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ABSTRACT Authors in [2] have used news articles besides Twitter feeds as

In this work we explore the use of Twitter feeds and news articles
as alternative data sources to predict the closing stock prices of
leading green companies such as First Solar, Siemens, Plug Power
and others. We show our methods to acquire data from alternative
sources such as Twitter and news articles and perform sentiment
analysis using NLTK over time. Using the time series obtained, we
perform lag correlation and Granger causality, and TF-IDF analysis
to investigate whether information gained from the alternative
data sources and the stock market prices of leading green energy
companies are in any way correlated.

1 INTRODUCTION

Data driven decision making is key to success. Living in this age of
Big Data with numerous cutting edge technologies we have great
opportunities at our disposal to make use of these resources to
drive this data driven decision making approach into a reality and
a culture for the current and upcoming industries. The rising global
concern regarding climate change and the catastrophes it most
probably might lead up to has given rise to several new companies
being formed, organizations establishing new short-term/long-term
policies and agreements;signed and presented to manage this issue
with increased importance and priority. This mounting awareness
is the cause for establishment of many new companies jumping
into this industry along with the older ones improving, revamping
and aligning their goals in agreement with climate change concerns
as well. This gives us the perfectly timed opportunity to dive into
putting forth an idea and methodology to explore the predictive
power of the data for investment opportunities in this upcoming
industry of green energy companies based on understanding at
greater depths driven with creativity to analyze, comprehend and
formulate an approach applicable to see forthcoming stock-trend’s
for individual companies and as whole groups to facilitate investors
before hand to maximize developments and profits to make the
companies with a good cause to grow further.

2 LITERATURE REVIEW

The usage of alternative data sources such as Twitter feeds, news ar-
ticles and search queries for predicting financial markets has been
increasingly receiving attention in industry and academia. The
authors in [3] have used used Twitter feeds to investigate the cor-
relation between the public mood and the value of the Dow Jones
Industrial average. They used Opinion Finder (OF) and Google-
Profile of Mood States (GPOMS) to track the sentiment mood col-
lective mood. The authors also used a Granger causality analysis
and Self-Organizing Fuzzy Neural Network to determine whether
the collective mood is indeed correlated to the values of the DJIA,
and successfully found an accuracy of 87.6 percent in predicting
the daily behavior of this index.

an additional alternative data source. The authors used Opinion
Finder (OF) and Stanford Natural Language Processing Program-
ming Interface (SNLP) to do the sentiment analysis of these sources.
Furthermore, they adopted a Time-based Term Frequency and In-
verse Document Frequency (TF-IDF) to normalize the frequency
of terms and used it to cluster terms using clustering algorithms.
In this work the authors also did correlation analysis and Granger
causality as well as other linear regression models to study the
correlation between the collective mood from these data sources
and the stock market behavior of various entities in Australia.

3 BUSINESS UNDERSTANDING
3.1 Background

It is now evident, as it has been for a long time that we are facing a
climate crisis and there is not question about the urgent need to
take action on this crisis. The Intergovernmental Panel On Climate
Change has stated that Scientific evidence for warming on the
climate system is unequivocal and that there is a 95% probability to
be the result of human activity [1]. Some of evidence that confirms
this crisis is the increase of 2.12 degrees Fahrenheit of the planet’s
average surface temperature, the warming of the ocean of more
than 0.6 degrees Fahrenheit, the average lost of 279, and 148 billion
tons of ice per year on Greenland and the Antarctica, respectively.
Other evidence include the rise of global sea levels of about 8
inches during the last century, and many other [1].

One would think that it is evident the urgent need to invest on
green and climate friendly companies and industries, but we live in
a country and a world where the influence and interests of some
corporations on our government and policy making drastically
affect our ability to invest on sectors of the industry which could
positively impact our chances to successfully fight against climate
change. Now more than ever it is crucial for the global economy to
transition to climate friendly industries, and it is paramount for
the biggest economies such as the US to play a key role in this
transition.

3.2 Stock Market Understanding

Our attempt to investigate the stock market behaviour naturally
requires a basic understanding of the stock market. More specifi-
cally, we focused on aspects which could lead us to narrow down
certain public companies to track through their tickers. The value
of a public company’s stock can be retrieved by looking up their
respective tickers. We discovered Exchange Traded Fund (ETF),
which is a type of security that tracks an index, commodity, sec-
tor, or other asset, but can be traded like a stock. ETF can track a
ticker as well. Market indicies proved very useful - they are hypo-
thetical portfolios used to track specific segments of the market.
They would include important tickers to keep track for that specific



market sector. Through ETF and clean energy indicies such as the
S&P energy index, we were able to identify a number of companies
we could focus on for our purposes. The companies we decided

to include for our study are First Solar, Siemens Gamesa, Sunrun,

Plug Power, Sunpower, and Plug Power. Another factor we used
to choose these companies were their popularity and activity on
Twitter, since this was essential for our work.

4 DATA UNDERSTANDING

Data Understanding phase of CRISP- DM Framework focuses on
collecting the data, describing and exploring the data. This stage
comprises of four key steps to understand the available data, and
identify new relevant data in order to solve the business problem.

4.1 Collection of Initial Data
For this project, we collected three sets of data.

4.1.1 Twier DataThe Twitter Data was obtained from the of-
cial Twitter APl. We were able to obtain an Academic License
which allows us to collect up to 10 million tweets per month. For
our purposes, we collected around 1 million tweets for the ve
companies identi ed in the business understanding phase from
2011 to 2020 using the full archive end point. With the streaming
API, we also collected around 1500 tweets for each company daily.

4.1.2 News Article Dat&he News article data was collected using
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Not all data elds are always lled in, but the ones listed seem
to be consistently available.

4.2.3 Stock Prices Dafhe stock prices data for a certain com-
pany (ticker) given by AlphaVantage API is in the following format:

(1) Time Stamp
(2) Close value
(3) Open value
(4) High

(5) Low

(6) Volume

The time stamps values are in day, and the other elds are the
corresponding values of the company for that day.

4.3 Exploratory Data Analysis

This phase of the project is a critical part of data understanding, it
is exploring the data through plotting charts of various kinds with
various combinations. Following types of insights can be achieved
through plots/graphs. a) Spotting outlier values b) Observing trends
of variables (increasing/decreasing) etc.c) Observing correlation
and use fullness of variables in context and scope of the problem at
hand

4.3.1 Stock prices - EDAttributes' Predicting Value Assess-
ment As discussed above, from the APl we used to collect the

Bing News Search API. We used the Basic License, which gave 1000stock price provided various attributes regarding each stock which

requests per month. Each request gave up to 100 news articles,

which could include duplicates from previous queries. The APl also
only retains articles up to one month old. This was naturally very
limited. We were able to collect around 200 unique news articles
per company for one month. Due to the limited nature of the news
data we were able to collect, it proved di cult to use it in analysis.

4.1.3 Stock Prices Dafn collect the stock price data, we used

the open-source Alpha Vantage API. It uses a ticker based search,

allowing us to look up each company's stock directly. We collected
data for each company with the longest duration allowed.

4.2 Description of Datasets

4.2.1 Twier DataThe query returned by the Twitter APl is a
JSON le. Each object in the le has the following elds:

(1) Created at
(2) Tweet ID
(3) Author ID
(4) Tweet text
(5) Hashtags

4.2.2 News Article Dat&he query returned by the Bing News
Search APl is a JSON le. It included a description of the search,
and the list of articles returned by the query. Every article returned
have the following elds:

(1) Item type

(2) Date published

(3) Title

(4) Description

(5) Provider

(6) URL

included:

(1) Closing price

(2) Opening Price

(3) Daily Highest

(4) Daily Lowest

(5) Volume

(6) Delta - derived attribute(|daily high - daily low| )

Out of all these attributes rather than using every single we one
separately and then concluding if it is useful or not we on the other
hand decided to apply Auto-correlation based analysis for time
series which allowed us to approximate the predicting power of
each of the given series based on the randomness it comprises of
and eliminated the non-useful ones.

Autocorrelation, also known as serial correlation, it is the corre-
lation of a series with a delayed copy of itself as a function of delay.
Informally, it is the similarity between observations as a function of
the time lag between them and based on the results of this type of
computed correlation we are able to approximate the randomness
that a particular series comprises and discard it if there it is an
underlying characteristic of it made obvious using the results.

Tointerpret the result, we should know that if the auto-correlation
plot lines lie very close to zero then it can be said that the given se-
ries corresponding to one any of the attribute under consideration
is random and hence not useful for the time series analysis. Per-
forming this whole process on all of the given attributes we learned
that the delta attribute is pretty useless as seen in gure 1 and out
of the rest, all exhibit the same pattern. Therefore, using any one of
it will su ce. We chose to use the "closing price" attribute series.
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