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Outline of This Talk

* Brief Principle of Data and Data Science (DS)

* Big Data in Public Health

* Data Science Application to drive Public Health
* Predictive Modeling
* Al and Machine Learning

* Data Engineering

* Challenges and Risks
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What is Data:

Applied: DDC should investigate —
this outbreak.

: ' jal
Knowledge Context: Possibly nosocomia Data

COVID-19 outbreak ~_
Science

Meaning: 38 URI patient
from IPD unitin 1 hos

*

Information

—

Data Raw: 38
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What is Data Science?

“Data science is an inter-disciplinary field that uses
scientific methods, processes, algorithms and systems
to extract knowledge and insights from many
structural and unstructured data.'?

“Data science is related to big data, data
mining, machine learning, and deep learning.”

1. Dhar, V. (2013). "Data science and prediction". Communications of the ACM. 56(12): 64—73. doi:10.1145/2500499. Archived from the original on 9 November 2014. Retrieved 2 September 2015. 5
2. Jeff Leek (12 December 2013). "The key word in "Data Science" is not Data, it is Science". Simply Statistics. Archived from the original on 2 January 2014. Retrieved 1 January 2014.



http://cacm.acm.org/magazines/2013/12/169933-data-science-and-prediction/fulltext
https://en.wikipedia.org/wiki/Doi_(identifier)
https://doi.org/10.1145/2500499
https://web.archive.org/web/20141109113411/http:/cacm.acm.org/magazines/2013/12/169933-data-science-and-prediction/fulltext
http://simplystatistics.org/2013/12/12/the-key-word-in-data-science-is-not-data-it-is-science/
https://web.archive.org/web/20140102194117/http:/simplystatistics.org/2013/12/12/the-key-word-in-data-science-is-not-data-it-is-science/
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DS and Friends

Health
Informatics
Epidemiology &
Public Health
Computer Science - Data Science
I.aaml::
Al
Statistics

Adapted from Slide by Andrew NG, Machine Learning, Stanford University
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What is your business?

Data SCience CyC|e start Here \What are your tasks/jobs?
4  What are your questions?

Business
Deployment Understanding

Data
Understanding

\

Data

Modeling preparation

httos://mustafaserdarkonca.medium.com/data-science-life-cvcle-e4d74afedbfs
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Surveillance Cycle

* Dissemination: reports,
alerts, publications

* Action: investigation, ~
policy, research Data

Response

Case definitions
Sampling frame
Collection tools
Data transfer

Collection

Interpretation Analysis

* Person, place, time
* Counts/rates
* Time series

* Trends/comparisons
* Hypotheses
* Aberration detection

Implementation of Early Warning and Response with a focus on Event-Based Surveillance
Interim Version. 2014 [cited 2018 Nov 30]; Available from:
www.who.int/about/licensing/copyright form/en/index.html
https://www.youtube.com/watch?v=Zy6Yjd7N2Xo



http://www.who.int/about/licensing/copyright_form/en/index.html
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Data Lake

ich fUhle mich
Y | seit drei Tagen soO

Feature

Integrate | ) extraction

' Process § )

Warehouse

Big Data in Healthcare: motivation, current state and specific use cases, Alejandro Rodriguez Gonzélez Centro de Tecnologia Biomédica Universidad Politécnica de Madrid
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Big Data in Public Health
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“Big data is data sets that are

too large or complex to be dealt
with by traditional data-
processing application software.”

https://medium.com/@amritabaranwal3011/top-eight-big-data-tools-d0f59c885ec9



https://medium.com/@amritabaranwal3011/top-eight-big-data-tools-d0f59c885ec9
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The 5Vs of Big Data

Just having Big Data
is of no use unless we v l
can turn it into value 1 oiume

The size of the data

The speed at
which the data
is generated

The trustworthiness
ofthedatainterms = el

of accuracy
" The different
types of data

12
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Big Data in Public Health

5Vs: Volume

Total: 11,289

* Village: 9,899
"1 ¢ Public: 1,043
* Private: 347

>200 million

Patient visits / Year

nwo ® >300 million

wsou

Records

http://medcitynews.com/2013/03/the-body-in-bytes-medical-images-as-a-source-of-healthcare-big-data-infographic/
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Near
ﬁ.
Real time

mongoDB‘

VIRTUAL MACHINE

Hospital Information System

. . 15
INCD unit, DDC
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5Vs: Variety

Pharma data
(observational)

Wearables

Consumer

"a" ‘

Electronics
medical and
health records

Disease
registries

Disease
Surveillance

Survey
data

Claims data

https://myassignmenthelpoz.com/blog/sit718-real-world-analytics-assighment-solution-task-3/

Lab/Biomarkers

data

Imaging
Data

o®

Mortality
data

Genomic
Data

Animal Data
Vector Data

Environmental Data

School/Work Absenteeism

Local News
Online Search
Social Media Data
Transportation
Waste and Water
Financial Data

Police Record
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5Vs: Variety

Structured Data  Unstructured Data ° Structured data
e Database
Cannot be displayed

in rows, columns and ¢ Data Ta b I e

relational databases

Can be displayed
in rows, columns and
relational databases

* Unstructured data
word proosesiag floe * Free Text
e-mails, spreadsheets . Image (S)
Estimated 80% of * Video
enterprise data (Gartner) AU dIO /VOiCE / Speech
* Motion

% Requires more storage Slg na I

Rhythm
Geolocation (semi-str.)

Numbers, dates
and strings

Estimated 20% of
enterprise data (Gartner)

Requires less storage

More difficult to
manage and protect
with legacy solutions

Easier to manage
and protect with
legacy solutions

17
https://lawtomated.com/structured-data-vs-unstructured-data-what-are-they-and-why-care/
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Unstructured Data

\3 _ Pt’s SOB and DOE are led. AF w/ VSS. CXR: LLL
mmmmldsmlm'lnlmnnmwmaz ia = ASD g A. WBC 1].K; S/B CX —> GPC C/W PC W/O
e T a4 ”"?*”W ) GNR, will d/c cef. - PCN

vmsiaflof ol Y. k . )

T s OCR This translates into:
i infidoe Ro... e andolusa

/\ w3 iu 9% LJ quhn’(auu O u‘;mmun

; ” 1.:,%11 i 17’ M{U(JU{/K %‘{/i 11/

The patient’s shortness of breath and dyspnea on

by i //I _% ¥ exertion are diminished. He is afebrile, with stable
MM/ i L,f/, L /;{ vital signs. A repeat chest x-ray continues to reveal
: “'“’ﬂ""’“?“}“ “Z}‘;j’ ‘}/";'v// A}‘/ﬂ%’ fV/ ., left lower lobe air space disease without any
LA ”i j}/y-'{ //L fﬁf ﬂ i change from his admission film. His white blood
« mamefilbabe gL bl ?}""%’z* cell count is now 11,000. Because his sputum and

41l 1% /WM/M 8 THLO0 CB)ewib

/

b. Hurana.. 7 ‘ /y[/l’
R

blood cultures demonstrated gram-positive cocci
(consistent with pneumococcus) without gram-neg-

. NUASIDOANYT » RS
(M[ﬁ““fjé”:”:i]y - %?‘WWVW ative rods, we will discontinue his cefuroxime ther-
apy and institute treatment with penicillin in-
stead.™

*OCR = Optical Character Recognition

Fine PL. The Wards: An Introduction to Clinical Clerkships. Boston, Mass: Little Brown, 1994

18
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Unstructured Data

Grayscale Images

@ Pixels > number grid
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Al in Public Health, Stanford (Coursera)
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5Vs: Veracity (Accuracy)

iNCD unit, DDC

Distributiofof Systolic Blood Pressures

15%

10% -

5%

100 120 140 160 180 200
Systolic blood pressure [mm Hg]

20



Outbreak Verification
43 Files,Lab, Vaccine

D506 Big Data

p Y,

Conclusion
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VIRTUAL MACHINE n

Google Trends

EPIDEMIC INTELLIGENCE
FROM OPEN SOURCES

nsuAIUANNANY
POLLUTION CONTROL DEPARTMENT
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Public Communication

Routine Report

: ! SCIENCE
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Ad-hoc Analysis/ Publication
Research
| o0 >

=y

s Data Sharing




Data Science to drive

Public Health Decision Making
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From intuition to machine learning

Statistical 159 MMM patte rns
Intuition programming '
Using experience and Ianguages

Writing code to construct
statistical models

judgement to predict
outcomes

Bl S et
< R S R A A
L R B A A

“THE BEST BRITISH FILM OF THE YEAR"
* %k %k k k

EDIFZARD JENNER
and Smallpox Faccination

by IRMENGARDE EBERLE

Manual analysis
Manual calculations
to predict outcomes

Number
d"| from each 10,000

Southwark and Vauxhall Company | 40,046 1,263 815
Lambeth Company . . . 26,107 98 87

Rest of London . . . . 256,423 1,422 59
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Brief History of Data Analysis

MIND | “| propose to consider

A QUARTERLY REVIEW the question
OF d S e ) A4
n machines think?
PSYCHOLOGY AND PHILOSOFPHY Ca ac est
I—COMPUTING MACHINERY AND -Alan Turing-
INTELLIGENCE 1950-

By A.M.TuriNe

1. The Imatation Game.

1 proPOSE to consider the question, ‘Can machines think ?’
This should begin with definitions of the meaning of the {erms
‘machine "and ‘ think ’. The definitions might be framed so as to
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From intuition to machine learning
Statistical g COpiIOt

programming

languages Automated machine learning
Writing code to construct

statistical models

Intuition
Using experience and
judgement to predict

The software knows how to analyze your data and does it for you
outcomes

1990s

o ol =

PAN _

EDIFZARD JENNER N ow

and Smallpox Faccination

“THE BEST BRITISH FILM OF THE YEAR"
* %k %k k k

by IRMENGARDE EBERLF

Manual analysis
Manual calculations
to predict outcomes

Visual statistical software

Drag and drop workflows with menu
driven commands to set up and
statistical analysis

Sidla
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Automated Machine Learning: 365 Copilot

@& « Commens Awan Jwx- [EEEE
General v 8 BBy vy Oy BB ®copit

X
s10 sz s T i
$10 $352 $1§: mmummmm
. $10 2 s
Which products were the most wo s nk
it o 5 msmwngupbulm
profitable this quarter? B w40 | poma s dom e
s e $5 1 . Manufacturing costs are down this
$220 $302 $:0 | quarter after an increase in Q3.
3 $380 $: « Low discount products made up nearly
haif of total sales last month.
$224 $302 e ,
 Explain 4 9
$120 $302 e L
$224 $302 0
$3 $380 t B
$312 $380 ; | Describe what you'd like to create, of type
/ for suggestions
$120 $302 g
3 $380 st | O

A
=
- -
N

v Give Feedback to Microsoft =  100% 4+
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Data Analytics

Business intelligence and analytics

Automated
Analytics

Optimization / O / What's the best that can happen?
What if
—— / _ - we take
Predictive sdnpllsabmal: O What if we try this? actions?
Y
Analytics /
Forecasting/predictive models D) What happens next?
Diagnostic d
. > Statistical analysis 74
AN alytl C B y / What are the causes and effects” F
— —‘g \
% Alerts What actions are needed?
o
E
8 Query/drif down Where exactly is the problem? Access
>and
o Score cards '/ What information really matters? reporting
Descriptive A
: [
Analytics Standard pports 2
] What happened? )

Degree of intelligence
Source: Thomas H. Davenport (2016)
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Common Data Analytics in Public Health

* Epidemiological Methods
e Statistical Methods

* Predictive Modeling
* Time Series Forecasting
* Mathematical Modeling
* Decision Analysis and Cost Effectiveness Analysis

- This Talk

* Social Network Analysis

* GIS and Spatial Data Analysis

* Al and Machine Learning

29
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How do We Make Decisions?

Trust Your

Gut
(Nw)!

*40% major decision
making are based on gut feeling!

* Accenture 2008

30
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Data Science to drive Public Health Policy

F1aasanwnNsinsszunansaininns Lockdown vs 'l Lockdown shsssnsiue

Forecast Model Analysis > Insights
A
c S
9O E— o}
Model World © - 3
© - ®
Real World E g
< S
v
_ - Management
| Business Situation Intuition Actions
_ (ﬁu)
Covid-19 fasazszunaunan a1 Lockdown

FUIIFINTIHE LAN P

31



Disease Forecasting
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Before modelling, we need to think of...

Disease Importance
(mnudranzaslia)

*Frequency
*Severity

*Impact (QOL, Social,
economic)

*Public/political concern

Modifiability
(ananidwldlalunis

Usuilfaan)

*Preventable disease

eAvailable effective
iIntervention

*Acceptable cost

Predictability
(anandwldlalunng

WanNIab)

*Available data
*Available technique

*Available technology

*Available experts and

experiences (both
content and technique)
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Time Series Forecasting

34
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Time Series Forecasting

* Forecasting is the process of making predictions of
the future based on past and present data and most
commonly by analysis of trends.

n15 banmaLazilaqtuyinulgauIAn

The most reliable way to forecast
the future is to try to understand
the present.

— John Maisbilt —

AZ QUOTES

35




Applications and Use cases
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Prediction of the incidence

Number of GC cases during 2008-2019 and prediction in 2020
1100 | — actuals — 80% — 95%
1000
- ” N

800 |

700 | ==

600 |

500

400

2008 2010 2012 2014 2016 2018 2020
Source: R506, DDC
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Mathematical Modeling

38
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Mathematical Modeling

 Animportant tool in public health research and policy-making.

* Using mathematical equations and statistical methods to
* simulate the spread of disease and effect of control measure,
e predict future outbreaks,

* design and evaluate the effectiveness of interventions.

39
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Compartmental Modeling

S I R

ds
dt

Y _BsSI— yI

(¥ 0 9 9 9 dt
9 @ d_R_ I
ac ¥V

=—BSI

40



Applications and Use cases
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Compartmental Modeling with Intervention

\Vaccine
Bh An Y

Hs » He » Hi | » Hr
Destroy amva Mosquito net, repellents, 4
£ _\ Covered cloth Legen
o Human (SEIR)
Ms &‘ Me Am Mi Mosquito (SEI)

‘uMosquito Gene Engﬁieered I

41
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Compartmental Modeling with Intervention

—VAC90 & ACF90 -—-—VAC90 & ACF50 -——VAC90 & no-ACF VAC =% of Vaccine
~-VAC50 & ACF90 =—=VACS50 & ACF50 =—VAC50 & no-ACF ACF =% Of MOSQUitO net
~=n0-VAC & ACF90 ~no-VAC & ACF50 ~no-VAC & no-ACF

1 4 7 1013 16 19 22 25 28 31 34 37 40 43 46 49 52 55 58 61 64 67 70 73 76 79 82 85 88 91
Day
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All models are wrong, but some are
useful.

— Gesrge E. P. Box —

AZ QUOTES
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GIS and Spatial Data Analysis

49
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Spatial Data Analysis

Spatial Data| e== GIS == Spatial Statistics

« Spatial data is when the "where” in addition to the “what” is
observed and reported

- Data that contains a spatial reference
* Address (house number, district, province
« Coordinate system (latitude, longtitude)
e Spot on map
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20870
P,

i )
\ N
QY
or pynt

John Snow and the Broad Street Pump

LRy sy History . .
Spatial Data o GIS == |Spatial Statistics
Location of Cholera Death in London Cholera Death mapping Cholera Death hotspot
° ‘...
' o '.. « 4 °
o:.?i ' :‘r
° . ‘ 0..
— . |-
° % . Y 8°,
.* % %\o’ ; 1
o.:" .\*‘g. 2 '.. A
AN . 72
° m__:;;

Georeferencing Spatial Intensity
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GIS and Movement Tracking during Pandemic

Movement of Bang La, Phuket visitors after March 11

Cumulative Risk Score by Sub-District Level
Point indicates location of sub-district (darker means higher risk)

Date: 3/11/2020
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Large scale detailed mapping of dengue
vector breeding sites using street view images

Peter Haddawy©'?*, Poom Wettayakorn', Boonpakorn Nonthaleerak', Myat Su Yin®',

Anuwat Wiratsudakul®, Johannes Schéning®*, Yongjua Laosiritaworn°, Klestia Balla®,
Sirinut Euaungkanakul', Papichaya Quengdaeng’, Kittipop Choknitipakin',
Siripong Traivijitkhun', Benyarut Erawan', Thansuda Kraisang®

1 Faculty of ICT, Mahidol University, Salaya, Thailand, 2 Bremen Spatial Cognition Center, University of
Bremen, Bremen, Germany, 3 Faculty of Veterinary Science, Mahidol University, Salaya, Thailand,

4 University of Bremen, Bremen, Germany, 5 Ministry of Public Health, Bangkok, Thailand, 6 Computer
Science Department, School of Science and Technology, University of Camerino, Camerino, Italy
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Fig 1. Common outdoor dengue vector breeding sites in Thailand (from left to right): large jar, bucket, old tire, potted plant, bin, ceramic bowl, cup, vase.
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Outbreak detection with GIS data

ARTICLE OPEN
Machine-learned epidemiology: real-time detection of

foodborne 1llness at scale

Adam Sadilek’, Stephanie Caty? Lauren DiPrete®, Raed Mansour (3, Tom Schenk Jr(&°, Mark Bergtholdt?, Ashish Jha*®,
Prem Ramaswami' and Evgeniy Gabrilovich'

Anonymized web search data Anonymized location data

Google
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diarrhea definition

diarrhea song
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Google My Map for Outbreak Investigation
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Precision Health Risk Communication with GIS data
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Al & ML in Public Health

65



Big Data Analysis in Public Health
nizmwmmsmqﬂ
MINISTRY OF PUBLIC HEALTH

Why Al and Machine Learning in Public Health?

<
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Public Health Data is Big Data

The human genome
requires approximately

Pharma data
(observational)

Wearables

Lab/Biomarkers
data

o wri150MB

Consumer

data.

Electronics
medical and
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Survey
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Mortality
data

of data storage.'

Disease
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Pharmacy
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@
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is generated
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Complexity of Unstructured data

Structured Data Unstructured Data - Structured data

e Database
Cannot be displayed
in rows, columns and ° Data Ta b I e

relational databases

Can be displayed
in rows, columns and
relational databases

| e Unstructured data
mages, audio, viaeo,
e smaoe g * Free Text

* Image(s)
entif;iﬁaetzgtzo(?aftfner) ° Video

* Audio / Voice / Speech
* Motion
* Signal
 Rhythm
Geolocation (semi-str.)

Numbers, dates
and strings

Estimated 20% of
enterprise data (Gartner)

Requires less storage Requires more storage

More difficult to
manage and protect
with legacy solutions

Easier to manage
and protect with
legacy solutions

68
https://lawtomated.com/structured-data-vs-unstructured-data-what-are-they-and-why-care/
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Need of Data Driven Decision Making

DATA —— KNOWLEDGE ——> ACTION

From Evidence Based Medicine to Data-driven Medicine
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Machine Learning
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Unsupervised learning




Machine learning models for micro-bubble
image detection in insecticide sprayer quality

control: addressing class and scale imbalance.

Suppasit Srisaeng, Pongsakorn Sadakorn
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Voice Processing

'.) Check for updates ‘

OPEN  |dentifying individuals with recent
COVID-19 through voice
classification using deep learning

Pichatorn Suppakitjanusant!, Somnuek Sungkanuparph?, Thananya Wongsinin?,
Sirapong Virapongsiri!, Nittaya Kasemkosin?, Laor Chailurkit? &
Boonsong Ongphiphadhanakul®**

Fold1 |0.77 1.00 0.44 0.72 1.00 0.48
Fold2 |[0.82 0.96 0.57 0.80 0.89 0.58
il ety i spaciaiiiy Fold3 [0.85 0.97 0.50 0.85 0.83 0.54
H- = . 13088 0.81+0.04 |0.98+0.02 |0.50+0.07 |0.79+0.07 |0.91+0.09 | 0.53+0.05
8192
+20dB
+10dB B
e R +0d8 Fold1 |0.74 0.78 0.69 0.78 0.69 0.47
0dB
* 2048 1048 Fold2 |0.82 0.88 0.71 0.85 0.77 0.60
-10dB Y
= 20dB Fold3 |[0.77 0.76 0.80 0.92 0.53 0.48
-20dB 1024
e 3048 0.78+0.03 |0.81+0.05 |0.73+0.05 |0.85+0.05 |0.66+0.10 |0.52+0.26
) 512 -40 dB C
-40 dB :
. -50d8B Fold1 |[0.71 1.00 0.27 0.68 1.00 0.31
0.000 0.100 0.200 0300 T?r:;)o 0.500 0.600 0.700 F01d2 0.56 0.72 0.29 0.64 036 0.01
Polysyllabic sound Ah’ sound Fold 3 0.73 0.82 0.44 0.82 044 73 |0.27
0.67+0.07 |0.85+0.12 |0.33+0.08 [0.71+0.08 |0.60+0.28 |0.19+0.13




An algorithm to classify
Twitter Comments on
COVID-19 Vaccine Side Effects:

Using social media to assess
public opinion on vaccine hesitancy

Suphanat Wongsanuphat
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Development of ML: Twitter Mining

0 00000 | °
L

Preprocessin .
P 8 Classification
- Manually labeled .
data (Related/not Including;
Data related to VSE). Feature S(llilp?m;ed ML Evaluation
Extraction Extraction LoV BAYES, Performed 5-fold
- Preprocessing data Decision Tree, SVM, cross validation
Twitter API url and stopword. word, Part of Feed Forward Neural and measure
Using keyword Speech tag (POS), Network model precision, recall
“fever” and Embedded (FFNN) and F-score

(Macro vs Micro

"nnlm-en-dim128"
average)



Applications and Use cases

Development of ML: Twitter Mining

@TeddyPersians Pfizer! Fully vaccinated second shothad me down for a
day with fever and body aches but | felt like a million bucks

Yup second Modernayesterday. Feelimg medium crappy, aches and pains
body wide, sore arm, and fever. Imma live but ugg!
https://t.co/nNuurVjrYK

@Thelndy400 Nothing. However, a few friend got a fever the night
after, then they were fine upon waking up next day.

@BeeGees @KassaiKarim My life in Hawail, it was when the

"Saturday Night Fever album was released. @ BeeGees
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Development of ML: Twitter Mining

New unlabeled Tweet  Monitor public opinion on
vaccine side effect.
l Vaccine Side _+ Identify relationship with
Tweet o Effect Related reporting vaccination side effect
@ Classifier . —  inthatarea
\ Non-Vaccine * |dentify correlation with
Side Effect Related — vaccination rate (or vaccine

hesitancy rate) in that area.
* Etc.
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° . 4:Hig
Unsupervised ML: Cluster Analysis
[ ] 1:Lowest from liver
mortality cancer,
except 2:Generally diabetes, 5:High
colorectal low 3:Average and renal diversity of 6:High
cancer mortality mortality diseases mortality mortality
- i I I I Traffic injury 400 0.301 0.01 -0.144 -0.236 0.231
Area Ieyel S.OCIOeC(.)nOl:nIC dgprlvatlon d nd Liver and intrahepatic bile ducts cancer -0.48 -1.007 -0.421 0.529 - -0.138
mortality differentials in Thailand: results Assuat [NEIOSTRNIITNO7S Y| 0288 [ 0862 -0.168
; . . Pneumonia 0.232 -0.35 0.271 -0.526 : 0.117
from principal component analysis and Sef harm A 0031 0471 03 0.474
. Renal diseases -0.595 -0.498 -0.343 0.405 -0.842 -0.058
CI uster ana |y5 IS Unspecified -~ -0.533 -0.036 -0.084 0.094 0.063
Sepsis 0.149 -0.329 0.185 -0.355 0.117
Suchunya Aungkulanon'?, Viroj Tangcharoensathien?, Kenji Shibuya®, Kanitta Bundhamcharoen? Ischaemic heart diseases 0.215 -0.003 0.183 -0.543 -0.06
and Virasakdi Chongsuvivatwong'” Liver diseases -0.322 -0.46 0.105 -0.015 -1.281 0.159
Diabetes -0.517 -0.751 -0.592 0.502 0.231 -0.531
; aﬁz u";?gfm?iy"'(ﬁ?&??m' cancer (n=39) Cerebrovascular diseases 0.025 -0.268 0.171 -0.307 -0.55 0.15
3:Average mortality (n=66) R Colon and rectal cancer 0.546 -0.365 0.296 -0.655 -0.815 -0.333
4:High mortality from liver cancer, and renal ¢ (n=96) : >
W 5:High diversity of mortality (n=11) Chronic lower respiratory diseases -0.48 0.022 -0.292 -0.507 0.742 0.243
T . B Drowning = -0.682 -0.49 0.145 -0.023 -0.602 0.163
\[é‘\) § Remainder of diseases of the digestive system -0.352 -0.448 0.036 -0.125 -0.607 0.249
g ts'l ! B Lung cancer 0.188 -0.298 -0.068 -0.197 -1.095 0.099
’*&.}i\:? b} ; Other external causes -0.061 -0.324 0.148 -0.101 -0.655 0.065
§ ."~t 4 {’:&" Remainder of diseases of the nervous system -0.692 -0.121 -0.193 -0.204 0.54 0.171
T Hypertensive diseases = -0.327 -0.704 -0.37 0475 2 o.02
) {—1., :s Remainder of diseases of the respiratory system -0.468 -0.148 0.007 -0.02 -0.372 0.114
Kb © "‘r, ‘ Human immunodeficiency virus [HIV] disease -0.352 -0.004 -0.019 -0.393 -0.432 0.208
1”-;‘; 1% §§ Remainder of certain infectious and parasitic diseases -0.193 -0.394 -0.099 -0.082 -0.909 0.135
) o ] Q : Lip, oral cavity and pharynx cancer 0.047 -0.191 0.243 -0.301 -0.745 -0.152
e — Tuberculosis -0.314 -0.485 0.052 -0.016 0.036 -0.038
""K\g : - Remainder of diseases of the genitourinary system -0.155 -0.25 -0.192 -0.372 0.558 0.14
D Certain conditions originating in the perinatal period -0.167 -0.307 0.092 -0.486 0.309 -0.487
o Cancer of meninges, brain and other parts of central nervous system -0.312 -0.091 -0.291 0.079 -0.792 -0.075
; 9% Remainder of malignant neoplasms -0.069 -0.072 -0.141 0.066 -0.446 -0.047
o _ Remainder of diseases of the circulatory system -0.1 -0.216 -0.123 -0.088 0.415 -0.005
8T [ Leukemia 0.037 -0.157 -0.046 -0.122 -0.424 -0.139
k? -1 0 80y
: Disease specific average LogSMR
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ChatGPT

e GPT = Generative Pre-trained Transformer

. v ' ChatGPT Sprints to
- Generative Al (“@5149114” ) One Million Users

Time it took for selected online services
to reach one million users

Launched

Netflix 1900 ||| Y 35years
e Large Language Model cesarter > Y 25 years
Aironb™ 2002 ||| T 25 years
Twitter 2006 ||| | TN 2 years
Foursquare™ 2009 [T 13 months
Facebook 2004 [JE 10 months

Dropbox 200¢ [ 7 months
_ O OAO
Spotify 200s [JF 5 months O~ — S

@ c H AT G P T Instagram™ 2010 . 2.5 months D—&D—&

ChatGPT 2022 |5 days

* one million backers ** one million nights booked *** one million downloads
Source: Company announcements via Business Insider/Linkedin

statista %a

https://www.atriainnovation.com/en/how-does-chat-gpt-work/
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Large Language Model

Text output Yellow!

G &P

f \‘ Nzi!
Language
Model

Text input

v

Numeric representation of text
useful for other systems

Thaitube

https://www.atriainnovation.com/en/how-does-chat-gpt-work/
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Chat GPT for Public Health Officer and Epidemiologist

* Providing information: I can answer questions and provide information on various topics
related to epidemiology, such as infectious disease outbreaks, transmission dynamics, risk
factors, preventive measures, and more.

e Data analysis: I can assist with data analysis tasks, such as statistical analyses and machine
learning algorithms, to help epidemiologists make sense of complex datasets.

e Literature review: I can help epidemiologists stay up-to-date with the latest research and
publications in their field by summarizing key findings.

* Improving Writing: I can check your grammar and expand your vocabulary

* Modeling: I can help epidemiologists build and test mathematical models of disease
transmission to inform public health policy decisions.

* Educational purposes: I can also be used for educational purposes, such as teaching and

training students and researchers in epidemiology and related fields.
Source: ChatGPT
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Data Engineering
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D506 Data Lake

Outbreak Verification
43 Files, Lab, Vaccine

‘ ArcGIS
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Real World Data is Dirty!

Multiple Databases Dirty Data

v columns

O VARIABLES &
The standard structure of “%gggg\y:{.’gsg/ o
tidy data means that — e °.
“tidy datasets are all alike...” &,
“..out every messy dataset is
messy in its own way.” —
e

i have variables
in columns
AND iN YOWS.

Data Engineer (and Data Cleansing) to rescuer!
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Dirty Data: Lab result (No Data Standardization

Not Out lab
Neg PCR for COVID-19
awalumi Image 03102029)2
oglu Image F19NURALED
Inconclusive FIPNUHALR?
nansvaumdarlulmage 180N ALED
HaMsATI93UN N SN AUNALE?
colab F19NURALED
vtm TIBUHALE?
HaNAA ¥
180N ALED
Inconclu SN AUNALE?
g DeteCted ewnaly Lab Image A Image
SOHa 7 g
* Not Detected See lab results at Image mode alulmage
49 B aAna LOUA LAY anAaTIn MnER
® Nagative ~see image
LO I NC dana st SRRT wan PDF

Logical Observation Identifiers Names and Codes *  AIAADLUAY e ualulm age
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Dirty Data

vieie  Dead from COVID-19 1&g e Died from COVID-19 idedin
e‘i‘j‘f‘m"i’uﬁ 05/02/2023 (DCM, CKD U 5/01/2023 (COVID-19 Pneumonia
State 3. HT. DM. DLP, Stroke) (Laa< with Chronic Obstructive Pulmonary
. yunews  \deTinuil 28/12/2022 died
wuemn  Aunide®in 30 5uarAu 2565 Died from COVID-19 from covid-19 with pneumonia with NF

VileLie  1@e%3n 15 U.A. 2566 Die
from COVID-19
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Data Transformation

months_abbr [fun', 'AN', 'fia’, "wa’, gl
i

, &@n', 'aAa',
(1, 13)] ))

'warAAu', ‘daulau’, 'AsagiAu’, '&IvnAu’, 'Ausnau’, 'ealAu’, 'waAlIanau’,

months_abbr t( (months_abbr, [

months [‘unshAu’', 'AumWus’', 'fdulAu’, "wumEnau’,
'suAu’]

months ict(zip(months, [str(i) for i in (1, 13)] ))

repl_year {"2565": "2022", "65": "2022","66":"2023", "2566":"2023"}
announced[ ‘comment_newdate'] announced[ ‘' comment'].str.replace(".",
regex=True).replace(repl_year, regex=True)

announced[ ‘date_deathl'] announced[ ‘' comment_newdate'].str.extract("([©-9]+/[0-9]+/[0-9]+)")

announced[ ‘'date_deathl'] = pd.to_datetime(announced[ 'date_deathl'], f '%d/%m/%Y"', errors='coerce')

announced[ ‘date_death2'] announced[ ‘' comment_newdate'].str.extract("([©-9]+ [0-9]+ [©-9]+)")

announced[ ‘date_death2'] pd.to_datetime(announced[ ‘date_death2'], '%d %m %Y', errors='coerce')

announced[ ‘date_death3’ announced|[ ' comment_newdate'].str.extract("([©-9]+ [©0-9]+)")[@]

announced[ ‘date_death3’ pd.to_datetime(announced[ 'date_death3'], '%d %m%Y', errors='coerce')

announced[ ‘date_death4'] announced[ ‘' comment_newdate'].str.extract("([©-9]+/[0-9]+/[0-9]+)")

announced[ ‘date_death4 '] pd.to_datetime(announced[ ‘date_death4'], '%d/%m/%y", errors="'coerce')

announced[ ‘date_death'] = np.where(announced[ ‘date_deathl'].notna(), announced['date_deathl'], announced['date_death2'])
announced[ ‘date_death'] = np.where(announced[ 'date_death'].isna(), announced['date_death3'], announced['date_death'])
announced[ ‘date_death'] = np.where(announced[ 'date_death'].isna(), announced['date_death4'], announced['date_death'])

mn

, regex=False).replace({**months, **months_abbr},
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. = DATA COVID Post
x 7.00 XXX.py ‘8.' pandemic (15)
4

| R sat~10.00 :
x Fri ~16.20

RPPROVED

\ 4

*  xxx.sh
J ‘ *  XXX.pY xxx.ipynb —
12.00 ~”16.10 Xxx.ipynb = authen_api_ddc_{wk}
mongo 16.00 case_epidem_week Sat ~10 001
; . . cases_epidem Xer .
doe_covid epidem_covid_report Oyng
A \ *
INCD _data_covid (16)
XXX.ipynb "'16 10 A
authen
12.00 ~
XXX.PY X ___Fi~16.20 __ 7.20 | py
XXX.ipynb
v death_epidem_week

U

| dninvmndnusziuganinuviveni ‘

death_epidem

"'16.00‘ XXX.ipynb

Team extract ! .
and clean

~13.00

died_from_all —> Automatic

—> Manual (daily)
===> Manual (Fri)

x Apache Airflow

x ~16.00

died_from_all_

¢ APPROVED

XXX.ipynb

{date}_edited

===> Manual (Sat)

LINE notification
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Batch Scheduler

x Airflow DAGs Datasets Security Browse Admin Docs 12:22 UTC AA

Active @)  Paused @) Filter DAGs by tag Search DAGs Auto-refresh  C
DAG Owner C Runs Schedule Last Run Next Run Rece

Sort by asc ext_dagrun.

() api_authen_saturday airflow @ 000**6 2023-02-25, 00:00:00 "0U.

@ authen airflow DOTIAAT 2023-03-02, 00:00:00 @) 2023-03-04, 00:00:00

0 case_approve airflow @ 20100 2023-03-03, 00:20:00 2023-03-04, 00:20:00

@ covid_eti_1 airflow @ @ 097487 5023-03-02, 09:00:00 (3 2023-03-04, 09:00:00

@ covid_eti_dead T @ @ 005+ 2023-03-03, 05:00:00 )  2023-03-04, 05:00:00

@ coward airflow ) 000+ 2023-03-03, 00:00:00 €}  2023-03-04, 00:00:00 .
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Weekly Disease Situation Report
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Garbage in Garbage out

Input

Output
Garbage
Garbage In ‘ No Model
Out
Garbage
Out

Good
Model

Good data Good
V|5
Garbage

\14 )| b Mol |
Out

Garbage In

Good Data
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Nobel Laureates per 10 Million Population

Correlation is not Causation!

n Switzerland

4= United Kingdom

354
= Sweden
304
r=0.791
P<0.0001 e
[ ]
25 q
Austnaf
ﬂENorway
20+
154
lé;\itted B Nireland
wemm States
The Netherlands =
10+ =— France
Belgiuml I I I
Canada -I—Finland
5 Poland it Australia
Greece
Portygal L Italy
e E= __ Spain
o Wl s [63
China Brazil
0 5 1

Chocolate Consumption (kg/yr/capita

- Germany

Country by country: how coronavirus case trajectories compare

Cumulative number of cases, by number of days since 100th case
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Accuracy vs Interpretability

@ Linear regression

@ Decision Trees

O,

Transparency

Interpretability ® svms

Random forest @

Interpretability

Neural networks @

@ Accuracy

Model complexity

o)
g-ad

Explainability

o° 5 o
White o Q,e’ \}X“
A\ N N °
Box Q:b( Q& " (®) .\fb(\
\ & e
N Q q,’b*

106
Al in Public Health, Stanford

Human interpretability




“Everything should be made
as simple as possible,

but not simpler.”

- Albert Einstein
(Parsimonious Model)
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Black Box

HOSPITALA

1% pneumonia prevalence

HOSPITALB

34% pneumonia prevalence

= Ppneumonia
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Other Challenges and Risks

Privacy Breaches Improper or System Disruption Model Stealing
Data Poisoning a - . Model E

. incomplete training IT Downtime odel Error
Data Bias Misinterpretation
Label Leakage Job Displacement
Label Misspecification Privacy Breaches

= Training Deployment
Training Data | =—————>

Intentional Failure  Inadvertent Failure | 1
Controlled most by ML developer/host Adversarial Attacks
= Dataset Shift

; 109
i Controlled by both ML host and user Samuel G. Finlayson, Adversarial Attacks Against Medical Deep Learning Systems
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Data to Policy
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38 Provinces Restrict < 300
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drinking

. Restrict zone 11 provinces Q

Control zone 38 provinces

Close at
24,00
Rajatanavin N, Tuangratananon T, Suphanchaimat R, Tangcharoensathien V. Responding to the COVID-19 second wave in Figure 5 Provincial zoning and restriction level announced 4 January 2021 and comparison of social measures used in the
Thailand by diversifying and adapting lessons from the first wave. BMJ Global Health. 2021;6(7). first wave and specific zones during the second wave. Five extremely restrict provinces are Samut Sakhon, Chonburi, Rayong,

Chanthaburi and Trat.
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Data for Decision Making & Communication (2024-2026)
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Final Thoughts

“Without good
data, we’re flying
blind. If you can’t
see it, you can’t
solve it.”
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