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e Jumlah Kasus Covid-19 (total) di Malaysia dan Indonesia
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Prediksi Jumlah Kasus COVID-19

Total Coronavirus Cases in Malaysia
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Forecasting the novel coronavirus COVID-19

Fotios 1e Spyros 2

; S,;:hoc! of ananggegmn University of Bath, Bath, United Kingdom, 2 Institute for the Future (IFF), University B a s e d O n
icosia, Nicosia, Cyprus
.
Mathematical Model and

What will be the global impact of the novel irus (COVID-19)? ing this ques-
tion requires accurate forecasting the spread of confirmed cases as well as analysis of the

o o
number of deaths and recoveries. Forecasting, however, requires ample historical data. At
'.) the same time, no prediction is certain as the future rarely repeats itself in the same way as

| Gheck for the past. Moreover, forecasts are influenced by the reliability of the data, vested interests,
updates and what variables are being i Also, ical factors play a signifi role in
how people perceive and react to the danger from the disease and the fear that it may affect
them This paper introdi an objective to icting the i i
of the COVID-19 using a simple, but powerful method to do so. Assuming that the data usec
G POt e is reliable and that the future will continue to follow the past pattem of the disease, our fore- P LOS O N E

casts suggest a continuing increase in the confirmed COVID-19 cases with sizable associ-
ated uncertainty. The risks are far from symmetric as underestimating its spread like a
pandemic and not doing enough to contain it is much more severe than overspending and
being over careful when it will not be needed. This paper describes the timeline of a live fore

Citation: Petropoulos F, Makidakis S (2020)
Forecasting the novel coronavirus COVID-19. PLoS
ONE 15(3): 60231236, ittps /idoi 0rg/10.1371

purnal pons

Editor: Lidia Adriana Braunstein, Universidad casting exercise with massive potential implications for planning and decision making and RESEARCH ARTICLE
Nacional de Mar del Piata, ARGENTINA provides objective forecasts for the confirmed cases of COVID-19.
Data-based analysis, modelling and
. forecasting of the COVID-19 outbreak
biology
Cleo Anastassopoulou’*, Lucia Russo?, Att ios Tsakris’, C inos Siettos **
Article 1 Department of Microbiology, Medical Schaol, University of Athens, Athens, Greace, 2 Consiglic Nazionale
. . delle Ricerche, Science and Technology for Energy and Sustainable Mobility, Napeli, Italy, 3 Dipartimento di
UnderStandlng Unreported Cases mn the COVID-IQ M: ica e Appli “Renato Cacc I, Universita degli Studi di Napol Federico Il, Napali, taly

Epidemic Outbreak in Wuhan, China, and the
Importance of Major Public Health Interventions

* constantinos.siettos @ unina.it {CS); cleca @ med.uoa.or (CA)

Zhihua Liu ', Pierre Magal >***, Qusmane Seydi ** and Glenn Webb > 1) Abstract
1 School of Mathematical Sciences, Beijing Normal University, Beijing 100875, China; zhihualin@bnuedu.cn Check for . . . )
2 Université de Bordeaux, IMB, UMR 5251, F-33400 Talence, France updates Since the first suspected case of coronavirus disease-2019 (COVID-19) on December 1st,
3 CNRS, IMB, UMR 5251, F-33400 Talence, France 2019, in Wuhan, Hubei Province, China, a total of 40,235 confirmed cases and 909 deaths
4 el ¥ ~ Ecole P i e de i i gal: evdifer & 3 + . "
, Département Tronc Commun, Eoole Polytechnique de Thits, Thies 21001, Senegal; oeydiGepton have been reported in China up to February 10, 2020, evoking fear locally and interation-
?  Mathematics Department, Vanderbilt University, Nashville, TN 37212, USA; glenn.f.webb@vanderbilt.edu ~ . . ) ~ h ~
% Correspondence: pierre. magal@u-bordeau. fr ally. Here, based on the publicly available epidemiological data for Hubei, China from Janu-
t  These authors contributed equally to this work. a OPEN ACCESS ary 11 to February 10, 2020, we provide estimates of the main epidemiological parameters.
check for In particular, we provide an estimation of the case fatality and case recovery ratios, along
Received: 4 Feb 2020; A d: 28 Feb: ¢ 2020; Published: 8 March 2020 updates Citation: Anastas: iou C, L, Tsakris A, o " . N i
eceived: 4 February 2020; Accepled: 26 Tebruary Hbtished: 8 Mare on: Arastassepouou L, Russa with their 90% confidence intervals as the outbreak evolves. On the basis of a Susceptible-
Sietins C (2020) Data-based analysis, modeling N N o ) )
Abstract: We develop a mathematical model to provide epidemic predictions for the COVID-19 and forecasting of the COVID-19 outbreak. PLoS Infectious-Recovered-Dead (SIDR) model, we provide estimations of the basic reproduction
epidemic in Wuhan, China. We use reported case data up to 31 January 2020 from the Chinese Center ONE 15(3): 0230405 https. ra10.1371/ number (Ap), and the per day infection mortality and recovery rates. By calibrating the
for Disease Control and l"r(-_-\-'enl:mn and the Wu]'!an M.unicipal Health Commission to parameterize journal pone 023 parameters of the SIRD model to the reported data, we also attempt to forecast the evolution
the model. From the _parameler_lzed _mod(-.‘l, we ld_{-.'rlhf)’ the number of unr(-?'p(med cases We then Editor: Sreekumar Othumpangat, Center for of the outbreak at the epicenter three weeks ahead, i.e. until February 29. As the number of
use the model to project the epidemic forward with varying levels of public health interventions Disease confrl and Prevention, UNITED STATES - - ) N ) )
The model predictions emphasize the importance of major public health interventions in controlling intected individuals, especially of those with asympinmatic o mild courses, is suspected to
COVID-19 epidemics. Received: February 11, 2020 be much higher than the official numbers, which can be considered only as a subset of the
Accepted: March 1, 2020 actual numbers of infected and recovered cases in the total population, we have repeated

Keywords: corona virus; reported and unreported cases; isolation; quarantine; public closings;

. the calculations under a second scenario that considers twenty times the number of con-
epidemic mathematical model Published: March 31, 2020

firmed infected cases and forty times the number of recovered, leaving the number of deaths
unchanged. Based on the reported data, the expected value of R, as computed considering

Peer Review History: PLOS recognizes the
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Kasus COVID-19 di Indonesia (update: 12/11/2020)

452,291 382,084

TERKONFIRMASI
+4,173 Kasus

Suspek

Peta Sebaran Kasus Per Provinsi

| b Riwayat Sebaran Covid-19

Provinsi

¢ DK1 JAKARTA
Jumlah Kasus : 114,343 (25.5%)

¢ JAWA TIMUR
Jumilah Kasus : 55,305 {12.3%)

¢ JAWA BARAT
Jumlah Kasus : 41,839 (9.3%)

¢ JAWA TENGAH
Jumlah Kasus : 39,180 (8.7%)

¢ SULAWESI SELATAN
Jumlah Kasus : 19,034 {4.2%)

¢ SUMATERA BARAT
Jumlah Kasus : 16,511 (3.7%)

¢ KALIMANTAN TIMUR
Jumlah Kasus : 14,149 (3.6%)

0.0% Tidak ada data provinsi

56,868

SEMBUH .
84.5% dari Terkonfirmasi

Probable

Tanggal Pembaruan Terakhir Data Provinsi dari Kementerian Kesehatan: 2020-11-11




Perkembangan Kasus COVID-19 Harian (8 UNIVERSITAS GADJAH MADA
di Tingkat Nasional (update: 12/11/2020)

»” Perkembangan Kasus Per-Hari (Grafik Gabungan) NASIONAL
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Sumber: https://covid19.go.id/peta-sebaran
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Kasus Kumulatif Harian COVID-19
di Tingkat Nasional (update: 12/11/2020)

COVID-19 di Indonesia (12 Nov 2020)
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Sumber: @kawalcovid https://docs.google.com/spreadsheets/d/1malT9hWbeclpXlwZ89WakRk-
0fVUQZsOCFl4FwZxzVw/edit#gid=387345074
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Analisis Data: Persentase Kasus Aktif
di Tingkat Nasional (update: 8/11/2020)
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S 0,00% *turun 1.26% dari pekan lalu (per 1 November 2020)
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P Min = 85.02% Min =77.13% Min = 66.30% Min = 50.91% Min = 34.45% Min = 22.74% Min = 21.37% Min = 17.69% Min =12.52%
£
[1:]
% Max = 100% Max = 84.50% Max = 77.34% Max = 65.56% Max = 50.62% Max = 33.50% Max= 25.02% Max= 21.38% Max= 13.43%
=
1]
'g_ Rata2=91.26% Rata2 = B1.57% Ratal=71.35% Ratal=57.25% Rata2=44.02% Rata2= 28.26% Ratal= 23.74% Rata2= 19.76% Rata2= 12.85%
-
Med=88.81% Med= 81.52% Med= 70.42% Med= 55.76% Med = 45.86% Med= 28.88% Med = 24.02% Med = 20.05% Med = 12.75%

Sumber: Satuan Tugas Penanganan Kasus COVID-19
https://covid19.go.id/p/berita/analisis-data-covid-19-indonesia-update-08-november-2020
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https://covid19.go.id/p/berita/analisis-data-covid-19-indonesia-update-08-november-2020

Analisis Data: Persentase Kematian
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UNIVERSI
dari itif di Tingk ] I
ari Kasus Positif di Tingkat Nasional (update: 8/11/2020)
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o
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)
e Max =9.34% Max = 9.50% Max = 7.66% Max = 6.09% Max = 5.08% Max =4.72% Max =4.23% Max =3.73% Max = 3.38%
e
T
§. Rata2= 4.89% Rata2=8.64% Rata2= 6.68% Rata2=5.56% Rata2=4.84% Rata2=4.46% Rata2= 3.98% Rata2= 3.59% Rata2=3.37%
Median= 5.50% Med= 8.60% Med= 6.55% Med= 5.55% Med=4.81% Med= 4.41% Med = 3.98% Med = 3.59% Med =3.37%

Sumber: Satuan Tugas Penanganan Kasus COVID-19
https://covid19.go.id/p/berita/analisis-data-covid-19-indonesia-update-08-november-2020
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https://covid19.go.id/p/berita/analisis-data-covid-19-indonesia-update-08-november-2020
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Analisis Data: Persentase Kesembuhan
dari Kasus Positif di Tingkat Nasional (update: 8/11/2020)
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S 000 _rM
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e s
2 Min = 0.00% Min = 6.14% Min = 15.08% Min = 28.35% Min = 44.31% Min = 61.78% Min = 70.98% Min = 74.90% Min = 83.19%
>
& Max = 8.33% Max = 15.04% Max = 27.61% Max = 43.99% Max = 60.81% Max = 72.94% Max = 74.89% Max = 78.85% Max = 84.14%
o
© Rata-rata = Rata2= 9.79% Rata2= 21.97% Rata2= 37.19% Rata2=51.13% Ratal= 67.28% Rata2= 72.29% Rata2= 76.65% Rata2=83.78%
2 3.84%
=)
Median=4.73% | Med=9.37% Med = 23.05% Med = 38.68% Med = 49.40% Med = 66.72% Med = 71.83% Med = 76.37% Med = 83.88%
@) www.covidi.goid € Jma () +6281133399000 (O) W @lawancovidig_id

Sumber: Satuan Tugas Penanganan Kasus COVID-19
https://covid19.go.id/p/berita/analisis-data-covid-19-indonesia-update-08-november-2020
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https://covid19.go.id/p/berita/analisis-data-covid-19-indonesia-update-08-november-2020

Analisis Data

Grafik Distribusi Kasus COVID-19
berdasarkan Jenis Kelamin dan Umur (update: 8/11/2020)
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Kelompok Umur
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Data Dengan Usia = 421,658 (96.33%)
Data Tidak Dengan Usia = 16,058 (3.67%)

©

Sumber: Satuan Tugas Penanganan Kasus COVID-19

https://covid19.go.id/p/berita/analisis-data-covid-19-indonesia-update-08-november-2020
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https://covid19.go.id/p/berita/analisis-data-covid-19-indonesia-update-08-november-2020

Persentase Kasus Aktif, Sembuh dan Meninggal dari

Kasus Positif COVID-19 di 34 Provinsi
(Update: 8/11/2020)

|#* Kasus Per-Provinsi NASIONAL
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Sumber: https://covid19.go.id/peta-sebaran



Analisis Data: Pemetaan Zona Risiko
dari 514 Kabupaten/Kota (update: 8/11/2020)

UNIVERSITAS GADJAH MADA

RISIKO TINGG!

19 Kab/Kota

Update Data: 08 November 2020

RISIKO SEDANG U RISIKORENDAH TIDAK ADA KASUS BARU TIDAK TERDAMPAK

370 Kab/Kota § 97 Kab/Kota 9 Kab/Kota 11 Kab/Kota

RISIKO TINGGI

27 Kab/Kota

@

@2 www.covidiogoid ¢ )me (O +628m33399000 (O) W @lawancovidrs_id

Sumber: Satuan Tugas Penanganan Kasus COVID-19
https://covid19.go.id/p/berita/analisis-data-covid-19-indonesia-update-08-november-2020
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Sumber Data untuk Penelitian {;”} UNIVERSITAS GADJAH MADA
Prediksi COVID-19 di Indonesia

« @kawalcovid

Sumber data kasus COVID-19 di Indonesia yang
tersedia secara publik.

« JHU CSSE COVID-19 Data
Sumber data kasus COVID-19 secara global yang
dihimpun oleh Johns Hopkins University Center for
Systems Science and Engineering (JHU CSSE)

Sumber: @kawalcovid
https://docs.google.com/spreadsheets/d/1malT9hWbeclpXIlwZ89WakRk-OfVUQZsOCFI4FwZxzVw/edit#gid=387345074
Sumber: JHU CSSE COVID-19 Data

https://github.com/CSSEGISandData/COVID-19

ugm.ac.id LOCALLY ROOTED, GLOBALLY RESPECTED



https://docs.google.com/spreadsheets/d/1ma1T9hWbec1pXlwZ89WakRk-OfVUQZsOCFl4FwZxzVw/edit#gid=387345074
https://github.com/CSSEGISandData/COVID-19
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Sumber Data: @kawalcovid

COVID-19 di Indonesia @kawalcovid1? & & &
File Edn View Data Tools Help
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Sumber: @kawalcovid
https://docs.google.com/spreadsheets/d/1malT9hWbeclpXlwZ89WakRk-OfVUQZsOCFI4FwZxzVw/edit#gid=387345074
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https://docs.google.com/spreadsheets/d/1ma1T9hWbec1pXlwZ89WakRk-OfVUQZsOCFl4FwZxzVw/edit#gid=387345074

Sumber Data: JHU CSSE COVID-19 Data

& CSSEGISandData / COVID-19

UNIVERSITAS GADJAH MADA

<> Code (1) Issues 1.3k I'l Pull requests 277 *) Actions "] Projects Y} security 1* Insights

P master - COVID-19 / csse_covid_19_data / csse_covid_19_time_series / Go to file
Ryan Lau update Mexico for Nov 9th beasace 3 hours ago YD) History

[ .gitignore update

[ Erratacsy update Mexico for Nov 9th 3 hours ago

3 README.md Update README 7 months ago

[ time_series_covid19_confirmed_US.csv Fix Maine 1111 12 hours ago

(] time_series_covid19_confirmed_global.csv update Mexico for Nov Sth 3 hours ago

[ time_series_covid19_deaths_US.csv fix NY data 6 hours ago

I [ time_series_covid19_deaths_global.csv I update Mexico for Nov 9th 3 hours ago
I [ time_series_covid19_recovered_global.csv I Automated update 1

README.md

w

nours ago

Time series summary (csse_covid_19_time_series)

This folder contains daily time series summary tables, including confirmed, deaths and recovered. All data is read in from the daily case report.
The time series tables are subject to be updated if inaccuracies are identified in our historical data. The daily reports will not be adjusted in
these instances to maintain a record of raw data.

Two time series tables are for the US confirmed cases and deaths, reported at the county level. They are named

time_series_covid19_confirmed_US.csv , time_series_covidl9_deaths_US.csv , respectively.

Three time series tables are for the global confirmed cases, recovered cases and deaths, Australia, Canada and China are reported at the
province/state level. Dependencies of the Metherlands. the UK. France and Denmark are listed under the province/state level. The US and other
countries are at the country level. The tables are renamed time_series_covidld_confirmed_global.csv and

time_series_covid19_deaths_global.csv, and time_series_covid19_recovered_global.csv , respectively.

Update frequency

* Once a day around 23:59 (UTC).

Sumber: JHU CSSE COVID-19 Data
https://github.com/CSSEGISandData/COVID-19
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https://github.com/CSSEGISandData/COVID-19

Data Penelitian
Prediksi COVID-19 di Indonesia

({0k) UNIVERSITAS GADJAH MADA

« Sumber data Yang digunakan Daily Cumulative Confirmed Cases in Indonesia
pada penelitian berasal dari 200000
@kawalcovid

« Data yang diambil berfokus 150000

pada kasus kumulatif harian

yang terkonfirmasi positif, £ oo
sembuh, meninggal dan ’
pasien dalam perawatan 50000
(kasus aktif)
« Datayang dlgu nakan adalah i 4/1/2020  5/1/2020 6/1/2020  7/1/2020  8/1/2020
data kasus sejak 2 Maret 2020 Dste
hingga 7 November 2020 lslltjtn;zj;:d?cksa.‘;ﬂ;?ev.icim/spreadsheetSIdllma1T9hWbec1pXIw289WakRk-

OfVUQZsOCFI4FwZxzVw/edit#gid=387345074
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https://docs.google.com/spreadsheets/d/1ma1T9hWbec1pXlwZ89WakRk-OfVUQZsOCFl4FwZxzVw/edit#gid=387345074
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GADJAH MADA
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METODE Al UNTUK
PREDIKSI

Prof. Dra. Sri Hartati, M.Sc., Ph.D.
Lab Sistem Cerdas DIKE FMIPA UGM
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* Prediksi

e Al

* Metode Al untuk prediksi
* Aplikasi prediksi

ugm.ac.id LOCALLY ROOTED, GLOBALLY RESPECTED



Apa itu Kecerdasan Artificial (AI)

©) - % 9.

Input: Output:
Data Artificial Action

Sensors Intelligence Movement
Citra Text




= %
Artificial Intelligence
 Computer systems simulate human intelligence
processes, including: learning, reasoning, self-

correction. Machine Learning
e “Cognitive computing” find solutions in complex « Computer systems that learn by
situations where answers may be ambiguous and generalizing data examples without

uncertain. relying on rules-based programming.
* Supervised, Unsupervised, and
Reinforcement Learning

‘{C%) UNIVERSITAS GADJAH MADA

Artificial Intelligence

Machine Learning
is a subset of
Artificial Intelligence

achine Learnin

Deep Learning uses

Deep Learning
is a subset of
Machine Learning

Deep
Learning

neural networks to

. . /
simulate human like

decision making

ugm.ac.id LOCALLY ROOTED, GLOBALLY RESPECTED
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PREDIKSI

Proses memperkirakan secara
sistematis ftentang sesuatu yang
paling mungkin terjadi di masa
yang akan datang berdasarkan
informasi masa lalu dan sekarang
yang dimiliki

Selisih antara sesuatu yang
terjadi dengan hasil perkiraan,
dapat diperoleh sekecil mungkin

LOCALLY ROOTED, GLOBALLY RESPECTED
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<

2 Forecasting and
predictive modeling

: Pemodelan
\ e prediktif dg
Yz:::::::::::z: Kecerdasan

Artifisial

 Pemodelan prediktif adalah praktik mengekstraksi

wawasan dari kumpulan data yang ada dengan
pantuan teknik kecerdasan artifisial (Al) /
pembelajaran mesin, penambangan data,
pemodelan statistik, dan menggunakannya untuk
memprediksi peristiwva di masa depan.

LOCALLY ROOTED, GLOBALLY RESPECTED
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Pemodelan prediktif dg Kecerdasan Artifisial

« Kecerdasan artifisial dapat
dipandang sebagal seperangkat
alat untuk membuat model
prediktif kita

 Pemodelan prediktif dan
kecerdasan buatan tidak dapat
menjamin  hasil tetapl dapat
membantu meminimalkan risiko
dan mengurangi ketidakpastian.

 Fokus utama kecerdasan artifisial; secara otomatis belajar mengenali pola-
pola kompleks dan membuat keputusan cerdas berdasarkan data.

www.actu

uariesindia.org
ugm.ac.lci LOCALLY ROOIED  GLEOBALLY RESPECTED



Identifying Consumers
Recommending Products

Analyzing Reviews

Predicting Potential Problems
Monitoring Systems

Automating Manufacturing Units
Maintenance Scheduling

Anomaly Detection

Fraud Detection @
Credit Risk Modeling @

Customer Lifetime Value @

Aplikasi Model Prediktif

E-commerce

Manufacturing

Banking

Finance

Medical Image Analysis
Drug Discovery

Bioinformatics

Virtual Assistants

@ Self Driving Cars

@ Enhanced Driving Experience

@ Car Monitoring System

@ Enhancing the safety of passengers

@ Customer Segmentation
@ Strategic Decision Making
@® AlgorithmicTrading

@ Risk Analytics
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Metode Pemodelan Prediktif

b
Classification Clustering
e =29
o o ° o
ooé o © : =
‘e as 'm0
Learns a method for predicting the instance Finds "natural” grouping of instances given
class from pre-labeled (classified) instances un-labeled data
Regression — ) Association Rules
| Method for discovering interesting
An attempt to predict a continuous attribute relations between variables in large DBs

67390 1T 1o Rl LOCALLY ROOTED, GLOBALLY RESPECTED
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Klasifikasi )

> Klasifikasi adalah menetapkan item dalam koleksi,

o Be
o, 0 © w3 o ke kategori atau kelas target.

= - & - DO o > Tujuan klasifikasi adalah memprediksi target secara

e - e akurat untuk setiap kasus dalam data.
» . n > Misalnya, model klasifikasi dapat digunakan untuk
mengidentifikasi pemohon pinjaman risiko sebagai

- kredit rendah, menengah, atau tinggi.

nradist tha “’Alié:\‘ .‘hA -hal-l | | | |
WS e LT TS | » Contoh Bank, memprediksi pelanggan mana
(& ? ? ﬁ (pemohon pinjaman) yang berisiko atau mana
| 2 3 4

yang aman.

ug iy 4. id o LOCALLY ROOTED, GLOBALLY RESPECTED
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Regresi - ‘

. - .m = N .
» Regresi - adalah cara untuk memilah secara matematis variabel mana

yang benar-benar berpengaruh.
o Faktor mana yang paling penting? Mana yang bisa kita abaikan?
Bagaimana faktor-faktor tersebut berinteraksi satu sama lain?

» Untuk memprediksi penjualan masa depan suatu Perusahaan berdasarkan
kondisi ekonomi saat ini.

» Untuk membandingkan pengaruh variabel yang diukur pada skala yang
berbeda, seperti pengaruh perubahan harga dan jumlah kegiatan promosi

ugriy 4. id <o LOCALLY ROOTED, GLOBALLY RESPECTED
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o
prEas

Klasterisasi

» Klasterisasi adalah metode pengelompokan data.

» Proses partisi satu set objek data ke dalam
himpunan bagian yang disebut dengan cluster.
Objek yang di dalam cluster memiliki kemiripan
karakteristik antar satu sama lainnya dan berbeda
dengan obyek pada cluster yang lain.

» Misal, digunakan oleh perusahaan besar untuk
segmentasi pasar / pelanggan

ug iy 4. id o LOCALLY ROOTED, GLOBALLY RESPECTED
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Aturan asosiasl

» Penambangan aturan asosiasi (Association rule
mining)

Aturan asosiasi digunakan untuk membantu
dalam pengelompokan silang berdasarkan data
Input.

» Misalnya pelanggan yang sering membeli roti
dan minuman soda dan sering membeli keripik
secara bersama-sama.

ugriy 4. id <o LOCALLY ROOTED, GLOBALLY RESPECTED
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Penerapan Metode

Amati suatu event(s).
Kembangkan model (atau hipotesis) yang membuat prediksi

untuk menjelaskan peristiwa tersebut

Uji prediksi dengan data
Amati hasilnya.
LOCALLY ROOTED, GLOBALLY RESPECTED

Merevisi model.

Ulangi sesuai kebutuhan.

Model Hipotesis yang berhasil menjadi
Teori Ilmiah.

ugm.ac.id
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Al METHODS FOR
TIME SERIES FORECASTING

Yunita Sari, S.Kom., M.Sc., Ph.D
Lab Sistem Cerdas DIKE FMIPA UGM
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Time Series

Time series can be defined as
a sequence of a metric is
recorded over regular time
intervals.

b

. g § | 1 .,"‘ . ’ 2 'ii%ob%;i oy
Depending on the frequency, R | N mglg—a= i
a time series can be of yearly, g > 3
guarterly, monthly etc.

https://towardsdatascience.com/how-not-to-use-machine-learning-for-time-series-forecasting-avoiding-the-pitfalls-19f9d7adf424
https://towardsdatascience.com/introduction-to-time-series-forecasting-7e03c4bd83e0

ugm.ac.id LOCALLY ROOTED, GLOBALLY RESPECTED
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Application of Time Series Analysis & vawesms cronimsos

Il & A4

Budget Financial Market Census Inventory Economic
Analysis Analysis Analysis Management Forecasting

| | | | |
| | | | |

A Dl A Re g

Marketing & Yield Seismological Workload Military
Sales Forecasting Projections Predictions Projections Planning

Source: https://medium.com/analytics-steps/introduction-to-time-series-analysis-time-series-
forecasting-machine-learning-methods-models-ecaa76a7b0e3

ugm.ac.id LOCALLY ROOTED, GLOBALLY RESPECTED


https://medium.com/analytics-steps/

Time Series vs Regression Problem

UNIVERSITAS GADJAH MADA

135 :
— Real I ¢ Training data o
130 — Predicted | 1.0 1 Linear Regression . ‘
: .
I
125 :
I
120 ! 0.5
115
3
105
100 —0.5
®
€0 —1.0 1
0 50 100 150 200 %0 300 0 - - . : - -
days 0 20 40 60 80 100
X
Time Series Regular regression

Source:
https://www.kdnuggets.com/2019/05/machine-learning-time-series-forecasting.html
https://mlfromscratch.com/machine-learning-introduction-8-linear-regression-and-logistic-regression/

ugm.ac.id LOCALLY ROOTED, GLOBALLY RESPECTED
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Time Series vs Regression Problem Gk universimas Gaojasi maoa

* Time-dependent. In
= ormmwmenres |INEQAT regression
1500 models, observations
ﬂ are independent. But in

2 000 time series,
u observations depend on
: N time
Seasonality
0 trends, where
pate. “® wvariations specific to a

particular time frame.

ugm.ac.id LOCALLY ROOTED, GLOBALLY RESPECTED
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Methods

25 -
o dew|

_25 .
25 emp

0 4
sg

i 1025 +

15000 1000 - WMMW

500 A | l | “ wnd ipd
0 L B L —

20000 A

25000 - 1000 | | | | pollution
’ﬁ ;

10000 - 25 A snow|
oL L D TR T
25 rain
5000 T T T T T T T 0 B
| e 0 10000 20000 30000 40000

* Univariate Time-series Forecasting: only two variables in which one is time and
the other is the field to forecast.

 Multivariate Time-series Forecasting: contain multiple variables keeping one
variable as time and others will be multiple in parameters.

https://machinelearningmastery.com/time-series-forecasting/

ugm.ac.id LOCALLY ROOTED, GLOBALLY RESPECTED
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* Trend: the trend s
showing the general
tendency of the data to
increase or decrease
with time.

900

Seasonality

800

Milk

* Seasonality: Seasonality
In a time series IS a
regular pattern of
changes that repeats
over S time periods,
where S defines the
number of periods until

the pattern repeats.

ugm.ac.id LOCALLY ROOTED, GLOBALLY RESPECTED
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Special Characteristics

x . x Stationary: Stationarity
/l/ VWL means that the

t t = statistical properties of

Image credit; https://cdn.analyticsvidhya.com/wp-content/uploads/2018/09/ns5-e1536673990684.png a t| m e se r| e S W h | C h

are mean,
variance and covarianc
e do not change over
time.

* In the first plot, mean varies (increases) with time which results in an

upward trend.

» In the second plot, no trend in the series, but the variance of the series is

avary over time.

e In the third plot, the spread becomes closer as the time increases, which

means that the covariance is varying over time.

ugm.ac.id LOCALLY ROOTED, GLOBALLY RESPECTED
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Time Series Forecasting Methods

* ARIMA (autoregressive integrated moving average)
* RNN/LSTM (Recurrent Neural Network/Long Short Term Memory)

Yi Y- Y3
Wy ‘ WH Wy
W fh Wﬁ Wﬁ
ﬁo ﬁ, 1 ﬁ':z ﬁ’3
Wy Wi Wy
X X> X3
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MEASURING FORECAST/
PREDICTION MODEL

Aina Musdholifah S.Kom., M.Kom., Ph.D.
Lab Sistem Cerdas DIKE FMIPA UGM
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e Forecasts and Prediction are never perfect

e Need to know how much we should rely on our chosen
forecasting/prediction method/model

e Measuring forecast error:

E, =A -F,
e Note that:
over-forecasts = negative errors
and

under-forecasts = positive errors

ugm.ac.id LOCALLY ROOTED, GLOBALLY RESPECTED



Model Selection and Assessment &) vwessms cronwos

- Model Selection: Estimating performances of
different models to choose the best one ( produces
the minimum of the(test error|)

« Model Assessment: Having chosen a model,
estimating the|prediction errorjon new data

ugm.ac.id LOCALLY ROOTED, GLOBALLY RESPECTED
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Why Errors

e Why do we want to study errors?

e In a data-rich situation split the data:

—

Model Selection Model assessment

e But, that’s not usually the case

ugm.ac.id LOCALLY ROOTED, GLOBALLY RESPECTED
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e Errors

e« Measurement of errors (Loss functions)
e Decomposing Test Error into Bias & Variance

e Estimating the true error

 Estimating in-sample error (analytically )
AIC, BIC, MDL, SRM with VC

e Estimating extra-sample error (efficient sample reuse)
Cross Validation & Bootstrapping

ugm.ac.id LOCALLY ROOTED, GLOBALLY RESPECTED
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* Loss function: measures the error between actual value (A) and the
predicted value (F)

e Typical regression loss functions

e Squarederror: L(A,F) = (A —F )?

e Absolute error: L(A,F) = |A — F|

* Typical classification loss functions
e 0-1Lloss:L(A,F) =1(A#F)

* Log-likelihood (cross-entropy loss / deviance): L(A,F) = —2log pF

ugm.ac.id LOCALLY ROOTED, GLOBALLY RESPECTED
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Decomposing Test Error

e Test error (generalization error): the average loss over the test set

i=1lAi—Fil
* Mean absolute error: —
n 2
* Mean squared error: === n"’ ""
n
. " |A—F;
* Relative absolute error: Z‘gll —Fil
L=1|AL_A|
n 2
. " (Ai—F;
* Relative squared error: Z‘;l( "" _"')2
L:l(AI:_A)

* The mean squared-error exaggerates the presence of outliers

* Popularly use (square) root mean-square error, similarly, root
relative squared error

ugm.ac.id LOCALLY ROOTED, GLOBALLY RESPECTED



e S

Estimating extra-sample error @ vvesms anom won

m Holdout method
m Given data is randomly partitioned into two independent sets
m Training set (e.g., 2/3) for model construction
m Test set (e.g., 1/3) for accuracy estimation

m Random sampling: a variation of holdout
m Repeat holdout k times, accuracy = avg. of the accuracies obtained

m Cross-validation (k-fold, where k = 10 is most popular)

m Randomly partition the data into kK mutually exclusive subsets, each approximately
equal size

m At j-th iteration, use D, as test set and others as training set
m Leave-one-out: k folds where k = # of tuples, for small sized data

m Stratified cross-validation: folds are stratified so that class dist. in each fold is approx.
the same as that in the initial data

ugm.ac.id LOCALLY ROOTED, GLOBALLY RESPECTED




Estimating extra-sample error:
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Bootstrap

e Bootstrap

e \Works well with small data sets

e Sa

mples the given training tuples uniformly with replacement

e i.e., each time a tuple is selected, it is equally likely to be selected
again and re-added to the training set

* Several boostrap methods, and a common one is .632 boostrap

e Suppose we are given a data set of d tuples. The data set is sampled d times, with
replacement, resulting in a training set of d samples. The data tuples that did not
make it into the training set end up forming the test set. About 63.2% of the

original data will end up in the bootstrap, and the remaining 36.8% will form the
test set (since (1 —1/d)4=e1=0.368)

e Re

ugm.ac.id

peat the sampling procedue k times, overall accuracy of the model:
acc(M) = Z(O.632>< acc(M)) +0.368 x acc(M )

i=1

LOCALLY ROOTED, GLOBALLY RESPECTED
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e Li, 2007, “Model Assessment and Selection”.

e Reid and Sanders, 2010, “Operation Management”.
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SO AL Lab Sistem Cerdas DIKE FMIPA UGM
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Pembagian
Data Training, Validasi dan Testing
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2 Maret - 18 Sept 2020 19 Sept -7 Nov 2020
80% (201 data) 20% (50 data) 14 hari ke depan

Model Selection Model assessment
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Hasil Prediksi Total Kasus COVID-19
Data Training dan Validasi

Total Cases Mew Cases
500000 GO0
450 500
400000
350000 400
300000
250000 300
200000 -
150000 200
100000 100
50000
N > > N > N o o N 3 t::. t::. o o c:. o c: 3
PSNC NG L . ST R e RO O C R S S
S I S (S (R S A SR U (O A AU A U
train_real test_real = ==train_pred = = =test_pred s (331l _BTOWEN_rea| s ciaily_growth_pred
MAPE Forecasting power
MAPE =0,31 % <10% Highly accurate forecasting
10%~20% Good farecasting
n 20% ~50% Reasonable forecastin
1 V(t) — P(t) ’ | :
MAPFE = — * 100 =50% Weak and inaccurate forecasting
n t—1 V (t) Source: Lewis (1982)
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Hasil Prediksi Total Kasus COVID-19
14 hari ke depan

Total Cases

UNIVERSITAS GADJAH MADA

— [ | w—nredicted

New Cases

Day #total case #new case
8-Nov-2020 4943
9-Nov-2020 4414

10-Nov-2020 5293
11-Nov-2020 4861
12-Nov-2020 5038
13-Nov-2020 5403
14-Nov-2020 4883
15-Nov-2020 5561
16-Nov-2020 5184
17-Nov-2020 5351
18-Nov-2020 5645
19-Nov-2020 5242
20-Nov-2020 5813
21-Nov-2020 5509

growth_predicted
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Beberapa hal ...
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#total case #new case #new case
Day (predicted) (predicted) (real)
8-Nov-2020 438779 4943 3880
9-Nov-2020 443193 4414 2853
10-Nov-2020 448486 5293 3779
11-Nov-2020 453347 4861 4173
12-Nov-2020 458385 5038
13-Nov-2020 463788 5403
14-Nov-2020 468671 4883
15-Nov-2020 474232 5561
16-Nov-2020 479416 5184
17-Nov-2020 484767 5351
18-Nov-2020 490412 5645
19-Nov-2020 495654 5242
20-Nov-2020 501467 5813
21-Nov-2020 506976 5509

* Unreported cases ??? JANGAN KENDOR,
* Jumlah testing yang menurun ??? ::> PROTOKOL KESEHATAN KETAT
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KLASTER PENULARAN
COVID-19 DI INDONESIA

llona Usuman, S.Si., M.Kom., Ph.D
Dr. Azhari, M.T.
Lab Sistem Cerdas DIKE FMIPA UGM
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Klaster Covid berdasarkan wilayah keJadlan

Klaster COVID-19 yaitu penamaan sekumpulan kasus penyakit menular
akibat virus corona yang terhubung oleh satu peristiwa atau lokasi.
Suatu peristiwa atau lokasi disebut sebagai klaster apabila telah
diketahui menyumbangkan kasus penularan COVID-19 dalam tingkat

yang tinggi.
di Indonesia beberapa klaster terbesar penularan atau penyebaran
COVID-19 antara lain:

* Klaster Gowa

* Klaster Bandung
e Klaster Cimahi

* Klaster Semarang
 Klaster Surabaya

ugm.ac.id LOCALLY ROOTED, GLOBALLY RESPECTED
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1. Klaster Gowa

Klaster Gowa bersumber dari kegiatan pengajian yang dilakukan oleh
Suatu Jamaah, yang mana dihadiri oleh peserta dari berbagai wilayah di

Indonesia dan warga negara asing. Hal ini yang menyebabkan
terbentuknya klister penyebaran covid-19.

ugm.ac.id LOCALLY ROOTED, GLOBALLY RESPECTED
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2. Klaster Bandung

Klaster Bandung ini berasal dari sekolah calon perwiran TNI AD.
Berdasarkan data yang valid, sebanyak 1262 orang dari kalangan siswa
dan pelatih yang positif covid-19.

ugm.ac.id LOCALLY ROOTED, GLOBALLY RESPECTED
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3. Klaster Cimahi

Klaster Cimahi juga berasal dari sekolah militer, yaitu di Pusat

Pendidikan Polisi Militer (PUSDIKPOM) Kodiklat TNI AD. Sebanyak 101
kasus positif covid-19 dalam klister ini.

ugm.ac.id LOCALLY ROOTED, GLOBALLY RESPECTED
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4. Klaster Semarang

Klaster Semarang terjadi di lingkungan perusahaan, yaitu : perusahaan
Garmen, Migas dan BUMN. Dari hasil pelacakan petugas menemukan
ada sekitar 300 orang yang terkena covid.

Dari kasus ini menambah deretan kasus yang terjadi di industri sebesar
33%, dari tadinya 500,600, menjadi 800 kasus

ugm.ac.id LOCALLY ROOTED, GLOBALLY RESPECTED
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5. Klaster Surabaya

Klaster Surabaya terjadi dilingkungan pelatihan petugas haji dan
lingkungan tempat kerja. sebanyak 157 kasus terjadi yang mana
Sebagian besar dari pejabat kementrian Agama.

ugm.ac.id LOCALLY ROOTED, GLOBALLY RESPECTED
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Klaster COVID-19 berdasarkan lokasi kejadian:

1.

o s W

ugm.ac.id

K

AN AN AN AN AN

aster Perkantoran
aster Rumah Makan
aster Keluarga

aster Pasar

aster Pemukiman
aster Gowes
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1. Klaster Perkantoran

Menurut Prof Wiku, munculnya klaster perkantoran dapat berasal dari
pemukiman atau bahkan dalam perjalanan menuju kantor.

Klaster Perkantoran ini terjadi karena adanya salah satu pegawai kantor
yvang mengidap covid 19 yang mereka bawa baik dari lingkungan
rumah, perumahan maupun tertular saat berada di jalan menuju ke

tempat kerja.

ugm.ac.id LOCALLY ROOTED, GLOBALLY RESPECTED
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2. Klaster Rumah Makan

Klaster rumah makan ini bisa terjadi karena adanya salah satu
karyawan atau pengunjung vyang mengidap covid 19 sehingga

menularkan ke setiap pembeli ataupun pegawai yang berinteraksi
dengan mereka.

ugm.ac.id LOCALLY ROOTED, GLOBALLY RESPECTED
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3. Klaster Keluarga

Klaster keluarga ini terjadi karena adanya salah satu anggota keluarga
yang mengidap covid 19 namun terlambat di tangani, mungkin karena
tidak adanya gejala fisik pada orang tersebut. Hal ini terjadi di beberapa
wilayah seperti di Bogor, Bekasi, Yogyakarta, Semarang, dan Malang
mulai melaporkan adanya kasus transmisi Corona antar anggota
keluarga.

ugm.ac.id LOCALLY ROOTED, GLOBALLY RESPECTED
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4. Klaster Pasar

Klaster Pasar ini terjadi karena adanya kontak antara pembeli dengan
pedagang, yang mana salah satu diantara mereka sudah terkena covid
19. kasus seperti ini banyak terjadi dipasar-pasar tradisional, seperti
vang terjadi di Jakarta pada bulan juni sebanyak 52 pedagang yang
tersebar di lima pasar tradisional terkena covid 19. kasus lain juga
terjadi dipasar tradisional padang raya, sebanyak 113 kasus pedagang
yvang terkena covid 19.

ugm.ac.id LOCALLY ROOTED, GLOBALLY RESPECTED
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5. Klaster Pemukiman ( Lokal Transmisi )

Klaster pemukiman juga menjadi penyumbang kasus positif covid 19
terbesar di provinsi DKl Jakarta dan Jawa Timur. Hal ini terjadi dari
adanya salah satu anggota keluarga yang kena covid 19 kemudian
menularkan ke keluarga vyang lain, lalu melakukan interaksi
dilingkungannya sehingga mempercepat penyebarannya.

ugm.ac.id LOCALLY ROOTED, GLOBALLY RESPECTED
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6. Klaster Gowes

Klaster gowes ini terjadi karena adanya tren bersepeda saat pandemic
ini terjadi, hal ini yang mengakibatkan banyaknya kerumunan
kemunitas gowes yang mengakibatkan percepatan penyebaran covid 19
ini. Beberapa waktu lalu, 21 tenaga kesehatan di RSUD Ngudi Waluyo,
WIlingi, Blitar, positif virus Corona. Mereka diduga tertular virus Corona

dari komunitas gowes.
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Perkembangan Kasus Covid-19 Indonesia
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Insidensi Kumulatif Per 100,000 Penduduk :
Berdasarkan Provinsi

Insiden Kumulatif - Per-Provinsi

Update Data: 08 November 2020

Top 5 Provinsi dengan Insiden Kasus Tertinggi: Top 5 Provinsi dengan Insiden Kasus Terendah:

1. DKl Jakarta (1,032.87 Per 100,000 Penduduk) 1. Nusa Tenggara Timur (14.38 per 100,000 penduduk)
2. Kalimantan Timur (439.33 Per 100,000 Penduduk) 2. Lampung (23.80 per 100,000 penduduk)

3. Papua Barat (394.58 Per 100,000 Penduduk) 3. Sulawesi Tengah (35.42 per 100,000 penduduk)

4. Kalimantan Selatan (302.66 Per 100,000 Penduduk) 4. Kalimantan Barat (36.68 per 100,000 penduduk)

5. Bali (290.24 Per 100,000 Penduduk) 5. Jambi (37.96 per 100,000 penduduk)
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Perkembangan Kasus Covid-19 Indonesia

UNIVERSITAS GADJAH MADA

Jumlah Kasus Kumulatif Tertinggi & Terendah serta
Jumlah Kasus Aktif di 514 Kabupaten/Kota Indonesia

Laju Penambahan

e —

o S

I

o

I3

S

2 Top 10 Dengan Jumlah Kasus Terbanyak Top 10 Dengan Jumlah Kasus Terendah

5 KOTA ADM. JAKARTA TIMUR 20,549 PAKPAK BHARAT 1 6 2 0/0 2 3 7 0/0

3 KOTA ADM. JAKARTA SELATAN 18198 LUAR PROVINSI 1 E =

g KOTA ADM. JAKARTA PUSAT 17.707 LUAR PROVINSI 1 32 Kab/Kota dengan tidak 122 Kab/Kota dengan <10 181 Kab/Kota dengan

e KOTA ADM. JAKARTA BARAT 17,588 OGAN KOMERING ULU SELATAN 1 ada kasus aktif COVID-19 kasus aktif COVID-19 11-50 kasus aktif

[

® KOTA SURABAYA 16315 LINGGA 1

% KOTA ADM. JAKARTA UTARA 13,832 LUAR PROVINSI 1 1 3 8 0 / 1 9 1 0 / 0

‘_é KOTA SEMARANG 10,660 LUAR PROVINS! 1 . 0 5 0 1 .9 A)

o 2 £

= HUATDANG S MmN . 71 Kab/Kota dengan 98 Kab/Kota dengan 10 Kab/Kota dengan
NCTAMARASSAN e LENBATA $ 51-100 kasus aktif 101-1,000 kasus aktif ~ >1,000 kasus aktif
KOTA PEKANBARU 7.986 MANGGARAI TIMUR 1

@) www.covidio.go.id € )19 (C) +6281133399000 (O) W @lawancovidie_
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Ibroh dari Peristiwa G5 unveRsiTaS GaoyH MADA
Pandemi COVID-19 |

" Tumbuh Kesadaran betapa manusia merupakan makhluqg yang Dhoif

*desi\ﬁiggﬂ;;hgh\@ﬁ\u@%jgsuéi@ 3 M Gyl O AT Y Al
ymd‘muﬁ\ﬁmdaw\ﬁmdmi*mu@m a5 \auujlj.m\)}iiyj\u\j
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Sesungguhnya Allah tidak segan membuat perumpamaan seekor nyamuk atau yang lebih kecil dari itu. Adapun
orang-orang yang beriman, mereka tahu bahwa itu kebenaran dari Tuhan. Tetapi mereka yang kafir berkata,
“Apa maksud Allah dengan perumpamaan ini?” Dengan (perumpamaan) itu banyak orang yang dibiarkan-Nya

sesat, dan dengan itu banyak (pula) orang yang diberi-Nya petunjuk. Tetapi tidak ada yang Dia sesatkan dengan
(perumpamaan) itu selain orang-orang fasik,

" Hendaklah lebih meningkatkan Iman dan Tagwa kepada ALLAH SWT.
dengan memperbanyak Ibadah dan ‘Amal Shalih.

ugm.ac.id LOCALLY ROOTED, GLOBALLY RESPECTED
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1. Menggunakan Masker
Berdasarkan hasil penelitian Penggunaan masker dapat mencegah 80% penularan COVID-19

2. Mencuci tangan dengan benar
Cuci tangan dengan air mengalir dan sabun, setidaknya selama 20 detik dapat membunuh
kuman dan virus. Bagi umat Islam bisa dengan rajin berwudhu.

3. Menjaga Daya Tahan Tubuh dengan konsumsi gizi seimbang.
Seseorang dengan Imunitas yang baik tidak mudah terserang penyakit termasuk COVID-19

4. Social Destencing atau Menjaga Jarak
Dengan Menjaga Jarak minimal 1 M penularan Covid 19 dapat dikendalikan, baik di tempat

umum, kendaraan, tempat ibadah, dan tempat-tempat yang memungkinkan berkumpul

atau
bertemu
5. Disinfeksi barang yang sering dipegang.
Virus Corona dapat bertahan hidup selama berjam-jam dan bahkan berhari-hari di

permukaan suatu benda.
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Memakai Masker dan Mencuci Tangan pakai Sabun UNIVERSITAS GADJAH MADA

CARA MEMAKAI MASKER
YANG BENAR

ugm.ac.id

angan-

SA%

dengan air mengalir

5 LANGKAH
CUClI TANGAN
PAKAI SABUN
Yang Benar S
Sebelum dan

2@

Sesudah
Ma kan
1. *Basahi tangan ®*Gosok sabun ke
seluruhnya dengan telapak, punggung
DETIK air bersih mengalir tangan dan sela
jari-jari
5. *Keringkan tangan Bllas tangan 3. *Bersihkan bagian
dengan handuk/ dengan air bersih bawah kuku-kuku

dan gosok sela-

tissu atau keringkan mengalir
sela jari tangan

dengan uvudara/
dianginkan
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Menjaga Daya Tahan Tubuh dan Menjaga Jarak

& | 6 Langkah untuk
s | Jaga D aya Tahan Tubuh

.
N ” %

Berjemur di bawah Olahraga rutin Minum air putih + 2
matahari pagi selama minimal 30 menit per liter per hari
5-15 menit, 2 sampai hari
3 kali seminggu
[
z '

[ A

o e
Konsumsi vitamin Konsumsi makanan Tidur cukup 7-8 jam
atau suplemen sesuai sehat dan gizi per hari

anjuran dokter seimbang

#IngatPesanlbu ® jagaJarak @

i 2O O Sering cuci selalu

dan lkuti Saran ' ' 6 o tangan dengan :
Iq— 2 —>| pakai

Ahli agar Tidak i . s o sabun selama masker
Tertular COVID-19 | denganOrang Lain 20 detik

NASKAH: NURCHOLIS MAARIF | SUMBER: COVID19.GO.IDV | INFOGRAFIS: DETIKCOM

ugme.ac.id
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Alasan Pentingnya
Menjaga Jarak di Tengah Pandemi

Menghindari risiko Membantu tenaga
terkena droplet medis yang sedang
COVID-19 berjuang
h Droplet dari orang lain Saatnya bantu
= ketika berbicara, batuk, tenaga medis kita
& bersin bisa menjadi melawan COVID-19
sumber penularan. . sebelum terlambat.

Melindungi anggota Memutus rantai
keluarga di rumah penularan
Masa depan Indonesia Grafik penularan yang kian
ada di tangan setiap menanjak bisa diturunkan
anggota keluarga. dengan disiplin menjaga jarak.

Mari #IngatPesanlbu

. memakai 4 menjaga jarak o a
untuk selalu menerapkan 3M O 2 macker ' '
N’

mencuci
tangan

NASKAH: BNPB | INFOGRAFIS: DETIKCOM
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Disinfeksi Barang-barang yang sering dipegang
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VIRUS COVID-19 dapat

bertahan hidup setidaknya 2-3

hari di berbagai benda yang

sering disentuh atau M
permukaan benda yang

mungkin terkena percikan
bersin atau batuk.

Guna meminimalisir risiko penularan
Covid-19, benda-benda tersebut harus

DIBERSIHKAN DAN
DIDISINFEKSI

#cegahcovid19
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Pengendalian Covid 19

1
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e

Pemerintah: Masyarakat:
* Memperlambat dan menghentikan e« patyh terhadap anjuran
transmisi/penularan Pemerintah

* Menyediakan pelayanan kesehatan , .
yang optimal untuk pasien Menerapkan Perilaku Hidup

. . Bersih dan Sehat
* Meminimalkan dampak dari
Pandemi Covid 19 terhadap sistem ¢ Pemberdayaan masyarakat

kesehatan, pelayanan sosial, melalui satgas penangganan
kegiatan ekonomi, dan kegiatan covid 19 baik tingkat RW
sektor lainnya. :
maupun tingkat Desa (Satgas
* Membuat aturan dengan segala Jogo Tonggo)

sanksinya dalam rangka
meminimalkan penularan
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Terima Kasih Atas Perhatiannya,
Mohon MAAF atas segala kekurangan
Dan Salam SEHAT !!

/7

/0“ // }//0} /,
AL:J-’_}/ \U’)) f/\__uj\)
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Safe from Covid-19
Save Our lives

Drs. Retantyo Wardoyo, M.Sc., Ph.D
Drs. Sri Mulyana, M.Kom.
Lab Sistem Cerdas DIKE FMIPA UGM

ugm.ac.id LOCALLY ROOTED, GLOBALLY RESPECTED



-1:':,'-’":7
A

HOW tO make your envi ronment Safer {‘_; UNIVERSITAS GADJAH MADA

* Avoid the 3Cs: spaces that are closed, crowded or involve close contact.

* Outbreaks have been reported in restaurants, choir practices, fitness classes,
nightclubs, offices and places of worship where people have gathered, often in
crowded indoor settings where they talk loudly, shout, breathe heavily or sing.

* The risks of getting COVID-19 are higher in crowded and inadequately ventilated
spaces where infected people spend long periods of time together in close proximity.
These environments are where the virus appears to spreads by respiratory droplets
or aerosols more efficiently, so taking precautions is even more important.

* Meet people outside. Outdoor gatherings are safer than indoor ones,
particularly if indoor spaces are small and without outdoor air coming in.

* Avoid crowded or indoor settings but if you can’t, then take precautions:
* Open a window. /Increase the amount of ‘natural ventilation” when indoors.
* Wear a mask

LOCALLY ROOTED, GLOBALLY RESPECTED
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Don't forget the basics of good hygiene & uwversimas aaoa maoa

* Regularly and thoroughly clean your hands with an alcohol-based hand
rub or wash them with soap and water. This eliminates germs including
viruses that may be on your hands.

* Avoid touching your eyes, nose and mouth. Hands touch many surfaces
and can pick up viruses. Once contaminated, hands can transfer the virus
to your eyes, nose or mouth. From there, the virus can enter your body and
infect you.

e Cover your mouth and nose with your bent elbow or tissue when you
cough or sneeze. Then dispose of the used tissue immediately into a closed
bin and wash your hands. By following good ‘respiratory hygiene’, you
protect the people around you from viruses, which cause colds, flu and
COVID-19.

* Clean and disinfect surfaces frequently especially those which are
regularly touched, such as door handles, faucets and phone screens.

LOCALLY ROOTED, GLOBALLY RESPECTED
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What to do if you feel unwell L)) UNIVERSITAS GADJAH MADA

* Know the full range of symptoms of COVID-19. The most common symptoms of
COVID-19 are fever, dry cough, and tiredness. Other symptoms that are less
common and may affect some patients include loss of taste or smell, aches and
paiﬂs, headache, sore throat, nasal congestion, red eyes, diarrhoea, or a skin
rash.

* Stay home and self-isolate even if you have minor symptoms such as cough,
headache, mild fever, until you recover. Call your health care provider or hotline
for advice. Have someone bring you supplies. If you need to leave your house or
have someone near you, wear a medical mask to avoid infecting others.

* If you have a fever, cough and difficulty breathing, seek medical attention
immediately. Call by telephone first, if you can and follow the directions of your
local health authority.

* Keep up to date on the latest information from trusted sources, such as WHO or
your local and national health authorities. Local and national authorities and
Bublic health units are best placed to advise on what people in your area should

e doing to protect themselves.
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Save our lives
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COVID-19 mainly

spreads from - tissue

person to person ;

. Clean your hands often

But it can also be . Cough or sheezein your

left on objects and bent elbow - not your hands!
surfaces... _digital 47" . 3. Avoid touching your

| doorknobs
|

 devices | eyes, nose and mouth
. Avoid close contact with

’ Y 4 . someone who is sick
¢’ ' 5. Clean and disinfect
laptop and mouse I frequently touched objects
lift buttons and surfaces -

So if you touch something
contaminated and then touch
your face or another’s face,
you might all fall ill.
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