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Abstract 

NATO conducted one of its largest exercises over the past decade, Trident Juncture, from 
October 21st to November 6th 2015.  The exercise included over 36 thousand troops from 
over 28 allies, 9 partner nations, and engaged 18 observations and 12 international and 
non-governmental organizations and aid agencies. As part of this exercise, the Center for 
Computational Analysis of Social and Organizational Systems (CASOS) at Carnegie 
Mellon was asked to assess, in partnership with the Data Mining and Machine Learning 
Lab at Arizona State University, the social media response to Trident Juncture.  We 
collected data from Twitter and VK to provide daily updates and intelligence reports on 
the social media discussion surrounding Trident Juncture and NATO.  We focus on three 
distinct collections of Twitter data: geotagged tweets, tweets by Ministries of Foreign 
Affairs (MFAs), and news media tweets.  This is our summary report for the time period 
from October 1st through November 15th. The report includes as appendices our briefings 
made during the exercise. 
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1 Introduction 

 
NATO conducted one of its largest exercises over the past decade, Trident Juncture, from 
October 21st to November 6th 2015.  The exercise included over 36 thousand troops from 
over 28 allies, 9 partner nations, and engaged 18 observations and 12 international and 
non-governmental organizations and aid agencies. The exercise took place over 16 
locations around the Mediterranean in Portugal, Spain, and Italy.   
 
As part of this exercise, the Center for Computational Analysis of Social and 
Organizational Systems (CASOS) at Carnegie Mellon was asked to assess, in partnership 
with the Data Mining and Machine Learning Lab at Arizona State, the social media 
response to Trident Juncture.  We collected data from Twitter and VK to provide daily 
updates and intelligence reports on the social media discussion surrounding Trident 
Juncture and NATO.  We focus on three distinct collections of Twitter data: geotagged 
tweets, tweets by Ministries of Foreign Affairs (MFAs), and news media tweets.  This is 
our summary report for the time period from October 1st through November 15th.  

 

2 Data Description 

We collected data from Twitter in two ways: using a geofence to collect geotagged data 
across Europe, as well as utilizing the Twitter API to identify tweets with keywords or 
tweeted by key users.  Media and MFA tweets were collected via keywords.  Data was 
collected from October 1st through November 16th.  
 

2.1  Geo-tagged tweets  

For geotagged tweets, we collected all tweets from a large area of Europe utilizing 
Twitter’s Streaming API[1]. We used the geographic boundary box 
ሾ13.971488	ܹ, 33.807153	ܰሿ ൈ	ሾ41.399602	ܧ, 58.728686	ܰሿ, which covers countries 
including France, United Kingdom, Spain, Germany, Poland, Ukraine, Italy, Turkey, part 
of Russia and so on. The geo-tagged tweets we collected are either tagged with a 
longitude/latitude coordinates or associated with a place defined as a small geographic 
box like ”Roma”: ሾ12.234427	ܧ, 41.655874	ܰሿ 	ൈ	 ሾ12.855864	ܧ, 42.140959	ܰሿ.  
 
Each day, approximately 5 Gigabytes of data, over 1.5 million tweets were collected. 
Table 1 shows the average number of tweets, average number of tweeters, hashtags, 
URL, and tweet mentions as calculated on a daily basis.  

Table 1: Basic statistics of our geotagged tweets collection 

 # of tweets # of 
tweeters 

# of 
hashtags per 
tweet

# of URLs 
per tweet 

# of mentions 
per tweet 

Average 1,547,044 387,614 0.34 0.24 0.60 
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Maximum 1,860,426 436,476 0.38 0.27 0.54 

Minimum 1,202,798 343,568 0.30 0.21 0.66 

Standard 
Deviation 121,232 16,871 0.018 0.011 0.027 
 
 

2.1.1  NATO Tweets  

Geotagged tweets were filtered to identify tweets related to NATO and Trident Juncture.   
We identified 12 English keywords that related to NATO and Trident Juncture and 
translated them into 10 additional languages based on the volume of tweets collected in 
those languages: Estonian, French, German, Greek, Italian, Lithuanian, Portuguese, 
Russian, Spanish, and Ukrainian. On average, we found approximately 290 tweets related 
to NATO on a daily basis from the geotagged dataset.  
 

Table 2: keywords used to extract tweets related to NATO in 11 languages 
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Figure 4.4: Running time per iteration for SMTM

4.5. Conclusion

In this chapter, we presented a novel topic model to discover latent topics in social media
dataset. One key characteristic of this model was that it is particularly designed for social
media text, which di�ers from other forms of text in a variety of ways. We evaluated our
model on Twitter dataset, although since the structure of data on di�erent social meda
platforms is similar, we believe that the model can perform reasonably well on other
datasets also. We compared our model with the existing baseline model and found that
it outperforms the baseline model.

16
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terrorist attack on the 13th of November. This is due to the fact that tweets were already 
filtered to identify NATO topics.  
 

 
Figure 1: Trends of Russia and Paris topic in NATO-related tweets by day 

 
We find there is a significant spike in media and MFA tweets at the beginning of the 
collection period, followed by a relatively constant volume of tweets, even during the 
Paris terror attacks. This is likely due to the fact that tweets were filtered to identify 
NATO-relevant tweets; while Paris attack tweets dominate topics in the last time period 
analyzed, we only captured tweets that also mentioned NATO keywords. 
 
 

 
Figure 2. Total count of Media and MFA Tweets over time 
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4.2  Sentiment Trends towards NATO 

 
To determine the attitudes behind each tweet(positive or negative), we developed a 
sentiment classifier based on VADER [2] which is a rule-based sentiment analysis model 
for social media text. We extended it to deal with multiple languages in our dataset. 
Specifically, we first choose lexicons in English from several sources. The words in the 
our lexicon were created from a merger of terms found in several different sentiment 
lexicons, and then were augmented with related terms found in wordnet[3], wikipedia, 
and various on-line corpus of terms related to sentiment. Each term was classified as 
positive or negative based on a) the consensus of at least three sources, or when there 
were not three sources - the consensus opinion of multiple reviewers. There are in total 
16,487 terms in our original English lexicon. Then we translated the English terms into 
12 languages: Arabic, Estonian, French, German, Greek, Italian, Lithuanian, Portuguese, 
Russian, Spanish, Turkish, and Ukrainian using Google translate. For terms 
corresponding to same word in English, they were assigned the same sentiment polarity: 
negative, positive or neutral.  
 
In this part, we evaluated the polarity of tweets in the geofenced data related to NATO. 
As is shown in the figure below, the total number negative tweets about NATO is slightly 
larger than the number of positive one(4576 versus 4002). 

 
Figure 3: Sentiment trends towards NATO by day 

91.2% tweets related to NATO are sent from those 15 countries we listed in Table 
11:Number of pro/anti-NATO tweets in each country. Most tweets about NATO come 
from Spain, Italy, Turkey, Ukraine and UK. Consider the collection area only cover part 
of Russia, we cannot make a conclusion that tweeters in Russia pay less attention to 
NATO than those countries. Countries like United Kingdom, Serbia, Germany, Greece 
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and Montenegro are typical countries where positive tweets about NATO are far less than 
negative ones.  
 

Table 11:Number of pro/anti-NATO tweets in each country 

Country # of pro-
NATO 

# of anti-
NATO

# of Neutral # of 
Tweeters 

# of 
Tweets

Spain 1325 1124 835 1836  3284 

Italy 725 620 496 1252  1841 

Turkey 502 505 774 812  1781 

United Kingdom 326 705 325 565  1356 

Russia 154 125 182 217  461 

Ukraine  122 89 176 107  387

Serbia 61 204 121 114  386 

France 130 158 91 211  379 

Germany 66 151 100 153  317 

Poland 79 77 137 109  293 

Greece 58 107 125 97  290 

Portugal 97 89 89 164  275 

Netherlands 63 90 79 77  232 

Belgium 34 65 62 75  161 

Montenegro 13 62 73 35  148 

Sweden 36 40 71 81  147 
 
 
 

4.3  Topic Analysis  

 
To compare tweet topics we used LDA to find three primary clusters of tweet topics.  
LDA is a well-known methodology that allows us to find clusters of topics in text 
datasets over large numbers of documents [4][5].  For geotagged tweets, we used Google 
Translate to translate hashtags, using the tweet-level language identifier in the Twitter 
JSON to indicate the Google Translate “from” language, and manually checked that the 
acronym NATO mapped to the correct topic – i.e. OTAN and HATO mapped to NATO.  
Then, we imported tweets into ORA and merged Topic nodes based on the translated 
hashtags. This ensured that tweets about Syria, for example, all mapped to the same 
#Syria hashtag – regardless of the original tweet’s language, whether French (Syrie), 
Arabic (ســـوريا) , or Russian (Сирия).  These hashtags were used to identify tweet 
topics. 
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In our tweets, we initially split topic analysis using LDA into three 15-day time periods to 
compare and contrast topics over time.  However, we found in the topic analysis, the third 
period (November 1-16) topics became overwhelmed with information on Twitter related 
to the ISIS attack in Paris on November 13th.  To separate out the impact of the Paris 
attacks, we split the third time period into two sections: November 1-12, and November 
13-16.    

To highlight changes in topic clusters, we ran LDA for each time period to find 
three clusters.   Each cluster has unique words, shared topics, and common topics. By 
unique words, we mean hashtags that only appeared in that cluster.  By shared topics, we 
refer specifically to hashtags that appeared in only two out of the three clusters; for 
common topics, we refer to hashtags that appeared in all three clusters. 

Broadly speaking, MFA tweets focused on high-level meetings of multilateral 
organizations, while tweets from the media focused on much more popular current events 
topics.  For example, MFA tweets would discuss and track the movements of UN 
Secretary General Ban Ki-Moon and the climate negotiations in Paris, while media 
tweets would focus on recent catastrophes and breaking news about strikes in Syria.  

Currently, in the Twitter data collected from the MFA's we find that Russia is 
only discussed in the context of ISIS.  If the MFA's want to continue to exert pressure in 
Twitter regarding Russia and Ukraine then they need to continue to tweet about Russia 
and Ukraine. Without such continued discourse, attention shifts to the topic of the day, 
and the the potential to use Twitter to continue to exert diplomatic pressure is not being 
exercised. 

 

4.3.1  Geotagged Tweets  LDA Clusters  

 
Table 12. Time 1: October 1st through 15th LDA Clusters for Geotagged Tweets 

 Cluster A Cluster B Cluster C

Unique EU  Putin, Kunduz, Afghanistan 

Shared Syria, news, Luiv, TJ15

 ISIS, MSF

Russia  

Common Trndl, USA, NATO, Turkey
 
Clusters B, C, focused on bombing of Doctors Without Borders hospital in Kunduz, 
Afghanistan; Clusters A and C focused on Russian response.  Clusters A and B co-
mention TJ15 – Trident Juncture 2015.  All clusters discuss NATO, the US, and Turkey. 
 
Table 13. Time 2: October 15th through 31st LDA Clusters for Geotagged Tweets 

 Cluster A Cluster B Cluster C 

Unique TJ15, 
notridentjuncture, 

Putin, 
TridentJuncture, 

Turkey, Ukraine, 
Syria, Georgia 





N k
u number of tweets by useru that occurred in topic k

M k
wr

number of occurrences ofr th word from word vocabulary in topick
M k

hr
number of occurrences ofr th hashtag from hashtag vocabulary in topick

Ck
r number of occurrences of tokens from categoryr in topic k

Wut set of unique words in the post(u,t)
Hut set of unique hashtags in the post(u,t)
nx;r

u;t number of occurrences ofr th token from vocabularyx in post (u,t)

Table 4.2: Auxiliary Notations: SMTM

1

4.4. Experimental Results

4.4.1. Experimental Setup
In order to evaluate SMTM, we �rst need to input the values of the hyperparameters� ,
� , 
 and � . These hyperparameters serve as a priori for the model. We used symmetric
values for all the hyperparameters, which were derived experimentally. Speci�cally, we
set � = 1, � = 0 :05, � = 0 :05 and 
 = 5. The model was run for 800 iterations, using
di�erent values for the number of topics,K .

4.4.2. Qualitative Results
In order to demonstrate the qualitative results, two topics from the results were selected
and their topi 10 words and hashtags were picked based on the corresponding values of
the topic-word distribution � and topic-tag distribution � . These results are presented in
Table 4.3.

As it is evident from the results shown in Table 4.3, �rst topic contains words and
tags that are related to a particular event, i.e., the death of Osama Bin Laden, since
the Twitter dataset was from May, 2011 (the same time when US assassinated Osama
Bin Laden). The second topic mostly has words related to food, particularly good food
as it contains words like "eat", "good", "food", etc. These words are supported by
corresponding hashtags like "#fattweet", "#yum", "#hungry", etc.

Topic-category distribution: We compare the value of the parameter� for di�erent
topics and examine the corresponding words and hashtags for each topic. It is observed
that for a majority of topics, the ratio � k;0 : � k;1 of number of words to the number of
hashtags assigned to that topic is around0.25. Some topics have a high distribution
of hashtags as compared to other topics. After examining the corresponding words and
hashtags for these topics, it was observed that most of the topics with higher proportion

1For all the terms shown in the equations,

� (-u,t) denotes that the term excludes the current post (u,t)

� for any dimension d, (.) denotes that the term is not limited to the speci�c value of d

13
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Terrorisme 

Shared Migration 

 Steinmeier, 13novembre

Ukraine Ukraine

Common UDiSkolan, France, Paris, ParisAttacks
 
 

4.3.3  Media Tweets  LDA Clusters  
Table 20. Time 1: October 1st through 15th LDA Clusters for Media Tweets 

 Cluster A Cluster B Cluster C

Unique Ukraine, Drones, 
Spain, UAV 

US, Russian, 
BreakingNews

Turkey, News, ISIS 

Shared Kunduz, Rusya 

 Syria, Russia, BREAKING

MSF, Syrian MSF, Syrian

Common NATO, Afghanistan
 
Table 21. Time 2: October 16th through 31st LDA Clusters for Media Tweets 

 Cluster A Cluster B Cluster C

Unique MSF, 
topstories,Contacto
ConMaduroNro44 

Video, Ukraine, 
UNBlue 

Afghanistan, isCBCoccupied 

Shared NATO, ONU70años  

 Syria, kenfm, ContactoConMaduroNro43 

News, cdnpoli, 
ahora 

 News, cdnpoli, ahora 

Common Russia, Kunduz 
 
Table 22. Time 3: November 1st through 12th LDA Clusters for Media Tweets 

 Cluster A Cluster B Cluster C

Unique Turkey, News, 
TwitterKurds 

Venezuela, 
EnsayoParaLaVictoria

Fluchtlingskrise, 
ContactoConMaduroNro46 

Shared Syria, Russia, Sanctions

 FreeSavchenko, kenfm, ISIL, ASPA2015 

NATO, Video, 
ISIS 

 NATO, Video, ISIS 
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Common Merkel 
 
Table 23. Time 4: November 13th through 15th  LDA Clusters for Media Tweets 

 Cluster A Cluster B Cluster C

Unique Fotos, ISIL, 
charliehebdo 

Merkel, 
Mnoal

USA, ClimateChange,Paris 

Shared iostoconVale, Libya

 ISIS, climatehope

Video Video

Common 24HoursofReality, COP21, ArrancoElHuracanBolivariano, ParisAttacks
 
 

5 Conclusion 

 
While the Trident Juncture exercise only took place over a short 17 days, from this 
analysis we can see that the online discussion surrounding Trident Juncture started well 
before the actual exercise and continued afterwards.  We have shown that three very 
distinct collections of data lead to distinct inferences being drawn: MFA discussion is 
distinct from Media Twitter discussion relating to NATO.  We have demonstrated a new 
approach to handling multilingual tweets in our geotagged data that allows us to do topic 
clustering on these tweets.   
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additional latent variable s that needs to be sampled for each tweet (u, t ). For each post
(u, t ), this sampling can be done as per the following equation:

P (zut = k; sut = pjZ−ut;S−ut;C;W ; �; �; �; 
; � ) /

N k;−ut
u;(:) + � k∑K

i =1 N i;−ut
u;(:) + � i

L k;p;−ut + � p∑1
s=0 L k;s;−ut + � s∏

r∈Wut

∏nw,r
ut −1

j =0 (M k;p;−ut
wr

+ � r + j )∏nw,(.)
ut −1

j =0 ((
∑W

r =1 M k;p;−ut
wr + � r ) + j )∏

r∈Hut

∏nh,r
ut −1

j =0 (M k;p;−ut
hr

+ � r + j )∏nh,(.)
ut −1

j =0 ((
∑H

r =1 M k;p;−ut
hr

+ � r ) + j )∏1
r =0
∏nr,(.)

ut −1
j =0 (Ck;p;−ut

r + 
 r + j )∏n(.),(.)
ut −1

j =0 ((
∑1

r =0 Ck;p;−ut
r + 
 r ) + j )

(5.2)

The model parameters� ,  , � , � and � can then be calculated as per the following
equations:

� k
u =

N k
u;(:) + � k∑K

i =1 N i
u;(:) + � i

(5.3)

� r
k;p =

M k;p
wr

+ � p;r∑W
r =1 M k;p

wr + � p;r

(5.4)

� r
k;p =

M k;p
hr

+ � p;r∑H
r =1 M k;p

hr
+ � p;r

(5.5)

� c
k;p =

Ck;p
c + 
 c∑1

r =0 Ck;p
r + 
 r

(5.6)

 p
k =

L k;p
(:) + � p∑1

s=0 L k;s
(:) + � s

(5.7)

(All the notations are described in Table 5.1 and Table 5.2)

5.4. Sentiment Lexicon

To incorporate the prior sentiment polarity of words in SMSTM, Vader sentiment lexicon[12]
was used. This choice was made based on the fact that Vader is speci�cally designed for
words that frequently occur in social media posts, particularly Twitter and is highly opti-
mized for such datasets. Also, a lot of these commonly occurring polar words are present
only in Vader, and cannot be found in other sentiment lexicons like the MPQA subjectiv-
ity corpus[14] and SentiWordnet[13]. Since in our experiments, we consider only positive
and negative sentiments, we separate out the positive and negative sentiment words from
Vader based on their score. After this, the sentiment lexicon had 3300 positive sentiment
words and 4100 negative sentiment words.
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5.5. Experimental Results

5.5.1. Experimental Setup
To evaluate SMSTM, the same Twitter dataset as the one used for SMTM was used ( 2.4
million tweets). The number of sentiments (S) was set to 2, since we were only interested
in positive and negative topics. The hyperparameters� , � and 
 were assigned symmetric
values, which were determined experimentally. These were� = 1, � = 5 and 
 = 5. As
described earlier, the prior sentiment knowledge in SMSTM is incorporated by making�
and � unsymmetrical vectors.

Since hashtags are not proper words that can be found in the english vocabulary, the
hyperparameter� was assigned symmetric value equal to 0.05. For each wordr that was
present in the sentiment lexicon, the value of� was assigned as follows:

� r s =

{
0:09; if polarity(r)=s
0:01; if polarity(r) 6= s

For all the other words r whose prior sentiment knowledge was not known, a symmetric
� r was assigned which was equal to 0.05.

During the initialization step for each post (u, t ), the number of positive words(pos)
and negative words(neg) was calculated by comparing each word in post (u, t ) against
the sentiment lexicon. After this, the sentimentsut was assigned as follows:

sut =


1; if pos> neg
0; if pos< neg
randomf 0; 1g; otherwise

The model was run for 800 Gibbs sampling iterations with di�erent values of K, ranging
from 5 to 100.

5.5.2. Qualitative Results
This section presents the words and hashtags obtained for di�erent topic, and gives an
overview of how to determine the topic polarity using SMSTM. In SMSTM, we use the
value of the value of the parameter k to determine the polarity of the topic k. This
sentiment polarity can be veri�ed by examining the set of sentiment words obtained for
each topic. This is illustrated in Table 5.3.

As it is evident from the words shown in Table 5.3, the topic shown here is about
music and awards, since it contains tokens like "music", "video" and "billboardawards".
SMSTM gives a set of both positive and negative words and #tags associated with this
topic. The value of  k;1 for this topic is much greater than the value of k;0 which indi-
cates that this topic is more likely to be a positive topic.
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• All sentiment tools are measuring whether the message as a whole is positive or 
negative and NOT what the messenger is positive or negative ABOUT 

• Twitter is dominated by discussions related to sports and entertainment 
celebrities.  This meant for NATO that there were very few tweets about NATO.  
In general, we found similar number of tweets concerning cyber attacks and 
NATO.   

• Most twitter users do not use geo-tagging so it is difficult to tell where they are, 
even at the country level.  This meant for NATO that most of the tweets 
concerning NATO could not be attributed as coming from a specific country. 

• Twitter data is multi-lingual. 

• Tweets are very local event driven.  Thus the number of tweets concerning NATO 
went up prior to the Ukrainian elections and down immediately after. 

• Twitter is over-run by bots.  Estimates suggest that as many as a quarter of 
tweeters at any time may be bots.  Bots can cause huge spikes in the number of 
tweets and the apparent sentiment.  For example, the jaanpfeffer bot created such 
spikes for tweets concerning NATO. 

 

8.3  Targeting Audiences in Social  Media 

 

8.3.1  Issues in Target ing an Audience in Twit ter  

• The audience you want may not be on Twitter 

• You first need to find the group you want to target 

• You cannot guarantee that only that group will attend to your tweets 

• Simple targeting can be achieved using the conversation method 

• More directed targeting requires crafting messages using communicative reach 

 

8.3.2  Conversat ion Method 

1. Identify the group 

1. What kind of people or issue do you want to address 

2. Collect tweets from this group 

2. Identify who they key actors in the group are 

1. Those who are central in the co-mention network 



6. Conclusion

6.1. Summary of Contributions

In this work, we presented two probabalistic models, namely SMTM and SMSTM to
discover latent topics and sentiment in social media dataset. Both SMTM and SMSTM
were based on the assumption that because of the short-length nature of social media
text, all tokens in these posts belong to a single topic. Also, these models incorpo-
rate the special characteristics of these posts which is the hashtags. To the best of our
knowledge, no previous work incorporates these 2 characteristic properties of social media
datasets. SMSTM is able to determine the sentiment polarity of topics, and the associated
sentiment-bearing polar words for di�erent topics. One key outcome of SMSTM was that
it was able to classify hashtags based on their sentiment polarity, without any training
data for hashtag polarity. We evaluate both the models qualitatively and quantitatively,
and found that both the models outperform the existing baseline techniques.

6.2. Scope

The models described in this work are designed for relatively short-length text that has
both words and hashtags. The assumption of assigning a single topic and sentiment to all
the words/tags in the document holds true only if the document is short in length. This
is particularly true in case of social media data, where the length of the post is limited
due to restrictions on the number of characters allowed, liketweets. If the documents are
larger in length, this assumption might not hold true, and it might be better to assign
topics at word or phrase level.

It is also suggested that topic models should be applied to preprocessed data. If the
data is not preprocessed, stop words such asfor, the, etc. might become dominant in the
results, since the frequency of occurrence of these words is relatively high in any form of
text as compared to other words.

6.3. General strengths and weaknesses of Bayesian models in
topic modeling

The use of Bayesian models in topic modeling has both advantages and disadvantages.
Bayesian analysis allows taking into account the various uncertainties associated with

the model parameters. It also provides a novel methodology to include the prior infor-
mation associated with data in the model. This prior information can be combined with
the new observations to give the posterior distribution of the data. It also provides a

exible and convenient way to model a wide variety of processes. Some of the models
might have missing data, which can be modeled easily using Bayesian models. This is also
accompanied by tractable inference techniques like Markov Chain Monte CarloMCMC
methods.

On the other hand, Bayesian models also have disadvantages. One of the main dis-
advantages is that it does not give a methodology to select the values of the prior infor-
mation. It does not give a formal methodology to determine the prior knowledge into
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9 Appendix C: October 16 2015 TJ Briefing 

Trident Juncture 2015
Twitter Report

Prepared by Carnegie Mellon University Team at the center for Computational Analysis 
of Social and Organizational Systems – CASOS

POC: Dr. Kathleen M. Carley

kathleen.carley@cs.cmu.edu

412‐268‐6016

Team:  Binxuan Huang, William Frankenstein, Matt Benigni

 

 

 
Slide 2 

 

Sentiment by Country vis NATO
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( 1, 0.8)  ( 0.8, 0.6) ( 0.6, 0.4)( 0.4, 0.2)( 0.2,0) 

Anti‐Nato Sentiment

Pro‐Nato Sentiment

 

 

 
There may be pro and anti‐sentiment in each country – but this indicates the difference.  
So if Blue there is more pro than anti‐sentiment, and if red there is more anti‐ than pro. 
Gray means we are not tracking those countries or – there is no data from them in our 
sample. 
 
This is a heatmap of sentiment value of each country. 
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Slide 3 
 

Sentiment as ratio from Oct 1 to Oct 15
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11 Appendix E: October 19 2015 TJ Briefing 

 

Trident Juncture 2015
Twitter Report
10-18-2015

Prepared by Carnegie Mellon University Team at the center for Computational Analysis 
of Social and Organizational Systems – CASOS

POC: Dr. Kathleen M. Carley

kathleen.carley@cs.cmu.edu

412‐268‐6016

Team:  Binxuan Huang, William Frankenstein, Matt Benigni

 

 

 

Slide 2 
 

Mapping the “sentiment” regarding NATO 
in twitter data
• Sentiment:  the expression of a favorable (pro or positive) or unfavorable 
(con or negative) attitude toward a person, place, thing, etc.

• These maps, show the extent to which the tweets from a country that refer 
to NATO or trident juncture (regardless of the language) contained positive 
or negative sentiment regarding NATO

• The more saturated the blue, the more positive

• The more saturated the red, the more negative

• Only tweets with geo‐tags (latitudes and longitudes) are used.
• All geo‐tagged tweets in the region are used
• Sentiment is extracted in the most dominant languages of the region
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