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Meet the Experts

Logistics

= This talk will be recorded. We are not recording the
Q&A session after the talk.

= Participants are muted during the session.

= For questions, please only use the private chat
function and send questions exclusively to the
,mneetexperts” account.

= If you send a message to the general chat, this
message (incl. your name) will be visible to all
participants.

= Questions will be collected and answered after the
talk.
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Meet the Experts

Speakers

Dr. Fabian Flock

= Team lead ,Data Science® at the
CSS department

= PhD in Computer / Web Science
= CSS methods and data quality
= Contact: fabian.floeck@gesis.org

Indira Sen

=  Doctoral Candidate in CSS

= Works on Natural Language
Processing and Social Media
Analysis

= Contact: indira.sen@gesis.org
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Agenda
| The typical design steps in a study with digital traces of human behavior online
. Some typical error sources in such a study

. Exemplified via a use case



Research with Digital Behavioural Data:
More to come

08.07.2021: Combining survey data and digital
behavioural data (Sebastian Stier/ Johannes Breuer)

New series with talks about CSS methods and data
coming soon: September — December 2021

02-05.11.2021: Workshop on ‘Introduction to Social
Media as Research Data: Potentials and Pitfalls’



Research with Digital Behavioural Data:

GESIS Courses

Fall Seminar in Computational Social Science

Date: 13.09 - 01.10.2021 ics-file

Location: Online via Zoom

Week 1

Introduction to Computational Social Science with Python
13.09.2021 - 17.09.2021 - Dr. Orsolya Vasarhelyi, Luis Natera

Introduction to Computational Social Science with Applications in R
13.09.2021 - 17.09.2021 - Dr. Aleksandra Urman, Max Pellert
Week 2

Web Data Collection and Natural Language Processing in Python
20.09.2021 - 24.09.2021 - Indira Sen, Dr. Arnim Bleier, Julian Kohne, Dr. Fabian Flock

Automated Web Data Collection with R
20.09.2021 - 24.09.2021 - Dr. Theresa Gessler, Hauke Licht

Week 3

A Practical Introduction to Machine Learning in Python
27.09.2021-01.10.2021 - Dr. Damian Trilling, Dr. Anne Kroon

Social Network Analysis with R
27.09.2021 - 01.10.2021 - Dr. Silvia Fierascu, lanis Rusitoru

training.gesis.orqg
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A typical research pipeline with digital trace data



A typical research design with digital traces
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A typical research design with digital traces
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A typical research design with digital traces
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A typical research design with digital traces
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A typical research design with digital traces
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~330 M active users [25] -2019
22% of all US adults [26] — 2019
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~1.8 B active users [27] - 2020
69% of all US adults [26] 2019

~260 M US unique visitors [29] - 2020
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A typical research design with digital traces
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A typical research design with digital traces
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A typical research design with digital traces
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Construct

e |Intangible constructs can be

understood through tangible
traces: digital actions and

N Interactions
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Target population

e Users are the representation of
the target population (TP)
elements in a record. This can be

online platforms (profiles, IPs), or

other digital forms (fitness ,71 Target Population

trackers, cell numbers) "
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The Total Survey Error Framework
as a Starting Point
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Survey Lifecycle from a Quality perspective. Adapted from Groves
et al.(2011)
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Representation
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Measurement Representation
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Measurement Representation

Construct Target
7 Population
| Y
The extent to which a The extent to which the subset of
given test/instrumentation is persons sampled are representative
an effective measure of a of the larger population.
theoretical construct. Errors of Representation
Errors of Measurement

Survey Lifecycle from a Quality perspective. Adapted from Groves
et al.(2011)
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A typical research pipeline e bo
with digital traces Definition

Construct

Definition

Platform
Selection

Data
Collection

Data
Preprocessing

Data
Analysis

SOAACAO

_ﬂnn
“TED-On: A Total Error Framework for Digital Traces of Human Behavior on
Online Platforms” Sen et al., 2021, Public Opinion Quarterly (to appear):

https://arxiv.org/pdf/1907.08228
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A use case: Detecting the flu with digital traces
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T
Google Flu (trends)

nature Vol 457|19 February 2009 |d0i:10.1038/nature07634

LET TERS

Detecting influenza epidemics using search engine
query data

Jeremy Ginsberg', Matthew H. Mohebbi', Rajan S. Patel’, Lynnette Brammer®, Mark S. Smolinski' & Larry Brilliant’

What proportion of US-Americans have the flu?

What is the approval rating of A. Merkel?

Are anti-immigration sentiments on the rise?

27
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Approach

[ Trends in Google searches related to influenza-like illnesses

® Influenza @ Fever @ Fatigue @ Cough ® Sore throat
Disease Medical condition Medical condition Disease Topic
United Kingdom ¥ 9/1/19-12/31/19 ~ All categories Web Search ¥

Interest over time ¥ oL
M‘ ARY y"\"'ﬂ
\‘V\ '¢ K A
./.w.\‘, VYo' an SO AAUAARICRK RN
Average Sep 1,2019 Oct 13,2019 Nov 24, 2019
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Approach

[ Trends in Google searches related to influenza-like illnesses

® Influenza @ Fever @ Fatigue @ Cough ® Sore throat
Disease Medical condition Medical condition Disease Topic
United Kingdom ¥ 9/1/19-12/31/19 ~ All categories Web Search ¥

Interest over time

|4

&y ol

Average Sep 1,2020 Oct 13,2020 Nov 24, 2020
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Approach Construct

30

Definition
Construct: influenza-like iliness (ILI)

Target population(s): national and regional populations of the US

Platform: Google web search logs 2003-2008, “hundreds of Q‘]’fc‘{{;’},

billions of individual searches”

”,

“Sample”. “About 90 million American adults are believed to
search online for information about specific diseases or medical
problems each year.” (in 2009)

Data
Collection

Data collection: “a time series of weekly counts for 50 million of
the most common search queries in the United States” and per Data
each state (concrete query terms not shared) Preprocessing

Preprocessing: aggregated per each region, normalized by

overall search activity, location via IP Bita

Analysis: Regression where DV= IL| doctor visits, IV= |LI-related Analysis
search fractions, for 1152 data points

ORACATAD

Estimate



Approach in a nutshell Construct
Definition

1 Construct: influenza-like iliness (ILI)

[ Target population(s): national and regional populations of the US

Platform
Selection

1 Platform: Google web search

Dat
1 Data collection: Logs 2003-2008, weekly, From 50 mio. search c(,":c?ion

terms, select those that best predict.

. . . Data
1 Preprocessing: aggregated per each region, normalized by Preprocessing

overall search activity, location via IP.

Data

[ Analysis: Regression where DV= IL| doctor visits, IV= |LI-related :
Analysis

search fractions, for 1152 data points

ORACATAD

31 -
Estimate



Approach
] Result B ' , , '
o 10} Black: Google query model l .
g sl Red: CDC-Data | ]
g 6 |
1 :
4 g
wal G
- 2
0

Good concurrent validity. Content validity of queries seems ok. + other validations.

1 Now possible: Now- or fore-casting, fine-grained local detection, other countries

32
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# CORONAVIRUS FADS BEST FACE MASKS ESSENTIALS HOW TO DISINFECT EVERYTHING SYMPTOMS AND TESTING NEWSLETTER LATEST NEWS

DAVID LAZER RYAN KENNEDY OPINION 18.81.2815 B7:88 AM

What We Can Learn From the Epic Failure of Google
Flu Trends

GFT seet
searches

‘people’s

nature International weekly journal of science

Home | News & Comment | Research | Careers & Jobs | Current Issue | Archive | Audio & Video | For Au

When Google got flu wrong

US outbreak foxes a leading web-based method for tracking seasonal flu.

Declan Butler

13 February 2013
33



Overestimation
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Weekly influenza-like iliness (ILI) percent

15

A

12 -

Red: Google query model 1 United States
Blue: Google query model 2
Black: CDC-Data

2003/2004 2004/2005 2005/2006 2006/2007 2007/2008 2008/2009 2009/2010 2010/2011 2011/2012 2012/2013

B Mid-Atlantic States

’ 2

2003/2004 2004/2005 2005/2006 2006/2007 2007/2008 2008/2009 2009/2010 2010/2011 2011/2012 2012/2013

,part flue detector, part winter detector” [ errors are auto-correlated
& direction and magnitude change with seasons




Overestimation
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% ILI

10 Google Flu Lagged CDC
Google Flu + (DC  ——— (DC
8 :
Google estimates more
B than double CDC estimates
4 -
2 —
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[ “Big data hubris is the often implicit assumption that big data are a substitute
for, rather than a supplement to, traditional data collection and analysis”

Lazer, David, et al. "The parable of Google Flu: traps in big data analysis." Science 343.6176 (2014)

36



Where to be careful

37

“[...] there are enormous scientific possibilities in big
data [but] the core challenge is that most big data
that have received popular attention are not the
output of instruments designed to produce valid and
reliable data amenable for scientific analysis.”

Lazer, D., Kennedy, R., King, G., & Vespignani, A. (2014). The parable of Google Flu, Science.
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Let’s dissect the process
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Construct
Definition

Platform
Selection

Data
Collection

Data
Preprocessing

Data
Analysis



Construct
Definition
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feeling flu-like symptoms

41

Construct
Definition

search queries related to flu

Go gle “fever" "cough" 3 “

Web Videos Images Shopping News More ~ Search tools

Searches related to “fever” "cough”

Inflammation of the mucous membrane in the bronchial tu...

Bronchitis

Pneumonia Lung inflammation caused by bacterial or viral infection, in.
Flu An infectious disease caused by ma viruses of the family .
Common cold Viral infectious disease of the upper respiratory system, ca.
Asthma A respiratory condition marked by spasms in the bronchi o...

Drawn from at least 10 websites, including webmd.com and wikipedia.org - How this works

flu related information usage

7

7
g
Q i
%
e

WIKIPEDIA

The Free Encyclopedia

oy

Main page
Contents

Featured content
Current events
Random article
Donate to Wikipedia
Wikipedia store

Article Talk

Influenza

From Wikipedia, the free encyclopedia

"Flu" and "Grippe" redirect here. For other uses, see Flu ((

Influenza, commonly known as the flu, is an infectious diseg|
nose, sore throat, muscle pains, headache, coughing, sneezil
cough, however, may last for more than two weeks.!2! In chilg
gastroenteritis, which is an unrelated disease and sometimey
secondary bacterial pneumonia, sinus infections, and worser|

Posts

I'have th
e fl
also thank u

aboyt having the fi

: r , lu m
em ; you ! e
3lls I'm 100 tireq 4 :’;znmc, © With ajj the(and

1 ’
42PM - 4 Jan 2019




Construct
Definition

search queries related to flu

Web

Flu

Asthma

Pneumonia

Common cold

Go gle “fever" "cough" 3

Videos Images Shopping News More ~ Search tools

ts (0.29 onds)

Searches related to “fever” "cough”
Bronchitis

Inflammation of the mucous membrane in the bronchial tu...

Lung inflammation caused by bacterial or viral infection, in.

An infectious disease caused by ma viruses of the family .

Viral infectious disease of the upper respiratory system, ca.

A respiratory condition marked by spasms in the bronchi o...

Drawn from at least 10 websites, including webmd.com and wikipedia.org - How this works

flu related information usage
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WIKIPEDIA
The Free Encyclopedia

W

Main page
Contents
Featured content
Current events
Random article

Donate to Wikipedia
Wikipedia store

Article Talk

Influenza

From Wikipedia, the free encyclopedia

"Flu" and "Grippe" redirect here. For other uses, see Flu ((

Influenza, commonly known as the flu, is an infectious diseg|
nose, sore throat, muscle pains, headache, coughing, sneezil
cough, however, may last for more than two weeks.!2! In chilg
gastroenteritis, which is an unrelated disease and sometimey
secondary bacterial pneumonia, sinus infections, and worser|

Posts

feeling flu-like symptoms

I'have th
e fl
also thank u

aboyt having the fi,,

Put that in m ¥
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em ; you ! e
3lls I'm 100 tireq 4 :’;znmc, © With ajj the(and

1 ’
42PM - 4 Jan 2019
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Construct
Definition

information search \

feeling flu-like symptoms /
y 4

Coronavirus confirmed as pandemic
by World Health Organization

® 11 March 2020

23
media coverage

search qu

eries related to flu

GO gle “fever" "cough

Web Videos

Bronchitis
Pneumonia
Flu

Common cold
Asthma

About 23,700,000 results (0

: =

Images Shopping News More ~ Search tools

29 seconds)

Searches related to “fever” "cough”
Inflammation of the mucous membrane in the bronchial tu...
Lung inflammation caused by bacterial or viral infection, in.
An infectious disease caused by ma viruses of the family .
Viral infectious disease of the upper respiratory system, ca.
A respiratory condition marked by spasms in the bronchi o...
Drawn from at least 10 websites, including webmd.com and wikipedia.org - How this works

flu related information usage
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Influenza

From Wikipedia, the free encyclopedia

"Flu" and "Grippe" redirect here. For other uses, see Flu ((

Influenza, commonly known as the flu, is an infectious diseg|
nose, sore throat, muscle pains, headache, coughing, sneezil
cough, however, may last for more than two weeks.!2! In chilg
gastroenteritis, which is an unrelated disease and sometimey
secondary bacterial pneumonia, sinus infections, and worser|
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MEASUREMENT Construct

Definition

Validity

What does searching for
flu-related terms actually
mean?

Media coverage/hype?
Infected peers?
Similar
illness/symptoms?

44



MEASUREMENT Construct

Definition

Validity

What does searching for
flu-related terms actually
mean?

Media coverage/hype?
Infected peers?
Similar
illness/symptoms?

= The insufficient linkage between a clearly defined
construct and an envisioned measurement

45



46

Google

Platform

Selection




Google

* Recommendations for
search queries
1 The algorithm is changing!
« Data not publicly available

47

Platform

Selection

» 280-character limit

* Trending tweets can
stoke imitation behavior
* Free APl is limited




MEASUREMENT

Platform
Affordances

Google

* Recommendations for
search queries
1 The algorithm is changing!
« Data not publicly available

48

Platform

Selection

» 280-character limit

* Trending tweets can
stoke imitation behavior
* Free APl is limited



MEASUREMENT

Platform Platfo_rm
Affordances Selection

= The gap between the ‘true’ traces and traces distorted by platform
affordances [ technical or community standards, terms & conditions

Google

* Recommendations for
search queries
1 The algorithm is changing!
« Data not publicly available

» 280-character limit

* Trending tweets can
stoke imitation behavior
* Free APl is limited

49
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Google

Platform

Selection
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Google

Platform population = people who
access Google
(and search for health topics)

Platform

Selection

Platform population =
people with Twitter
accounts
(and write about health
topics)
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younger, male,
western, educated

Google

Platform population = people who
access Google
(and search for health topics)

Platform

Selection

Platform population =
people with Twitter
accounts
(and write about health
topics)
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REPRESENTATION

Platform
Coverage

younger, male,
western, educated

a®

Platform
Selection

Google

Platform population = people who
access Google
(and search for health topics)

Platform population =
people with Twitter
accounts
(and write about health
topics)
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REPRESENTATION

Platform
Coverage

younger, male,
western, educated

o)

6.0

= The gap between the target population (US Population) and the
platform population

Platform
Selection

Google

Platform population = people who
access Google
(and search for health topics)

Platform population =
people with Twitter
accounts
(and write about health
topics)
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Data
Collection
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Google

Google Flu: “Automated” +
manual --- pick search queries
correlated with flu rates




0.95

Mean correlation

0.85

57

0.90}

45 queries

0 10 20 30 40 50 60 70 80 90
Number of queries

Google

Google Flu: “Automated” +
manual --- pick search queries
correlated with flu rates

100

Data
Collection
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Data
Collection

Manual:

Tweets with keywords related to
Influenza: Avian influenza, Influenza
Virus B, Centers for Disease Control
and Prevention, Common Cold,
Vaccine, Influenza
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Replying tcl - 4 others
I'm open to correction, but it's my understanding that
government already pays for all[influenza vaccine|that
comes into the country (the contract with
manufacturers is negotiated at the national level), so |

don’t think cost is a significant barrier to uptake
amongst HCW

2:50 AM - Oct 9, 2019 - Twitter for iPhone

Data
Collection

Manual:

Tweets with keywords related to
Influenza: Avian influenza, Influenza
Virus B, Centers for Disease Control
and Prevention, Common Cold,
Vaccine, Influenza




MEASUREMENT
Trace < Data
Selection Collection




MEASUREMENT

= The gap between the relevant traces and the measured traces

Trace < Data_
Selection Collection
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Data
Collection




,Fever remedy”

, 1 hroat hurts”
,oymptoms flu®

,What to do against flu”
,2Healing flu”

Jfiebre que hacer”
,sintomas influenza®

Google

63

Data
Collection




,Fever remedy”

, 1 hroat hurts”
,oymptoms flu®

,What to do against flu”
,2Healing flu"

Jfiebre que hacer”
,sintomas influenza®

Google
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REPRESENTATION

Data —> User Selection
Collection



ahooON~

,Fever remedy”

, 1 hroat hurts”
,oymptoms flu“

,What to do against flu”
,2Healing flu”

Jfiebre que hacer”
,sintomas influenza®

Google

ML

REPRESENTATION

Data —> User Selection
Collection

= The difference between the platform population and the users chosen

due to the query (selection) specification,
indirectly via traces or directly via use attributes

N R,
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Data
Preprocessing
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Data Scientist 8 speaker 4* Mentor  Founder @ IR 7 I'll help

you with areer, but these hands are still rated E for Everybody
® san Diego, CA (in ——— > () Joined June 2019

Data
Preprocessing
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We augment user
characteristics, often,
automatically, through machine
learning methods
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We augment user
characteristics, often,
automatically, through machine
learning methods
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REPRESENTATION

Data Scientist & Speaker 4* Mentor =~ Founder @ I 7 I'll help

you withayeuc career, but these hands are still rated E for Everybody
( Lin ———— Joined June 2019

User

/ Augmentation

Data
Preprocessing

= The potential issues in the study population due to wrongly inferring

user characteristics
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Explore flu trends - United States

We've found that certain search terms are good indicators of flu activity. Google Flu Trends uses
aggregated Google search data to estimate flu actiity. Learn more »

USe demog raphlc data’ Iocatlon to United States > Massachusetts © 20092010 ® Past years v
correct for coverage errors using post- |

stratification \~/ /

I H

Google

Data
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Explore flu trends - United States

We've found that certain search terms are good indicators of flu activity. Google Flu Trends uses
aggregated Google search data to estimate flu actiity. Learn more »

Use demographlc data’ Iocat|on to LIJnited States > Massachusetts
correct for coverage errors using post- |
1

stratification J /

EmnER
Sep Oct

Auvg

Google

Data

" Analysis

>  Adjustment

® 2009-2010 @ Past years v




REPRESENTATION

Explore flu trends - United States

We've found that certain search terms are good indicators of flu activity. Google Flu Trends uses
aggregated Google search data to estimate flu actiity. Learn more »

Use demographic data, location to Ll’""edea*e”“ e
correct for coverage errors using post- -

stratification 1._.:.‘, J

Google

Errors due to correcting for representation errors through reweighting

Data > Adjustment
76 Analysis justmen




TED: A Total Error Framework for Digital Traces of Humans
T T

Errors of N 09, Errors of
% .
measurement ll.ll representation
Target
Construct Construct Population
Definition
Validity
Platform
Platform Platform Coverage
Affordances Selection
Trace User
Selection Data //) Selection
Collection
Augmentation Augmentation
Data
Preprocessing
Trace User
Reduction Reduction
= Data
race Analysis .
Measurement y > Adjustment

77 |:|.|].|]J] Sen et al., 2021, Public Opinion

Estimate Quarterly (to appear):
https://arxiv.org/pdf/1907.08228




Thank you for your attention!
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Meet the Experts

GESIS offers Consulting

GESIS offers individual consulting in a number of areas — including survey
design & methodology, data archiving, digital behavioral data & computational
social science — and across the research data cycle. Please visit our website
www.gesis.org for more detailed information.

GESIS consulting is free of charge for researchers who conduct

= scientific projects — financed institutionally or by third-party-funds — at universities or
publicly funded research institutions, or

= scientific projects at institutions of the Federal Government or the Ldnder or other
publicly funded institutions.

For other projects consulting is subject fo a charge and to available resources.

Expert contact: fabian.floeck | indira.sen @gesis.org

Please find on the GESIS website consulting contacts for:
Planning Studies, Accessing Data, Analyzing Data, Archiving Data
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http://www.gesis.org/
https://www.gesis.org/en/services/planning-studies-and-collecting-data/project-planning
https://www.gesis.org/en/services/processing-and-analyzing-data/consulting
https://www.gesis.org/en/services/finding-and-accessing-data/consulting
https://www.gesis.org/en/services/processing-and-analyzing-data/consulting
https://www.gesis.org/en/services/archiving-and-sharing/consulting

‘ S I S Leibniz-Institut
fiir Sozialwissenschaften \ E
/

More Services from GESIS

= GESIS Survey Guidelines provide short and hands-on explanations to
frequent challenges in survey design and methodology.

= GESIS Training offers a wide range of seminars, workshops, and other
courses.

= Use GESIS data services for finding data for secondary analysis and
sharing your own data.

= Get materials for capacity building in computational social science and
take advantage of our expanding expertise and resources in digital
behavioral data.

= Check out the GESIS blog "Growing Knowledge in the Social Sciences"
for topics, methods and discussions from the GESIS cosmos — and
beyond.

= Keep up with GESIS activities and subscribe to our monthly newsletter.

for publications, tools &
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https://www.gesis.org/en/gesis-survey-guidelines/home
https://www.gesis.org/en/gesis-training/home
https://www.gesis.org/en/services/finding-and-accessing-data/data-archive-service
https://www.gesis.org/en/services/archiving-and-sharing/sharing-data
https://www.gesis.org/en/services/sharing-knowledge/gesis-training-alt/css-capacity-building
https://www.gesis.org/en/institute/digital-behavioral-data
https://www.gesis.org/en/institute/digital-behavioral-data
https://blog.gesis.org/
https://www.gesis.org/en/institute/press-and-media/gesis-report

And now: your questions!
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MEASUREMENT

I'm surprised | managed to draw that sinc

as heck x'D Probably gonna go sleep now.

Augment traces with syntactic relations indicating
the speaker being afflicted by the flu
(~feature engineering)

Data
Preprocessing



MEASUREMENT
Wouhan Flu is dangerous and all, but you know what'’s
also dangerous
Our tendency to be fake news &
unsubstantiated rumo news in general may
cause unnecessary pang communal tensions
Remove non ‘first-person’ tweets etc. It can destroy t r society.

Data
Preprocessing



MEASUREMENT

First_person_account: True ,_) v

OveraII sentiment: +1.3 I'm surprised | managed to draw that since | feel sick
F| u_relevance: 0.8 as heck x'D Probably gonna go sleep now.

§ L

Username: “Guy Dudeson
Text_PoS: [PP, V, PP, PRE, Timestamp: *18.06.18"”
ADJ, V, KONJ, PART, V, TweetlD: “6315127”
ADJ, ...] <«— Text: [I, surprised, I, managed,
Text_Sent: [0, +1, 0, 0, +1, ;it:ssi draw, I, feel, sick, heck,
o, -1, 0, 0, 0, ...] probably, going to, sleep,
Embedding: [0.15, -2.03, — | now]
0.93,-0.16, 0.98, 0.06] Likes: 725

Retweets: 51



MEASUREMENT

,Fever remedy”

, 1 hroat hurts”
,oymptoms flu®

,What to do against flu”
,2Healing flu"

Queries normalized per
region, not state or
smaller

abkrowb -~

61. , fluin Trucktown® Merge?
62. ,fluin Oklahoma“ ge
63. ,fluinfection numbers“} Filter?

Google

Data
Preprocessing




MEASUREMENT
1. ,Fever remedy”
2. ,Throat hurts®
3. ,Symptoms flu : « Queries normalized per
4. ,What to do against flu )
. “ region, not state or
5. ,Healing flu
smaller
61. , fluin Trucktown® Merge?
62. ,fluin Oklahoma“ ge:
63. ,fluinfection numbers“} Filter?
Trace Wrong normalization
Augmentation - .
By N o E.rror.s, due to augmenting
Reduction -Misleading queries
Error .
remain
-Connected queries not
aggregated
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MEASUREMENT

Trained Model

Develop model to measure

rates of flu based on
preprocessed/augmented

traces

Sentiment score: -3.2, First person: yes,

Embedding vector: w, Location: Michigan

y=fx)

I feel sick @

O 13 Q &

Aight twitter | still have the flu. Someone @ me with some entertainment
*2e

Q n Q 1 &

Alright, | probably have a fever. I'm going under the blankets again and
hope to see the replies to this tweet filled with wholesome fan art of good

waifus.

Q Q V) d

Data
Analysis




MEASUREMENT

Develop model to measure
rates of flu based on
preprocessed/augmented
traces

logit(I(t) = a - logit(Q(t)) + ¢

Where

1(t): percentage of ILI| visits at time (t)
Q(t): ILI-related query fraction at time (t)
a. coefficient

logit(p) = ln(l%p)

89

Data
Analysis




MEASUREMENT

Develop model to measure
rates of flu based on
preprocessed/augmented

traces .
Research Practice and Methods
log it (I (t)) — a . log it(Q (t)) + 8 rr:::lg:zn Digital Disease Detection Learn from (an External Revision to) Google Flu

Mauricio Santillana, Ph.D_, M.S."; D. Wendong Zhang M.A"; Benjamin M. Althouse, Ph.D.,
Sc.M.% John W. Ayers, Ph.D. M.A ?

logit(I(t) = Xn a;(t) - logit (Qi(t)) + €

=1

Individual query proportions Q . with own coefficients a; top 100 most correlating
queries & no cut-off, LASSO regularlzatlon weekly reflttlng on last two weeks

Google

Data
90 Analysis



MEASUREMENT

Develop model to measure
rates of flu based on
preprocessed/augmented

traces .
Research Practice and Methods
log it (I (t)) — a . log it(Q (t)) + g rr:::lg:in Digital Disease Detection Learn from (an External Revision to) Google Flu

Mauricio Santillana, Ph.D_, M.S."; D. Wendong Zhang M.A."; Benjamin M. Althouse, Ph.D.,
Sc.M.% John W. Ayers, Ph.D. M.A ?

logit(I(t) = zn a;(t) - logit (Qi(t)) + €

=1

Individual query proportions Q . with own coefficients a; top 100 most correlating
queries & no cut-off, LASSO regularlzatlon weekly reflttlng on last two weeks

Google

= Errors due to the choice of modeling or aggregation

Data
91 Trace Analvsi
Measurement [ nalysis

Error




MEASUREMENT

Develop model to measure
rates of flu based on
preprocessed/augmented

traces .
Research Practice and Methods
log it (I (t)) — a . log it(Q (t)) + g rr:::lg:in Digital Disease Detection Learn from (an External Revision to) Google Flu

Mauricio Santillana, Ph.D_, M.S."; D. Wendong Zhang M.A."; Benjamin M. Althouse, Ph.D.,
Sc.M.% John W. Ayers, Ph.D. M.A ?

logit(I(t) = zn a;(t) - logit (Qi(t)) + €

=1

Individual query proportions Q . with own coefficients a; top 100 most correlating
queries & no cut-off, LASSO regularlzatlon weekly reflttlng on last two weeks

P

Undue weight to certain
query terms
No nuance in term weighting
Overfitting to time period |0 the choice of modeling or aggregation
Linearity assumed

Data

Trace .
92 Analysis

Measurement
Error




