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Automated
Analytics

Business intelligence and analytics

Optimization What's the best that can happen?
What if
we take
Predictive Rendemized (Fefing What if we try this? actions?

Analytics
What happens next?

Diagnostic

: ?

An alytlc What are the causes and effects” 9
What actions are needed? %)
Where exactly is the problem? Access

>and
S Score cards ’/ What information really matters? reporting
Descriptive ®
Analytics Standard péports 2
S What happened? J

Degree of intelligence
Source: Thomas H. Davenport (2016)
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What is Forecasting?
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What is Forecasting?

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

* N5 ldanaLazilaqiiuinugauIAe

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

— John Maisbitt —

AZ QUOTES
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‘Law 1 — mswennsaidinsainazia (uaaniinul)

= Perfect prediction is impossible

=Simple quantitative forecasting technique will generally outperform
unstructured intuitive assessment.

¢ { ] ] 1
*Law 2 — nswennsatnugngdas azuswagnIuuunegIy

=Due to variability pooling, aggregate forecast can cancel out unwanted
variations

= Aggregate the past demand values of the same product across multiple
locations, or aggregate the past demand values of the same product in terms
of time buckets

eLaw 3 — fsnannsatldlna Beuswgnasas
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Disease Importance
(anadranaaslea)

*Frequency
*Severity

*Impact (QOL, Social,
economic)

*Public/political concern

Modifiability
(anandwlylalunns

Usuaem)

*Preventable disease

*Available effective
intervention

*Acceptable cost

N5ENTAG1TMEY @y

Predictability
(anandwlulalunns

wansot)

*Available data
*Available technique
*Available technology

*Available experts and

experiences (both
content and technique)
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 Compatible (aannéns)

* Meaningful (8anununa)

o Useful time horizon (daananiinannsndiislsz o)
* Reliable (dofeli)

e Accurate (udugn)

* Easy to understand and use (shasanisdinlawasldeu)
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Uselasiveamsnennsalsa

* FHIUUANUNIAN LAY MIUNUNINENYINT
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* qlsuiinszAnsn naaaulaung
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Forecasting Methods

Qualitative Methods Mixed Methods

— Expert Judgement — Risk analysis method
— Jury of Executive Opinion: JEO — Expert elicitation
— Delphi method

Quantitative Methods

Empirical/Statistical Model Process/Mechanistic Model
— Simple projection/multiplication — Compartmental (multi-stage)
— [Time series analysis: Decomposition, model e.g. SIR model for

Smoothing, ARIMA Infectious diseases, Markov
Chain, etc.

— Regression model: Linear, Poisson, Age-
Period-Cohort Model, etc.



NISWENNTULLLAYNTHLIA
(Time Series Forecasting)

14



What are time series data?

 Cross sectional data

* Unidimensional on time (but possibly covering
groups of populations) (au d29t9a1 la dagiaauila)

e Panel data

* Longitudinal multidimensional data involving
measurements over time on the same individuals

(Rasupu anladlunas gga9iaan)

N5EN39E51 T @e R

Single measurement data

@
R |
2.
o1
o 3
£
Y
[ ]
Y
Panel Data
Time
@ @ [ ]
B | | |
[ ] (2] [ ]
NS I B |
S e ° [
RS | | |
R ® [ ] @
| | |
@ & @
| Y Y




NITNIINEITITUEY &

What are time series data?

* Unidimensional on panel on a group of individuals (panel members) through
multiple time points (afinmunguagvsiaiiaddunaiadaaan lsanduaaaiuauma)

*A time series is a collection of observations of well defined data items

collected through repeated measurements over equally spaced time intervals
(hourly, daily, weekly, monthly) (iruteysatsdaiitaslunhonaifiiviigiu wu ngalas nniu

nnalaIv)
o Count
+H11.4. 111
+ AN 56
+4l.0. 69
I @ | H13LE. 152
Data collected irregularly are £ Tona 152
not time series!!! #h.. 508
+N.A. 415
+&.0. 282
+ .8, 89




What are time series data?
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*A time series can have one or a combination of the components
below. Using these components, we can project each component
individually into the future, for example a future trend or future
seasonality, and then combining them together to get a future

forecast.
*Trend (uwilsiu)
*Seasonality (nama)
*Cyclical (sav)

*Error / Irregularity / Residual (dhanuamaindan)

18
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*1) Trend (uwalsin)

= Gradual upward/downward movement of data over time

=Long term movement in a time series not related to calendar &
irregular effects

Trend

Random
movement

Time

19
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*2) Seasonality (ngna)

= Pattern of demand fluctuation above or below the trend line that
occurs regularly

=Short-term regular and repetitive variations which can be as long
as a year or as short as a few seconds

Seasonal
pattern

SV

Time

20
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*3) Cycles (sau)

= Pattern in the data that occurs every several years (usually tied to
business cycle)

= Has a duration of at least one year

= Longer term thus requires many years of data to determine its
repetitiveness or unusual circumstances

Cycles

Cycle

Year 1 Year2 Year3 Year4 Year5 Year6 Year7 Year8

21
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*4) Error / Irregularity / Residual (snanuaaaiaion)

=Short term fluctuations in the series which are neither systematic
nor predictable

= Appear as small random ups and downs and can dominate
movements, which will mask the trend and seasonality

a) b)
180 3 eny 2008 Oil Price
$logl Shock
160 - 1
f " 2014 Ol Price
140 - S X Shock
120 -
100 1
80 -
s0 {7

40 4

20 A

P o & B R O A R R ik T
=5

22
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https://otexts.com/fpp2/stationarity.html
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Time Series Models

Traditional Time Series

Models
Univariate Multivariate
Models Models
- ARIMA
- SARIMAX - Vector
- Prophet

Autoregression
- Neural Prophet

- Smoothing

Machine Learning
Models

- Neural Network Regressor
- Catboost Regressor
- Any regressor
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Model Selection

1. Smoothing
1. Simple Moving Average (SMA)
Single Exponential Smoothing (SES)

2
3. Double Exponential Smoothing (DES)
4. Triple Exponential Smoothing (TES; Additive model, Multiplicative model)



SMU Classification: Restricted

Method 1: Smoothing

Smoothing techniques are kinds of data
preprocessing technigues to remove noise
from a data set. This allows important
patterns to stand out.

27



Method 1: Smoothing

—— Demand
~-==- Smoothing | y

Volume
7
 I——

Period

Figure 3.1: Demand level
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Method 1.1: Simple Moving Average (:duaaisa)

*Moving average is computed by taking the average of several sequential
data points. (mmmﬁiﬂmﬂﬁayjaﬁau%ﬁa)

*|t is suitable when there is no trend and no seasonality, and forecast can
be estimated using a smoothing technigue and the randomness is
smoothed out. (IFlumssansdanumainian)

*The basic principle is that demand observations that are close to one
another are also likely to be similar

*Moving average model creates a new average as each new actual
demand becomes available by dropping the oldest demand data, thus
the selection of the sequential data is a moving selection.

29
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Method 1.1: Simple Moving Average (sduaaisa)

Week No of cases Three-week moving average (m=3)

1 8
2 10

3 9

4 11 (8+16+4)/3 =9

5 10 (10+9+11)/3 = 10
6 13 (9+11+10)/3 =10
7 ? (11+10+13)/3 = 11.3




Method 1.1: Simple Moving Average (iduaais)

* Use different m to forecast demand for 11th month

F(t+1)=L(1) = —==m1
m

Month | DemandA(t)| m=3 | m=35 30
1 10
. !
2 12 A / =
< 12 = R ——Alt)
- Al 1133 £ 15 Forecasted F(11),m=3
5 15 11.67 a e F(t),m=3
6 14 12.67 12.00 10 - ’
===F(t),m=5
7 18 13.33 12.80 5
=== Forecasted F(11),m=5
8 22 15.67 14.00
0 T T 1
18.
9 18 8.00 16.00 0 s 10 15
10 28 19.33 17.40 Month
10+12+12
K A(i) m=3, F@4)=LB3)=—"""="=11.33
l 3

m=5, F(6)=L(5)= 10+12+152+11+15 ~12.0
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Method 1.2 — Single Exponential Smoothing

*Single Exponential Smoothing is very much an exponential moving average,
which means that there will be no trend component in the data.

Need an
/ initial estimate
F(t+1)=F )+ a(A(f) - F(?)) 0< a<l

=a = 1, next forecast is sensitive to past

* F(t) = Forecast at time t
forecast error

* F(t+1) = Forecast at time t+1 .
=a = 0, next forecast is exactly same as

*A(t) = Actual at time t previous forecast

*We can see that the next forecast is equals to the previous forecast adjusted
by past forecast error, given by a(A(t) — F(t))

32
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Method 2 — Single Exponential Smoothing

30
* Forecast demand for 11th month f
25
i
a=02]|a=06 A /
20
Month Demand Forecast | Forecast - A == A(t)
A(t) F(t) F(t) g
g 15 4 = F(t),a=0.2
1 10 10.00 10.00 @
2 12 10.00 10.00 a 10 == Forecast F(11),a=0.2
3 12 10.40 11.20 ——F(t),a=0.6
4 11 10.72 11.68 > === Forecast F(11),a=0.6
5 15 10.78 11.27 0 ‘ ‘ ,
6 14 11.62 13.51 0 5 10 15
7 18 12.10 13.80 Month
8 22 13.28 16.32
9 18 15.02 19.73
10 28 15.62 18.69 FQ2)=aA(l)+(1-a)F(1)
Bl TR F(3)=adQ2)+(1-a)F(2)

We assume an initial value for F(1) or F(2)=0.2*10+0.8%10=10
let F(1) = average of actual demand, A(1) to A(10) F(3)=0.2*%12+0.8¥10=10.4

F+1)=F(t)+a(A(t) — F(1)) a= 0.6, F(2)=0.6*10+0.4*10=10
F(3)=0.6%12+0.4%10=11.2

34
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Model Selection

2. Autoregressive Integrated Moving Average (ARIMA)
Autoregressive (AR)

Moving Average (MA)

Autoregressive Moving Average (ARMA)

Autoregressive Integrated Moving Average (ARIMA)

Seasonal Autoregressive Integrated Moving Average (SARIMAX)

unhwnN e
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Autoregressive (AR) & Moving Average (MA) models

« AR: The term autoregression indicates that it is a regression of
the variable against itself. (mswannsalaulaluarvasadsnasluaia)

yt - at—pyt—-p t at—p+1yt—p+1 too t at—lyt—l

* MA: Rather than using past values of the forecast variable in a

regression, a moving average model uses past forecast errors
in a regression-like model. (wennsoilasldaranuaiaiadanluwaia)

y, = Gt_qet_q + et—q+1€t—q+1 - Bt_lst_l
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Autoregressive Integrated Moving Average (ARIMA)

* Before we introduce ARIMA models, we must first discuss

* the concept of stationarity -> No trend, No Seasonality

* the technique of differencing time series.

* Many non-stationary time series can be converted to a
stationary time series by taking d" order differences.

* Included Differencing (I) into ARMA. (wiw Differencing 1w

ARMA Wea3aan aynsunian laiasn)
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Differencing

(a) (b)
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NN
o
'

goog200
o
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400~

0 50 100 150 200 0 50 100 150 200
Day Day
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Prophet Model

y = g(t) + s(t) + h(t) + €

t

* g(t): It represents the trend and the objective is to capture the general trend of the
series.

* s(t): It is the Seasonality component. The number of advertisement views might also
depend on the season.

* h(t): The Holidays component. We use the information for holidays which have a clear
impact on most business time series. Note that holidays vary between years,
countries, etc. and therefore the information needs to be explicitly provided to the
model.

* The error term g, stands for random fluctuations that cannot be explained by the
model. As usual, it is assumed that g, follows a normal distribution N (0, 6?) with zero
mean and unknown variance o that has to be derived from the data.



Multivariate Forecasting

I COPD last 5 year

PM2.5

Jadedudaunndouid
fansiinlsaldidenaan
- guugdl
C g
Vnaiely
Aevil HI/CI
$undanis

58U (Cycles)

COPD next year I

Build up
Prediction Model
By Machine

Learning

—» | msszunldidensen
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Vector Autoregression (VAR)

* In a VAR model, each variable is a linear function of the past values
of itself and the past values of all the other variables.

Variable y1 | Variable y2 Variable y1 | Variable y2 yi) al ‘ Wil wi2 y1(-1) ‘ el(t)
yl y2,, yl y2, y2(t) a2 ‘ w2l w22 y2(t-1) ‘ e2(t)
Yi, | Y2, Yi, | Y2, w | lal len | e Wit yi(p) e1
Yl, Y2, Yl, Y2, | 2| a2 I y2e1) | | w2l - y2(t-p) 4 ez
e | [ aat ‘ |
yk ak wkl } yk(t-1) | wki YK(P) | ok
Kx1 Kx1 KxK Kx1 KxK Kx1

https://www.analyticsvidhya.com/blog/2018/09/multivariate-time-series-guide-forecasting-modeling-python-codes/



Vector Autoregression (VAR)

Google Trends
N

N



Machine Learning: Long short-term memory
Neural Network

Ct-1

tanh
ht-1 °

Xt

Layer ComponentwiseCopy Concatenate

Legend: — P

https://www.youtube.com/watch?v=4FmVIpcwl4k



Time Series Forecasﬁng of Dengue Fever Using

Google Earth Engine & Machine Learning Algoriihms

Case Study : Kang Krachan District, Phetchaburi

Nattanya MEEWUTTISOM, Suphanat Wongsanuphat

Earth Engine Data Catalog Q search @ trgere - i W

Home  Viewalldatasets  Browsebytags  Landsat  MODIS  Sentinel  APIDocs

A planetary-scale
platform for Earth
science data &

analysis

Earth Engine's public data archive includes more than forty
years of historical imagery and scientific datasets, updated
and expandé daily.

Climate and Weather

Land Surface Temperature (LST)
Precipitation , Numbers of Rainy Days
Humidity

Normalized Different Vegetation Index (NDVI)

5\ NDVI, 2016

> o288

Kilometers

10 18

) [EE0.10-0.30 [N 0.30-0.50 [N >0.50

BEST_PARAMETERS |

CASE MODEL | N_SPLITS | BEST_MAPE
| BATCH SIZE | EpocHs |
case_n LSTM_day_rained1 3 64 150 64.21%
case_n LSTM_precipitation_1 5 64 150 61.56%
case_n LSTM_HI 5) 64 150 67.19%
case_n LSTM_CI ) 64 150 66.85%
case_n LSTM_BI 5 128 150 65.37%
case_n LSTM_humidity 5 128 150 63.54%
case_n LSTM_day_rained1 5} 64 150 64.21%
case_n LSTM_[day_rained1,precipitation_1] S 64 100 49.82%
case_n LSTM_[day_rained1,precipitation_1,HI] 5 128 100 52.77%
case_n LSTM_[day_rained1,precipitation_1,Cl] 5 32 100 54.44%
case_n LSTM_[day_rained1,precipitation_1,Bl] 5 64 100 49.15%
case_n LSTM_[day_rained1,precipitation_1,humidity] 5 64 100 53.99%
case_n LSTM_[day_rained1,precipitation_1,HI,Cl] 5 32 50 44.69%
case_n LSTM_[day_rained1,precipitation_1,HI,BI] 5 128 50 43.01%
case_n LSTM_[day_rained1,pre _1,H,humidity] 5 128 50 43.89%
case_n LSTM_[day_rained1,precipitation_1,H1,Cl,BI] S 64 50 47.49%
case_n LSTM_[day_rained1,precipitation_1,HI,Cl,Bl,humidity] 5 32 150 52.22%
case_n LSTM_[day_rained1,precipitation_1,H1,Cl,humidity] 5 128 50 50.25%
case_n LSTM_[day_rained1,precipitation_1,Hl,Bl,humidity] 5 32 50 47.12%
case_n LSTM_[day_rained1,precipitation_1,Bl,humidity] | 5| 32| 50| 40.77%|
case_n LSTM_[day_rained1,precipitation_1,Cl,BI] | 5| 128| 50| 4&84%[
case_n LSTM_[day_rained1,precipitation_1,Cl,humidity] 5 32 50 42.90%
case_n LSTM_[day_rained1,HI] 5 128 100 48.37%
case_n LSTM_[day_rained1,H1,CI] 5 128 100 57.51%
case_n LSTM_[day_rained1,H1,BI] 5 64 100 55.50%
case_n LSTM_[day_rained1,HI,humidity] 5 32 100 57.31%
case_n LSTM_[day_rained1,H1,C1,BI] S) 64 50 48.20%
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Select Methods

1. Select the forecasting method to use by first plotting out the past data to see if
there is trend and seasonality. (Plot nvv)

2.For each appropriate method, determine the optimized parameters by minimizing SSE.
(\§an25n13 uaz parameters nuwanzau)

3.Compare selected methods using quantitative measures. (13suiisuanuudndrvasudazitsng)

m Trend (T) | Seasonality (S) [ Holiday Period | Multivariable
Function optimized

Moving Average

Single ES v a
Double ES v v a, B
Triple ES (Add) v v v o, B,y
Triple ES (Mult) v v v a, B,y
ARIMA v v p,d,q
SARIMA v v v p,d,a PD,Q
Prophet v v v v

VAR v v v v

Machine Learning v v v v v
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Time Series Forecasting

iungaunan: aruaugiag GC luill 2020 azitluivinle?
Number of GC cases during 2008-2019 and prediction in 2020

1100 | — actuals — 80% — 95%

1000 |

900 | m—
800 |
700 <~

600 |

500 |

400

2008 2010 2012 2014 2016 2018 2020

N
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Time Series Forecasting

Usziiuuainasnis: uaasmimuanlsaCOVID dwuadalsaldnialuaiadls?

100000 4 —— Observed incidence; with covid-19 intervention ’
—— Expected incidence; without covid-19 intervention | ‘\L
- . .
! 95% confidence interval fl g] [
80000 1 1" 1 A | [ p |
1 p | |' | JA | l [ ]
| J | /| | \
ll ,‘ 'l | / vl‘ | ‘n |
| ‘,w |l | || ‘..n
60000 - LR
il \/
|
40000 -
[
1
20000 - NV
I [ y
a0 . ,
1 LA | |
0 - 1 I| " 'v ) |
1 ‘ “‘ “' ‘ ‘i ll} |“ ‘ || lll
\ ‘ Y | [ | “ / l’u"
—20000 A Y I i \,',‘ '
Pre COVID coviD
2012 2014 2016 2018 2020 2022

Source: API COVID, DDC
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Time Series Forecasting

What if Thailand government didn’t provide
Universal Health coverage (iinsnas) since 2002?

Impact of UC on incidence of impoverishment in Thailand

—— galiidiva nisz nuganma 2unn — @ g visnn SalMNFIUNITOIAF]

200,000 T 5~-:.=

150,000 -

100,000

Incidence of impoverishment

2539 2541 2543 2545 2547 2549 2550 2551

Source : Limwattananon (2011)



wastiawnisszuia (Early Warning System)

Percent

12

10 —

D A‘ 2
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Percentage of All Deaths Due to Influenza and Pneumonia

actual mortality

m epidemic threshold
(A

seasonal baseline

2004

I I I [
2005 2006 2007 2008



Compartmental Model




Compartmental Modeling

S I R
' : as
o . — = BSI
d_psI— yI

dt

(% ' % 9 9 9
9 9 d_R_ I
ac ¥V
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Compartmental Modeling

¢

— -
gihemin/inge FaANENNTO

2849 ICU luszuy

danaaphasuan

@)

SATINTUNSITD

daduszannsiiil

anspstheg-ang

Tonadaiia v
szarnne) V.
) . ?)ﬂ? :> Jidediin
Usznsh Usznsg N vszonsed@aza/
PR \ ) ve o & 115 S d e
Anzala PEADGIVD) fiTomaunsigala
CADT

S

srBzAIMsAnLde

Recovering
Transmission

Uszns
gveanlse/ R

Y

UszansidRsideldass Fud/infiduni

Uszanduazay

WAL COID-11 mann lsauazuanlsa
ﬁ’& INTEGRATED SYSTEMS

Simulation Lab
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Compartmental Modeling

#0 Uaiov/UaUs:InA #3 1SLINUNSWENNSNIVANSIWNE
$2AS1D (containment

(rapidly increase healthcare capacity)
#1.1 USuwnanssudouynna (social & travel bans)

distancing and behavioral risk reduction)

Hihavin/Anga

diaediaing CR1

NITNSLHLTIN

. FAMNHEINITD
#1.2 aQAIWKUNIIUUYDLEUBU (decreasing contact time and density) 289 ICU luszuy

ARTINTUNILZD

mmuﬂ‘iimgswu . aassthe-ang
Tomadaizie \dedin
) . 5& > idadin
Usvannsh Y > Usvannsg > Uszrnnsgania/
Anzale PRI GIEO) fiTonmaunszale
an AALZD
B1 e .
(J HIINEHUNI sTEzAINSAaLde
NITNTUNILTD

Uszansg
gmezanTse/

ooy

Nua indannu

>

sFaldas
#2.1 wuUs:answalunisnnisana:zieonisa (effectively quarantine & isolation)
F" THATLAND COVID-19 UsziinBuazn #2.2 IWUZaAIWEIWISANISAsIDIsAla:aUSogdUWalsA (increasing test and tra

INTEGRATED SYSTEMS msnnTsauazuanlsa
Simulation Lab
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Epidemic Calculator https://gabgoh.github.io/COVID/index.html

Intervention on day | to decrease transmission
Day linear scale 100 | by
66.67%
120 ) (] (drag me) | c——————
. Susceptible —Ro—=220 : Rt =073 —
Population not 6,314,701 (90.21%)
immune to 8452 /d.
disease. < ay
Exposed
(iJ?F:r[lit;/Ol: 57,702 (0.52%) 200.000
incubation. -2,645/day et
Infectious
v
Number of 37,050 (0.53%)
infections actively
circulating. -1,679/day 150,000
(] Removed
Population no
longer infectious ! 590,548 (8.44%)
due toiisolation or i A 10 264 /day
immunity. 100,000
[[] Recovered IIIIIII
Full recoveries. | 5 355,594 (5.08%) IIII||
Hospitalized - llll..
N 50,00 "
Active i > 71,948 (1.03%) | ,I-.__--
hospitalizations. | A 918/day [ (T -
Fatalities IIII i
Deaths. | 5 4308(007%) 0 Bt L LR T LT
i A 241/day Day 0 20 40 60 80 100 120 140 160 180 200
Transmission Dynamics Clinical Dynamics
Population Inputs Basic Reproduction Transmission Times Mortality Statistics Recovery Times Care statistics
Size of population. Number Rg Length of incubation Case fatality rate Length of hospital stay Hospitalization rate
Measure of period, Tipc.
7,000,000 contagiousness: the 5.20 days 2.00 % 28.6 Days 20.00 %
ol ) number of secondary anl) o o) anl)
infections each infected
Almnbane ~f imitinl individual oroduces Picmbinm mtine in Tinon fomnn m A P v e $immm fm il Timnn tn hmmnibalicatine
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R506 Surveillance

* JJuszuunlasuanusiudenndinuasisaguiwin lsmeuia wazanidouniannums
(saneruiasgnnuws lssneruiaenvudiliasounquiianua) luniswisealsa/dy N91inn1358U10
16 WnefidngUszasdiionislosiuniunulse/de 1undn Slodusesuaifveslsaiug

o dailvgy 19T0ewrfUedu "duleiiade(suspect)” 1y "guaendudu(confirm)"

Food_Poisoning Meningitis,uns Typhoid
= ¥ AET Genital Molluscum Contagi Meningococcal Meningitis Vaginal trichomoniasis
ontagiosum
* {lsAABsIBau 57 lsa AP H-conpunctivts Mampe Zicavirus
Avian Influenza Hepat?t!sA Paratyphoid
Botulism HepatitisB Pediculosis Pubis
Brucellosis HepatitisC Pertussis
Chickenpox HepatitisD Pneumonia
Chikungunya HepatitisE Poliomyelitis
Cholera Hepatitis_uns Pulmonary T.B
D.H.F HFM PUO
D.H.F.shock syndrome Influenza Rabies
Dengue fever Japanese B encephalitis Rubella
Diarrhoea Kala azar Scarlet fever
Diphtheria Leprosy Scrub Typhus
Dysentery,Amoebic Leptospirosis Streptococcus suis
Dysentery,Bacillary Liver fluke T.B. other organs
Encephalitis uns Malaria T.B.meningitis
Enterovirus Fever Measles Tetanus exc.Neo

Eosinophilic Meningitis Measles ¢ Complication Tetanus neonatorum
http://doe.moph.go.th/surdata/index.php Filariasis Melioidosis Trichinosis



NIENTINEITITUEHY

MINISTRY OF PUBLIC HEALTH

Is this dataset time series data?

disease  sex agey agem aged marietal race racel occupat addrcode metropol hospital type result hserv datesick {latedefin¢datereach datedeath«
30 1 24 5 24 1 1 0 3 85030404 2 3 1 3 850301 1/1/2022 [1/1/2022 3/1/2022 0000-00-0
30 1 54 0 0 2 1 0 1 86060209 1 3 2 1 860601 1/1/2022 [1/1/2022 #i#HHH# 0000-00-0
30 1 63 5 13 2 1 0 1 85030406 2 3 1 3 850301 1/1/2022 [1/1/2022 3/1/2022 0000-00-0
30 1 11 6 4 1 3 1 6 63080202 2 3 1 1 630801 1/1/2022 [2/1/2022 5/1/2022 0000-00-0
30 1 27 10 10 2 1 0 3 85050105 1 3 1 1 850501 1/1/2022 [2/1/2022 4/1/2022 0000-00-0
| 30 1 5 1 3 1 1 0 11 63080301 2 3 1 1 630801 1/1/2022 B/1/2022 5/1/2022 0000-00-0
| 30 1 4 0 1 1 0 11 63050403 2 3 1 3 630501 1/1/2022 [3/1/2022 #it##it#i# 0000-00-0
| 30 1 30 0 0 1 1 0 1 82070601 2 4 1 1 820701 1/1/2022 W/1/2022 5/1/2022 0000-00-0
| 30 1 24 0 0 1 1 0 1 82070601 2 4 1 1 820701 1/1/2022 W/1/2022 5/1/2022 0000-00-0
30 1 25 8 16 1 1 0 1 85050201 1 3 1 1 850501 1/1/2022 [5/1/2022 7/1/2022 0000-00-0
30 1 16 0 8 1 3 1 1 63080409 1 3 1 1 630801 1/1/2022 |6/1/2022 9/1/2022 0000-00-0
30 2 24 0 8 1 3 1 11 63080303 2 3 1 1 630801 1/1/2022 |6/1/2022 9/1/2022 0000-00-0
30 1 28 0 0 2 1 0 10 86010208 1 3 2 1 860101 1/1/2022 [6/1/2022 ###i##### 0000-00-0
30 1 13 3 23 1 1 0 6 85050201 1 3 1 1 85050} 1/1/2022 |7/1/2022 9/1/2022 0000-00-0
30 1 15 1 0 1 1 0 6 63050302 2 3 1 3 630501 1/1/2022 [8/1/2022 #i##i### 0000-00-0
30 1 15 0 29 1 1 0 6 63080202 2 3 1 1 630801 1/1/2022 [9/1/2022 ###it#### 0000-00-0
30 2 8 0 0 1 1 0 6 95040307 2 3 1 3 950401 1/1/2022 [9/1/2022 #i##it#i# 0000-00-0
| 30 1 25 5 5 2 1 0 15 85030208 2 3 1 3 850301 1/1/2022 [9/1/2022 #it##it#i## 0000-00-0
| 30 1 36 6 0 2 1 0 3 70100115 2 3 2 1 701001 2/1/2022 [2/1/2022 ###i###t# 0000-00-0
30 2 43 7 15 2 1 0 1 86030510 2 3 1 4 86030% 2/1/2022 [2/1/2022 #it##it#i## 0000-00-0
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Is this dataset time series data?

disease  sex agey agem aged marietal race racel occupat addrcode metropol hospital type result hserv datesick Hatedefincda i] u . n . 1 11
30 1 24 5 24 1 1 0 3 85030404 2 3 1 3 850301 1/1/2022 |1/1/2022 3, -
30 1 54 0 0 2 1 0 1 86060209 1 3 2 1 860601 1/1/2022 [1/1/2022 #4
30 1 63 5 13 2 1 0 1 85030406 2 3 1 3 850301 1/1/2022 |1/1/2022 3, —J:l n 'w . 56
30 1 11 6 4 1 3 1 6 63080202 2 3 1 1 630801 1/1/2022 [2/1/2022 5, 1 -
30 1 27 10 10 2 1 0 3 85050105 1 3 1 1 850501 1/1/2022 [2/1/2022 4, i] u . ﬁ . 69
30 1 5 1 3 1 1 0 11 63080301 2 3 1 1 630801 1/1/2022 [3/1/2022 5, -
30 1 4 4 0 1 1 0 11 63050403 2 3 1 3 630501 1/1/2022 [3/1/2022 #4
30 1 30 0 0 1 1 0 1 82070601 2 4 1 1 820701 1/1/2022 |4/1/2022 5, i] m L] u b 152
30 1 24 0 0 1 1 0 1 82070601 2 4 1 1 820701 1/1/2022 [4/1/2022 5, i
30 1 25 8 16 1 1 0 1 85050201 1 3 1 1 850501 1/1/2022 [5/1/2022 7, +HWN.0A. 340
30 1 16 0 8 1 3 1 1 63080409 1 3 1 1 630801 1/1/2022 |6/1/2022 9, —
30 2 24 0 8 1 3 1 11 63080303 2 3 1 1 630801 1/1/2022 |6/1/2022 9, =
30 1 28 0 0 2 1 0 10 86010208 1 3 2 1 860101 1/1/2022 |6/1/2022 #4 i] u . u . 508
30 1 13 3 23 1 1 0 6 85050201 1 3 1 1 850501 1/1/2022 [7/1/2022 9, B}l
30 1 15 1 0 1 1 0 6 63050302 2 3 1 3 630501 1/1/2022 [8/1/2022 #4 +N.A. 415
30 1 15 0 29 1 1 0 6 63080202 2 3 1 1 630801 1/1/2022 [9/1/2022 #4
30 2 8 0 0 1 1 0 6 95040307 2 3 1 3 950401 1/1/2022 [9/1/2022 #4
30 1 25 5 5 2 1 0 15 85030208 2 3 1 3 850301 1/1/2022 [9/1/2022 #4 i] a . ﬂ . 282
30 1 36 6 0 2 1 0 3 70100115 2 3 2 1 701001 2/1/2022 [2/1/2022 ## o
30 2 43 7 15 2 1 0 186030510 2 3 1 4 860309 2/1/2022 |2/1/2022 #4 i] n . u . 89




Is this dataset time series data?

+3l.A.
+ AN,
| ={i.a.
T

+HW.A.
IET )
1 +N.A.

..
jﬂnjL

111
56
69

152

340

508

415

282
89
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Forecasting Methods
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Qualitative Methods

— Expert Judgement
— Jury of Executive Opinion: JEO
— Delphi method

Quantitative Methods

Mixed Methods

— Risk analysis method
— Expert elicitation

Empirical/Statistical Model

— Simple projection/multiplication

— | Time series analysis: Decomposition,
Smoothing, ARIMA

— Regression model: Linear, Poisson, Age-
Period-Cohort Model, etc.

Process/Mechanistic Model

Compartmental (multi-stage)
model e.g. SIR model for
Infectious diseases, Markov
Chain, etc.



rnugeognameuiihaiuleadnan 2008-2019

1200 :
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Select Methods

w Smoothing Trend (T) | Seasonality (S) | Holiday Period | Multivariable
Function optimized

NITNTINEIST1T0UE

MINISTRY OF PUBLIC HEALTF

1. Select the forecasting method to use by first plotting out the past data to see if
there is trend and seasonality. (Plot nvv)

2.For each appropriate method, determine the optimized parameters by minimizing SSE.
(\§an25n13 uaz parameters nuwanzau)

3.Compare selected methods using quantitative measures. (13suiisuanuudndrvasudazitsng)

Moving Average

Single ES v a
Double ES v v a, B
Triple ES (Add) v v v B,y
Triple ES (Mult)* v v v a, B,y
ARIMA v v p,d,q
SARIMA 7 v v p,d,q P,D,Q
Prophet v v v v

VAR v v v v
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Implement Methods: Software
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msly¥ Forecast Sheet 1. Excel

* Exponential smoothing forecasting in Excel is based on the
Triple Exponential Smoothing (Additive) algorithm.

Draw Page Layout Formulas Data Review View Developer Help
= — E =] r\ H
= s =56
G E = @ =) =g (35 ? | BF
Text to Remove Data  Consolidate Relationships Manage What-If |Forecast
Columns Duplicates Validation ~ Data Model | Analysis v| Sheet
Data Tools Forecast
Forecast End 3/1/2021
4 QOptions
Forecast Start 5/1/2019
Confidence Interval |95% = Timeline Range | 'Source data'!SAS1:SAS30 *
Seasonality Values Range | 'Source data’!SB$1:SBS30 *
® Detect Automatically
O setManually |11 < Eill Missing Points Using Interpolation v
[J Include forecast statistics Aggregate Duplicates Using |Average v

https://www.ablebits.com/office-addins-blog/forecast-excel-linear-exponential-smoothing-forecasting-models/
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Available Data

Model Evaluation * \

Training Testing
(holdout
~_sample)
New Available Data
\
[ \
Training Validation Testing
* Split Train and Test (validation (testing
holdout sample) | holdout sample)
» K-fold Cross validation
* Leave One Out Cross Validation (LOOCV)
Test Train on (k - 1) splits Leave-One-Out Cross Validation

| e 0111111 ]])

e 11 11 1] 1]
w: [ BN EEEEEN
v+ [ HBHEEEEEEEEEN
e 01111111

Training Test
Data Data

v

k-fold

=
o




Usziulseansmn Model (Evaluate Model)

* Minimizing error (anAuAainAaa)

enuaainden (E, ) =

1939 (A,) — drviwe (F,)
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Measurements for forecast accuracy (1)

1) Mean Error (ME) D (E)

n

2) Mean Absolute Error (MAE) D |E]

3) Mean Percent Error (MPE)

4) Mean Absolute Percent Error (MAPE)




NITNTINAITITUEY 4
A

Measurements for forecast accuracy (2)

5) Mean Squared Error (MSE) D (E)

n

2
A —-F
7) Theil'sU = \/Z(t !

Note: Other goodness of fit tests such as AIC and BIC are also useful.
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nantthuang waz product anmswennsmaainlagay

N

wvuiraomadadiaad = ownimd Lifhwnemlag
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Beyond Predictive Modeling:
Cost Effectiveness Analysis




Concept of Scarcity

Money 1s a way of
creating scarc1ty

Peter Coyote

https://www.investopedia.com/terms/s/scarcity.asp

N3ENTIEIGITUEY (0

Scarcity

['sker-sa-té]

A basic economics
problem—the gap
between limited
resources and
theoretically limitless
wants.

87
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Cost Effectiveness Analysis

e Used to evaluate the costs and benefits of different
healthcare interventions.

* Can help policymakers and healthcare providers make
decisions about how to

 allocate resources

e prioritize interventions based on their potential impact on health
outcomes.

88
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Decision Tree

wW3sugunudseansninandu (VE)

0.004 - VE=10% B o VE=20% e . VE=30%

0.000 o il A

COVID/a4#8 Vaccine) (‘Vo)

£
19

£ 0005 -

z

5 »

@D 0004 - P = :

c . v i

& VE=40% ; VE=50% . VE=60%"".

vo

E 0.003 ” : y ; . 1 o decisions

& + COVID-Vaccine
Bg 0.002 7 J it v + No-COVID-Vaccine

0.001

"
.....
o—

0000 . e
Tannanaiainsrazanda(liassussisiuniieg) (%)
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Benefits and Costs

Benefit Costs

Die
< 0QALYs  $16,700
HVE 0.36
0.52 Recover
Treat with vidarabine ,) 0.64 4 18 QALYs $36,200
N Die
555 < 00ALYs  $16,700
OVE <l|) :
0.48
77 Recover {18 QAlYs $36,200
‘ 9 0.80
@, 0
Die
| = < 00AlYs  $15,500
I HVE
Do not treat 0.52 Recover
with vidarabine ,) 039 4 18 QALYs $35,000
N Die
Yo < 00AlYs  $15,500
OVE :
0.48 Recover
559 < 18 QALYs  $35,000

Eva Enns, PhD
90
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Dealing with uncertainty: One-Way Sensitivity Analysis

e Vary 1 parameter at a time, keeping all others fixed

pFailChemo Using WTP = $100,000
per QALY gained

036  0.38 0.4 042 044 046 048 0.5 052 054
pFailRadio
Optimal Strategy:
0.4 042 044 046 048 0.5 052 054 056 058 0.6 .Chemo
_’Faiﬁum B radio
. Surgery
0.02 0.03 0.04 0.05 0.06 0.07 0.08 0.09 0.1
pDieSurg

- —
0.05 006 007 0.08 0.09 0.1 011 012 013 014 0.15 016 0.17 o
muDieCancer
(>
Eva Enns, PhD
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Cost Effectiveness Analysis (Frontier)

e Expected loss for each strategy for different WTP

120,000 4

100,000 1

80,0004

60,000 4

40,0004
& 20,0001 Strategy
;, === Chemo
8 = Radi
- adio
3 - Surgery
S
o
o
o
x
w O Frontier & EVPI

0 0 10 20 30 40 50 60 70 80 90 100 110 120 130 140 150 160 170 180 190 200 210
Willingness to Pay (Thousand $/QALY)
Eva Enns, PhD
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