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ABSTRACT

This report investigates a novel ground truth approach to fake news detection, focusing on sentiment
detection to interpret the author’s stance. A three-pronged model was built combining an LDA for topic
detection, VADER to create sentiment sequence, a stacked LSTM to interpret those sentiment sequences and
a statistical description of the sequences. The model interpreted the popular ISOT fake news dataset to build
a knowledge base and achieved an 80% instance classification accuracy on the dataset using J48, finding value
in sentiment analysis as a tool for fake news detection.

Keywords— fake news, ground truth, sentiment analyis, stance detection

I. INTRODUCTION

A. Situation

Reliable information is essential. Currently,
COVID-19 poses a threat to the health of the human
race. Dealing with the spread of the virus has become
a vital issue of our time. However, for the public
to adequately respond to the tasks ahead, they
need to be well informed. The internet is the most
significant public source of information, but it faces
an infodemic[1].

Trust in mainstream media is at an all-time low.
There is a staggering amount of information available
online, and not everything on the internet is truthful.
People are now responsible for deciding what they
accept as true, a time-consuming and challenging
task. It is easier to accept the first article available
than looking for multiple sources to establish a well-
rounded view. Low media literacy, which is espe-
cially prevalent in areas with lower socioeconomic
status[2], leads to quicker acceptance of misinforma-
tion and disinformation.

Content creators can manipulate information for
monetary or ideological interest. In the 2016 United
States elections, fake news has had a measurable
impact on voter behaviour. Weaponizing false in-
formation to sway elections or spread doctrine is
a dangerous practice. The other main incentive to
create and spread fake news is money. The internet
has a vast ad-based economy, anything that attracts
attention has value. Sensationalist fake news spreads
much faster and garners more view than the average
truthful article[3].

Manipulating elections is rather obviously un-
democratic and therefore contrary to human rights
as described by the United Nations[4]. Fake news can
cause civil unrest or fuel hatred, as in the case of India
and Pakistan[5]. Nevertheless, disinformation with
profit as a goal can be just as dangerous. In the case
of COVID-19, for example, viral news of alternative
treatments have put human lives in danger[6].

B. Definition

There is no single widely accepted definition for
the genre of fake news. [7, 8] Agree in their def-
inition, arguing for three pillars: Fake news is not
veracious, presents itself as news and is intentionally
deceitful. These definitions exclude satire content like
the onion, unintentional mistakes, parody and adver-
tising. [9] On the other hand, maintains that satire
and humour also constitute fake news, but are not
deceitful. This body of research will use Egelhofer’s
well-argued and summarized definition for the fake
news genre described by Figure 1.

Fig. 1: Characteristics of the fake news genre

C. Challenge

In [10] Lessig identifies four forces that regulate
our actions: law, social norms, the market and ar-
chitecture. The fake news problem is approachable
through all four forces[9]. Policies might change the
legality of creating fake news and help regulate news
environments. Social norms can shift in paradigm
building trust in reputable sources and enhancing
media literacy. The market can tackle the financially
driven fake news by changing the valuation of atten-
tion. Not necessarily these responses, but at least the
pillars, are all part of the solution, and to effectively
control the problem each needs to be addressed.
This research will focus on the architecture domain,
building constraints for the web to tackle the existing
fake news. It will support a short-term implementable
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response that can become part of the long-term solu-
tion.

Fig. 2: Simplified process: anti-fake news

D. Problem statement

The process of dealing with fake news on the web
has two core steps: detecting and handling. Figure 2
shows a simplified process of this approach. Further
on in this work the model will be made more concrete
and highlight the point of focus. The decision for
the next step will be based on the state of the art
analysis in the next chapter. The analysis will allow
us to specify the question:

”How can we improve the existing systems against fake
news?”

II. STATE OF THE ART

The previous chapter establishes the fake news
problem. And, there is a world-wide need for a solu-
tion to this problem. The following chapter outlines
the state of the art solutions by creating a taxonomy
for different existing or theorized approaches that
aim to detect and deal with disinformation online.
It will suggest where to direct scientific efforts to be
able to keep information online reliable. In doing so,
it will function as a starting point for research on
combatting fake news and offer an insight into the
building blocks of previous types of work.

A. Detection methods

There are two main branches of detection methods
in deciding if a piece is fake or not; computational

and crowd-sourced. The types of input can be dis-
cerned as content cues and contextual cues.

The computational branch attempts to detect
whether something might be fake news automati-
cally. The inputs used involved in this process are
the content, and the context of the text [11]. Using
natural language processing on the body of text al-
lows computers to find linguistic cues hinting at non-
authenticity. This language leakage presents itself in
the form of linguistic features, for example; grammar,
vocabulary, quantity and specificity/expressiveness
observed by [12]. Neural networks use these features
to train to give confidence scores of whether a text is
deceptive [13, 14].

The contextual features that provide neural net-
works with information for the discrimination of fake
news include; user data and interactions, propagation
on the network and linked data (e.g. sources on the
same topic)[11, 15, 16]. M. Della et al. [17] examine the
good results of context-only approaches but observes
shortcomings when there are only a few interactions.
Combining contextual cues with content, increases
the accuracy of detection significantly as established
by [17, 18].

The crowdsourcing approach uses real people to
detect fake news. Platforms enable their users to flag
or report posts. When a post gets enough flags, the
platform can use third-party fact-checkers to verify
the integrity of the post [19]. These third-parties are
independent and evaluate content through evidence
that is considered factual. However, [20] points out
that employing these companies may have the un-
desired effect of dodging the responsibility for direct
responsibility. Tschiatschek et al. [16] Argue that the
computational approach should augment the process
of expert verification. Still, the flagging of posts also
works as a context cue to improve the computational
approach [16, 17].

B. Primary actors

Who is responsible for the detection (and han-
dling) of fake news? Verstraete et al. [9] suggest
different implementations for each of Lessig’s four
domains. While lawmakers can tackle the law side
of the problem, and ad companies can decrease the
market for fake news[20], the focus of this paper is on
the architecture of the internet. The party they claim
responsible in this domain is big tech, like Facebook
and Google.

Detection using widgets, like NewsGuard and
TrustedNews that attach to the browser put the re-
sponsibility on the user. However, [9] highlights there
is little incentive for end-users to invest in solutions
like these, even more so when those users belong to
the most susceptible group[21]. Flagging system (in
part) rely on the user. But, participation in flagging is
not mandatory to benefit from the systems that use
these cues if the platform implements it[16].

The researchers behind automatic detection sys-
tems mostly assume that the platform should im-
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plement them[16–19, 22]. Nevertheless, the algo-
rithms can be implemented as browser add-ins, too.
Burkhardt [23] discusses a decentralized approach
from companies like Factmata that platforms can
choose to implement.

C. Handling fake news

When the platform is the party taking action, and
that action is hiding or removing posts, then the ques-
tion “Who becomes the arbiter of truth” [24]. If the
company takes on this editorial responsibility, they
suddenly dictate free speech and become a censoring
party[20]. However, Google, Facebook and Twitter
already do this as identified by [9].

A milder form of censorship is decreasing a posts
visibility or the ability to spread. Facebook has al-
ready implemented this strategy on its platform [9,
24]. However, [9, 22] note the low effectivity of this
strategy. Kirchner and Reuter even demonstrate that
there is no significant impact on the believability of
a post with decreased visibility. Even though such a
post may reach fewer people, this solution fails to
address the problem.

The seemingly more favourable approach is tag-
ging posts as disinformation[9, 25]. [11] Notes that
a solution must augment human judgement, instead
of replacing it. Warnings attached to a piece of fake
news empower users to reconsider their validity.
[22] Demonstrates in a survey of 1000 participants
that warning based approaches are most effective,
but for better performance, they should include an
explanation. A problem that warning labels fail to
address is the implied truth effect [25], where mul-
tiple exposures to a statement create the illusion of
truth.

D. Shortcomings

Further research suggestion and shortcomings of
the examined papers serve as a rough roadmap for
the fake news problem. This section will discuss these
avenues.

Verstraete et al. [9] claim that natural language
processing does not fare well with nuances and
context (yet). However, Rubin et al. [14] refute this
by training a neural network to distinguish satire
from fake news by picking up on cues specific to
the genre (like giving away that it is deceptive on
purpose). They even propose that using deep syntax
this process can be made more accurate. [16–18] Prove
that the use of content cues can gain high detection
accuracy. Combining these content cues with context
cues allows the accuracy to get even better.

The datasets used for training and testing algo-
rithms are often incomplete in some way. Research
of fake news frequently focusses on US politics [7],
possibly creating biased detection models. [17] Notes
that the data they use is only in Italian. For a
multi-language approach, an algorithm must train

for ground truths in multiple languages. Many re-
searchers craft a dataset specifically for their research.
Tailored datasets make comparing algorithms more
complicated than necessary. With “Liar, liar pants
on fire”, [26] aim to create an extensive benchmark
dataset. However valuable, LIAR is still a dataset of
US political news and lacking in context cues like
user-flagging and network propagation.

Flagging is a very valuable context cue, combined
with reinforced learning; it will likely improve de-
tection accuracy further [18]. However, [16, 17] point
out that not all users flag alike. Some users will
be bad at flagging or even have malicious intent.
So they propose a weighted flagging solution where
user behaviour influences the cue. As of yet, it is
difficult for independent researchers to implement
these crowdsourced cues well, this data is almost
exclusively available to the platform.

The solution to the fake news problem must take a
more targeted approach to maximize efficiency. Most
current suggestions on handling detected fake news
work as a catch-all system. However, a small group
of people is most susceptible to fake news. While the
large group is relevant, the more vulnerable group
should be the focus of future research according to
[22]. To get more abstract models for detection, [15]
states that a better understanding of the production of
inaccurate information is necessary. This understand-
ing would help discover cues for earlier detection.

E. Next steps

Overall much progress has been booked towards a
solution for the fake news problem. However, there
is more research to be done; the following are some
conclusions on previous work and suggestions for the
future:

• The first phase of the solution to the fake news
problem in the architecture domain is detection.
Combining the computational and crowdsourc-
ing branches will result in the best accuracies.
Further research on weighted flagging is inter-
esting for improving the results

• With the recent significant accuracy improve-
ments for detecting fake news using natural lan-
guage processing, nuance issues become man-
ageable.

• Most research assumes the big platforms will
take responsibility for tackling the fake news
problem. The solutions are frequently designed
to be implemented by the big-tech.

• Research favours adding a warning to perceived
fake news as a way of protecting the users.
Ideally adding an explanation to the warning, a
research avenue for explainable machine learn-
ing.

• Some research has proposed linking articles to
a ground truth and comparing claims made
but little research has been conducted on it.
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Although it is impossible to establish a ground
truth for everything, debunking false statements
with facts is an effective counter to the problem.

• One or multiple extensive datasets with context,
on different topics and languages, are still neces-
sary for benchmarking and less biased training.

• Fake news and its environment are in a perpet-
ual process of change, building dynamic learn-
ing models that update or learn as they evaluate
are likely key to a long-term solution. User flag-
ging and input could play an important role in
model plasticity.

III. METHODS & TECHNIQUES

A. The Creative Technology Design Process

A Design Process for Creative Technology[27] de-
scribes a 4-phase design method for the Creative
Technology Bachelor students at the University of
Twente. It finds a middle ground between user-
centred design and classical engineering approach.
The process focusses on using existing Information
and Communication Technology (ICT) with the user
in mind. The four phases in the process are Ideation,
Specification, Realisation & Evaluation. Figure 3 from
the original paper[27] visualises the model. As can be
seen, the process is non-linear and as a preferred way
of working tinkering and prototyping play a vital role
during the phases.

Fig. 3: Design Process for Creative Technology

The goal of the Ideation phase is generating and
gathering ideas. Ideas can come from activities like
talking to experts and stakeholders, brainstorm ses-
sions, exploring related works or experiencing a sud-
den flash of inspiration.

During the Specification phase multiple prototypes
with quick evaluation and feedback loops are used
to explore the design space framed in the ideation
phase. Prototypes can be improved, changed, com-
bined or discarded. Following user-centred design,
prototype testing, evaluation, and feedback create the
specification for the project.

In the Realisation phase the specification is fulfilled.
This phase is achieved by employing engineering
design methods by deconstructing the specifications’
demands, building those components and integrat-
ing them. Afterwards, specification requirements are
evaluated.

Finally, in the Evaluation phase the project thus far
is assessed. This step can include functional testing,
verification, retracing ideation phase requirements,
placing the work in the context of related work and
ending on reflection.

B. Prototyping tools

1) Language - Python: As a language for proto-
typing Python 3.8 [28] is a solid choice. Python is a
flexible language that is easy to write and re-write,
enabling the building and sharing ideas. For the
envisioned problem, rapid development and under-
standing code is more important than achieving the
highest optimisation possible (e.g. using C). As it is a
high-level programming language, there is no need to
worry about memory management. Python usually
runs fast enough. However, if processing times be-
come problematic, there is always the option of using
Cython [29] to speed up computations. There is also a
vast online community, with tutorials, questions and
answers to learn from Another advantage of python
is the many available external libraries that can be
implemented quickly and relatively easily. Consider-
ing that the fake news problem is a data problem,
libraries like Pandas and NumPy will be employed.
The first is a tool for data analysis and manipulation
and the latter for scientific computation. These are
among the reasons for making python one of the most
popular programming languages for data science.

2) Environment - JupyterLab: JupyterLab [30] is
a development environment for python. This project
uses JupyterLab because it offers an interactive, flex-
ible space to write and execute code (chunks) and
show visualisations in the browser. It also supports
markdown and HTML for written sections between
code for explanation or organisation purposes. This
way, the project can be coded in chapters to show a
(more or less) linear progression with the steps along
the way.

3) Version control: Github: All of the code written
and files used are publicly hosted on GitHub at
the following link: https://github.com/emielsteegh/

 https://github.com/emielsteegh/Fighting_Fake_News
 https://github.com/emielsteegh/Fighting_Fake_News
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Fighting Fake News. Next to making the work done
for this project publicly available, Git allows code to
be backed up and rerolled to previous checkpoints
(called commits) in case something goes wrong as
well as working on different features in parallel with-
out interfering.

IV. IDEATION

’In section II: State of the Art, research possibil-
ities were identified for the wide-ranging problem
statement ”How can we improve the existing sys-
tems against fake news?”. This section will cover the
explorative ideation phase towards a defined design
space:

“Using ground truths to improve fake news detection
accuracy.”

A. Divergence

Figure 2 sketches a simple process of an online
fake news combatant. The two points of interest for
this project are detection and handling. Improved
detection leads to a higher-performing system that
delivers more value to the users. Improved handling
makes the action toward the user more effective. A
complete fake news combatant needs all parts, but the
resources are too limited for such a broad approach.
By doing divergent research and building a good
understanding of the context, one of the two blocks
can be selected as a focal point for this project.

1) Related works: Section II has covered some
related works from the scientific community, but
what about the employed products and services?
FactCheck.org, Politifact.com, Snopes.com and IFCN
are among the most popular players of the anti-fake
news game. The following section is a review of these
services.

FactCheck.org is “a nonpartisan, nonprofit con-
sumer advocate for voters that aims to reduce the
level of deception and confusion in U.S. politics.”
[31] They focus on fact-checking known public fig-
ures and entities. Their approach is manual through
research teams. They monitor news outlets and po-
litical events and write thorough articles to verify or
debunk claims. These articles are available on their
website.

“PolitiFact is a fact-checking website that rates the
accuracy of claims by elected officials and others
on its Truth-O-Meter.” [32]. Politifact is also heavily
U.S. politics-oriented. They also have a system to
track whether officials follow up on the promises
they make. Their process is a manual one, like
FactCheck.org done by a small team of researchers
using sources to check statements hosted on their
website.

Snopes [33] is a larger company than the previous
ones. Unlike the previous two, they concern them-
selves with anything submitted by enough of their
members, including U.S. politics among many other

topics. These submissions come in many forms like
articles, images, videos and messages. However, their
process of reviewing the submissions is similar; a
team of researchers uses the unbiased sources avail-
able to come to a veracity rating and explanation.
All the work they publish is available on the Snopes
website.

The IFCN (International Fact-Checking Network)
[34] supports existing fact-checking services through
funding and providing a code of principles, among
others. They provide media literacy training to in-
dividuals and host a list of “verified signatories”:
fact-checking websites and businesses that adhere
to the IFCN code of principles. All three websites
above are on this list. Being on this list signifies
that a company is honest, reliable and transparent.
However, the IFCN provides no fact-checking service
of their own.

2) Stakeholders: As an exercise to generate ideas
and get a better grip on the context, I identifies the
various stakeholders of systems against fake news.

The intended end-user groups of such a system
can be split in two: group a, the people that consume
content on the internet who are vulnerable to fake
news because of possible biases, emotional or lacking
media literacy targeting [35]. Group b, on the other
hand, are advocates of a fake news combatant and are
actively looking to protect themselves; these are the
people that may already browse websites like Snopes.
Both group a and b behave vastly different, and both
have to be considered during the design process.

Group c consists of the outlets where fake news
can exist. These platforms include social media, blogs,
news websites and search engines. Actively and
openly fighting fake news can create the impression
of higher trustworthiness than a platform that hosts
misleading content. On the other hand, fake news
spreads faster and wider than real news [3], and
more reach leads to more user attention. Furthermore,
attention is where a website that hosts content can
create monetary value. So one could argue that fake
news can create more revenue.

Group d consists of professional and amateur jour-
nalists who create actual news content. According to
the definition adopted at the start of this report, fake
news must be in a journalistic format, the people who
create genuine news are the journalists. They stand
to benefit from a fake news combatant as it can help
preserve the journalistic format’s integrity.

Group e are the people that generate fake news.
A system against fake news potentially harms these
people as their lively hood can depend on the money
they earn by creating it. They probably have little
positive interest in the system but may actively resist
it.

3) A blockchain approach: An interview was con-
ducted with WordProof[36] to diverge the research
space further. WordProof is a company with a novel
approach for dealing with fake news on the web. The
cornerstone of their vision is transparency and ac-
countability. Using blockchain technology, they times-

 https://github.com/emielsteegh/Fighting_Fake_News
 https://github.com/emielsteegh/Fighting_Fake_News
 https://github.com/emielsteegh/Fighting_Fake_News
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TABLE I: Stakeholders of a fake news combatant

Stakeholder group Description

a Vulnerable readers People who are (likely to become) fake news victims
b Advocate readers Want a tool or system to protect themselves from fake news.
c Media platforms The websites that host news(like) content
d News publishers Journalists and writers, the people that create the (real news) content
e Fake news abusers People that (deliberately) create and spread fake news.

tamp web pages to build trust and protect content.
Their focus lies on creating reliability online with-
out becoming internet police. They want to play an
enabling role. Their idea for a solution consists of a
blockchain identity network based on the World Wide
Web Consortium (W3C) Decentralised Identifier and
Self-Sovereign Identity. In this network, the identity
is not renewable, verifiable, and transparent. How
far a post or article can spread is based on how
much of their identity the creator wants to reveal.
Full transparency of the creator grants full access to
reach; remaining anonymous limits reach to friends
only. This approach could create a self-regulating
reputation market where spreading fake news has
negative social consequences for the creator.

B. Convergence

The current ideation space is rather extensive, to
successfully move to the specification phase; deci-
sions must be made. Firstly, what block of figure 2
should be the focus of this research project? Both are
exciting and viable ventures. However, during all of
the ideation phase, the detection has sparked more
interest. So after a period of deliberation, the decision
fell on detection.

There are advantages that this project envisages in
automatic fake news detection. It must be noted that
automation does not replace the work humans do
for a sound functioning system. Automated detection
of fake news should exist to support researchers.
Perhaps detection can be sped up with machine as-
sistance, but eventually, a decision needs a grounded
explanation. Most of the fake news combatants share
all of their work on their website. Automated detec-
tion can help as a step to take an article debunking
or verifying a statement to its source. A potential use
case is: A user finds a piece of potentially fake news
online; the automatic detection system kicks in to give
an early assessment. Then it sends a notification to
the research team for a new review or lets the user
know of an existing article addressing the veracity.

Automatic fake news detection already exists, as
discussed in section II. Most of the current works
focus on models using patterns inside the text, or its
context to reach a verdict. This research project will
work towards improving detection accuracy using
some novel approach. One such novel approach is
mimicking the one research teams use; they find facts
to compare to a potential piece of fake news. In
existing research, this seems like a little investigated
niche. So the next section will explore and specify how

ground truth can be used to improve fake news detection
accuracy.

V. SPECIFICATION

This section will set early requirements in order to
guide the modelling process. [37] is one of the few pa-
pers discussing a ground truth model; “a systematic
approach for automatic fact-checking of news has to
the best of our knowledge never been presented be-
fore”. However, they do provide a theoretical model
for fact-checking. Figure 4 is a adaptation of their
model. The letter K in the figure means knowledge.

An advantage of the ground truth approach is that
the knowledge base can be extended and updated as
more information becomes available. This makes it
a scalable approach. If a new topic comes up and
information exists about it, it needs to be extracted
and added to the knowledge base. If everything
works, the latest information is taken into account
for all new decisions.

A. Early requirements

The model that comes out of this project is speci-
fied around figure 4. The core concept comes down to
two phases. To fact-check news automatically, there
must exist a knowledge base or ground truth to use to
compare a new piece of information. The first phase
uses a processing method to obtain this knowledge
base from the information publicly available. The
second phase uses similar processing steps to extract
the news article’s knowledge and compare it to the
knowledge base. From that comparison, the model
reaches a decision about the veracity. This description
creates the requirements 1, 2, 3 & 4 in table II.

The model should also perform well enough. Two
metrics to rate performance are accuracy and time.
The accuracy metric should be better than a ZeroR
algorithm; always choosing the most frequently oc-
curring option. If a dataset consists of 55% real news
and 45% fake news, the model should do better than
55%. This seems like a meagre objective, and it is. The
goal is not to build the perfect model but to be able
to improve existing ones. The theory is that adding
more information (like a comparison to ground truth)
to an existing model will improve it. So, the accuracy
metric sets a precedent for requirements 5 & 6 in table
II.

The final metric time is vital for usability. If
the process of detection is too slow, the project is
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Fig. 4: Knowledge extraction and comparison

severely crippled. Say a user is reading an article
and only halfway through something happens, that
could mean half of the information is consumed
with the belief that it was truthful. If a team of
researchers were to employ an automatic detection
tool for preliminary filtering of fake and real news,
but it takes a day because there are thousands of
articles, they would likely not want to use it. Being
timely is an essential concept in the news, a tool that
hinders the workflow more than it aids will probably
not be used. This creates the final requirement 7 in
table II.

B. A representation of truth

What knowledge means has to specified. The
raw form where the knowledge will come from
is a text written by humans (or computers). Two
interpretations of knowledge representation were
selected to work out for this project: RDF triples and
sentiment.

Fig. 5: Example of an SPO

1) Semantic triples: A semantic triple allows for
text to become machine-readable. A triple exists of

three parts: the subject, the predicate and the object
(SPO); the subject performs an action, the predicate,
on an object. Figure 5 is an example of such a relation
derived from a sentence: “Elizabeth is the queen of
the United Kingdom.”

A triple can be extended into a network, where a
subject is also an object in another triple. A triple
can even be a subject or object in itself in cases
like: [Bobby - says - [Elizabeth - queen of - U.K.]].
Sentences can contain multiple triples as they become
more complex. Rules like these allow the building of
a knowledge base in the shape of an extensive triple
network [38].

A well-developed language for triples is the Re-
source Description Framework (RDF) in the Extensi-
ble Markup Language (XML) [39] and is common in
relational information storage on the web. Wikipedia,
for example, is full of RDF/XML triples. These triples
should be usable in the construction of a knowledge
base or ground truth, and the representation of new
articles [40]. The comparison then becomes a graph
or network theory problem.

2) Sentiment: The sentiment of a sentence is a
representation of how positively or negatively it is
written. In this way, it becomes possible to tell how
an author feels toward a particular topic or even
tell if they agree or disagree [41]. Sentiment analysis
is a natural language processing method to assess
this emotion in a piece of data like a sentence. The
analysis may be based on machine learned patterns,
rule sets or a combination of the two [42]. Influence
can include the positive or negative connotations

TABLE II: Model requirements

Early requirements

1 The model can extract knowledge from raw information
2 The model has a knowledge base
3 The model can compare a new knowledge to the knowledge base
4 The model can conclude a comparison
5 The model should be more accurate than the baseline
6 The model can improve an existing model
7 The model can process information in a timely manner
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TABLE III: Reviewed available datasets

Name & Link Set size Veracity label Topic(s) Notes

McIntire ∼8000 Boolean U.S. Pol. popular in other research
https://github.com/lutzhamel/ fake-news/tree/master/data

Liar, liar pant on fire[26] ∼12800 Likert (6) U.S. Pol. single statements, popular
https://github.com/thiagorainmaker77/liar dataset

FNC ∼5000 - World news title-body stance detection
https://github.com/FakeNewsChallenge

FakeNewsNet ∼400 Boolean U.S. Pol. includes context
https://www.kaggle.com/mdepak/fakenewsnet

Kaggle B ∼20800 Boolean World news multi-lingual
https://www.kaggle.com/c/ fake-news/data

Kaggle C ∼13000 Only fake World news fake news only, multi-lingual
https://www.kaggle.com/mrisdal/ fake-news/data

ISOT Fake News ∼44900 Boolean U.S. Pol. & World news popular in other research
https://www.uvic.ca/engineering/ece/ isot/datasets/

Snopes Checked ∼300 Likert (5) World news includes some context
https://github.com/sfu-discourse-lab/MisInfoText

words carry, emoji use, grammar or deeper syntaxes
and many more features. The sentiment is usually
represented as a scale from -1 to 1; negative to
positive with neutral in the middle (0). Constructing
a knowledge base using sentiment data could prove
to be a valuable comparator for unverified articles.

C. The dataset

A final specification that needs to be made is the
dataset to use. There are some requirements that the
set has to fulfil, namely the dataset must contain:

1) the text of the articles
2) real news and fake news
3) an accurate veracity label per article
4) a large enough collection of articles

The cosen definition for fake news means that the
dataset should contain (fake)news articles. A verac-
ity assessment is necessary for training the model,
building a ground truth and verification of the model.
Since requirement 2 requires building or obtaining a
knowledge base to compare things to, the dataset
must be extensive enough. A dataset that is too small
will create a ground truth with more holes than
information, likely resulting in inferior results. Then
there are some datasets qualities that, if the choices
allow it, would be nice to have:

5) popularity among other papers
6) an extremely large collection of data
7) diverse topics
8) diverse sources
9) contextual data

The benefits of these additional requirements could
improve accuracy or be valuable in other ways. If
a dataset is popular, it can be used as a bench-
mark, comparing this project’s achievements to an-
other work. If the dataset is extensive (¿20k entries)
processing times will increase, which is a minor trade
for a lower estimation variance and better prediction
[43]. However, not all data is valuable, especially
in a large set; to keep the data relevant individual
samples must be examined. A broader range of topics
decreases the chance of overfitting. If the ground
truth only covers a single topic (like the United States
presidential elections) the model will likely generalise
very poorly to other topics. A diverse set of sources
helps prevent biases that may come with having a
single website as a source. Examples of these biases
are a dependency on a certain writing style or angle
on the subject. Finally, although contextual data is
not envisioned in the current specifications or design
process, it allows the model to be combined with
different models that do use contextual data.

With the information obtained in this section, a
choice for a dataset can be made. There are many
datasets readily available online, published by var-
ious organisations, for different reasons. Table III
was created as a compilation of some of the more
commonly used datasets that can be found online
to make a well-founded choice. (Note to the reader:
there is a section where the Snopes Checked set is
used to try something different). The choice fell on
the ISOT dataset.

The ISOT Fake News dataset X Ahmed 2018s []
has a large volume of data and slightly more diverse
topics than most other available datasets. The set
consists of two separate files: True.csv (21417 ‘real’
news articles) and Fake.csv (23481 fake news articles)

https://github.com/lutzhamel/fake-news/tree/master/data
https://github.com/thiagorainmaker77/liar_dataset
https://github.com/FakeNewsChallenge
https://www.kaggle.com/mdepak/fakenewsnet
https://www.kaggle.com/c/fake-news/data
https://www.kaggle.com/mrisdal/fake-news/data
https://www.uvic.ca/engineering/ece/isot/datasets/
https://github.com/sfu-discourse-lab/MisInfoText
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for a total of 44898 articles in a 48/52 split between
real/fake. The files contain the articles’ text body
along with the title, category, and publishing date.
The articles are mostly from the years 2016 and 2017.
The true category articles are scraped from reliable
news sources, while the fake ones come from verified
fake sources. The texts are processed to get rid of
textual hindrances like ads and HTML code.

VI. REALISATION

Based on figure 4 and the specification defined
in section V there is enough information to start
working on the prototypes. From those early models,
incremental improvements can be made using sample
testing, evaluation and literature. The setup uses
separate Jupyter Notebook files for each “large” step.
These files are called labs; each sets out to achieve a
goal, and when that goal is reached, the code will be
made more compact and used in the following lab
for a different goal.

A. Lab 01 – Sentiment analysis

The goal of the very first lab is to get the sen-
timent analysis running. There are many ways to
achieve sentiment analysis; build a custom model or
use one of the publicly available ones to python.
Since sentiment analysis is not a goal, but a tool
in this project, choosing an existing one makes the
most sense. The python Natural Language Processing
Toolkit (NLTK) is the most popular (and probably
extensive) python package for Natural Language Pro-
cessing (NLP) available. [44] is a well-structured tuto-
rial showing some of the different sentiment analysis
options that NLTK offers, how they were created and
how they work.

TABLE IV: sources of sentiment tools

technique word source

NLTK (VADER) everywhere
TextBlob product reviews
TextBlob + NaiveBayesAnalyzer movie reviews

After following the tutorial, there were three work-
ing techniques, ready to judge sentiments: VADER,
TextBlob & TextBlob+NaiveBayesAnalyzer. Table IV
outlines the sources used to train the analysis mod-
els. As the original paper of VADER [45] describes,
models trained on specific topics or sources may
outperform a more general model in their own do-
main. However, they will generalise worse to new
topics and sources. Considering that this project is
supposed to work across various topics, choosing
VADER makes the most sense. So for the coming labs,
VADER will be employed to derive sentiments from
statements.

VADER or Valence Aware Dictionary for Senti-
ment Reasoning works by summing up each word’s
sentiment values. By letting many humans assign

sentiment values to many words, the creators have
formulated a dictionary that rather accurately reflects
people’s feelings towards words. However, language
is not so simple as a dictionary. Some words act like
modifiers; adverbs like “not” invert meanings and
those like “very” and “slightly” change the intensity
of other words. Capitalisation can also change the
intensity of message. VADER picks up on these mod-
ifications, table V illustrates a simple example. When
a sentence is processed using VADER, it returns four
values: the degree of positivity, negativity, neutrality
(in the range [0,1]) and a compound score combining
the previous three (in the range [-1,1]). This project
will use the compound score, some nuance may be
lost, but the score is accurate enough. This lab’s code
can be found in appendix A or on the project GitHub.

TABLE V: VADER applied to modified sentences

Sentence Sentiment

I am not happy -0.4585
I am slightly happy 0.5279
I am happy 0.5719
I AM HAPPY 0.5719
I am very happy 0.6115

B. Lab 02 – Triple extraction

The goal of the second lab is to enable triple
extraction. The only option that came up to achieve
this task was the Stanford OpenIE[46], a Java
implementation of [47] in a python wrapper. It is
part of Stanford CoreNLP, and takes quite some
effort to get working package wise. But once it
works, it proves to be a powerful tool. In the lab,
the following text:https://github.com/emielsteegh/
Fighting Fake News/blob/master/labs/sources/
article corona vaccine.txt
is transformed into a triple network. Using the
GraphViz package, which also has a more compli-
cated install process than most packages, the triple
network is visualised as follows:https://github.com/
emielsteegh/Fighting Fake News/blob/master/
labs/out/graph.svg.
(Note: The image was far too large to be placed in
the appendix)

The Stanford OpenIE implementation works by
splitting each sentence into clauses. These clauses are
shortened as much as possible resulting in sentence
fragmants. Those sentences are then turned into Ope-
nIE triplets using natural logic [46]. These triples are
then stored for the user to employ.

As a next step building a knowledge base is not
necessary for a model that uses semantic triples.
Wikipedia is the most extensive collection of free
knowledge. A large part of this information is avail-
able as a knowledge graph under the DBpedia project
[48]. This information network is accessible through
SPARQL. The extracted knowledge from the article
in the previous paragraph could be compared to this
network. Adapting figure 4 to the the triple approach

https://github.com/emielsteegh/Fighting_Fake_News/blob/master/labs/sources/article_corona_vaccine.txt
https://github.com/emielsteegh/Fighting_Fake_News/blob/master/labs/sources/article_corona_vaccine.txt
https://github.com/emielsteegh/Fighting_Fake_News/blob/master/labs/sources/article_corona_vaccine.txt
https://github.com/emielsteegh/Fighting_Fake_News/blob/master/labs/out/graph.svg
https://github.com/emielsteegh/Fighting_Fake_News/blob/master/labs/out/graph.svg
https://github.com/emielsteegh/Fighting_Fake_News/blob/master/labs/out/graph.svg
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Fig. 6: Triple extraction and comparison model

with DBpedia results in figure 6. However, there are
some significant problems:

1) Knowledge gaps.
Consider the triple (Jack;president;moon). The
“moon” object most likely has no president,
and the predicate “jack” could be any person.
A knowledge graph like DBpedia can only be
used to verify true statements, while uncovered
knowledge does not make it false. The triple
(house;painted;yellow) may very well be true,
but such a statement cannot be verified as long
as the relationship does not exist in the graph.

2) Speed.
Generating triples from a medium-sized article
like the one used in this lab takes half a minute
on a decently powerful machine. It resulted
in a little over 400 triples. Then they have to
be compared to over 4.5 million entries in the
DBpedia knowledge base.

3) Accuracy.
Although the results of OpenIE are impressive,
for larger bodies of text, they are also too messy.
The over 400 triples contain many duplicates
and unnecessary information.

The first problem can likely be solved or worked
around. However, to attain a workable speed, this
project will need optimisation or a form of cloud
computing outside. Solving the third problem would
need a form of complex preprocessing. These latter
problems are most likely beyond this project’s ex-
pertise and scope. For these reasons, RDF triples are
abandoned as a form of knowledge that is achievable.
The project will continue to focus solely on using sen-
timent as a knowledge representation in the following
labs. This lab’s code can be found in appendix B or
on the project GitHub.

C. Lab 03 – Sentiment model

Now that the decision has been made to pursue
sentiment as knowledge, it is time to work out how
sentiment should be employed. This lab develops the
idea of a sentiment sequence for each article, a series
of sentiment values, one for each sentence in order.

A custom module (ArticleModule.py on the
GitHub) was written to store articles along with their
sentiments and statistical features. It also included the
definitions for processing functions. However, this
support module was abandoned in favour of using
the Pandas Dataframe to store data. They make the
process easier, faster and more scalable. Dataframes
include operations for viewing and manipulation,
and the NumPy integration enables faster calcula-
tions. The following lab will deal with turning ev-
erything so far into a smooth pandas experience.

From this lab on the NLTK Punkt module is used
to split articles into sentences. A manual rule-based
sentence splitter function was adapted, too. However,
Punkt was faster and outperformed it consistently.
These split sentences can then be processed one by
one using the first lab’s VADER approach to reach a
fingerprint. To generate more data NumPy’s describe
is used on the fingerprint. Describe delivers statistical
features of a set of numbers: the count, mean, stan-
dard deviation, min, interquartile values and max.
This description creates some more complex data that
may prove to have value in decision making at a later
stage.

As a final step in this lab, some fingerprints are vi-
sualised to understand the data better. The dataset is
loaded in, and a sample of four authentic articles are
compared with four pieces of fake news. Using Mat-
PlotLib figure 7 was created. Figure 7 does give any
clear conclusions, but after viewing many of these
graphs, some observations can be made. Articles vary
in length greatly, going from 5 or fewer sentences
to over 30. Varying length is likely something that
needs to be dealt with in a later lab. Articles tend to
centre around neutrality; it cannot be said that fake
news or real news tends more towards positivity or
negativity than the other. Both seem to be slightly
more positive than negative. This lab’s code can be
found in appendix C and D or on the project GitHub.

D. Lab 04 – Sentiment pre-processing

The goal of this lab is to process the entire dataset
to sentiment sequences. In the previous lab, individ-
ual articles were be processed into their fingerprints.
That process must be scaled up to deal with the
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Fig. 7: Sentiment sequences of 4 fake (red) and 4 real (green) articles

40.000+ instances of the ISOT dataset. Optimisation
is essential here. The VADER module is fast, and the
NLTK Punkt module is fast too. However, if the total
time per article averages around 200ms, the entire
processing will take around three hours. So using for-
loops to go over the set is not an option.

Fig. 8: Up- and downsampling a sequence (from
30 to 100 and 10)

The preprocessing starts with loading the dataset,
then describing the individual functions. The func-
tions required are: splitting text into sentences, sen-
tences into sentiments, a set of sentiments into sta-
tistical features, and then resampling the sentiment
sequence so that everything is of equal length. There

are a few ways to go about this, resampling (up or
down) or clipping and padding. The two different
sampling methods are shown in figure 8. In upsam-
pling (or interpolation) data is created between the
points to fill the space, e.g. allowing twenty points
of data to become one hundred. In downsampling,
the data is compressed to fewer points by taking the
mean of buckets of data. In the case of padding and
clipping sequences that are too short are filled with a
padding number that is to be ignored later. Sequences
that are too long are cut off to the amount of desired
numbers, either removing them at the start or end of
the sequence.

By performing some simple data analysis on the
sentence count of all articles, it becomes clear that
more than 99.5% of the articles contain under one
hundred sentences. Downsampling to a too low num-
ber will remove nuance but has the benefit of being
easier to process. Upsampling does the opposite,
choosing a number that encapsulates all possible
sentence counts preserves all nuance but creates an
unnecessary amount of data, making using the new
set more difficult. Clipping and cutting is fast and
does not create data that does not exist but seemed
like a too lossy approach in this stage, so sampling
was chosen instead. A sample rate of 200 sentiment
points per article was selected to accommodate for
longer articles.

With all the functions ready, the dataset is shrunk
down to 8 instances to avoid getting stuck waiting
for the entire corpus to process in the likely case that
it does not work the first time. Applying the code to
such a small batch allows for quicker testing and de-
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Fig. 9: Simple illustration of the vanishing gradient problem

bugging. All the functions were turned into a single
efficient function use on the article text column of the
DataFrame through Panda’s apply function. Apply is
a much faster way of modifying a DataFrame than
looping over the data individually because it makes
it a vector function. Finally, when everything seemed
to be in working order, the process was started for
the entire dataset—resulting in a processed dataset
containing the veracity label, statistical features and
the sentiment sequence spread over 200 columns. The
whole process took only 6 minutes and 23 seconds,
so it seems like the optimisation decision paid off.
Finally, this set is exported as a .csv file for use in
Weka and following labs. This lab’s code can be found
in appendix E or on the project GitHub.

With the dataset exported, it can be used to obtain
the very first results. Weka [49] is an open-source
machine learning software that can be used for pow-
erful data mining and analysis. First, the dataset is
loaded into Weka and the veracity label is selected
as the class to identify. Using the ZeroR classifier
gets the baseline of ∼51.6208%. ZeroR chooses the
class that occurs most frequently for every instance.
Since there are more fake articles than true ones,
it predicts fake every time and does slightly better
than random. Running the Weka default implemen-
tation of multinomial logistic regression on the entire
dataset results in a classification accuracy of ∼58.38%.
However, when going back one step and removing
the sentiment sequences from the dataset, thus using
only the sentiment statistics, the accuracy rises to
∼59.65%. This means that in the current approach
the sentiment sequences only cloud the machine’s
judgement. Still, sentiment statistics offers a little over
6% increase from the baseline. A promising sign that
there may be better results to be obtained with better
modelling.

E. Lab 05 – Recurrent neural network

The sentiment sequence approach needs to be re-
vised. Lab 04 showed promise in the overall senti-
ment approach, but the realisation of the sequences
was not adequate. Since the problem is in sequence
form, using logistic regression makes little sense, the
patterns the model is looking for do not have to exist

in the same location. Article sentiments are ordered
sequence data, and the order may very well matter.
This is where RNNs (Recurrent Neural Networks)
[50] come in. Recurrent neural networks are neural
networks (like logistic regression used in the previous
lab), but they have closed-loop feedback systems.
This feedback allows them to “remember” what hap-
pened in a previous part of the sequence. RNNs
“have addressed problems involving dynamical sys-
tems with time sequences of events”[50] much like
the system at hand.

The basic RNN tends to forget things or remem-
ber them too well for long sequences of data. This
behaviour is called the exploding and vanishing gra-
dient problem[51, 52]. The nodes in a default RNN
propagate their value to the next node. The next node
gets the next sequence value as well as the value
propagated by the previous node. If the weight of
the previous node’s value is smaller than or equal
to the new sequence input, the value will vanish.
Figure 9 was created to illustrate this problem better,
with a 50/50 split between sequence and previous
node input, A only counts for 25% of the weight.
The opposite happens when the previous node is
weighted stronger than the new sequence input. In
that case, the exploding gradient problem happens,
and A will overpower other sequence values. With
shorter sequences or ones where only the first or
last part is significant, this matters less. However, the
sequence data coming from the articles are long and
distributed. So, a solution is necessary.

The LSTM (Long Short-Term Memory) is a type of
RNN that seeks to remedy the vanishing/exploding
gradient problem [53]. The LSTM node has a more
complex architecture than the default RNN node. It
takes the previous node’s input and the sequence
input; it takes a memory state input and creates
one. Inside there are gates that allow the nodes to
“forget” and “remember”, making the model much
better suited for longer sequences and more complex
data.

The TensorFlow module for python offers access
to the Keras deep learning API. Keras can be used
to build and implement LSTM models. However, the
layers take NumPy vectors as inputs, so lab 4 has to
be reworked to fit this input requirement. Since the
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sentiment pre-processing needs changes and Keras
allows masking layers, clipping and padding makes
more sense than sampling. Using a padding value
like -10 that does not exist in the sequence data does
not interfere with the data. No uncesseary manip-
ulation like the creation or degradation of data has
to happen, which is likely better for accuracy. The
masking layer will let the model know to ignore the
-10 values before taking the sequence. The sequence
length is determined to be capped at 100, longer se-
quences mean longer processing and building times,
and anything longer will have to do with only the
last 100 sentences.

With the data prepared once again, it is time to
shuffle it and split it into a training and testing set
of inputs (X) and outputs (y). The test set comprises
about 40% of the total data, a large enough chunk
for evaluation. Both the training and testing sets have
about the same division of classes to reduce biases.

Fig. 10: Final LSTM-model design

The design of the stacked LSTM was a bit of trial
and error. More complex models take much longer
to train than simpler models, and more complexity
does not keep adding value forever. A too simple
model will be unable to make sense of the data.
The model design constraints require it to begin with
an input layer, then a masking layer and end on a
dense layer. The dense layer with a sigmoid activa-
tion function at the end will flatten whatever comes
before it and change it to a value in the range [0,1]
from fake to real. An essential addition to the model
is the use of dropout layers in between. Dropout
layers set random input units to zero. Doing this
prevents overfitting. Without these layers, the LSTMs
(especially in a stacked design) will learn the entire
dataset achieving 100% accuracy on the training set

and scoring near 0% on the test set.

The middle part of the model, between the mask-
ing and the dense layer, are open for trial. The start
was a simple LSTM layer of 100 units, matching the
maximum input data, getting accuracies of around
60%. More experimenting led to deeper (stacked)
LSTMs with smaller layers, the deeper they get per-
forming better. Finally, the design settled on a deep
narrowing model described in figure 10. After 40
epochs of training with a batch size of 64, the model
achieved an accuracy of 64.1%. This lab’s code and
the training history (loss and accuracy) graphs can be
found in appendix F or on the project GitHub.

F. Lab 06 - Snopes Improvements

This lab was meant to improve the LSTM and use
it on the Snopes dataset but the attempt was aban-
doned. The architecture improvements were moved
to lab 5. However, the code is still available in ap-
pendix G and on the project GitHub.

G. Lab 07 – Sentiment & Topic

Using a sentiment sequence is hardly a ground
truth approach. Yes, any new instance is ultimately
compared to what is known as true and fake. How-
ever, the ground truth theory focusses more on
whether a statement is true. Using sentiment to figure
out whether true articles agree or disagree with a
statement or topic was the proposed idea. To achieve
this, it is necessary to pair the article’s topic to the
sentiment and the veracity label.

Ideally, this lab would result in a sentence level
topic model. However, that is far beyond this project’s
scope, considering that sentence-level topic detection
is already extremely challenging with the current
state of the art technology. A related approach that
is achievable is article-level topic modelling using
LDA (Latent Dirichlet Allocation) [54]. LDA is an
NLP machine learning model that can automatically
discover topics across a corpus of documents. It
views each document in the corpus as a mixture of
various corpus-wide topics. Each topic is observed as
a distribution of words, and each document consists
of a distribution of words. How well the document
distribution fits the various topic distributions gives
away which topics it is likely to belong to. The
Gensim module for python is the most popular topic
modelling library; it is easy to work with and has
solid documentation.
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Fig. 11: Sentiment & topic knowledge base creation architecture

Fig. 12: Text preprocessing method

1) Getting started: Figure 11 outlines how to build
the sentiment and topic knowledge base. The first
task in getting to the topic allocation is pre-processing
the entire text. Because this is a long process, it
is outlined further in figure 12. The goal of pre-
processing the text is to get it to a machine-readable
format, a numeric vector. Pre-processing start with
removing all the capitalisation form the text, the
meaning of “Election” is the same as “election”. The
next step is tokenising, using Gensim’s simple pre-
process function, a document is split into individual
words. If the word is removed if it is on the list of
stopwords: supporting words without topical mean-
ing (e.g. it, the, than, but). The word is also removed if
it is three characters or less, as they likely contribute
little meaning.

2) Lemmatisation and stemming: Next is lemmati-
sation, changing words to their base form (e.g. “bet-
ter”:“good”, “are”:”be”, “playing”:”play”). Lemmatisa-
tion uses a dictionary of words and their roots to
transform them. In the following step, the words are
stemmed. Stemming is similar to lemmatisation but
works on a rule based method removing common
prefixes and suffixes (e.g. “troubled”:”troubl”, “cap-
tion”:”capt”). This makes stemming less accurate than
lemmatisation. However, the advantage of stemming
is that it is fast and includes any words the lem-
matiser missed because the word did not exist in
the dictionary. The specific stemming ruleset used is
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Fig. 13: Additional steps during first time text preprocessing

Porter and the lemmatiser comes from WordNet.

3) N-grams: The next step is placing bi and tri-
grams in the text. A bigram is a pair of words
that commonly occurs together like ”white house”,
it makes sense to change them into one word for
the machine “white house” as this combined word
has a separate meaning from the words apart. A
trigram is the same thing with three words, like
“president barack obama”. In order to figure out
which word combinations are a good fit for these n-
gams, the entire corpus must be processed so far and
fed to Gensim’s Phrases module. This module figures
out which words frequently occur together relative
to their total separate occurrences. If the combination
exceeds a certain threshold, they are added to the
bi or trigram dictionary. Choosing the right thresh-
old values determines wether the n-grams will add
value or create chaos. After some experimentation the
threshold settled on 20, the min count remained at
it’s default value 5. The n-gram calculation process
is step A in figure 12 and 13. Step A only needs
to happen once: during the initial processing of the
corpus.

4) Dictionary and bag of words: With the n-grams
placed, it is now time to turn the text into a bag
of words. A bag of words is a text representation
that assigns words an ID based on their occurrence
in the model’s dictionary and counts how frequently
that word occurs. In order to transform a document
into a bag of words, a dictionary is needed first.
Creating a dictionary is a side step (B in figure 12
and 13) that needs to be performed once during the
initial processing of the corpus. The dictionary first
consists of all the words in the processed corpus so
far, in alphabetic order, for the corpus so far that
are 116.439 words. The dictionary contains far too
many words, most likely have little influence on the
topic. So, extremes are removed; words that exist too
frequently and too infrequently and the dictionary
is down to 21.592 words. Using this dictionary, each
document is turned into a bag of words. If a word in
the sentence is not in the dictionary, it is ignored.

5) TF-IDF: The bag of words is turned into a
TF-IDF (term frequency-inverse document frequency)
representation. It is a statistical measure of word
frequency related to the frequency of the total oc-
currences. To turn the bag of words into a TF-IDF
one last side-step must be made during the first
processing (C in figure 12 and 13). The genism TF-
IDF model function takes all the bag of words made
from the corpus and turns it into the new model.
With every document in the corpus turned into TF-
IDF representation, pre-processing is done, and the
LDA can be trained.

6) Training the LDA: Using Gensim, training the
LDA is only a matter of plugging the pre-processed
corpus into the LDA Multicore function. The mul-
ticore variant allows the machine to calculate the
model using all except one core, considerably speed-
ing up the process. The most important action dur-
ing this stage is choosing the “best” parameters for
the model. The evaluation metric to check if every-
thing went well is the coherence score, calculated by
Gensim’s coherence model. The score range from 0
(no coherence) to 1 (perfect coherence). If the score
reaches one, something went wrong; perfect coher-
ence should be impossible to achieve in a corpus
like this one. It seems that 0.6 is a good goal for the
score. The number of topics is the essential parameter
to set. It signifies how many topics the LDA is
looking for—picking too few results in large, abstract
categories—choosing a too high number results in
micro categories that are unlikely to match new data
or make sense in the real world. Using the coherence
model and the PyLDAvis module to view and explore
the modelled topics (some examples in appendix
I), a total of 15 topics—with TFIDF input instead
of a bag of words—was selected that achieved a
coherence score of 0.53. This lab’s code can be found
in appendix H or on the project GitHub.

7) Results: To check wether topic modelling was
effective to some degree the topic predictions of each
article are combined with their sentiment average.
This data is exported to a csv file again and loaded
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Fig. 14: Final knowledge base creation model

into the Weka explorer. The J48 model at the de-
fault weka implementation with a modification of a
minimum of 50 leaves (to prevent overfitting) per
branch resulted in the accuracies displayed in table
VI. From this table the observation can be made that
althought the average sentiment adds value on it’s
own, it worsens the accuracy when paired with the
topic predictions. The topic predictions on the other
hand seem to be a rather potent measure of veracity.

TABLE VI: Weka J48 (50 leaves) results of topic
and avg. sentiment data

Input data Correct (%)

only avg. sentiment 54.74%
topic prediction + average sentiment 77.53%
only topic prediction 77.68%

H. Lab 08 – Model combination

The goal of this final lab is to combine the efforts
of lab 5 and 7. The intention of the topic modelling
in lab 7 was never to combine it with the average
article sentiment for data. So a final combined model
as described in figure 14 is created. The model creates
topic predictions, the LSTM prediction and statistical
features for every article and combines them with the
veracity label. This data becomes a new row in the
final data frame. After about 4 hours of processing
the model is done creating the knowledge base. It can
be taken to the Weka explorer to create the machine
learning model that will compare new data to the
existing information.

Sampling different machine learning algorithms in
Weka J48 came out on top again. J48 is a decision
tree algorithm. It achieved 79.8% correctly classified
instances in 10-fold training. The model scores 2.2%
higher than topics modelling alone. Again the code
can be found in appendix J and on the project
GitHub.
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VII. EVALUATION

A. Requirements revisited

The evaluation’s first assessment is whether the
model achieved the early requirements set out in
table II.

1. The model can extract knowledge from raw infor-
mation. A liberal view of knowledge was adapted:
an article’s sentiment sequence and statistics along
with its distribution over topics. This knowledge
theoretically shows the stance of the author towards
the topic. It is not as nuanced as a sentence level
stance detection with sentiment or using triples to
represent facts, but it did work.

2. The model has a knowledge base. With the knowl-
edge definition of requirement 1, this requirement is
a clear success. All 44.000+ articles were processed to
form a knowledge base.

3. The model can compare new knowledge to the knowl-
edge base. This requirement was achieved using Weka.
The Weka model for comparison was easily moved
from the explorer into python, where it was able to
judge new articles.

4. The model can conclude a comparison. The model
delivers a truth of fake news verdict from the com-
parison. However, the verdict could be improved by
including an uncertainty category. Since the compar-
ison model uses a decision tree, there is no scale
between true and fake, it always acts with certainty,
even when it should not be.

5. The model should be more accurate than the baseline.
The model did better than the baseline. From 52% to
79% is a decent improvement.

6. The model can improve an existing model. This was
never explicitly attempted. The sentiment part of the
knowledge did marginally improve only topic detec-
tion. So theoretically, the model, parts, or principles
can be implemented in a different model. Neverthe-
less, the requirement remains unproven.

7.The model can process information in a timely man-
ner. Although a timely manner is a vague require-
ment; the model takes a little under half a second
to reach a verdict about a new article. Half a second
is very usable in single-user applications. However,
for processing large amounts of data for a team of
researchers, this is inadequate. Although, in lab 8 –
model combination, little attention was paid to batch
optimisation or vectorisation, so there is probably
something to gain.

B. F1-score

A standard measure for performance in classifica-
tion problems is the F1 score. Instance classification
accuracy, used in the document previously is not the
best measure for performance. The F1 score instead

takes false positives (FP) and false negatives (FN) into
account better. The formula to calculate it is:

F1 =
TruePositives

TP + 1
2 (FP + FN)

When plugging in the false positives and negatives
as can be seen in the confusion matrix, table VII an F1
score of 0.798% is discovered. This is not surprising
as the false positive and negative categories are of
roughly the same size.

TABLE VII: Confusion matrix final model

Classified

Fake True

Actually Fake 19595 3886 (FP)

True 5181 (FN) 16236

C. Case examination

A case examination was conducted where random
articles were sampled and the model’s verdict was
studied. An observation was that the model is usually
not very sure about the topics, but is unsure in the
right direction. The added sentiment statistics play
a small role but are sometimes used as a tie-breaker
when the topic and LSTM prediction did were not
sufficient for a verdict. A deeper analysis of topics
using visualisation methods could have given larger
insights but was not achievable within the project’s
timeframe.

VIII. CONCLUSIONS

This paper proposes a sentiment approach to fake
news classification. Following a ground truth theory,
an attempt is made to use sentiment data as a way to
define an author’s stance towards a topic. In the final
stages it achieved a 80% accuracy. When the project
was started, accuracies were in the neighbourhood
of 95% [55]. At the time of writing, papers have
been published achieving scores of 99.8% and higher
[56, 57]. The results of this project fall somewhat
flat in comparison to newer state of the art models.
Nevertheless, to the author’s best knowledge, this is
the first time sentiment has been used as an attempt
towards stance detection for fake news. Although [58]
suggests that sentiment sequences may be a weak
indicator of credibility, this project managed to use
them to add a small amount of value.

IX. FUTURE WORK

The ground truth approach, especially a well-
developed, nuanced one may deliver much more
value than the current state of the art black-box
models. Suppose a ground truth model can give a
reason why an article or a part of an article is risky.
That opens up a path to better handling fake news,
even if the ground truth model’s accuracy lies lower



21

than 100%. Explainable machine learning has been
attracting more attention, and the fake news problem
could benefit from it.

The sentiment approach could be refined down to
sentence or claim level as a step in the right direction.
Alternatively, triple detection improvements could be
a big step towards a ground truth model that can
offer human-interpretable decisions.
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APPENDIX



https://investigate.ai/investigating-sentiment-analysis/comparing-sentiment-analysis-tools/

import nltk

nltk.download('vader_lexicon')
nltk.download('movie_reviews')
nltk.download('punkt')

from nltk.sentiment.vader import SentimentIntensityAnalyzer as SIA

sia = SIA()
print(sia.polarity_scores("The corona vaccine contains dangerous chemicals"))
print(sia.polarity_scores("The corona vaccine contains only safe ingredients and is harmless"))
print(sia.polarity_scores("The corona vaccine contains a compound called Formaldehyde"))

from textblob import TextBlob
from textblob import Blobber
from textblob.sentiments import NaiveBayesAnalyzer

print((TextBlob("The corona vaccine contains dangerous chemicals")).sentiment)
print((TextBlob("The corona vaccine contains only safe ingredients and is harmless")).sentiment)
print((TextBlob("The corona vaccine contains a compound called Formaldehyde")).sentiment)

posneg = Blobber(analyzer=NaiveBayesAnalyzer())

print((posneg("The corona vaccine contains dangerous chemicals")).sentiment)
print((posneg("The corona vaccine contains only safe ingredients and is harmless")).sentiment)
print((posneg("The corona vaccine contains a compound called Formaldehyde")).sentiment)

import pandas as pd
pd.set_option("display.max_colwidth", 200)

df = pd.DataFrame({'content': [
"I love love love love this kitten",
"I hate hate hate hate this keyboard",
"I'm not sure how I feel about toast",
"Did you see the baseball game yesterday?",
"The package was delivered late and the contents were broken",
"Trashy television shows are some of my favorites",
"I'm seeing a Kubrick film tomorrow, I hear not so great things about it.",
"I find chirping birds irritating, but I know I'm not the only one",
"--------------------------------------",
"The corona vaccine contains dangerous chemicals",
"The corona vaccine contains only safe ingredients and is harmless",
"The corona vaccine contains a compound called Formaldehyde",

]})
df



0.500000 -0.087933 0.957100

-0.800000 -0.214151 -0.941300

-0.250000 0.394659 -0.241100

-0.400000 0.613050 0.000000

-0.350000 -0.574270 -0.476700

0.000000 0.040076 0.421500

0.800000 0.717875 -0.629600

-0.200000 0.257148 -0.250000

0.000000 0.000000 0.000000

-0.600000 -0.463376 -0.476700

0.250000 0.248249 0.599400

0.000000 -0.184014 0.000000

def get_scores(content):
blob = TextBlob(content)
nb_blob = posneg(content)
sia_scores = sia.polarity_scores(content)

    
return pd.Series({

'content': content,
'textblob': blob.sentiment.polarity,
'textblob_bayes': nb_blob.sentiment.p_pos - nb_blob.sentiment.p_neg,
'nltk': sia_scores['compound'],

})

scores = df.content.apply(get_scores)
scores.style.background_gradient(cmap='RdYlGn', axis=None, low=0.4, high=0.4)



from openie import StanfordOpenIE # first get torch from pytorch.org/get-started/locally

import os

import networkx as nx
import matplotlib.pyplot as plt
from IPython.display import Image
from IPython.display import SVG
print('imports done')

new_keys = {'subject':'S', 'relation':'P', 'object':'O'}
def change_triple_keys(triple):

return dict((new_keys[key], value) for (key, value) in triple.items())

def generate_text_graph(triples: dict = None, svg_filename: str = 'out/graph.svg'):
graph = nx.MultiDiGraph()
triple_count = len(triples)
for idx, sor in enumerate(triples):

if idx%round(triple_count/10) == 0:
print(idx," ",sor)

graph.add_edge(sor['subject'], sor['object'], label=sor['relation'])

print(graph)

pos=nx.spring_layout(graph)

p=nx.drawing.nx_pydot.to_pydot(graph)
p.write_svg(svg_filename)
return svg_filename

sample_sentences = ["The corona vaccine contains dangerous chemicals",
"The corona vaccine contains only safe ingredients and is harmless",
"The corona vaccine contains a compound called Formaldehyde"]

with StanfordOpenIE() as client:
for sentence in sample_sentences:

print('\n__ %s.' % sentence)
for triple in client.annotate(sentence):

print('|-', change_triple_keys(triple))

txt_path = os.path.join('sources', 'article_corona_vaccine.txt')
extracted_triples = list()
with StanfordOpenIE() as client:

with open(txt_path, 'r', encoding='utf-8') as r:
text = r.read().replace('\n', ' ').replace('\r', '')
extracted_triples = client.annotate(text, simple_format=True)
print('\n',text[:500:],'\n', ) # to check the formatting
print('Found %s triples in the corpus.' % len(extracted_triples))

SVG(generate_text_graph(extracted_triples))
print('done')





import os
from ArticleModule import Article

import pandas as pd
pd.set_option("display.precision", 3)

import matplotlib.pyplot as plt
%matplotlib inline 
plt.close('all')

test_article = None

txt_path = os.path.join('sources', 'article_corona_vaccine.txt')
with open(txt_path, 'r', encoding='utf-8') as r:

text = r.read().replace('\n', ' ').replace('\r', '')
test_article = Article(text, "Corona Test Article", 1)

print(test_article.article_text)

print(test_article.article_title)
print(test_article.stats)

fingerprint = test_article.data.plot(y='score', x='marker')
fingerprint

dataset_path = os.path.join("sources", "snopes_checked_v02.csv")
dataset_load = pd.read_csv(dataset_path, encoding='ANSI')
dataset_load.head()



dataset = pd.DataFrame({
'title': dataset_load['article_title_phase2'],
'body': dataset_load['original_article_text_phase2'],
'category': dataset_load['article_category_phase1'],
'published': dataset_load['publish_date_phase2'],
'descr_rating': dataset_load['fact_rating_phase1']

})

def apply_rating(content):
if content in ['mixture', 'mostly false', 'FALSE']:

return 0
if content in ['mostly true', 'TRUE']:

return 1

dataset['rating'] = dataset['descr_rating'].apply(apply_rating)
dataset.head()

articles = []
for index, entry in dataset.iterrows():

articles.append(Article(entry['body'], entry['title'], entry['rating']))

articles_fake = []
articles_true = []
for article in articles:

if article.rating:
articles_true.append(article)

else:
articles_fake.append(article)

import random

t = random.sample(articles_true, 2)
f = random.sample(articles_fake, 2)

#plt.plot(t[0].data.marker, t[0].data.score, '-', color="#90ee90") #light green
plt.plot(t[1].data.marker, t[1].data.score, '-', color="#018b20") #dark green
#plt.plot(f[0].data.marker, f[0].data.score, '-', color="#ffcccb") #light red
plt.plot(f[1].data.marker, f[1].data.score, '-', color="#8b4040") #dark red
plt.xlabel("Sentence ( x / article total )")
plt.ylabel("Compound sentiment")
plt.ylim([-1, 1])

display(f[0].article_text)



import nltk
from nltk.sentiment.vader import SentimentIntensityAnalyzer as SIA
import os
import re
import pandas as pd

#Vars for manual sentence splitter
alphabets = "([A-Za-z])"
prefixes = "(Mr|St|Mrs|Ms|Dr|Prof|Capt|Cpt|Lt|Mt)[.]"
suffixes = "(Inc|Ltd|Jr|Sr|Co)"
starters = "(Mr|Mrs|Ms|Dr|He\s|She\s|It\s|They\s|Their\s|Our\s|We\s|But\s|However\s|That\s|This\s|Wherever)"
acronyms = "([A-Z][.][A-Z][.](?:[A-Z][.])?)"
websites = "[.](com|net|org|io|gov|me|edu|nl|be|de)"

#file for punkt splitter
nltk.download('punkt')

#file for vader sentiment
nltk.download('vader_lexicon')

#sia
sia = SIA()

class Article:
    def __init__(self, article_text_in, article_title_in, rating_in):
        self.article_text = article_text_in
        self.article_title = article_title_in
        self.rating = rating_in
        self.prediction = None

        self.data = pd.DataFrame()

        self.set_sentences_manual()
        self.set_sentiments()

        self.stats = self.data['score'].describe()

        self.set_markers()

    def set_sentences_manual(self):
        # splitting sentences more or less manually
        # https://stackoverflow.com/questions/4576077/how-can-i-split-a-text-into-sentences
        # -*- coding: utf-8 -*-
        text = self.article_text
        text = " " + text + "  "
        text = text.replace("\n", " ")
        text = re.sub(prefixes, "\\1<prd>", text)
        text = re.sub(websites, "<prd>\\1", text)
        if "Ph.D" in text: text = text.replace("Ph.D.", "Ph<prd>D<prd>")
        text = re.sub("\s" + alphabets + "[.] ", " \\1<prd> ", text)
        text = re.sub(acronyms + " " + starters, "\\1<stop> \\2", text)
        text = re.sub(alphabets + "[.]" + alphabets + "[.]" + alphabets + "[.]", "\\1<prd>\\2<prd>\\3<prd>", text)
        text = re.sub(alphabets + "[.]" + alphabets + "[.]", "\\1<prd>\\2<prd>", text)
        text = re.sub(" " + suffixes + "[.] " + starters, " \\1<stop> \\2", text)
        text = re.sub(" " + suffixes + "[.]", " \\1<prd>", text)
        text = re.sub(" " + alphabets + "[.]", " \\1<prd>", text)
        if "”" in text: text = text.replace(".”", "”.")
        if "\"" in text: text = text.replace(".\"", "\".")
        if "!" in text: text = text.replace("!\"", "\"!")
        if "?" in text: text = text.replace("?\"", "\"?")
        if "..." in text: text = text.replace("...", "<prd><prd><prd>")
        text = text.replace(".", ".<stop>")
        text = text.replace("?", "?<stop>")
        text = text.replace("!", "!<stop>")
        text = text.replace("<prd>", ".")
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        sentences = text.split("<stop>")
        sentences = sentences[:-1]
        sentences = [s.strip() for s in sentences]

        self.data = pd.DataFrame({'sentence' : sentences})

        return None

    def set_sentences_punkt(self):
        self.data = pd.DataFrame({'sentence' : nltk.tokenize.sent_tokenize(self.article_text)})
        return None

    def get_scores(self, content, method='VADER'):
        if method == 'VADER':
            scores = sia.polarity_scores(content)['compound'] #list of compound score per sentence
        else:
            scores = None

        return pd.Series({
            'score': scores
        })

    def set_sentiments(self):
        self.data['score'] = self.data.sentence.apply(self.get_scores)
        return None

    def set_markers(self):
        self.data['marker'] = (self.data.index+1)/self.stats['count']
        return None
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Load the dataset
Split the text into sentences
Perform sentiment analysis on the sentences
Include statistical features
Resample the data to 150 points
Store it in a row of a dataframe
Export it to a csv

# imports
import os
import pandas as pd
import numpy as np

from nltk.sentiment.vader import SentimentIntensityAnalyzer as SIA
sia = SIA()

import nltk
#file for punkt splitter
nltk.download('punkt');
#file for vader sentiment
nltk.download('vader_lexicon');

import matplotlib.pyplot as plt
plt.rcParams["figure.figsize"]=20,20
%matplotlib inline

dataset_path_true = os.path.join("sources", "ISOT", "True.csv")
dataset_path_fake = os.path.join("sources", "ISOT", "Fake.csv")

dataset_load_true = pd.read_csv(dataset_path_true, encoding='utf-8') # make sure to use the right encoding
dataset_load_fake = pd.read_csv(dataset_path_fake, encoding='utf-8') 

display(dataset_load_true.head())
display(dataset_load_fake.head())



def split_sentences(article_text):
"""Takes a string, returns a list of its individual sentences ()"""
return pd.Series(nltk.tokenize.sent_tokenize(article_text))

sample_sentences = split_sentences(dataset_load_true.text[0])
display(sample_sentences.iloc[[0,1,-2,-1]])

def get_scores(text: list, method='VADER'):
if method == 'VADER':

scores = text.apply(lambda s: sia.polarity_scores(s)['compound']) #list of compound score per sentence
else:

scores = None

return scores

sample_scores = get_scores(sample_sentences)
print(sample_scores.iloc[[0,1,-2,-1]])

def get_stats(scores):
stats = scores.describe()
return stats

sample_stats = get_stats(sample_scores)
print(sample_stats)

def resample_to_x(scores, scores_len=0, x = 100, to_dict = False):
scores_len = len(scores)
if scores_len <= x: #resample to higher (or same) res

if scores_len > 1:
slope = (x - 1)/ (scores_len - 1)
new_indices = ['p_'+f'{int(slope * i):03}' for i in range(int(scores_len))]

new_scores = scores[:]
new_scores.index = new_indices

new_series = pd.Series(index = ['p_'+f'{i:03}' for i in range(int(x))], dtype='float64')

output = new_scores.combine_first(new_series)
output = output.interpolate()

elif scores_len == 1:
output = pd.Series(data = scores[0], index = ['p_'+f'{i:03}' for i in range(int(x))], dtype='float64')

else:
output = pd.Series(data = None, index = ['p_'+f'{i:03}' for i in range(int(x))], dtype='float64')

            
elif scores_len > x: #downscale ;(

y = int(np.ceil(len(scores)/x)) # bin size 
        

new_scores = [np.mean(i) for i in np.array_split(np.array(scores), x)]
output = pd.Series(data = new_scores, index = ['p_'+f'{i:03}' for i in range(int(x))], dtype='float64')

        
if not to_dict:

return output
else:

return output.to_dict()
    
sample_interp = resample_to_x(sample_scores, sample_stats['count'])



fig, axes = plt.subplots(nrows=3, ncols=1)
plt.subplots_adjust(hspace=0.8)

sample_scores.plot(ax=axes[0]);
axes[0].set_title('Original Scores');
axes[0].set_ylim([-1, 1])

sample_interp.plot(ax=axes[1]);
axes[1].set_title('Upsampled Scores');
axes[1].set_ylim([-1, 1])

downsample_interp = resample_to_x(sample_scores, sample_stats['count'], x=10)
downsample_interp.plot(ax=axes[2]);

axes[2].set_title('Downsampled Scores');
plt.xlabel("(relative) sentence number")
plt.ylabel("sentiment")
plt.ylim([-1, 1])

s1 = resample_to_x(get_scores(split_sentences(dataset_load_true.text[0])))
s2 = resample_to_x(get_scores(split_sentences(dataset_load_true.text[3])))
s3 = resample_to_x(get_scores(split_sentences(dataset_load_true.text[10])))

fig, axes = plt.subplots(nrows=3, ncols=1)
plt.subplots_adjust(hspace=0.8)

s1.plot(ax=axes[0]);
axes[0].set_title('Article 1 Sentiment Sequence');

s2.plot(ax=axes[1]);
axes[1].set_title('Article 2 Sentiment Sequence');

s3.plot(ax=axes[2]);
axes[2].set_title('Article 3 Sentiment Sequence');



def get_all(text, veracity: str, resample_size: int = 200):
try: 

# should all be dicts with the appropriate name
sentences = split_sentences(text) # list
scores = get_scores(sentences) #  list but ok, will be
stats = get_stats(scores) # dict yes!
scores_interp = resample_to_x(scores, stats['count'], resample_size, to_dict=True) # dict si (p_000 through p_res
v = {'veracity': veracity}
v.update(stats)
v.update(scores_interp)
return pd.Series(v)

except Exception as e:
print("ERROR on text: \n"+text+"\n\n",stats['count'])
raise e

# print(get_all(dataset_load_true.text[0], 1))

%%timeit

# this cell is for verifying that the method at least works on a small scale (8 instances)
# much quicker to debug than large scale (40k+ instances) ;(

resample_size = 200

cols = ['veracity', 'count', 'mean', 'std', 'min', '25%', '50%', '75%', 'max']
cols.extend(['p_'+f'{n:03}' for n in range(resample_size)])

miniset_true = dataset_load_true.head()
miniset_fake = dataset_load_fake.head()

miniset_prepro = pd.DataFrame(columns = cols)
miniset_prepro[cols] = miniset_true.text.apply(get_all, args=('T', resample_size));
miniset_prepro = pd.concat([miniset_prepro, (miniset_fake.text.apply(get_all, args=('F', resample_size)))], ignore_index=

miniset_prepro.iloc[[0,1,-2,-1]]
miniset_prepro.to_csv(os.path.join('out', 'mini_truefake.csv'), index=False)

%%time # takes about 6 minutes on my device so I recommend skipping this cell :)

resample_size = 200

cols = ['veracity', 'count', 'mean', 'std', 'min', '25%', '50%', '75%', 'max']
cols.extend(['p_'+f'{n:03}' for n in range(resample_size)])

dataset_prepro = pd.DataFrame(columns = cols)

print("We'll give it a shot!")
dataset_prepro[cols] = dataset_load_true.text.apply(get_all, args=('T', resample_size));
print("Woah, we're halfway there!")
dataset_prepro = pd.concat([dataset_prepro, (dataset_load_fake.text.apply(get_all, args=('F', resample_size)))], ignore_i
print("Woah, livin' on a prayer")

dataset_prepro = dataset_prepro[dataset_prepro['count'] != 0.0]

display(dataset_prepro)

display(dataset_prepro.head())

dataset_prepro.to_csv(os.path.join('out', 'truefake.csv'), index=False)



import tensorflow as tf
from tensorflow import keras
from tensorflow.keras import layers

from keras.models import Sequential
from keras.layers import LSTM, Dense, Dropout, Masking, Embedding

# imports
import os
import pandas as pd
import numpy as np

import random

from nltk.sentiment.vader import SentimentIntensityAnalyzer as SIA
sia = SIA()

import nltk
#file for punkt splitter
nltk.download('punkt');
#file for vader sentiment
nltk.download('vader_lexicon');

import matplotlib.pyplot as plt
plt.rcParams["figure.figsize"]=20,20
%matplotlib inline

series_len = 100
mask_value = -10
max_len = 0

def text_to_sentiments(text):
sentences = nltk.tokenize.sent_tokenize(text)
scores = [ sia.polarity_scores(s)['compound'] for s in sentences] #list of compound score per sentence

    
if len(scores) < series_len:

t = series_len - len(scores)
scores = np.pad(scores, (t, 0), mode='constant', constant_values=mask_value)
scores = scores.reshape((series_len, 1))

else:
scores = np.array(scores[(-1*series_len):])
scores = scores.reshape((series_len, 1))

        
return scores



%%time

df = None
try:

with open(os.path.join('out', 'truefake_series.pickle'), 'rb') as f: df = pickle.load(f)
print('Succesfully loaded data')

    
except FileNotFoundError:

print('ERROR: Couldn\'t find data, will start building it now...')
dataset_path_true = os.path.join("sources", "ISOT", "True.csv")
dataset_path_fake = os.path.join("sources", "ISOT", "Fake.csv")

dataset_load_true = pd.read_csv(dataset_path_true, encoding='utf-8') # make sure to use the right encoding
dataset_load_fake = pd.read_csv(dataset_path_fake, encoding='utf-8') 

    
df_T = pd.DataFrame(columns = ['scores', 'veracity'])
df_F = pd.DataFrame(columns = ['scores', 'veracity'])

df_T['scores'] = dataset_load_true.text.apply(text_to_sentiments)
df_T['veracity'] = 1

df_F['scores'] = dataset_load_fake.text.apply(text_to_sentiments)
df_F['veracity'] = 0

df = pd.concat([df_T,df_F], ignore_index=True)
df = df[df['scores'].map(lambda d: len(d)) > 0]
df.reset_index(drop = True, inplace=True)

    
df = pd.concat([df_T,df_F], ignore_index=True)
df = df[df['scores'].map(lambda d: len(d)) > 0]
df.reset_index(drop = True, inplace=True)

    
df.to_pickle(os.path.join('out', 'truefake_series.pickle'))

    
finally:

display(df)

def train_test_split(df_in, test_size, shuffle=True):
    

if shuffle:
df_in = df_in.sample(frac=1).reset_index(drop=True)

    
mask_test = np.random.rand(len(df_in)) < test_size # the sample is large enough to probably not care about proper div

    
train = df_in[~mask_test]
test = df_in[mask_test]

    
X_train = np.array(train['scores'].tolist())
y_train = np.array(train['veracity'].tolist())

    
X_test = np.array(test['scores'].tolist())
y_test = np.array(test['veracity'].tolist())

    
return (X_train, y_train), (X_test, y_test)



# z = np.array([0.1,0.2,0.3])
# z = z.reshape(3, 1)
# print(z,'\n')
# x = pd.DataFrame({'A': [z,z,z,z]})
# print(x,'\n')
# y = np.array(x['A'].to_list())
# print(y,'\n',y.shape)

np.random.seed(100)
random.seed(100)

# # turn T/F labels into 1/0
# d = {'T': 1, 'F':0}
# df['veracity'] = df['veracity'].map(d)

(X_train, y_train), (X_test, y_test) = train_test_split(df, test_size = 0.4)

print("train: ",len(X_train), len(y_train),
"\ntest: ",len(X_test), len(y_test),
"\ntest/total: {:0.3f} %".format(len(X_test)/(len(X_test)+len(X_train)))
)

from keras.models import Sequential
from keras.layers import LSTM, Dense, Dropout, Masking, Embedding

model = None

model = Sequential()

model.add(Masking(mask_value=mask_value,
input_shape=(series_len, 1)))

model.add(LSTM(100))

model.add(LSTM(100,return_sequences=True))
model.add(Dropout(0.2))

model.add(LSTM(100))
model.add(Dropout(0.2))

model.add(Dense(1, activation='sigmoid'))

model.compile(loss='binary_crossentropy', optimizer='adam', metrics=['accuracy'])

print(model.summary())

history = model.fit(X_train, y_train, validation_data=(X_test, y_test), epochs=20, batch_size=64)



scores = model.evaluate(X_test, y_test, verbose=0)
print("Accuracy: %.2f%%" % (scores[1]*100))

# Thanks Jason Brownlee
# https://machinelearningmastery.com/display-deep-learning-model-training-history-in-keras/

print(history.history.keys())
# summarize history for accuracy
plt.plot(history.history['accuracy'])
plt.plot(history.history['val_accuracy'])
plt.title('model accuracy')
plt.ylabel('accuracy')
plt.xlabel('epoch')
plt.legend(['train', 'test'], loc='upper left')
plt.show()
# summarize history for loss
plt.plot(history.history['loss'])
plt.plot(history.history['val_loss'])
plt.title('model loss')
plt.ylabel('loss')
plt.xlabel('epoch')
plt.legend(['train', 'test'], loc='upper left')
plt.show()



model = None

model = Sequential()

model.add(Masking(mask_value=mask_value,
input_shape=(series_len, 1)))

model.add(LSTM(100))

model.add(Dense(1, activation='sigmoid'))

model.compile(loss='binary_crossentropy', optimizer='adam', metrics=['accuracy'])

print(model.summary())

history = model.fit(X_train, y_train, validation_data=(X_test, y_test), epochs=30, batch_size=64)



scores = model.evaluate(X_test, y_test, verbose=0)
print("Accuracy: %.2f%%" % (scores[1]*100))

# Thanks Jason Brownlee
# https://machinelearningmastery.com/display-deep-learning-model-training-history-in-keras/

print(history.history.keys())
# summarize history for accuracy
plt.plot(history.history['accuracy'])
plt.plot(history.history['val_accuracy'])
plt.title('model accuracy')
plt.ylabel('accuracy')
plt.xlabel('epoch')
plt.legend(['train', 'test'], loc='upper left')
plt.show()
# summarize history for loss
plt.plot(history.history['loss'])
plt.plot(history.history['val_loss'])
plt.title('model loss')
plt.ylabel('loss')
plt.xlabel('epoch')
plt.legend(['train', 'test'], loc='upper left')
plt.show()



model = None

model = Sequential()

model.add(Masking(mask_value=mask_value,
input_shape=(series_len, 1)))

model.add(LSTM(100, return_sequences=True))
model.add(Dropout(0.2))

model.add(LSTM(50, return_sequences=True))
model.add(Dropout(0.2))

model.add(LSTM(25))
model.add(Dropout(0.2))

model.add(Dense(1, activation='sigmoid'))

model.compile(loss='binary_crossentropy', optimizer='adam', metrics=['accuracy'])

print(model.summary())

history = model.fit(X_train, y_train, validation_data=(X_test, y_test), epochs=20, batch_size=64)



scores = model.evaluate(X_test, y_test, verbose=0)
print("Accuracy: %.2f%%" % (scores[1]*100))

# Thanks Jason Brownlee
# https://machinelearningmastery.com/display-deep-learning-model-training-history-in-keras/

print(history.history.keys())
# summarize history for accuracy
plt.plot(history.history['accuracy'])
plt.plot(history.history['val_accuracy'])
plt.title('model accuracy')
plt.ylabel('accuracy')
plt.xlabel('epoch')
plt.legend(['train', 'test'], loc='upper left')
plt.show()
# summarize history for loss
plt.plot(history.history['loss'])
plt.plot(history.history['val_loss'])
plt.title('model loss')
plt.ylabel('loss')
plt.xlabel('epoch')
plt.legend(['train', 'test'], loc='upper left')
plt.show()



model = None

model = Sequential()

model.add(Masking(mask_value=mask_value,
input_shape=(series_len, 1)))

model.add(LSTM(100, return_sequences=True))
model.add(Dropout(0.2))

model.add(LSTM(50, return_sequences=True))
model.add(Dropout(0.2))

model.add(LSTM(25, return_sequences=True))
model.add(Dropout(0.2))

model.add(LSTM(10))
model.add(Dropout(0.2))

model.add(Dense(1))

model.add(Dense(1, activation='sigmoid'))

model.compile(loss='binary_crossentropy', optimizer='adam', metrics=['accuracy'])

print(model.summary())

history = model.fit(X_train, y_train, validation_data=(X_test, y_test), epochs=40, batch_size=64)





scores = model.evaluate(X_test, y_test, verbose=0)
print("Accuracy: %.2f%%" % (scores[1]*100))

# Thanks Jason Brownlee
# https://machinelearningmastery.com/display-deep-learning-model-training-history-in-keras/

print(history.history.keys())
# summarize history for accuracy
plt.plot(history.history['accuracy'])
plt.plot(history.history['val_accuracy'])
plt.title('model accuracy')
plt.ylabel('accuracy')
plt.xlabel('epoch')
plt.legend(['train', 'test'], loc='upper left')
plt.show()
# summarize history for loss
plt.plot(history.history['loss'])
plt.plot(history.history['val_loss'])
plt.title('model loss')
plt.ylabel('loss')
plt.xlabel('epoch')
plt.legend(['train', 'test'], loc='upper left')
plt.show()

if (0):
model.save(os.path.join('keras', 'LSTM_tree'))
with open(os.path.join("keras", "LSTM_tree_history.pickle"), 'wb') as f: pickle.dump(history, f) #dump this model'

if (0):
model = keras.models.load_model(os.path.join('keras', 'LSTM_tree'))

# for layer in model.layers:
#     print(layer.output_shape)

text = "In this example, we developed a working Neural Network for the binary classification problem. The same problem ca
sentiments = text_to_sentiments(text)

print("sentiments shape: ", sentiments.shape)

print("real - predicted")
for num in range(1010,1020):

scores = bool((model.evaluate(np.array([X_test[num]]), np.array([y_test[num]]), verbose=0, return_dict=True))['accura
prediction = model(np.array([X_test[num]]))
print("{} = {}:  {} - {} ({:.4f}...)".format(num, scores, y_test[num], round(float(prediction.numpy())), float(predic

from keras.utils import plot_model
plot_model(model, to_file='/tmp/model.png', show_shapes=True,)



# imports

import tensorflow as tf
from tensorflow import keras
from tensorflow.keras import layers

from keras.models import Sequential
from keras.layers import LSTM, Dense, Dropout, Masking, Embedding

import random

import os
import pandas as pd
import numpy as np

from nltk.sentiment.vader import SentimentIntensityAnalyzer as SIA
sia = SIA()

import nltk
#file for punkt splitter
nltk.download('punkt');
#file for vader sentiment
nltk.download('vader_lexicon');

import matplotlib.pyplot as plt

from sklearn.model_selection import train_test_split

plt.rcParams["figure.figsize"]=20,20
%matplotlib inline

series_len = 100
mask_value = -10
max_len = 0

def text_to_sentiments(text):
sentences = nltk.tokenize.sent_tokenize(text)
scores = np.vstack([ np.array(list((sia.polarity_scores(s)).values())) for s in sentences]) #list of scores per sente
return scores

def rating_to_score_array(t):
return np.array([int(t=='FALSE'), int(t=='mostly false'), int(t=='mixture'), int(t=='mostly true'), int(t=='TRUE')])

dataset_path = os.path.join("sources", "snopes_checked_v02.csv")
dataset_load = pd.read_csv(dataset_path, encoding='ANSI')

dataset = pd.DataFrame({
'title': dataset_load['article_title_phase2'],
'body': dataset_load['original_article_text_phase2'],
'category': dataset_load['article_category_phase1'],
'descr_rating': dataset_load['fact_rating_phase1']
})

df = pd.DataFrame(columns = ['scores', 'veracity'])

df['scores'] = dataset.body.apply(text_to_sentiments)
df['veracity'] = dataset.descr_rating.apply(rating_to_score_array)

df.to_csv(os.path.join('out', 'truefake_mcintire.csv'), index=False)

X = np.array(df['scores'].to_list())
X = tf.keras.preprocessing.sequence.pad_sequences(X, maxlen=series_len, padding='post', truncating='pre', dtype='float64'
  
y= np.array(df['veracity'].to_list())

X_train, X_test, y_train, y_test = train_test_split(X, y, test_size=0.25, random_state=42)
X_train.shape



model = None

model = Sequential()

model.add(Masking(mask_value=-10,
input_shape=(100, 4)))

model.add(LSTM(100,return_sequences=True))

model.add(LSTM(50))

model.add(Dense(5, activation='softmax'))

model.compile(loss='categorical_crossentropy', optimizer='adam', metrics=['accuracy'])

print(model.summary())

history = model.fit(X_train, y_train, validation_data=(X_test, y_test), epochs=20, batch_size=2)

# Thanks Jason Brownlee
# https://machinelearningmastery.com/display-deep-learning-model-training-history-in-keras/
print(history.history.keys())
# summarize history for accuracy
plt.plot(history.history['accuracy'])
plt.plot(history.history['val_accuracy'])
plt.title('model accuracy')
plt.ylabel('accuracy')
plt.xlabel('epoch')
plt.legend(['train', 'test'], loc='upper left')
plt.show()
# summarize history for loss
plt.plot(history.history['loss'])
plt.plot(history.history['val_loss'])
plt.title('model loss')
plt.ylabel('loss')
plt.xlabel('epoch')
plt.legend(['train', 'test'], loc='upper left')
plt.show()



# imports
import os
import pandas as pd
import numpy as np

from nltk.sentiment.vader import SentimentIntensityAnalyzer as SIA
sia = SIA()

import gensim

import nltk
#file for punkt splitter
nltk.download('punkt');
#file for vader sentiment
nltk.download('vader_lexicon');

#wordnet lemmatization
nltk.download('wordnet')
#more for preprocessing
from gensim.parsing.preprocessing import STOPWORDS
from nltk.stem import WordNetLemmatizer, SnowballStemmer
from nltk.stem.porter import *
stemmer = PorterStemmer()

import pyLDAvis.gensim

import matplotlib.pyplot as plt
plt.rcParams["figure.figsize"]=20,20
%matplotlib inline

import pickle

import warnings; warnings.simplefilter('ignore')

dataset_path_true = os.path.join("sources", "ISOT", "True.csv")
dataset_path_fake = os.path.join("sources", "ISOT", "Fake.csv")

df_true = pd.read_csv(dataset_path_true, encoding='utf-8') # make sure to use the right encoding
df_fake = pd.read_csv(dataset_path_fake, encoding='utf-8') 

dfm_true = df_true.head()
dfm_fake = df_fake.head()

display(dfm_true)
display(dfm_fake)



def split_sentences(article_text):
"""Takes a string, returns a list of its individual sentences ()"""
return pd.Series(nltk.tokenize.sent_tokenize(article_text))

sample_sentences = split_sentences(dfm_true.text[0])
display(sample_sentences.iloc[[0,1,-2,-1]])

corpus_sentences = [] # a list of all documents (by sentence) this was intended for sentence level
#topic detection but never used

corpus_texts = [] # list of all documents (by entire body)

#corpus_texts = df_true['text'].tolist() + df_fake['text'].tolist() 
corpus_texts = df_true['text'].tolist() + df_fake['text'].tolist() 

print(len(df_true))
print("amount of documents in corpus: ", len(corpus_texts))

def stem_lemmatize(text):
return stemmer.stem(WordNetLemmatizer().lemmatize(text, pos='v'))

def prepare_text(text):
#all the nice preprocessing without the bigrams and trigrams
output = []

    
    

for token in gensim.utils.simple_preprocess(text):
if token not in gensim.parsing.preprocessing.STOPWORDS and len(token) > 3:

output.append(stem_lemmatize(token))
return output

sample_text = "At the time of her abdication at age 75, Beatrix was the oldest reigning monarch in the country's history.

prep_sample_text = prepare_text(sample_text)

%%time

prepared_corpus_texts = [prepare_text(d) for d in corpus_texts]
print(prepared_corpus_texts[7])

%%time

bigram = gensim.models.phrases.Phrases(prepared_corpus_texts, min_count=5, threshold=20) # 5 and 10 are the default value
trigram = gensim.models.phrases.Phrases(bigram[prepared_corpus_texts], threshold=20)

bigram_mod = gensim.models.phrases.Phraser(bigram)
trigram_mod = gensim.models.phrases.Phraser(trigram)

def make_bigrams(texts):
return [bigram_mod[doc] for doc in texts]

def make_trigrams(texts):
return [trigram_mod[bigram_mod[doc]] for doc in texts]



# print(type(bigram))

# bigram_freeze = bigram.freeze()
# trigram_freeze = trigram.freeze()
bigram.save(os.path.join('gensim', 'bigram.pkl'))
trigram.save(os.path.join('gensim', 'trigram.pkl'))

print(make_trigrams([prepared_corpus_texts[2]]))
print("\n\n")
print(corpus_texts[2])
print("\n\n")
print(trigram_mod[bigram_mod[preprocess("donald trump")]])

def preprocess(text):
return(trigram_mod[bigram_mod[prepare_text(text)]])

%%time

# Creating the gensim dictionary of word embeddings

if (0):
dictionary = gensim.corpora.Dictionary.load(os.path.join("gensim", "dictionary"))

if (1):
    

processed_corpus_texts = [trigram_mod[bigram_mod[doc]] for doc in prepared_corpus_texts]

dictionary = gensim.corpora.Dictionary(processed_corpus_texts)
print("unfiltered: ", dictionary)

dictionary.filter_extremes(no_below=15, no_above=0.6, keep_n=100000)
    
print("  filtered: ", dictionary)



dictionary.save(os.path.join("gensim", "dictionary"))

%%time

if (0):
with open(os.path.join('gensim', 'bag_of_words.pickle'), 'rb') as f: bow_corpus_texts = pickle.load(f)

if (1):
bow_corpus_texts = [dictionary.doc2bow(text) for text in processed_corpus_texts]

    
dictionary.doc2bow(prep_sample_text)

%%time

num_topics = 15
if (0):

lda_model = gensim.models.LdaMulticore.load(os.path.join("gensim", "lda_model20"))
if (0):

lda_modelX = gensim.models.LdaMulticore(corpus = bow_corpus_texts,
id2word = dictionary,
num_topics = num_topics,
passes = 20,
iterations = 200,
eta = 'auto',
#alpha = 'auto',
workers = 2)

# multicore speeds up the process significantly

# train the model
tfidf_model = gensim.models.TfidfModel(bow_corpus_texts)
tfidf_corpus_texts = tfidf_model[bow_corpus_texts]

tfidf_model.save(os.path.join('gensim', 'tfidf_model.pkl'))

%%time

num_topics = 15

if (0):
lda_tfidf_model = gensim.models.LdaMulticore(corpus = tfidf_corpus_texts,

id2word = dictionary,
num_topics = num_topics,
passes = 20,
iterations = 200,
eta = 'auto',
#alpha = 'auto', # not available form multicore
workers = 2)

if (0):
lda_tfidf_model.save(os.path.join("gensim", "02", "lda_model")) #save model itself
with open(os.path.join("gensim", "02", "tfidf_corpus.pickle"), 'wb') as f: pickle.dump(tfidf_corpus_texts, f) #dum
dictionary.save(os.path.join("gensim", "02", "dictionary")) #save dictionary

# multicore speeds up the process significantly



%%time

from gensim.models import CoherenceModel# Compute Coherence Score

coherence_model_lda = CoherenceModel(model=lda_modelX, texts=processed_corpus_texts, dictionary=dictionary, coherence='c_
coherence_lda = coherence_model_lda.get_coherence()

coherence_model_lda_tfidf = CoherenceModel(model=lda_tfidf_model, texts=processed_corpus_texts, dictionary=dictionary, co
coherence_lda_tfidf = coherence_model_lda_tfidf.get_coherence()

print('\nCoherence Score: ', coherence_lda)
print('\nCoherence Score: ', coherence_lda_tfidf)

#TODO LDAVIS For TWEAKING SHIT SAVE PICTURES AND STEPS WHOOO

pyLDAvis.enable_notebook()
visualisation = pyLDAvis.gensim.prepare(lda_model50, bow_corpus_texts, dictionary)
pyLDAvis.save_html(visualisation, os.path.join("gensim", "LDAvis", "LDAvis.html"))

article = 30000

print("\nmost frequently occuring word: ", max(preprocess(corpus_texts[article]),key=preprocess(corpus_texts[article]).co

print("\n\nbow-lda prediction:")

for index, score in sorted(lda_modelX[bow_corpus_texts[article]],
key=lambda tup: -1*tup[1]):

print("\nScore: {}\t \nTopic: {}".format(score, lda_modelX.print_topic(index, 10)))

print("\n\ntfidf-lda prediction:")

for index, score in sorted(lda_tfidf_model[tfidf_corpus_texts[article]],
key=lambda tup: -1*tup[1]):

print("\nScore: {}\t \nTopic: {}".format(score, lda_tfidf_model.print_topic(index, 10)))
    
print("\n\n", preprocess(corpus_texts[article]), "\n\n", corpus_texts[article])



if (0):
lda_modelXX.save(os.path.join("gensim", "lda_modelXX"))
with open(os.path.join("gensim", "bag_of_words.pickle"), 'wb') as f: pickle.dump(bow_corpus_texts, f)    
dictionary.save(os.path.join("gensim", "dictionary"))

def get_scores(text: list, method='VADER'):
if method == 'VADER':

scores = text.apply(lambda s: sia.polarity_scores(s)['compound']) #list of compound score per sentence
else:

scores = None

return scores

def average_sentiment(doc):
doc_sentence_list = split_sentences(doc)
return float(np.average(get_scores(doc_sentence_list)))

average_sentiment(corpus_texts[10005])

article = 10005

sample_article = corpus_texts[article]
sample_sentences = split_sentences(sample_article)

sample_scoreT = sia.polarity_scores(sample_article)['compound']
sample_scoreS = get_scores(sample_sentences)

print(sample_scoreT, "\n\n", average_sentiment(sample_article), "\n\nfrom:\n", sample_scoreS)



%%time

topic_cols = ['Sentiment']+[('T'+str(x)) for x in range(0, num_topics)]+['Veracity']
# text to list of topic scores

def docid_to_row(doc_id):
new_row = dict.fromkeys(topic_cols , 0)

    
new_row['Sentiment'] = average_sentiment(corpus_texts[doc_id])
for index, score in lda_tfidf_model[tfidf_corpus_texts[doc_id]]:

new_row['T'+str(index)] = score
if(doc_id<21417):

new_row['Veracity'] = 1
return(new_row)

print(docid_to_row(0))

%%time

df_topic_sentiment = pd.DataFrame(columns=topic_cols)

for doc_id in range(len(corpus_texts)):
df_topic_sentiment = df_topic_sentiment.append(docid_to_row(doc_id), ignore_index=True)

df_topic_sentiment.to_csv(os.path.join('out', 'topic_sentiment.csv'), index=False)
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I. Appendix - PyLDAvis



# imports
import os
import pandas as pd
import numpy as np

import sys

from nltk.sentiment.vader import SentimentIntensityAnalyzer as SIA
sia = SIA()

import gensim

import nltk
#file for punkt splitter
nltk.download('punkt');
#file for vader sentiment
nltk.download('vader_lexicon');

#wordnet lemmatization
nltk.download('wordnet')
#more for preprocessing
from gensim.parsing.preprocessing import STOPWORDS
from nltk.stem import WordNetLemmatizer, SnowballStemmer
from nltk.stem.porter import *
stemmer = PorterStemmer()

import pyLDAvis.gensim

import matplotlib.pyplot as plt
plt.rcParams["figure.figsize"]=20,20
%matplotlib inline

import pickle

import warnings; warnings.simplefilter('ignore')

import tensorflow as tf
from tensorflow import keras
from tensorflow.keras import layers

from keras.models import Sequential
from keras.layers import LSTM, Dense, Dropout, Masking, Embedding

dataset_path_true = os.path.join("sources", "ISOT", "True.csv")
dataset_path_fake = os.path.join("sources", "ISOT", "Fake.csv")

df_true = pd.read_csv(dataset_path_true, encoding='utf-8') # make sure to use the right encoding
df_fake = pd.read_csv(dataset_path_fake, encoding='utf-8') 

dfm_true = df_true.head()
dfm_fake = df_fake.head()

display(dfm_true)
display(dfm_fake)



corpus_texts = [] # list of all documents (by entire body)

#corpus_texts = df_true['text'].tolist() + df_fake['text'].tolist() 
corpus_texts = df_true['text'].tolist() + df_fake['text'].tolist() 

print("amount of documents in corpus: ", len(corpus_texts))

with open(os.path.join('gensim', '02', 'tfidf_corpus.pickle'), 'rb') as f: tfidf_corpus_texts = pickle.load(f)
    
lda_tfidf_model = gensim.models.LdaMulticore.load(os.path.join("gensim", "02", "lda_model"))

# model = keras.models.load_model(os.path.join('keras', 'LSTM_tree'))

pre_activation_layer_name = 'dense_16'

model_pre_activation = keras.Model(inputs=model.input,
outputs=model.get_layer(pre_activation_layer_name).output)

model_pre_activation.summary()



series_len = 100
mask_value = -10
max_len = 0

def text_to_sequence(text):
# feed corpus_texts[entry], returns 100 units long -10 padded sequence of sentiment data
sentences = nltk.tokenize.sent_tokenize(text)
scores = [ sia.polarity_scores(s)['compound'] for s in sentences] #list of compound score per sentence

    
if len(scores) < series_len:

t = series_len - len(scores)
scores = np.pad(scores, (t, 0), mode='constant', constant_values=mask_value)
scores = scores.reshape((series_len, 1))

else:
scores = np.array(scores[(-1*series_len):])
scores = scores.reshape((series_len, 1))

        
return scores

def scores_to_sequence(scores):
if len(scores) < series_len:

t = series_len - len(scores)
scores = np.pad(scores, (t, 0), mode='constant', constant_values=mask_value)
scores = scores.reshape((series_len, 1))

else:
scores = np.array(scores[(-1*series_len):])
scores = scores.reshape((series_len, 1))

return scores

sample_sentences = split_sentences(corpus_texts[2])
sample_scores = get_scores(sample_sentences)
sample_sequence = scores_to_sequence(sample_scores)
sample_prediction = float(model(np.array([sample_sequence])))

print(sample_prediction)

%%time

num_topics = 15

def split_sentences(article_text):
"""Takes a string, returns a list of its individual sentences ()"""
return pd.Series(nltk.tokenize.sent_tokenize(article_text))

def get_scores(text: list, method='VADER'):
if method == 'VADER':

scores = text.apply(lambda s: sia.polarity_scores(s)['compound']) #list of compound score per sentence
else:

scores = None

return scores

def sentiment_stats(doc):
doc_sentence_list = split_sentences(doc)
sentiments = get_scores(doc_sentence_list)
sequence = scores_to_sequence(sentiments)
output = {'LSTM_pred' : float(model(np.array([sequence])))}
output.update(sentiments.describe().to_dict())
return (output)

sentiment_stats(corpus_texts[2])



%%time

stat_cols = ['count', 'mean', 'std', 'min', '25%', '50%', '75%', 'max', 'LSTM_pred']
topic_cols = [('T'+str(x)) for x in range(0, num_topics)]+['Veracity']

# text to list of topic scores

def docid_to_row(doc_id):
new_row = dict.fromkeys(topic_cols , 0)

    
new_row.update(sentiment_stats(corpus_texts[doc_id])) # add the sentiment key and value pairs

    
for index, score in lda_tfidf_model[tfidf_corpus_texts[doc_id]]: # update the topic distributions

new_row['T'+str(index)] = score
        

if(doc_id<21417): # the first 21417 items in the DB are 
new_row['Veracity'] = 1

        
return(new_row)

print(docid_to_row(2))

%%time

df_topic_sentiment = None
df_topic_sentiment = pd.DataFrame(columns=stat_cols+topic_cols)

count_texts = len(corpus_texts)
for doc_id in range(count_texts):

df_topic_sentiment = df_topic_sentiment.append(docid_to_row(doc_id), ignore_index=True)
sys.stdout.write('\r')
sys.stdout.write(str("current progress: {}%".format(str(np.round(doc_id/count_texts*100, 3)))))

sys.stdout.write('\r')
sys.stdout.write('building table done!')
display(df_topic_sentiment.head())

df_topic_sentiment.to_csv(os.path.join('out','everything.csv'), index=False)
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