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A guantidade de informacao potencial gerada no primeiro dia de vida de um bebé
é equivalente a 70 vezes a quantidade de informacao (> 155M de itens em 470
idiomas) contida na biblioteca do congresso americano. (onte: s 2016
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* 500 bilhdes de eventos/dia
* Pico: 8 milhdes de eventos/s

* 1.3 petabyte dados/dia (1.000.000 GB)
* Pico: 24 GB/s

e Uso intenso de aprendizagem de
maquina (todas as camadas)
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UnB Twitter

e ~320 milhoes de usuarios
e 100 milhdes ativos/dia

* 500 milhoes de tweets/dia
* 6 mil/s

* Pico: 618.725 em 60 segundos (apos final da copa
2014)

e Brasil x Alemanha: 35.6 milhoes de tweets
* Por que?
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008( IOT ANALYTICS May 2023 Your Global loT Market Research Partner

Global loT market forecast (in billions of connected loT devices)

Number of global active loT connections (installed base) in billions

30 - 297 connectivity type CAGR 21-22 CAGR 22-27

Actuals until Q4/2022
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Note: loT connections do not include any computers, laptops, fixed phones, celiphones, or consumers tablets, Counted are active nodes/devices or gateways that concentrate the end-sensors, not every sensarfactuator. Simple one-directional communications technology not considered {e.g.,
RFID, NFC), Wired includes ethernet and fieldbuses [e.g., connected industrial PLCs or /G modules); Cellular includes 26, 3G, 4G, 5G; LPWA includes unlicensed and licensed low-power netwarks; WPAN inciudes Bluetooth, Zigbee, Z-Wave or similar; WLAN includes Wi-Fi and related protocols;
WNAN includes non-short-range mesh, such as Wi-SUN; Other includes satellite and unclassified proprietary networks with any range.

Source: 1oT Analytics Research 2023, We welcome republishing of images but ask for source citation with a link to the original post and company website,

https://iot-analytics.com/number-connected-iot-devices/




https://ediscoverytoday.com/2023/04/20/2023-internet-minute-
infographic-by-ediscovery-today-and-ltmg-ediscovery-trends/
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Usuarios de Internet no Brasil Uso de rede social no Brasil
(jan/2023) (jan/2023)

 181.8 milhdes de pessoas . WhatsApp (169 mi)
. YouTube (142 mi)

. Instagram (113 mi)
. Facebook (109 mi)
. TikTok (82 mi)

. LinkedIn (63 mi)

. Messenger (62 mi)
. Kwai (48 mi)

. Pinterest (28 mi)
10. Twitter (24 mi)

* Aumentou para 7.1 milhdes novos
usuarios em 2023, em 2022 foram 4.1

 15.7% da populacao brasileira sem
usar nada da internet

O 00 O Ul B WDN -

e 152.4 milhdes usam midias sociais

https://datareportal.com/reports/digital-2023-brazil
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e 152.4 milhdes usam midias sociais

203 milhoes hab. (IBGE, 2023)

https://datareportal.com/reports/digital-2023-brazil






- O que é “big data”?
UnB

* Big data € um enorme volume de dados estruturados™* e nao estruturados. O volume é tao

grande que € impossivel processar com técnicas de banco de dados e software tradicionais.

* Big data é o termo utilizado para uma colecao de conjuntos de dados tao grande e complexo
gue se torna impossivel processar usando ferramentas de gerenciamento de banco de dados ou

aplicacoes de processamento de dados tradicionais.

* Big data sao dados cuja escala, diversidade e complexidade exigem novas arquiteturas, técnicas,

algoritmos e analises para gerencia-los e extrair valor e conhecimento oculto deles.

* Big data é a quantidade de dados suficientemente grande que leve a uma mudanca nas formas
tradicionais de analise de dados (Chiavegatto, 2015).

Chiavegattto, 2015. Epidemiol. Serv. Saude, vol.24, n.2, pp.325-332



UnB Descoberta de
Conhecimento

Dados Dados Textuais Dados Multimidia
Estruturados
Dbf, Csv, xls -Twitter Fotos (Instagram)
Ex.: Sinan -Koo Telegram
g:h/' -Documentos Sons & Videos (Youtube,
do Word Tiktok, Sopro cardiaco,

Discord, batimento
cardiaco fetal)
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== O que é “big data”?
UnB

Nao existe um consenso quanto a sua definicao

Refere-se a capacidade de explorar uma grande quantidade de dados, analisa-la

e extrair conclusoes.

Representa uma nova era na exploracdo e utilizacdo de dados!

Ajuda a conhecer a monitorar ameacas e beneficios ao longo prazo

Tem/Terd impacto sobre a economia, ciéncia, salde e sociedade em geral?

1.Zikopoulos, P. Eaton, C. Understanding Big Data: Analytics for Enterprise Class Hadoop and Streaming Data, 2011

2. Mayer-schonberger, V; Cukier, K. Big data: A revolution that will transform how we live, work, and think. Houghton Mifflin Harcourt, 2013



== O que é “big data”?
UnB

* Envolve a gestao e analise de grandes volumes de dados:
High t d

Traditional laboratory-based surveillance

Hybrid systems

Traditional sentinel surveillance

Death certificates Medical
claims

Participatory surveillance
Crowdsourcing

Search queries

Twitter

Information, signal/noise, or specificity

Low >

Low High
Data volume, complexity, or amount of preprocessing required

Overview of the characteristics of infectious disease surveillance svstems. Hybrid systems combining traditional surveillance with big data
streams fall in the desirable zone associated with high information return and high data volume.

J Infect Dis. 2016 Dec 1; 214(Suppl 4): 5380-5385.




QUEM SOMOS?

== O que é “big data”?
UnB

* Envolve a gestao e analise de grandes volumes de dados:

O Guardides da Satude tem por objetivo
estimular a vigilincia participativa em saude!

8 ‘..:.'J:; .
Baixe Guardides da Saude g e
gratuitamente em seu celular,
informe diariamente seus -
sintomas e contribua para uma .‘;‘
resposta mais efetiva ao .
Coronavirus!

4.
Hign Trad | lab based Il
raditional laboratory-based surveillance .
%' Y Hybrid systems
=
o
2 Traditional sentinel surveillance
2 Death certificates Medical
- clams 26.161
} Usuarios registrados
a Participatory surveillance
2 Crowdsourcing pe;ﬁnpi'?:?ﬁgo
3
(<}
b=
m »
€ Search queries
2 Twitter
= L
ow
Low High

Data volume, complexity, or amount of preprocessing required

Overview of the characteristics of infectious disease surveillance systems. Hybrid systems combining traditional surveillance with big data
streams fall in the desirable zone associated with high information retum and high data volume.

J Infect Dis. 2016 Dec 1; 214(Suppl 4): 5380-5385.
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O que esta por tras de Big Data (7 V):




== Por que eu devo usar big data?
UnB

o Entender padrdes

« Modelagem e Predicao

« Aumentar a precisao de estimativas
« Estabelecer limites e fronteiras

o Usar dados secundarios:

o Os usuarios “pagam” para “ofertar” dados

« O Estado “cobra” para se responsabilizar pelos dados

« Estimar parametros desconhecidos

Melo, E.M. Estudos de Modelos Aplicados a Economia e Administracdo. Aula em ppt.
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UnB  poy que eu devo usar big data em vigilancia em saude?

« Entender padroes

« Modelagem e Predicao

« Aumentar a precisao de estimativas

o Usar dados secundarios:

. E o pais com mais de 100M habitantes com sistema universal de satide com mais dados

em saude estruturados, padronizados, e “publicos” para analise do mundo.

« Ofertar possibilidades de (avaliar) intervencao e melhoria de qualidade de vida
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On the cover: Big data tools can help track and predict the global spread of infectious
diseases (red = intense disease activity).
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A Brief History of Disease Surveillance and Beginnings of Big Data

Year Disease(s) Kev Thinker/Surveillance Institution(s)
Svstem
1662  Plague John Graunt Bills of Mortality, UK [1]
1817  Smallpox J. C. Moore [2]
1847  Influenza William Farr General Registrar Office,
UK [3]
1854  Cholera John Snow General Registrar Office,
UK [4]
~1900 All International Classification of WHO [3]
Dhseazes
1918  Influenza 121 Cities Mortality Reporting CDC [6]
Vstem
1976  Influenza Weekly viral survetllance CDC [8]
1984  Influenza, viral hepatitis, acute First computerized disease French Sentinelles Network
urethritis, measles, mumps surveillance network [7]
~2000 Al Medical claims forms are first Private companies and
used government [, 9]
2008  Influenza Google Flu Trends launched Google [10, 11]
2015  Influenza Birth of hvbrid svstems Public/private partnership

J Infect Dis. 2016 Dec 1; 214(Suppl 4); 5380-3385.
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Quais ferramentas usar?



Quais ferramentas usar?

Depende...e
Nao existe uma Unica ferramenta
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Big Data Landscape 2016 (Version 3.0)
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Exemplos:

Descoberta de
Conhecimento

Dados
Estruturados

Dados Textuais

Dbf, Csv, xls

Ex.: Sexo: M ou F

SINAN
SIM
SIH
SINASC

-Twitter

-Koo
-Documentos
do Word

Dados Multimidia

Fotos (Instagram)
Telegram

Sons & Videos (Youtube
Tiktok, Sopro cardiaco,
Discord, batimento
cardiaco fetal)
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Quem coleta dados para alem do setor saude ?

TikTok

v'"Web Browsers

e e

o -
il o
S,
= =

4, b
/,/”'.h»“\.\

v Search Engines

Goc >3le

YaHoO!

oINg

iPhones
(Apple O/S)

Samsung, HTC.
Nokia, Motorola
(Android O/S)

Blackberry
(BlackBerry O/S)

Apple iPads

Samsung Galaxy

Amazon Kindle Fire




. | 4
et Desafios para o Big Data

 Formacao de equipes multiprofissionais, hardwares e nuvens

* A automatizacao de pesquisas altera a definicao do conhecimento
* A historia dos “algoritmos impulsionadores”

* Objetividade e precisao das informacoes

 Grande volume de dados nao garante informacdes melhores

* Nem todos os dados sao equivalentes

e SO porgue o dado é acessivel nao significa que seja ético

* O acesso limitado ao Big Data cria novas divisas digitais

Borges do Nascimento et al, https://www.jmir.org/2021/4/e27275



Exemplos de
aplicacoes:
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Digital Pharmacovigilance and Disease Surveillance:

UnB Combining Traditional and Big-Data Systems for Better
Public Health

Marcel Salathé
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== Bigdata para estudar um politica publica:
UnB - Efetividade das DAAs em HCV

Figure 1 : Click here to access/download;Figure;t
SIASUS Linkage by means of the ID number of the
|: APAC/BPAI

GAL / SIASUS DATA (BPAI/ APAC)

GAL (ID) System - APAC / BPAI (ID)
people who had exams people treated;
A and under treated 30,423 patients with
ann * L : 29,033; hepatitis C;
" ann DAA S .
ann anw . . Total exams at GAL About 5 million medical
o 1B D Correlationship between data System 116,000 procedures;
SUS - Pharmacy from the SIASUS/APAC/BPAI
system and GAL (VINCULASUS
database).
19,100 patients with HCV-RNA exams at
GAL System and treatment information at
APAC/BPAI database (ID) BPAI/APAC/GAL
. . 7,792 patients
11,308 patients with excluded had not
v qPCR-HCYV at qPCR-HCYV after 12
Database GAL after 12 el
0O0O0O0 12 weeks after
l V V V ! treatment, qQPCR- weeks of treatment
|DAA {I} lﬂ} RNA was performed Gal System
a 0000
Patients with HCV, laboratory }[[} ll] 4]]\ I_I]
12 or 24 weeks of treatment | 10,758 with SVR 12 Weeks after
‘ . : | treatment DAA

Vivaldini et al (2021)
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Digital Pharmacovigilance and Disease Surveillance: Participatory Syndromic Surveillance of Influenza

s 3 - in Europe
Combining Traditional and Big-Data Systems for Better = e “I?::‘ i e e et e o e e O e
Public He alth Sandro Meloni,” Yamie Moreno.” Jim Duggan.” Charlotte Kjelss,” and Vittoria Colizza"*
Marcel Salathé
A Platform for Monitoring Regional Antimicrobial
346 IEEE JOURNAL OF BIOMEDICAL AND HEALTH INFORMATICS. VOL. 22, NO. 2, MARCH 2018 Ej”‘_B CliSoc oA Resistance, Using Online Data SOUI‘CGS: RGSiStanCCOpen
O n th e ACCU raCy a n d Scalab i I ity Of P ro ba b i I ist i C :::: :'mfz;‘:xdsﬂgn’zi::zmm’ Yuki Ara,? Maimuna S. Majumder,* Isaac I. Bogoch," Nick Daneman,’ Annie Wang,' Marianna Vavitsas,?
'Division of infectious Diseases, University of Taronto, Canada; *Boston Chiddren's Hospital, *Harvand Medical School, Bostan, and “Massachusetts institute of Tachnology, Cambridge

Data Linkage Over the Brazilian
114 Million Cohort

Robespierre Pita"”, Clicia Pinto, Samila Sena, Rosemeire Fiaccone, Leila Amorim, Sandra Reis,

Mauricio L. Barreto ', Spiros Denaxas, and Marcos Ennes Barreto 2017 IEEE 30th International Symposium on Computer-Based Medical Systems

Probabilistic integration of large Brazilian socioeconomic and clinical databases

The Journal of Infectious Diseases Y Y h Clicia Pinto*, Robespierre Pita*, George Barbosa®. Bruno Araiijo*, Juracy Bertoldo®,
SUPPLEMENT ARTICLE Iy I 1)5‘\ ivima Samila Sena®, Sandra Reis*, Rosemeire Fiaccone”®, Leila Amorim®,
TR PR Boriely W At | YIous ot Maria Yuri Ichihara®*, Mauricio Barreto®, Marcos Barreto*, Spiros Denaxas’

*Centre for Data and Knowledge Integration for Health (CIDACS), FIOCRUZ, Salvador, Brazil

Big Data for Infectious Disease Surveillance and Modeling

Shwots Bansal,'" Gerardo Chowell,'’ Leae Si g "’ dro Vespignani.' sad Cécile Viboud'




Apl ICa(;ﬁeS ARTICLE _ T

https://doi.org/10.1038/s4 OPEN

conhecidas Eiactiveriass of ChAdO% vasine in alider sdiis

em during SARS-CoV-2 Gamma variant circulation in
Séo Paulo

p an d e I I l I a Matt D. T. Hitchings @ 119 Otavio T. Ranzani® 231°, Murilo Dorion?, Tatiana Lang D'Agostinis,

Regiane Cardoso de Paula>, Olivia Ferreira Pereira de Paula®, Edlaine Faria de Moura Villela® >,
Mario Sergio Scaramuzzini Torres® ©, Silvano Barbosa de Oliveira’8, Wade Schulz® °, Maria Almiron’,
Rodrigo Said’, Roberto Dias de Oliveira® '°, Patricia Vieira Silva® 1, Wildo Navegantes de Aratjo’82,

Jean Carlo Gorinchteyn'3, Jason R. Andrews® 4, Derek A. T. Cummings® 1516, Albert |. Ko® 417 &
. 4,711,182

Julio Croda

https://www.nature.com/articles/s41467-021-26459-6.pdf
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nature <
COMMUNICATIONS

478,961 individuals 260 years in surveillance

ARTICLE M) Gheck for update) !
n = atabases
OPEN J
Effectiveness of ChAdOx1 vaccine in older adults B 2w oot
N . 5 " " * 94,170 (19.7%) missing self-reported race
durlng SARS'COV'Z Gamma variant CIrCUlatlon N e + 1,097 (0.2%) with missing or inconsistent vaccination dates
Séo Pau |O * 54,345 (13.4%) receiving different vaccine before sample

collection date

Matt D. T. Hitchings @ 119 Otavio T. Ranzani® 23°, Murilo Dorion?, Tatiana Lang D'Agostinis,

Regiane Cardoso de Paula®, Olivia Ferreira Pereira de Paula®, Edlaine Faria de Moura Villela® >, 319,343 (66.7%) Individuals in study

7 lation

Mario Sergio Scaramuzzini Torres @ 6 Silvano Barbosa de Oliveira’8, Wade Schulz® °, Maria Almiron’, popu
Rodrigo Said’, Roberto Dias de Oliveira '0, Patricia Vieira Silva® ", Wildo Navegantes de Aratjo’-812,

Jean Carlo Gorinchteyn'3, Jason R. Andrews® '4, Derek A. T. Cummings® 1576, Albert |. Ko 417 & -
. 4,18 * 70,582 (22.1%) without testing by SARS-CoV-2 RT-PCR

sidadia o * 101,544 (31.8%) with date of SARS-CoV-2 RT-PCR collection before analysis period
* 378 (0.1%) with date of SARS-CoV-2 RT-PCR collection after analysis period

* 46 (<0.1%) with positive RT-PCR test in previous 90 days

* 61 (<0.1%) without documented symptoms at test

* 8,988 (2.8%) with collection date before, or >10 days after, symptom onset date

137,744 (43.1%) Individuals eligible for
case/control selection from 17 January to 2

Aplicacoes
conhecidas:

Matching cases and controls (1:1)
- Age in S-year bands r
Sex 76,580 (55.6%) individuals not

ST
Self-reported race matched
Municipality of residence -

Previous ARI

Testing timing (£3 days)

61,164 (44.4%) individuals
selected into pairs for primary
analysis

(n=61,360 RT-PCR tests)
9,694 (15.8%) individuals

22,463 (36.7%) individuals
in pairs for death analysis
(n=9,700 RT-PCR tests)

ps

in pairs for hosplitalization
analysis
(n=22,500 RT-PCR tests)

Fig. 2 Study flowchart. Flowchart of the identification of the study population from surveillance databases and selection of matched cases and controls.

https://www.nature.com/articles/s41467-021-26459-6.pdf



ARTICLES

natunedi .
https://doi.org/10.1038/541591-022-01701-w me Cme

W) Check for updates

OPEN
Aplicacoes Vaccine effectiveness of heterologous CoronaVac
conhecidas: plus BNT162b2 in Brazil

Thiago Cerqueira-Silva‘ 2", Srinivasa Vittal Katikireddi " 3*", Vinicius de Araujo Oliveira’ 25,
Renzo Flores-Ortiz 5, Juracy Bertoldo Junior?®®, Enny S. Paixdo " ¢, Chris Robertson*’,

Gerson O. Penna‘ '8, Guilherme L. Werneck'®, Mauricio L. Barreto?®, Neil Pearce "¢,

Aziz Sheikh %2, Manoel Barral-Netto'?*'"? and Viviane S. Boaventura 2122

https://www.nature.com/articles/s41591-022-01701-w.pdf



Valid tests* from 24 February 2020 to 11 November 2021 = 29,088,356
Individuals = 23,476,273

Excluded tests:

* Notification before 18 January 2021 = 8,813,201

« Younger than 18 years old = 2,595,143

* Missing symptoms’ data = 50,159

Duplicated notification = 539,239

Inconsistencies (date of symptom onset greater than notification) = 183,671
Negative test followed by positive (up to 7 d): 83,198

Consecutive negative tests fewer than 14 d = 330,489

« Consecutive positive tests fewer than 90 d = 431,873

« People with different vaccine types between first and second dose = 302,472
« Missing values in age, sex, sample collection date and city = 2,847

Eligible for case-control from

Aplicacoes

n
u Tests (RT-PCR and antigen) = 15,756,064
- Individuals = 14,362,482
RT-PCRH tests = 7,747,121
Individuals = 7,314,318

Contrals: ' Cases:
Tests = 4,373,385 Tests = 3,373,736
Individuals = 4,035,038 Individuals = 3,279,280
ARTICLES nawre,. . ‘ ) .
https:/doi.org/10.1038/541591-022-01701-w med'lcme l
v
M) Check for updates
OPEN, . Hospitalization = 116,421 Hospitalization = 470,541
Vaccine effectiveness of heterologous CoronaVac Death = 30,033 Death = 140,193
plus BNT162b2 in Brazil
Thiago Cerqueira-Silva 2", Srinivasa Vittal Katikireddi 34", Vinicius de Araujo Oliveira 25,
Renzo Flores-Ortiz ©° Juracy Bertoldo Jiinior?, Enny S. Paixéo ©*, Chris Robertson*”, Fig. 1| Flowchart of the study population from surveillance databases and selection of cases and controls. *Antigen or RT-PCR—sample collected 10 or
Gerson O. Penna %, Guilherme L. Werneck ©'°, Mauricio L. Barreto?*, Neil Pearce ¢, f d ' t t
Aziz Sheikh ©'°%2, Manoel Barral-Netto'25"2 and Viviane S. Boaventura 225 ewer ays arter Symptom onset.

https://www.nature.com/articles/s41591-022-01701-w.pdf
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relevant topics: from sustainable cities to citizen security, from
migration to climate change & biodiversity, and more.
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Even though the importance of social media and Internet-based data to
epidemiological surveillance is clear, health agencies have been reluc-
tant to incorporate these data sources into their systems because many

technical issues have not vet been addressed. The technologies used in
event-based systems must be adapted to the individual perceptions of

and interactions with their own epidemiological data and to social me-
dia and other data from the Internet. Future work in this field will
have wide-reaching implications for investments in systems for early
warnings of and responses to health threats across the globe and for
optimal public health surveillance in the 21st century.

Velasco et al (2014)
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Embora a importancia das midias sociais e dos dados baseados na Internet para a
vigilancia epidemiologica seja clara, as agéncias de saude tém sido relutantes em
incorporar essas fontes de dados em seus sistemas, porque muitas questdoes técnicas
ainda nao foram abordadas. As tecnologias utilizadas nos sistemas baseados em eventos
devem ser adaptadas as percepcoes individuais e interacdes com seus proprios dados
epidemiologicos e a midia social e outros dados da Internet. O trabalho futuro neste campo
tera implicacOes abrangentes para 0s investimentos em sistemas para alertas antecipados
e respostas as ameacas a saude em todo o mundo e para uma vigilancia de saude publica
otima no século XXI.
Velasco et al. (2014)



Obrigado !



