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The Bloomberg Terminal is software that 
delivers a diverse array of information, news and 
analytics to facilitate financial decision-making.
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Bloomberg is just finance, right?
A technology company

Our strength and focus are data, analytics, and community tools

Both creator and consumer of news

~20k employees in 167 offices around the globe
• More than 2,700 journalists and analysts
• 6,000+ software engineers including more than 150 engineers and data scientists 

working on AI problems

Increased use of and contributions to open source
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Why Does Twitter Matter in Finance?
The Bloomberg Terminal is a news platform

Speed
• Quick and easy to share news
• Information spreads quickly

Collective Intelligence

Diversity of sources
• News Articles
• Politicians
• CEOs
• Journalists

SEC approved
• 2013: information significant for company finances can be shared over social media
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Source: Politician
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Source: CEO
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Source: News
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Twitter - Data
Collection is performed around three themes

Organizations

Topics

Handles



© 2020 Bloomberg Finance L.P. All rights reserved.

Twitter
NLP is central to all three themes

Organizations

Topics
NLP

Handles
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Twitter – Organizations

Filter:
Spam

Profanity

Identify Salient 
Companies

Filter:
News importance

Duplicate Detection

Entity Detection

NLP
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Twitter Feed
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Document Clustering and Summarization

NSTM: Real-Time Query-Driven News Overview Composition at Bloomberg
Bambrick, Xu, Almonte, Malioutov, Perarnau, Sello, Chan – ACL 2020

https://www.aclweb.org/anthology/2020.acl-demos.40/
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Company Alerts
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Twitter Sentiment
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Twitter Trends
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Social Monitor in Terminal
Allows clients to read Twitter through 
the Terminal
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Categorizing and Inferring the 
Relationship Between the Text 
and Image of Twitter Posts
Alakananda Vempala

Daniel Preoțiuc-Pietro
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Motivation
What’s the largest difference in 
Twitter content in 2010 and 2019?

2010 2019
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Motivation
What’s the largest difference in 
Twitter content in 2010 and 2019?

Many more tweets contain images

Approximately 12% tweets are now 
accompanied by images
> 50M/day

Very little is known about the 
text-image relationship

2010 2019
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Motivation
Text and image in a tweet can be related in 
several ways:

1. Text is the caption of the image
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Motivation
Text and image in a tweet can be related in 
several ways:

2. Text is a comment on the image
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Motivation
Text and image in a tweet can be related in 
several ways:

3. Image only illustrates part of the tweet text
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Applications
Automatically hiding images that don’t 
add additional content to a Twitter 
post to maximize screen estate

Image can be hidden
Two extra tweets can be displayed

Image has additional content
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Applications
• Automatically identify tweets that contain images and their captions

• Data can be used for distant supervision for image classification

• Identify tweets that contain creative descriptions for images



Data – Task Definition – Text Task
Aim: Determine whether there is semantic overlap between the context of the text and the image

None of the content words in the text are 
represented in the image
(Text is not represented)

Some or all of the content words in the 
text are represented in the image

(Text is represented)



Data – Task Definition – Image Task
Focuses on the role of the image to the semantics of the tweet
Aim: Identify if the image’s content contributes with additional information to the meaning of the 
tweet beyond the text

Image does not add additional content that 
represents the meaning of text & image 

(Image does not add)

Image has additional content that 
represents the meaning of text & image 

(Image adds)
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Data – Annotation
• We used Figure Eight (formerly CrowdFlower)

• Text task
— Redundancy of 3
— Krippendorff’s Alpha = 0.71 (Text Task)
— Annotators maintained > 85% accuracy over test questions

• Image task
— Redundancy of 5
— Krippendorff’s Alpha = 0.46 (Text Task)
— Annotators maintained > 75% accuracy over test questions

• Adjudication by majority vote
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Data – Collection
• Collected annotations for 4,888 tweets
— All tweets posted in the same year (2016)
— Split across original posts, retweets and favorited posts
— Deliberately sampled from handles with known demographic traits
— Tweets are all in English

• Available online: https://github.com/danielpreotiuc/text-image-relationship

https://github.com/danielpreotiuc/text-image-relationship
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Data – Distribution
Both task labels are combined to assign one of four classes to each text-image pair



Analysis – Text Task 
• Univariate Point-Biserial Correlation between unigram features and text task outcome
• Age is correlated with text being represented in image
— Especially when image also adds information 
— More traditional type of relationship

• Simple tweet metadata not correlated

None of the content words in the text 
are represented in the image

(Text is not represented)

Some or all of the content words in the 
text are represented in the image

(Text is represented)



Analysis – Image Task 
• Univariate Point-Biserial Correlation between unigram features and text task outcome
• Simple tweet metadata not correlated
• No demographic user information correlated
• 4-way analyses in the paper

Image does not add additional content that 
represents the meaning of text & image

(Image does not add to meaning)

Image has additional content that 
represents the meaning of text & image

(Image adds to meaning)
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Prediction – Methods
• Demographics

• Metadata

• Text-Based Methods
— Surface
— Unigrams
— BiLSTM

• Image-Based Methods
— ImageNet Classes
— InceptionNet Tuned

• Joint Text+Image approaches
— Linear ensemble of text and image predictions
— LSTM + InceptionNet architecture



Prediction – Baseline Methods
• Results in weighted F1, Train (80%), Test (20%), Parameters set via 10-fold CV
• Three tasks: Image Task (binary), Text Task (binary), Image + Text (4-class)
• Demographics, tweet metadata features almost no predictive value



Prediction – Text-based Methods
• All tasks show improvements on the baseline
— Higher predictive power on image task (does the image have additional content)

• LSTM models are marginally better than unigrams



Prediction – Image-based Methods
• All tasks show improvements on the baseline
— Image-based methods > Text-based on the Image Task
— Image-based methods < Text-based on the Text Task

• Tuned InceptionNet is the best image-based method



Prediction – Joint Text + Image Methods
• Improves over the best text-based or image-based methods
• LSTM + InceptionNet performs better
• Image task is much more predictable using models
• Text task is significantly harder (similar to humans)



Text-Image relationship in tweets is complex:
• Text does not always describe the image
• The image does not always illustrate text

Text-image relationship is likely useful for downstream applications

New classification schema and data set for text-image relationships on Twitter
• https://github.com/danielpreotiuc/text-image-relationship

Relationship type is predictable from both text and image
• Best results on each subtask are obtained by methods using different modalities (text or 

image)

Takeaways

https://github.com/danielpreotiuc/text-image-relationship


• Achieving Common Ground in Multi-modal Dialogue
M Alikhani, M Stone - ACL 2020 Tutorial

• Clue: Cross-modal Coherence Modeling for Caption Generation
M Alikhani, P Sharma, S Li, R Soricut, M Stone - ACL 2020

• Integrating Text and Image: Determining Multimodal Document Intent in 
Instagram Posts
J Kruk, J Lubin, K Sikka, X Lin, D Jurafsky, A Divakaran - EMNLP 2019

• CITE: A Corpus of Image-Text Discourse Relations
M Alikhani, S Nag Chowdhury, G de Melo, M Stone - NAACL 2019

Recent Related Work

https://www.aclweb.org/anthology/2020.acl-tutorials.3/
https://www.aclweb.org/anthology/2020.acl-main.583.pdf
https://www.aclweb.org/anthology/D19-1469.pdf
https://www.aclweb.org/anthology/D19-1469.pdf
https://www.aclweb.org/anthology/N19-1056.pdf
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Analyzing Linguistic Differences 
Between Owner and Staff 
Attributed Tweets
Daniel Preoțiuc-Pietro

Rita Devlin Marier
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Motivation
User-level predictive tasks are very successful:

Age (Rao et al. 2010 ACL)

Gender (Burger et al. 2011 EMNLP)

Location (Eisenstein et al. 2010 EMNLP)

Personality (Schwartz et al. 2013 PLoS One)

Impact (Lampos et al. 2014 EACL)

Political Orientation (Volkova et al. 2014 ACL)

Mental Illness (Coppersmith et al. 2014 ACL)

Occupation (Preoțiuc-Pietro et al. 2015 ACL)

Income (Preoțiuc-Pietro et al. 2015 PLoS One)

Account Type (McCorriston et al. 2015 ICWSM)

User-level representations are used to improve 
results on a variety of tasks:

Sarcasm (Amir et al. 2016 CoNNL, Oprra  & Magdy, 2019 ACL)

Comment moderation (Pavlopoulos et al. 2017 EMNLP)

Stance detection (Benton et al. 2018 EMNLP)
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Motivation

However, all these methods make a tacit assumption:

Tweets posted from an account are from a single person
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Motivation

One account = one person does not always hold

1. Politicians have staffers post their content

Signed by Barack Obama
Likely posted by Barack Obama

Not Signed by Barack Obama
Likely posted by staff
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Motivation

One account = one person does not always hold

2. Companies use their account handles for marketing and customer support

Marketing tweet Customer support tweet
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Aim

The aim of our paper is to study differences between types of people 
posting from the same handle

Case study:
• Twitter
• U.S. politicians
• Owner vs. staff attributed
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Data – Acquisition

MotivationMotivationMotivationDataMotivation
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Data – Acquisition
Identify accounts which use a signature using a regex
• e.g., “tweets by me are signed …”

Manually annotated
• If the account uses the convention
• The signature of the account (e.g., -bo)

Largest subgroup are U.S. politicians – 147 accounts
• We only use these accounts to control for the topic

Disclaimer:
• People may use the signature deceitfully
— Albeit, little to gain and a lot to lose

• We refer to the task as author vs. staff signed

MotivationMotivationMotivationDataMotivation
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Data – Processing
Downloaded most recent 3,200 tweets from each account
• Retweets are removed

Search for signature in each tweet using a regex
• This is the label to predict
• If found, remove signature

Data set
• Size - 202,024 tweets in English
• Signed tweets - 4.8%
• Publicly available: https://github.com/danielpreotiuc/signed-tweets

https://github.com/danielpreotiuc/signed-tweets


Features
We experiment with traditional features to aid with our analysis

Tweet features
• Length: char, tokens
• Type: @-reply, URL
• Time: hour of day, day of week
• Impact: no. of retweets, no. of likes

Topics
• LIWC topics (Pennebaker et al. 1995)
• Word2Vec Clusters (Preoțiuc-Pietro et al. 2015 ACL)

Sentiment & emotion predictions
• Positive or negative sentiment (Mohammad and Turney, 2013)
• Six Eckman emotions

Unigrams



Prediction
Binary classification task

Logistic Regression with Elastic Net regularization

Evaluated using ROC AUC (Area under the Curve)
• Data is class imbalanced (95 – 5)
• Random performance is 0.50

Experimental setups

Tweet-split    Train          Test

User-split       Train          Test
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Prediction
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Analysis
Subsampled data from each account
• 1 signed – 9 unsigned
• Each account contributes at most 100 tweets

Aim is that no single user dominates
• the data set
• any label

Feature Owner Staff

# Chars 105.4 102.4

# Tokens 23.2 21.4

Contains URL 45.7% 73.9%

@-Reply 4.2% 9.5%

Sent on Weekends 23.5% 20.7%

# Retweets 29.4 38.0

# Likes 82.3 79.1

* All differences between means shown in this table are 
significant at p .001, Mann-Whitney U test, Simes corrected 

Tweet Features – Mean Values
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Analysis
• Signed tweets are more likely to be:

— Longer
— Sent on weekends
— More liked, but less retweeted
— Congratulations, condolences and support
— More personal pronouns
— More function words
— More positive and negative sentiment

• No features are correlated with unsigned tweets:
— More generic usage

• Other feature analysis in paper

Feature Owner Staff

# Chars 105.4 102.4

# Tokens 23.2 21.4

Contains URL 45.7% 73.9%

@-Reply 4.2% 9.5%

Sent on Weekends 23.5% 20.7%

# Retweets 29.4 38.0

# Likes 82.3 79.1

* All differences between means shown in this table are 
significant at p .001, Mann-Whitney U test, Simes corrected 

Tweet Features – Mean Values
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Analysis

Unigrams

• Signed tweets are more likely to be:
— Longer
— Sent on weekends
— More liked, but less retweeted
— Congratulations, condolences and support
— More personal pronouns
— More function words
— More positive and negative sentiment

• No features are correlated with unsigned tweets:
— More generic usage

• Other feature analysis in paper
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Analysis

LIWC Topics

• Signed tweets are more likely to be:
— Longer
— Sent on weekends
— More liked, but less retweeted
— Congratulations, condolences and support
— More personal pronouns
— More function words
— More positive and negative sentiment

• No features are correlated with unsigned tweets:
— More generic usage

• Other feature analysis in paper
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Takeaways
Not all tweets from a single account are posted by a single person

New data set released for research
•  https://github.com/danielpreotiuc/signed-tweets

We are able to predict type of author with good precision
• Even for accounts unseen in training
• Different features transfer better to unseen handles

Use case results provide insight into the behavior of politicians

https://github.com/danielpreotiuc/signed-tweets


We are hiring for full-time positions:
• NYC – https://careers.bloomberg.com/job/detail/86598
• London – https://careers.bloomberg.com/job/detail/85011
•

Please reach out regarding summer 2021 research internships (NYC or London):
• https://careers.bloomberg.com/job/detail/84208

For more information about our work, research and programs: 
https://www.TechAtBloomberg.com/ai/

Thank You!

https://careers.bloomberg.com/job/detail/86598
https://careers.bloomberg.com/job/detail/85011
https://careers.bloomberg.com/job/detail/84208
https://www.techatbloomberg.com/ai/

