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Motivation
What are we examining?

mailto:dj.brinkley@ufl.edu


dj.brinkley@ufl.edu | www.ufdatastudio.com/people/8/11/26

1. To inform the public 

Why? Because decisions are based on predictions 

2. To know which voice to listen to 

Why? At worse, can result in emotional distress and a loss of time, energy, 
and money. 

… 

Why examine Predictions?
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1. Not many works classify text documents as predictive/non-predictive 

2. Previous works only capture the future tense for predictions 

3. Previous works look at keywords such as predictions and synonyms (modal 
verbs/hedge?) 

4. Previous works do not extract common properties 

5. Rarity of metadata with original data 

6. Lack of connection to discourse genres (beliefs, claims, etc)
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1. Not many works classify text documents as predictive/
non-predictive 

2. Previous works only capture the future tense for predictions 
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What are current limitations?

Why? Because 
by definition of 
predictions is 

future
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What are current limitations?

Why? Because these 
words are more 

gauranteed vs other 
words/phrases
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What are current limitations?

Why lack of metadata and 
granularity/taxonomy in 

current datasets?
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What are current limitations?

Why haven’t the 
connections been 

explored?

Motivation
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What are our solutions?

TOLSA-M = Target Outcome with 
optionaL Source, dAte, and Metadata

Motivation
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What are our solutions?

TOLSA-M = Target Outcome with optionaL Source, dAte, and Metadata

is defined as a proposal of any tense (past, present, future) document with properties—must contain 
some target (the entities of interests within the document) and measurable outcomes (either being an 

attribute, metric, or slope) with optional source (the entity declaring the document) and date (of 
declaration and of fruition)—while possibly exhibiting some uncertainty about the outcome.

Motivation
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What are our solutions?
Motivation

TOLSA-M = Target Outcome 
with optionaL Source, dAte, 

and Metadata 

TOLSA-M Taxonomy
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TOLSA-M = Target Outcome 
with optionaL Source, dAte, 

and Metadata 

TOLSA-M Taxonomy

Motivation
What are our solutions?
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Outcome Reaction = Behavioral

Observation-Association and 
Correctness = Full Match

Source Knowledge = Markets 

Outcome Type = Binary

Motivation
What are our solutions?
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1. Not many works classify text documents as predictive/non-predictive 

2. Tense as we not only include future, but past and present 

3. Relationship to potential synonyms like projection, prediction, forecast, etc + keywords (modal verbs/hedge?) 

4. Extraction: Common properties using rule-based or not at all 

5. Vague TOLSA-Ms, so required to have metadata, which may/may not be available and if available, the 
structure may not be easily parsible 

6. Relationship to discourse genres (ie: beliefs, claims, events, facts, etc) 
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Why is identifying TOLSA-Ms a hard problem?
Motivation
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1. Not many works classify text documents as prediction/non-predictive
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Why is identifying TOLSA-Ms a hard problem?

• Papers that specifially classify predictive/non-predictive, even if they encode predictive as future and non-predictive as non-future. If they don’t map 
future —> predictive, don’t add here. 

• Current systems will miss this 
• PAPER: Extracting Predictive Statements with Their Scope from News Articles 
• PAPER: Detection of separate reality at discourse level on financial news by combining natural language processing and what machine learning by 

Garci’a Me’ndez it all (2022)
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1. Tense as we not only include future, but past and present
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Why is identifying TOLSA-Ms a hard problem?

• Current systems will miss this 
• PAPER: Extracting Predictive Statements with Their Scope from News Articles 
• PAPER: Detection of separate reality at discourse level on financial news by combining natural language 

processing and what machine learning by Garci’a Me’ndez it all (2022) 
• PAPER: chronicle2050 
• PAPER: Automatic detection of relevant information, predictions and forecasts in financial news through topic 

modelling with Latent Dirichlet Allocation 
• PAPER: Past + On-going + Future 
• PAPER: Investigation of Future Reference Expressions in Trend Information 

• TOLSA-M encorporate because 
• We can track narritive (ie: We now know Charles’ prediction at the season opener. How about throughout season 
and before ECF? Did he change his prediction any? What’s his latest prediction?  

• TOLSA-M Updated = tolsa-m_1 @date (previous), tolsa-m_2 @date (previous), tolsa-m_3 @date (latest) 
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1. Tense as we not only include future, but past and present
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Why is identifying TOLSA-Ms a hard problem?

• Current systems will miss this 
• PAPER: chronicle2050 by Katerenchuk and Levitan
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Why is identifying TOLSA-Ms a hard problem?
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• Work that define predictions, synonymns 

• PAPER: Extracting Predictive Statements with Their Scope from News Articles 
• PAPER: The CoNLL-2010 Shared Task: Learning to Detect Hedges and their Scope in Natural Language Tex by Farkas 
• PAPER: ‘'You should probably read this'': Hedge Detection in Text by Katerenchuk and Levitan 
• PAPER: Past + On-going + Future 
• PAPER: Investigation of Future Reference Expressions in Trend Information

28
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Why is identifying TOLSA-Ms a hard problem?
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• PAPER: Extracting Predictive Statements with Their Scope from News Articles 

• PAPER: Detection of separate reality at discourse level on financial news by combining natural language processing and what machine learning by 
Garci’a Me’ndez it all (2022) 

• PAPER: Investigation of Future Reference Expressions in Trend Information
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Why is identifying TOLSA-Ms a hard problem?
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5. Relationship to discourse genres (ie: beliefs, claims, events, facts, etc)  

1. Sparse previous works to identify similarities and differences 

2. Want to know how each overlap and not overlap linguistically for better identification and extraction 

3. Reduce the #FP (model predicts 1 and ground truth is 0), so model hallucinates —> inflating dataset, wasting 
compute on downstream tasks 

4. Reduce the #FN (model predicts 0 and ground truth is 1), so miss out on a TOLSA-M —> not continuing with 
downstream tasks 

1. Further labelling within our taxonomy 

2. Finding matching observations 

3. Indicating if correct or not 

4. Updating correctness score of source
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Why is identifying TOLSA-Ms a hard problem?
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Why is identifying TOLSA-Ms a hard problem?

• PAPER: Extracting Predictive Statements with Their Scope from News Articles 
• PAPER: Detection of separate reality at discourse level on financial news by combining natural language processing and what machine 

learning by Garci’a Me’ndez it all (2022) 
• PAPER: Past + On-going + Future 
• PAPER: Investigation of Future Reference Expressions in Trend Information
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5. Relationship to discourse genres (ie: beliefs, claims, events, facts, etc) 
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Why is identifying TOLSA-Ms a hard problem?
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Collecting Data
Methods

Adjudication protocol (interviewing labelers, using shared guidelines, group discussions, and majority 
voting for difficult sentences).
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Collecting Data
Methods
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Error Analysis
Results
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TOLSA-M vs Event
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