
Abstract
Performing large-scale text analysis is becoming increasingly common across a wide variety of research 
domains - from computer science to the humanities to psychology. The aim of large-scale text analysis is to 
reveal patterns which would not be readily discernible by a human. One of the tools of text analysis which is 
becoming increasingly popular is sentiment analysis. Generally, in sentiment analysis, scores (either positive 
or negative are assigned) to a piece of text in an automatic fashion without the ``human in the loop''. There 
are three general sentiment detection methods which have been studied: dictionary-based methods, 
supervised learning methods, and unsupervised/deep learning methods. In this work, we focus on 
comparing several dictionary-based methods (VADER, Hu/Liu) with Twitter data. To do this, we use more 
than 2,600,000 Tweets from IU's OSoMe Twitter collection (10% random sample of public tweets going back 
to August 1, 2016). We store data on the Jetstream Cloud Computing system, and process the tweets with 
each sentiment dictionary. We then compare word counts and similarity measures to assess the dictionary 
robustness.

Introduction
Over the course of President Trump's term in office, relations with Kim Jong Un's North 
Korean regime have shifted dramatically. Tension between the two nations deescalated from 
an all-time high with possible nuclear war on the horizon to a peace meeting between the 
two leaders. We delineated three date ranges, Rising Tensions (January 20-August 31, 2017), 
Hostilities (September 1, 2017-January 8, 2018), and Conciliatory Efforts (January 9-June 19, 
2018) to capture the shifting terrain of these diplomatic relations.

• Do President Trump’s tweets about North Korea polarize and direct the narrative about 
North Korea on Twitter?

• As the United States has opened diplomatic channels with North Korea, how has the 
overall sentiment on Twitter among English speakers surrounding North Korea shifted?  

Analytical Approach
Twitter Data
• We requested tweets from August 1, 2016 to June 19, 2018 from Indiana University’s 

OSoMe API [1], which contains a random sample consisting of 10% of public tweets 8 
containing the phrase “North Korea” and created a dataset of 2.6 million tweets 
published from January 20, 2017 to. We also requested a control set of tweets from 
August 2016 to December 2016 before Donald Trump took office. 

Analyzing Data
• We created a virtual machine (VM) on Jetstream [4] [5]. consisting of 120 GB of RAM and 

a CPU with 44 cores. The image was created off of Centos 7 (7.5)  Development GUI. We 
installed our own software on the image for our specific task such as Jupyter Notebook 
and RStudio. 

• After receiving the tweets from OSoMe in JSON format, we downloaded the files onto our 
VM, decompressed, and converted the files to CSV format so that we could scan the 
tweets to ensure that the majority would be on-topic. 

• We then categorized the tweets into three separate date ranges and a control group, 
organized JSON files by date, then ran the original JSON files in order through sentiment 
analysis scripts on Jupyter Notebooks, which gave us the sentiment scores for the tweets.

Algorithms
Algorithm Description
VADER A dictionary specifically attuned to social media contexts. This algorithm has the ability to detect the 

grammatical and syntactical usages of words that express word intensity, word context, word 
modifiers, punctuation, capitalization, emojis, contrastive conjunctions, and negation (Gilbert 2014).

Hu/Liu (HL) Originally designed for use in online reviews of products, but maintains its applicability to other 
scenarios such as this. UIC also uses a dictionary to classify  'opinion’ words into positive, negative, 
or neutral categories, but it does not take into account context (Hu, Minging, and Liu 2004).

Results

Figure 3: Analyzing tweets using HL dictionary and algorithm
For the HL algorithm and dictionary, similar trends are observed, but 
the sentiment is registered as less intensely negative by this 
algorithm. As expected, the first two time periods are more negative 
than Conciliatory Efforts, with Hostilities being more negative than 
Rising Tensions. Conciliatory Efforts balances out and decreases in 
negativity. 

Discussion
We found that sentiments towards North Korea shifted significantly over this 17-month time 
period, and that there were statistically significant differences in sentiment towards North 
Korea between the three time periods. President Trump's opinions about North Korea and 
Kim Jong-un in particular have ranged from deprecatory insults and even threats to destroy 
the country through nuclear warfare to complimenting the North Korean leader's intelligence 
and accomplishments. This illuminates the relationship between the actions and words of a 
country's leaders and the attitudes and beliefs of its citizens; Trump's behavior and his use of 
Twitter as a medium to communicate his opinions has had at least a partial influence over 
Americans’ attitudes towards North Korea. In addition, our use of both VADER and the UIC 
polarity dictionary gave us the ability to compare two well-known sentiment analysis tools 
and provided us with a better understanding of the data. The conclusion that can be reached 
from this is that when conducting sentiment analysis, it is most appropriate to use more than 
one tool. Large-scale text and sentiment analysis, enabled by Jetstream, has proven itself to 
be a valuable method to examine and measure social patterns and change, and would be 
useful in many other scenarios to understand the complexity of social life.

Limitations
One limitation was the lack of certainty that data collected from the Twitter API was a 
random sample of all tweets posted. Additionally, another limitation from the Twitter data 
collection process was OSoMe's ability to only collect 10% of tweets posted online. 
Furthermore, the three date ranges selected --- Rising Tensions, Hostilities, and Conciliatory 
Efforts --- were chosen based on potentially impactful events in the North Korean timeline by 
the researchers, rather than by an objective standard.

Future Directions
Future research should compare additional dictionaries such as Sent140Lex as well as use 
different methods of sentiment analysis such as machine learning. Lastly, it would be 
pertinent to use Bayesian statistics which compensate for the problems that come with data 
analytics with big data. 
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views of the National Science Foundation or Indiana University.Table 3: Descriptive statistics for VADER and HL algorithms by time frame, results from Kruskal-Wallis and ANOVA with contrasts

Control: Sentiment scores more negative after Trump became president.
Kruskal-Wallis (VADER): There are significant differences between date range sentiment scores, with Conciliatory Efforts being more 
positive than Hostilities. 
ANOVA with contrasts (HL): Conciliatory Efforts is significantly more positive than Hostilities. Likewise, Hostilities is significantly 
more negative than Rising Tensions.

Table 1: Date ranges that frame shifting relations between the U.S and North Korea

Table 2: Descriptions of algorithms used to perform sentiment analysis
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Figure 4: Line graph of z-scored sentiment scores from both HL and VADER over the three date ranges
Both algorithms exhibited an overall uptick in positive sentiments regarding North Korea leading up to 2018. In the first months of Trump’s 
presidency, attitudes towards North Korea were largely negative following the missile launches ordered by the North Korean leader. Attitudes 
reached a low point during the next date range as interactions between Trump and Kim became more hostile and inflammatory, and extreme 
threats were exchanged by the two. In the last date range, positivity improved leading up to notable events such as the Olympics and the 
Trump-Kim summit.

Figure 2: Analyzing tweets using VADER algorithm
Using the VADER algorithm (left column), the sentiment skews 
negative and tends to have more intense negative tweets. The 
intensity of the sentiment expressed in the tweets develops and 
becomes more negative in Hostilities. In Conciliatory Efforts, we can 
see that the intensity and prevalence of positive tweets increases, so 
that the distribution of negative and positive sentiment balances out.

Figure 1: Sample negative sentiment Trump tweets (above) and positive sentiment tweets (below)

Name Time Period Number of Tweets Key Events

Rising Tensions 01/20/2017 – 08/31/2017 807,017 2/11/2017 – First ICBM test

06/02/2017 – United Nations enact sanctions

08/28/2017 – North Korea launches missile 
over Japan

Hostilities 09/01/2017 – 01/08/2018 939,159 09/19/2017 – Trump calls Kim Jong Un “Rocket 
Man”

11/19/2017 – North Korea state media 
announce that they have tested an ICBM that 
can reach the US

01/01/2018 – Trump announces that he has a 
“bigger and more powerful nuclear button, and 
[his] works

Conciliatory Efforts 01/09/2018 – 06/19/2018 941,940 02/09/2018 – North and south Korean athletes 
march together at the Winter Olympics

04/27/2018 – Kim Jong Un has a meeting with 
President Moon of South Korea

06/12/2018 – President Trump and Kim Jong 
Un have a summit in Singapore

Time Frame Mean Z-Score
Mean SD P Value

VADER

Before
Inauguration -0.12 0.12 0.42 -

Rising Tensions -0.25 -.16 0.43

< 0.001Hostilities -0.28 -0.23 0.40
Conciliatory

Efforts -0.01 0.37 0.45

HL

Before
Inauguration -0.38 0.10 0.95 -

Rising Tensions -0.64 -0.13 1.05

< 0.001Hostilities -0.74 -0.22 1.07
Conciliatory

Efforts -0.14 0.32 1.14
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