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Acquiring Financial Data

The �rst chapter of this book is dedicated to a very important (some may say the most important) 
part of any data science/quantitative �nance project�gathering data. In line with the famous adage 

�garbage in, garbage out,� we should strive to obtain data of the highest possible quality and then cor-
rectly preprocess it for later use with statistical and machine learning algorithms. The reason for this 
is simple�the results of our analyses are highly dependent on the input data and no sophisticated 
model will be able to compensate for that. That is also why in our analyses, we should be able to use 
our (or someone else�s) understanding of the economic/�nancial domain to motivate certain data for, 
for example, modeling stock returns.

One of the most frequently reported issues among the readers of the �rst edition of this book was 
getting high-quality data. That is why in this chapter we spend more time exploring di�erent sources 
of �nancial data. While quite a few of these vendors o�er similar information (prices, fundamentals, 
and so on), they also o�er additional, unique data that can be downloaded via their APIs. An example 
could be company-related news articles or pre-computed technical indicators. That is why we will 
download di�erent types of data depending on the recipe. However, be sure to inspect the documen-
tation of the library/API, as most likely its vendor also provides standard data such as prices.

The data sources in this chapter were selected intentionally not only to showcase how easy it can be 
to gather high-quality data using Python libraries but also to show that the gathered data comes in 
many shapes and sizes. 

Sometimes we will get a nicely formatted pandas DataFrame, while other times it might be in JSON 
format or even bytes that need to be processed and then loaded as a CSV. Hopefully, these recipes will 
su�ciently prepare you to work with any kind of data you might encounter online.

Additional examples are also covered in the Jupyter notebooks, which you can �nd in the 
accompanying GitHub repository.
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Something to bear in mind while reading this chapter is that data di�ers among sources. This means 
that the prices we downloaded from two vendors will most likely di�er, as those vendors also get their 
data from di�erent sources and might use other methods to adjust the prices for corporate actions. 
The best practice is to �nd a source you trust the most concerning a particular type of data (based on, 
for example, opinion on the internet) and then use it to download the data you need. One additional 
thing to keep in mind is that when building algorithmic trading strategies, the data we use for modeling 
should align with the live data feed used for executing the trades.

This chapter does not cover one important type of data�alternative data. This could be any type of data 
that can be used to generate some insights into predicting asset prices. Alternative data can include 
satellite images (for example, tracking shipping routes, or the development of a certain area), sensor 
data, web tra�c data, customer reviews, etc. While there are many vendors specializing in alternative 
data (for example, Quandl/Nasdaq Data Link), you can also get some by accessing publicly available 
information via web scraping. As an example, you could scrape customer reviews from Amazon or Yelp. 
However, those are o�en bigger projects and are unfortunately outside of the scope of this book. Also, 
you need to make sure that web scraping a particular website is not against its terms and conditions!

In this chapter, we cover the following recipes:

�	 Getting data from Yahoo Finance

�	 Getting data from Nasdaq Data Link

�	 Getting data from Intrinio

�	 Getting data from Alpha Vantage

�	 Getting data from CoinGecko

Getting data from Yahoo Finance
One of the most popular sources of free �nancial data is Yahoo Finance. It contains not only historical 
and current stock prices in di�erent frequencies (daily, weekly, and monthly), but also calculated met-
rics, such as the beta (a measure of the volatility of an individual asset in comparison to the volatility 
of the entire market), fundamentals, earnings information/calendars, and many more.

Using the vendors mentioned in this chapter, you can get quite a lot of information for 
free. But most of those providers also o�er paid tiers. Remember to do thorough research 
on what the data suppliers actually provide and what your needs are before signing up 
for any of the services.

For a long period of time, the go-to tool for downloading data from Yahoo Finance was 
the pandas-datareader library. The goal of the library was to extract data from a variety 
of sources and store it in the form of a pandas DataFrame. However, a�er some changes 
to the Yahoo Finance API, this functionality was deprecated. It is de�nitely good to be 
familiar with this library, as it facilitates downloading data from sources such as FRED 
(Federal Reserve Economic Data), the Fama/French Data Library, or the World Bank. Those 
might come in handy for di�erent kinds of analyses and some of them are presented in 
the following chapters.
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As of now, the easiest and fastest way of downloading historical stock prices is to use the yfinance 
library (formerly known as fix_yahoo_finance).

For the sake of this recipe, we are interested in downloading Apple�s stock prices from the years 2011 
to 2021.

How to do it…
Execute the following steps to download data from Yahoo Finance:

1.	 Import the libraries:

import pandas as pd
import yfinance as yf

2.	 Download the data:

df = yf.download("AAPL",
                 start="2011-01-01",
                 end="2021-12-31",
                 progress=False)

3.	 Inspect the downloaded data:

print(f"Downloaded {len(df)} rows of data.")
df

Running the code generates the following preview of the DataFrame:

Figure 1.1: Preview of the DataFrame with downloaded stock prices
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The result of the request is a pandas DataFrame (2,769 rows) containing daily Open, High, Low, and 
Close (OHLC) prices, as well as the adjusted close price and volume.

Yahoo Finance automatically adjusts the close price for stock splits, that is, when a company divides 
the existing shares of its stock into multiple new shares, most frequently to boost the stock�s liquidity. 
The adjusted close price takes into account not only splits but also dividends.

How it works…
The download function is very intuitive. In the most basic case, we just need to provide the ticker 
(symbol), and it will try to download all available data since 1950.

In the preceding example, we downloaded daily data from a speci�c range (2011 to 2021).

Some additional features of the download function are:

�	 We can download information for multiple tickers at once by providing a list of tickers (["AAPL", 
"MSFT"]) or multiple tickers as a string ("AAPL MSFT").

�	 We can set auto_adjust=True to download only the adjusted prices.

�	 We can additionally download dividends and stock splits by setting actions='inline'. Those 
actions can also be used to manually adjust the prices or for other analyses.

�	 Specifying progress=False disables the progress bar.

�	 The interval argument can be used to download data in di�erent frequencies. We could also 
download intraday data as long as the requested period is shorter than 60 days.

There’s more…
yfinance also o�ers an alternative way of downloading the data�via the Ticker class. First, we need 
to instantiate the object of the class:

aapl_data = yf.Ticker("AAPL")

To download the historical price data, we can use the history method:

aapl_data.history()

By default, the method downloads the last month of data. We can use the same arguments as in the 
download function to specify the range and frequency.

The main bene�t of using the Ticker class is that we can download much more information than just 
the prices. Some of the available methods include:

�	 info�outputs a JSON object containing detailed information about the stock and its company, 
for example, the company�s full name, a short business summary, which exchange it is listed 
on, as well as a selection of �nancial metrics such as the beta coe�cient

�	 actions�outputs corporate actions such as dividends and splits

�	 major_holders�presents the names of the major holders

�	 institutional_holders�shows the institutional holders
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�	 calendar�shows the incoming events, such as the quarterly earnings

�	 earnings/quarterly_earnings�shows the earnings information from the last few years/
quarters

�	 financials/quarterly_financials�contains �nancial information such as income before 
tax, net income, gross pro�t, EBIT, and much more

See also
For a complete list of downloadable data, please refer to the GitHub repo of yfinance  
(https://github.com/ranaroussi/yfinance).

You can check out some alternative libraries for downloading data from Yahoo Finance:

�	 yahoofinancials�similarly to yfinance, this library o�ers the possibility of downloading a 
wide range of data from Yahoo Finance. The biggest di�erence is that all the downloaded data 
is returned as JSON.

�	 yahoo_earnings_calendar�a small library dedicated to downloading the earnings calendar.

Getting data from Nasdaq Data Link
Alternative data can be anything that is considered non-market data, for example, weather data for 
agricultural commodities, satellite images that track oil shipments, or even customer feedback that 
re�ects a company�s service performance. The idea behind using alternative data is to get an �informa-
tional edge� that can then be used for generating alpha. In short, alpha is a measure of performance 
describing an investment strategy�s, trader�s, or portfolio manager�s ability to beat the market.

Quandl was the leading provider of alternative data products for investment professionals (including 
quant funds and investment banks). Recently, it was acquired by Nasdaq and is now part of the Nas-
daq Data Link service. The goal of the new platform is to provide a uni�ed source of trusted data and 
analytics. It o�ers an easy way to download data, also via a dedicated Python library.

A good starting place for �nancial data would be the WIKI Prices database, which contains stock prices, 
dividends, and splits for 3,000 US publicly traded companies. The drawback of this database is that as of 
April 2018, it is no longer supported (meaning there is no recent data). However, for purposes of getting 
historical data or learning how to access the databases, it is more than enough.

We use the same example that we used in the previous recipe�we download Apple�s stock prices for 
the years 2011 to 2021.

Please see the corresponding Jupyter notebook for more examples and outputs of those 
methods.
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Getting ready
Before downloading the data, we need to create an account at Nasdaq Data Link (https://data.
nasdaq.com/) and then authenticate our email address (otherwise, an exception is likely to occur 
while downloading the data). We can �nd our personal API key in our pro�le (https://data.nasdaq.
com/account/profile).

How to do it…
Execute the following steps to download data from Nasdaq Data Link:

1.	 Import the libraries:

import pandas as pd
import nasdaqdatalink

2.	 Authenticate using your personal API key:

nasdaqdatalink.ApiConfig.api_key = "YOUR_KEY_HERE"

You need to replace YOUR_KEY_HERE with your own API key.

3.	 Download the data:

df = nasdaqdatalink.get(dataset="WIKI/AAPL",
                        start_date="2011-01-01", 
                        end_date="2021-12-31")

4.	 Inspect the downloaded data:

print(f"Downloaded {len(df)} rows of data.")
df.head()

Running the code generates the following preview of the DataFrame:

Figure 1.2: Preview of the downloaded price information

The result of the request is a DataFrame (1,818 rows) containing the daily OHLC prices, the adjusted 
prices, dividends, and potential stock splits. As we mentioned in the introduction, the data is limited 
and is only available until April 2018�the last observation actually comes from March, 27 2018.
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How it works…
The �rst step a�er importing the required libraries was authentication using the API key. When pro-
viding the dataset argument, we used the following structure: DATASET/TICKER.

Some additional details on the get function are:

�	 We can specify multiple datasets at once using a list such as ["WIKI/AAPL", "WIKI/MSFT"].

�	 The collapse argument can be used to de�ne the frequency (available options are daily, weekly, 
monthly, quarterly, or annually).

�	 The transform argument can be used to carry out some basic calculations on the data prior to 
downloading. For example, we could calculate row-on-row change (diff), row-on-row percent-
age change (rdiff), or cumulative sum (cumul) or scale the series to start at 100 (normalize). 
Naturally, we can easily do the very same operation using pandas.

There’s more...
Nasdaq Data Link distinguishes two types of API calls for downloading data. The get function we used 
before is classi�ed as a time-series API call. We can also use the tables API call with the get_table 
function.

1.	 Download the data for multiple tickers using the get_table function:

COLUMNS = ["ticker", "date", "adj_close"]
df = nasdaqdatalink.get_table("WIKI/PRICES", 
                              ticker=["AAPL", "MSFT", "INTC"], 
                              qopts={"columns": COLUMNS}, 
                              date={"gte": "2011-01-01", 
                                    "lte": "2021-12-31"}, 
                              paginate=True)
df.head()

We should keep the API keys secure and private, that is, not share them in public 
repositories, or anywhere else. One way to make sure that the key stays private is to create 
an environment variable (how to do it depends on your operating system) and then load 
it in Python. To do so, we can use the os module. To load the NASDAQ_KEY variable, we 
could use the following code: os.environ.get("NASDAQ_KEY").
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See also
�	 https://docs.data.nasdaq.com/docs/python�the documentation of the nasdaqdatalink 

library for Python.

�	 https://data.nasdaq.com/publishers/zacks�Zacks Investment Research is a provider of 
various �nancial data that might be relevant for your projects. Please bear in mind that the 
data is not free (you can always get a preview of the data before purchasing access).

�	 https://data.nasdaq.com/publishers�a list of all the available data providers.

Getting data from Intrinio
Another interesting source of �nancial data is Intrinio, which o�ers access to its free (with limits) 
database. The following list presents just a few of the interesting data points that we can download 
using Intrinio:

�	 Intraday historical data

�	 Real-time stock/option prices

�	 Financial statement data and fundamentals

�	 Company news

�	 Earnings-related information

�	 IPOs

�	 Economic data such as the Gross Domestic Product (GDP), unemployment rate, federal funds 
rate, etc.

�	 30+ technical indicators

Most of the data is free of charge, with some limits on the frequency of calling the APIs. Only the 
real-time price data of US stocks and ETFs requires a di�erent kind of subscription.

In this recipe, we follow the preceding example of downloading Apple�s stock prices for the years 2011 
to 2021. That is because the data returned by the API is not simply a pandas DataFrame and requires 
some interesting preprocessing.

Getting ready
Before downloading the data, we need to register at https://intrinio.com to obtain the API key.

Please see the following link (https://docs.intrinio.com/developer-sandbox) to understand what 
information is included in the sandbox API key (the free one).

How to do it…
Execute the following steps to download data from Intrinio: 

1.	 Import the libraries:

import intrinio_sdk as intrinio
import pandas as pd
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How it works…
The �rst step a�er importing the required libraries was to authenticate using the API key. Then, we 
selected the API we wanted to use for the recipe�in the case of stock prices, it was the SecurityApi.

To download the data, we used the get_security_stock_prices method of the SecurityApi class. 
The parameters we can specify are as follows:

�	 identifier�stock ticker or another acceptable identi�er

�	 start_date/end_date�these are self-explanatory

�	 frequency�which data frequency is of interest to us (available choices: daily, weekly, monthly, 
quarterly, or yearly)

�	 page_size�de�nes the number of observations to return on one page; we set it to a high 
number to collect all the data we need in one request with no need for the next_page token

The API returns a JSON-like object. We accessed the dictionary form of the response, which we then 
transformed into a DataFrame. We also set the date as an index using the set_index method of a 
pandas DataFrame.

There’s more...
In this section, we show some more interesting features of Intrinio.

Get Coca-Cola’s real-time stock price
You can use the previously de�ned security_api to get the real-time stock prices:

security_api.get_security_realtime_price("KO")

The output of the snippet is the following JSON:

{'ask_price': 57.57,
 'ask_size': 114.0,
 'bid_price': 57.0,
 'bid_size': 1.0,
 'close_price': None,
 'exchange_volume': 349353.0,
 'high_price': 57.55,
 'last_price': 57.09,
 'last_size': None,
 'last_time': datetime.datetime(2021, 7, 30, 21, 45, 38, tzinfo=tzutc()),
 'low_price': 48.13,

Not all information is included in the free tier. For a more thorough overview of what data 
we can download for free, please refer to the following documentation page: https://
docs.intrinio.com/developer-sandbox.
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 'market_volume': None,
 'open_price': 56.91,
 'security': {'composite_figi': 'BBG000BMX289',
              'exchange_ticker': 'KO:UN',
              'figi': 'BBG000BMX4N8',
              'id': 'sec_X7m9Zy',
              'ticker': 'KO'},
 'source': 'bats_delayed',
 'updated_on': datetime.datetime(2021, 7, 30, 22, 0, 40, 758000, 
tzinfo=tzutc())}

Download news articles related to Coca-Cola
One of the potential ways to generate trading signals is to aggregate the market�s sentiment on the given 
company. We could do it, for example, by analyzing news articles or tweets. If the sentiment is posi-
tive, we can go long, and vice versa. Below, we show how to download news articles about Coca-Cola:

r = intrinio.CompanyApi().get_company_news(
    identifier="KO", 
    page_size=100
)
 
df = pd.DataFrame(r.news_dict)
df.head()

This code returns the following DataFrame:

Figure 1.6: Preview of the news about the Coca-Cola company

Search for companies connected to the search phrase
Running the following snippet returns a list of companies that Intrinio�s Thea AI recognized based 
on the provided query string:

r = intrinio.CompanyApi().recognize_company("Intel")
df = pd.DataFrame(r.companies_dict)
df
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As we can see, there are quite a few companies that also contain the phrase �intel� in their names, 
other than the obvious search result.

Figure 1.7: Preview of the companies connected to the phrase �intel�

Get Coca-Cola’s intraday stock prices
We can also retrieve intraday prices using the following snippet:

response = (
    security_api.get_security_intraday_prices(identifier="KO", 
                                              start_date="2021-01-02",
                                              end_date="2021-01-05",
                                              page_size=1000)
)
df = pd.DataFrame(response.intraday_prices_dict)
df
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Which returns the following DataFrame containing intraday price data. 

Figure 1.8: Preview of the downloaded intraday prices

Get Coca-Cola’s latest earnings record
Another interesting usage of the security_api is to recover the latest earnings records. We can do 
this using the following snippet:

r = security_api.get_security_latest_earnings_record(identifier="KO")
print(r)

The output of the API call contains quite a lot of useful information. For example, we can see what 
time of day the earnings call happened. This information could potentially be used for implementing 
trading strategies that act when the market opens.
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See also
�	 https://docs.intrinio.com/documentation/api_v2/getting_started�the starting point 

for exploring the API

�	 https://docs.intrinio.com/documentation/api_v2/limits�an overview of the querying 
limits

�	 https://docs.intrinio.com/developer-sandbox�an overview of what is included in the 
free sandbox environment

�	 https://docs.intrinio.com/documentation/python�thorough documentation of the Py-
thon SDK

Getting data from Alpha Vantage
Alpha Vantage is another popular data vendor providing high-quality �nancial data. Using their API, 
we can download the following:

�	 Stock prices, including intraday and real-time (paid access)

�	 Fundamentals: earnings, income statement, cash �ow, earnings calendar, IPO calendar

�	 Forex and cryptocurrency exchange rates

�	 Economic indicators such as real GDP, Federal Funds Rate, Consumer Price Index, and con-
sumer sentiment

�	 50+ technical indicators

In this recipe, we show how to download a selection of crypto-related data. We start with historical 
daily Bitcoin prices, and then show how to query the real-time crypto exchange rate.

Getting ready
Before downloading the data, we need to register at https://www.alphavantage.co/support/#api-key 
to obtain the API key. Access to the API and all the endpoints is free of charge (excluding the real-time 
stock prices) within some bounds (5 API requests per minute; 500 API requests per day).

How to do it…
Execute the following steps to download data from Alpha Vantage:

1.	 Import the libraries:

from alpha_vantage.cryptocurrencies import CryptoCurrencies

2.	 Authenticate using your personal API key and select the API:

ALPHA_VANTAGE_API_KEY = "YOUR_KEY_HERE"

crypto_api = CryptoCurrencies(key=ALPHA_VANTAGE_API_KEY,
                              output_format= "pandas")
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Running the command returns the following DataFrame with the current exchange rate:

Figure 1.11: BTC-USD exchange rate

How it works…
A�er importing the alpha_vantage library, we had to authenticate using the personal API key. We did 
so while instantiating an object of the CryptoCurrencies class. At the same time, we speci�ed that we 
would like to obtain output in the form of a pandas DataFrame. The other possibilities are JSON and CSV.

In Step 3, we downloaded the daily BTC prices using the get_digital_currency_daily method. Addi-
tionally, we speci�ed that we wanted to get the prices in EUR. By default, the method will return the 
requested EUR prices, as well as their USD equivalents.

Lastly, we downloaded the real-time BTC/USD exchange rate using the  
get_digital_currency_exchange_rate method.

There’s more...
So far, we have used the alpha_vantage library as a middleman to download information from Alpha 
Vantage. However, the functionalities of the data vendor evolve faster than the third-party library and 
it might be interesting to learn an alternative way of accessing their API.

1.	 Import the libraries:

import requests
import pandas as pd
from io import BytesIO

2.	 Download Bitcoin�s intraday data:

AV_API_URL = "https://www.alphavantage.co/query"
parameters = {
    "function": "CRYPTO_INTRADAY",
    "symbol": "ETH",
    "market": "USD",
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See also
�	 https://www.alphavantage.co/�Alpha Vantage homepage

�	 https://www.alphavantage.co/documentation/�the API documentation

�	 https://github.com/RomelTorres/alpha_vantage�the GitHub repo of the third-party library 
used for accessing data from Alpha Vantage

Getting data from CoinGecko
The last data source we will cover is dedicated purely to cryptocurrencies. CoinGecko is a popular data 
vendor and crypto-tracking website, on which you can �nd real-time exchange rates, historical data, 
information about exchanges, upcoming events, trading volumes, and much more.

We can list a few of the advantages of CoinGecko:

�	 Completely free, and no need to register for an API key

�	 Aside from prices, it also provides updates and news about crypto

�	 It covers many coins, not only the most popular ones

In this recipe, we download Bitcoin�s OHLC from the last 14 days.

How to do it…
Execute the following steps to download data from CoinGecko:

1.	 Import the libraries:

from pycoingecko import CoinGeckoAPI
from datetime import datetime
import pandas as pd

2.	 Instantiate the CoinGecko API:

cg = CoinGeckoAPI()

3.	 Get Bitcoin�s OHLC prices from the last 14 days:

ohlc = cg.get_coin_ohlc_by_id(
    id="bitcoin", vs_currency="usd", days="14"
)
ohlc_df = pd.DataFrame(ohlc)
ohlc_df.columns = ["date", "open", "high", "low", "close"]
ohlc_df["date"] = pd.to_datetime(ohlc_df["date"], unit="ms")
ohlc_df
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Running the snippet above returns the following DataFrame:

Figure 1.14: Preview of the DataFrame containing the requested Bitcoin prices

In the preceding table, we can see that we have obtained the requested 14 days of data, sampled every 
4 hours.

How it works…
A�er importing the libraries, we instantiated the CoinGeckoAPI object. Then, using its  
get_coin_ohlc_by_id method we downloaded the last 14 days� worth of BTC/USD exchange rates. 
It is worth mentioning there are some limitations of the API:

�	 We can only download data for a prede�ned number of days. We can select one of the following 
options: 1/7/14/30/90/180/365/max.

�	 The OHLC candles are sampled with a varying frequency depending on the requested horizon. 
They are sampled every 30 minutes for requests of 1 or 2 days. Between 3 and 30 days they are 
sampled every 4 hours. Above 30 days, they are sampled every 4 days.

The output of the get_coin_ohlc_by_id is a list of lists, which we can convert into a pandas DataFrame. 
We had to manually create the column names, as they were not provided by the API.

There’s more...
We have seen that getting the OHLC prices can be a bit more di�cult using the CoinGecko API as 
compared to the other vendors. However, CoinGecko has additional interesting information we can 
download using its API. In this section, we show a few possibilities.
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Get the top 7 trending coins
We can use CoinGecko to acquire the top 7 trending coins�the ranking is based on the number of 
searches on CoinGecko within the last 24 hours. While downloading this information, we also get the 
coins� symbols, their market capitalization ranking, and the latest price in BTC:

trending_coins = cg.get_search_trending()
(
    pd.DataFrame([coin["item"] for coin in trending_coins["coins"]])
    .drop(columns=["thumb", "small", "large"])
)

Using the snippet above, we obtain the following DataFrame:

Figure 1.15: Preview of the DataFrame containing the 7 trending coins and some information about 
them

Get Bitcoin’s current price in USD
We can also extract current crypto prices in various currencies:

cg.get_price(ids="bitcoin", vs_currencies="usd")

Running the snippet above returns Bitcoin�s real-time price:

{'bitcoin': {'usd': 47312}}

In the accompanying notebook, we present a few more functionalities of pycoingecko, such as get-
ting the crypto price in di�erent currencies than USD, downloading the entire list of coins supported 
on CoinGecko (over 9,000 coins), getting each coin�s detailed market data (market capitalization, 24h 
volume, the all-time high, and so on), and loading the list of the most popular exchanges.

See also
You can �nd the documentation of the pycoingecko library here: https://github.com/man-c/
pycoingecko.
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Summary
In this chapter, we have covered a few of the most popular sources of �nancial data. However, this is 
just the tip of the iceberg. Below, you can �nd a list of other interesting data sources that might suit 
your needs even better.

Additional data sources are:

�	 IEX Cloud (https://iexcloud.io/)�a platform providing a vast trove of di�erent �nancial 
data. A notable feature that is unique to the platform is a daily and minutely sentiment score 
based on the activity on Stocktwits�an online community for investors and traders. However, 
that API is only available in the paid plan. You can access the IEX Cloud data using pyex, the 
o�cial Python library.

�	 Tiingo (https://www.tiingo.com/) and the tiingo library.

�	 CryptoCompare (https://www.cryptocompare.com/)�the platform o�ers a wide range of 
crypto-related data via their API. What stands out about this data vendor is that they provide 
order book data.

�	 Twelve Data (https://twelvedata.com/).

�	 polygon.io (https://polygon.io/)�a trusted data vendor for real-time and historical data 
(stocks, forex, and crypto). Trusted by companies such as Google, Robinhood, and Revolut.

�	 Shrimpy (https://www.shrimpy.io/) and shrimpy-python�the o�cial Python library for the 
Shrimpy Developer API.

In the next chapter, we will learn how to preprocess the downloaded data for further analysis.

Join us on Discord!
To join the Discord community for this book � where you can share feedback, ask questions to the 
author, and learn about new releases � follow the QR code below:

https://packt.link/ips2H
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Data Preprocessing

You o�en hear in the data science industry that a data scientist typically spends close to 80% of their 
time on getting the data, processing it, cleaning it, and so on. And only then the remaining 20% of the 
time is actually spent on modeling, which is o�en considered to be the most interesting part. In the 
previous chapter, we have already learned how to download data from various sources. We still need 
to go through a few steps before we can draw actual insights from the data.

In this chapter, we will cover data preprocessing, that is, general wrangling/manipulation applied to 
the data before using it. The goal is not only to enhance the model�s performance but also to ensure 
the validity of any analysis based on that data. In this chapter, we will focus on the �nancial time series, 
while in the subsequent chapters, we will also show how to work with other kinds of data.

In this chapter, we cover the following recipes:

�	 Converting prices to returns

�	 Adjusting the returns for in�ation

�	 Changing the frequency of time series data

�	 Di�erent ways of imputing missing data

�	 Changing currencies

�	 Di�erent ways of aggregating trade data

Converting prices to returns
Many of the models and approaches used for time series modeling require the time series to be sta-
tionary. We will cover that topic in depth in Chapter 6, Time Series Analysis and Forecasting, however, 
we can get a quick glimpse of it now. 

Stationarity assumes that the statistics (mathematical moments) of a process, such as the series� mean 
and variance, do not change over time. Using that assumption, we can build models that aim to fore-
cast the future values of the process.
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However, asset prices are usually non-stationary. Their statistics not only change over time, but we 
can also observe some trends (general patterns over time) or seasonality (patterns repeating over �xed 
time intervals). By transforming the prices into returns, we attempt to make the time series stationary.

Another bene�t of using returns, as opposed to prices, is normalization. It means that we can easily 
compare various return series, which would not be that simple with raw stock prices, as one stock 
might start selling at $10, while another at $1,000.

There are two types of returns:

�	 Simple returns: They aggregate over assets�the simple return of a portfolio is the weighted 
sum of the returns of the individual assets in the portfolio. Simple returns are de�ned as:

Rt = (Pt - Pt-1)/Pt-1 = Pt/Pt-1 -1

�	 Log returns: They aggregate over time. It is easier to understand with the help of an example�
the log return for a given month is the sum of the log returns of the days within that month. 
Log returns are de�ned as:

rt = log(Pt/Pt-1) = log(Pt) - log(Pt-1)

Pt is the price of an asset in time t. In the preceding case, we do not consider dividends, which obvi-
ously impact the returns and require a small modi�cation of the formulas.

In general, log returns are o�en preferred over simple returns. Probably the most important reason 
for that is the fact that if we assume that the stock prices are log-normally distributed (which might or 
might not be the case for the particular time series), then the log returns would be normally distributed. 
And the normal distribution would work well with quite a lot of classic statistical approaches to time 
series modeling. Also, the di�erence between simple and log returns for daily/intraday data will be very 
small, in accordance with the general rule that log returns are smaller in value than simple returns.

In this recipe, we show how to calculate both types of returns using Apple�s stock prices.

How to do it…
Execute the following steps to download Apple�s stock prices and calculate simple/log returns:

1.	 Import the libraries:

import pandas as pd
import numpy as np
import yfinance as yf

The best practice while working with stock prices is to use adjusted values as they account 
for possible corporate actions, such as stock splits.
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2.	 Download the data and keep the adjusted close prices only: 

df = yf.download("AAPL",
                 start="2010-01-01",
                 end="2020-12-31",
                 progress=False)
df = df.loc[:, ["Adj Close"]]

3.	 Calculate the simple and log returns using the adjusted close prices: 

df["simple_rtn"] = df["Adj Close"].pct_change()
df["log_rtn"] = np.log(df["Adj Close"]/df["Adj Close"].shift(1))

4.	 Inspect the output:

df.head()

The resulting DataFrame looks as follows:

Figure 2.1: Snippet of the DataFrame containing Apple�s adjusted close prices and simple/
log returns

The �rst row will always contain a NaN (not a number) value, as there is no previous price to use for 
calculating the returns.

How it works…
In Step 2, we downloaded price data from Yahoo Finance and only kept the adjusted close price for 
the calculation of the returns.

To calculate the simple returns, we used the pct_change method of pandas Series/DataFrame. It cal-
culates the percentage change between the current and prior element (we can specify the number 
of lags, but for this speci�c case the default value of 1 su�ces). Please bear in mind that the prior 
element is de�ned as the one in the row above the given row. In the case of working with time series 
data, we need to make sure that the data is sorted by the time index.
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How it works…
First, we imported the libraries and authenticated with Nasdaq Data Link, which we used for download-
ing the in�ation-related data. Then, we had to resample Apple�s stock prices to a monthly frequency, 
as the in�ation data is provided monthly. To do so, we chained the resample method with the last 
method. This way, we took the last price of the given month. 

In Step 3, we downloaded the monthly Consumer Price Index (CPI) values from Nasdaq Data Link. It 
is a metric that examines the weighted average of prices of a basket of consumer goods and services, 
such as food, transportation, and so on.

Then, we used a le� join to merge the two datasets (prices and CPI). A le� join is a type of operation 
used for merging tables that returns all rows from the le� table and the matched rows from the right 
table while leaving the unmatched rows empty. 

By default, the join method uses the indices of the tables to carry out the actual joining. We can use 
the on argument to specify which column/columns to use otherwise.

Having all the data in one DataFrame, we used the pct_change method to calculate the simple returns 
and the in�ation rate. Lastly, we used the formula presented in the introduction to calculate the real 
returns.

There’s more…
We have already explored how to download the in�ation data from Nasdaq Data Link. Alternatively, 
we can use a handy library called cpi.

1.	 Import the library:

import cpi

At this point, we might encounter the following warning:

StaleDataWarning: CPI data is out of date

If that is the case, we just need to run the following line of code to update the data:

cpi.update()

2.	 Obtain the default CPI series:

cpi_series = cpi.series.get()

Here we download the default CPI index (CUUR0000SA0: All items in U.S. city average, 
all urban consumers, not seasonally adjusted), which will work for most of the cases. 
Alternatively, we can provide the items and area arguments to download a more tailor-made 
series. We can also use the get_by_id function to download a particular CPI series.

3.	 Convert the object into a pandas DataFrame:

df_cpi_2 = cpi_series.to_dataframe()



Chapter 2 31

4.	 Filter the DataFrame and view the top 12 observations:

df_cpi_2.query("period_type == 'monthly' and year >= 2010") \
        .loc[:, ["date", "value"]] \
        .set_index("date") \
        .head(12)

Running the code generates the following output:

Figure 2.4: The first 12 values of the DataFrame containing the downloaded values of the CPI

In this step, we used some �ltering to compare the data to the data downloaded before from Nasdaq 
Data Link. We used the query method to only keep the monthly data from the year 2010 onward. We 
displayed only two selected columns and the �rst 12 observations, for comparison�s sake.

We will also be using the cpi library in later chapters to directly in�ate the prices using the inflate 
function.

See also
�	 https://github.com/palewire/cpi�the GitHub repo of the cpi library

Changing the frequency of time series data
When working with time series, and especially �nancial ones, we o�en need to change the frequency 
(periodicity) of the data. For example, we receive daily OHLC prices, but our algorithm works with 
weekly data. Or we have daily alternative data, and we want to match it with our live feed of intraday data.
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We can see that the spikes in the realized volatility coincide with some extreme returns (which might 
be outliers).

How it works…
Normally, we could use the resample method of a pandas DataFrame. Supposing we wanted to calculate 
the average monthly return, we could use df["log_rtn"].resample("M").mean().

With the resample method, we can use any built-in aggregate function of pandas, such as mean, sum, min, 
and max. However, our case at hand is a bit more complex so we �rst de�ned a helper function called 
realized_volatility. Because we wanted to use a custom function for aggregation, we replicated 
the behavior of resample by using a combination of groupby, Grouper, and apply.

We presented the most basic visualization of the results (please refer to Chapter 3, Visualizing Financial 
Time Series, for information about visualizing time series).

Different ways of imputing missing data
While working with any time series, it can happen that some data is missing, due to many possible 
reasons (someone forgot to input the data, a random issue with the database, and so on). One of the 
available solutions would be to discard observations with missing values. However, imagine a scenario 
in which we are analyzing multiple time series at once, and only one of the series is missing a value 
due to some random mistake. Do we still want to remove all the other potentially valuable pieces of 
information because of this single missing value? Probably not. And there are many other potential 
scenarios in which we would rather treat the missing values somehow, rather than discarding those 
observations.

Two of the simplest approaches to imputing missing time series data are:

�	 Backward �lling��ll the missing value with the next known value

�	 Forward �lling��ll the missing value with the previous known value

In this recipe, we show how to use those techniques to easily deal with missing values in the example 
of the CPI time series.

How to do it…
Execute the following steps to try out di�erent ways of imputing missing data:

1.	 Import the libraries:

import pandas as pd
import numpy as np
import nasdaqdatalink
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In Figure 2.8, we can clearly see how both forward and backward �lling work in practice.

How it works…
A�er importing the libraries, we downloaded the 6 years of monthly CPI data from Nasdaq Data Link. 
Then, we selected 5 random indices from the DataFrame to arti�cially create missing values. To do 
so, we replaced those values with NaNs.

In Step 4, we applied two di�erent imputation methods to our time series. We used the fillna meth-
od of a pandas DataFrame and speci�ed the method argument as bfill (backward �lling) or ffill 
(forward �lling). We saved the imputed series as new columns, in order to clearly compare the results. 
Please remember that the fillna method replaces the missing values and keeps the other values intact. 

Instead of providing a method of �lling the missing data, we could have speci�ed a value of our choice, 
for example, 0 or 999. However, using an arbitrary number might not make much sense in the case 
of time series data, so that is not advised.

In Step 5, we inspected the imputed values. For brevity, we have only displayed the indices we have 
randomly selected. We used the sort_index method to sort them by the date. This way, we can clearly 
see that the �rst value was not �lled using the forward �lling, as it is the very �rst observation in the 
time series.

Lastly, we plotted all the time series from the years 2015 to 2016. In the plot, we can clearly see how 
backward/forward �lling imputes the missing values.

There’s more…
In this recipe, we have explored some simple methods of imputing missing data. Another possibility 
is to use interpolation, to which there are many di�erent approaches. As such, in this example, we 
will use the linear one. Please refer to the pandas documentation (the link is available in the See also 
subsection) for more information about the available methods of interpolation. 

1.	 Use linear interpolation to �ll the missing values:

df["method_interpolate"] = df[["cpi_missing"]].interpolate()

2.	 Inspect the results:

df.loc[rand_indices].sort_index()

We used np.random.seed(42) to make the experiment reproducible. Each time 
you run this cell, you will get the same random numbers. You can use any number 
for the seed and the random choice will be di�erent for each of those.
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In Figure 2.10, we can see how linear interpolation connects the known observations with a straight 
line to impute the missing value.

In this recipe, we explored imputing missing data for time series data. However, these are not all of 
the possible approaches. We could have, for example, used the moving average of the last few obser-
vations to impute any missing values. There are certainly a lot of possible methodologies to choose 
from. In Chapter 13, Applied Machine Learning: Identifying Credit Default, we will show how to approach 
the issue of missing values for other kinds of datasets.

See also
�	 https://pandas.pydata.org/docs/reference/api/pandas.DataFrame.interpolate.html�

here you can see all the available methods of interpolating available in pandas.

Converting currencies
Another quite common preprocessing step you might encounter while working on �nancial tasks is 
converting currencies. Imagine you have a portfolio of multiple assets, priced in di�erent currencies 
and you would like to arrive at a total portfolio�s worth. The simplest example might be American and 
European stocks.

In this recipe, we show how to easily convert stock prices from USD to EUR. However, the very same 
steps can be used to convert any pair of currencies.

How to do it…
Execute the following steps to convert stock prices from USD to EUR:

1.	  Import the libraries:

import pandas as pd
import yfinance as yf
from forex_python.converter import CurrencyRates

2.	 Download Apple�s OHLC prices from January 2020:

df = yf.download("AAPL",
                 start="2020-01-01",
                 end="2020-01-31",
                 progress=False)
df = df.drop(columns=["Adj Close", "Volume"])

3.	 Instantiate the CurrencyRates object:

c = CurrencyRates()

4.	 Download the USD/EUR rate for each required date:

df["usd_eur"] = [c.get_rate("USD", "EUR", date) for date in df.index]
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5.	 Convert the prices in USD to EUR:

for column in df.columns[:-1]:
    df[f"{column}_EUR"] = df[column] * df["usd_eur"]
df.head()

Running the snippet generates the following preview:

Figure 2.11: Preview of the DataFrame containing the original prices in USD and the ones 
converted to EUR

We can see that we have successfully converted all four columns with prices into EUR.

How it works…
In Step 1, we have imported the required libraries. Then, we downloaded Apple�s OHLC prices from 
January 2020 using the already covered yfinance library.

In Step 3, we instantiated the CurrencyRates object from the forex-python library. Under the hood, the 
library is using the Forex API (https://theforexapi.com), which is a free API for accessing current 
and historical foreign exchange rates published by the European Central Bank.

In Step 4, we used the get_rate method to download the USD/EUR exchange rates for all the dates 
available in the DataFrame with stock prices. To do so e�ciently, we used list comprehension and 
stored the outputs in a new column. One potential drawback of the library and the present imple-
mentation is that we need to download each and every exchange rate individually, which might not 
be scalable for large DataFrames.

In the last step, we iterated over the columns of the initial DataFrame (all except the exchange rate) 
and multiplied the USD price by the exchange rate. We stored the outcomes in new columns, with 
_EUR subscript.

While using the library, you can sometimes run into the following error: 
RatesNotAvailableError: Currency Rates Source Not Ready. The most probable 
cause is that you are trying to get the exchange rates from weekends. The easiest solution 
is to skip those days in the list comprehension/for loop and �ll in the missing values using 
one of the approaches covered in the previous recipe.
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There’s more…
Using the forex_python library, we can easily download the exchange rates for many currencies at 
once. To do so, we can use the get_rates method. In the following snippet, we download the current 
exchange rates of USD to the 31 available currencies. We can naturally specify the date of interest, 
just as we have done before.

1.	 Get the current USD exchange rates to 31 available currencies:

usd_rates = c.get_rates("USD")
usd_rates

The �rst �ve entries look as follows:

{'EUR': 0.8441668073611345,
 'JPY': 110.00337666722943,
 'BGN': 1.651021441836907,
 'CZK': 21.426641904440316,
 'DKK': 6.277224379537396,
}

In this recipe, we have mostly focused on the forex_python library, as it is quite handy and 
�exible. However, we might download historical exchange rates from many di�erent sources 
and arrive at the same results (accounting for some margin of error depending on the data 
provider). Quite a few of the data providers described in Chapter 1, Acquiring Financial Data, 
provide historical exchange rates. Below, we show how to get those rates using Yahoo Finance.

2.	 Download the USD/EUR exchange rate from Yahoo Finance:

df = yf.download("USDEUR=X",
                 start="2000-01-01",
                 end="2010-12-31",
                 progress=False)
df.head()

Running the snippet results in the following output:

Figure 2.12: Preview of the DataFrame with the downloaded exchange rates
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In Figure 2.12, we can see one of the limitations of this data source�the data for this currency pair is 
only available since December 2003. Also, Yahoo Finance is providing the OHLC variant of the exchange 
rates. To arrive at a single number used for conversion, you can pick any of the four values (depending 
on the use case) or calculate the mid-value (the middle between low and high values).

See also
�	 https://github.com/MicroPyramid/forex-python�the GitHub repo of the  

forex-python library

Different ways of aggregating trade data
Before diving into building a machine learning model or designing a trading strategy, we not only need 
reliable data, but we also need to aggregate it into a format that is convenient for further analysis and 
appropriate for the models we choose. The term bars refers to a data representation that contains 
basic information about the price movements of any �nancial asset. We have already seen one form 
of bars in Chapter 1, Acquiring Financial Data, in which we explored how to download �nancial data 
from a variety of sources. 

There, we downloaded OHLCV data sampled by some time period, be it a month, day, or intraday 
frequencies. This is the most common way of aggregating �nancial time series data and is known as 
the time bars.

There are some drawbacks of sampling �nancial time series by time:

�	 Time bars disguise the actual rate of activity in the market�they tend to oversample low ac-
tivity periods (for example, noon) and undersample high activity periods (for example, close 
to market open and close).

�	 Nowadays, markets are more and more controlled by trading algorithms and bots, so they no 
longer follow human daylight cycles.

�	 Time-based bars o�er poorer statistical properties (for example, serial correlation, heteroske-
dasticity, and non-normality of returns).

�	 Given that this is the most popular kind of aggregation and the easiest one to access, it can 
also be prone to manipulation (for example, iceberg orders).

To overcome those issues and gain a competitive edge, practitioners also use other kinds of aggregation. 
Ideally, they would want to have a bar representation in which each bar contains the same amount of 
information. Some of the alternatives they are using include:

Iceberg orders are large orders that were divided into smaller limit orders to hide the actual 
order quantity. They are called �iceberg orders� because the visible orders are just the �tip 
of the iceberg,� while a signi�cant number of limit orders is waiting, ready to be placed.
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�	 Tick bars�named a�er the fact that transactions/trades in �nancial markets are o�en referred 
to as ticks. For this kind of aggregation, we sample an OHLCV bar every time a prede�ned 
number of transactions occurs.

�	 Volume bars�we sample a bar every time a prede�ned volume (measured in any unit, for 
example, shares, coins, etc.) is exchanged.

�	 Dollar bars�we sample a bar every time a prede�ned dollar amount is exchanged. Naturally, 
we can use any other currency of choice.

Each of these forms of aggregations has its strengths and weaknesses that we should be aware of.

Tick bars o�er a better way of tracking the actual activity in the market, together with the volatility. 
However, a potential issue arises out of the fact that one trade can contain any number of units of a 
certain asset. So, a buy order of a single share is treated equally to an order of 10,000 shares.

Volume bars are an attempt at overcoming this problem. However, they come with an issue of their 
own. They do not correctly re�ect situations in which asset prices change signi�cantly or when stock 
splits happen. This makes them unreliable for comparison between periods a�ected by such situations.

That is where the third type of bar comes into play�the dollar bars. It is o�en considered the most 
robust way of aggregating price data. Firstly, the dollar bars help bridge the gap with price volatility, 
which is especially important for highly volatile markets such as cryptocurrencies. Then, sampling 
by dollars is helpful to preserve the consistency of information. The second reason is that dollar bars 
are resistant to the outstanding amount of the security, so they are not a�ected by actions such as 
stock splits, corporate buybacks, issuance of new shares, and so on.

In this recipe, we will learn how to create all four types of bars mentioned above using trade data 
coming from Binance, one of the most popular cryptocurrency exchanges. We decided to use cryp-
tocurrency data as it is much easier to obtain (free of charge) compared to, for example, equity data. 
However, the presented methodology remains the same for other asset classes as well.

How to do it…
Execute the following steps to download trade data from Binance and aggregate it into four di�erent 
kinds of bars:

1.	 Import the libraries:

from binance.spot import Spot as Client
import pandas as pd
import numpy as np

2.	 Instantiate the Binance client and download the last 500 BTCEUR trades:

spot_client = Client(base_url="https://api3.binance.com")
r = spot_client.trades("BTCEUR")
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We can see that all the bars contain approximately the same volume. The last one is a bit smaller, 
simply because we did not have enough total volume in the 500 trades.

8.	 Get the dollar bars:

bar_size = 50000
df["cum_value"] = df["quoteQty"].cumsum()
df["value_group"] = (
    df["cum_value"]
    .div(bar_size)
    .apply(np.floor)
    .astype(int)
    .values
)
df_grouped_ticks = df.groupby("value_group")
dollar_bars = get_bars(df_grouped_ticks, add_time=True)
dollar_bars

Running the code generates the following dollar bars:

Figure 2.17: Preview of the DataFrame with dollar bars

How it works…
A�er importing the libraries, we instantiated the Binance client and downloaded the 500 most recent 
trades in the BTCEUR market using the trades method of the Binance client. We chose this one on 
purpose, as it is not as popular as BTCUSD and the default 500 trades actually span a few minutes. We 
could increase the number of trades up to 1,000 using the limit argument.

We have used the easiest way to download the 500 most recent trades. However, we could 
do better and recreate the trades over a longer period of time. To do so, we could use the 
historical_trades method. It contains an additional argument called fromId, which 
we could use to specify from which particular trade we would like to start our batch 
download. Then, we could chain those API calls using the last known ID to recreate the 
trade history from a longer period of time. However, to do so, we need to have a Binance 
account, create personal API keys, and provide them to the Client class.
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In Step 3, we prepared the data for further analysis, that is, we converted the response from the Bi-
nance client into a pandas DataFrame, dropped two columns we will not be using, converted the time 
column into datetime, and converted to columns containing prices and quantities into numeric ones, 
as they were expressed as object type, which is a string.

Then, we de�ned a helper function for calculating the bars per some group. The input of the function 
must be a DataFrameGroupBy object, that is, the output of applying the groupby method to a pandas 
DataFrame. That is because the function calculates a bunch of aggregate statistics:

�	 OHLC values using the ohlc method.

�	 The volume-weighted average price (VWAP) by applying the np.average method and using 
the quantity of the trade as the weights argument.

�	 The total volume as the sum of the traded quantity.

�	 The number of trades in a bar by using the size method.

�	 Optionally, the function also returns the timestamp of the bar, which is simply the last time-
stamp of the group.

All of those are separate DataFrames, which we ultimately concatenated using the pd.concat function.

In Step 5, we calculated the time bars. We had to use the groupby method combined with pd.Grouper. 
We indicated we want to create the groups on the time column and used a one-minute frequency. 
Then, we passed the DataFrameGroupBy object to our get_bars function, which returned the time bars.

In Step 6, we calculated the tick bars. The process was slightly di�erent than with time bars, as we 
�rst had to create the column on which we want to group the trades. The idea was that we group the 
trades in blocks of 50 (this is an arbitrary number and should be determined according to the logic of 
the analysis). To create such groups, we divided the row number by the chosen bar size, rounded the 
result down (using np.floor), and converted it into an integer. Then, we grouped the trades using the 
newly created column and applied the get_bars function.

In Step 7, we calculated the volume bars. The process was quite similar to the tick bars. The di�erence 
was in creating the grouping column, which this time was based on the cumulative sum of the traded 
quantity. We selected the bar size of 1 BTC.

The last step was to calculate the dollar bars. The process was almost identical to the volume bars, 
but we created the grouping column by applying a cumulative sum to the quoteQty column, instead 
of the qty one used before.

There’s more…
The list of alternative kinds of bars in this recipe is not exhaustive. For example, De Prado (2018) sug-
gests using imbalance bars, which attempt to sample the data when there is an imbalance of buying/
selling activity, as this might imply information asymmetry between market participants. The reasoning 
behind those bars is market participants either buy or sell large quantities of a given asset, but they do 
not frequently do both simultaneously. Hence, sampling when imbalance events occur helps to focus 
on large movements and pay less attention to periods without interesting activity.
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See also
�	 De Prado, M. L. (2018). Advances in Financial Machine Learning. John Wiley & Sons.

�	 https://github.com/binance/binance-connector-python�the GitHub repo of the library 
used for connecting to Binance�s API

Summary
In this chapter, we have learned how to preprocess �nancial time series data. We started by showing 
how to calculate returns and potentially adjust them for in�ation. Then, we covered a few of the popular 
methods for imputing missing values. Lastly, we explained the di�erent approaches to aggregating 
trade data and why choosing the correct one matters.

We should always pay signi�cant attention to this step, as we not only want to enhance our model�s 
performance but also to ensure the validity of any analysis. In the next chapter, we will continue 
working with the preprocessed data and learn how to create time series visualization.



3
Visualizing Financial Time Series

The old adage a picture is worth a thousand words is very much applicable in the data science �eld. We 
can use di�erent kinds of plots to not only explore data but also tell data-based stories.

While working with �nancial time series data, quickly plotting the series can already lead to many 
valuable insights, such as: 

�	 Is the series continuous? 

�	 Are there any unexpected missing values?

�	 Do some values look like outliers?

�	 Are there any patterns we can quickly see and use for further analyses?

Naturally, these are only some of the potential questions that aim to help us with our analyses. The 
main goal of visualization at the very beginning of any project is to familiarize yourself with the data 
and get to know it a bit better. And only then can we move on to conducting proper statistical analysis 
and building machine learning models that aim to predict the future values of the series.

Regarding data visualization, Python o�ers a variety of libraries that can get the job done, with  
various levels of required complexity (including the learning curve) and slightly di�erent quality of 
the outputs. Some of the most popular libraries used for visualization include:

�	 matplotlib

�	 seaborn

�	 plotly

�	 altair

�	 plotnine�This library is based on R�s ggplot, so might be especially interesting for those 
who are also familiar with R

�	 bokeh

In this chapter, we will use quite a few of the libraries mentioned above. We believe that it makes 
sense to use the best tool for the job, so if it takes a one-liner to create a certain plot in one library 
while it takes 20 lines in another one, then the choice is quite clear. You can most likely create all the 
visualizations shown in this chapter using any of the mentioned libraries. 
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In this chapter, we will cover the following recipes:

�	 Basic visualization of time series data

�	 Visualizing seasonal patterns

�	 Creating interactive visualizations

�	 Creating a candlestick chart

Basic visualization of time series data
The most common starting point of visualizing time series data is a simple line plot, that is, a line 
connecting the values of the time series (y-axis) over time (x-axis). We can use this plot to quickly 
identify potential issues with the data and see if there are any prevailing patterns. 

In this recipe, we will show the easiest way to create a line plot. To do so, we will download Microso��s 
stock prices from 2020.

How to do it…
Execute the following steps to download, preprocess, and plot Microso��s stock prices and returns 
series:

1.	 Import the libraries:

import pandas as pd
import numpy as np
import yfinance as yf

2.	 Download Microso��s stock prices from 2020 and calculate simple returns:

df = yf.download("MSFT",
                 start="2020-01-01",
                 end="2020-12-31",
                 auto_adjust=False,
                 progress=False)
df["simple_rtn"] = df["Adj Close"].pct_change()
df = df.dropna()

If you need to create a very custom plot that is not provided out-of-the-box in one of the 
most popular libraries, then matplotlib should be your choice, as you can create pretty 
much anything using it.
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Running the code generates the following plot:

Figure 3.2: Microso��s adjusted stock price and simple returns in 2020

In Figure 3.2, we can clearly see that the dip in early 2020�caused by the start of the COVID-19 pan-
demic�resulted in increased volatility (variability) of returns. We will get more familiar with volatility 
in the next chapters.

How it works…
A�er importing the libraries, we downloaded Microso� stock prices from 2020 and calculated simple 
returns using the adjusted close price.

Then, we used the plot method of a pandas DataFrame to quickly create a line plot. The only argument 
we speci�ed was the plot�s title. Something to keep in mind is that we used the plot method only a�er 
subsetting a single column from the DataFrame (which is e�ectively a pd.Series object) and the dates 
were automatically picked up for the x-axis as they were the index of the DataFrame/Series.

We could have also used a more explicit notation to create the very same plot:

df.plot.line(y="Adj Close", title="MSFT stock in 2020")

The plot method is by no means restricted to creating line charts (which are the default). 
We can also create histograms, bar charts, scatterplots, pie charts, and so on. To select 
those, we need to specify the kind argument with a corresponding type of plot. Please 
bear in mind that for some kinds of plots (like the scatterplot), we might need to explicitly 
provide the values for both axes.
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In Step 4, we created a plot consisting of two subplots. We �rst selected the columns of interest (prices 
and returns) and then used the plot method while specifying that we want to create subplots and that 
they should share the x-axis.

There’s more…
There are many more interesting things worth mentioning about creating line plots, however, we will 
only cover the following two, as they might be the most useful in practice.

First, we can create a similar plot to the previous one using matplotlib’s object-oriented interface:

fig, ax = plt.subplots(2, 1, sharex=True)

df["Adj Close"].plot(ax=ax[0])
ax[0].set(title="MSFT time series",
          ylabel="Stock price ($)")
    
df["simple_rtn"].plot(ax=ax[1])
ax[1].set(ylabel="Return (%)")
plt.show()

Running the code generates the following plot:

Figure 3.3: Microso��s adjusted stock price and simple returns in 2020
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Running the code generates the following interactive plot:

Figure 3.5: Microso��s adjusted stock price in 2020, visualized using plotly

Unfortunately, the advantages of using the plotly backend are not visible in print. In the notebook, 
you can hover over the plot to see the exact values (and any other information we include in the tooltip), 
zoom in on particular periods, �lter the lines (if there are multiple), and much more. Please see the 
accompanying notebook (available on GitHub) to test out the interactive features of the visualization.

While changing the backend of the plot method, we should be aware of two things:

�	 We need to have the corresponding libraries installed.

�	 Some backends have issues with certain functionalities of the plot method, most notably the 
subplots argument.

See also
https://matplotlib.org/stable/index.html�matplotlib’s documentation is a treasure trove of 
information about the library. Most notably, it contains useful tutorials and hints on how to create 
custom visualizations.

To generate the previous plot, we specified the plotting backend while creat-
ing the plot. That means the next plot we create without specifying it explicit-
ly will be created using the default backend (matplotlib). We can use the fol-
lowing snippet to change the plotting backend for our entire session/notebook:  
pd.options.plotting.backend = "plotly".
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Visualizing seasonal patterns
As we will learn in Chapter 6, Time Series Analysis and Forecasting, seasonality plays a very important role 
in time series analysis. By seasonality, we mean the presence of patterns that occur at regular intervals 
(shorter than a year). For example, imagine the sales of ice cream, which most likely experience a 
peak in the summer months, while the sales decrease in winter. And such patterns can be seen year 
over year. We show how to use the line plot with a slight twist to e�ciently investigate such patterns.

In this recipe, we will visually investigate seasonal patterns in the US unemployment rate from the 
years 2014-2019.

How to do it…
Execute the following steps to create a line plot showing seasonal patterns:

1.	 Import the libraries and authenticate:

import pandas as pd
import nasdaqdatalink
import seaborn as sns 
 
nasdaqdatalink.ApiConfig.api_key = "YOUR_KEY_HERE"

2.	 Download and display unemployment data from Nasdaq Data Link:

df = (
    nasdaqdatalink.get(dataset="FRED/UNRATENSA", 
                       start_date="2014-01-01", 
                       end_date="2019-12-31")
    .rename(columns={"Value": "unemp_rate"})
)
df.plot(title="Unemployment rate in years 2014-2019")
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4.	 Create the seasonal plot:

sns.lineplot(data=df, 
             x="month", 
             y="unemp_rate", 
             hue="year",
             style="year", 
             legend="full",
             palette="colorblind")
plt.title("Unemployment rate - Seasonal plot")
plt.legend(bbox_to_anchor=(1.05, 1), loc=2)

Running the code results in the following plot:

Figure 3.7: Seasonal plot of the unemployment rate

By displaying each year�s unemployment rate over the months, we can clearly see some seasonal 
patterns. For example, the highest unemployment can be observed in January, while the lowest is in 
December. Also, there seems to be a consistent increase in unemployment over the summer months. 

How it works…
In the �rst step, we imported the libraries and authenticated with Nasdaq Data Link. In the second 
step, we downloaded the unemployment data from the years 2014-2019. For convenience, we renamed 
the Value column to unemp_rate.

In Step 3, we created two new columns, in which we extracted the year and the name of the month 
from the index (encoded as DatetimeIndex). 
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In the last step, we used the sns.lineplot function to create the seasonal line plot. We speci�ed that 
we want to use the months on the x-axis and that we will plot each year as a separate line (using the 
hue argument).

There’s more…
We have already investigated the simplest way to investigate seasonality on a plot. In this part, we will 
also go over some alternative visualizations that can reveal additional information about seasonal 
patterns.

1.	 Import the libraries:

from statsmodels.graphics.tsaplots import month_plot, quarter_plot
import plotly.express as px

2.	 Create a month plot:

month_plot(df["unemp_rate"], ylabel="Unemployment rate (%)")
plt.title("Unemployment rate - Month plot")

Running the code produces the following plot:

Figure 3.8: The month plot of the unemployment rate

We can create such plots using other libraries as well. We used seaborn (which is a wrap-
per around matplotlib) to showcase the library. In general, it is recommended to use 
seaborn when you would like to include some statistical information on the plot as well, 
for example, to plot the line of best �t on a scatterplot.
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Creating interactive visualizations                 
In the �rst recipe, we gave a short preview of creating interactive visualizations in Python. In this 
recipe, we will show how to create interactive line plots using three di�erent libraries: cufflinks, 
plotly, and bokeh. Naturally, these are not the only available libraries for interactive visualizations. 
Another popular one you might want to investigate further is altair. 

The plotly library is built on top of d3.js (a JavaScript library used for creating interactive visual-
izations in web browsers) and is known for creating high-quality plots with a signi�cant degree of 
interactivity (inspecting values of observations, viewing tooltips of a given point, zooming in, and so 
on). Plotly is also the company responsible for developing this library and it provides hosting for our 
visualizations. We can create an in�nite number of o�ine visualizations and a few free ones to share 
online (with a limited number of views per day).

cufflinks is a wrapper library built on top of plotly. It was released before plotly.express was 
introduced as part of the plotly framework. The main advantages of cufflinks are:

�	 It makes the plotting much easier than pure plotly. 

�	 It enables us to create the plotly visualizations directly on top of pandas DataFrames.

�	 It contains a selection of interesting specialized visualizations, including a special class for 
quantitative �nance (which we will cover in the next recipe).

Lastly, bokeh is another library for creating interactive visualizations, aiming particularly for modern 
web browsers. Using bokeh, we can create beautiful interactive graphics, from simple line plots to 
complex interactive dashboards with streaming datasets. The visualizations of bokeh are powered by 
JavaScript, but actual knowledge of JavaScript is not explicitly required for creating the visualizations.

In this recipe, we will create a few interactive line plots using Microso��s stock price from 2020. 

How to do it…
Execute the following steps to download Microso��s stock prices and create interactive visualizations:

1.	 Import the libraries and initialize the notebook display:

import pandas as pd
import yfinance as yf

import cufflinks as cf
from plotly.offline import iplot, init_notebook_mode
import plotly.express as px
import pandas_bokeh

cf.go_offline()
pandas_bokeh.output_notebook()
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Running the code results in the following visualization:

Figure 3.13: Example of time series visualization using plotly

In Figure 3.13, you can see an example of the interactive tooltip, which is useful for identifying par-
ticular observations within the analyzed time series.

How it works…
In the �rst step, we imported the libraries and initialized the notebook display for bokeh and the 
o�ine mode for cufflinks. Then, we downloaded Microso��s stock prices from 2020, calculated 
simple returns using the adjusted close price, and only kept those two columns for further plotting.

In the third step, we created the �rst interactive visualization using cufflinks. As mentioned in 
the introduction, thanks to cufflinks, we can use the iplot method directly on top of the pandas 
DataFrame. It works similarly to the original plot method. Here, we indicated that we wanted to cre-
ate subplots in one column, sharing the x-axis. The library handled the rest and created a nice and 
interactive visualization.

In Step 4, we created a line plot using bokeh. We did not use the pure bokeh library, but an o�cial 
wrapper around pandas�pandas_bokeh. Thanks to it, we could access the plot_bokeh method directly 
on top of the pandas DataFrame to simplify the process of creating the plot.

Lastly, we used the plotly.express framework, which is now o�cially part of the plotly library 
(it used to be a standalone library). Using the px.line function, we can easily create a simple, yet 
interactive line plot.

There’s more…
While using the visualizations to tell a story or presenting the outputs of our analyses to stakeholders 
or a non-technical audience, there are a few techniques that might improve the plot�s ability to convey 
a given message. Annotations are one of those techniques and we can easily add them to the plots 
generated with plotly (we can do so with other libraries as well).
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3.	 Update the layout of the plot and show it:

fig.update_layout(
    {"annotations": [first_annotation, second_annotation]}
)
fig.show()

Running the snippet generates the following plot:

Figure 3.14: Time series visualization with added annotations

Using the annotations, we have marked the dates when the market started to decline due to the 
COVID-19 pandemic, as well as when it started to recover and rise again. The dates used for annota-
tions were selected simply by viewing the plot.

See also
�	 https://bokeh.org/�For more information about bokeh.

�	 https://altair-viz.github.io/�You can also inspect altair, another popular Python li-
brary for interactive visualizations.

�	 https://plotly.com/python/�plotly’s Python documentation. The library is also available 
for other programming languages such as R, MATLAB, or Julia.

Creating a candlestick chart
A candlestick chart is a type of �nancial graph, used to describe a given security�s price movements. A 
single candlestick (typically corresponding to one day, but a di�erent frequency is possible) combines 
the open, high, low, and close (OHLC) prices. 
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The elements of a bullish candlestick (where the close price in a given time period is higher than the 
open price) are presented in Figure 3.15:

Figure 3.15: Diagram of a bullish candlestick

For a bearish candlestick, we should swap the positions of the open and close prices. Typically, we 
would also change the candle�s color to red.

In comparison to the plots introduced in the previous recipes, candlestick charts convey much more 
information than a simple line plot of the adjusted close price. That is why they are o�en used in real 
trading platforms, and traders use them for identifying patterns and making trading decisions.

In this recipe, we also add moving average lines (which are one of the most basic technical indicators), 
as well as bar charts representing volume.

Getting ready
In this recipe, we will download Twitter�s (adjusted) stock prices for the year 2018. We will use Yahoo 
Finance to download the data, as described in Chapter 1, Acquiring Financial Data. Follow these steps 
to get the data for plotting:

1.	 Import the libraries:

import pandas as pd
import yfinance as yf

2.	 Download the adjusted prices:

df = yf.download("TWTR",
                 start="2018-01-01",
                 end="2018-12-31",
                 progress=False,
                 auto_adjust=True)
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How to do it…
Execute the following steps to create an interactive candlestick chart:

1.	 Import the libraries:

import cufflinks as cf
from plotly.offline import iplot

cf.go_offline()

2.	 Create the candlestick chart using Twitter�s stock prices:

qf = cf.QuantFig(
    df, title="Twitter's Stock Price", 
    legend="top", name="Twitter's stock prices in 2018"
)

3.	 Add volume and moving averages to the �gure:

qf.add_volume()
qf.add_sma(periods=20, column="Close", color="red")
qf.add_ema(periods=20, color="green")

4.	 Display the plot:

qf.iplot()

We can observe the following plot (it is interactive in the notebook):

Figure 3.16: Candlestick plot of Twitter�s stock prices in 2018
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In the plot, we can see that the exponential moving average (EMA) adapts to the changes in prices 
much faster than the simple moving average (SMA). Some discontinuities in the chart are caused by 
the fact that we are using daily data, and there is no data for weekends/bank holidays.

How it works…
In the �rst step, we imported the required libraries and indicated that we wanted to use the o�ine 
mode of cufflinks and plotly. 

In Step 2, we created an instance of a QuantFig object by passing a DataFrame containing the input 
data, as well as some arguments for the title and legend�s position. We could have created a simple 
candlestick chart by running the iplot method of QuantFig immediately a�erward.

In Step 3, we added two moving average lines by using the add_sma/add_ema methods. We decided to 
consider 20 periods (days, in this case). By default, the averages are calculated using the close column, 
however, we can change this by providing the column argument.

The di�erence between the two moving averages is that the exponential one puts more weight on 
recent prices. By doing so, it is more responsive to new information and reacts faster to any changes 
in the general trend.

Lastly, we displayed the plot using the iplot method.

There’s more…
As mentioned in the chapter�s introduction, there are o�en multiple ways we can do the same task 
in Python, o�en using di�erent libraries. We will also show how to create candlestick charts using 
pure plotly (in case you do not want to use a wrapper library such as cufflinks) and mplfinance, a 
standalone expansion to matplotlib dedicated to plotting �nancial data:

1.	 Import the libraries:

import plotly.graph_objects as go
import mplfinance as mpf

2.	 Create a candlestick chart using pure plotly:

fig = go.Figure(data=
    go.Candlestick(x=df.index,
                   open=df["Open"],
                   high=df["High"],
                   low=df["Low"],
                   close=df["Close"])
)

As an alternative to running cf.go_offline() every time, we can also modify the set-
tings to always use the o�ine mode by running cf.set_config_file(offline=True). 
We can then view the settings using cf.get_config_file().
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Running the code generated the following plot:

Figure 3.18: An example of a candlestick chart generated using mplfinance

We used the mav argument to indicate we wanted to create two moving averages, 10- and 20-day 
ones. Unfortunately, at this moment, it is not possible to add exponential variants. However, 
we can add additional plots to the �gure using the mpf.make_addplot helper function. We also 
indicated that we wanted to use a style resembling the one used by Yahoo Finance. 

See also
Some useful references:

�	 https://github.com/santosjorge/cufflinks�The GitHub repository of cufflinks

�	 https://github.com/santosjorge/cufflinks/blob/master/cufflinks/quant_figure.py�
The source code of cufflinks might be helpful for getting more information on the available 
methods (di�erent indicators and settings)

�	 https://github.com/matplotlib/mplfinance�The GitHub repository of mplfinance

�	 https://github.com/matplotlib/mplfinance/blob/master/examples/addplot.ipynb�A 
Notebook with examples of how to add extra information to plots generated with mplfinance

You can use the command mpf.available_styles() to display all the available 
styles.
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Summary
In this chapter, we have covered various ways of visualizing �nancial (and not only) time series. Plotting 
the data is very helpful in getting familiar with the analyzed time series. We can identify some patterns 
(for example, trends or changepoints) that we might subsequently want to con�rm with statistical tests. 
Visualizing data can also help to spot some outliers (extreme values) in our series. This brings us to 
the topic of the next chapter, that is, automatic pattern identi�cation and outlier detection.
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ax.legend(loc="center left", bbox_to_anchor=(1, 0.5))

plt.show()

Running the code generates the following plot:

Figure 4.2: Tesla�s stock prices and the outliers identified using the Hampel filter

Using the Hampel �lter, we identi�ed seven outliers. At �rst glance, it might be interesting and maybe 
even a bit counterintuitive that the biggest spike and drop around September 2020 were not detected, 
but some smaller jumps later on were. We have to remember that this �lter uses a centered window, 
so while looking into the observation at the peak of the spike, the algorithm also looks at the previous 
and next �ve observations, which include high values as well.

How it works…
The �rst two steps are quite standard�we imported the libraries, downloaded the stock prices, and 
calculated simple returns.

In Step 3, we instantiated the object of the HampelFilter class. We used the �lter�s implementation from 
the sktime library, which we will also explore further in Chapter 7, Machine Learning-Based Approaches 
to Time Series Forecasting. We speci�ed that we want to use a window of length 10 (5 observations be-
fore and 5 a�er) and for the �lter to return a Boolean �ag whether the observation is an outlier or not. 
The default setting of return_bool will return a new series in which the outliers will be replaced with 
NaNs. That is because the authors of sktime suggest using the �lter for identifying and removing the 
outliers, and then using a companion Imputer class for �lling in the missing values.
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sktime uses methods similar to those available in scikit-learn, so we �rst need to fit the trans-
former object to the data and then transform it to obtain the �ag indicating whether the observation 
is an outlier. Here, we completed two steps at once by using the fit_transform method applied to 
the adjusted close price.

In the last step, we plotted the stock price as a line plot and marked the outliers as black dots.

There’s more…
For comparison�s sake, we can also apply the very same �lter to the returns calculated using the adjust-
ed close prices. This way, we can see if the algorithm will identify di�erent observations as outliers:

1.	 Identify the outliers among the stock returns:

df["outlier_rtn"] = hampel_detector.fit_transform(df["rtn"])

Because we have already instantiated the HampelFilter, we do not need to do it again. We can 
just �t it to the new data (returns) and transform it to get the Boolean �ag. 

2.	 Plot Tesla�s daily returns and mark the outliers:

fig, ax = plt.subplots()

df[["rtn"]].plot(ax=ax)
ax.scatter(df.loc[df["outlier_rtn"]].index,
           df.loc[df["outlier_rtn"], "rtn"],
           color="black", label="outlier")
ax.set_title("Tesla's stock returns")
ax.legend(loc="center left", bbox_to_anchor=(1, 0.5))

plt.show()

Please refer to Chapter 13, Applied Machine Learning: Identifying Credit Default, for more 
information about using scikit-learn’s �t/transform API.
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There is only a single date that was identi�ed as an outlier based on both prices and returns.

See also
Anomaly/outlier detection is an entire �eld in data science, and there are numerous approaches to 
identifying suspicious observations. We have covered two algorithms that are especially suitable for 
time series problems. However, there are many possible approaches to anomaly detection in general. 
We will cover outlier detection methods used for data other than time series in Chapter 13, Applied 
Machine Learning: Identifying Credit Default. Some of them can also be used for time series.

Here are a few interesting anomaly/outlier detection libraries:

�	 https://github.com/datamllab/tods

�	 https://github.com/zillow/luminaire/

�	 https://github.com/signals-dev/Orion

�	 https://pycaret.org/anomaly-detection/

�	 https://github.com/linkedin/luminol�a library created by LinkedIn; unfortunately, it is 
not actively maintained anymore

�	 https://github.com/twitter/AnomalyDetection�this R package (created by Twitter) is quite 
famous and was ported to Python by some individual contributors

A few more references:

�	 Hampel F. R. 1974. �The in�uence curve and its role in robust estimation.� Journal of the Amer-
ican Statistical Association, 69: 382-393�a paper introducing the Hampel �lter

�	 https://www.sktime.org/en/latest/index.html�documentation of sktime

Detecting changepoints in time series
A changepoint can be de�ned as a point in time when the probability distribution of a process or time 
series changes, for example, when there is a change to the mean in the series. 

In this recipe, we will use the CUSUM (cumulative sum) method to detect shi�s of the means in a time 
series. The implementation used in the recipe has two steps:

1.	 Finding the changepoint�an iterative process is started by �rst initializing a changepoint in 
the middle of the given time series. Then, the CUSUM approach is carried out based on the 
selected point. The following changepoint is located where the previous CUSUM time series 
is either maximized or minimized (depending on the direction of the changepoint we want 
to locate). We continue this process until a stable changepoint is located or we exceed the 
maximum number of iterations.

2.	 Testing its statistical signi�cance�a log-likelihood ratio test is used to test if the mean of the 
given time series changes at the identi�ed changepoint. The null hypothesis states that there 
is no change in the mean of the series.
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Some further remarks about the implementation of the algorithm:

�	 The algorithm can be used to detect both upward and downward shi�s.

�	 The algorithm can �nd at most one upward and one downward changepoint.

�	 By default, the changepoints are only reported if the null hypothesis is rejected.

�	 Under the hood, the Gaussian distribution is used to calculate the CUSUM time series value 
and perform the hypothesis test.

In this recipe, we will apply the CUSUM algorithm to identify changepoints in Apple�s stock prices 
from 2020.

How to do it…
Execute the following steps to detect changepoints in Apple�s stock price:

1.	 Import the libraries:

import yfinance as yf
from kats.detectors.cusum_detection import CUSUMDetector
from kats.consts import TimeSeriesData

2.	 Download Apple�s stock price from 2020:

df = yf.download("AAPL",
                 start="2020-01-01",
                 end="2020-12-31",
                 progress=False)

3.	 Keep only the adjusted close price, reset the index, and rename the columns:

df = df[["Adj Close"]].reset_index(drop=False)
df.columns = ["time", "price"]

4.	 Convert the DataFrame into a TimeSeriesData object:

tsd = TimeSeriesData(df)

5.	 Instantiate and run the changepoint detector:

cusum_detector = CUSUMDetector(tsd)
change_points = cusum_detector.detector(
    change_directions=["increase"]
)
cusum_detector.plot(change_points)
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How it works…
In the �rst step, we imported the libraries. For detecting the changepoints, we used the kats library 
from Facebook. Then, we fetched Apple�s stock prices from 2020. For this analysis, we used the ad-
justed close prices.

To work with kats, we need to have our data in a particular format. That is why in Step 3, we only kept 
the adjusted close prices, reset the index without dropping it (as we need that column), and renamed 
the columns. One thing to remember is that the column containing the dates/datetimes must be called 
time. In Step 4, we converted the DataFrame into a TimeSeriesData object, which is a representation 
used by kats.

In Step 5, we instantiated the CUSUMDetector using the previously created data. We did not change any 
default settings. Then, we identi�ed the changepoints using the detector method. For this analysis, 
we were only interested in increases, so we speci�ed the change_directions argument. Lastly, we 
plotted the detected changepoint using the plot method of the cusum_detector object. One thing to 
note here is that we had to provide the identi�ed changepoints as input for the method.

In the very last step, we looked further into the detected changepoints. The returned object is a list 
containing two elements: the TimeSeriesChangePoint object containing information, such as the 
date of the identi�ed changepoint and the algorithm�s con�dence, and a metadata object. By using the 
latter�s __dict__ method, we can access more information about the point: the direction, the mean 
before/a�er the changepoint, the p-value of the likelihood ratio test, and more. 

There’s more…
The library o�ers quite a few more interesting functionalities regarding changepoint detection. We 
will only cover two of them, and I highly encourage you to explore them further on your own. 

Restricting the detection window
The �rst one is to restrict the window in which we want to look for the changepoint. We can do so using 
the interest_window argument of the detector method. Below, we only looked for a changepoint 
between the 200th and 250th observations (reminder: this is a trading year and not a full calendar year, 
so there are only around 252 observations).

Narrow down the window in which we want to search for the changepoint:

change_points = cusum_detector.detector(change_directions=["increase"],
                                        interest_window=[200, 250])
cusum_detector.plot(change_points)
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We can see the modi�ed results in the following plot:

Figure 4.6: Changepoint identified between the 200th and 250th observations in the series

Aside from the identi�ed changepoint, we can also see the window we have selected.

Using different changepoint detection algorithms
The kats library also contains other interesting algorithms for changepoint detection. One of them 
is RobustStatDetector. Without going into too much detail about the algorithm itself, it smoothens 
the data using moving averages before identifying the points of interest. Another interesting feature 
of the algorithm is that it can detect multiple changepoints in a single run.

Use another algorithm to detect changepoints (RobustStatDetector):

from kats.detectors.robust_stat_detection import RobustStatDetector

robust_detector = RobustStatDetector(tsd)
change_points = robust_detector.detector()
robust_detector.plot(change_points)
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Running the snippet generates the following plot:

Figure 4.7: Identifying changepoints using the RobustStatDetector

This time, the algorithm picked up two additional changepoints compared to the previous attempt.

See also
�	 https://github.com/facebookresearch/Kats�the GitHub repository of Facebook�s Kats

�	 Page, E. S. 1954. �Continuous inspection schemes.� Biometrika 41(1): 100�115

�	 Adams, R. P., & MacKay, D. J. (2007). Bayesian online changepoint detection. arXiv preprint arX-
iv:0710.3742

Another interesting algorithm provided by the kats library is the Bayesian Online 
Change Point Detection (BOCPD), for which we provide a reference in the See also 
section.
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Detecting trends in time series
In the previous recipe, we covered changepoint detection. Another class of algorithms can be used 
for trend detection, that is, identifying signi�cant and prolonged changes in time series.

The kats library o�ers a trend detection algorithm based on the non-parametric Mann-Kendall (MK) 
test. The algorithm iteratively conducts the MK test on windows of a speci�ed size and returns the 
starting points of each window for which this test turned out to be statistically signi�cant. 

To detect whether there is a signi�cant trend in the window, the test inspects the monotonicity of the 
increases/decreases in the time series rather than the magnitude of the change in values. The MK test 
uses a test statistic called Kendall�s Tau, and it ranges from -1 to 1. We can interpret the values as follows:

�	 -1 indicates a perfectly monotonic decline

�	 1 indicates a perfectly monotonic increase

�	 0 indicates that there is no directional trend in the series

By default, the algorithm will only return periods in which the results were statistically signi�cant.

You might be wondering why use an algorithm for detecting trends when it is easy to see them on 
the plot? That is very true; however, we should remember that the goal of using those algorithms is 
to look at more than a single series and time period at a time. We want to be able to detect trends at 
scale, for example, �nding upward trends within hundreds of time series.

In this recipe, we will use the trend detection algorithm to investigate whether there were periods 
with signi�cant increasing trends in NVIDIA�s stock prices from 2020.

How to do it…
Execute the following steps to detect increasing trends in NVIDIA�s stock prices from 2020:

1.	 Import the libraries:

import yfinance as yf
from kats.consts import TimeSeriesData
from kats.detectors.trend_mk import MKDetector

2.	 Download NVIDIA�s stock prices from 2020:

df = yf.download("NVDA",
                 start="2020-01-01",
                 end="2020-12-31",
                 progress=False)

3.	 Keep only the adjusted close price, reset the index, and rename the columns:

df = df[["Adj Close"]].reset_index(drop=False)
df.columns = ["time", "price"]
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4.	 Convert the DataFrame into a TimeSeriesData object:

tsd = TimeSeriesData(df)

5.	 Instantiate and run the trend detector:

trend_detector = MKDetector(tsd, threshold=0.9)
time_points = trend_detector.detector(
    direction="up", 
    window_size=30
)

6.	 Plot the detected time points:

trend_detector.plot(time_points)

Running the line results in the following plot:

Figure 4.8: The identified starting points of upward trends

In Figure 4.8, we can see a lot of periods with some gaps in between. What is important to know is that 
the red vertical bars are not the detected windows, but rather a lot of detected trend starting points 
right next to each other. Running the selected con�guration of the algorithm on our data resulted in 
identifying 95 periods of an increasing trend, which clearly have a lot of overlap.

How it works…
The �rst four steps are very similar to the previous recipe, with the only di�erence being that this 
time we downloaded NVIDIA�s stock price from 2020. Please refer to the previous recipe for more 
information about preparing the data for working with the kats library.

In Step 5, we instantiated the trend detector (MKDetector class) while providing the data and changing 
the threshold of the Tau coe�cient to 0.9. This way, we obtain only the periods with higher trend in-
tensity. Then, we used the detector method to �nd the time points. We were interested in increasing 
trends (direction="up") over a window of 30 days.
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In Step 6, we plotted the results. We can also inspect in detail each of the 95 detected points. The re-
turned time_points object is a list of tuples, in which each tuple contains the TimeSeriesChangePoint 
object (with the beginning date of the detected trend period) and the point�s metadata. In our case, 
we looked for periods of an increasing trend over a window of 30 days. Naturally, there will be quite 
an overlap in the periods of an increasing trend, as we identi�ed multiple points, with each being 
the beginning of the period. As we can see in the plot, a lot of those identi�ed points are consecutive. 

See also
�	 Mann, H. B. 1945. �Non-Parametric Tests against Trend.� Econometrica 13: 245-259.

�	 Kendall, M. G. 1948. Rank Correlation Methods. Gri�n.

Detecting patterns in a time series using the Hurst 
exponent
In �nance, a lot of trading strategies are based on one of the following:

�	 Momentum�the investors try to use the continuance of the existing market trend to determine 
their positions

�	 Mean-reversion � the investors assume that properties such as stock returns and volatility will 
revert to their long-term average over time (also known as an Ornstein-Uhlenbeck process)

While we can relatively easily classify a time series as one of the two by inspecting it visually, this 
solution de�nitely does not scale well. That is why we can use approaches such as the Hurst exponent 
to identify if a given time series (not necessarily a �nancial one) is trending, mean-reverting, or simply 
a random walk.

Hurst exponent (H) is a measure for the long-term memory of a time series, that is, it measures the 
amount by which that series deviates from a random walk. The values of the Hurst exponent range 
between 0 and 1, with the following interpretation:

�	 H < 0.5�a series is mean-reverting. The closer the value is to 0, the stronger the mean-rever-
sion process is. 

�	 H = 0.5�a series is a geometric random walk.

There are also other parameters of the detector we could tune. For example, we can specify 
if there is some seasonality in the data by using the freq argument.

A random walk is a process in which a path consists of a succession of steps taken at 
random. Applied to stock prices, it suggests that changes in stock prices have the same 
distribution and are independent of each other. This implies that the past movement (or 
trend) of a stock price cannot be used to predict its future movement. For more informa-
tion, please see Chapter 10, Monte Carlo Simulations in Finance.
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�	 H > 0.5�a series is trending. The closer the value is to 1, the stronger the trend.

There are a few ways of calculating the Hurst exponent. In this recipe, we will focus on the one based 
on estimating the rate of the di�usive behavior, which is based on the variance of log prices. For the 
practical example, we will use 20 years of daily S&P 500 prices.

How to do it…
Execute the following steps to investigate whether S&P 500 prices are trending, mean-reverting, or 
an example of a random walk:

1.	 Import the libraries:

import yfinance as yf
import numpy as np
import pandas as pd

2.	 Download S&P 500�s historical prices from the years 2000 to 2019:

df = yf.download("^GSPC",
                 start="2000-01-01",
                 end="2019-12-31",
                 progress=False)
df["Adj Close"].plot(title="S&P 500 (years 2000-2019)")

Running the code generates the following plot:

Figure 4.9: The S&P 500 index in the years 2000 to 2019
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It seems that the series from the 2005 to 2007 period is mean-reverting. For reference, the 
discussed time series is illustrated as follows:

Figure 4.10: The S&P 500 index in the years 2005 to 2007

How it works…
A�er importing the required libraries, we downloaded 20 years� worth of daily S&P prices from Ya-
hoo Finance. From looking at the plot, it is hard to say whether the time series is purely trending, 
mean-reverting, or a random walk. There seems to be a clear rising trend, especially in the second 
half of the series.

In Step 3, we de�ned a function used for calculating the Hurst exponent. For this approach, we need to 
provide the maximum number of lags to be used for the calculations. This parameter greatly impacts 
the results, as we will see later on.

The calculations of the Hurst exponent can be summarized in two steps:

1.	 For each lag in the considered range, we calculate the standard deviation of the di�erenced 
series (we will cover di�erencing in more depth in Chapter 6, Time Series Analysis and Forecasting).

2.	 Calculate the slope of the log plot of lags versus the standard deviations to get the Hurst ex-
ponent.

In Step 4, we calculated and printed the Hurst exponent for a range of di�erent values of the max_lag 
parameter. For lower values of the parameter, the series could be considered slightly mean-reverting. 
While increasing the value of the parameter, the interpretation changed more in favor of the series 
being a random walk.



Exploring Financial Time Series Data98

In Step 5, we carried out a similar experiment, but this time on a restricted time series. We only looked 
at data from the years 2005 to 2007. We also had to remove the max_lag of 1,000, given there were not 
enough observations in the restricted time series. As we could see, the results have changed a bit more 
drastically than before, from 0.4 for max_lag of 20 to 0.13 for 500 lags.

While using the Hurst exponent for our analyses, we should keep in mind that the results can vary 
depending on:

�	 The method we use for calculating the Hurst exponent

�	 The value of the max_lag parameter

�	 The period we are looking at � local patterns can be very di�erent from the global ones

There’s more…
As we mentioned in the introduction, there are multiple ways to calculate the Hurst exponent. Another 
quite popular approach is to use the rescaled range (R/S) analysis. A brief literature review suggests 
that using the R/S statistic leads to better results in comparison to other methods such as the analysis 
of autocorrelations, variance ratios, and more. A possible shortcoming of that method is that it is very 
sensitive to short-range dependencies.

For an implementation of the Hurst exponent based on the rescaled range analysis, you can check 
out the hurst library.

See also
�	 https://github.com/Mottl/hurst�the repository of the hurst library

�	 Hurst, H. E. 1951. �Long-Term Storage Capacity of Reservoirs.� ASCE Transactions 116(1): 770�808

�	 Kroha, P., & Skoula, M. 2018, March. Hurst Exponent and Trading Signals Derived from Market 
Time Series. In ICEIS (1): 371�378

Investigating stylized facts of asset returns
Stylized facts are statistical properties that are present in many empirical asset returns (across time and 
markets). It is important to be aware of them because when we are building models that are supposed 
to represent asset price dynamics, the models should be able to capture/replicate these properties.

In this recipe, we investigate the �ve stylized facts using an example of daily S&P 500 returns from 
the years 2000 to 2020.
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Getting ready
As this is a longer recipe with further subsections, we import the required libraries and prepare the 
data in this section:

1.	 Import the required libraries:

import pandas as pd
import numpy as np
import yfinance as yf
import seaborn as sns
import scipy.stats as scs
import statsmodels.api as sm
import statsmodels.tsa.api as smt

2.	 Download the S&P 500 data and calculate the returns:

df = yf.download("^GSPC", 
                 start="2000-01-01", 
                 end="2020-12-31",
                 progress=False)
 
df = df[["Adj Close"]].rename(
    columns={"Adj Close": "adj_close"}
)
df["log_rtn"] = np.log(df["adj_close"]/df["adj_close"].shift(1))
df = df[["adj_close", "log_rtn"]].dropna()

How to do it…
In this section, we sequentially investigate the �ve stylized facts in the S&P 500 returns series:

Fact 1: Non-Gaussian distribution of returns        
It was observed in the literature that (daily) asset returns exhibit the following:

�	 Negative skewness (third moment): Large negative returns occur more frequently than large 
positive ones

�	 Excess kurtosis (fourth moment): Large (and small) returns occur more o�en than expected 
under normality

Moments are a set of statistical measures used to describe a probability distribution. The 
�rst four moments are the following: expected value (mean), variance, skewness, and 
kurtosis.
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Fact 2: Volatility clustering 
Volatility clustering is the pattern in which large changes in prices tend to be followed by large changes 
(periods of higher volatility), while small changes in price are followed by small changes (periods of 
lower volatility).

Run the following code to investigate the second fact by plotting the log returns series:

(
    df["log_rtn"]
    .plot(title="Daily S&P 500 returns", figsize=(10, 6))
)

Executing the code results in the following plot: 

Figure 4.12: Examples of volatility clustering in the S&P 500 returns

We can observe clear clusters of volatility�periods of higher positive and negative returns. The fact 
that volatility is not constant and that there are some patterns in how it evolves is a very useful obser-
vation when we attempt to forecast volatility, for example, using GARCH models. For more information, 
please refer to Chapter 9, Modeling Volatility with GARCH Class Models.

Fact 3: Absence of autocorrelation in returns    
Autocorrelation (also known as serial correlation) measures how similar a given time series is to the 
lagged version of itself over successive time intervals. 
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Fact 4: Small and decreasing autocorrelation in squared/absolute 
returns
While we expect no autocorrelation in the return series, it was empirically proven that we can ob-
serve small and slowly decaying autocorrelation (also referred to as persistence) in simple nonlinear 
functions of the returns, such as absolute or squared returns. This observation is connected to the 
phenomenon we have already investigated, that is, volatility clustering. 

The autocorrelation function of the squared returns is a common measure of volatility clustering. It 
is also referred to as the ARCH e�ect, as it is the key component of (G)ARCH models, which we cover 
in Chapter 9, Modeling Volatility with GARCH Class Models. However, we should keep in mind that this 
property is model-free and not exclusively connected to GARCH class models.

We can investigate the fourth fact by creating the ACF plots of squared and absolute returns:

fig, ax = plt.subplots(2, 1, figsize=(12, 10))

smt.graphics.plot_acf(df["log_rtn"]**2, lags=N_LAGS,
                      alpha=SIGNIFICANCE_LEVEL, ax=ax[0])
ax[0].set(title="Autocorrelation Plots",
          ylabel="Squared Returns")

smt.graphics.plot_acf(np.abs(df["log_rtn"]), lags=N_LAGS,
                      alpha=SIGNIFICANCE_LEVEL, ax=ax[1])
ax[1].set(ylabel="Absolute Returns",
          xlabel="Lag")

plt.show()
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Executing the code results in the following plots:

Figure 4.14: The ACF plots of squared and absolute returns

We can observe the small and decreasing values of autocorrelation for the squared and absolute re-
turns, which are in line with the fourth stylized fact.

Fact 5: Leverage effect    
The leverage e�ect refers to the fact that most measures of an asset�s volatility are negatively correlated 
with its returns. 
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We additionally calculated the correlation coe�cient between the two series and included it 
in the title:

Figure 4.16: Investigating the relationship between the returns of S&P 500 and VIX

We can see that both the negative slope of the regression line and a strong negative correlation between 
the two series con�rm the existence of the leverage e�ect in the return series.

See also
For more information, refer to the following:

�	 Cont, R. 2001. �Empirical properties of asset returns: stylized facts and statistical issues.� Quan-
titative Finance, 1(2): 223
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Summary
In this chapter, we learned how to use a selection of algorithms and statistical tests to automatically 
identify potential patterns and issues (for example, outliers) in �nancial time series. With their help, 
we can scale up our analysis to an arbitrary number of assets instead of manually inspecting each 
and every time series. 

We also explained the stylized facts of asset returns. These are crucial to understand, as many models 
or strategies assume a certain distribution of the variable of interest. Most frequently, a Gaussian 
distribution is assumed. And as we have seen, empirical asset returns are not normally distributed. 
That is why we have to take certain precautions to make our analyses valid while working with such 
time series.

In the next chapter, we will explore the vastly popular domain of technical analysis and see what 
insights we can gather from analyzing the patterns in asset prices.

Join us on Discord!
To join the Discord community for this book � where you can share feedback, ask questions to the 
author, and learn about new releases � follow the QR code below:

https://packt.link/ips2H
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