Analyzing Newswire and Social Media Data Using Multi-Vector
Sentiment Analysis
Kelly Enochson, PhD*; Gregory Roberts; Michael Sorah; Jamie Thompson
Rosoka Software, Inc., 950 Herndon Parkway, Suite 280, Herndon, VA 20170

Abstract
The vast amount of written text available on the Internet provides a treasure trove of
information for intelligence and security analysts, but only if the useful data can be quickly
identified among all the irrelevant information. Many analytical tools available provide
information about the sentiment of written texts; however, these tools typically utilize only one
measure of sentiment in their metrics. Rosoka Software leverages psycholinguistic research
across multiple sentiment vectors to provide precise information about an author’s language and
pinpoint documents that do not follow predicted patterns. Rosoka’s multi-vector sentiment
analysis uses four metrics to help analysts identify outliers in their data, recognize heightened
emotional language, sort data by media type, and subset large data sets into only the documents
that require further assessment.

1 Introduction
Rosoka Software’s multilingual entity and
relationship extraction software provides entitylevel and document-level sentiment analysis
across multiple vectors. Rosoka leverages
unique algorithms that incorporate polarity,
mood, aspect, and intensity to provide a detailed
representation of sentiment in a text. While it is
not possible to use a text to determine an
author’s actual intent with certainty, it is
possible to measure readers’ responses to
specific lexical items and linguistic structures
within the text. Rosoka’s mood, intensity, and
aspect
metrics
are
based
on
such
psycholinguistic research (Bradley and Lang
1999; Medler, Arnoldussen, Binder, and
Seidenberg 2005; Aquino and Arnell 2007;
Janschewitz 2008; Eilola and Havelka 2010;
Bestgen and Vincze 2012; Juhasz and Yap 2013;
Warriner, Kuperman, and Brysbaert 2013).
Leveraging these metrics together allows
analysts to make informed inferences about an
author’s intent or purpose.

2 Sentiment Metrics

Rosoka’s sentiment metrics are based on
published studies that measure people’s
responses to, and perceptions of, various lexical
items (Bradley and Lang 1999; Medler,
Arnoldussen, Binder, and Seidenberg 2005;
Aquino and Arnell 2007; Janschewitz 2008;
Eilola and Havelka 2010; Bestgen and Vincze
2012; Juhasz and Yap 2013; Warriner,
Kuperman, and Brysbaert 2013). Tens of
thousands of lexical items in Rosoka’s
dictionaries are tagged not only with pragmatic
information but also with these sentiment
measures.

2.1 Polarity
Polarity is a measurement of how positive,
negative, or neutral the language is about a
particular entity or in the document as a whole,
taking into consideration the salience of various
words and phrases. This metric is calculated at
both the entity and document level, and is
measured on a floating point scale from −3
(negative) to +3 (positive), where 0 represents
neutral polarity. For example, words like elegant
and strongest have positive polarity, while

* Corresponding author: Kelly Enochson, kenochson@rosoka.com

words like arson and shitty1 have negative
polarity.

motivate have a very positive aspect because
readers tend to feel in control when reading
these words. Aspect is measured on a floating
point scale ranging from −3 (controlled) to +3
(in control). Very positive or negative aspect
values generally indicate that the author is part
of the narrative, while neutral aspect values
generally indicate that the author is not part of
the narrative. Very negative values for aspect
tend to indicate that the author is attempting to
bully or dominate the reader, while very positive
values tend to indicate that the author is
attempting to persuade the reader.

2.2 Mood
Mood is a measurement of the level of emotion
of the language used to describe a particular
entity in a document. This measure roughly
indicates the degree of happiness/sadness
associated with the language. While polarity
measures the valence of the events themselves,
mood measures an emotional response typically
elicited in readers or listeners upon hearing the
words. This metric is also computed at both the
entity and document level, and represented as a
floating point value on a scale from −3 (negative
mood, e.g., “sad”) to +3 (positive mood, e.g.,
“happy”). For example, words like funny and
affection have a positive mood, while words like
cancer and racist have a negative mood.

2.4 Intensity
Intensity is a measurement of the level of
activation used to describe a particular entity; in
other
words,
whether
an
entity
is
activated/aroused or deactivated/calm. It is
measured on a floating point scale ranging from
0 (no activation) to +3 (high activation). Words
like catastrophic or prestigious evoke a high
level of activation with a value of +3, while
words like thermometer and syllabus evoke a
low level of activation with a value of 0. Unlike
polarity and mood, intensity does not have a
negative range.

Polarity and mood differ in that the former is a
somewhat objective measure of the information
presented in the text, while the latter is a
measure of the level of emotion in the language
used. Taken together, these two measures could
denote bias if valences are opposite. For
example, if polarity is negative but mood is
positive, this may indicate that the text is
conveying a positive response to a negative
event. An example of this is a news report about
the extrajudicial killing of an individual that has
a negative polarity but a positive mood. This
suggests the author views the victim as a “bad
guy” and is happy or relieved about his death.

Consider a use case where a company is
interested in analyzing corporate emails to
identify potential corporate espionage. Rosoka
can analyze, for example, a large set of emails
by many different authors. Using polarity as the
metric of interest, individual emails by a
particular author that have a polarity value
outside two standard deviations from the mean
can be identified as outliers. However, because
outliers with a low intensity measure are
typically of less concern than outliers with high
intensity, the data can be further subset using
this metric, allowing analysts to work more
efficiently.

2.3 Aspect
Aspect measures how controlled or in control the
language in a text makes a reader feel. For
example, words like abandonment and
abduction have a very negative aspect because
these words tend to make readers feel a loss of
control. By contrast, words like accomplish and

2.5 Sentiment Measure (S-M)
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In addition to understanding standard English and
more formal registers, Rosoka also understands
informal registers and nonstandard varieties of
English (and other languages), as is crucial for
sentiment analysis of social media data.

The three vectors of polarity, mood, and
intensity are computed and transformed at the
document level, providing an overall document
sentiment measure, or S-M. Since aspect
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provides a directionality of action, a projection
of the remaining vectors into one new vector
provides a two-dimensional vector space where
different regions map to a directionality and
likelihood of action. The S-M is formed from the
cross product of the polarity and mood vectors,
using intensity as a (non-linear but locally
linear) scalar on the resultant vector. Note that
this is a linear transform from the original vector
space to a two-dimensional space. This
document-level computation of Rosoka’s
sentiment vectors can provide information about
the data source and allow analysts to draw
inferences about the attitude of the author and
the likelihood that action will result from the
piece of writing.

differentiates between different types of media
and identify what the specific differences are.

4 Results
Independent Welch’s t-tests were performed on
all sentiment vectors as well as the overall S-M
score. Results indicate that there is a significant
difference in the polarity scores for news (M =
−0.76, sd = 1.19) and Twitter (M = −0.06, sd =
0.87) data (t(895) = −3.37, p = 0.001), indicating
that overall, news data tends to discuss more
negative events than Twitter data. There is a
marginally significant difference in mood scores
for news (M = 0.96, sd = 0.34) and Twitter (M =
1.17, sd = 0.71) data (t(700) = −1.89, p = 0.06),
indicating that tweets tend to have more negative
emotional language than news articles. There is
not a significant difference in intensity scores for
news (M = 1.51, sd = 0.18) and Twitter (M =
1.56, sd = 0.39) data (t(678) = −0.82, p = 0.41),
indicating that there is no difference in the level
of activation of the language used in the two
data sources. There is a significant difference in
aspect scores between news (M = 0.70, sd =
0.50) and Twitter (M = 1.10, sd = 0.88) data
(t(775) = −2.81, p = 0.006), indicating that
Twitter data is more likely to use language
attempting to persuade the reader. Median scores
and distributions for the four sentiment metrics
are shown in Figure 1.

A negative S-M indicates that polarity and mood
have opposite signs, i.e., one is a positive value
and one is a negative value. This indicates that
the author’s mood does not correspond to the
valence of the event. This is the case described
above in the news article about an extrajudicial
killing. A S-M with a high numeric value, i.e.,
closer to +/−3, indicates a high intensity value,
while a S-M with a value closer to 0 indicates a
low intensity value. Aspect can be viewed as a
directional vector, with negative aspect
indicating dominance and positive aspect
indicating persuasion.

3 Method

Finally, there is a significant difference in S-M
scores between news (M = −0.57, sd = 0.96) and
Twitter (M = 0.53, sd = 0.94) data (t(979) =
−5.76, p > 0.0001). The mean news S-M score is
negative, which, as discussed above, indicates
that the polarity and mood measures, on average,
have opposite signs. This is as expected, since
news data tends to report on negative events
without emotional language. On the other hand,
the mean Twitter S-M score is positive,
indicating that, in general, the emotional
language in tweets tends to match the polarity of
the events discussed.

The current experiment tests Rosoka’s four
sentiment vectors and S-M by comparing two
different document sets from different sources.
The first set is 500 general news documents
spanning a range of topics including terrorism,
cyber security, law enforcement, finance, and
healthcare. The second set is 500 tweets using
the hashtag #tacotruckoneverycorner. In an
attempt to collect both positive and negative
tweets, efforts were made to include tweets
speaking positively and negatively about both
Donald Trump and Hillary Clinton. These two
data sets were processed using Rosoka
Extraction to calculate polarity, mood, intensity,
aspect, and S-M. A significant difference in
scores across these metrics would indicate that
Rosoka’s multi-vector sentiment analysis
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Figure 1: Boxplots of the four sentiment analysis metrics. Dotted lines indicate neutral values;
solid lines indicate median scores; colored areas indicate interquartile ranges; whiskers indicate
ranges; open circles indicate outliers.
The difference in S-M between these two data
based on sentiment metrics. These documents in
sources is primarily driven by differences in
particular would likely be of greater interest to
polarity and aspect, with news data being more
analysts.
negative and less persuasive, as one might
expect. For all vectors except polarity, Twitter
5 Conclusion
data has a larger standard deviation than news
data, indicating greater variation among tweets
This experiment shows that Rosoka’s multithan among news articles. This information
vector sentiment analysis is able to differentiate
could be used to identify specific tweets of
between different media sources, in this case
interest, or news articles that look like tweets
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news and Twitter. The difference in S-M
between these two data sources is primarily
driven by differences in polarity and aspect, with
news data being more negative and less
persuasive. These metrics can help analysts
identify outliers in their data, recognize
heightened emotional language, sort data by
type, and subset large data sets into only the
documents
that
require
further
assessment. Further research is necessary to
determine the true impact of documents that lie
outside the expected vector projections of their
document type, but we hypothesize that those
data could prove meaningful with a better
understanding the true pragmatic nature of the
author’s intended message.
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