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Abstract 

This paper investigates if it is possible to create a portfolio investment strategy by looking at the sentiment 

(i.e. are they positive or negative) of twitter data for ten companies, five IT companies and five fashion 

companies. 764 340 tweets were collected during the study which spanned 60 trading days, and of those 

tweets, 483 946 where from the IT companies and the rest from the fashion companies.  

The tweets were collected in a Python program using Twitters API, and then analyzed and classified in 

another Python program using three different Naive Bayes classifiers that had been trained on a training set 

consisting of positive and negative text. The sentiment results were then used to create two different 

portfolios where one was based solely on sentiment and the other one was a combination of sentiment and 

market capitalization, the ratio used was determined by testing. Those portfolios were then compared against 

a market capitalization portfolio and a Sharpe portfolio. 

 

I found that for the IT companies the portfolio based solely on sentiment performed decently, but was the 

worst of the four portfolios. The combination portfolio performed well and when comparing it to the Sharpe 

portfolio and the market capitalization portfolio, it might even be the preferable strategy depending on the 

investor’s appetite for risk as it had the highest ratio between return and standard deviation. For the fashion 

companies the sentiment portfolio performed very poorly. The combination portfolio performed decently, but 

that was only because it consisted mainly (85%) of the market capitalization portfolio which performed the 

best of all strategies and thereby “saving” the combination portfolio. The poor performance of the sentiment 

portfolio for the fashion companies might in part be explained by the fact that there were almost twice as 

many tweets for the IT companies, making the sentiment less accurate and less reliable for the fashion 

companies when compared to sentiment of the IT companies. It might also be that there is more irrelevant 

stuff being tweeted about when it comes to the fashion companies, causing the sentiment portfolio to perform 

worse. 

 

 

Portföljvalsstrategi baserad på känsloinställningar på Twitter 

Den här studien undersöker om det är möjligt att skapa en portföljvalsstrategi baserat på känsloinställningar 

på data från Twitter för tio företag, fem IT företag och fem modeföretag. 764 340 tweets hämtades hem under 

studien som varade under 60 handelsdagar varav 483 946 var från IT företagen och resten från 

modeföretagen. För att hämta tweetsen skrevs ett program i Python som använde sig av Twitters API. 

Tweetsen analyserades sedan och klassificerades i ett annat Python program som använde sig av tre stycken 

olika Naive Bayes klassificerare som har tränats på en mängd texter bestående av positiv och negativ text. 

Resultaten från klassificeringen användes senare för att skapa två portföljer, en bestående enbart av resultat 

från klassificeringen och en annan som bestod av en del känsloinställningar (sentiment) och andra delen 

baserades på börsvärdet för företagen. De portföljerna jämfördes sedan med två andra portföljer där den ena 

är enbart baserad på börsvärdet och den andra är en Sharpe portfölj. 

 

Det jag upptäckte var att för IT företagen så presterade portföljen som enbart var baserad på sentiment helt 

okej men var sämst av de fyra portföljerna. Portföljen bestående både av sentiment och marknadsvärde 

presterade bra och jämfört med Sharpeportföljen och marknadsvärdes portföljen, kan den vara beroende på 

investerarens risk aptit vara en strategi att föredra. För modeföretagen presterade portföljen bestående av 

sentiment väldigt dåligt. Kombinations portföljen presterade okej men det berodde enbart på att den till 

största delen bestod av marknadsvärdes portföljen (85%) som presterade bäst av alla portföljer för 

modeföretagen. Anledningen till att sentiment portföljen presterade så dåligt som den gjorde för 

modeföretagen, kan möjligen delvis förklaras av att det fanns nästan dubbelt så många tweets om IT 

företagen än det gjorde för modeföretagen. Detta gör att sentiment resultaten för modeföretagen blir mindre 

tillförlitliga än de för IT företagen. Det kan också vara så att det tweetas mer irrelevanta saker om 

modeföretagen, vilket påverkar resultaten negativt. 
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1 Introduction 
1.1 Microblogging 

The usage of microblogging has in recent years become a popular way of communicating for people on the 

Internet. There are millions of messages posted daily on various sites for microblogging for instance Twitter. 

People use these sites to write about their opinions, issues, etc. And because of the simplicity and availability 

of the microblogging sites, a lot of people have switched from using the more traditional tools, i.e. e-mail or 

regular blogs to microblogging. And as more people start using microblogging, more posts are made about 

products and services, political and economic views, and because of this microblogging web-sites has 

become a gathering place where people’s opinions and sentiments are easily available, and can be used for 

various ends. [1] 

 

1.2 Sentiment analysis  

Sentiment analysis, or opinion mining as it is also known, is the computational handling of sentiment, 

opinion and subjectivity in text. Sentiment analysis has during the last two decades become increasingly 

popular. Reasons for this may be the development of machine learning methods in natural language 

processing and information retrieval as well datasets for machine learning becoming more available thanks to 

the expansion of the Internet. [2] 

 

1.3 Previous studies 

One study that was published in 2004, claims that sentiment levels and changes were strongly correlated with 

existing market returns, but found that sentiment had little predictive power for the short-term market. They 

also found that their study disagreed with the conventional wisdom that sentiment primarily affected 

individual investors and small stocks.  

In their study, they chose to only look at the market as opposed to individual stocks and the data they used to 

get the sentiment was one of two ways, first was from surveys done by the American Association of 

Individual Investors were random members answered whether they thought the market was going up, down 

or stay the same in 6 months on a weekly basis. The other was from Investors Intelligence who compiled a 

similar sentiment of where the market was going to be from approximately 150 market newsletters. The data 

range was from March 1965 to December 1998. [3] 

 

A second study was published in 2011, this study used Twitter as the source for the sentiment data, and 

looked at how well it could predict the movement of Dow Jones Industrial Average (DJIA). They used two 

different mood tracking tools, Opinion Finder that measures positive and negative moods and Google-Profile 

of Mood States that measures mood in 6 dimensions (Calm, Alert, Sure, Vital, Kind and Happy). 

They found that while using a Self-Organizing Fuzzy Neural Network model that predicts DJIA values based 

on the past three days of DJIA values and different combinations of the sentiment moods. The best estimator 

was the mood calm which managed to predict the direction correct 86.7% of the time, with calm and happy 

being the second best with an accuracy of 80% and Opinion Finder happy and negative sentiment had an 

accuracy of 73.3%. These results were accomplished with a lag of three to four days on the investments. [4] 

 

1.4 Purpose and aim 

The purpose of this research is to find out if it is feasible to use sentiment analysis of Twitter data in portfolio 

management, and the aim is then to create a profitable portfolio strategy using Twitter sentiment if possible. 
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1.5 Delimitations 

The Twitter API that was used to collect the tweets only stored tweets from the past 7-9 days. This creates 

limitation in the data size since going back in time for older tweets is impossible using this method. It is 

possible to purchase older twitter data from third party suppliers, which is not an option for this study. 

 

Even though it wasn’t a problem to this project it is worth mentioning that the Twitter API has a data limit of 

100,000 tokens (words) per 15 minutes, which usually equals around 2500 tweets. This means that if a 

company had more than 2500 tweets in one day, only the first 2500 of them got saved for analysis. 

 

1.6 Companies 

The companies that were chosen for the project and their Market Cap taken from Yahoo Finance1 on May 4th 

can be seen in Table 1. 

 
Table 1: Companies and their market cap. 

It companies Market Cap Fashion companies Market Cap 

Accenture 74.6B USD Abercrombie 839.75M USD 

Capgemini 16.79B USD DKNY 1.15B USD 

Citrix 13.16B USD Fred Perry 571.32M USD 

Cognizant 36.86B USD Hugo Boss 5.09B USD 

Intuit 32.13B USD Ralph Lauren 6.57B USD 

 

 

Companies in two different fields were chosen to see if different fields were affected differently by the 

general sentiment on Twitter. The companies were chosen because of the need to get enough information to 

be able to do an analysis on a daily basis, meaning they had to be big enough to generate an adequate number 

of tweets every day. Companies with names that could generate tweets that had nothing to do with the 

company, such as Apple, which when looked at had a lot of tweets that were about actual apples, were 

excluded. All companies are traded on the New York Stock Exchange except for Capgemini, which is traded 

on the Paris Stock Exchange. This resulted in the prices for Capgemini being in Euro, which meant that they 

had to be exchanged into USD, this was done with an exchange rate of 1.09975 USD per Euro taken from 

Yahoo finance¹ on May 4th. The New York Stock Exchange also had two days where it was closed while the 

Paris Stock Exchange was open. This was solved by treating the open trading days for the Paris Stock 

Exchange as if it would have been closed. 

 

 

 

 

 

 

                                                 
1 https://finance.yahoo.com 
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2 Theory 
2.1 The Portfolios 

This section will cover the theory behind the different portfolios that were used for testing and comparison 

during the project. 

2.1.1 Sentiment portfolio 

 

Sentiment portfolio is the portfolio where the weights are solely determined by the sentiment analysis and the 

weights were created by using the following formulas: 

 

𝑆𝑐𝑜𝑟𝑒𝐶𝑜𝑚𝑝𝑎𝑛𝑦𝑖
=

𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑝𝑜𝑠𝑖𝑡𝑖𝑣𝑒 𝑡𝑤𝑒𝑒𝑡𝑠 𝑓𝑜𝑟 𝑐𝑜𝑚𝑝𝑎𝑛𝑦𝑖

𝑇𝑜𝑡𝑎𝑙 𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑡𝑤𝑒𝑒𝑡𝑠 𝑓𝑜𝑟 𝑐𝑜𝑚𝑝𝑎𝑛𝑦𝑖
 

 

the amount that should be invested in a company was calculated like this: 

 

𝑊𝑒𝑖𝑔ℎ𝑡𝐶𝑜𝑚𝑝𝑎𝑛𝑦𝑥
=

𝑆𝑐𝑜𝑟𝑒𝐶𝑜𝑚𝑝𝑎𝑛𝑦𝑥

∑ 𝑆𝑐𝑜𝑟𝑒𝐶𝑜𝑚𝑝𝑎𝑛𝑦𝑖

𝑁
𝑖=1

 

 

where N is the total number of companies. 

2.1.2 Sharpe Ratio portfolio 

 

The efficient frontier is according to Markowitz’s theory the set of optimal portfolios that offers the highest 

expected return for a given level of risk, or alternatively the lowest risk for a given expected return. 

Graph 1 shows an illustration of the efficient frontier with the Sharpe portfolio marked as well as a few 

arbitrary stocks. 

 

 
Graph 1: Illustration of the efficient frontier 
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As can be seen in Graph 1 the Sharpe portfolio lies on the efficient frontier, and it is the portfolio with the 

highest Sharpe ratio. 

What the Sharpe ratio is, is a measure of the excess return you get for the extra volatility from holding a 

riskier asset, which is calculated using the following formula: 

 

𝑆𝑅 =  
𝜇 − 𝑅0

𝜎
 

 

where 𝜇 is the average return of the portfolio over a period T, 𝑅0 is the risk-free rate and 𝜎 is the standard 

deviation of the return over the period T. 

To get the weights of the portfolio that maximizes SR i.e. the Sharpe portfolio we first use the fact that: 

 

𝜇 = 𝑉 ∗
𝑢𝑇 ∗ 𝜖−1 ∗ (𝑢 − 𝑅0 ∗ 1)

1 ∗ 𝜖−1 ∗ (𝑢 − 𝑅0 ∗ 1)
 

 

where V is the portfolio value, 𝑢 = (𝑢1, … . . , 𝑢𝑛) is a row vector containing the average return of the 

individual stocks over the period T, 𝜖 is the covariance matrix of the daily returns of the stocks for the period 

T, 1 = (1, … . ,1) and is the same size as 𝑢 and a row vector as well. 

Then we use the fact that: 

 

𝜇 =  𝑊𝑆𝑅
𝑇 ∗ 𝑢 

 

where 𝑊𝑆𝑅 are the portfolio weights in a row vector, then we can determine the weights with the equation: 

 

𝑊𝑆𝑅 = 𝑉 ∗
𝜖−1 ∗ (𝑢 − 𝑅0 ∗ 1)

1𝑇 ∗ 𝜖−1 ∗ (𝑢 − 𝑅0 ∗ 1)
 

 

[5] 

 

2.1.3 Cap-weighted portfolio 

 

The Cap-weighted portfolio is considered by most people to be a reasonable representation of the market. [6] 

It assigns the greatest weights to the largest companies. Because of the correlation between market 

capitalization and trading liquidity, cap-weighting tends to prefer the more liquid stocks, thus reducing 

expected portfolio transaction costs. [7] 

 

The portfolio weights are created using the following formula: 

 

𝑊𝑒𝑖𝑔ℎ𝑡𝐶𝑜𝑚𝑝𝑎𝑛𝑦𝑥
=

𝑀𝑎𝑟𝑘𝑒𝑡 𝐶𝑎𝑝𝑖𝑡𝑎𝑙𝑖𝑧𝑎𝑡𝑖𝑜𝑛𝐶𝑜𝑚𝑝𝑎𝑛𝑦𝑥

∑ 𝑀𝑎𝑟𝑘𝑒𝑡 𝐶𝑎𝑝𝑖𝑡𝑎𝑙𝑖𝑧𝑎𝑡𝑖𝑜𝑛𝐶𝑜𝑚𝑝𝑎𝑛𝑦𝑖

𝑁
𝑖=1

 

2.1.4 Cap-weighted and sentiment portfolio 

 

The thought behind this portfolio is to use the Cap-weighted portfolio as a foundation and then modify it to 

include personal opinions on how the market will develop. The personal opinion part in this portfolio is in 

this portfolio solely based on sentiment so the portfolio will be a combination of the Cap-weighted portfolio 

and the Sentiment portfolio. However, since the Cap-weighted portfolio is meant to be the base that portion 

will never be less than 50%.   
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2.2 Classifiers 

This section will give insight to how the classifiers that were used to classify the tweets work. 

Some useful terms and things to keep in mind when reading this section about classifiers are: 

 

• The text that is being classified is referred to as a document. 

• A class means the classification which in this project is either positive or negative. 

• Features are simply words that occurs in the training data and the texts that are going to be classified, 

these features have during the training of the classifiers been given different probabilities for each of 

the different classes. The word good for example could be a feature with a probability of 80% that if it 

occurs in a text then that text is positive and a 10% probability that the text is negative. 

• The multinomial and multivariate Bernoulli classifiers seem a lot more complex but the main 

difference between the models are the assumptions regarding the distribution of 𝑃(𝑓𝑖|𝑐). Where 𝑐 is 

the class and 𝑓𝑖 is a feature. 

• A vocabulary is a vector containing all words from the training data and the times they occur. 

 

A simple example of how the Naive Bayes classifier works is shown under 2.2.4. 

2.2.1 Naive Bayes 

 

Bayesian classifiers works by assigning the most probable classification to a text described by its feature 

vector. Training a classifier like that can be greatly simplified by assuming that features are independent 

given classification. [8]   

 

To start with let {𝑓1, … . , 𝑓𝑚} be a predefined set of m features that can appear in a document. And 𝑛𝑖(𝑑) be 

the number of times 𝑓𝑖 appears in document d. So, each document d is represented by the document vector: 

 

𝑑 ≔ (𝑛1(𝑑), 𝑛2(𝑑), … . . , 𝑛𝑚(𝑑)) 

 

then a document d is assigned the class c* where: 

 

𝑐∗ = arg 𝑚𝑎𝑥𝑐𝑃(𝑐 | 𝑑) 

 

finally, we get the Naive Bayes classifier by observing Bayes’ rule: 

 

𝑃(𝑐 | 𝑑) =  
𝑃(𝑐) ∗ 𝑃(𝑑 |𝑐)

𝑃(𝑑)
 

 

here P(d) serves no role in determining c*. In order to estimate P(t | c), Naive Bayes breaks it down by 

assuming that the 𝑓𝑖′𝑠 are conditionally independent given t’s class: 

 

𝑃𝑁𝐵(𝑐 | 𝑑) ∶=  
𝑃(𝑐)(∏ 𝑃(𝑓𝑖 | 𝑐)𝑛𝑖(𝑑))𝑚

𝑖=1

𝑃(𝑑)
. 

 

Despite its simplicity and that the conditional independence assumption obviously does not hold in real-

world situations, Naive Bayes-based text classification still tends to perform surprisingly well. [9] 
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2.2.2 Multinomial Naive Bayes 

 

Multinomial naive Bayes implements the naive Bayes for multinomial data. The distribution is parameterized 

by the vectors 𝜃𝑐 = (𝜃𝑐1, … . , 𝜃𝑐𝑛) for each class c, where n is the number of features and 𝜃𝑐𝑖 is the 

probability 𝑃(𝑓𝑖  |c) of the feature 𝑓𝑖 being in a sample that belongs to class c. 

The class prior parameters 𝜃𝑐 are estimated by using maximum likelihood estimation: 

 

𝜃𝑐𝑗
= 𝑃(𝑐𝑗|𝜃) =

∑ 𝑃(𝑐𝑗|𝑑𝑖)
|𝑇|
𝑖=1

|𝑇|
  (1) 

 

where T is a training set. 

 

Assume that a mixture model parameterized by θ is generating text documents. It consists of mixture 

components𝑐𝑗 ∈ C =  {𝑐1, … . . , 𝑐|𝐶|}. And so, a document, 𝑑𝑖 is created by selecting a component according 

the priors, 𝑃(𝑐𝑗|𝜃) and then having the mixture component generate a document based on its own 

parameters, with the distribution 𝑃(𝑑𝑖|𝑐𝑗; 𝜃). The likelihood of a document can then be characterized with a 

sum of total probability over all mixture components. 

 

𝑃(𝑑𝑖|𝜃) = ∑ 𝑃(𝑐𝑗|𝜃)𝑃(𝑑𝑖|𝑐𝑗; 𝜃)

|𝐶|

𝑗=1

.    (2) 

 

Let a document be a binary vector over the space of words. Given a vocabulary V, where each dimension of 

the space t,𝑡 ∈  {1, … . , |𝑉|}, corresponds to word 𝑤𝑡 from the vocabulary. We define 𝑁𝑖𝑡 as the count of the 

number of times a word 𝑤𝑡 occurs in document 𝑑𝑖. The probability of a document given its class from 

Equation 2 is then the multinomial distribution: 

 

𝑃(𝑑𝑖|𝑐𝑗; 𝜃) = 𝑃(|𝑑𝑖|)|𝑑𝑖|! ∏
𝑃(𝑤𝑡|𝑐𝑗; 𝜃)

𝑁𝑖𝑡

𝑁𝑖𝑡!

|𝑉|

𝑡=1

 .     (3) 

 

The probabilities of each word make up the parameters of the generative component for each class, which is 

written as 𝜃𝑤𝑡|𝑐𝑗
= 𝑃(𝑤𝑡|𝑐𝑗; 𝜃), where 0 ≤  𝜃𝑤𝑡|𝑐𝑗

≤ 1 and ∑ 𝜃𝑤𝑡|𝑐𝑗𝑡 = 1. 

Then the Bayes-optimal estimates for these parameters can be calculated from a set of labeled training data.  

For the multinomial model the estimate of the probability of word 𝑤𝑡 in class 𝑐𝑗 is: 

 

𝜃𝑤𝑡|𝑐𝑗
= 𝑃(𝑤𝑡|𝑐𝑗; 𝜃𝑗) =

1 + ∑ 𝑁𝑖𝑡𝑃(𝑐𝑗|𝑑𝑖)
|𝑇|
𝑖=1

|𝑉| + ∑ ∑ 𝑁𝑖𝑠𝑃(𝑐𝑗|𝑑𝑖)
|𝑇|
𝑖=1

|𝑉|
𝑠=1

.      (4) 

 

From the estimates of these parameters from the training data, classification can then be performed by 

calculating the posterior probability of each class, and selecting the class with the highest probability. Which 

can be written like this: 

 

𝑃(𝑐𝑗|𝑑𝑖; 𝜃) =  
𝑃(𝑐𝑗|𝜃)𝑃(𝑑𝑖|𝑐𝑗; 𝜃𝑗)

𝑃(𝑑𝑖|𝜃)
.     (5) 

 

This equation may be expanded on the right side by first substituting using Equations 1 and 2, and then using 

Equations 3 and 4. [10] 
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2.2.3 Multivariate Bernoulli Naive Bayes 

 

The multi-variate Bernoulli event model does not capture word frequency information as the multinomial one 

does. It uses the same vocabulary as the multinomial one but instead of 𝑁𝑖𝑡 that counts the number of 

appearance of a word 𝑤𝑡 in a document. The dimension t of the vector for document 𝑑𝑖 is written 𝐵𝑖𝑡, and is 

either 0 or 1, indicating if word 𝑤𝑡 appears at least once in the document. With the assumption that each 

occurring word is independent of the occurrence of every other word in a document. The probability of a 

document given its class from Equation 2 is then the product of the probability of the attributes values over 

all word attributes: 

 

𝑃(𝑑𝑖|𝑐𝑗; 𝜃) = ∏ (𝐵𝑖𝑡𝑃(𝑤𝑡|𝑐𝑗; 𝜃) + (1 − 𝐵𝑖𝑡) (1 − 𝑃(𝑤𝑡|𝑐𝑗; 𝜃)))

|𝑉|

𝑡=1

.   (6) 

 

The mixture components parameters are written as 𝜃𝑤𝑡|𝑐𝑗
= 𝑃(𝑤𝑡|𝑐𝑗; 𝜃) where 0 ≤  𝜃𝑤𝑡|𝑐𝑗

≤ 1. The 

Laplacean prior is used to prime each word’s count with a count of one to avoid probabilities of one or zero. 

𝑃(𝑐𝑗|𝑑𝑖)  ∈ {0,1} as given by the document’s class label. Then the estimate of the probability of word 𝑤𝑡 in 

class 𝑐𝑗 is: 

 

𝜃𝑤𝑡|𝑐𝑗
= 𝑃(𝑤𝑡|𝑐𝑗; 𝜃) =

1 + ∑ 𝐵𝑖𝑡𝑃(𝑐𝑗|𝑑𝑖)
|𝑇|
𝑖=1

2 +  ∑ 𝑃(𝑐𝑗|𝑑𝑖)
|𝑇|
𝑖=1

.      (7) 

 

The classification is done by using Equation 5 and as with the multinomial model the right-hand side can be 

expanded by substituting using Equations 1 and 2, and then by Equations 6 and 7 to get the multi-variate 

Bernoulli classification. [10]  
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2.2.4 Example of Naive Bayes 

 

This example of how Naive Bayes classifier work is taken from [11]. 

 

Say we have a 1000 pieces of fruits that are Banana, Orange or Other. Those are then the three classes that 

the pieces of fruits can be. We also know three features of each fruit, if it’s long, sweet or yellow, as 

displayed in Table 2. 

 
Table 2: feature information of the fruits. 

Fruit Long Sweet Yellow Total 

Banana 400 350 450 500 

Orange 0 150 300 300 

Other 100 150 50 200 

Total 500 650 800 1000 

 

So, from this we can tell that: 

 

• 50% of the fruits are bananas. 

• 30% are oranges. 

• 20% are other fruits. 

• Out of 500 bananas 400 (0.8) are Long, 350 (0.7) are Sweet and 450 (0.9) are Yellow. 

• 0 oranges are Long, 150 (0.5) are Sweet and 300 (1) are Yellow. 

• Of the 200 other fruits, 100 (0.5) are Long, 150 (0.75) are Sweet and 50 (0.25) are Yellow. 

 

We can now use this information to predict which class a new fruit belongs too. If the new fruit has the 

features Long, Sweet and Yellow, we can then determine its class by substituting the values of each outcome 

regardless if it is a Banana, Orange or Other. And the one with the highest probability is the one we classify it 

as. 

 

Banana: 

𝑃(𝐵𝑎𝑛𝑎𝑛𝑎|𝐿𝑜𝑛𝑔, 𝑆𝑤𝑒𝑒𝑡, 𝑌𝑒𝑙𝑙𝑜𝑤) = 

𝑃(𝐵𝑎𝑛𝑎𝑛𝑎) ∗ 𝑃(𝐿𝑜𝑛𝑔|𝐵𝑎𝑛𝑎𝑛𝑎) ∗ 𝑃(𝑆𝑤𝑒𝑒𝑡|𝐵𝑎𝑛𝑎𝑛𝑎) ∗ 𝑃(𝑌𝑒𝑙𝑙𝑜𝑤|𝐵𝑎𝑛𝑎𝑛𝑎) = 

0.5 ∗ 0.8 ∗ 0.7 ∗ 0.9 = 0.252  

 

Orange: 

𝑃(𝑂𝑟𝑎𝑛𝑔𝑒|𝐿𝑜𝑛𝑔, 𝑆𝑤𝑒𝑒𝑡, 𝑌𝑒𝑙𝑙𝑜𝑤) = 

𝑃(𝑂𝑟𝑎𝑛𝑔𝑒) ∗ 𝑃(𝐿𝑜𝑛𝑔|𝑂𝑟𝑎𝑛𝑔𝑒) ∗ 𝑃(𝑆𝑤𝑒𝑒𝑡|𝑂𝑟𝑎𝑛𝑔𝑒) ∗ 𝑃(𝑌𝑒𝑙𝑙𝑜𝑤|𝑂𝑟𝑎𝑛𝑔𝑒) = 

0.3 ∗ 0 ∗ 0.5 ∗ 1 = 0  
 

Other: 

𝑃(𝑂𝑡ℎ𝑒𝑟|𝐿𝑜𝑛𝑔, 𝑆𝑤𝑒𝑒𝑡, 𝑌𝑒𝑙𝑙𝑜𝑤) = 

𝑃(𝑂𝑡ℎ𝑒𝑟) ∗ 𝑃(𝐿𝑜𝑛𝑔|𝑂𝑡ℎ𝑒𝑟) ∗ 𝑃(𝑆𝑤𝑒𝑒𝑡|𝑂𝑡ℎ𝑒𝑟) ∗ 𝑃(𝑌𝑒𝑙𝑙𝑜𝑤|𝑂𝑡ℎ𝑒𝑟) = 

0.2 ∗ 0.5 ∗ 0.75 ∗ 0.25 = 0.01875  

 

So, in this example the new fruit would be classified as a Banana since it got the highest probability of all the 

classes. 
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3 Method 
3.1 Programs used 

The project consists of the following parts: 

 

1. Getting the tweets 

2. Classifying the sentiment of the tweets 

3. Creating the different portfolios 

4. Testing the portfolios 

 

Below you can see a simple flowchart describing the entire process 
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3.1.1 Python 3.6 

 

The first two parts getting the tweets and analyzing them were done in Python 3.6 because of its useful open 

source libraries, the ones that were used in this project are: 

 

• NLTK (Natural Language Toolkit): Is used for dealing with the tweets as well as the training data, for 

example dividing them into separate words 

• Numpy: Is used because of its N-dimensional arrays are easier to work with. 

• Glob: Simple way to read several files from a directory and used during the sentiment analysis. 

• Tweepy: Is used for getting the tweets from Twitters API. 

 

It is possible to use lower versions of python as well but it is not recommended to use lower than Python 3.0 

since the 2.X versions limits the amount of RAM the program can use to two gigabytes. This creates a 

problem when training the program, since it limits the size of the training set. 

The run time for the program varies depending on the number of tweets that are collected and analyzed. The 

time for collecting and analyzing the max number of tweets which was around 2500 tweets is around one and 

a half minute for getting the tweets and 2 minutes for analyzing them.  

 

3.1.2 Matlab 

 

Matlab was used to fetch stock data for the companies from Yahoo Finance and it was done using the 

hist_stock_data function created by Josiah Renfree. 

And using the stock data and portfolio weights the portfolio value was calculated for each day. 

 

3.1.3 Excel 

 

Excel was used to store the sentiment analysis results and calculate the portfolio weights for each day. 

 

3.2 Sentiment Training data 

3.2.1 Training data 

 

The data that was used for training the classifiers was collected from pythonprogrammings website, [12]  

and consisted of 5331 positive sentences and 5331 negative sentences. An example of a few sentences from 

the files can be seen in Table 3. More examples can be seen in Appendix 1. 

 
Table 3: Example sentences from training data 

Training sentence Sentiment 

simplistic , silly and tedious. Negative 

it's so laddish and juvenile , only teenage boys could 

possibly find it funny. 

Negative 

unfortunately the story and the actors are served with 

a hack script. 

Negative 

if you sometimes like to go to the movies to have fun 

, wasabi is a good place to start. 

Positive 

emerges as something rare , an issue movie that's so 

honest and keenly observed that it doesn't feel like 

one. 

Positive 

this is a film well worth seeing , talking and singing 

heads and all. 

Positive 
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The reason this data was used, was because of its availability and because of the length of the text being 

similar to the length of an average tweet. The text being of a similar length as a tweet is good since it is 

preferable to train the classifiers on data similar to the data that they will classify. 

3.2.2 Accuracy test  

 

The classifiers were trained on 80% of the data and tested on the remaining 20%. The results of testing on a 

set of data consisting of both positive and negative data can be seen in Table 4 while table 5 and 6 shows the 

results of testing on purely positive and negative data. 

 
Table 4: Accuracy results of testing on both positive and negative test data 

Classifier Accuracy 

Naive Bayes 85.17% 

Multinomial Naive Bayes 83.15% 

Multivariate Bernoulli Naive Bayes 83.26% 

Vote Accuracy 84.01% 

 
Table 5: Accuracy results of testing on positive data 

Classifier Accuracy 

Naive Bayes 92.42% 

Multinomial Naive Bayes 90.24% 

Multivariate Bernoulli Naive Bayes 92.87% 

Vote Accuracy 92.72% 

 
Table 6: Accuracy results of testing on negative data 

Classifier Accuracy 

Naive Bayes 81.50% 

Multinomial Naive Bayes 78.55% 

Multivariate Bernoulli Naive Bayes 77.15% 

Vote Accuracy 79.05% 

 

As shown the classifiers got excellent results on classifying the positive data with scores over 90%, and while 

they did not get the same excellent result on the negative data they still managed to get around 80% accuracy. 

So, there was a slight bias towards the positive data but not big enough to cause any major concerns 

regarding the reliability of the classifiers. 

 

3.3 Sentiment classification 

Three different versions of Naive Bayes classifiers were used, and the reason for using three classifiers was 

to increase the accuracy of the classification by having the three classifiers “vote” on what the classification 

of the tweet is. So, each tweet will in addition to the classification of positive or negative receive a score of 

either 1 or 0.67 depending on the outcome of the voting. By having a vote, it makes it so that if one of the 

classifiers gets the classification wrong, the final classification of the tweet will still be correct as long as the 

other two classifiers gets the classification right. Of course, it is still possible that two of the classifiers votes 

incorrectly and the classification becomes incorrect because of it. In the table 7 an example of a few tweets 

and their classification can be seen in table 7. More examples can be seen in appendix 2.  
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Table 7: Example of tweets and their classification 

 Tweet Sentiment and score 

1 very cool!  Nice overview of Accenture's tasking tool. Pos (1.0) 

2 great article on  people management, pleasantly surprised how 

Accenture is truthful and incisive with their hr challenges! 

Pos (1.0) 

3 Come on @citrix you can do better than this. What the heck is a 

springboard?!? 

Neg (1.0) 

4 Nothing can be worse than Citrix. It deserves a special class of 

its own. 

Neg (1.0) 

5 Intuit provides a peak at innovative ways #SmallBusiness may 

work in the future 

Pos (0.67) 

6 65% of IT employees not trainable in new technologies, likely 

to lose jobs, says Capgemini CEO 

Neg (0.67) 

7 Seniors are using tablets too. See how many. Neg (1.0) 

8 Citrix Support is down.. Too bad.. 503 Service Unavailable 

working @citrixsupport 

Pos (1.0) 

9 We crunched the numbers. #CitrixPartners who attended 

#CitrixSynergy last year created 68% more opportunities. 

Neg (1.0) 

 

The sentiment analysis gives accurate classification if the tweets are clearly negative or positive as shown by 

tweet 1-4 in Table 7. But struggle a bit to classify when the sentiment of the tweet is more ambiguous as 

shown by tweets 5-6. In the case of a purely neutral tweet (tweet 7) the classifiers tend to default to a 

negative classification, which is preferable since the size of the investments in the sentiment portfolio is 

based on the positive tweets. That means that a neutral tweet being classified as a negative tweet will not 

affect the investments while it would have had it been classified as a positive tweet. Last two tweets in Table 

7 are two times where the classifiers got it wrong, the latter of the two is most likely due to the independence 

assumption that Naive Bayes makes and the former is just a plain misclassification. Worth noting is that 

tweets from the companies themselves are included in the tweets getting classified. 

 

3.4 Portfolios 

This section explains how the different variables in the portfolios were determined or selected. 

3.4.1 Sentiment portfolio 

 

The first tests’ that were run on the sentiment portfolio was to determine on which day the investment 

according to the Twitter sentiment should be made. That is should the sentiment of todays’ tweets be used for 

investing tomorrow, two days from now or three days from now etc. And this was done by dividing the 

collected data in to two groups of 30 trading days each, one for testing how the portfolio should be invested 

and the other for testing the performance of the portfolios. When deciding which lag i.e. how many days later 

the investment should be made both the result in terms on return and the standard deviation was considered. 

 

Since the markets are closed during the weekend the tweets from Friday to Sunday were combined and 

counted as the tweets of one day. With a one day lag the tweets from the weekend and Friday would be used 

for the investments made on Monday. 

3.4.2 Sharpe Portfolio 

 

For the risk-free rate used in the Sharpe portfolio, the average interest rate on a three-month U.S. Treasury 

bill between March 28 and May 9 was used which was 0.8%. Taken from 

Yahoo Finance. To get the average values of the returns, the historic standard deviation and the covariance 

matrix for the returns a moving average of the past 100 trading days were used and the portfolio was updated 

on a daily basis. 
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3.4.3 Cap-weighted portfolio 

 

The Market Capitalization of each company can be seen in Table 1. 

The weights in this portfolio was not updated during the testing of the portfolios, mainly because during such 

a short time span the Market Capitalization of a company does not change much unless something drastic 

happens. 

3.4.4 Cap-weighted and sentiment portfolio 

 

Like previously mentioned the cap-weighted portion makes up at least 50% of the Cap-weighted and 

sentiment portfolio and the rest is based on the sentiment portfolio. The ratio between them was determined 

by testing a few different ratios on the same testing data as the lag was determined on, and the ratio that 

performed the best in terms of return and standard deviation was the one was chosen.  
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4 Results  
 

4.1 Lag and ratio calibration results 

In this section we will look at the results from testing for what lag the sentiment portfolio performs the best, 

as well as which ratio on the Cap-weighted and sentiment portfolio produces the best results on the testing 

set. The reason for testing different lags is to find out if the tweets today can predict stock movement 

tomorrow or the day after tomorrow etc. It is possible that the tweets are having a more instant effect on the 

market but by the way this study is done that possibility cannot be tested. The tests are based upon an initial 

investment of 10,000 USD. 

4.1.1 Lag test IT companies 

 
Graph 2: Performance of IT portfolios with different lag. 

 
Table 8: Returns and std of the returns for IT portfolios with different lag. 

Lag 1 2 3 4 

Return in USD 340,64 279,35 92,66 143,72 

Std of the returns (USD) 97,93 110,68 76,52 70,25 

 

From looking at both Graph 2 and Table 8 it is clear that the portfolios with lag 1 and 2 outperformed the 

portfolios with lag 3 and 4 when looking solely at the returns. But they were also more volatile as seen by 

looking at the standard deviation on those returns. Since the portfolio with lag 1 had the highest return and 

the highest return to standard deviation ratio while the portfolio with lag 4 had the lowest standard deviation, 



 

18 

 

both were chosen for further testing because of those reasons. It is hard to give an explanation as to why lag 1 

and 4 performed the best, and it is beyond the scope of this study. 

 

4.1.2 Lag test fashion companies 

 

 
Graph 3: Performance of fashion portfolios with different lag. 

 
Table 9: Returns and std of the returns for fashion portfolios with different lag. 

Lag 1 2 3 4 

Return in USD -458,93 -242,35 -628,16 -701,19 

Std of the returns (USD) 349,49 323,31 405,34 365,19 

 

As can be seen in Graph 3 none of the portfolios with lag 1-4 performed well as all of them had a negative 

return and a much higher standard deviation than the IT companies had. Unlike for the IT companies where 

the portfolios with lag 1 and 4 performed the best in terms of return and standard deviation, the portfolio with 

lag 2 performed the best in both categories for the fashion companies as shown in Table 9. Therefore, the 

next stage of testing was performed with a lag of 2.  
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4.1.3 Ratio test IT companies 

 

Here are the results of testing how much of the Cap-weighted and sentiment portfolio should consist of the 

sentiment results and how much of it should be cap-weighted. As previously stated at least 50% will always 

be cap-weighted. 

 

 
Graph 4: How different ratios performed on the cap-weighted and sentiment portfolio for the IT companies with lag 1. 

 
Table 10: Returns and standard deviation for the different ratios for the IT companies with lag 1. 

Ratio (cap-weighted – sentiment) 50-50 65-35 75-25 85-15 

Return in USD 326,16 321,81 318,91 316,02 

Std of the returns (USD) 112,07 117,10 120,61 124,24 

 

Here the portfolio that was equally divided between the Cap-weighted portfolio and Sentiment portfolio 

performed the best, when it comes to both return and the standard deviation of the returns as seen in Table 

10. Since both lag 1 and 4 were chosen from the lag test the ratio test was ran again with lag 4 and produced 

the following results.  
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Graph 5: How different ratios performed on the cap-weighted and sentiment portfolio for the IT companies with lag 4. 

 
Table 11: Returns and standard deviation for the different ratios for the IT companies with lag 4. 

Ratio (cap-weighted – sentiment) 50-50 65-35 75-25 85-15 

Return in USD 111,86 102,30 95,92 89,55 

Std of the returns (USD) 79,69 83,67 86,55 89,61 

 

The results from the ratio test with lag 4 as seen in Graph 5 and Table 11 does concur with the results of the 

previous test with lag 1. Which was that the 50-50 portfolio performs the best with regards to both return and 

standard deviation. Since both tests gave the same results the portfolio ratio that was chosen for further 

testing was the 50-50 portfolio. 
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4.1.4 Ratio test fashion companies 

 

Since the lag test for the fashion companies gave that the portfolio with lag 2 performed the best in both 

categories. Only one test was needed to determine which ratio that was to be used 

 
Graph 6: How different ratios performed on the cap-weighted and sentiment portfolio for the fashion companies with lag 2. 

 
Table 12: Returns and standard deviation for the different ratios for the fashion companies with lag 2. 

Ratio (cap-weighted – sentiment) 50-50 65-35 75-25 85-15 

Return in USD -212,05 -110,54 -42,87 24,80 

Std of the returns (USD) 285,85 243,59 216,37 190,29 

 

From Graph 6 and Table 12 we can see that the 85-15 portfolio was the only one that managed to have 

positive return and it had the lowest standard deviation as well. So, for the fashion companies the 85-15 

portfolio will be the portfolio that would be further evaluated. 
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4.2 Final results 

Here the results from the portfolios that were determined from the first data period is tested to see how they 

perform on the final data period is presented. Starting with the ones based on the IT companies and the ones 

based on the fashion companies last. 

4.2.1 Results of portfolios from IT companies with lag 1 

 

 
Graph 7: Performance of IT invested portfolios with 1 day lag 

 
Table 13: Returns and standard deviation for the IT invested portfolios with lag 1. 

Portfolio Sentiment Sharpe Cap Cap-sent 

Return in USD 105,25 254,89 195,30 150,28 

Std of the returns (USD) 50,34 80,86 56,81 43,96 

 

The portfolio based on the Sharpe Ratio outperformed the other portfolios in terms of returns, but it did have 

the highest standard deviation of all portfolios. The other three portfolios performed similarly for the first 21 

days, with the Cap portfolio ending up with the highest return of the three as well as the highest return to 

standard deviation ratio slightly edging out the combination portfolio. Looking at the standard deviation the 

combination portfolio of market capitalization and sentiment was the one with the lowest standard deviation 

of all portfolios. 
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4.2.2 Results of portfolios from IT companies with lag 4 

 

 
Graph 8: Performance of IT invested portfolios with lag 4 

 
Table 14: Returns and standard deviation for the IT invested portfolios with lag 4. 

Portfolio Sentiment Sharpe Cap Cap-sent 

Return in USD 128,19 254,89 195,30 161,74 

Std of the returns (USD) 58,35 80,86 56,81 45,99 

 

The results with lag 4 are similar to the ones with lag 1 but with a slightly higher return and standard 

deviation on the Sentiment portfolio and the Cap-weighted and sentiment portfolio. This contradicts the 

results of the lag test, which said that the portfolio with lag 1 should have the highest return and standard 

deviation not the portfolio with lag 4. The standard deviation was again the lowest on the combination 

portfolio and this time it had the highest return to standard deviation ratio, with the market cap portfolio 

being a close second. 
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4.2.3 Results of portfolios from fashion companies with lag 2 

 
Graph 9: Performance of fashion invested portfolios with 2 days lag 

 
Table 15: Returns and standard deviation for the fashion invested portfolios with lag 2. 

Portfolio Sentiment Sharpe Cap Cap-sent 

Return in USD -288,75 50,96 159,18 91,99 

Std of the returns (USD) 137,76 103,39 95,97 90,02 

 

The Sentiment portfolio performed horribly for the fashion companies being the only one with a negative 

return, performing poorly during almost the entire period and having the highest standard deviation. Unlike 

for the IT companies the portfolio based on the Sharpe Ratio did not perform particularly well, as neither the 

return and standard deviation was particularly good. The portfolio based solely on market capitalization 

performed the best during the entire period as it had the second lowest standard deviation only being beat by 

the combination portfolio that once again had the lowest of all portfolios and a decent return. 
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5 Discussion 
 

From the results, we see that the Sentiment portfolio performed a lot better when it was based on the IT 

companies as opposed to the fashion companies. Part of this seems to be because the fashion companies 

performed worse than the IT companies across all portfolios. They had a lower return and a higher standard 

deviation than their counterpart in the IT portfolios. The higher standard deviation might in part be to fact 

that the fashion companies were a lot smaller than the IT companies as seen by their market capitalization in 

Table 1, which might cause them to be more volatile as a larger market capitalization usually means a more 

stable company. 

  

When looking at the Graphs 7, 8 and 9, you can see that the performance of the Sentiment portfolios for the 

IT companies where a lot closer to the other portfolios than it was for the fashion companies, for which the 

Sentiment portfolio clearly performed a lot worse. It is hard to say exactly why that is, but one reason might 

be that the tweets from the fashion companies contained more pictures than the tweets from the IT 

companies. That makes it so that the fashion companies become slightly harder to classify, which makes the 

results more inaccurate. Another thing that adds to the higher inaccuracy of the fashion companies is that 

there were almost twice as many tweets for the IT companies as there were for the fashion companies. With 

that said the reason as to why the fashion sentiment performed so poorly might be as simple as that the 

sentiment regarding fashion companies has less of a predictive power than the sentiment of IT companies, 

and that there are other factors that are more influential when it comes to affecting the stock price. The 

combination portfolio performed decently but that was mainly because it consisted to 85% of the Cap-

weighted portfolio, which performed best of all portfolios for the fashion companies. 

 

Even though the Sentiment portfolios based on the IT companies performed decently well both for lag 1 and 

lag 4. The fact that in the lag test, the portfolio with lag 1 had both the highest return and standard deviation, 

but in the actual test it was the portfolio with lag 4 that turned out to have the highest return and standard 

deviation. While the returns and standard deviations were a lot closer in the actual test than they were in the 

lag test this is still a conflicting result. The combination portfolio for lag 4 had the best return to standard 

deviation ratio slightly higher than the Cap-weighted portfolio, and for lag 1 it had just a slightly lower ratio 

than the Cap-weighted portfolio which had the highest return to standard deviation ratio for lag 1. 

This means that it could be a viable strategy depending on the investor’s appetite for risk. 

 

The previous studies [3] and [4] were conflicting as the first one didn’t find any predictive power of 

sentiment while the other managed to get some positive results using sentiment. As the first study were 

published in 2004 and relied on surveys and newsletter to get the sentiment regarding the market. The 

problems with this study is that it does not catch the general public opinion about the market but instead a 

select few traders, this makes the sample size smaller as well as it forces a weekly trading strategy as opposed 

to a daily one. Because of this and the development of the internet making information more easily available 

to the public it is hard to make any real comparisons between their study and mine. 

 

The later study [4] is more comparable since it also used twitter data as the data source for the sentiment 

analysis. It found that the twitter data had a decent predicative power when using a lag of 3-4 which seem to 

concur with my findings even though I also had positive results when using lag 1. While the use of lag 4 

seems to produce positive results in both of our studies, the duality of my results makes it hard to draw any 

clear conclusions. A reason why the findings in this study with lag 1 still might not be wrong even though a 

lag of 3-4 have performed well during two studies, could be that the field is still relatively new and that the 

market incorporates twitter sentiment into the price quicker than it did during their study. Then again it is 

hard to say conclusively if there is a correlation between the sentiments effect on a market and the effect on 

individual stocks, which this study is looking at. 

 

When looking at the tweets that were collected, there are some tweets that have nothing to do with the 

company or advertisements of job openings by the company itself. This makes the reliability of the 

sentiments go down, this might be a smaller issue when looking at a market like DJIA as the previous studies 
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[3] and [4] does, since the number of irrelevant tweets should be smaller thus making the sentiment more 

reliable. 

The purpose of this study was to see if it was feasible to use sentiment data from twitter in portfolio 

management. The results suggest that for a portfolio consisting of IT companies, sentiment could be a viable 

strategy. For fashion company’s sentiment analysis of twitter data does not seem to be a viable strategy. 

The goal to create a profitable portfolio using the twitter data was accomplished for the IT companies as both 

the Sentiment portfolio and the Cap-weighted sentiment portfolio were profitable with both lag 1 and 4. For 

the fashion companies the Cap-weighted sentiment portfolio was profitable but that was mainly because the 

Cap-weighted portfolio performed well and it made up 85% of the portfolio.  

 

The biggest problem with this study is that the data only consists of 60 trading days, this makes it very hard 

to draw any definite conclusions about the viability of sentiment as a portfolio selection strategy. Because of 

this, I do not believe that the results should be interpreted as evidence that sentiment works as a portfolio 

selection strategy. The results should rather be viewed as an indication that there might exist some merit to 

sentiment as a portfolio selection strategy, but it requires further studies. 

 

Some suggestion for further studies within the subject is besides getting more data whether that is done by a 

similar method to mine and just collecting it over a longer period of time. Or another method that would 

allow longer periods of data to be collected over a short period of time, which is possible but not free. 

Another interesting thing to look at would be to use twitter data as the training data for the classifiers and 

while doing that also have neutral class in addition to positive and negative. This would allow the creation of 

a portfolio where shorting would be possible which would make it possible for the portfolio to perform well 

even during a bear market. It would also be possible to create a portfolio by looking at the difference between 

the number of positive and negative tweets. One thing to keep in mind when using more than one classifiers 

is how to deal with ties, that is in occasion that every classifier votes differently, meaning there would be one 

positive vote, one neutral vote and one negative vote. My suggestion in this case would be to either discard 

those tweets or classify them as neutral. It might also be interesting to investigate if different tweets have 

different lag, and if so, is there a way to train a classifier to correctly classifying the tweets according to lag? 

During this study, the earliest the investments occurred was the day after the tweets were made, it would be 

interesting to make a more real-time analysis of the tweets during windows of intensive trading to see if 

sentiment could be used in those scenarios. This also could make the strategy viable for smaller companies 

that normally does not generate enough tweets to analyze.   

 

In conclusion, sentiment analysis does seem to hold some merit as a portfolio selection strategy at least for IT 

companies as the combination portfolio performed well. Unfortunately, the same cannot be said about the 

sentiment for fashion companies as it performed very poorly. However, because of the small sample size 

further studies within the subject is needed to draw any clear conclusions. My hope is that this study can 

provide some useful information in the case of further studies. 
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Appendix  
1 Sentiment training data 

1.1 Positive sentiment training data 

the film provides some great insight into the neurotic mindset of all comics -- even those who have reached 

the absolute top of the game.  

offers that rare combination of entertainment and education.  

perhaps no picture ever made has more literally showed that the road to hell is paved with good intentions .  

steers turns in a snappy screenplay that curls at the edges ; it's so clever you want to hate it, but he somehow 

pulls it off.  

take care of my cat offers a refreshingly different slice of asian cinema.  

this is a film well worth seeing , talking and singing heads and all.  

what really surprises about wisegirls is its low-key quality and genuine tenderness.  

 ( wendigo is ) why we go to the cinema : to be fed through the eye , the heart , the mind.  

one of the greatest family-oriented , fantasy-adventure movies ever.  

ultimately , it ponders the reasons we need stories so much.  

an utterly compelling 'who wrote it' in which the reputation of the most famous author who ever lived comes 

into question.  

illuminating if overly talky documentary.  

a masterpiece four years in the making.  

the movie's ripe , enrapturing beauty will tempt those willing to probe its inscrutable mysteries .  

offers a breath of the fresh air of true sophistication.  

a thoughtful , provocative , insistently humanizing film.  

with a cast that includes some of the top actors working in independent film , lovely & amazing involves us 

because it is so incisive , so bleakly amusing about how we go about our lives.  

a disturbing and frighteningly evocative assembly of imagery and hypnotic music composed by philip glass.  

not for everyone , but for those with whom it will connect , it's a nice departure from standard moviegoing 

fare.  

scores a few points for doing what it does with a dedicated and good-hearted professionalism .  

occasionally melodramatic , it's also extremely effective .  

spiderman rocks 

an idealistic love story that brings out the latent 15-year-old romantic in everyone .  

at about 95 minutes , treasure planet maintains a brisk pace as it races through the familiar story . however , it 

lacks grandeur and that epic quality often associated with stevenson's tale as well as with earlier disney 

efforts.  

it helps that lil bow wow . . . tones down his pint-sized gangsta act to play someone who resembles a real kid.  

guaranteed to move anyone who ever shook , rattled , or rolled.  

a masterful film from a master filmmaker , unique in its deceptive grimness , compelling in its fatalist 

worldview.  

light , cute and forgettable. 

you'd think by now america would have had enough of plucky british eccentrics with hearts of gold . yet the 

act is still charming here .  

whether or not you're enlightened by any of derrida's lectures on " the other " and " the self , " derrida is an 

undeniably fascinating and playful fellow .  

a pleasant enough movie , held together by skilled ensemble actors .  

this is the best american movie about troubled teens since 1998's whatever .  

disney has always been hit-or-miss when bringing beloved kids' books to the screen . . . tuck everlasting is a 

little of both .  

just the labour involved in creating the layered richness of the imagery in this chiaroscuro of madness and 

light is astonishing .  

the animated subplot keenly depicts the inner struggles of our adolescent heroes - insecure , uncontrolled , 

and intense.  
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1.2 Negative sentiment training data 

the action clichés just pile up .  

payami tries to raise some serious issues about iran's electoral process , but the result is a film that's about as 

subtle as a party political broadcast .  

the only surprise is that heavyweights joel silver and robert zemeckis agreed to produce this ; i assume the 

director has pictures of them cavorting in ladies' underwear .  

another useless recycling of a brutal mid-'70s american sports movie .  

i didn't laugh . i didn't smile . i survived .  

please , someone , stop eric schaeffer before he makes another film .  

most of the problems with the film don't derive from the screenplay , but rather the mediocre performances 

by most of the actors involved 

 . . . if you're just in the mood for a fun -- but bad -- movie , you might want to catch freaks as a matinee .  

curling may be a unique sport but men with brooms is distinctly ordinary .  

though the opera itself takes place mostly indoors , jacquot seems unsure of how to evoke any sort of 

naturalism on the set .  

there's no getting around the fact that this is revenge of the nerds revisited -- again .  

the effort is sincere and the results are honest , but the film is so bleak that it's hardly watchable .  

analyze that regurgitates and waters down many of the previous film's successes , with a few new swings 

thrown in .  

with flashbulb editing as cover for the absence of narrative continuity , undisputed is nearly incoherent , an 

excuse to get to the closing bout . . . by which time it's impossible to care who wins .  

stinks from start to finish , like a wet burlap sack of gloom .  

mattei's underdeveloped effort here is nothing but a convenient conveyor belt of brooding personalities that 

parade about as if they were coming back from stock character camp -- a drowsy drama infatuated by its own 

pretentious self-examination .  

only in its final surprising shots does rabbit-proof fence find the authority it's looking for .  

maybe leblanc thought , " hey , the movie about the baseball-playing monkey was worse . "  

what you expect is just what you get . . . assuming the bar of expectations hasn't been raised above sixth-

grade height .  

barry sonnenfeld owes frank the pug big time 

the biggest problem with roger avary's uproar against the mpaa is that , even in all its director's cut glory , 

he's made a film that's barely shocking , barely interesting and most of all , barely anything .  

so riddled with unanswered questions that it requires gargantuan leaps of faith just to watch it plod along .  

a punch line without a premise , a joke built entirely from musty memories of half-dimensional characters .  

takes one character we don't like and another we don't believe , and puts them into a battle of wills that is 

impossible to care about and isn't very funny .  

the things this movie tries to get the audience to buy just won't fly with most intelligent viewers .  

even if the enticing prospect of a lot of nubile young actors in a film about campus depravity didn't fade amid 

the deliberate , tiresome ugliness , it would be rendered tedious by avary's failure to construct a story with 

even a trace of dramatic interest .  

sitting through the last reel ( spoiler alert ! ) is significantly less charming than listening to a four-year-old 

with a taste for exaggeration recount his halloween trip to the haunted house .  

confuses its message with an ultimate desire to please , and contorting itself into an idea of expectation is the 

last thing any of these three actresses , nor their characters , deserve .  

deadly dull , pointless meditation on losers in a gone-to-seed hotel .  

with this new rollerball , sense and sensibility have been overrun by what can only be characterized as 

robotic sentiment .  

one can only assume that the jury who bestowed star hoffman's brother gordy with the waldo salt 

screenwriting award at 2002's sundance festival were honoring an attempt to do something different over 

actually pulling it off 

a movie more to be prescribed than recommended -- as visually bland as a dentist's waiting room , complete 

with soothing muzak and a cushion of predictable narrative rhythms.  
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2 Sentiment Classification 

b'RT @OSET: Was asked today about a 2012 Citrix iVoting vision w/ HW security model. We covered that 

in 2016; Worth revisiting: https://t.co/\xe2\x80\xa6' 

pos1.0 

"b'RT @LiquidwareLabs: Citrix App Layering, When it Works &amp; When it May Not Work for You- 

https://t.co/Li2jFOsdoB NEW BLOG'" 

neg0.6666666666666666 

b'Was asked today about a 2012 Citrix iVoting vision w/ HW security model. We covered that in 2016; 

Worth revisiting: https://t.co/x6hLzUZNug' 

pos1.0 

b'Citrix assina com Red Bull Racing para ser parceira de inova\xc3\xa7\xc3\xa3o - https://t.co/LEkJ0wnppT - 

#MaisLidas' 

pos1.0 

b'#citrix WEM. Not just UEM but resource management and thin client transformation. Does it all very well. 

\n\n https://t.co/1ByZNKiee7' 

neg1.0 

b'Looking to move from a physical server to #Citrix xen? #CirrusMove can help https://t.co/bcwVSyi0Do' 

pos1.0 

"b""IT Monitoring and Performance Management White Paper - 'Monitoring and Troubleshooting Citrix 

Logon Issues' https://t.co/SBgOGvqVwo #Citrix""" 

pos1.0 

b'@XenMobile Come on @citrix you can do better than this. What the heck is a springboard?!? #BadUX 

#TechJargon\xe2\x80\xa6 https://t.co/BkcLr4ZgBs' 

neg1.0 

"b'Want to work in #Makati, NCR? View our latest opening: https://t.co/hYi9Ly4ZV5 #IT #Job #Jobs 

#Hiring'" 

neg1.0 

b'Citrix building Workspace #IoT for hospitals | Healthcare IT News https://t.co/VbwY9asedQ' 

neg0.6666666666666666 

b'RT @CapgeminiConsul: Why #ITInfrastructure requires a #digital reboot. Our latest research report 

https://t.co/5dA7kkpbMZ @AFRClient' 

neg1.0 

"b'RT @SurajitTweet: Had a memorable and learning experience at  #TechFiesta2017 #Hyderabad 

representing @TCubeSolutions #Bhubaneswar, @Capgem\xe2\x80\xa6'" 

pos1.0 

b'How have #analytics changed from being just an information provider to a predictive indicator? 

@divya_kum explains https://t.co/n2nG2OQ0gU' 

neg0.6666666666666666 

b'RT @CapgeminiIndia: Visit our #AppliedInnovation booth (Capgemini\xe2\x80\x99s platform to enable 

enterprises to discover relevant innovations) at #Te\xe2\x80\xa6' 

pos0.6666666666666666 

"b'RT @SurajitTweet: Had a memorable and learning experience at  #TechFiesta2017 #Hyderabad 

representing @TCubeSolutions #Bhubaneswar, @Capgem\xe2\x80\xa6'" 

pos1.0 

b'RT @SurajitTweet: .@TCubeSolutions @CapgeminiIndia @Capgemini @fantasticAnupam @saswatsays 

@sabya_p A few more clicks at #TechFiesta2017 #H\xe2\x80\xa6' 

neg1.0 

b'RT @CapgeminiIndia: .Ikano Bank is now embarking on a transformation journey with Capgemini as its 

chosen provider. Read more- https://t.co\xe2\x80\xa6' 

neg0.6666666666666666 

"b'Vi vil hos Capgemini Sogeti \xc3\xb8nske vores kunder, kolleger og samarbejdspartnere en rigtig god 

p\xc3\xa5ske https://t.co/ANdCiHA1oH'" 
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neg1.0 

b'RT @CapgeminiIndia: Are you using analytics to impact business transformation? Using #analytics to gain 

insights is not enough. https://t.c\xe2\x80\xa6' 

neg1.0 

"b""RT @CapgeminiIndia: 'Plan, prioritize &amp; delegate' is Sunita's work-life balance mantra! Read more 

about her #LifeAtCapgemini- https://t.co/\xe2\x80\xa6""" 

neg1.0 

"b'RT @AlexBulat: Last day at the #cebit17, big thanks to everybody to made this event possible! @SAP 

@Capgemini https://t.co/TuSYWM6WQm'" 

neg0.6666666666666666 

b'RT @CapgeminiIndia: [INFOGRAPHIC] Are retail banks and insurers a safe pair of hands when it comes 

to customer data? https://t.co/p3PL6xccE\xe2\x80\xa6' 

pos1.0 

"b'RT @CapgeminiIndia: We are in #Hyderabad on April 15, 2017 to identify talented Migration engineers 

for our cloud practice. Apply now- http\xe2\x80\xa6'" 

neg0.6666666666666666 

b'RT @CapgeminiIndia: Capgemini proposes to acquire @ciberinc for a total price of $50 million. Get more 

details- https://t.co/UOBwoCuDeS' 

neg1.0 

b'RT @sembianm: Prabhakar Lal https://t.co/MmR4UDG9qm' 

neg0.6666666666666666 

b'RT @FranceinIndia: Good to know that French companies are successfull and generate skilled jobs in India 

https://t.co/ya5JBTbaSf' 

pos1.0 

"b'Come on @Intuit, you can do better than this. Need a way to merge @Mint &amp; @TurboTax accts: 

https://t.co/N7EnMTW3Dp Merge/acquisition #fail'" 

neg1.0 

b'RT @QuickBooksAU: Be inspired by health and fitness entrepreneur Michelle Bridges at #QBConnect. 

Register by Sunday to save 50%: https://t.\xe2\x80\xa6' 

pos1.0 

"b'RT @QuickBooksAU: Last chance for early bird tickets! Join us at #QBConnect to learn, connect &amp; 

be inspired. Register now to save 50%: http\xe2\x80\xa6'" 

neg1.0 

b'Your ability to live up to your highest potential comes from your brain. Here\xe2\x80\x99s how to activate 

it:\xe2\x80\xa6 https://t.co/G3hSveLcBT' 

neg1.0 

"b'Intuit showcases new practice management software, experimental technology https://t.co/GSxZuuKg1e 

https://t.co/Ip72WtIHee'" 

pos1.0 

'...and that lesson is: Listen to the consumer. #management #Customer #business #lessons 

https://t.co/Od4qQjbFaw' 

neg0.6666666666666666 

b'I just used @turbotax to get my #taxesdone and it was easy! Click here to save 20% on your 

https://t.co/no6TrvSEZF' 

neg0.6666666666666666 

b'RT @turbotax: RT us for a chance to win a prize that will fuel your filing game. Fire up your phone and 

#file now! \xf0\x9f\x94\xa5 \xf0\x9f\x93\xb2  https://t.co/Mo4osC\xe2\x80\xa6' 

neg1.0 

"b'Of course, all we can intuit, assuming preferences index intention, is that global instability &amp; mass 

waste is precisely what they desire'" 

neg0.6666666666666666 

"b'Intuit showcases new practice management software, experimental technology https://t.co/XZ0f5SXiYs 

https://t.co/HL0rOD8K1I'" pos1.0 

https://t.co/HL0rOD8K1I

