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- …
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- MBA (Universidade Federal do Rio de Janeiro - UFRJ)

      https://www.linkedin.com/in/diegoestevesde/
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The #top1 fake news against Jair 
Bolsonaro, had 596k engagements, a 
number bigger than all his #top10 real 
news

Motivation

The Rise of Fake News: A Global Threat

“Today we have fake sites, 
bots, trolls – things that 
regenerate themselves, 
reinforcing opinions with certain 
algorithms, and we have to 
learn to deal with them.”

A report found 3 out of the 5 
most shared stories on 
Facebook were false as the 
Dilma Rousseff impeachment 
process intensified
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Fake News: How do they proliferate?

✓ Someone attempting to steal information/money 

✓ Satirists who want to either make a point or entertain you

✓ Poor or untrained journalists (i.e., people who do not follow journalistic standards 
of ethics)

✓ Partisans who want to influence political beliefs and policy makers

✓ According to Vosoughi et al. (2018), falsehood is diffusing faster and in larger scale 
than the truth itself.
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Fake News: How are they classified?

✓ Disinformation
○ intentionally false, spread deliberately

✓ Misinformation
○ unintentionally false

✓ Clickbait
○ exaggerating information and under-delivering it

✓ Satire
○ unintentional false for humorous purposes

✓ Biased Reporting
○ reporting only some of the facts to serve an agenda
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Fake News: Dealing with in real life 
The BRATS Method

✓ Bias of author/publisher

✓ Reputation of author/publisher

✓ Accuracy in reporting/use of sources

✓ Transparency of sources/methods

✓ Sources used by author
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Research Problem

Can the fact-checking task be automatized?

Detecting Entities on Noisy 
Data

Computing Trustworthiness 
of Web Sources

Claim Verification

Challenge 1

Challenge 2

Challenge 3
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Automated Fact-checking 
Frameworks

Evidence Extraction
- Document Selection
- Source Trustworthiness (*)
- Sentence Selection
- Claim Classification

FactBench
WSDM 2017 Triple Scoring

https://github.com/DeFacto/FactBench
https://www.wsdm-cup-2017.org/triple-scoring.html
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Research Questions & Contributions

Automating the Fact-checking 
Task

Computing Trustworthiness of 
Web Sources

Detecting Entities on Noisy 
Data

How to determine the veracity of a given 
claim

How to compute a credibility score for a 
given information source?

Can images along with news improve the 
performance of the named entity 
recognition models on noisy text?

RQ3

A Fact-checking Framework

An algorithm to calculate the 
Likert Score for a given source

A Language-Agnostic Named 
Entity Recognition Framework for 

Noisy Data

RQ2

RQ1

Contribution 3

Contribution 2

Contribution 1Challenge 1

Challenge 2

Challenge 3
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Named Entity Recognition for Noisy Data

Can images along with news improve 
the performance of the named entity recognition models on noisy text?RQ1

A Named Entity Recognition 
Framework for Noisy Data

Contribution 1

Named-entity recognition (NER) is a subtask of information 
extraction aiming to locate named entities in natural 
language documents:

S = Diego Esteves lives in Porto, Portugal.

RQ1 Contribution
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Named Entity Recognition for Noisy Data

Can images along with news improve 
the performance of the named entity recognition models on noisy text?RQ1

- Lexical, Shape and Orthographic features
- Gazetteers
- SOTA high performance in formal domains (easily 

0.90 F1)
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Named Entity Recognition for Noisy Data

Can images along with news improve 
the performance of the named entity recognition models on noisy text?RQ1

S = Paris Hilton was once the toast of the town and perhaps 
one of Hollywood's most famous socialites.

What if small variations are applied?
e.g., S = paris hilton ?

What about non-english names?
e.g., S = diego ? 
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Named Entity Recognition for Noisy Data

Can images along with news improve 
the performance of the named entity recognition models on noisy text?RQ1

● Look-up strategies 
and standard local 
features struggle on 
noisy data

● F1 0.20 and 0.60 
[Ritter et al. 2011]
[Derczynski et al., 
2015]
[Esteves et al., 2017]
[Qi Zhang et al., 2018]

● Joint clustering to minimise the gap 
between world knowledge and KBs

● Basic idea:
○ Correlation between images and 

entities
○ Correlation between search textual 

results and entities

● Combination of text and image features 
with simple decision trees-based models

● Majority voting committee
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Named Entity Recognition for Noisy Data

Can images along with news improve 
the performance of the named entity recognition models on noisy text?RQ1

HORUS 1.0
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Named Entity Recognition for Noisy Data

Can images along with news improve 
the performance of the named entity recognition models on noisy text?RQ1

Object detection
SIFT (Scale Invariant Feature Transform): image descriptor extraction
BoF: clustering of feature histograms (k-means)

o   Image ~ histogram of visual words frequencies
o   Some image groups are related to certain named entities

Classifiers: Unsupervised + Supervised learning
Training datasets

o   LOC: Scene 13
o   PER: Caltech 101 Object Categories
o   ORG: METU

HORUS 1.0
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Named Entity Recognition for Noisy Data

Can images along with news improve 
the performance of the named entity recognition models on noisy text?RQ1

Text Analytics
Features: term frequency-Inverse document frequency (TF-IDF)
Classifier: bag-of-words based
Training dataset: 15K DBpedia instances annotated with PER, ORG and LOC 
classes

SELECT ?location, ?abstract FROM <http://dbpedia.org> WHERE {?location 
rdf:type dbo:Location . 
       ?location dbo:abstract ?abstract .
FILTER (lang(?abstract) = ‘en’)} LIMIT 50000

HORUS 1.0

http://dbpedia.org
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Named Entity Recognition for Noisy Data

Can images along with news improve 
the performance of the named entity recognition models on noisy text?RQ1

Heuristic-based DT

Mi = {j, t, ngpos,Cloc, Cper,Corg,Cdist,Cplc,Tloc,Tper, Torg, Tdist}

for each sentence i and token t in position j

● ngpos= n-gram of POS tag
● Ck ,Tk= total objects found by classifier for class k
● Cdist ,Tdist= distance b/w two top predictions
● Cplc= sum of all predictions by all LOC classifiers

HORUS 1.0
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Named Entity Recognition for Noisy Data

Can images along with news improve 
the performance of the named entity recognition models on noisy text?RQ1

HORUS 1.0



20 Portugal – May, 7th - 2020 Dr. Diego Esteves - SDA Research

Named Entity Recognition for Noisy Data

Can images along with news improve 
the performance of the named entity recognition models on noisy text?RQ1

HORUS 1.0
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Named Entity Recognition for Noisy Data

Can images along with news improve 
the performance of the named entity recognition models on noisy text?RQ1

HORUS 2.0

Advantages
● CV module makes the approach language agnostic
● Each text snipped is automatically translated (en)
● Very simple algorithms (DT) performing really well (compared to 

SOTA)
● NO Gazetteers! 

Disadvantages
- Still NOT achieving similar to SOTA in formal domains
- Do NOT scale well!
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Named Entity Recognition for Noisy Data

Can images along with news improve 
the performance of the named entity recognition models on noisy text?RQ1

HORUS 2.0
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Named Entity Recognition for Noisy Data

Can images along with news improve 
the performance of the named entity recognition models on noisy text?RQ1

HORUS 2.0

- DT + HORUS
- CRF + HORUS
- B-LSTM + CRF + HORUS
- B-LSTM + CNN + CRF + HORUS
- Char + B-LSTM + CRF + HORUS
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Named Entity Recognition for Noisy Data

Can images along with news improve 
the performance of the named entity recognition models on noisy text?RQ1

HORUS 2.0

HORUS 1.1

Deep Le
arn

ing
Bro

wn Cluste
rs
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Named Entity Recognition for Noisy Data

Can images along with news improve 
the performance of the named entity recognition models on noisy text?RQ1

HORUS 2.0

Below the baseline

HORUS 1.1

Above the baseline

TOP

Bro
wn C.

Bro
wn C.+HORUS 1.1

HORUS 2.0

HORUS 1.1
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Named Entity Recognition for Noisy Data

Can images along with news improve 
the performance of the named entity recognition models on noisy text?RQ1

HORUS 2.0

10 = Base
lin

e

04 = HORUS 1.0

41 = HORUS 2.0



27 Portugal – May, 7th - 2020 Dr. Diego Esteves - SDA Research

Named Entity Recognition for Noisy Data

Contributions made:

• Novel NER Architecture based on Images and News (NO Gazetteer!)

• Language Agnostic NER Framework for Noisy Data (English and Portuguese)

• Improved Recall for NNs, but at cost of precision

• Great improvement for CRF-based models; results comparable to SOTA NNs

Can images along with news improve 
the performance of the named entity recognition models on noisy text?RQ1
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Named Entity Recognition for Noisy Data

           But, what if more data is available…?

Can images along with news improve 
the performance of the named entity recognition models on noisy text?RQ1

HORUS 3.0

BONUS =)

04 = HORUS 1.0

41 = HORUS 2.0
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Trustworthiness

How to compute a credibility score for a given information source?RQ2

An algorithm to calculate the 
Likert Score for a given source

Contribution 2

How credible a given website is?

“A credible web page is one whose information one can accept as the truth without needing to 
look elsewhere”. [Olteanu et al., 2013; Waweret al., 2014]

RQ2 Contribution
Alternatives

1. PageRank (shutdown) and Alexa (paid)
2. Existing data is too small/do not scale! Manual annotation is costly [Haas and 

Unkel, 2017].
3. Theoretical research or confidential data (e.g., mouse movement, time spent, 

etc..) in a restricted simulation environment (e.g., Google and Microsoft) [Liu et al. 
(2015)] 

4. Open-source work = f(q, S) [Nakamura et al. 2007] or likert [Olteanu  et  al.  (2013), 
Wawer  et  al.  (2014)]



30 Portugal – May, 7th - 2020 Dr. Diego Esteves - SDA Research

Trustworthiness

How to compute a credibility score for a given information source?RQ2
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Trustworthiness

How to compute a credibility score for a given information source?RQ2

● Content-based (25)

○ Text (20)

○ Appearance (4)

○ Meta-information (1)

● Social-based (12):    

○ Social Popularity (9)

○ General Popularity (1)

○ Link structure (2)

Research is still very contradictory!  

Appearance is not important! Most significant are 
Social-based (12) and some of Text (20)! [Olteanu et al., 2013, 
Dong et al., 2015]

NO!

YES!

Appearance is very important [Fogg et al.,2003; Shah et al., 
2015; Haas and Unkel, 2017].
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Trustworthiness

How to compute a credibility score for a given information source?RQ2

• Similarly to the concept “Bag-of-Words” we introduce a concept we named 
“Bag-of-Tags”.

• We expect to capture not only visual features, but also hidden patterns in the source 
code.

• We also explore different lexical features (e.g., Vader Lexicon)
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Trustworthiness

How to compute a credibility score for a given information source?RQ2
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Trustworthiness

How to compute a credibility score for a given information source?RQ2

• Microsoft Dataset [Schwarz  and  Morris,  2011]

•aprx. 1000 URLs

• Content Credibility Corpus (C3) [Kakol et al., 2017]

•15.750 evaluations of 5.543 URLs from

•2.041 participants
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Trustworthiness

How to compute a credibility score for a given information source?RQ2

Features

1. Web Archive “Freshness”

2. Domain (enc)

3. Authority (enc)

4. Outbound Links

5. Text Category

6. (5) - LexRank

7. (5) - Latent Semantic A. 

8. Readability Metrics [Si and Callam, 2001]

9. SPAM

10. Social Tags

11. OpenSources

12. PageRank CommonCrawl

13. General Inquirer

14. Vader Lexicon

15. HTML2Seq (BoT)
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Trustworthiness

How to compute a credibility score for a given information source?RQ2

2-cl
ass

3-cl
ass
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Trustworthiness

How to compute a credibility score for a given information source?RQ2 TOP 1



38 Portugal – May, 7th - 2020 Dr. Diego Esteves - SDA Research

Trustworthiness

How to compute a credibility score for a given information source?RQ2

2-class 3-class

F1 SOTA = 0.745

5-class

F1 SOTA = 0.763
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Trustworthiness

How to compute a credibility score for a given information source?RQ2

label

claim websites
has points to

supporting

FactBench Dataset



40 Portugal – May, 7th - 2020 Dr. Diego Esteves - SDA Research

Claim Verification

How to determine the veracity of a given claim?RQ3

A Fact-checking Framework

Contribution 3

RQ3 Contribution
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Claim Verification

How to determine the veracity of a given claim?RQ3

Types of claims
○ Structured Claims: [dbr:Diego_Esteves; dbo:birthPlace; dbr:Brazil]
○ Unstructured Claims: “Diego is Brazilian.”

Complexity
○ Simple (1 sentence)
○ Complex (1+ sentences)

Tasks
○ Verification (true)
○ Ranking (1+ claims)
○ Plausibility (true)

[A. Soleimani et al. 2019]
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Claim Verification

How to determine the veracity of a given claim?RQ3

● Diego’s birthplace is Brazil
● Diego was born in Brazil
● Diego was born in Rio de Janeiro
● Diego is Brazilian

1. Hard-coded verbalisation and rules Represents facts about the world 
(scalability issues)

2. Supervised models (not optimal accuracy)
3. Use distant supervision methods (sub-optimal precision)
4. External linguistic corpora (e.g. lexical databases) to obtain synonym (not 

good recall)
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Claim Verification

How to determine the veracity of a given claim?RQ3
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Claim Verification

How to determine the veracity of a given claim?RQ3

VERBALIS
ATIO

N!
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Claim Verification

How to determine the veracity of a given claim?RQ3

{'FAKE', 'REAL'}
6335
4244
2091
accuracy:   0.893
accuracy:   0.898
accuracy:   0.936
accuracy:   0.936

             agg_rank count label
said              9.8     5  REAL
friday        2.66667     3  REAL
monday              3     3  REAL
says          8.33333     3  REAL
gop                 4     3  REAL
tuesday       8.66667     3  REAL
cruz          2.33333     3  REAL
conservative  6.66667     3  
REAL
islamic       5.33333     3  REAL

         agg_rank count label
share     5.33333     3  FAKE
print     7.66667     3  FAKE
october   2.66667     3  FAKE
november  5.33333     3  FAKE
hillary         2     3  FAKE
article   4.33333     3  FAKE
2016      1.33333     3  FAKE
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Basic AFC Architecture

DeFactoNLP 1.0 DeFactoNLP 2.0
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Claim Verification

How to determine the veracity of a given claim?RQ3

Sim
ple Claim

s

Complex Claim
s
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DeFactoNLP 3.0

- BERT + Re-ranking (similar to Soleimani et al.)
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How to design AFC to debunk (real-life) 
fake news?

Claim 
Verification

Evidence 
Selection

Source Retrieval

DrQA 
Chen et al, 2017

Cross-genre
Jurczk and Choi, 2018

Graph-based 
Nakamura et al., 2007

Likert Scale 
Esteves et al., 2018

Source 
Trustworthiness

Troll detection
Fornacciari, Paolo, et al., 2018

Chatbot detection
Radziwill and Morgan, 2017

DeepFakes
Zakharov, Egor, et al., 2019

Credibility 
Bots

Document 

Retrieval

NER
Esteves et. al 2018
Peres et. al 2017
POS
Gui, Tao, et al., 2017

Noisy Data

Argumentative 
Relations
Gil Rocha et al., 
2018

Text Network Analysis 
Paranyushkin, D., 2019

Discourse Analysis 
Fairclough, Norman, 1992

Bias

RDF Validation, Ranking and Plausibility
Esteves et al., 2018
Gerber et al., 2015

KG Generation
Dong, Xin Luna, et al. 2014

Data Fusion

NLU

Temporal Scoping 
Rula et al., 2019

Temporal 

Analysis

Structured Claims

Multilingual 
Evidence
Gerber et al., 2015

Multilin
gual

Complex Claims Verification
Aniketh et al., 2018

Unstructured Claims

LSTMs for 
Evidence 
Extraction
Piyush C.  et al., 
2015

Semantics
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Limitations and Future Work
Claim 

Verification

Evidence 
Selection

Source Retrieval

DrQA 
Chen et al, 2017

Cross-genre
Jurczk and Choi, 2018

Graph-based 
Nakamura et al., 2007

Likert Scale 
Esteves et al., 2018

Source 
Trustworthiness

Credibility 

Document 

Retrieval

NER
Esteves et. al 2018
Peres et. al 2017
POS
Gui, Tao, et al., 2017

Noisy Data

Argumentative 
Relations
Gil Rocha et al., 
2018

Text Network Analysis 
Paranyushkin, D., 2019

Discourse Analysis 
Fairclough, Norman, 1992

Bias

RDF Validation, Ranking and Plausibility
Esteves et al., 2018
Gerber et al., 2015

KG Generation
Dong, Xin Luna, et al. 2014

Data Fusion

NLU

Temporal Scoping 
Rula et al., 2019

Temporal 

Analysis

Multilingual 
Evidence
Gerber et al., 2015

Multilin
gual

Complex Claims Verification
Aniketh et al., 2018

LSTMs for 
Evidence 
Extraction
Piyush C.  et al., 
2015

Semantics

Domain-specific and fine-grained 
AFCs

Context-based information

Events

Troll detection
Fornacciari, Paolo, et al., 2018

Chatbot detection
Radziwill and Morgan, 2017

DeepFakes
Zakharov, Egor, et al., 2019

BotsPolitics

Economy and 
Development

No Data, No Answer!

Ontology Engineering and KB 
population

Commonsense reasoning + 
Argumentation

Bias and Bots detection

Data Acquisition and Fusion

Video and Photo manipulation Deepfake AI
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Projects

DeFacto: Deep Fact Validation
https://github.com/DeFacto
- University of Bonn
- FEUP

ClaimsKG: A KG of Fact-checked claims
https://data.gesis.org/claimskg/

https://github.com/DeFacto
https://data.gesis.org/claimskg/
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