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Exhibit 2: Mentions of Al on S&P 500 quarterly earnings calls
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Al IS BEING MENTIONED LESS

Number of times "Al," "machine learning," or "generative Al" were mentioned on
quarterly corporate earnings calls
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SOURCE: BLOOMBERG, APOLLO CHIEF ECONOMIST TORSTEN SL@K - yahoo!finance

(DISCLOSURE: YAHOO IS OWNED BY APOLLO GLOBAL MANAGEMENT.)






http://trafficthinktank.com



http://trafficthinktank.com






http://trafficthinktank.com

How well do you know what your content is about?



let’s talk about

clustering and classification



Classification sorts data
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Clustering is partitioning
an unlabeled dataset into
groups of similar objects.
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We'll go back to
this in a moment.
Height ’
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How important is classification, really?
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With Google's Natural Language API, you can
classify documents in 1,300+ predefined categories
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Process will take no
more than 20 minutes

Text Classification

How to do Text
Classification with Google’s
Natural Language APl in
Google Sheets (Apps Script)

Lazarina Stoy. - Mar 27, 2024
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https://www.bbc.com/news/world-europe-68376700

The blind Ukrainian amputee whose wife's voice kept him alivePublished11 t

https://www.bbc.com/news/world-europe-68255490
https://www.bbc.com/news/world-us-canada-68395414

https://www.bbc.com/news/entertainment-arts-68362810
https://www.bbc.com/news/entertainment-arts-68395354
https://www.bbc.com/news/entertainment-arts-68395355
https://www.bbc.com/news/world-middle-east-68395173
https://www.bbc.com/news/uk-scotland-glasgow-west-67980670
https://www.bbc.com/news/world-europe-68322527
https://www.bbc.com/news/uk-wales-68210255

https://www.bbc.com/news/world-europe-68384341
https://www.bbc.com/news/world-europe-68393412
https://www.bbc.com/news/entertainment-arts-68391330
https://www.bbc.com/news/world-asia-68378651

https://www.bbc.com/news/world-europe-68395030
https://www.bbc.com/news/world-europe-68359252
https://www.bbc.com/news/entertainment-arts-68395352
https://www.bbc.com/news/entertainment-arts-68362811
https://www.bbc.com/news/entertainment-arts-68317736
https://www.bbc.com/news/newsbeat-68382142

Exhausted Ukraine struggles to find new men for front linePublished12 Febn
South Carolina primary: Donald Trump easily defeats Nikki Haley in her hom
Kim Petras on sexual liberation and fighting TikTokPublished10 hours agoSh
SAG Awards red carpet 2024: From Margot Robbie to Emma StonePublishe
SAG Awards 2024: Oppenheimer dominates ahead of OscarsPublished8 ho
US and UK carry out fresh strikes on Houthi targets in YemenPublished12 h¢
Inside the long-abandoned tunnel beneath the ClydePublished2 hours agoSl|
Ukraine war: Is Avdiivka's fall a sign Russia is turning the tide2Published17 f
Travel: How a £525 bet gave birth to your morning commutel

Two years into Russia's invasion, exhausted Ukrainians refu
Anthill resident"I'm no politician," confesses Valeriy, a man i

Authorities return body of Alexei Navalny to mother 8 days
Wendy Williams thanks fans for support after dementia and
Japan naked festival: Women join Hadaka Matsuri for first timePublished1
Alexei Navalny: Dissent is dangerous in Russia, but activists refuse to give u
Rosenberg: How two years of war in Ukraine changed RussiaPublished3 da'
SAG Award winners 2024: The full list of nominees and winsPublished13 hoi
Stray Kids: How K-Pop took over the global charts in 2023Published3 days &
Gareth Edwards: The Creator director on shaking up Hollywood's visual effe:
Chuckie: 1Xtra presenter feels R&B has special year aheadPublished1 day ¢

Alia Bhatt: The young Bollywood star taking on HollywoodPublished2 days a

E Text Classification in Google Sheets with Google Cloud Natural Language API - By Lazarina Stoy f... % & &
File Edit View Insert Format Data Tools Extensions Help
QA 5 ¢ & F 100% v £ % O 0 23 Aiadl -~ -[(10]+ B I 5 A > @ $3- =
2:999 v | fx https//www.bbc.com/news/world-europe-68376700
A B -
1 URL Content Classification Label

s heuiin| SALE

Confi

Text Classification with with Google Cloud
Natural Language API (Google Sheets
Template with Apps Script)

Enter your URLs
and content

n https://www.bbc.com/news/entertainment-arts-68338730
—

Working Sheet ~ Count: 254 <
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Text Classification in Google Sheets with Google Cloud Natural Language API - By Lazarina Stoy f... % & & = D B (k- © Share ~ ’

-
File Edit View Insert Format Data Tools Extensions Help

QA 6 c & F 100% v £ % O 99 123 Defaul.. ~ —[10]+ B I & A > H =v Ll A~ B @Y B~ = A
Cc10 v fx =analyzeTextClassification( )
B | c D E
Classification Label Confidence
hi| /Sensitive Subjects/War & Conflict 0.94400823
Ul /Sensitive Subjects/War & Conflict 0.9567586
| /News/Politics/Campaigns & Elections 0.97098255
° 'S 1| /Arts & Entertainment/Celebrities & Entertainment News 0.73509616
3¢| /Arts & Entertainment/Celebrities & Entertainment News 0.96840936
Ru n th e Scrl t VI a a fo rm u la to )¢| /Arts & Entertainment/Entertainment Industry/Film & TV Industry 1
al /Sensitive Subjects/War & Conflict 1
iy| /Reference/Humanities/History 0.46487474
[ ] ] R /Sensitive Subjects/War & Conflict | 097672516
get Class I ﬁ Catl o n la b e l & rf| /Travel & Transportation/Transportation/Long Distance Bus & Rail T 0.824742
b
«¢| /Sensitive Subjects/War & Conflict 0.96695495
il /News/Politics/Other 0.8510177
5| /Arts & Entertainment/Celebrities & Entertainment News 0.9236957
Co n ﬁ d e “ Ce H| /People & Society/Religion & Belief 0.95823807
/News/Politics/Other 1
ensitive Subjects/War & Conflict 0.95304227
Arts & Entertainment/Entertainment Industry/Film & TV Industry 1
/Arts & Entertainment/Music & Audio/World Music 0.99367684
/Arts & Entertainment/Movies/Science Fiction & Fantasy Films 0.9095848
2|l /Arts & Entertainment/Music & Audio/Urban & Hip-Hop 0.8976116
1d /Arts & Entertainment/Movies/Bollywood & South Asian Film 096757404
+ = Working Sheet ¥ Related resources and How-to guide ~ <

/)
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= Plug-and-play template in
e Looker Studio




Primary categories

INews

l Sensitive Subjects

W Pets & Animals
[ People & Society

l Arts & Entertainment

Business & Industrial

= Travel & Transportation

M Law & Government

Jobs & Education

Science

food & Brink

Heauty & Fitness
—-Sports

Hobbees & Letsure
— Reference

Secondary categories

War & Conflict

Accidents & Disasters =

Death & Tragedy
Violence & Abuse ==
Widlife =
Animal Products & Services
Social Issues & Advocacy
Family & Relationships =
Religion & Belief —
Celebniies & Entertainment News =

Visual Art & Design
Movies =

Entertainment industry

TV & Video
Events & Listings ==
Music & Audio ==

Aeraspace & Defense

Agriculture & Forestry =
Energy & Utilitieg ==
Construction & Mamntenance —
Health Conditions
Nursing ==
Medical Devices & Equipment ==
Mental Health
Public Health
Women's Health
Tourist Destinations =
Transportation
Government ==
Pubke Safety
Social Services —
Education
Astronomy
Earth Selences
Blological Sciences
Ecology & Environment
Physics
Cooking & Recypes
Fashion & Style
Team Sports

Palitics

= Agricufture & Forestry
== Construction & Maintenance
== Bwlogicat Sciences
wFashson & Style

Mental Health

M Government
m Earth Sciences
Visual Art & Design

Aerospace & Defense

Heaith Conditions

Entertainment Industry
= Family & Relationships
w Medical Devices & Equipment
[ social tssues & Advocacy
1V & video
W Towist Destnations
= MNursing
Education
= Events & Listings
= Energy & Utilitles
Cooking & Recipes

0 Movies

= Soctal Services

Public Safety
w=Ecology & Environment
= Music & Audic

== leam Sports
Special Occasions
Pubhie Health
Animal Products & Services
Iransportation

Specvalu()ccasnons

-

Tertiary categories

Campaigns & Elections

Courts & Judiciary =
Paleontodogy
Paintng

Art Museums & Galleries ==

Space Technolagy Jij

Neurological Condetions
Cancer

Infectious Diseases
Film & TV Industry
Famity

Assistive Technology
Chanty & Philanthropy

Green Livng & Environmental Issues
Work & Labor Issues
1V Shows & Programs

tistorical Sites & Bulldings
Regional Parks & Gardens
Assisted Living & Long Term Care
Prmary & Secondary Schooling (K-12)
Concerts & Mussc Festivals
Renewable & Alternative Energy
O & Gas
Cutemes
Sclence Fiction & Fantasy Fims
Mome Reference
Bollywood & South Astan Fim
Welfare & Unemployment
Law Enforcement
©nme & Justice
Climate Change & Global Warmeng
Yorld Music
Urban & Hip-Hop
Soccer
Weddings
Health Policy

Animal Welfare ==
Long Distance Bus & Rail

Hestory ==




Primary categories

Sensitive Subjects

Pets & Animals
People & Society

Secondary categories

Politics

Local News
Other
War & Conflict

Accldents & Disasters
Death & Tragedy

Violence & Abuse

Widlife

Animal Products & Services
Sacial Issues & Advocacy
Family & Relationships

Rebgion & Belief

Business & Industrial

Travel & Transportation
Law & Government

Jobs & Education

Sclence

Food & Drink
Beauty & Fitness
Sports

Hobbees & Letsure
feference

Aerospace & Defenge

Agriculture & Farestry
Energy & Utilities
Construchion & Mamntenance

Health Condétions

Nursing

Medicat Devices & Equipment
Mental Health
Public Health
Women's Health
Tourist Destinations
Transportation
Government

Pubsc Safety

Soctal Services
Education
Astronomy

Earth Sciences
Biotogical Sciences
Ecology & Envronment
Physics

Cooking & Recipes
Fashion & Style
Team Sports
Special Occasions
Humanities

Entertainment Industry

TV & Video

Events & Listings

Visual Art & Design

Music & Audio

Tertiary categories

Flim & TV industry

TV Shaws & Programs

Concerts & Music Festivals

Painting

Art Museums & Gallerles I
Movie Reference

Sclence Fiction & Fantasy Films I

Bollywood & South Asian Film

Urban & Hip-Hop I

Woeld Music I




Use the filters to identify content groups per URL, or pages that contain a certain keyword. You can also filter the page per classification label, using REGEX to view multiple content groups, or filter
out low-confidence categories.

Content

Equals

Classification Label

Equals -

Confidence
@

URL ~

https://waw.bbc.com/news/world-us-canads-68395414

https://www.bbc com/news/world-us-canada-68388154

https:/‘waw.bbe.com/news/world-us-canada-68387546

https://www.bbc.com/news/world-middle-east-68395173

https://'waw.bbc.com/news/world-europe-guernsey-68380482

https://www.bbc com/news/world-europe-6839 5030

https:/‘waw.bbe.com/news/world-europe-68393412

https://www.bbc.com/news/world-europe-68384341

https://www.bbc.com/news/world-europe-68359252

https://www.bbc com/news/world-europe-68322527

https:/‘waw.bbe.com/news/world-europe-68248740

Classification Label

/News/Politics/Campaigns & Electio..
{News/Politics/Other
/News/Politics/Campasgns & Electio..
{Sensitive Subjects/War & Conflict
{Arts & Entertainment/Visual Art & D..
{News/Politics/Other
{News/Politics/Other

{Sensitive Subjects/War & Conflict
{Sensitive Subjects/War & Conflict
/Sensitive Subjects/War & Conflict

{News/Politics/Other

Confidence

97%
88%
96%
100%
62%
100%
85%
97%
95%
98%

100%

Primary category
News

News

News

Sensitive Subjects
Arts & Entertainment
News

News

Sensitive Subjects
Sensitive Subjects
Sensitive Subjects

News

Secondary Category Tertiary category

Politics Campaigns & Elections
Palitics Other

Palitics Campaigns & Elections
War & Conflict null

Visual Art & Design Painting
Palitics Other
Palitics Other
War & Conflict null
War & Conflict null
War & Conlict

Politics

Quaternary
category

null
rull
il
null
il
rull
il
null
il
rull

il




@ With Open Al's GPT4 or ChatGPT, results are a hit or miss.
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Benefits

Limitations

Google Cloud
Natural Language API

+ Classify documents in 700+ predefined categories
out-of-the-box

* Predictable categories

+ Controlled training of model

* Accuracy indicated

+ Great for scale and benchmarking

+ Can be custom-trained on a dataset for better
accuracy

+ Great for large datasets of long documents

» Can't be used for uses outside of the main task, so no
clustering only classification

+ Can't be given custom class lists (unless you use
AutoML)

* Requires time and data for custom training models
with AutoML

+ Can map the information to a label or assign a
plausible such, provided it has this information in its
training set - meaning can (in theory) be used for both
clustering and classification

+ Great for small projects, one-offs in controlled
environments - e.g., assisting in task completion

+ Scalability issues
+ Not suitable for large datasets or long documents
* Non-predictable results

+ Direction might not followed when it comes to
classification if you provide specific labels

+ Not trained for the task, meaning not as good at it

+ Limited knowledge, making it unsuitable for niche
industries

* Results worsen on bigger datasets

* Prone to hallucinations

Search Engine Land

GPT-4 vs. Google Cloud: Performance comparison on 9 SEO tasks




Do you need content clustering?
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LDA is great (even though it's a bit old)
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Topic proportions and
assignments

Topics Documents
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Introduction to Probabilistic Topic Models (Blei, 2012)



https://oar.princeton.edu/bitstream/88435/pr1bv3w/1/OA_IntroductionProbabilisticTopicModels.pdf

e | i

26 36 46 58 66 76 86 096

Topics

“Genetics”
human

genome
dna
genetic
genes
sequence

gene
molecular
sequencing
map
information
genetics
mapping
project
SEqUENCES

“Evolution™
evolution
evolutionary
species
organisms
life
origin
biology
groups
phylogenetic
living
diversity
group
new
two
common

“Disease”
disease
host
bacteria
diseases
resistance
bacterial
new
strains
control
infectious
malaria
parasite
parasites
united
tuberculosis

“Computers’
computer
models
information
data
computers
system
network
systems
model
parallel
methods
networks
software
new
simulations

Introduction to Probabilistic Topic Models (Blei, 2012)


https://oar.princeton.edu/bitstream/88435/pr1bv3w/1/OA_IntroductionProbabilisticTopicModels.pdf

LDA emerged to:

e remove dependency on links by introducing the “things” concept and topic/term
understanding

e enable computational understanding of topics and terms and their importance

e highlight that each page will have multiple different topics or subtopics addressed,
which might be of value to different people and should be understood and surfaced
in results
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WATCH THE
DETAILS LATER

I've recorded a step-by-step
tutorial on doing topic modelling
using a no-code, publicly-available,
> > )—e 050250 M@ % (P OS]0 web-based app using LDA.
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DOWNLOAD EXPLORE + BUILD

Explore the outcome and build

Download all files your deliverable

T
Identify topics }
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[
.

,, J,
CRAWL  UPLOAD + FINETUNE

Export the content  Upload the files to the web
from the website app + finetune



Process will take no more than
30 minutes
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Topic models

Topic models

—
Q
N
Q
=.
)
Q)
wn
—~
o

<

Topic to Topic Similarity ~

o
o
=

Topic Modelling per Page ~

A B C D E F G H I J K
| health mental staff corporate vol P L alaya platfc data csr social L program | people time ploy impact P! season
workplace home giving purpose social [time content media user services users C ies strategy ploy C it's back feel start engage purpose employees work team | donors carmen amell
support group responsibility grawehr | support volunteer policy information responsibility giving programs make mission that's activities make engaged good teams | nonprofit fundraising
working ehl students | stéphanie nonprofits share form ti general initiati ing benefits platform community | find make virtual make strategy story
— -
— - - 0.00% 17.65% -44.77% -16.00% -104.73% -4.67% 9.29% -5.99%
L Bans R o
- - O o 17.65% 0.00% -21.13% -88.64% -8.61% -62.86% -36.37% -23.42% 27.18% 6.80%
- — e —— -
-
- - — - - -44.77% -21.13% 0.00% 9.88% -26.01% -58.78% 12.52% 16.87% -56.55%
—— -~ -
— - - -88.64%| 9.88% 0.00% -30.66% -53.92%
- - -
- —— e — -16.00% -8.61% -26.01% -30.66% 0.00% 26.11% -0.59%
-
- — - - -104.73% -62.86% -58.78% 0.00% 35.22%| 30.17% -0.59% -77.01%|
L an o o ey e g —
- — - v -4.67% -36.37% 12.52% 35.22% 0.00% 28.20% 27.18% -46.26%
- e
——— — - — - 9.29%! -23.42% 16.87% -53.92% 26.11% 30.17% 28.20% 0.00% -1.53% -40.31%
- —_ - - -
— - L — -5.99% 27.18% -56.55% -0.59% -0.59% 27.18% -1.53% 0.00%! -29.35%
- - -
- B o - _ - 6.80% -77.01% -46.26% -40.31% -29.35% 0.00%

Topic to Topic Similarity ~
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Page Info

LazarinaStoy.Com

0

ic models

Topic Modelling per Page ~

¥ @lazarinastoy | @mlforseo

L

Content normalised

Zxport = Address = title
0.00% 0.00% 50.00% 0.00% 0.00% 50.00% 0.00% 0.00% 0.00% 0.00%
0.00% 0.00% 1.49% 037% 0.00% 20.07% 186% 33.09% 0.00% 0.00%
133% 0.00% 2.00% 0.36% 574% 18.55% 6.20% 1051% 7.64% 0.00%
0.00% 0.00% 0.00% 0.00% 0.60% 1483% 1.40% 38.48% 120% 0.00%
0.00% 4853% 0.74% 0.00% 0.00% 0.00% 0.00% 0.00% 8.09% 2.04%
0.00% 0.00% 938% 0.00% 0.00% 0.00% 0.00% 313% 0.00% 5313%
0.00% 351% 1559% 2.10% 0.86% 273% 6.63% 522% 0.00% 8.96%
2.99% 0.48% 431% 1.08% 455% 120% 7.19% 6.23% 1581% 0.96%
6.50% 358% 317% 0.41% 681% 7.16% 7.98% 435% 15.05% 0.10%
984% 781% 912% 174% 391% 0.00% 564% 9.41% 203% 0.00%
0.09% 129% 0.76% 0.09% 2568% 538% 8.90% 547% 4.09% 0.00%
412% 117% 9.48% 158% 137% 2.68% 536% 453% 0.76% 1552%
1.40% 097% 797% 237% 3.47% 450% 536% 481% 158% 761%
0.00% 253% 27.09% 261% 261% 0.00% 315% 6.45% 223% 821%
0.00% 49.14% 0.00% 0.00% 0.00% 0.00% 0.69% 0.00% 9.62% 584%
0.00% 5.18% 883% 691% 7.49% 192% 4.41% 1536% 058% 0.58%
0.00% 0.00% 4324% 0.00% 0.00% 0.00% 270% 0.00% 0.00% 1892%
0.00% 19.63% 889% 0.00% 0.00% 0.00% 0.00% 0.00% 0.00% 3259%
0.00% 62.77% 0.00% 0.00% 0.00% 0.00% 0.00% 0.00% 0.00% 0.00%
7.07% 51.52% 0.00% 0.00% 0.00% 0.00% 034% 0.00% 539% 168%
434% 142% 554% 0.78% 2.35% 0.28% 10.73% 3.98% 057% 13.15%
0.00% 54.29% 286% 2.86% 2.86% 0.00% 0.00% 0.00% 0.00% 0.00%
193% 416% 12.01% 197% 6.22% 13.46% 472% 425% 219% 0.00%
259% 425% 322% 0.00% 597% 3.14% 7.63% 1274% 1250% 039%
203% 192% 1.05% 0.17% 2355% 831% 14.42% 256% 343% 0.00%

+ Search Intent Matching ~ Topic to Topic Similarity ~ Topic Modelling per Page ~ Other Linking Opportunities (3N ~ Cluster 1 ~ Cluster2 ~ Cluster 3 >

MLPOrSED
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Selected Topic: 0 Previous Topic ~ Next Topic  Clear Topic Slide to adjust relevance metric:(2) '\
=1 0.0 02 0.4 0.6

Intertopic Distance Map (via multidimensional scaling) Top-30 Most Salient Terms'

20,000 30,000

ax

line
organization
write

article

university
nntp_post
host
would
say
system
think
people
know
god
drive
year
problem
file

go

use
good
game
team
evidence
reply
space
believe

Marginal topic distribtion get

Overall term frequency
I Estimated term frequency within the selected topic

1, saliency(term w) = frequency(w) * [sum_t p(t | w) * log(p(t | w)/p(t))] for topics t; see Chuang et. al (2012)
2. relevance(term w | topic t) = A * p(w 1 1) + (1 - A) * p(w | 1)/p(w); see Sievert & Shirley (2014)




BERTopic is another great alternative



Zero-shot
Topic Modeling

Supervised

Topic Modeling Guided
Topic Modeling

Class-based
Topic Modeling

Manual
Topic Modeling Merge Models
. Federated/Incremental
Multi-aspect Learning
Representations — .
BERTOplC Semi-supervised
Multi-modal

Topic Modeling
Topic Modeling

Seed Words
Representations
LLM Dynamic
Representations . Topic Modelin
Online P J Multi-topic
Topic Modeling Modeling

Hierarchical
Topic Modeling



(optional)
Representation
Tuning

Weighting
scheme

Tokenizer

Clustering

Dimensionality
Reduction

Embeddings

ChatGPT

c-TF-IDF

- -
HDBSCAN

SBERT

Llama 2

I N .
c-TF-IDF +
BM25

HE N . .
c-TF-IDF +
Normalization

TruncatedSVD

(% Transformers

ChatGPT

c-TF-IDF

HDBSCAN




Although BERT is typically

Embed used for embedding BERTOpIC
Documents documents, any embedding
technique can be used.

Cluster documents
UMAP |5 [HDBSCAN into semantically

Reduce dimensionality Cluster reduced

of embeddings embeddings Sim I I ar Cl usters

\ %

Create topic

representations c-TF-IDF N MMR

Generate candidates by Maximize candidate
from clusters extracting class-specific relevance

words




ArXiv - BERTopic

Topics labeled with “openhermes-2.5-mistral-7b"

Molecule

. 7 rl\%? tation
Domain Adaptatiol Rivasn
Visual Recognition Learning Quantum Machine

Learning Algorithms

Ensemble
Classification
Methods and
Performance

Kenl'ne'l: based
atent Variable an clustering
VAE Learning Methods algorithms

Generative
versarial Network;
GANs

Adversarial Attacks
and Robustness in

3P Object Genera;tio"ﬂacm"e Leaming
and Segmentatiol

Speaker Recognition
Techniques EEG based Deep

Learning Methods

otk and Hode
e s o
egclzggléal\tllig;ni“ Classification

Clinical Risk
“é':g:f.:'n't’;‘ggﬁ Prediction from EHRs

COVID 19 Chest CT
Image Analysis
Causal Effect
Estimation from
Observational Data —c .
Variational Gaussian

Explanation methods Process Inference
for black box

machine learning

models Neural Networks

Physics Equations

Neural Network
Convergence and
Learnability

Machine Learning
Fairness Methods

Sequential
Recommendation with
Neural Networks

Time Series

1 Smart Grid
orecasting

Forecasting

Federated Learning
Privacy

Malware Detectiol
through Machine
Learning Spatial Temporal

Traffic Prediction

Autonom

yus Driving
Prediction

Continual Learning
for Wireless Systems

tochastic Gradier
cent Optimizatiol

ntinual Learng
nd Catastrophi

Forgetting DNN Compression

Approaches

Stock Market
Prediction with Deep
Learning

Multi Armed Bandit
Algorithms and
Regret Bounds

Reinforcement
Learning and State Bayesian
Embeddings for Optimization
echniques




s

SITECARE

C""@‘_'O Content Clusters A""@HQ

A.CITCf’r

<4— Internal Linking

Categorise/ discover patterns
and topics on site content

- Identify opportunities for

internal linking
Pillar Page

- identify what your site is about

and whether it aligns with business O O
positioning 0 O

- Identify the topics that your O""@HO AH@ Q

O/I\v

competitor site tackles O/’ i Q
A O

MAChilg Ledrning £or SE0
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Categorise/ discover patterns
and topics on YouTube titles or
video catalogs

- Quickly understand competitive
landscape in hundreds or
thousands of videos in a niche

Youtube Analytics

m 1 Million Views

ﬁ LazarinaStoy.Com ¥ @lazarinastoy | @mlforseo MLPOrSED
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Categorise/ discover patterns
and topics in first-party data
(any kind of user forms)
- Quickly see what topics your
feedback is centred upon
Bonus points: Tie this analysis with W
sentiment analysis. W

ﬂ’ LazarinaStoy.Com ¥ @lazarinastoy | @mlforseo MLPOrSED
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Do you really understand what makes up a topic?



let’s talk about your fancy

keyword clustering

software, and how to replace them



ﬂ, LazarinaStoy.Com

difficu%y? i
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> - V-. 1.
»
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.
/ : .
6
.
completeness* . o

100
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Keyword clustering is
sub-topic keyword extraction
in text-based documents.

LazarinaStoy.Com ¥ @lazarinastoy | @mlforseo MLPOrsEd
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( eyBERT

Although there are already many methods available for keyword generation (e.g., Rake, YAKE!, TF-IDF, etc.) |
wanted to create a very basic, but powerful method for extracting keywords and keyphrases. This is where
KeyBERT comes in! Which uses BERT-embeddings and simple cosine similarity to find the sub-phrases in a
document that are the most similar to the document itself.

& LazarinaStoy.Com ¥ @lazarinastoy | @mlforseo MLPOrSED
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Extract Embeddings

Embed Tokens

Tokenize Words

most : ; : :
microbats : : Calculate

Input Document use | : : Cosine Similarity
echolocation

Most microbats use ¥ et > [mostl... lPood'
echolocationto navigate Most microbats...l 08 I l 73 |

aind Bl Eeal. navigate

and : ' : We calculate the cosine similarity between all

Fincl : : candidate keywords and the input document.

food ! : : The keywords that have the largest similarity
: 4 to the document are extracted.

We use the CountVectorizer . Most microbats use
from Scikit-Learn to tokenize our | : echolocationto navigate
document into candidate :

kewords/keyphrases.

We can use any language model that
can embed both documents and keywords,
like sentence-transformers.




she |
deposited I I
the




let’s talk about

entities



hiking q
outfit
outdoor
wallpaper forest
backpacking person
trekking utah
mountain woman
trail < colorado
summer family
hawaii clipart
dog gear
winter <@ camping
shorts tumblr
fashion > nature
barefoot
beautiful
canada
adventure
silhouette
LazarinaStoy.Com ¥ @lazarinastoy | @mlforseo MLPOrsEed
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=.1- B-L B Ka:

Barack Hussein Obama Il = f{elelga} August 4, 1961 * |RSER attorney and

politician who served as the 44th President of the United States & from

NELRUEAORVV SN to BNERIEINAAVRVIIVEEN. A member of the , he

was the first to serve as president. He was previously a

BRNGCEREICEREaEIe el from  lllinois &2 and a member of the BIREESICICEEREICES.

e, LazarinaStoy.Com ¥ @lazarinastoy | @mlforseo :
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your content

competitors’ content

your SERP data versus competitors’
first-party data

UGC

social mentions

Data to analyze

& LazarinaStoy.Com ¥ @lazarinastoy | @mlforseo MLPOrSED
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With Google's Natural Language API, you can
analyze entities, and entity sentiment.

LazarinaStoy.Com ¥ @lazarinastoy | @mlforseo MLPOrsEed
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— Process will take no
more than 20 minutes

Entity analysis

How to do Entity Extraction
with Google’s Natural
Language API in Google
Sheets (Apps Script)

Lazarina Stoy. - Mar 27, 2024

MAChilg Ledrning £or SE0

LazarinaStoy.Com ¥ @lazarinastoy | @mlforseo MLPOrSED



ient - News B @ : e
xtensions Hel

Sentiment Tools

123 Arial Mark entities and sentiment

Runthescriptviathe  «o

The blind Ukrainian amputee whose wife's voice k

c Entity Analysis with with Google Cloud Natural
Language API (Google Sheets Template and
Apps Script)

entity_sentiment

complete

Exhausted Ukraine struggles to find new men for fil complete
complete

complete

SAG Awards 2024: O ates ahea

US and UK carry out fresh strikes uthi targets in YemenPublished12 hours ¢
ur morning commutePublished4 hours agc
sted Ukrainians refuse to give upPublishe

Japan naked festival: Women join Hadaka Matsuri for first timePublished10 hours

Alexei Navalny: Dissent is dangerous in Russia, but activists refuse to give upPut

Stray Kids: How K-Pop took over the global charts in 2023Published3 days agoSt

Gareth Edwards: The Creator director on shaking up Hollywood's visual effectsPu

South Carolina primary: Donald Trump easily defe
m n x r Kim Petras on sexual liberation and fighting TikTol
SAG Awards red carpet 2024: From Margot Robbi
o ® (Inside the long-abandoned tun ath the ClydePublished2 hours agoSharec
e n I I es ro m Co n e n i ssia is turning the tide?Published17 Febru
y to mother 8 days after deathPublished1i
s thanks fans for support after dementia and aphasia diagnosisPut
Rosenberg: How two years of war in Ukraine changed RussiaPublished3 days ag
SAG Award winners 2024: The full list of nominees and winsPublished13 hours a(
Chuckie: 1Xtra presenter feels R&B has special year aheadPublished1 day agoSI
Alia Bhatt: The young Bollywood star taking on HollywoodPublished2 days agoSh

ata v Analysis ~ Pivot Table ~

/)

, LazarinaStoy.Com W @lazarinastoy | @mlforseo MLPOrSED
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Entity Analysis in Google Sheets with Google Cloud Natural Language API - By Lazarina Stoy for MLforSEO.Com +# m & ) X -

® Share
File Edit View Insert Format Data Tools Extensions Help Sentiment Tools

Q Menus o ¢ & § 100% -~ & % O 00 123 oarial —+ : vi-pRrAr oo B @ Y B~ 2

~ D
D G
IID |Enﬁty Type Salience Number of menti Metadata Mentions
itps J/vww.pbe eUrope-68376700 Serniy PERSON 034382042 ) 'Serniy, Serhiy, Serhly, Serhly, Serniy, Sei
https://www.bbc -europe-68376700 Valeria PERSON 0.20473818 8 () wife, Valeria, Valeria, Valeria, Valeria, Va
Nottos:/www.bbe orid-europe-68376700 again. It OTHER 0.07993547 3{ again.lt, consciousness, pattern
orid-europe-68376700 amputee PERSON 0.03255884 10 amputee
'world-europe-68376700 men PERSON 0.023478702 2{ men, men
orid-europe-68376700 consciousness OTHER 0.01324304 10 consciousness
orid-europe-68376700 legs OTHER 0.012497222 10 legs
https:/i bbe. -europe-68376700 voice OTHER 0.011640955 10 voice
https:/i bbe 'world-europe-68376700 voice OTHER 0.011640955 10 voice
jworld-europe-68376700 wife PERSON 10 wife
-europe-68376700 thought OTHER 2 thought, relief
orid-europe-68376700 hospital bed OTHER 0.009335752 10 hospital bed
orid-europe-68376700 BakerBBC NewsAs Sert OTHER 0.00860053 10 BakerBBC NewsAs Serhiy
3 A Ukrainian LOCATION 0.007102234 10 {"mid":"/m/07t21","wikipe Ukrainian, Ukrainian, Ukraine, Ukraine, L
https:/iwww.bbec orid-europe-68376700 soldier PERSON 0.0063414737 10 soldier
https://www.bbe.colp/news/world-europe-68376700 sharingRelated TopicsW OTHER 0.006290309 [ ] [ ]
H Kyiv LOCATION 0.006290309
pageCopy linkAbout OTHER 0.005526677 e e n I a a I n
orid-europe-68376700 agoShareclose panelSh: OTHER 0.005526677
B .bbe. -euro| 376700 UkraineBy Keiligh OTHER 0.005526677 K" URIanizoy nemyn
https://www.bbe rid-europe-68376700 Russia LOCATION 0.005216035 6 {"wikip Issia, Russia,
https:/iwww.bbe 68376700 tube OTHER 0.005082654 1{
https:/iwww.bbe. 68376700 consciousness OTHER 0.0050217225 2{ 1ess
https://www.bbe. 68376700 dreams OTHER 0.004847212 10
https:/iwww.bbc 68376700 wounds OTHER 0.004582253 2{
https://www.bbe. jworld-Quirope-68376700 throat OTHER 0.004465256 10 throat
https:/iwww.bbe 'world-e&ope-68376700 panic OTHER 0.004465256 10 panic
https:/iwww.bbe. orid-eurgpe-68376700 darkness OTHER 0.004465256 10 darkness
https:/iwww.bbe. 'world-eurofje-68376700 organisations ORGANIZATION 0.004451084 10 organisations
https:/iwww.bbe. orid-europ&68376700 approach OTHER 0.0041478397 10 approach
https:/iwww.bbe. veterans PERSON 0.0039000588 10 veterans
https://www.bbe. Ukrainians PERSON 0.0031437073 2 {"wikipedia_url":"https://e Ukrainians, Ukrainians
https:/iwww.bbe. 'world-europe-68476700 veteransHe PERSON 0.0030598007 10 veteransHe
https://www.bbec /world-europe-68 PERSON 0.002669544 10 family
10 injuries
10 invasion
10 consciousness
10 soldier

N
o)

©

o
w

w

o

0
0
0
0
0
0
0
0

MNoooooooooooooooe

o

S

)

https:/iwww.bbe OTHER 0.0024970311
https://www.bbe orld-eurdbe-68376700 invasion EVENT 0.0024199213
https://www.bbe 68376700 conscious} OTHER 0.0023867677
hitns/iwww bhe cominews/warld-eurde-BR376700 soldier PFRSON 00023730078

S
D WO O0OO0OO0O0O0OO0O00 =0 hOOO O

Working sheet v Entity Sentiment Data ~ J Related resources and How-to guide ~




Classification label
[Health/Mental Health/Other

bj Death & Tragedy,

/Sensitive Subjects/War & Conflict

/People & Society/Social Issues & Advoc...

[News/Other

[Law & ic Safety/Law E...

Map to topics,
labels or intent
classifications

/Business & Industrial/Energy & Utilities/ ..

[Arts & Entertainment, &Ente..

[Jobs & \/Primary &....

® /Health/Mental Health/Other

Salience

LazarinaStoy.Com

/Law & Government/Public Safety...

Issian UK Getty Imag... one world family way video support pag
80 19 9 16 10 17 17 22 1
- 26 42 20 27 8 15 12 24
1 15 10 14 1 23 12 9 16
1 13 3 8 2 6 10 4 &
- 2 6 6 15 5 9 1 3
= 3 2 3 = = 2 3 o
s = 1 4 * 6 1 = 3
- 1 5 3 4 - 1 3 -
. 1 1 2 - 3 = 2 =
@ /Sensitive Subjects/Death & Tragedy @® /Sensitive Subjects/War & Conflict ® /People & y. Issues & Living & En...
® /News/Other ® /Business & Industrial/Energy & U... ® /Jobs & Education/Education/Pri... @® /Arts & Entertainment/Celebrities...
® ]
® o
= o o
o @
-
e ®
60 0 90

¥ @lazarinastoy | @mlforseo
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What are the most common entities mentioned in the SERPs’ meta descriptions?

data

applications

database

services

servers

cloud

Application integration
Machine learning
databases

systems

AWS

tools

users

Serverless computing
Cloud goverance
infrastructure
information

collection

content delivery network

resources

Il Number of mentions

38
24
20
19
19
18
18
17
16
15
14
14
14
13
13
13
13
12
15 20 2 30 3 40

44

45

Which URLs' meta descriptions mention the most entities?

https:/www.ibm.com/cloud/learn/machine-learning
https.//cloud.google.com/products/databases
https:/enwikipedia org/wiki/Machine_learning

https./#/developers.google.com/machine-learning/crash-course|

https:#/azure microsoft com/en-us/resources/cloud-computing-dictionary/what-is-serverless-
computing/
https.//www.techtarget com/searchenterpriseai/definition/machine-learning-ML

https.//wwnv.sas.com/en_us/insights/analytics/machine-learming.html
https:/#/www.cloudflare com/learning/serveriess/what-is-serverless/
https./Z/www.akamaicom/our-thinking/cdn/what-is-a-cdn
https./enwikipedia.org/wiki/Serverless_computing
https./www.cloudflare com/learing/cdn/what-is-a-cdn/
https://wwnwlinkedin.com/company/cloudcompliance-app
https.#/aws.amazon.com/web-mobile-social/
https://solutionsreview.com/cloud-platforms/best-cloud-management-platforms/
https.#/www.facebook com/MediaServicesPayroll/

https:#/explore fastlycom/cdn
https://wunvmerriam-webstercom/dictionary/storage!|
https:/#/aws.amazoncom/security/

https://wvnv.g2. com/categories/database-as-a-service-dbaas

https.//wwwintercom com/drlp/customer-engagement-software

I Entity

6 8 10 12 14 16

¥ @lazarinastoy | @mlforseo
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Explore the entity data collected, based on keyword, domain, ranking URL.
URL Entity Sentiment Label f,l‘;"g“ ent  salience Satlence
Filter by URL .
Revenue
Equals W
hitps.Zwawindeed com/q-Front-End-Web-Developer- KesarWeb Slightly positive o1 0.00928615 1 001
jobshtml
hitpsZaws amazon com/security/ EPP Neutral o 0.009550332 1 001
hitps.Zaws amazon com/security/ FiM Neutral o 0.009550332 1 001
ltel
Filter by entity hitps.Zwwwabsolutelabsio/ Customers Slightly positive 03 0009584136 1 001
Equals v
ngmmmmwm RDS Neutral ] 0.010077032 1 001
dbaas
bttpsZwawinvestopediacom/tems/c/cloud- applications Neutral o 0.010227131 1 001
com: qasp
Filter by domain ranking # of entities mentioned hitos.Zenwikipedia.org/wiki/Web_development tools Google Chrome Neutral ) 0010251738 1 001
QT : hitps//wanwtalend com/resources/what-is-application- sources Neutral o 0010404985 1 001
integration/
developers.googlecom 14 hitps/wenwtechtarget com/searchdatamanagement/defi  Computer databases Neutral 0 0.010440737 1 001
cloudsecurityalliance.org 14 https.Zwww.intercom.com/drip/customer-engagement - Powerful & Flexible Neutral o 0.010456439 1 001
software
checkpointcom 13 https./wwweodecademy.com/article/what-is-rdbms-sql ~ data Neutral o 0010515575 1 001
youtube com 13 hitps.Z ey salesforce com/products/platform/best- cloud Neutral o 0.010708032 1 001
Rreaclices/cloud-computing/
sascom 12 bitps. 2w mysalcoms machine leaming Slightly positive 02 0.010735927 1 001
workloads
hitps Zwanxblackforestmikig.com/ Black Forest Container  Neutral [} 0.010848048 1 001
Systems
= Sentiment Label (Exclude 1) Salience
hitpsZwwwimpervacom/leam/data-secunty/cloud- data security Neutral ] 0.0115666855 1 001
govemance/
Neutral 1911
httos.Zmartinfowtercom/articles/serverless html databases Slightly positive 01 0.011604427 1 001
Slightly posihve 1588 httos /Zwwwusg edu/galileo/skills/unitoa/primera_otph  number Neutral o 001169396 : 001
tmi
Slightly Negative 85
bitpsZenwikipeda org/wiki/Front- css Neutral o 0.011733394 1 001
Very Positive 46 1-100 /2169 >
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Does it matter how you do it?



Yes, use a tailored model.

= ®

53

16
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Model Benefits Limitations

* Recognizes entities and provides a score
for prominence, importance, number of
mentions

+ Syntax analysis, including dependency
trees, part-of-speech tagging

Google Cloud * Overstuffing of entities recognised - e.g.,
Natural Language APl | « Sentiment analysis in entities (in context), [singular and plural forms

and of entire documents or texts

* Scalable

« Easy to use with multiple integrations
possible (including Google Sheets)

* Prone to hallucinations, e.g., will pull out
words or entities that are not in the text
* (GRS A A S IR ray=es * Limited entity recognition and syntax
+ Can identify entities with some limitations Analysis
GPT-4
+ Can do syntax analysis with some * Sometimes false category attribution

limitations « Limited scalability

* Much slower comparatively

Search Engine Land

GPT-4 vs. Google Cloud: Performance comparison on 9 SEO tasks




Entity analysis work is central to multiple SEO projects
(so, pretty important to get it right)

LazarinaStoy.Com ¥ @lazarinastoy | @mlforseo MLPOrSED
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SERP ANRLYSIS .

HOW TO USE ENTITY, SENTIMENT, "4
SEARCH INTENT, AND LANGUAGE Fﬂ\‘ .

ANALYSIS TO

BETTEB CONENT @

SERP Analysis - Entity
Extraction, Sentiment...

Lazarina Stoy.
562 views * 6 months ago
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LazarinaStoy.Com

 SEO GUIDE J

TO INCORPORATE
friltl]\‘(’:lHlNE LEARNING IN YOUR

INTERNAL LINK AUDIT

How to Implement Machine
Learning in Your Internal...

Lazarina Stoy.
395 views * 7 months ago
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Understanding our Content

Based on entity tagging, we built a graph to survey our
content and explore how it is interrelated

O °
° e . ® i X
o ® .. « ° 4 2 .. ® aanp'e <
c et o, e ,* "%, * InvestopediaTax Content Graph
e T = o8
e ¢ . . °
o £y 8 * o o ©® L a -
§ 2y Tl T1ee S g Links between nodes show
. ® o. o.o. 0.... o..:..'.o S i
® ° " o entities.
. Rt 2 /. IRSCode 2031 °
. .'°.(;plulGaln o4~ ‘
° RS o °
. L8802 N
' i O “"0‘?'{ o2
o ® .8 2
.. - .‘&’g N ® ..

MLPOrSED
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Sentiment Volume

@ PRICING-TOO-HIGH

@ USABILITY
PRODUCT-PROBLEM

® PRODUCT-COST

@ DELIVERY-SHIPPING

@ BILLING-PAYMENTS

@® PRICING
@ SHIPPING
@ BILLING
(O CS-SARANG
-1.0 -0.5 0.0 +0.5 +1.0
sentiment
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Do you need to understand text structures, at scale?



let’s talk about

fuzzy matching



A quick and dirty way for calculating

similarity between two strings

LazarinaStoy.Com ¥ @lazarinastoy | @mlforseo MLPOrSED
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WATCH THE

mxﬂmﬁ v DETAILS LATER

m\_\,ﬁ\m‘- on using fuzzy matching for things
/ a lke:
1_31 48)

e Identifying link opportunities
e String Similarity Analysis
e redirect mapping of URLs

—
> » ) =—@ 0:50/2:50 B &% (o OS]0

o I
LazarinaStoy.Com W @lazarinastoy | @mlforseo MLPOrSED
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9} LazarinaStoy.Com

ASSESS
Human-check similarity
scores

CRAWL + MODEL

Export the content from
the website

ACT

Implement or
recommend

ASSESS SINILARITY }

l
ORGANIZE

Text to analyze - titles,
URLs, hreflang tags...
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H1 match

Similarity |~

URL v URL2

https:/ v ple.com/destinations/egypt/ https://www.example.com/egypt/
https://wvewe.example.com/destinations/italy/rome/ https://www.example.com/italy/rome
https://vevewe. ple.com/destinations/portugal/algarve/ https://www.example.com/portugal/algarve/

https://veww.example.com/destinations/spain/
https://wevew.example.com/destinations/spain/balearics/ibiza/
https://wevew.example.com/destinations/spain/costa-brava/benidorm/

Page title match

R

https:/fwww. ple.com/destinati
https://www.example.com/destinations/italy/rome/
https://www ple.com/d ions/portugal/algarve/

https://www.example.com/destinations/spain/
https://www. ple.com/destinations/spain/balearics/ibiza/
https://www.example.com/destinations/spain/costa-brava/benidorm/

URL match

URL

https://vww pl fd tions/egypt/
https://www.example.com/destinations/italy/rome/
https://www.example.com/destinations/portugal/algarve/
https://www.example.com/destinations/spain/
https://www.example.com/destinations/spain/balearics/ibiza/
https://www.example.com/destinations/spain/costa-brava/benidorm/

https://www.example.com/spain/
https://www.example.com/spain/balearics/ibiza/
https://www.example.com/spain/costa-brava/benidorm/

*JoRL2
https://www.example.com/egypt/
https://www.example,com/italy/rome
https://www.example.com/portugal/algarve/
https://www.example.com/spain/
https://www.example.com/spain/balearics/ibiza/
https://viveve.example.com/spain/costa-brava/benidorm/

L= [URL2

https://www.example.com/egypt/
https://www.example.com/italy/rome
https://www.example.com/portugal/algarve/
https://www.example.com/spain/
https://www.example.com/spain/balearics/ibiza/
https://www.example.com/spain/costa-brava/benidorm/

Similarity -~
10,9091
0.9231
(.9231
0.9000
0.9286

Similarity |~
) H/'d ;
0.9111
0.8/45
0.8820
0.8910

LazarinaStoy.Com
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Language use analysis can also be useful for scaling generation of
or identifying opportunities for Structured Data (schema) mark-up
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MAChilg Ledrning £or SE0



=transpose(getngrams(-2, 2))

| J K L M |
bi-grams in title
Enterprise application application integration integration - - Wikipedia
What Is Isa a Database Database - - Oracle
What is isa a Relational e e SRS AR RSN TEIRTELVISI R
What Is Is A A Non-Relation
What is is a a CDN? . 108
] Isa 25
is Cloud 25
- Wikipedia 16
Content Delivery 16
2022 - 12
Amazon Web 1
Application Integration? il
Serverless Computing 11
5 Web Services 1
i} Best Cloud 10
Customer Engagement 10
is Application 10
Machine learning 10
Media Services 10
Cloud Governance 9
Cloud Storage 9
Google Cloud 9
in 2022 9
0 25 50 75 100

Count
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+ Code + Text
# Tokenize text into sentences
O .coences - nitk.sont._tokanize(text)

# Initialize FAQ Schema dictionary
faq_schema = {'@context': ‘https://schema.org', '@type': 'FAQPage', 'mainEntity': [1}

# Loop through sentences to find questions and their answers
for i in range(len(sentences)):
if is question(sentences(il):
# Extract question

question = re.sub(r'["\w\s]', '', sentences[i]).strip()
# Extract answer

3 =101

ansver = '

while j < len(sentences) and not is_question(sentences(3]):

Table Of Contents Bemn e

answez = answer.strip()
A beginner*friendly SEO guide bosed on bIOgS that COnVert faq_schema[ 'mainEntity').append({'€type': 'Question', 'name': guestion, 'acceptedAnswer': {'€type': 'Answer', 'text': answer}})
A beginner-friendly SEO guide, based on blogs that convert

# Save FAQ Schema to JSON file

. . L ) With open(‘output.json’, 'w') as £

Link your blog from the main navigation and other important menus Json.dump(faq_schema, £, indent=)

print(faq_schema)

e Why should you link your blog from the main menu? N e e R s
Paste the webpage content:
. a -
¢ Why should you link your blog from the footer menu? ‘ & Python Extract a Q&A pair from ¢
e Choose a blog location, which promotes site authority File Edit View Insert Runtime Tools Hi

b What should you choose — hosting the blog.on a subdomain or subfolder? Ru n the Cell, paste the co nte nt — o X .

P Should you include tags and category names in your blog URLs? N
G B X

* Use a mix of broad and specific topic tags, keep them relevant to user intent Q

* What are the benefits of using.a mix of broad and specific topic tags in a blog? o -

{x} e
 How many categories and tags should a blog have? > B sampre_data
B output

e Use titles and headings to increase CTR and blog engagement = Download

¢ How to optimally use the HI heading tag? - file
* Improve User Experience with indicators for reading time, content difficulty, and content etefile

type Download the output JSON opy path

P Should you publish news and other content (gg._press releases)ﬁpart of your blog?

Refresh

e Takeaway

MAChilg Ledrning £or SE0
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© import nitk
nltk.download('punkt')
import re
import json

# Function to check if a sentence is a question that ends with a question mark
def is_question(sentence):
question_words = ['what', 'when', 'where', 'which', 'who', 'whom', ‘whose', ‘'why', 'how', 'is', ‘'will', 'should']

9 Scrlpt to kenlzes the text' dlscove s the :s:;::ze;imno].lwem in question words and sentence.strip().endswith('?")
questions, and pulls the answers

return False
# Read text file
text =input("Paste the webpage content: ")

# Tokenize text into sentences
= nltk.sent_tokenize(text)

# Initialize FAQ Schema dictionary
faq_schema = {'@context': 'https://schema.org', '@type': 'FAQPage', 'mainEntity': []}

# Loop through sentences to find questions and their answers
for i in range(len(sentences)):
if is_question(sentences[i]):
# Extract question
question = re.sub(r'["\w\s]', '', sentences[i]).strip()
# Extract answer

3 =i+l
answer = ''
while j < len(sentences) and not is_question(sentences[j]):
answer += ' ' + sentences[j]
3 o4=1

answer = answer.strip()
# Add question-answer pair to FAQ Schema
faq_schema[ 'mainEntity’].append({'@type': 'Question', 'name': question, 'acceptedAnswer': {'@type': 'Answer', 'text': answer}})

# Save FAQ Schema to JSON file

with open('output.json', 'w') as f:
json.dump(faq_schema, £, indent=4)

print(faq_schema)
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"@context":
"@typ
“mainEntity

d you link your blog from the main menu",

ically the primary point of ent

- Script organises these into a schema
dictionary, which is saved as a JSON file

ype": "Question",
“name": "Why should you link the footer menu",
“acceptedAnswe
"@type": "A
a link to your bl

@type":
“name": "What ld you cho sting the blog o omain or

"acceptedAnswer"

option is to integrate your blog into your website\u2019s domain by creating a subdirectory or otherwise -subfolder,

stion",
1d you include tags and category names in your blog URL
“acceptedAnswer": {
"@type": "Answer",

“"text": "Including tags and category nai n your blog URLs can have > benefit t it may not Including

“@type'
*name"
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0 warnings O errors A

@context https://schema.org
What took minutes even with the most ®type FAQPage
mainEntity

straightforward methods (e.g. using a schema

markup generator, and copy-pasting individual

@type Question
questions into it), took seconds. P ——
@type Answer
text The main navigation is

typically the primary point of
entry for website users and
should contain all significant
sections, including your blog.
By linking your blog from the
main menu, you can increase
traffic and engagement,
boosting your blog's visibility.

F]
o
3
o

Why should you link your blog
from the main menu
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Are recent updates making you rethink content distribution?



let's talk about something a bit more advanced (but still beginner-friendly)

Content Transformation



Improve brand omni-presence and content accessibility

Both users and search engines want to see multi-modal presence for high-value sites.

Meaning:
e Texttovideo

e Videos to text

e Texttoaudio

e Audio to text

e Text summaries for content distribution on social media
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Needless to say scaling production here is pretty
significant for organic growth.
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Put Speech-to-Text into action

As in this demo, you can easily infuse speech transcription into your applications with th

You have a library of videos on
YouTube but no blog? O Microphone (@) File upload

Language

English (United States)

a

- Scale it's launch quickly

through transcription. o : -
Show JSON
& LazarinaStoy.Com ¥ @lazarinastoy | @mlforseo MLPOrSED
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You have a library of
high-performing blog posts
but no presence on
YouTube/TikTok?

- Scale production with
text to speech.

b, LazarinaStoy.Com

Put Text-to-Speech into action

Type what you want, select a language then click “Speak It” to hear. b

Text to speak

Google Cloud Text-to-Speech enables developers to synthesize natural-sounding speech with 100+ voices,
available in multiple languages and variants. It applies DeepMind’s groundbreaking research in WaveNet
and Google’s powerful neural networks to deliver the highest fidelity possible. As an easy-to-use API, you
can create lifelike interactions with your users, across many applications and devices.

text ssml
Language / locale Voice type Voice name
English (United States) v Neural2 v en-US-Neural2-J v
Audio device profile Speed: 1.00 Pitch: 0.00
Small home speaker v —® —_—e

Show JSON v » RESUME
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Caitlin Hathaway

@CaitlinTheSEO
Repurpose content to use for other marketing channels with the
Ultimate Content Repurposer GPT +[]

- Add your URL/paste content in the chat + your target audience
- Generates audience-focused ideas for repurposing across platforms
like X, TikTok, Reddit, YT etc.

You have a library of high-performing
blog posts but no content distribution?

- Transform blog posts to insightful
posts for social media.
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http://trafficthinktank.com

half of the people in the room are thinking



“| got this.”



http://trafficthinktank.com

r."
“I could neve

N\

—~—
S ————


http://trafficthinktank.com

mindset + community + resources
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what | do my website
—— v A

seo®@lazarinastoy.com

social Landle

~

best way to get in touch


http://trafficthinktank.com

