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Motivation

What are we examining?

Winter Forecast 2025-26: Snowy Season For Parts of the US

191K views * 2 weeks ago

o Daily Mai
AccuWeather @ https://www.dailymail.co.uk > health > pandemic-expert-big-one.html

Haunting prediction of where next pandemic will strike... and how ...

Oct 12, 2025 - The next pandemic will begin with the death of a single baby in Africa — and go on
to kill more than seven million Americans, with 20 times more fatalities worldwide. That's the ...

NFL Predictions and Picks For EVERY Week 7 Game [Steelers at Bengals] | Best Bets

223K views * 4 days a
v yS ago m Race to the WH

@ CBS Sports https://www.racetothewh.com
Predicting the 2026 Elections | Polls and Political News

New Feature: Explore all the latest polis in one place, from 2026 midterm races to presidential approval
rating polls. Includes links to the original polls, and to our in depth-polling averages.

7 stock market predictions for 2022 from Yahoo Finance's Brian Sozzi

/K views * 3 years ago

o Yahoo Finance &

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

“San Antonio will beat OKC in the
Western Conference Finals.” « »

Shaq on February 7th ce
“&F

Never doubt Shaq #nba
#finals #predictions ...

195K views
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Why examine Predictions?

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.
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Motivation

8/11/26

1.

4,

What are current limitations?

Not many works classity text documents as predictive/non-predictive
Previous works only capture the future tense for predictions

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

Previous works do not extract common properties

Rarity of metadata with original data

. Lack of connection to discourse genres (beliefs, claims, etc)

dj.brinkley@ufl.edu | www.ufdatastudio.com/people/
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Motivation
What are ¢

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
SYNONymMs

4. Previous works do not extract common properties
5. Rarity of metadata with original dato

6. Lack of connection to discourse genres (beliefs, claims,
etc)

@nbaonespn

P> How Jalen Brunson is proving everyone wrong

"I'm going with the Knicks to win the ...

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

Don't lie, Ernie.

l

Charles Barkley predicted

the Knicks would win the

ECF on the season opener
of Inside the NBA = »

OCTOBER 22, 2025
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Motivation

What are current limitations?

1. Not many works classify text documents as predictive/non-
oredictive

2. Previous works only capture the future tense for
predictions

3. Previous works look at keywords such as predictions and
SYNoONnyms

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)

Why?

Charles Barkley predicted
the Knicks would win the g \ 3
ECF on the season opener ®

of Inside the NBA » » 5

|

"I'm going with the
Knicks to win the eas...
282K views
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Motivation
What are current limitations?

1. Not many works classify text documents as predictive/non-
oredictive

2. Previous works only capture the future tense for predictions

3. Previous works look at keywords such as predictions “San Antonio will beat (?KC in the
Western Conference Finals.” « »
and synonyms

Shaq on February 7th ce Why? Because these
> words are more

gauranteed vs other
words/phrases

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)

Never doubt Shaq #nba
#finals #predictions ...

195K views
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Motivation

What are current limitations?

1. Not many works classify text documents as predictive/non-
oredictive

2. Previous works only capture the future tense for predictions

3. Previous works look at keywords such as predictions and
SYNoONyms

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)

On _, Detravious, an investor, Prediction Source forecasts that the stock price Prediction Outcome at
Apple Prediction Target will likely increase by 5 percent Prediction Outcome in _

Count | Variable | Definition
1 Ds Any source entity (person, organization, etc)
2 Dy Any target entity (person, organization, etc)
3 Dd Date/Time range when p is expected to come to fruition and when p was made
4 Do Outcome

Table 1: At minimum, a prediction must contain these properties (variables and definitions)

Why should we?

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

ofvation

What are current limitations?

Not many works classity text documents as predictive/non-
oredictive

Previous works only capture the future tense for predictions

Previous works look at keywords such as predictions and
SYNoONyms

Previous works do not extract common properties
Rarity of metadata with original data

Lack of connection to discourse genres (beliefs, claims,
etc)

Election Night 2026: Midterm Election Predictions for U.S. Senate (APRIL
UPDATE!)

@ Election Predlctlons Official & Joln w
196K subscribers
& 1.2K q? @ Share 4 Ask m Save ooe

58,169 views Apr 1, 2026 © Members first on March 30, 2026

& Track my LIVE 2026 Senate forecast (interactive map + projections): https://electionpredictionofficial.co...
Il See the latest 2026 odds: Kalshi.com/r/EPO

" Business inquiries: electionpredictionsofficial@gmail.com

Election Predictions Official is the only non-partisan election channel on YouTube dedicated to analyzing and
forecasting electoral outcomes using data-driven methods. My predictions are based on polling, demographics,
trends, prediction markets, and forecasts from around the industry.

Why lack of metadata and
granularity/taxonomy in
current datasets?

8/11/26 dj.brinkley@ufl.edu | www.ufdatastudio.com/people/ 12
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Motivation

What are current limitations?

1. Not many works classify text documents as predictive/non-
oredictive

2. Previous works only capture the future tense for predictions

3. Previous works look at keywords such as predictions and
SYNONymMs

4. Previous works do not extract common properties
5. Rarity of metadata with original dato

6. Lack of connection to discourse genres (beliefs,
claims, etc)
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Why haven't the
connections been
explored?
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Motivation
What are our solutions?

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

What are our solutions?

TOLSA-M = Target Outcome with optionak Source, dAte, and Metadato

s 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 measura

attribute, metric, or slope) with optiona

source (the entity ¢

eclaring t

Dle outcomes (eitr

ne document) anc

e

" being an

O

ate (of

declaration and of fruition)—while possibly exhibiting some uncertainty about the outcome.
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Motivation

TOLSA-M = Target QOutcome
with optionak Source, dAte,

and Metadato

TOLSA-M Taxonomy

8/11/26

What are our solutions?

Granularity Class

Granularity Subclass

TOLSA-M Modality

Text, Audio, Visual, Text-Audio, Text-Visual, Audio-Visual,
Text-Audio-Visual

TOLSA-M Structure / Match

Full Match (Structured), Partial Match (Semi-Structured), Un-
structured, Semi-Unstructured

TOLSA-M-Observation Association

Full Match, Partial Match, No Match

TOLSA-M Temporal Horizon

Short-Term, Long-Term, Unverfiable, Updated

TOLSA-M Quantification Type

Instantaneous Value / Value at an Instant, Statistical Function,
Interval Change / Changes over Interval, Second-Order Effect,

Comparison, Recurrent Pattern

TOLSA-M Tense Validity

Past TOLSA-M, Present/Future TOLSA-M

TOLSA-M Meta-data/Meta-source

Human, Non-Human

TOLSA-M Check-Worthiness

Check-Worthy, Not Check-Worthy

TOLSA-M Domain

Financial, Policy, Sports, Weather, Health, Biblical, Other

TOLSA-M Dialogue Act Type

Question, Assertion, Commitment

TOLSA-M Epistemic

Speculative, Probabilistic, Assertive, Certain

TOLSA-M Outcome Type

Binary / Boolean, Categorical, Ordinal, Numeric / Value (Point),
Numeric / Value (Interval), Trend / Persistence

TOLSA-M Outcome Reaction

Motivational, Disappointed, Behavioral, Skeptical

TOLSA-M Source “Knowledge”

Human Individual (Expert, Novice, Tipster), Human Collabo-
rative (TOLSA-M Market, Polls, Wisdom of Crowd, Commu-
nity/Advice), Models (External/Internal Ratings)

TOLSA-M Motivation

Hedging, Adversarial, Entertain, Impress, Comfort, Manipulate,
Bias

TOLSA-M Application

Everyday / Routine, Certain Moments

TOLSA-M Document/Representation

Phrase, Sentence, Span, Paragraph

TOLSA-M Theory

Ideological Ties, Humanitarian Concerns, Resource Theo-
ries/Competition, Great Power Rivalry, Leadership Traits, Hi-
erarchical Intervention Theory

TOLSA-M Timing

Intuitive or Automated, Thoughtful or Deliberate

TOLSA-M Context

Without Context, With Context

Table 2: TOLSA-M Taxonomy: Granularity classes and subclasses.

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

17


mailto:dj.brinkley@ufl.edu

Motivation
What are our solutions?

TOLSA-M Class Subclass Example
Dialogue Question So, who makes it to the Final Four this time around?
T O L S A M T O placeholder2024
i = 10 rg et U tC ome Epistemic Assertive The Mavericks will upset the Thunder in the Western Conference
‘ ‘ Finals. placeholder2024
with optionak Source, dAte, P
Outcome Type Ranking 2013 NBA Playoff rankings: 1. Oklahoma City Thunder, 2. San
an d M 1o d olle Antonio Spurs, 3. Denver Nuggets, 4. Los Angeles Clippers,

5. Memphis Grizzlies, 6. Golden State Warriors, 7. Los Angeles
Lakers, 8. Houston Rockets. placeholder2024

TO LS A— M T(] XONom y Document Textual Clause Government promised to extend the maternity leave...
placeholder2024
Application Routine I predict the bus will arrive on time today. placeholder2024

Table 3: TOLSA-M Taxonomy examples mapping the main class and subclass to document text.

8/11/26 dj.brinkley@ufl.edu | www.ufdatastudio.com/people/ 18
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Motivation
What are our solutions?

All markets Qa = A

All Trump Iran Peru Election 2026 NBA Playoffs SpaceX Anthropic IPO June 9 Primaries Colombia Election LA Mayor California Governor Italian M >

US x Iran permanent peace

Jp

=3P dealby...?
December 31 69% Yes No
October 31 59% Yes No
$260M Vol. & [

1 Aurora 41%
@ 1 LGD Gaming 60%

Aurora LGD Gaming

e GAME3 $3M Vo Dota 2 & M

2026 Men's French Open Winner

Alexander Zverev 78% Yes No

Flavio Cobolli 22% Yes No

$41M Vol N
SpaceX IPO closing market cap
above ___7?

>$1T 99% Yes No

>$1.2T 98% Yes No

$7M Vol & MO

- Strait of Hormuz traffic .
returns to normal by I 15%

chance
end of June? ©
Yes No
$14M Vol. 2 ® 0

Source Knowledge

8/11/26

BTC Up or Down 5m 51%
Up
+ 81
+ 31
Up Down
e LIVE - Bitcoin (]

0 62 65%

}%ﬁ 0 Monte 35%

G2

e GAME1 $1M Vol. - CS2 (]

2026 NBA Champion

=

New York Knicks 79% Yes No
San Antonio Spurs 21% Yes No
$414M Vol & [

B California Governor Election Winner

-_——

Xavier Becerra 83% Yes No
Steve Hilton M% Yes No
$34M tﬁ ]

&, US announces new Iran
agreement/ceasefire

extension by...?

July 31 55% Yes No
June 30 39% Yes No
$26M Vol. & [

-~
RN ~
World Cup
Odds & Predictions

e 3  Mariners 64%
B 0 Tigers 36%
Mariners Tigers
e BOT 3RD $901K Vol. - MLB & [

's_e,}' Peru Presidential Election Winner
Keiko Fujimori 62% Yes No
Roberto Sanchez Pa... 38% Yes No

$66M Vol & [

=8 Worst Cup: Fakers FC

ad vs. Infamous FC Fsl%
aKers

Fakers Infamous

$63K Vol.

S]:

\[s
- Claude Mythos released by...?
-

A\l

July 31 73% Yes No

June 30 50% Yes No

$877K Vol. & MO

Qutcome Type = Binary

%% World Cup Winner

Spain 16% Yes No

France 16% Yes No

$2B Vol @ [l

F 1 FURIA Esports 75%

L=s 1 LOS 26%
FURIA LOS

® GAME 3 $268K Vol. - LoL

a Fed rate hike in 20267 48%

chance

=}

Yes No

n
=}

@ Los Angeles Mayoral Election

Karen Bass 61% Yes No
Nithya Raman 36% Yes No
$9M Vol & [

& Will the US confirm that aliens
; existby...?

December 31 14% Yes No
September 30 7% Yes No
$50M Vo & [

Markets

scalculation

"There's no chance that
the iPhone is going to
get any significant
market share.”

Case File Opened: The prediction that
launched a billion-dollar failure

Issue #0071 — Steve Ballmer vs. The iPhone

BYPREDICTION AUTOPSY / APR 19, 2026

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

Observation-Association and
Correctness = Full Match
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Motivation
Why is identifying TOLSA-Ms a hard problem?

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 it available, the
structure may not be easily parsible

6. Relationship to discourse genres (ie: beliefs, claims, events, facts, etc)

8/11/26 dj.brinkley@ufl.edu | www.ufdatastudio.com/people/
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Why is identifying TOLSA-Ms a hard problem?

1. Not many works classify text documents as prediction/non-predictive

- 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)

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

the Knicks would win the

ECF on the season opener
of Inside the NBA » »

"I'm going with the
Knicks to win the eas...
282K views

8/11/26

Why is identifying TOLSA-Ms a hard problem?

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

« 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?

i - TOLSA-M Updated = tolsa-m_1 @date (previous), tolsa-m_2 @date (previous), tolsa-m_3 @date (latest)

dj.brinkley@ufl.edu | www.ufdatastudio.com/people/ 25
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Why is identifying TOLSA-Ms a hard problem?

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

.« Current systems will miss this

8/11/26

Category Count (%)
Future-Related and Prediction 1106 (17.3%)
Future-Related and NOT Prediction 2089 (32.7%)
NOT Future-Related but Prediction 33 (0.5%)

NOT Future-Related and NOT Prediction 3163 (49.5%)

Table 4: Distribution of chronicle2050 vs. Our Projection labels.

dj.brinkley@ufl.edu | www.ufdatastudio.com/people/
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y is identifying TOLSA-Ms a hard problem?

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 it available, the
structure may not be easily parsible

6. Relationship to discourse genres (ie: beliefs, claims, events, facts, etc)

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

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

8/11/26 dj.brinkley@ufl.edu | www.ufdatastudio.com/people/
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y is identifying TOLSA-Ms a hard problem?

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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y is identifying TOLSA-Ms a hard problem?

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
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Why is identifying TOLSA-Ms a hard problem?

5. Relationship to discourse genres (ie: beliefs, claims, events, facts, etc)
1. Sparse previous works to identity 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 O), so model hallucinates —> inflating dataset, wasting
compute on downstream tasks

4. Reduce the #FN (model predicts O 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

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

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

dj.brinkley@ufl.edu | www.ufdatastudio.com/people/
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Why is identifying TOLSA-Ms a hard problem?

5. Relationship to discourse genres (ie: beliefs, claims, events, facts, etc)

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

Collecting Data

Table 1: Dataset name versus ground truth breakdown, including percentages of the total for each

dataset.

Dataset NON-TOLSA-M (0) TOLSA-M (1) Total
Synthetic 1112 (46.08%) 1301 (53.92%) 2413
Financial PhraseBank 4388 (90.55%) 458 (9.45%) 4846
Chronicle2050 5259 (82.15%) 1143 (17.85%) 6402
TimeBank 2553 (84.54%) 467 (15.46%) 3020
YouTube 0 (0.00%) 1005 (100.00%) 1005
News API 0 (0.00%) 72 (100.00%) 72
MF Climate 0 (0.00%) 3622 (100.00%) 3622
Clients, Rivals, Rogues 0 (0.00%) 6 (100.00%) 6
ForecastBench 0 (0.00%) 968 (100.00%) 968
Smart Hospitals 0 (0.00%) 23 (100.00%) 23
Total 13312 (59.49%) 9065 (40.51%) 22377

Adjudication protocol (interviewing labelers, using shared guidelines, group discussions, and majority
voting for difficult sentences).
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Collecting Data

Category Count (%)
Future-Related and Prediction 1106 (17.3%)
Future-Related and NOT Prediction 2089 (32.7%)
NOT Future-Related but Prediction 33 (0.5%)

NOT Future-Related and NOT Prediction 3163 (49.5%)

Table 4: Distribution of chronicle2050 vs. Our Projection labels.
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Consider the difference between the two sentences “Pat didn't remember to water the plants” and “Pat didn't
remember that she had watered the plants.” Fluent English speakers recognize that the former sentence implies
that Pat did not water the plants, while the latter sentence implies she did. This distinction is crucial to . ...more
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