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Disclaimer

This presentation targets a broad audience

Most of the low level technical details have been skipped to simplify the flow

For all the technical details, please refer to the paper below

* A. Srivastava and V. K. Prasanna, “Learning to Forecast and Forecasting to Learn
from the COVID-19 Pandemic,” arXiv, April 2020

* https://arxiv.org/abs/2004.11372

The results from COVID-19 spread analysis should be interpreted with caution from
people with the appropriate technical background
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Data Driven Research At Data Science Lab (DSLab)

Load/Generation Prediction
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Oil Fields
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Machine Learning

Runtime Performance
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What Is Machine Learning?

Definition 1: Field of study that
gives computers the ability to learn
without being explicitly programmed
[A. Samuel ‘59]

Definition 2: A computer program
that improves its performance at
some task through experience

[T. Mitchel ‘97]
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Examples Of Machine Learning Applications

Object recognition

* Recognize and tag objects
in images

 Document classification
* Assign a topictoa

document ) . O
. . F 20

* Spam Email Detection ] cvssee <
| — ~EEe

A

Other applications
* Anomaly detection

* Fraud Detection N\J e
* Playing games (e.g. Go) WMUMM
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Main Categories Of Machine Learning Algorithms

° [} ° PGaZZ(rjs//’
.o . ® s
* Classification | Ce® "
» Assign a category to each input item (e.g. assign 3 P
documents to categories) o . ¢
* For each input we get its output label i}
e Clustering
e Partition a list of input items into homogeneous groups | ;;w
* For each input, we only get the group ID it belongs to, ki
without any other label attached

5
ssssssssssss

* Regression

* Predict a real value for each input item (e.g. predict
height based on weight)

* We get a curve that fits the data

10 60 80 100
Weight (kg)
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Main Types Of Learning

Supervised Learning

e Supervised Learning %
* The learner receives a set of "labelled" data that represent ) L X

the correct answers (i.e. outputs) for each input

» datain the form: (input, correct output)
* E.g. classification and regression algorithms

* Unsupervised Learning

X;

* The learner does not receive "labelled" data, and makes Unsupervised Learning
predictions for all unseen points
* datain the form: (input, ?)
* E.g. clustering algorithms X,

* Reinforcement Learning O

* The learner actively interacts with (and potentially affects) the

environment and receives an immediate reward for each %
action
* The learner maximizes the long-term reward received —0— —0— ——
e datain the form = (input, some output, reward for this G B B
output) xlolx] [x[© X[o[x
. . L } t t
* e.g.an algorithm to play Tic-tac-toe & m w2 ¥3
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Important Machine Learning Terminology

* Training
* The process of creating a machine learning algorithm

* |nference

* The process of using a trained machine learning algorithm to draw conclusions
* e.g. make a classification decision, or a real value prediction etc.

* Hyperparameters
* Parameters that are not determined by the learning algorithm, but rather specified
as inputs to the learning algorithm, before learning begins
* Accuracy
* The ratio of correct predictions over all the predictions (e.g. in classification tasks)

* Mean Absolute Percentage Error (MAPE) I —

* The average percentage difference of the predicted
values from the correct ones (e.g. to assess regression quallty)

* Root Mean Square Error (RMSE) /I VY W gL e
e Another common error metric like MAPE . |
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Basics of Prediction

COVID-19 Cases (Short-Term Horizon)

o0
cc

e Prediction

* astatement about a future event
* e.g. predict the next value of a time-series

* Predictions can be classified as
* Short-term vs. Long-term, depending on the length of
the prediction window
* e.g. next time epoch vs the next multiple epochs
* Whatis considered "short" or "long" also depends on T
g;gcaeigllcatlon and the data availability/aggregation oo Cases (Long-Term Horizon]

* e.g. COVID-19 data are published once per day, so short-
term can be few days, and long-term can be > 1 week

100k

* Uncertainty increases with the prediction horizon
« Nevertheless, both short and long term predictions can ;-
be very important for 3=

* planning, resource allocation, policy making, and
general decision making under uncertainty

30k

10k

USC \/iterb]._ University of Southern California

School of Engineering
11




Outline

» Data Driven Research At USC's Data Science Lab (DSLab)
* Machine Learning (ML) 101
* Basics of Prediction

* Examples Of Prior Work At DSLab
* Smart Grid
* Smart Oil Field
* Internet Traffic Prediction
* Chikungunya Epidemic Prediction

e Covid-19 Epidemic Prediction
* Models
* Qurapproach
* Results
* Role of ML

* Covid-19 Interactive Visualization Tool
* Ongoing Work

* Concluding Remarks

* Q&A

USC \/iterb]._ University of Southern California

School of Engineering
2 8

12




Temporal Ensemble Learning for Load Prediction
In Smart Power Grids

Problem: Given historical power consumption data, predict future power consumption

W l't;ﬁ:; ;te?gpm_ Model for time | Prediction
Day 1 E Day 2 i Day 3 fpm T group 1 w1
Key Observation: Daily Periodicity in ctringat tom- | Model for time | Preciction output
Consumption Data o Sfotip 2 W2
Methodology - Temporal Ensemble
Learning Time series
« Train Specialized models for specific ~ “*""°* | Modelfortime | Prediction
time of day — Temporal Features e ¢ Wgq
e Qutput a weighted sum of temporal
features as predicted value - Fnsernble Single Model
Ensemble MAPE(%) | RMSE | MAPE(%) | RMSE
* ML Models — Kernel Regression (KR), KR 1.03 124.41 .16 158.13
Support Vector Regression (SVR) SVR 1.05 126.41 1.50 186.97] |

Temporal Ensemble Models achieve high accuracy (1-2% error rate) compared with
traditional prediction methods (ARIMA, NYISO, etc. which achieve ~5% error rate)
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OReONet: Deep Convolutional Network for Oill
Reservoir Optimization

Steam job Candidate Selection

'\
Time Series 1
* |njecting steam increases AT, ey Features Decod . | |
Time Series 2 ncoder ecoder Convolutiona
We“ temperature 9 SO £ 8,) T fi(% 0y — Autoencoder
INCreases productlon M
.

* Predict the benefit of steam
jobs on wells

* “benefit” = the gain SN Predicted gain

obtainable from performing

a steam job
- Support Vector Regression Kernel Regression
MF AF MF AF MF AF

Average gain of

176% compared to Efrltrej: Squared 361.4 351.2 15.47 2.61 104 0.59
124% achieved by
. Overlap 0.06 0.18 0.44 0.68 036 0.74
on field operators coefficient(50)
Precision@50 0.14 0.26 0.6 0.98 0.56 0.98
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Internet Traffic Prediction

Predicting network traffic in short time scales is very
important for

* Traffic engineering

Power savings in Data Center or backbone ISP
networks

Improved Quality-of-Experience (QoE) at the end-
user

Particularly useful during Covid-19 due to rapid
multimedia growth (Zoom, Netflix, etc.)

Developed clustering-based LSTM prediction models
* Groups network time-series into similarity %roups and
then model them with a specialized model for each
group

MAPE: 4% - 10% across real and simulated network
traffic datasets

Flow Extraction
(various prefix sizes
and time-epochs)

Feature
Extraction

Raw Network
Traffic Data

Internet Traffic Growth During Covid19

Daily app sessions for popular remote work apps

Zoom

Feb. 29
First U.S. Covid-19 death

Google Classroom

Microsoft Teams
VPN Super Unlimited Proxy

Hangouts Meet by Google

ﬁ
I Feb. 1
1CCOrd ) St 5 o

Clusters

Predictions

" oy r ~.m'U*

USCViterbi
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DARPA Grand Challenge — CHIKV (2014-2015)

CHIKV epidemic: Country-

Cl il j Cz level predictions. Weekly
o g\ p s / over 8 months, 55 countries
; I 117 ““u\
/ \\ l “\_._ C
B2 ™. 1 F — L3
ﬁ;‘\\ l C4 One of 10 winners of DARPA
T I Grand Challenge 2015 for

predicting CHIKV epidemic

Heterogeneous infection rate
model with human mobility

Ajitesh Srivastava, "Computing Cascades: How to Spread Rumors, Win Campaigns,
Stop Violence and Predict Epidemics"”, PhD Thesis, USC August 2018
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Why Forecast?

* Preparedness and resource management needs state/county/city level
predictions:

- How many masks, testing kits, beds are needed tomorrow/next week at a given
hospital

- How to distribute state/country resources across all the hospitals in a
state/country

* How do we come out of “stay-at-home” order?

* Should some venues remain closed and some open, initially?

* Need accurate forecasts for simulation of future scenarios

USC \/iterb]._ University of Southern California
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Modeling Choices

Model Type

Generative/
Epidemiological

Discriminative

SI/ SIR/ SIER /... Sl-kla
I
| | |
Bayesian ODE Numerical L';Z?r;‘zta::jo:e‘:s':h
Inference Solution g

Squares

Hyperparameters Selection

USC \/iterb]._ University of Southern California
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SIR Model

* SIR model has been used to study the spread of various infectious diseases
such as measles, mumps, and rubella

e S:the number of susceptible
* |: the number of infectious
* R:the number of recovered or deceased (or immune) individuals

dS 3 100 1 :

Susceptible —_— = —ﬂSI
3 dt 08
dl
Infectious —_— = ,BSI = }/1 5 o
y dt £ oaf w0 o
03
- dR 0.2 0 0.2
Recovered —_— 7/ ] 01
dt 0 v ’ y ! y v 0nd ) 4 1 ok N d R on

0O 10 20 30 40 5 60 70 8 g 100 O 2 a0 50 80 wo -

Time (days)

https://en.wikipedia.org/wiki/Compartm
ental models in_epidemiology
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Heterogeneous Infection Rate with Human Mobility

p p i p P - % 1/ 33(13 iJ Itq (z ]_)J)
AT = Z VAT )+OZF(q.p) ~a I
i=1 q
| | spread Ci s C
Community spread Travel sprea ST 2
‘ : B 11 K=~ ) / |
r'r ‘\ l ‘\" C
1 ﬁz \x__q I =1 F N 3
P 2 : \ 2 -
=8 .. B & L \
o oswen,) S C4
. : e -
And, X} = £

St (k—1)J (I —(k=1).J pr kj)
F(c ) : . :
DDA (e bR L Learning with weighted least square

1 minimization

T

—) DTN T X0
p =1

AIM = pPXY t

Decaying weights on past data
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Results: Short-term Predictions (1)

 Using data by April 10t (not including travel)

Method RMSE (US) MAPE (US) | RMSE (Global) MAPE (Global)

Adaptive " SI-kJa (variable) 333.3 6.82% 462.6 13.64%

b SI-kJa (fixed) 342.05 6.58% 456.0 11.22%

Single curve * SI-kJo (ensemble) 316.3 5.93% 355.9 11.37%

fitting T Gen-SEIR 2106.4 14.31% 7471.2% 41.06%*

e Using data by March 21%t including travel data
US Global

Method RMSE MAPE | RMSE MAPE
Travel data tr-a.vel._ variable . 147.3 19.93‘1/?{;- 2—18-1 21353;%
improved without travel, variable 166.7 18.51% 348.2 23.15%
the models travel, fixed 207.0  25.08% | 242.64,19.50%
without travel. fixed 186.6 19.52% 286.8 21.42%

USC Viterbi
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Results: Short-term Predictions (2)

Washington i i
10000 g 5 «104 California
——True —True
8000 » Predicted 5 % Predicted
§ 6000 o 1.5
S G
O 4000 o 1
2000 0.5
0 0
Jan 23 Feb 20 Mar 19 Apr16 Jan 23 Feb 20 Mar 19 Apr 16
Day 2020 Day 2020
Australia . x10° us
0000 —True =—True
% Predicted 4| x Predicted
«n 4000 0 3
0] Q
wn wn
© ©
U V2
2000
1
0
Mar 05 Apr 02 Mar 05 Apr 02
Day 2020 Day 2020
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Measuring the Present, using the Past, through
Predictions

Objective: Asses the effects of a region’s
effort to battle COVID-19, for example,
contact reduction

Approach Idea: Model is adaptive, captures — Japan

us

the changes —» compare models o] [ Reference cay % ,

10°

Cases

* Definet?P  }; [)’p for region p with rate of

mI];ectlon defined using model parameters 102 /’/
bi

109

* Calculate 7} for a reference date t, and 77 Jn22 Fep1s  mafte Xpris
Day 20
fort; (t; > to)

e Contact Reduction Score (CRS) defined as:

p
lo: T . P
Tg—rf 0+ "0 t1: T4

USC \flterb]_ University of Southern California
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CRS for Global (March 21st-April 10th)

Global

CRS — higher implies better
Best CRS: Brazil, Worst CRS: Japan

!

COE=MOXUN XC ON XU CCDNE
= N"chucrar—urU'ﬁ‘Dmmw'EUJC:
=20 =CCosS8asc s8om 8
EN s e EmE CRane2080e ©
+< S5O EOERE O2=EvneTs o
52 S5 §- 5 0326 29 £
g O o v =C Q—E m.t’ %
QU o o

Z nw v g

=

-
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Forecasts and “What-if”

~10% Australia <10° us Norwa +10° Ital
5 10 15 10 10000 y 3 10 y
m— True — True — True — True
Forecast Forecast | Forecast 2 Forecast
4 [ TReleased [ TReleased 8000 | [C__]Released S [ TReleased
10
n 3 0 n n 2
A ? A 6000 A
o M ) [
(O o O Q15
5
4000
1 1
0 / , 0 2000 , 0.5 N
Mar 21 Apr 04 Apr 18 Mar 21 Apr 04 Apr 18 Mar 21 Apr 04 Apr 18 Mar 21 Apr 04 Apr 18
Day 2020 Day 2020 Day 2020 Day 2020
5 X 104 Washington 15 X 10* California g X 10° New York 6 X 10° Louisiana
—TrUE — True — True —True
|Forecast Forecast 7 Forecast Forecast
4 | |[L__JReleased [ IReleased [ IReleased 5| [ —JReleased
6
10 4
3 5
v v (%2 ] (%2 ]
& & & a @3
[{v] [{+] M M
o &) o o
2 3
5 2
s 2
1 / 1
_/ 1
0 - - 0 - 0 : — 0 : :
Mar 21 Apr 04 Apr 18 Mar 21 Apr 04 Apr 18 Mar 21 Apr 04 Apr 18 Mar 21 Apr 04 Apr 18
Day 2020 Day 2020 Day 2020 Day 2020
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Scenarios Accounting for Unreported Cases

* Model can capture unreported cases as an input from antibody studies

* With probability y a COVID case is reported
Reported Cases

o =
Y Estimated Total Cases
Washington(New Cases)
— True P
Forecast (v = 1/20) & S
5000 [ JReleased (v = 1/20) /‘
Forecast (v = 1/10) 4
I IReleased (v = 1/10) 5
4000+
Ln “I.'
A 3000
I §
O f
2000 F s
.-"‘ g
1000+
. .-w)\f‘ .
W
0 ) . . i
Apr May Jun Jul
Day 2020
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The Role Of ML In Covid-19 Predictions

* Traditional SIR models rely on simplified assumptions (e.g. no
mobility) and numerical solutions to differential equations

e Cannot capture the complex mobility patterns and evolving
trends

e Our approach is ML based Mobility

* Supports different infection rates depending on how influence rate
many days one has been infected

yeeey

Least Squares Infecti-on rate
* Introduced smoothing to avoid overfitting :

* Adapt to rapid Covid-19 related policy changes that affect
future data by using a forgetting factor a < 1 during training

* Give more weight to more recent data v ;2
* Leverage real mobility datasets (flight data) Ca
* Thus, more accurate predictions can be achieved, |
outperforming the baselines A Cy

USC \flterb]_ University of Southern California
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Forecasting Web Interface
https://jaminche.github.io/COVID-19/

Areas:  US /Wask US / California X
* Reporting Ratio: = Sl-kJalpha(10x u S
US / Washington (Si-kJalpha(20x ler-reportex 1cing=false & e
* Days to Predict ok U ashington Jalpha(20x under-reported), distancing=faise & )
o US / Washington (Sl-kJalpha(20x under-reported), distancing=true . A
Social Distancing: On Off - US / Washington (Sl-kJalpha(10x under-reported), distancing=faise) -« |
- US / Washington (Si-kJalpha(10x under-reported), distancing=true ey fe
st US / Washington - -
Cumulative ® Ne e i 18k @ Us/ California (SI-kJalpha(20x under-reported distancing=false) .-_
I @ UsS/ California (Sl-kJalpha under-reported), distancing=true) * -
= 16k @ US/ California (SI-kJalpha(10x under-reported), distancing=false .
® linea ogarith @ US/ California (Sl-kJalpha(10x under-reported), distancing=true) P
Hide States/Provinces 14k -@ US/ California : .
w 3 -.
2 . P
o 12k -
© 4 -
S = . -
s D * -
N * e - -l . p
thw 10k . .
\ LS L a .
8k &2 e .
6k r n
4k > . £
\,:: Y
i
2k ) “
\‘ *%
'\“\,.“‘
1/252/1 2/82/1R/22/293/73/18/2 B/284/44/14M/181/255/2 5/95/16/23/306/66/1B/20/277/47MT1& /125811
Date
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Predictions: Next Steps

* County/city/neighborhood level predictions

* Hybrid hyperparameter/parameter learning scheme

* Current approach: Each has its own or everyone uses the same
hyperparameters

e Clusters of regions share hyperparameters and even parameters: Consider
similar regions when data for given region is not enough

* Incorporating Unreported Cases

USC \flterb]_ University of Southern California
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Beyond Predictions

e Resource allocation
e Optimal distribution of test and protection resources
e Under continued lockdown

* Network diffusion/immunization
* How to limit mobility so the epidemic is contained

e Lessons learned for the future
* Generalized models
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Concluding Remarks

* Good hyperparameter selection is
critical

* Models should evolve with data

e Current decisions can affect future
input data
* Feedback loop

* Need to retrain the models and
adapt to changes

* Ensemble approach likely to be the
best approach

e Combine the results from several
models instead of one

USC Viterbi

School of Engineering
g g

Input data

Model decision making

Training and
Predictions

current decisions affect
the future input data
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Thanks

Be Safe

prasanna@usc.edu
dslab.usc.edu
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