab_drive.mount('/content/drive")

° # import data from Google Drive

# Code to read csv file into Colaboratory:

Ipip install -U -q PyDrive

from pydrive.auth import GoogleAuth

from pydrive.drive import GoogleDrive

from google.colab impert auth

from oauth2client.client import GoogleCredentials
# Authenticate and create the PyDrive client.
auth.authenticate_user()

gauth = GoogleAuth()

gauth.credentials = GoogleCredentials.get_application_default()
drive = GoogleDrive(gauth)

After that, | setup code for downloading dataset from shared links and choose 18 stocks that |
need to analyse:

~ Download & Proprocess data

TN oo B g E R
° # download data from shared links
def download_data_from_link(link):

# get file id

fluff, _id = link.split('/d/')

id, _ = _id.split('/")

# print("File id = ", id)

# download file from the id

downloaded = drive.CreateFile({'id':id})

downloaded.GetContentFile('Filename.csv')

_df = pd.read_csv('Filename.csv")
return _df

[ ] STOCKS_LIST = ['MSFT','AAPL",'V',*UNH','JPM",'INJ', 'WMT','PG','HD"', 'CUX', 'KO"', 'MRK', CRM', MCD", 'CSCO", 'NKE', 'DIS", "INTC']
Dividend vyield is one important variable needed so | calculate it by import dividend cash

flow and divided to stock price. In order to do this, | use yfinance package. After calculating
the dividend yield, | save it to Google Drive



» Dividend data

[ 1 # get dividend info from yahoo finance
import yfinance as yf

# compute annual dividend yield

dividend_yield = []

for ticker in STOCKS_LIST:
stock = yf.Ticker(ticker)
stock_historical = stock.history(start="2813-81-81", end="2013-12-31", interval="1d")
div = np.sum(stock_historical.Dividends)/stock_historical.Close[-1]
dividend_yield.append(div)

dividends = pd.DataFrame(list(zip(STOCKS_LIST, dividend_yield)), columns=['ticker', 'dividend_yield'])
dividends

° # save data to Drive

# make a new folder in drive
if os.path.exists('/content/drive/My Drive/data_implied_volatility/preprocessed') == False:
os.makedirs('/content/drive/My Drive/data_implied_volatility/preprocessed', exist_ok=True)

dividends.to_csv('/content/drive/My Drive/data_implied_volatility/preprocessed/dividends_2613.csv', index=False)

In the next step, I  import dataset from  Google Drive link:
https://drive.google.com/file/d/1bY01zg5WnmOFZOyDhV]jQL zZEtQQHKF8uW/view
This link includes all the path link to all files that | download from Website.

° # get data from list of google drive link
gdrive_links_list = "https://drive.google.com/file/d/1bY81zq5Wnm@FZ0yDhVjQLZEtQQHKF8uUW/view?usp=share_link"
links_to_data = download_data_from_link(gdrive_links_list)
links_to_data["date"] = pd.to_datetime(links_to_data["date"])
links_to_data.sort_values(by="date", inplace=True)
links_to_data

Then I run code to get and merge all the options files into one files and just take the columns
that | need for my calculation. After running all the code, | save the result to Drive for later
import needed:
° ## run time: 102 days, 18 stocks => 9 mins
# download and preprocess options data

option_links = links_to_data[links_to_data[ “data’
option_dates = links_to_data[links_to_data["data"

"option"]["URL"].to_list()
"option"]["date"].to_list()

# for count, link in tqdm(links_to_data.index(), desc='Getting Documents from {} Fillings'.format(cik), unit="filling'):
for count, link in enumerate(option_links):

_df = download_data_from_link(link)

print("Processing Option data on: ", option_dates[count])

# preprocess stocks

# get only stocks with dividend yield

_df = _df[_df["underlying"].isin(STOCKS_LIST)]

# calculate important info

_df["option_price"] = (_df["bid"] + _df["ask"]) / 2

_df["expiration"] = pd.to_datetime(_df[“expiration"])

_df["quote_date"] = pd.to_datetime(_df["quote_date"])

_df["time2mature_days"] = (_df["expiration"] - _df["quote_date"])/ pd.to_timedelta(1, unit='D")
_df["time2mature"] = _df["time2mature_days"]/365

# get only relevant data
_df = _df[["underlying", "type", "expiration", "quote_date", "strike", "option_price", "time2mature_days", "time2mature", "implied_volatility"]]
_df.rename(columns={"underlying": "ticker", "type": "option_type"}, inplace=True)

# merge data from all download stock into one file
if count > @:

options_df = pd.concat([options_df, _df], ignore_index=True)
else:

options_df = _df

options_df

[ ] # save data to Drive
options_df.to_csv('/content/drive/My Drive/data_implied volatility/preprocessed/options_2013.csv', index=False)

| repeat the same process with stocks information in order to get the stock price come with
the option information in 2013:


https://drive.google.com/file/d/1bY01zq5Wnm0FZOyDhVjQLzEtQQHKF8uW/view

v Stocks Data

[ 1 ## run time: 12 days, 18 stocks => 1.5 mins
# download and preprocess stock data
stock_links = links_to_data[links_to_data["data"]=="stock"]["URL"].to_list()
stock_dates = links_to_data[links_to_data["data"]=="stock"]["date"].to_list()

for count, link in enumerate(stock_links):
_df = download_data_from_link(link)
print("Processing Stocks data on: ", stock_dates[count])
# preprocess stocks
# get only stocks with dividend yield
_df = _df.merge(dividends, left_on=["symbol"], right_on=["ticker"], how="right")
# get only symbol and close price
_df = _df[["symbol", "close"]]
_df["quote_date"] = stock_dates[count]
_df["quote_date"] = pd.to_datetime(_df["quote_date"])

# rename data
_df.rename(columns={"symbol": "ticker", "close": "underlying_price"}, inplace=True)

# merge data from all download stock into one file
if count > @:

stocks_df = pd.concat([stocks_df, _df], ignore_index=True)
else:

stocks_df = _df

stocks_df

[ 1] # save data to Drive
stocks_df.to_csv('/content/drive/My Drive/data_implied_volatility/preprocessed/stocks_2013.csv', index=False)

Risk free rate is another factor that needs to be imported and | use pandas to import and then |

save the results to Google Drive:
v Risk-free rate

[ 1 import pandas_datareader.data as web
from datetime import datetime

[ ] ### Py ###
# us treasury bond yield yahoo finance symbols: ['DGS1e', 'DGS5', 'DGS2', 'DGS1', 'DGSIMO', 'DGS3MO']
symbol = 'DGS1' # 1-Year Treasury Constant Maturity Rate
us_yield = web.DataReader(symbol, 'fred', start=datetime(2013,1,1), end=datetime(2013,12,31))

us_yield

[ 1 rf_rates = us_yield.reset_index()
rf_rates.rename(columns={"DATE": "quote_date", symbol: "rf_rate"}, inplace=True)
rf_rates["quote_date"”] = pd.to_datetime(rf_rates["quote_date"])
rf_rates["rf_rate"] = rf_rates["rf_rate"]/10@
rf_rates

[ ] # save data to Drive
rf_rates.to_csv('/content/drive/My Drive/data_implied_volatility/preprocessed/rf_rates_2013.csv', index=False)

After getting all the information, | merge data from all sources and then save it to Google
Drive. The link that contain all results file for this step is in this link:
https://drive.google.com/drive/folders/1-24VZyWLK2JQVkpSyUz70FvOpX9JyrtL



https://drive.google.com/drive/folders/1-24VZyWLK2JQVkpSyUz70FvOpX9JyrtL

~ Merge data from all sources

[ 1 # merge option and stock data
df = options_df.merge(stocks_df, on=["ticker", "quote_date"])
df

[ 1 # merge risk-free data
df = df.merge(rf_rates, on=["quote_date"])
df

[ 1 # merge dividend yield
df = df.merge(dividends, on='ticker')
df

[ 1 # save data to Drive
df.to_csv('/content/drive/My Drive/data_implied_volatility/preprocessed/all_data_2013.csv', index=False)

3.2 Compute and Visualize Implied Volatility

3.2.1 Compute and Visualize Implied Volatility for European option
First I import libraries needed:
~ Import Libaries

[ 1 ### Py ###
import pandas as pd
import numpy as np
import scipy.stats as si
from scipy.optimize import fmin #optimisation function using Nelder-Mead simplex algorithm

import warnings
warnings.filterwarnings('ignore')

[ ] # mount Google Colab to Google Drive -»> this is to save data to Google Drive later
from google.colab import drive as colab_drive
colab_drive.mount('/content/drive")

Mounted at /content/drive

After that, | import the data that was uploaded to Google Drive in the step 1:



~ Import data

[ 1 # import data from Google Drive

# Code to read csv file into Colaboratory:

!pip install -U -q PyDrive

from pydrive.auth import GoogleAuth

from pydrive.drive import GoogleDrive

from google.colab import auth

from ocauth2client.client import GoogleCredentials
# Authenticate and create the PyDrive client.
auth.authenticate user()

gauth = GoogleAuth()

gauth.credentials = GoogleCredentials.get application default()
drive = GoogleDrive(gauth)

[1
# download data from shared links
def download_data_from_link(link)
# get file id
fluff, _id = link.split('/d/")
id, _ = _id.split('/")
# print("File id = *, id)

# download file from the id

downloaded = drive.CreateFile({'id':id})
downloaded.GetContentFile('Filename.csv')
_df = pd.read csv('Filename.csv')

return _df

[ 1 # import data from a preprocessed, saved file
link = "https://drive.google.com/file/d/1-TTT8@ApSIWOCAQOOWOHIBWRGICWMOOp/view?usp=share link"
df = download data from link(1link)
df

Next, | setup formula function for Black-Scholes model:

[ 1 # cumulative normal distribution function
def NORMSDIST(x):
NORMSDIST = si.norm.cdf(x,0.0,1.0)
return(NORMSDIST)

# Black Scholes model for call option
def BlackScholes(option_type, S,K,r,T,sigma,q):

dl = ( (np.log(5/K)+(r+0.5*sigma**2)*T) / (sigma*np.sqrt(T)) )
d2 = ( (np.log(S/K)+(r-0.5*sigma**2)*T) / (sigma*np.sqrt(T)) )
if option_type == "call":

option_price = S*np.exp(-q*T)*NORMSDIST(d1) - K*np.exp(-r*T)*NORMSDIST(d2)
elif option_type == "put":

option_price = K*np.exp(-r*T)*NORMSDIST(-d2) - S*np.exp(-q*T)*NORMSDIST(-d1)
else:

print(”"Call or put not defined")
option price = np.nan
return option_price

Then | create a function that makes use of Nelder-Mead simplex algorithm for implied
volatility solver.



° from scipy.optimize import fminbound # Nelder-Mead simplex algorithm
import scipy as sq

def compute iv_eu(option_type, S, K, T, r, g, option_price):
# This function is the implied volatility solver which makes use of Nelder-Mead simplex algorithm
# The paramaters are the same as described as in LeisenReimerBinomial function, except for Option_Value
# option_price is the parameter of the option value (for which you want to calculate the Implied Volatility)

def objective_function(iv):
# This is the objection function for Nelder-Mead simplex algorithm
result = (option_price - BlackScholes(option_type, S,K,r,T,iv,q))**2
return result

# initialize starting point for faster conversion
start_point = np.sqrt(2*abs(((np.log(S/K)+r*T)/T)))
res = sq.optimize.fmin(objective function, start_point, full output=True, ftol=0.001, maxiter=50, disp=0)
iv_result = res[@][@]
error = 100*(np.sgrt(res[1])/option_price)
if (iv_result<=0) or (iv_result>1):
res = sq.optimize.fminbound(objective function, ©.01, 1, full output=True, xtol = ©.001, maxfun=58, disp=0)
iv_result = res[0]
error = 100*(np.sqrt(res[1])/option_price)

return [iv_result, error]

After this step, | need to check if the this solver works well or not:

[ 1 # Test to show that the IV solver works
_option_type = 'put’
_underlying price = 100
_strike = 100

_ttm =1
_r =0.01
g =0.1

_option_price = 8.5

optionvalue = BlackScholes(option_type= option_type, S= underlying_price,
K=_strike, r=_r, T=_ttm, sigma=0.5, q=_q)
print('The value of an American put option, with IV of 50% is equal to ', str(optionvalue))
[IV value, error] = compute iv eu( option type, underlying price, strike, ttm, r, q, optionvalue)
print('The implied volatility is ', str(IV value))
error

The value of an American put option, with IV of 560% is equal to 22.894799772397825
The implied volatility is ©.5000018341030819
6.746272927671271e-05

After this step, | start to estimate implied volatility using time to maturity and strike price:

[ 1 # estimate implied volatility using time2mat and strike
def estimate iv_eu(ticker, time2mature_days, strike, option_type="call", df=df):
# The loop below will use ttm and K inputed to find other information includes in bsmvol:
# market price = (bid+ask)/2, stockprice = price of underlying asset,
# rr = 10 years treasury rate extracted from DGS10, tiZma = time to maturity/365, ty = type call option
matched df = df[(df['ticker']==ticker) & (df[ 'time2mature days']==time2mature days) & (df["strike"]==strike) & (df["option type"]==option type)]
# If cannot find the match ttm and K inputed, the fuction return NA, if not, the information found will be used to calcualted implied volatility
if len(matched_df)>@
res = matched_df.apply(lambda x: compute_iv_eu(option_type=x["option_type"], S=x["underlying_price"],
K=x["strike"], T=x["timeZmature”], r=x["rf_rate"], q=x["dividend_yield"], option_price=x["option_price"]), axis=1)
# return iv where error is smallest
res = [v for v in res]
res = pd.DataFrame(res, columns=['iv', 'error’'])
res.dropna(inplace=True)
iv = res.loc[res[ error'].idxmin()][ iv']
else:
iv = np.nan

return iv

Then | test if the results is accurate or not and the results are good when it has high accuracy
with the real data:



O ¢ test
def print_test_result(test df):
_ticker = test_df["ticker”].to_list()[0]
_option_type = test_df[“option_type”].to_list()[@]
_time2mature days = test df[“time2mature days"].to_list()[@];
_strike = test_df["strike"].to_list()[@];
_option_price = test_df[“option_price].to_list()[@]
_iv = estimate_iv_eu(ticker= ticker, time2mature days= time2mature days, strike= strike, option type= option type)
# recalculate option price using BSM model and calculated iv
_underlying price = test df["underlying price"].to_list()[@]
_r = test_df["rf_rate"].to_list()[8]
_q = test_df["dividend_yield"].to_list()[]
_timeZmature = test df["time2mature"].to list()[@];
_bs_price = BlackScholes(option_type=_option_type, S=_underlying_price, K=_strike, r=_r, T=_time2mature, sigma=_iv, g=_q)
print(f* {_ticker}, { option type},\tTTM={ time2mature days},\tStrike={ strike},\t==> iv={_iv}, \t==> BS option price = { _bs price}, \tMarket price = {_option price}")

# test for AAPL
# test function for call option
print("EU option implied volatility:

_ticker = "AAPL"; _option_type = “call”
testl = df[(df["ticker"]==_ticker) & (df["option_type"]==_option_type)].head(1)
_print_test_result(testl)

test2 = df[(df["ticker"]==_ticker) & (df["option type"]== option_type)].tail(1)

_print_test_result(test2)

# test function for put option
_ticker = "AAPL"; _option_type = "put"

testd = df[(df["ticker"]-=_ticker) & (df["option_type"]-=_option_type)].head(1)
_print_test_result(test3)
testd = df[(df["ticker"]==_ticker) & (df["option_type"]==_optian_type)].tail(1)

_print_test_result(test4)

EU option implied volatility:

AAPL, call, TTM=2.0, 5456510797044793, BS option price = 148.96844108975934, Market price = 148.75

AAPL, call, .33544215316947845, BS option price 1.5194792383293276, Market price 1.52
AAPL, put, .5784755972513936, BS option price = 1.8847652390696487e-13,  Market price .005
AAPL, put, .14534807366140126, BS option price = 626.7000511081371, Market price = 623.8
Second test with other stock and the results still good:

# test for MSFT

# test function for call option

print("EU option implied volatility: ")

_ticker = "MSFT"; _option_type = "call”

testl = df[(df["ticker”] ticker) & (df["option_type"]== option_type)].head(1)

_print_test_result(testl)

test2 = df[(df["ticker"]==_ticker) & (df["option_type"]==_option_type)].tail(1)

_print_test_result(test2)

# test function for put option

_ticker = "MSFT"; _option_type = "put”

test3 = df[(df["ticker™] ticker) & (df[“option_type” ption_type)].head(1)

_print_test_result(test3)

test4 = df[(df["ticker"]==_ticker) & (df["option_type”]==_option_type)].tail(1)

_print_test_result(test4)

EU option implied wvelatility:
MSFT, call, TTM=2.0, Strike=19.0, .9111242148970856, BS option price = 8.61550170036777, Market price = 8.55
MSFT, call, TTM=585.0, Strike=50.0, .24821270954598467, BS option price = 0.47988918916959644, Market price = 0.48
MSFT, put, TTM=2.8, Strike=19.0, => iv=0.999687542893466, => BS option price = 6.782222250344414e-08, Market price = 0.01
MSFT, put, TTM=585.0, Strike=50.0, iv=0.1890980595147025, ==> BS option price = 16.874855007@9671, Market price = 16.875

In the next code, because the dataset is large so | setup the time step to divide the dataset into

month to process easier:
[ 1 time steps = ["2013-01-31", "2013-02-28", "2013-03-31", "2013-04-30", "2013-05-31", "2013-06-30"]
time_steps = pd.to_datetime(time_steps)
time_steps

DatetimeIndex(['2013-€1-31", '2013-02-28', '2013-03-31', '2013-04-30",
'2013-05-31", '2013-06-30'],
dtype="datetime64[ns]", freq=None)

In the next step, | run the code to compute the implied volatility and all the results will be
saved to Google Drive automatically when it finished running:



‘ # conpute implied volatility for all row in the dataset
## execution time:
w S days, 18 stocks => 43,707 rows > 11ains
#8102 days, 18 stocks => 881,253 rows => 2h 30mins

imgort time
import o

STOCKS_LIST = STOCKS_LIST
n_stocks = len(_STOCKS_LIST)

_time_steps - time_steps
n_time = len(_time_steps)
_input = ["option_type", ‘underlying price', 'strike', 'time2mature’, 'rf_rate’, 'dividend_yield’, ‘option_price’, ‘quote_date’]

for _c, stock in enumerate(_STOCKS_LIST):
1F stock = "AAPL":
_time_steps = [pd.to_datetime(’2013-05-38')]
n_time - len(_time_steps)

for ¢, _time in enuserate(_time_steps):
start = time.time()
if ¢ == 0
sub_df - df.loc[(¢f[ ticker'
else:

stock) & (¢f(“quote_date”] <= _tine)](_input]
sub_df = df.loc[(df[ ticker®Jasstock) & (df["quote_date”] > _time_steps[c-1]) & (df[quote_date"] <= _time}][_input]

n_options = len(sub_df)

n_days = len(sub_df["quote_date"].unique())

start_date = sub_df["quote_date"].min().date()

end_date - sub_df["quote_date"].max().date()

print(f*{_ce1}/{n_stocks): (stock) - (ce1)/{n_time} (start_date} to {end_date}: (n_days} days - (n_options) options")

¥ estimate iv using all info

res - sub_df.apply(lanbda x: compute_iv_eu(option_type-x[ 'option_type'], Sex['underlying price’], Kex['strike'], T-x['time2nature’], r=x['rf_rate'], q=x['dividend_yield'], option_price-x[‘option_price’]), axis-1)
res = [v for v in res]

res = pd.Dataframe(res, columns=['iv', ‘error’])

sub_df["1v_eu'] = res('1v'].values

sub_f[ "error_eu’] = res['error'].values

run_time = round((time.time()-start)/60, 1)

print(f*=> (run_time) mins for computing iv of {n_options) EV options”)
¥ save data to drive
sub_df.to_csv(f’ 4 implied volati

/EU_v2/EUoptions_{stock)_{_time.year}-(_time.smonth).csv’, index-False)

© 1/18: AAPL - 1/6 2013-01-02 to 2013-01-31: 21 days - 59178 options
=> 9.9 mins for computing iv of 59178 EU options

AAPL - 2/6 2013-82-81 To 2013-02-28: 10 days - 49328 options

4 mins for computing iv of 49320 EU options

: AAPL - 3/6 2013-63-01 to 2013-03-28: 20 days - 48242 options

=> 8.2 mins for computing iv of 48242 EU options

1/18: AAPL - 4/6 2013-84-61 to 2613-84-38: 17 days - 39342 options

=> 6.6 mins for computing iv of 39342 EU options

1/18: AAPL - 5/6 2013-05-61 to 2813-85-31: 22 days - 53358 options

=> 8.9 mins for computing iv of 53358 EU options

1/18: AAPL - 6/6 2013-86-03 to 2013-86-11: 6 days - 14064 options

=> 2.3 mins for computing iv of 14064 EU options

2/18: CAM - 1/1 2013-81-62 to 2013-06-11: 105 days - 58086 options

=> 1.5 mins for computing iv of 58086 EU options

3/18: €SCO - 1/1 2013-01-€2 to 2013-06-11: 105 days - 34792 options

=> 6.0 mins for computing iv of 34792 EU options

4/18: CVX - 1/1 2013-91-82 to 2013-66-11: 165 days - 32526 options

-> 5.3 mins for computing iv of 32526 EU options

5/18: DIS - 1/1 2013-61-82 to 2013-86-11: 185 days - 30224 options

=> 5.1 mins for computing iv of 38224 EU options

Then | load all the results:



[ ] # ## load the saved calculated data from drive
# link = "https://drive.google.com/file/d/1Kj21lnpjrfTThyIQIvQg8A_HYyrckrXSZ/view?usp=share_ link"
# result_links = download_data_from_link(link)
# result_links

name URL stock

0  EUoptions_WMT_2013-6.csv hitps://drive.google.com/file/d/10JWIIMWhvGvI...  WMT

1 EUoptions_V_2013-6.csv https://drive.google.com/file/d/10HrTaSmw-Imcr... A
2 EUoptions_UNH_2013-6.csv  hitps:/drive.google.com/file/d/10Exdb664e3aE_..  UNH
3 EUoptions_PG_2013-6.csv https:/idrive.google. com/file/d/10BK7BKYQEDi-v... PG
4  EUoptions_NKE_2013-6.csv https:/drive.google.com/file/d/107DJWVPE3N2GS5...  NKE
5 EUoptions_MSFT_2013-6.csv  hitps://drive.google.com/file/d/103a_Hf3DbdDAA... MSFT
] EUoptions_MRK_2013-6.csv  hitps://drive google com/file/d/101yUB4AVCKH-HE...  MRK
7 EUoptions_MCD_2013-6.csv  https:/idrive.google.com/file/d/101dxMiS_vIXXZ... MCD
8 EUoptions_KO_2013-6.csv https://drive.google.com/file/d/1-suAldmxSLKd4. .. KO
9 EUoptions_JPM_2013-6.csv https://drive.google.com/file/d/1-rizuZhDg5wTK... JPM

10  EUoptions_JNJ_2013-6.csv  https//drive. google com/file/d/1-r4nRg2RccBYX...  JNJ

11 EUoptions_INTC_2013-6.csv  https://drive.google com/file/d/1-qOetOc4yRDH_...  INTC
12 EUoptions_HD_2013-6.csv  https://drive.google.com/file/d/1-grgZn6fWvCOC... HD
13 EUoptions_DIS_2013-6.csv  hitps.//drive google.com/file/d/1-a_XxUWEJl_pO... Dis

14  EUoptions_CVX_2013-6.csv  hitps://drive.google.com/file/d/1-_Ea9XSqODkiS... CwvX
15 EUoptions_CSCO_2013-6.csv https://drive.google.com/file/d/1-Y Jcao5fluave... CSCO
16  EUoptions_CRM_2013-6.csv  https://drive.google com/file/d/1-IrNSAZRUKPIE...  CRM
17 EUoptions_AAPL_2013-6.csv  https:/drive google.com/file/d/1-HXiQ-9JcG5JK...  AAPL
18 EUoptions_AAPL_2013-5.csv  https://drive.google.com/file/d/1-DdC-ZThYQICD... AAPL
19 EUoptions_AAPL_2013-4.csv  https://drive.google.com/file/d/1-5_CesngMcNtJ...  AAPL
20 EUoptions_AAPL_2013-3.csv  hitps://drive.google.com/file/d/1-5LJrIECbmMW-R... AAPL
21 EUoptions_AAPL_2013-2.csv https://drive.google.com/file/d/1-5-HITXNOyISG... AAPL
22 EUoptions_AAPL_2013-1.csv hitps://drive.google.com/file/d/1--0bgS5FHsFOx... AAPL

After that, | filter 18 stocks that | need and merge into one file:
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[1

STOCKS_LIST = ['AAPL', 'CRM',

o',

'MCD',

'csco’,
MRK', 'MSFT',

owxt,

'DIS',
'NKE',

Bt

D', "INTC',

UM, VY,

YINIY,

° for _c, stock in enumerate(STOCKS_LIST):
print(f"{_c+1}/{len(STOCKS_LIST)} {stock}")

_result_links =

for ¢, _link in enumerate(_result_links):
f = download_data_from_link(_link)

__df['ticker'] = s
if ¢
_df = _ df.copy(
else:
_df = pd.concat(
if _c ==8:
df = _df
else:

tock

)

[_df,

df = pd.concat([df, _df], ignore_index=True)

df

1/18
2/18
3/18
4/18
5/18
6/18
7/18
8/18
9/18
18/18
11/18
12/18
13/18
14/18
15/18
16/18
17/18 V
18/18

AAPL
CRM
[=tels]
CVX
DIS
HD
INTC

__df], ignore_index=True)

option_type underlying_price strike time2mature

0 call
1 put
2 call
3 put
4 call
881248 put
881249 call
881250 put
881251 call
881252 put

881253 rows x 11 columns

450.720009
450.720009
450.720009
450.720009
450.720009

75.250000
75.250000
75.250000
75.250000
75.250000

Then | remove duplicate:

[1

[1

# remove duplicate

df.drop_duplicates(inplace=True)

df
option_type
o call
1 put
2 call
3 put
4 call
881248 put
881248 call
881250 put
881251 call
881252 put

881253 rows x 11 columns

df.columns

Index([ "option_type’,

‘dividend_yield’,

"ticker'],
dtype="object")

underlying price
450.720009
450.720009
450.720009
450.720009

450.720009

75.250000
75.250000
75.250000
75.250000

75.250000

‘underlying_price’
‘option_price’,

330.0
330.0
340.0
340.0
350.0

105.0
110.0
110.0
115.0
115.0

330.0
330.0
340.0
3400

350.0

105.0
110.0
110.0
115.0

115.0

, 'strike’,
‘quote_date’,

0.010959
0.010959
0.010959
0.010959
0.010959

1.602740
1.602740
1602740
1.602740
1.602740

strike time2mature

rf_rate
0.0014
0.0014
0.0014
0.0014
0.0014

0.0014
0.0014
0.0014
0.0014
0.0014

0.010959 00014
0.010959  0.0014
0.010959  0.0014
0.010959 00014
0.010959  0.0014
1602740 0.0014
1.602740  0.0014
1602740 0.0014
1602740 00014
1.602740 0.0014

‘time2mature”,
‘iv_eu’,

er|

fJemt,
TWMT" ]

result_links.loc[result_links[ 'stock’]==stock][ URL"].values

dividend_yield
0.024208
0.024208
0.024208
0.024208
0.024208

0.029368
0.029368
0.029368
0.029368
0.029368

0.024208

0.024208

0.024208

0.024208

0.024208

0.029368

0.029368

0.029368

0.029368

0.029368

‘rf_rate’,
ror_eu’,

11

option_price
119.825

0.005

109.850

0.005

100.475

32.125
0.195
36.800
0.125
41.750

rf_rate dividend_yield option_price
119.825
0.005
109.850
0.005

100.475

32.125
0.195
36.800
0.125

41.750

quote_date
2013-06-03
2013-06-03
2013-06-03
2013-06-03
2013-06-03

2013-06-11
2013-06-11
2013-06-11
2013-06-11
2013-06-11

quote_date
2013-06-03
2013-06-03
2013-06-03
2013-06-03

2013-06-03

2013-06-11
2013-06-11
2013-06-11
2013-06-11

2013-06-11

iv_eu
3.712603e-01
9.068806e-01
6.217249e-15
8.252447e-01
1.698519e-01

9.858447e-02
1.784709e-01
1.052865e-01
1.806817e-01
1.113141e-01

8.252447e-01

1.698519e-01

9.858447e-02

1.784709e-01

1.052865e-01

1.806817e-01

1.113141e-01

iv_eu
3.712603e-01
9.068806e-01

6.21724%e-15

error_eu t
0.780514
0.000002
0.755668
0.000002
0.130821

0.846645
0.000024
1.161779
0.000135
1.201262

error_eu
0.780514
0.000002
0.755668
0.000002

0.130821

0.846645
0.000024
1.161779
0.000135

1.201262

icker

WMT
WMT
WMT
WMT
WMT

WMT
WMT
WMT
WMT

WMT



I reorder the file and save the data into Google Drive to use in the next step:

° # reorder columns
df = df.reindex(columns=["ticker®, ‘option_type', 'underlying_price’, ‘strike’, 'time2mature’, ‘rf_rate’,
"dividend_yield’, ‘option_price’, ‘quote_date’, "iv_eu’, ‘error_eu’'])

df
8 ticker option_type underlying_price strike time2mature rf_rate dividend_yield option_price quote_date iv_eu error_eu
0 AAPL call 450720009 3300 0010959 0.0014 0.024208 119825 2013-06-03 3.712603e-01 0.780514
1 AAPL put 450.720009 3300 0010959 0.0014 0.024208 0.005 2013-06-03 9.068806e-01 0.000002
2 AAPL call 450.720009 3400 0010959 00014 0.024208 109850 2013-06-03 6.217249e-15 0.755668
3 AAPL put 450.720009 3400 0010959 0.0014 0.024208 0.005 2013-06-03 §.252447e-01 0.000002
4 AAPL call 450.720009 3500 0010959 0.0014 0.024208 100475 2013-06-03 1698519e-01 0.130821
881248  WMT put 75.250000 105.0 1.602740 0.0014 0.029368 32125 2013-06-11 9.858447e-02 0.846645
881249  WMT call 75.250000 110.0 1.602740  0.0014 0.029368 0.195 2013-06-11 1.784709e-01 0.000024
881250 WMT put 75.250000 110.0 1602740 00014 0.029368 36.800 2013-06-11 1.052865e-01 1.161779
881251 WMT call 75.250000 115.0 1602740 0.0014 0.029368 0125 2013-06-11 1.806817e-01 0.000135
881252  WMT put 75.250000 115.0 1.602740 0.0014 0.029368 41750 2013-06-11 1.113141e-01 1.201262

881253 rows x 11 columns

[ 1 # # save data
# df.to_csv(f'/content/drive/My Drive/data_implied_volatility/results/EU_v2/result_EUoptions.csv', index=False)

To run the calculation of implied volatility, | import the results that I just saved:
° # load saved data

link = "https://drive.google.com/file/d/1wI2WD6fmAkUEBhTI4cSFkSkYS51 bLSxCr/view?usp=share link"

df = download_data_from link(link)

df[ 'quote_date'] = pd.to_datetime(df[ quote date'])

STOCKS_LIST = list(df['ticker’].unique())

df
e ticker option_type underlying price strike time2Zmature rf_rate dividend yield option_price quote_date iv_eu error_eu
L] AAPL call 450.720009  330.0 0.010958 00014 0.024208 119.825 2013-06-03 3.712603e-01 0.780514
1 AAPL put 450.720009  330.0 0.01095¢  0.0014 0.024208 0.005 2013-06-03 9.068806e-01 0.000002
2 AAPL call 450.720009  340.0 0.01095¢  0.0014 0.024208 109.850 2013-06-03 6.217249e-15 0.755668
3 AAPL put 450.720009  340.0 0.010958  0.0014 0.024208 0005 2013-06-03 8.252447e-01 0.000002
4 AAPL call 450.720009  350.0 0.01095¢  0.0014 0.024208 100.475 2013-06-03 1.698519e-01 0.130821
881248  WMT put 75250000  105.0 1602740 0.0014 0.029368 32125 2013-06-11 9.858447e-02 0.846645
881249  WMT call 75.250000 110.0 1602740 0.0014 0.029368 0195 2013-06-11 1.784709e-01 0.000024
881250 WMT put 75.250000 110.0 1602740 0.0014 0.029368 36.800 2013-06-11 1.052865e-01 1.161779
881251 WMT call 75.250000 115.0 1602740 0.0014 0.029368 0125 2013-06-11 1.806817e-01 0.000135
881252  WMT put 75.250000 115.0 1602740 0.0014 0.029368 41750 2013-06-11 1.113141e-01  1.201262

881253 rows x 11 columns

In order to increase the accuracy of training model, | remove the predictions that have high
error rates:

[ ] # remove all iv values with errar_rate > 5%
[ “arrar_eu"] - 100* (4f]“error_su"1/df[ “option_price”]
O "1v_eu_sd]'] = Of .apoly(lambda x: x["iv_eu"] 1f x[“error_eu”]<s else np.nan, axise1)
# renove al
F . Loc[ (4F]
# dF.loc[(df["apt
o

_eu_ad§’] - df.loc[ (4F["aptien_type"]--"
& (dF["timelnature”]<8.2) B (df["strike”]>si

eu_sd}"].apply(lanbda x: x
eu_adj"] - df.loc[(dF[ option_type"

. nan)
t°) & (dF["tinelmature™]<8.2) & (¢F["strike™]>588)].apply(lanbda x: x["iv_su_adj"] if (x["iv_eu_adj"]s~8.45) else np.nan, axise1

_type”]

ticker option type wnderlying price strike timezmsturs rf_rate dividesd yield option price quote date iv_eu error_eu
o manL cai . 300 0010889 000N 0024208 18825 20130603 371260301 08

1 e pun 150 300 oowess 000w 0.024208 0.0x 03 9066006801 0.0306 o
2 e e 150720000 3900 0010859 000 024208 109650 20130600 621724915 07909 6217248815
P o 450720009 3400 001095 00014 0024208 005 20130600 8252447e.01 0O4IIS2 825244701
4 maR aal 450720000 3500 0010859 000 0024208 100475 2013.06.03 1698515.01 0130203 1688515.01

81268 put 7 wso  1s02ra0 00O ac28368 2125 2013081 02 2635471 Nan
ssi2e cal 7 wo 1 00018 0028368 130811 0012285 178470501
s put 752 noa 1 00014 0028368 %600 20190611 1052065601 2157006 Nan
ss12s1 cal 75250000 1150 1 00014 0029368 0125 20130641 1806817601 0107659 1806817601
s ot 720000 WSO 1 oo01s 0028368 4TI 2010841 113101 2877275 Nan

881253 rows x 12

Then move to the visualization part, | import the data save in above part:
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~ Vizualize Implied Volatility

[ ] # # load the saved data
# import data from a preprocessed, saved file
link = "https://drive.google.com/file/d/11R-@-URJZDCH5GSCFjs6CWyGsbwxxplj/view?usp=share link"
df = download_data_from_link(link)
df["quote_date'] = pd.to_datetime(df[ 'quote_date’])
STOCKS_LIST = list(df[ ticker'].unique())

df
ticker option_type underlying price strike time2mature rf_rate dividend yield option_price quote_date iv_eu error_eu iv_eu_adj
] AAPL call 450.720009  330.0 0.010959  0.0014 0.024208 119.825 2013-06-03 3.712603e-01 0651378 3.712603e-01
1 AAPL call 450.720009  340.0 0.010958  0.0014 0.024208 109.850 2013-06-03 6.217249e-15 0.687909 6.217249e-15
2 AAPL call 450.720009  350.0 0.010959  0.0014 0.024208 100.475 2013-06-03 1.698519e-01 0.130203 1.698519e-01
3 AAPL call 450.720009  355.0 0.010958  0.0014 0.024208 94.850 2013-06-03 1.953993e-14 0.796940 1.953993e-14
4 AAPL call 450.720009 360.0 0.010959 0.0014 0.024208 90300 2013-06-03 1.601138e-01 0.338842 1.601138e-01
881248  WMT put 75.250000 95.0 1602740  0.0014 0.029368 22725 2013-06-11 8.233676e-02 1.145395 NaN
881249 WMT put 75.250000 100.0 1602740 0.0014 0.029368 27325 2013-06-11 9.102681e-02 2397453 NaN
881250  WMT put 75.250000 105.0 1602740  0.0014 0.029368 32125 2013-06-11 9.858447e-02 2635471 NaN
881251  WMT put 75.250000  110.0 1602740  0.0014 0.029368 36.800 2013-06-11 1.052865e-01 3.157008 NaN
881252 WMT put 75.250000 115.0 1602740 0.0014 0.029368 41750 2013-06-11 1.113141e-01 2877275 NaN

881253 rows x 12 columns

Then import Plotly package and setup for the visualization:

[ 1 from plotly.subplots import make_subplots
import plotly.graph_objects as go

def _visualize_two_iv_surfaces(iv_matrixi, iv_matrix2, ticker):
fig = make_subplots(
rows=1, cols=2,
column_widths=[0.5, ®8.5],
specs=[[{"type": "surface"}, {"type": "surface"}]],
subplot_titles=("EU Call", "EU Put"))
z1 = iv_matrixl.values
x1, yl = iv_matrixl.index.values, iv_matrixl.columns.values

z2 = iv_matrix2.values
%2, y2 = iv_matrix2.index.values, iv_matrix2.columns.values

fig.add_trace(
go.Surface(z=z1, x=x1, y=y1),
row=1, col=1

fig.add_trace(
go.Surface(z=12, x=x2, y=y2),
row=1, col=2

# Update xaxis properties
fig.update_scenes(row=1, col=1, xaxis = dict(title="Time to Maturity’', titlefont=dict(size=0), tickfont=dict(size=9)))
fig.update_scenes(row=1, col=2, xaxis = dict(title="Time to Maturity', titlefont=dict(size=9), tickfont=dict({size=9)))

# Update yaxis properties
fig.update_scenes(row=1, col=1, yaxis = dict(title="Strike’, titlefont=dict(size=0), tickfont=dict(size=9)))
fig.update_scenes(row=1, col=2, yaxis = dict(title="Strike', titlefont=dict(size=9), tickfont=dict(size=9)))

# Update zaxis properties
fig.update_scenes(row=1, col=1, zaxis = dict(title="Implied Volatility', titlefont=dict(size=9), tickfont=dict(size=9)))
fig.update_scenes(row=1, col=2, zaxis = dict(title="Implied Volatility', titlefont=dict(size=9), tickfont=dict(size=9)))

fig.update_layout(height=558, width=118@, title_text=f"{ticker} - Implied Volatility Surface: Black-Scholes-Merton Model")
fig.show()

def _visualize_ iv_surface(iv_matrix, ticker, option_type="EU Call"):
z = iv_matrix.values
%, y = iv_matrix.index.values, iv_matrix.columns.values
# x, y = iv_matrix_call.columns, iv_matrix_call.index
fig = go.Figure(data=[go.Surface(z=z, x=x, y=y)])

# update axis properties

fig.update_scenes(xaxis = dict(title='Time to Maturity', titlefont=dict(size=18), tickfont=dict(size=1@)))

fig.update_scenes(yaxis = dict(title="Strike', titlefent=dict(size=18), tickfont=dict(size=1@)))

fig.update_scenes(zaxis = dict(title="Implied Volatility', titlefont=dict(size=18), tickfont=dict(size=18)))

# fig.update_scenes(xaxis_title_text='Time to Maturity (days/365)', yaxis_title_text='Strike', zaxis_title_text='Implied Volatility')
fig.update_layout(height=608, width=800, title_text=Ff'{ticker} - Implied Volatility Surface {option_type}: Black Scholes-Merton Model")
fig.show()

I also need to create a function to calculate and visualize implied volatility in a period of
time:
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[ ] def visualize iv_surface(ticker, option_type="call,put”, start_date="2013-81-62", end_date="2613-86-11", iv_type='iv_eu’, iv_df=df, drop_na=True):
# # create implied volatily matrix
start_date = pd.to_datetime(start_date)
end_date - pd.to_datetime(end_date)

if option_type == "call,put”:
iv_call df - iv_df.loc[(iv_df["option_type”]=-"call")&(iv_df["ticker"]--ticker)&(iv_df["quote date”]>-start_date)&(iv_df["quote_date"]<-end date)][["timezmature”, "strike”, iv_type]]
iv_put_df = iv_df.loc[ (iv_df["option_type"]=="put")&(iv_df["ticker"]==ticker)&(iv_df["quote date"]>=start_date)&(iv_df["quote_date"]<=end_date)][["timezmature”, *strike”, iv_type]]

iv_matrix_call = iv_call df[["time2mature”, "strike", iv_type]].drop_duplicates(subset=["time2mature”, “strike"]).pivot(index="time2mature”, column:

“strike”, value!

iv_type)
iv_matrix_put = iv_put_df[["timezmature”, "strike”, iv_type]].drop_duplicates(subset=["time2mature”, "strike"]).pivot(index="time2mature”, columns="strike", values=iv_type)

# drop duplicate if needed
if drop_na:

iv_matrix_call = iv_matrix_call.loc[:, iv_matrix_call.isna().mean() <= 8.5]

iv_matrix_put = iv_matrix_put.loc[:, iv_matrix_put.isna().mean() <= 6.5]
# visualise 3d iv surface
_visualize_two_iv_surfaces(iv_matrixl-iv_matrix_call, iv_matrix2-iv_matrix_put, ticker-ticker)
# _visualize iv_surface(iv_matrix call, ticker-ticker, option_typ
# _visualize iv_surface(iv_matrix put, ticker=ticker, option_type

elif option_type == "call":
iv_call df = iv_df.loc[(iv_df["option type”]=="call")&(iv_df["ticker"]==ticker)&(iv_df["quote date"]>=start date)&(iv_df["quote_date"]<=end date)][["time2nature”, "strike", iv_type]]
iv_matrix_call = iv_call df[["time2mature”, "strike", iv_type]].drop_duplicates(subset=["time2mature”, "strike"]).pivot(index="time2nature”, columns="strike", values=iv_type)
# visualize 3d iv surface
_visualize_iv_surface(iv_matrix_call, ticker-ticker, option_type="EU Call")
elif option_type == "put":
iv_put_df - iv_df.loc[ (iv_df["option_type
iv_matrix_put - iv_put_df[["timemature”,
# visualize 3d iv surface

put”)&(iv_df["ticker”]--ticker)&(iv_df[ "quote_date”]>-start_date)&(iv_df["quote date”]<-end_date)][["timezmature”, "strike”, iv_type]]
strike”, iv_type]].drop_duplicates(subset-["time2mature”, “strike"]).pivot(index-"timemature”, columns="strike", values-1v_type)

_visualize_iv_surface(iv_matrix_put, ticker-ticker, option type="EU Put")
else:
print("call or Put not specified”)
return &
[ ] import ipywidgets as widgets
from ipywidgets import interact, interact_manual
1 iv_type = 'iv_eu’

iv_df = df
drop_na = True

def _visualize_iv_surface(iv_matrix, ticker, option_type="EU Call"):
z - iv_matrix.values
X, y = iv_metrix.index.values, iv_natrix.columns.values
# x, y - iv_matrix_call.columns, iv_matrix_call.index
fig - go.Figurenidget(data=[go.surface(z=2, X=X, y=y)1)

# update axis properties

fig.update_scenes(xaxis = dict(title='Time to Maturity', titlefont=dict(size=16), tickfont=dict(size=1@)))
fig.update_scenes(yaxis = dict(title='strike', titlefont=dict(size=16), tickfont=dict(size=10)
fig.update_scenes(zaxis = dict(title='Implied Volatility', titlefont=dict(size=16), tickfont=dict(size=10)))

# fig.update scenes(xaxis title text='Time to Maturity (days/365)', yaxis_ title text='Strike', zaxis title text='Implied Volatility')
fig.update_layout(height=68@, width=368, title text=f'{ticker} - Implied Volatility Surface {option_type}: Black Scholes-Merton Model')
fig.show()

def visualize_iv_surface(ticker, option_type="call,put”, start_date="2613-61-62", end_date="2613-06-11")
# # create implied volatily matrix
start_date - pd.to_datetime(start_date)
end_date = pd.to_datetime(end_date)

if option_type == "call,put":
iv_call ¢f = iv_df.loc[(iv_df["option type"]
iv_put_df = iv_df.loc[ (iv_df["option type”

"call”)&(iv_df["ticker"
"put” )&(1v_df["ticker"]=

ticker)&(iv_df["quote date"]>=start_date)&(iv_df["quote date”]<=end date)][["timezmature”, "strike", iv_type]]
icker)&(1v_df["quote_date”]>=start_date)&(iv_df["quote date"]<=end_date)][["time2mature”, "strike", iv_type]]

iv_matrix_call = iv_call_df[["time2nature”, "strike", iv_type]].drop_duplicates(subset=["timemature”, "strike"]).pivot(index="time2mature”, columns="strike", values=iv_type)
= iv_put_df[["time2mature”, "strike”, iv_type]].drop_duplicates(subset=["time2mature”, "strike"]).pivot(index="time2mature”, columns="strike", values=iv_type)

# drop duplicate if needed
if drop_na:
iv_matrix_call - iv_matrix_call.loc[:, iv_matrix_call.isna().mean() <= .5]
iv_mateix_put = iv_matrix_put.loc[:, iv_matrix_put.isna().mean() <= 8.5]
# visualise 3d iv surface
_visualize two_iv_surfaces(iv_matrixi=iv_matrix_call, iv_matrixz-iv_matrix_put, ticker=ticker)
# visualize iv_surface(iv_matrix call, ticker=ticker, option type="EU Call")
# v_surface(iv_matrix_put, ticker=ticker, option_type="EU Put")

1sualize .

elif option_type == "call":
iv_call df = iv_df.loc[(iv_df["option_type"]
iv_matrix_call - iv_call df[["time2mature”,
# visualize 3d iv surface
_visualize iv_surface(iv_matrix_call, ticker-ticker, option_type="EU Call")

elif option_type == "put
iv_put_df = iv_df.loc[ (iv_df["option_type"]=="put")&(iv_df["ticker"]==ticker)&(iv_df["quote date"]>=start date)&(iv_df["quote_date"]<=end_date)][["time2mature”, "strike”, iv_type]]
iv_matrix_put - iv_put_df[["timezmature”, "strike”, iv_type]].drop_duplicates(subset-["time2mature”, "strike"]).pivot(index-"time2mature”, columns="strike”, values-iv_type)
# visualize 3d iv surface
_visualize iv_surface(iv_matrix_put, ticker=ticker, option type="EU Put")

else:

"call”)&(iv_df[ "ticker"]==ticker)&(iv_df["quote_date"]>=start_date)&(iv_df["quote_date" [<=end_date)][["time2mature”, "strike", iv_type]]
strike”, iv_type]].drop_duplicates(subset-["time2mature”, “strike"]).pivot(index-"time2mature”, columns="strike", values-iv_type)

print("call or Put not specified")
return 8

_ = interact(visualize_iv_surface,
ticker-widgets.Dropdown (options-STOCKS_LIST,
value-'AAPL', description-'Ticker:, disabled-False),
option_type=widgets.Dropdoun(options=["call,put”, "call”, "put"],
value-'call’, description-'Option to Display:’, disabled-False),
start_date-widgets.DatePicker(value=pd.to_datetime('2013-81-82'), description='Start Date
end_date-uidgets.DatePicker (value=pd.to_datetime('2613-06-11"), description='End Date:'))

After that, | draw the implied volatility for one day of AAPL.:

i # visualize cne day AAPL
visualize_iv_surface(ticker="AAPL", option_type="call,put”, start_dat

Then the visualize for 1 week:

° # visualize one week AAPL
visualize_iv_surface(ticker="AAPL", option_type="call,put”, start_date="2013-81-82", end_date="2013-01-89", iv_type='iv_eu_adj

For 1 month:

° # visualize one month AAPL
visualize_iv_surface(ticke

For 6 months:

2013-91-02", end_date="2813-01-82", iv_type="iv_eu_adj', iv_df=df, drop_na=True)

, iv_df=df, drop_na=True)

AAPL", option_type="call,put”, start_date="2013-81-@82", end_date="2613-82-02", iv_type='iv_eu_adj’, iv_df=df, drop_na=True)
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[ 1 # visualize 6-month AAPL
visualize_iv_surface(ticker="AAPL", option_type="call,put”, start_date="2813-281-82", end_date="2013-86-38", iv_type="iv_su_adj"', iv_df=df, drop_na=True)

3.2.2 Compute and Visualize Implied Volatility for American option

The process for American option is the same as European option. The only difference is the
formula used in here is the Binominal function:

o # Import packages
import numpy as np
import scipy as sq

# Defined functions
def LeisenReimerBinomial(option_type, S, K, T, r, q, sigma, n=3@):

# This functions calculates the implied volatility of American options
This code is based on "The complete guide to Option Pricing Formulas™ by Espen Gaarder Haug (2@07)
option_type:

"call" Returns the call value

"put” Returns the put value

is the share price at time t

is the strike price

is the time to maturity in years (days/365)
iz the risk-free interest rate

q is the dividend yield

sigma is the volatility

n determines the step size

3 4= wn

#
#
#
#
#
#
#
#
#
#
#

£

Start of the code
rounds n up tot the nearest odd integer (the function is displayed below the LeisenReimerBinomial function in line x)
= round_up_to_odd(n)

EaE

#

Creates a list with values from @ up to n (which will be used to determine to exercise or not)
_list = np.arange(@, (n + 1), 1)

=

# Checks if the input option is a put or a call, if not it returns an error

if option_type == 'call’:
z =1

elif option_type == "put’:
z=-1

else:

return 'Call er put not defined’

# d1 and d2 formulas of the Black-Scholes formula for European options
d1 = (np.log(s / K) + (sigma ** 2 / 2) * T) / (sigma * np.sqrt(T))
d2 = d1 - sigma * np.sqrt(T)

# The Preizer-Pratt inversion method 1
hdl = @.5 + np.sign(dl) * (©.25 - ©.25 * np.exp(-(dl /
(n+1/3+0.1/(n+1))) **2* (n+1/6))) ** 0.5

# The Preizer-Prat inversion method 2
hd2 = 8.5 + np.sign(d2) * (©.25 - 8.25 * np.exp(-(d2 /
(n+1/3+0.1/(n+1))) ** 2% (n+1/686))) ** 8.5

# Calculates the stepsize in years
dt =T/ n

15



# The Preizer-Pratt inversion method 1
hdl = 8.5 + np.sign(dl) * (©.25 - @.25 * np.exp(-(dl /
(n+1/3+08.1/(n+1)))*2*(n+1/6))) *a.5

# The Preizer-Prat inversion method 2
hd2 = 8.5 + np.sign(d2) * (8.25 - @.25 * np.exp(-(d2 /
(n+1/3+08.1/(n+1)))* 2*(n+1/6))) * 8.5

# Calculates the stepsize in years
dt =T/ n

# The up and down factors

u = hdl / hd2

d=1/u

df = np.exp{(q-r) * dt)

# The probability of going up in a risk-neutral world
# p = hd2

p = (np.exp((r-q)*dt) - d)/(u-d)

# Creates the most right column of the three
max_pay_off_list = []
for i in n_list:
i = i.astype('int")
T={(n-1i)
max_pay_off = np.maximum(@, z * (S * u ** i * d ** T - K))
max_pay_off_list.append(max_pay_off)

# The binominal tree
for j in np.arange(n - 1, @ - 1, -1):
for i in np.arange(®, j + 1, 1):

i = i.astype(int) # Need to be converted to a integer

t=4(-1)

max_pay_off_list[i] = np.maximum((z * (5 * u ** i * d ** £ - K}),

(p * max_pay_off list[i + 1] + (1 - p) * max_pay_off_list[i]) * df)

price = max_pay_off_list[a]

return price

def round_up_to_odd(n):
# This function returns a number rounded up to the nearest odd integer
# For example when n = 180, the function returns 181
return np.ceil(n) // 2 * 2 + 1

def compute_iv_am{option_type, S, K, T, r, g, option_price):
# This function is the implied volatility solver which makes use of Nelder-Mead simplex algorithm
# The paramaters are the same as described as in LeisenReimerBinomial function, except for Option_Value
# option_price is the parameter of the option walue (for which you want to calculate the Implied Volatility)

def objective_function(iv):
# This is the objection function for Nelder-Mead simplex algorithm
result = (option_price - LeisenReimerBinomial(option_type, S, K, T, r, g, iv))**2
return result

# initialize starting point for faster conversion
start_point = np.sqrt(2*abs(((np.log(S/K)}+r*T)/T)))
res = sq.optimize.fmin(objective function, start_point, full output=True, ftol=8.81, maxiter=3@, disp=8)
iv_result = res[@][@]
error = 18@*(np.sqrt(res[1])/opticn_price)
if (iv_result<=8) or (iv_result>1):
res = sq.optimize.fminbound(objective function, ©.81, 1, full output=True, xtol = 8.81, maxfun=38, disp=8)
iv_result = res[@]
error = 188*(np.sqrt(res[1])/option_price)

return [iv_result, error]

3.2.3 Predict Implied Volatility using Machine Learning for European option

The step of import package and import dataset will be the same as the above parts. Then |
need to prepare necessary variables for Dumas fomular:
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° ## preparing data for Dumas

#

#

df_dm call = pd.DataFrame()

ticker = “INTC"

iv_type = 'iv_eu_adj’

all df_dm = pd.DataFrame()

option_types = ["call", "put”]

#

option_types = ["call"]

for option_type in option_types:

df_dm = df.loc[df[ "option_type']==option type][["ticker”, iv_type, "strike", "time2mature"]]
all_df dm_cp = pd.DataFrame()
for ticker in STOCKS LIST:

_strike = np.sort(df_dm.loc[df_dm["ticker"]==ticker]["strike"].unique())

_ttm = np.sort(df_dm.loc[df_dm["ticker"]==ticker]["time2mature"].unique())

df_dm_cp = pd.DataFrame()
for k in _strike:

if len(df_dm cp) == @:
df_dm_cp["T"] = _ttm
df_dm_cp["X"] = k
else:

_df_dm_cp = pd.DataFrame()
_df dm cp["T"] = _ttm

_df_dm_cp["X"] = k
df_dm_cp = pd.concat([df dm cp, _df dm cp], axis=8, ignore_index=True)

df_dm_cp[ "ticker'] = ticker

if len(all_df dm_cp) == @:
all df dm cp = df_dm_cp.copy()
else:

all df_dm_cp = pd.concat([all_df_dm cp, df_dm_cp], axis=8, ignore_index=True)

# add implied wvolatility

_iv_eu = df.loc[df[ 'option_type']==option_type][["ticker”, "strike", "time2mature", iv_type]]
# print(_iv_eu[_ iv_eu[ "ticker']=="AAPL"])

# print(all_df _dm_cp[all_df dm_cp[ ticker']=="84PL"])

all df dm_cp = all df dm _cp.merge(_iv_eu, left on=["ticker’, "X', 'T'], right on=[ 'ticker', 'strike’,

all_df_dm_cp.drop(columns=["strike", "time2mature'], inplace=True)

# compute others variables

all_df_dm_cp["X*2"] = all_df_dm_cp["X"]**2
all_df_dm_cp["T*2"] = all_df_dm_cp["T"]**2
all_df_dm_cp["XT"] = all_df_dm_cp["X"] * all_df_dm_cp["T"]

# add option type

if option_type == "call":
all df_dm_cp['option_type'] = 1
else:

]
@

all_df_dm_cp[ option_type']

# concat call and put df
if len(all_df_dm) ==
all df_dm = all df dm_cp.copy()
else:
all df_dm = pd.concat([all_df_dm, all_df dm_cp], axis=8, ignore_index=True)

# move column ticker to the end
all df dm = all df dm.reindex(columns=[iv_type, 'T", 'X', 'X"~2', 'T*2', 'XT', 'option_type’,

@ # convert ticker to one_hot binary variable using one_hot encoding
dn_encoder=ce.OnehotEncoder(cols="ticker ", handle_unknown="return_nan’,return_df=True,use_cat_names=Trus)
da_encoded - da_encoder.fit_transfora(all_df_dm)
dn_encoded

‘time2mature’], how='left')

"ticker'])

Then in order to run model, I will need to change sticker to one_hot binary variables:

iv_eu_adj Tox x2 2 XT option_type ticker_AAPL ticker CAM ticker (SCO ... ticker )P ticker KO ticker MCD ticker MRK ticker MSFT ticker NKE ticker PG ticker UNH
o NaN 0000000 1350 182250 0.000000 0.000000 1 10 oo oo 0o oo oo ao oo oo 0o 00
1 0000808 0002740 1350 182250 0000008 0388863 1 10 00 00 00 00 00 00 00 00 00 00
z 0999608 0005479 1350 182250 0000030 0739726 1 10 00 00 . 00 00 o0 00 00 00 00 00
3 0999608 0008219 1350 182250 0.000068 1.108589 1 10 oo oo 0o oo oo oo oo oo 0o 00
4 0999608 0010859 1350 182250 0000120 1479452 1 10 00 00 . 00 00 o0 00 00 00 00 00
1268020 NaN 2024658 1150 132250 4.080238 232835616 a a0 00 00 . 00 00 o0 00 00 00 00 00
1268021 NaN 2027397 1150 132250 4110340 233150685 0 00 0 00 00 00 00 00 00 00 00 00
1268022 NaN 2035616 1150 132250 4143734 234095650 0 00 00 00 00 00 00 00 00 00 00 00
1268023 NaN 2038356 1150 132250 4154836 234.410959 0 00 00 00 00 00 o0 00 00 00 00 00
1268024 NaN 2041095 1150 132250 4166072 234726027 0 00 00 00 00 00 00 00 00 00 00 00

1268025 rows = 25 columns.

Next step, | use Linear Regression and | use Sklearn package to run it:
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[ 1 #8 Fit linear regression modsl
Fron sklearn import linear_sodel
from sklearn.metrics import mean_squared_error, r2_score
fron sklearn.preprocessing inport Standardscaler
Fron sklearn.node)_selection import train_test_split

© ' deop nan

encoded = dm_encoded.dropna()

# run Regression using sklearn
X = _dm_encoded.drop(colusnss[1v_type]}
¥ = _dn_encoded[iv_type]
# X - df_dn_scaled.drop(columns=[*iv'])
#y = df_dn_scaled['iv']

# split train/test set with .75/.25 ratio
X_train, X_test, y_train, y_test = train_test_split(X, y, test_sizes8.25, random_statesd2)

# # drop the last column of ticker to prevent co-linearity
# last_col_name = X.iloc[:,-1].nane

# last_col_val Xtrain = X_train.iloc[:,-1].values

# last_col_val_xtest = X_test.iloc[:, -1].values

# X_train.drop{columns=[last_col_name], inplacesTrue)

# X_test.drop(coluans=[last_col_name], inplace-True}

1r = linear_nodel.linearRegression()
Ir.fit(X_train, y_train)
y_pred = lr.predict(x_test)

coef = [4 for 1 in 1r.coef_]
intercept = Ir.intercept_

Ir_rmse = np.sqrt(sean_squared_error(y_test, y_pred))
1r_r2 = r2_score(y_test, y_pred)

# The intercept
print("Intercept: *, intercept)

# The coefficients[]

print(“Coefficients: \n", coef)

# The mean squared error

print("Acot Mean squared error: RMSE - X.4F" X 1r_rmse)

# The coefficient of determination: 1 is perfect prediction
print("Coefficient of determination: R2 = %.2f" % Ir_r2)

% Intercept: 8.624158311218606
C: 4

Coefficients:

[-0.36628424485681, -0.8022635589632729983, 1.9551974295740078e-06, B.15738881617429383, -8.6518354963581190-05, 9.906279196703969242, ©.46326701082651216, 9.12584529792940866, -0.0884194638230587, 0.87000982953291535, -9.872537468737879

Root Mean squared ercor: RMSE = 8.1831
Coefficient of determination: Rz = @.22

Then | also use Statmodel to run again:
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[]

import statsmodels.api as sm

#define response wvariable
y = _dm_encoded[iv_type]

j#define predictor variables
X =

#add constant to predictor variables
X = sm.add_constant(x)

§#fit linear regression model
1r_model = sm.OLS(y, x).fit()

f#view model summary
print(lr_model.summary())

_dm_encoded.drop{columns=[iv_type])

ssion Results

R-squared:
Adj. R-squared:
F-statistic:

Prob (F-statistic):

1.979%9e+85
-2.959e+85
-3.957e+85

8.159
.25e-B5
8.087
8.584
8.168
-8.053
.1es
.837
.e12
.847
.8e4
083
L8B3
.841
.836
.875
.811
.82e
.826

Log-Likelihood:
AIC:
BIC:

t P>t
828.496 8.a68
266.326 0.a8e
282.675 0.a8e
288.581 0.a8e
223.378 0.a8e
-52.712 0.a8e

14.436 0.a8e
285,988 8.a68
173.638 8.a68
-58.423 8.a68

88.469 0.a8e
-34.973 0.a8e

8.588 0.a8e
-44.875 0.a8e
1.585 8.132

-5.118 8.a68
-58.el18 0.a8e

32.558 0.a0e
-35.869 0.a8e
-75.893 0.a8e
-12.396 0.a8e

14.317 0.a8e
-22.484 0.a88
124,284 0.a0e

-3.456 0.e81

Durbin-Watson:
Jarque-Bera (JB):
Prob(JB):

Cond. No.

8.888
186234.428
9.68
7.91e+18

OLS Regre
Dep. Variable: iv_eu_adj
Model: oLs
Method: Least Squares
Date: Mon, 14 Aug 2823
Time: 89:858:18
Mo. Observations: 712213
Df Residuals: 712189
Df Model: 23
Covariance Type: nonrobust
coef std err
const @.5912 @.0e1
T -@.3671 @.0e1 -
X -@.8823 B8e-06 -
X2 1.952e-86 6.76e-89
T2 a.1576 @.ee1
XT -8.56%e-085 1.63e-86
option_type a.08564 2.888
ticker_ AAPL @.5883 @.882
ticker_CRM @.1582 @.8el
ticker_C5CO -@.8553 @.8el
ticker_CvX @.1a23 @.0e1
ticker_DIS -@.a8387 @.0e1
ticker_HD a.8a%6 a.0e1
ticker INTC -@.e48%9 a.0e1
ticker_ JNJ a.ee1e a.0e1
ticker_JPM -8.0843 @.8el
ticker_KO -@.e653 @.0e1
ticker_MCD @.8288 @.001
ticker_MRK -@.a8376 @.ee1
ticker MSFT -a@.a8767 @.ee1
ticker NKE -@.8132 @.ee1
ticker_PG a.e172 a.0e1
ticker UNH -8.8281 @.0el
ticker Vv @.1351 @.001
ticker_WMT -@.ee4l @.001
Omnibus: 18323@.277
Prob(Omnibus): 8.80e8
Skew: 8.948
Kurtosis: 4.652
Notes:

[1] standard Errors assume that the covariance matrix of the erreors is correctly specifiad.

[2] The smallest eigenvalue is 6.85e-24. This might indicate that there are
strong multicollinearity problems or that the design matrix is singular.

Then, | use model to predict:
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def predict_iv_dm(ticker, option_type, strike, ttm, model=1r, model name = 'lr'):
if option_type == ‘call’:
option_type = 1
else:

option_type = @

iv = np.nan

X = pd.DataFrame(np.array([[iv, ttm, strike, strike**2, ttm**2, strike*ttm, option_type, ticker]]), columns=[iv_type, 'T', 'X', 'X*2', 'T*2', 'XT', ‘option_type', 'ticker'])
X_transformed = dm_encader. transform(X)

X_transformed.drop(columns=[iv_type], inplace=True)

# if model_name == "1r':
# # drop the last column
# X_transformed.drop(columns=[last_col_name], inplace=True)

iv_pred = model.predict(X_transformed)
return max(8.81, min(1, iv_pred[a]))

print("Predicted value:")
print(predict_iv_dm(ticker = "AAPL", option_type='call’, strike = 2@e, ttm = 0.2, model=lr))
print(predict_iv_dm(ticker = "AAPL", option_type='call’, strike = 1858, ttm = 8.2, model=1r))

print("\nActual value:")
print(all_df_dm.loc[ (all_df_dm[ticker']
print(all_df_dm.loc[(all_df_dm['ticker']

“AAPL")&(all_df _dm['X"]
"AAPL")&(all_df_dm['X"]

200)&(all_df dm['T']

==8.2)][iv_type].values[@])
1050)8&(all_df_dm['T']

=0.2) ][iv_type].values[8])

Predicted value:
©.6537765855585147
©.7923517691228487

Actual value:
9.999687542093466
9.5715448904044042

df_dm = dm_encoder.inverse_transform{dm_encoded)

# add predicted values

# X_transformed = dm_encoded.drop(columns=[last_col_name])

# iv_eu_pred_lr = lr.predict(X_transformed.drop(columns=[iv_type]).values)
iv_eu_pred_lr = lr.predict(dm_encoded.drop(columns=[iv_type]).values)
df_dm.insert(loc=1, column='iv_eu_pred_lr', value=iv_eu_pred_1lr)

# rename column
df_dm.rename({columns={"T": "timelZmature”, "X": "strike"}, inplace=True)

# remap option_type
df_dm["option_type"] = df_dm["option_type”].apply(lambda x: "call” if x==1 else "put")

df_dm
C iv_eu_adj iv_eu_pred_lr timeZmature strike X2 T2 XT option_type ticker f: m

1] NaN 0.828757 0.000000 1350 18225.0 0.000000 0.000000 call  AAPL
1 0.999608 0.827723 0.002740 1350 18225.0 0.000008 0.369863 call  AAPL
2 0.999608 0.826691 0005479  135.0 182250 0.000030 0.739726 call  AAPL
3 0.999608 0.825661 0.008219 1350 18225.0 0.000068 1.109589 call  AAPL
4 0.999608 0.824634 0010959 1350 18225.0 0.000120 1.479452 call  AAPL

1268020 NaN 0.234809 2.024658  115.0 13225.0 4.099238 232835616 put  WMT

1268021 NaN 0.235526 2027397 1150 132250 4.110340 233.150685 put  WMT

1268022 NaN 0.237689 2035616  115.0 132250 4.143734 234.095890 put  WMT

1268023 NaN 0.238415 2.038356  115.0 132250 4.154896 234410959 put  WMT

1268024 NaN 0.239144 2041096  115.0 13225.0 4.166072 234.726027 put  WMT

1268025 rows x 9 columns

Then | save the results above to Google Drive:

[ 1 import os
# # make a new folder in drive
if os.path.exists('/content/drive/My Drive/data_implied volatility/models"') == False:
os.makedirs( " /content/drive/My Drive/data_implied volatility/models®, exist_ok=True)

Then I start to create a matrix and in that matrix, divide Strike and Time2Mature into equal
interval:
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def divide space(df):
# divide an input df into equal interval of Strike and Time2Mature
df_dm_space = pd.DataFrame()

option_types = ["call", "put"]
# option_types = ["call"]
for option_type in option_types:
_df dm = df.loc[df[ 'option_type']==option_type][["ticker", iv_type, "strike", "time2mature"]]
df_dm_cp = pd.DataFrame()
for ticker in STOCKS_LIST:
_strike = np.sort(df_dm.loc[df dm["ticker"]==ticker]["strike"].unique())
_ttm = np.sort(df_dm.loc[df _dm["ticker"]==ticker]["time2mature"].unique())

n_strike = len{_strike)
step strike = (_strike[-1] - _strike[e])/n_strike
_strike_equal = [(_strike[e] + c*step_strike) for ¢ in range(n_strike) if

et

(
L

strike[@] + c*step_strike)<= _strike[-1]]

n_ttm = len(_ttm)
step_ttm = (_ttm[-1] - _ttm[@])/n_ttm
_ttm _equal = [(_ttm[@] + c*step ttm) for c in range(n_ttm) if (_ttm[e] + c*step_ttm)<= _ttm[-1]]

_df_dm_cp = pd.DataFrame()
for k in _strike_equal:
if len(_df_dm_cp) == @:
_df_dm_cp["T"] = _ttm_equal
_df_dm_cp["X"] = k
else:
_ df_dm_cp = pd.DataFrame()
_ df_dm_cp["T"] = _ttm_equal
_df_dm_cp["X"] = k

_df_dm_cp = pd.concat([_df dm_cp, _ df_dm_cp], axis=8, ignore_index=True)
_df_dm_cp[ "ticker'] = ticker

if len(df_dm_cp) == @:
df dm_cp = _df dm_cp.copy()
elsa:
df _dm _cp = pd.concat([df_dm _cp, _df dm cp], axis=8, ignore_index=True}

# compute others variables

df_dm_cp["X*2"] = df_dm_cp["X"]**2
df_dm_cp["T~2"] = df_dm_cp["T"]**2
df_dm_cp["XT"] = df_dm_cp["X"] * df_dm_cp["T"]

# add option type

if option_type == "call":
df_dm_cp[ 'option_type'] = 1
else:

df_dm_cp[ 'option_type'] = @

# concat call and put df
if len(df_dm_space) == 0:
df_dm_space = df_dm_cp.copy()
else:
df_dm_space = pd.concat([df_dm_space, df_dm_cp], axis=8, ignore_index=True)

# move column ticker to the end
df_dm_space = df_dm_space.reindex(columns=['T", ‘X", 'X~2', 'T*2", 'XT', 'option_type', "ticker'])

return df_dm_space

Then | predict matrix use fitted model:
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~ predict matrix using fitted model

[ ] # use fitted model to compute iv of df_da_space matrix

# ¥ decoding ticker
df_viz = of_dm_space.copy()

df_dn_space. insert(loc-e, column-1v_type, value-np.nan)

[ ] ¢f du_space_t - dn_encoder.

df_dn_space_transforned

iv_eu_adj T
o NaN 0.000000
1 NaN 0005274
2 NaN 0010548
3 NaN 0015822
4 NaN 0021097

827863 NaN 2013662

827864 NaN 2019149

827865 NaN 2024635

827866 NaN 2030122

827867 NaN 2035609

27568 rows x 25 columns

# @

_dm_space)

X2 T2

135000000 18225000000 0000000

135.000000 18225.000000 0.000028
135.000000 18225.000000 0000111
135.000000 18225.000000 0.000250

135.000000 18225.000000 0.000445

112265625 12603.570557 4054834

112.265625 12603.570557 4.076961

112.265625 12603.570557 4.099149

112265625 12603 570557 4121396
112265625 12603 570557 4143704

XT option_type ticker ASPL ticker CRM ticker_CSCO

0.000000
0712010
1424020
2136031

2.848041

226.065001
226680962
227.296963
227 912944
228 526925

1

1

1

10
10
10
10

10

00
00
00
L]
00

a0
oo
oo
00

00

a0
00
00
00
o0

00
00
00
0.0

0.0

00
0.0
0.0
00
00

ticker_JPM ticker KO ticker MCD ticker MRK ticker MSFT ticker NKE ticker PG ticker UNH

00
oo
oo
00

00

o0
00
00
00
00

0o
00
0o
00

00

0o
00
00
0o
0o

0o
oo
oo
00

00

0o
oo
00
00
00

0o
oo
oo
00

00

00
00
00
oo
oo

0o
0o
0o
0o

0o

0o
0o
00
0o
0o

0o
oo
oo
00

00

0o
00
00
0o
00

0o
oo
oo
0o

0o

0o
0o
00
0o
0o

0o
0o
0o
00

00

oo
00
0.0
L]
oo

2 __________________________________________________________________________________________|

[ 1 # add predicted values

1v_eu_pred_lr - Ir.predict(¢f_dn_space_transformed.drop(columns=[1v_type]).values)

df_viz.insert(loc=8, column='iv_su_pred_lr', value-iv_eu_pred_lr}

# remap option_type

df_viz["option_type"] = df_viz[“option_type”].apply(lanbda x: “call” if x==1 else "put")

# rename columns

dF_viz.renase(colusns=("T": "

‘timeasature”, "X":

df_viz
iv_eu_pred_Ir timezmature  strike
a 0826757 0.000000 135.000000
1 0826768 0005274 135.000000
2 0824783 0010548 135000000
3 0822816 0015822 135 000000
4 0520853  0.021087 135000000
827863 0237408 2013662 112.265625

“streike”), inpla

-True)

T2 X1 option_type

18225000000 0000000  0.000000

18225.000000 0000028 0712010

18225000000

0000111 1.424020

18225000000 0000250 2136031

18225.000000 0.000445 2848041

12603.570557 4.054834 226.085001

Then | visualize the matrix:

call
call
call
call

call

put

WMT
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[1

[1

[1

def visualiz

if option_type

elif option_type

from plotly.subplots import make_subplots
import plotly.graph_objects as go

def _wisualize_two_iv_surfaces{iv_matrixi, iv_matrix2, ticker, model="Dumas - Linear Regression"):

fig = make_subplots(
rows=1, cols=2,
column_widths=[8.5, 8.5],
specs=[ [{"type": "surface"}, {"type": "surface"}]],
subplot_titles=("EU Call", "EU Put"))
z1 = iv_matrixl.values
x1, y1 = iv_matrixl.index.values, iv_matrixi.columns.wvalues

z2 = iv_matrix2.values
x2, y2 = iv_matrix2.index.values, iv_matrix2.columns.values

fig.add_trace(
go.Surface(z=z1, x=x1, y=y1),
row=1, col=1

fig.add_trace(
go.Surface(z=z2, x=x2, y=y2),
row=1, col=2

# Update xaxis properties

fig.update_scenes(row=1, col=1, xaxis = dict(title="Time to Maturity’, titlefont=dict(size=0), tickfont=dict(size=9)))
fig.update_scenes(row=1, col=2, xaxis = dict(title="Time to Maturity’, titlefont=dict(size=0), tickfont=dict(size=0)))

# Update yaxis properties

fig.update_scenes(row=1, col=1, yaxis = dict(title="Strike', titlefont=dict(size=08), tickfont=dict(size=2)))
fig.update_scenes(row=1, col=2, yaxis = dict(title="Strike', titlefont=dict(size=8), tickfont=dict(size=2)))

# Update zaxis properties

fig.update_scenes(row=1, col=1, zaxis = dict(title="Implisd Volatility', titlefont=dict(size=9), tickfont=dict(size=9)))
fig.update_scenes(row=1, col=2, zaxis = dict(title="Implied Volatility', titlefont=dict(size=9), tickfont=dict(size=9)))

fig.update_layout(height=68@, width=1280, title_text=f"{ticker} - Implied Volatility Surface: {model}")
fig.show()

def wisualize iv surface(iv_matrix, ticker, option_type="EU Call", model="Dumas - Linear Regression"):

z = iv_matrix.values

X, ¥ = iv_matrix.index.values, iv_matrix.columns.values
# %, ¥y = iv_matrix_call.columns, iv_matrix_call.index
fig = go.Figure(data=[go.Surface(z=z, x=x, y=y)])

# update axis properties

fig.update_scenes(xaxis = dict(title="Time to Maturity', titlefont=dict(size=18), tickfont=dict(size=18)))

fig.update_scenes(yaxis = dict(title="Strike’, titlefont=dict(size=18), tickfont=dict(size=18)))
fig.update_scenes(zaxis = dict(title

Implied Volatility', titlefont=dict(size=18), tickfont=dict(size=18)))

# fig.update_scenes(xaxis_title text='Time to Maturity (days/365)", yaxis_title text="Strike', zaxis_title text="Implied Volatility")

fig.update_layout(height-6@@, width-8ee, title_ text=f'{ticker} - IV Surface - {option_type}: {model}")
fig.show()

“call,put":
iv_call_df = iv_df.loc[(iv_df["option_type"]-="call*)&(iv_df["ticker"]-=ticker)][["timeZmature”, "strike”, iv_type]]
iv_put_df = iv_df.loc[ (iv_df["option_type"]-="put")&(iv_df["ticker"]-=ticker)][["time2mature", "strike", iv_type]

iv_matrix_call = iv_call_df[["time2mature”, “strike”, iv_type]].drop_duplicates(subset=["time2mature”, “strike"]).pivot(index="time2nature”, column

iv_matrix_put - iv_put_df[

# drop duplicate if needed
if drop_na:
iv_matrix_call = iv_matrix_call.loc[:, iv_matrix_call.isna().mean() <= 8.2]
iv_matrix_put = iv_matrix_put.loc[:, iv_matrix_put.isna().mean() <= 0.2]
# visualise 3d iv surface
_visualize_tuo_iv_surfaces(iv_matrixl=iv_matrix_call, iv_matrix2-iv_matrix_put, ticker=ticker, model-model)
# _visualize iv_surface(iv_matrix_call, ticker=ticker, option_type="EU call")
# visualize iv_surface(iv_matrix_put, ticker-ticker, option_type="EU Put")

"call”:
iv_call_df = iv_df.loc[(iv_df[“option_type"]=="call")&(iv_df["ticker"]==ticker)][["time2mature”, "strike", iv_type]]

_iv_surface(ticker, option_type="call,put®, iv_type='iv_eu’, iv_df-df_viz, model-"Dumas - Linear Regression”, drop_na=True):
# # create implied volatily matrix

# start_date = pd.to_datetime(start_date)

# end_date = pd.to_datetime(end_date)

strike”, values-iv_type

time2mature”, “strike", iv_type]].drop_duplicates(subset-["time2mature”, “strike"]).pivot(index-"time2mature”, colums-"strike", values-iv_type)

iv_matrix_call = iv_call_df[["time2mature”, "strike”, iv_type]].drop_duplicates(subset=["time2mature”, “strike"]).pivot(index="time2nature”, columns="strike", values=iv_type

# visualize 3d iv surface
_visualize_iv_surface(iv_matrix_call, ticker=ticker, option_type="EU Call”, model-model)

e1if option_type — "put':

iv_put_df - iv_df.loc[ (iv_df["option_type"]-="put")&(iv_df["ticker"]-=ticker)][["time2nature", "strike", iv_type]

iv_matrix_put = iv_put_df[[“time2mature”, “strike”, iv_type]].drop_duplicates(subset=["time2mature”, “strike"]).pivot(index="time2mature", colums="strike", values=iv_type)

# visualize 3d iv surface
_visualize_iv_surface(iv_matrix_put, ticker=ticker, option_type="tU Put", model=model)

else:

print(“call or Put not specified")
return @
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# visualize_iv_surface equal(ticker="AAPL", model=lr, iv_type="iv_eu_pred_lr', option_type="call,put”, start_date="2013-@1-@2", end date="2013-01-02", df=df, drop_na=False)
visualize_iv_surface(ticker="AAPL", option_type-"call,put”, drop_na-True, iv_type-'iv_eu pred lr', model-"Dumas - Linear Regression”, iv_df-df_viz)



Then, I move to second model, it is Decision Tree, the process similar to Linear Regression. |
train the model

[ 1 from sklearn.tree import DecisionTreeRegressor
import pickle

[ 1 # # drop nan
# _dm_encoded = dm_encoded.dropna()

# # run Regression using sklearn
# X = _dm_encoded.drop(columns=[iv_type])
# y = _dm_encoded[iv_type]

o # training time = 5 secs

4

# split train/test set with .75/.25 ratio
¥_train, X _test, y train, y test = train_test split(X, y, test size=8.25, random_state=42)

£

dt = DecisionTreeRegressor(random_state = 8)
dt.fit(X_train, y_train)

# # load saved model

# model save name = 'eu_decision_tree.pickle’

# path = f"/content/drive/My Drive/data implied volatility/models/{model save name}"
# with open(path , 'rb") as f:

# dt = pickle.load(f)

y_pred = dt.predict(X_test)

# The mean squared error

dt_rmse = np.sqrt(mean_squared_error(y_test, y pred))

# The R2

dt_r2 = r2_score(y_test, y pred)

print("Dacision Tree - Root Mean squared error: RMSE = %.6f" % dt_rmse)
print("Decision Tree - R2: R2 = %.6f" % dt_r2)

Decision Tree - Root Mean squared error: RMSE = @.142358
Decision Tree - R2: R2 = @.527823

Then use it to predict value:
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[1

## Use fitted model to predict missing value

def predict_iv_dm(ticker, option_type, strike, ttm, model-dt}:

if option_type == "call':

option_type = 1

else:
option_type = @
iv = np.nan
X = pd.DataFrame(np.array([[iv, ttm, strike, strike**2, ttm**2, strike*ttm, option_type, ticker]]), columns=[iv_type, 'T', 'X', 'X*2', 'T"2’,
X_transformed = dm_encoder. transform(X)
X_transformed.drop(columns=[iv_type], inplace=True)
iv_pred = model.predict(X_transformed)
return max(8.e1, min(1, iv_pred[@]))
print("Predicted value:")
print(predict_iv_dm(ticker = “AAPL", option_type='call’, strike = 2@@, ttm = ©.2, model=dt))
print(predict_iv_dm(ticker = "AAPL", option_type='call’, strike = 1658, ttm = 8.2, model=dt))
print("\nActual value:")
print(all_df_dm.loc[ (all_df_dm["ticker']=="AaPL")&(all_df_dm['X']--200)&(all_df dm['T']-=0.2)][iv_type].values[e]}
print(all_df dm.loc[(all df dm['ticker']=="AAPL")&(all df dm['X']=-=185@)&(all df dm['T']==8.2)][iv_type].values[@])
Predicted value:
©.9996075420893466
©.5715448994044049
Actual value:
©.9996875420893466
©.5715448994044049
[ ] ## Use fitted model to predict missing value
# #% decoding ticker
# df_dm = dm_encoder.inverse_transform(dm_encoded)
# add predicted values
iv_eu pred dt = dt.predict({dm _encoded.drop(columns=[iv_type]).values)
df_dm.insert(loc=2, column="iv_eu_pred_dt', value=iv_eu_pred_dt)
df_dm
iv_eu adj iv_eu pred Ir iv_eu pred dt timeZmature strike x~2 T2 XT option_type ticker % [0
[ NaN 0.828757 0.999608 0.000000  135.0 18225.0 0.000000 0.000000 call  AAPL
1 0.999608 0.827723 0.999808 0.002740 1350 182250 0.000008  0.369863 call  AAPL
2 0.999608 0.826691 0.999808 0.005479 1350 182250 0.000030  0.739726 call  AAPL
L 0.999608 0.825661 0.999608 0.008219  135.0 18225.0 0.000068 1.109589 call  AAPL
4 0.999608 0.824634 0.999608 0010959 1350 182250 0000120 1479452 call  AAPL
1268020 NaN 0.234809 0.200164 2024656 1150 132250 4.099238 232.835616 put  WMT
1268021 NaN 0.235526 0.200164 2027397 1150 132250 4.110340 233.150685 put  WMT
1268022 NaN 0.237689 0.200164 2035616 1150 132250 4.143734 234095890 put  WMT
1268023 NaN 0.238415 0.200164 2.038356 115.0 13225.0 4154896 234.410939 put WIMT
1268024 NaN 0.239144 0.200164 2.041096 1150 132250 4.166072 234.726027 put  WMT
1268025 rows x 10 columns
[ 1 # add predicted values
iv_eu_pred dt = dt.predict(df_dm_space_transformed.drop(columns=[iv_type]).values)
df _viz.insert(loc=@, column="iv_eu_pred_dt', value=iv_eu pred_dt)
df viz
iv_eu pred_dt iv eu pred 1r time2mature strike X2 ™2 XT option_type
1] 0.9996086 0.828757 0.000000 135.000000 18225.000000 0.000000 0.000000 call
1 0.999608 0.826768 0.005274 135.000000 18225.000000 0.000028 0.712010 call
2 0.803750 0.824788 0.010548 135.000000 18225.000000 0.000111 1.424020 call
3 0.999608 0.822816 0.015822 135.000000 18225.000000 0.000230 2136031 call
4 0.9996086 0.820853 0.021097 135.000000 18225.000000 0.000445 2.648041 call
827863 0.200164 0.237408 2013662 112.265625 12603.570557 4.054834 226.065001 put
827864 0.200164 0.236828 2019149 112.265625 12603.570557 4.076961 226680982 put
827865 0.200164 0.240257 2024635 112.265625 12603.570557 4.099149 227 296963 put
827866 0.200164 0.241685 2030122 112.265625 12603.570557 4.121396 227912944 put
827867 0.200164 0.243143 2035609 112265625 12603.570557 4.143704 228528925 put

827868 rows x 9 columns

Then | start to visualize:

° visualize_iv_surface(ticker="AAPL", option_type="call,put”, drop_na=False, iv_type="iv_eu_pred_dt"', model="Dumas - Decision Tree", iv_df=df_viz)

Next model is Random Forest, the process is the same:
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~ Model training

[ 1 from sklearn.ensemble import RandomForestRegressor
import pickle

1

# drop nan
_dm_encoded = dm_encoded.dropna()

+

# # run Regression using sklearn
X = _dm_encoded.drop{columns=[iv_type])
# y = _dm encoded[iv_type]

1

1

training time = 4mins
running time by loading saved model = 36 secs

£

+

# split train/test set with .75/.25 ratio
X_train, X _test, y_train, y test = train_test split(X, y, test_size=8.25, random_state=42)

1

rf = RandomForestRegressor()
rf.fit{X_train, y_train)

# load saved model
model save name = "eu_random_forest.pickle’
path = f"/content/drive/My Drive/data_implied_volatility/models/{model_save_ name}
with open(path , 'rb") as f:
rf = pickle.load(f)

HH o H oM

£

y_pred = rf.predict(X_test)

# The mean squared error

rf_rmse = np.sqrt(mean_squared_error(y_test, y_pred))

# The R2

rf_r2 = r2_score(y_test, y pred)

print("Random Forest: Mean squared error: RMSE = X.6f" ¥ rf_rmse)
print("Random Forest: R2: RMSE = %.6f" % rf_r2)

Random Forest: Mean squared error: RMSE = 8.142308
Random Forest: R2: RMSE = @.527823
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~ Use model to predit missing value

© ## Use fitted model to predict missing value
def predict_iv_dm(ticker, option_type, strike, ttm, model=rf}:
if option_type == ‘call’:
option_type = 1
else:
option_type = @
iv = np.nan
X = pd.DataFrame(np.array([[iv, ttm, strike, strike**2, ttm**2, strike*ttm, option_type, ticker]]), columns=[iv_type, 'T", ‘X", 'X*2°, 'T"2", 'XT', ‘option_type', "ticker'])
X_transformed = dm_encoder. transform(X)
X_transformed. drop(columns=[iv_type], inplace=True)

iv_pred = model.predict(X_transformed)
return max(6.01, min(1, iv_pred[e]))

print("Predicted value:™)
print(predict_iv_dm(ticker
print(predict_iv_dm(ticker

AAPL", option_type='call’, strike
AAPL", option_type='call’, strike

200, ttm = 0.2, model=rf))
1058, ttm = 8.2, model=rf))

print("\nActual value:")
print(all_df_dm.loc[(all_df_dm['ticker
print(all_df_dm.loc[(all_df_dm['ticker

PL*)&(all_df_dm[ ‘X" ]-=26@)&(all_df_dn['T
PL")&(all_df_dm[ ‘X" ]-=1050)&(all_df_dm['T"

0.2) ] [iv_type].values[@])
-6.2)][iv_type].values[a]}

Predicted value:
6.9978898555823842
8.5611743197849536

Actual value:
6.9926087542093466
6.5715448904844049

## Use fitted model to predict missing value
# ## decoding ticker

# df_dm = dn_encoder.inverse_transform(dm_encoded)

# add predicted values

iv_eu_pred_rf = rf.predict(dm_encoded.drop(columns=[iv_type]).values)
df_dm. insert(loc=3, column="iv_eu_pred_rf', value=iv_eu_pred_rf)

of dm

Then the last model is Gradient Boosting:
¥ Model training

[ 1 from sklearn.ensemble import GradientBoostingRegressor

[ 1 # # drop nan
# _dm_encoded = dm_encoded.dropna()

# # run Regression using sklearn
# X = _dm_encoded.drop(columns=[iv_type])
# y = _dm_encoded[iv_type]

[ 1 # training time = 1min

# # split train/test set with .75/.25 ratio
# X _train, X test, y train, y test = train_test split(X, y, test size=8.25, random_state=42)

gh = GradientBoostingRegressor(random_state=8)
gb.fit(X_train, y_train)
y_pred = gb.predict(X_test)

# The mean squared error

gh_rmse = np.sqrt(mean_squared_error(y_test, y_pred))

# The r2

gh r2 = r2_score(y_test, y pred)

print("Gradient Boosting - Mean squared error: RMSE = X.6f" % gb_rmse)
print("Gradient Boosting - R2: RMSE = ¥.6f" % gb_r2)

Gradient Boosting - Mean sguared error: RMSE = @8.151875
Gradient Boosting - R2: RMSE = 8.468464
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~ Use model to predit missing value

[ ] ## Use fitted model to predict missing value
def predict_iv_dm(ticker, option_type, strike, ttm, model-gb):
if option_type — ‘call':
option_type = 1
option_type - @
iv = np.nan
X - pd.DataFrame(np.array([[iv, ttm, strike, strike**2, ttm**2, strikettm, option_type, ticker]]),
X_transformed = dm_enceder. transform(X)
X_transformed. drop(columns=[iv_type], inplace=True)

iv_pred = model.predict(X_transformed)
return max(e.el, min(1, iv_pred[e]))

print("Predicted value:")
print(predict_iv_dm(ticker
print(predict_iv_dm(ticker

PL”, option_type='call’, strike
AMPL", option_type='call’, strike

260, ttm = ©.2, model=gh))
1e5e, ttm = 0.2, model-gb))

print("\nActual value:")
print(all_df_dm.loc[(all_df dm['ticker’
print(all_df_dm.loc[(all_df dm['ticker'

8.2)][iv_type].values[e])
-0.2) ] [iv_type].values[8])

PL")&(all_df_dm['X']--20@)&(all_df dm['T"
AAPL")&(all_df_dm[ ‘X' ]-=105@)&(all_df_dn['T’

>

Predicted value:
8.5548180874605053
©.5200281334216683

Actual value:

8.999687542893466
8.5715448994044849

© ## Use fitted model to predict missing value
# ## decoding ticker
# df_dm_gb - dm_encoder.inverse_transform(dm_encodad)

# add predicted values
iv_eu_pred_gb - gb.predict(dm_encoded.drop(columns=[iv_type]).values)
¢f_dn.insert(loc-4, column-'iv_eu_pred gh', value-iv_eu_pred_gb)

4f_dn

At the end, | compare 4 models:
~ Compare models

/.

a model_names = ["Linear Regression", "Decision Tree", "Random Forest", "Gradient Boosting"]

rmses = [lr_rmse, dt_rmse, rf_rmse, gb_rmse]
r2 = [1lr_r2, dt_r2, rf_r2, gb_r2]

columns=[iv_type, 'T', 'X', 'Xx*2', 'T*2', 'XT', 'option_type’,

“ticker'])

models_compare = pd.DataFrame(list(zip(model_names, rmses, r2)), columns=["Models", "RMSE", "R2"])

# sort the result by RMSE
models_compare.sort_values(by="RMSE", inplace=True, ignore_index=True)
models_compare
Models RMSE R2
0 Random Forest 0.131763 0.595669
1 Decision Tree 0.142390 0.527823
2 Gradient Boosting 0.151075 0.468464

3 Linear Regression 0.183144 0.218851

3.2.4 Predict Implied Volatility using Machine Learning for American option
The process in American option is similar to European option and the results is as below:
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° Inodel_names = ["Linear Regression", "Decision Tree", "Random Forest", "Gradient Boosting"]
rmses = [lr_rmse, dt_rmse, rf_rmse, gb_rmse]
r2 = [1r_r2, dt_r2, rf_r2, gb_r2]

am_models_compare = pd.DataFrame(list(zip(model_names, rmses, r2)), columns=["Models", "RMSE", "R2"])
# sort the result by RMSE

am_models_compare.sort_values(by="RMSE", inplace=True, ignore_index=True)

am_models_compare[ 'option_type'] = "AM"

am_models_compare

Models RMSE R2 option_type

0 Random Forest 0.068114 0.871866 AM

1 Decision Tree 0.087163 0.790176 AM

2 Gradient Boosting 0.106985 0.683891 AM

3 Linear Regression 0.142467 0.439447 AM
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