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® Growth of social media

® Overview of social media monitoring for public
health :

o on of narthersh o
® Study design and obstacles
@ Results

® Future work
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Foodborne lllness

® Common

> 1in 6 Americans sickened
> 3,000 deaths annua

® Costly
> §15.6 billion annually per USDA 2014

® Preventable




Growth of Social
Media

TWITTER |5 CURRENTLY
THE FASTING GROWING

SOCIAL NETWORKING
SERVICE WITH A 44%
GROWTH FROM JUNE 2012
MARCH 2013

Image credit: Search Engine Journal
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How it works

® Listens to Twitter and flags restaurants

® Examples of “sick” twé‘ets picked up:

Still throwing up | can't go fﬁ“‘work stupid food poisoning | hate it
| have THE WORST stomach ache rlght now

> I'm gonna throw up

WOW NOW | HAVE DIARRHEA WHAT THE HECK MAN

My stomach is ... up fam! What in the ... did | eat?\

\4

\4

\4

\4



How it works

® Advanced Language Model
® Statistical Word Trigram Model

> “So sick” vs “So sick of homework”
> “Under the weather”

sick and tired of throwing up




How it works

® 1. Tweet from a restaurant

> (If you didn’t turn geolocation services off,
then....) 1

® 2. Match tweet to restaurant using Google Place

® 3. Follow user for 2 weeks

® 4. Link any subsequent “sick” tweets to restaurant

® 5. Score restaurants based on number of sick tweets

® 6. List of “sick” restaurants flagged by softwarq
presented to health department \



Multiple Restaurants

@ What if a user posts from multiple restaurants
before their sick tweet?

> Sick tweet snaps back to all of them
> Other users will help |dent|fy which one is the culprit

.



Misz_k3lli 1.44

@pr3ttie_misFit | feel so sick | wish | never
| ate that puddin | think ima throw up

NooSoul 1.04

wailley_ glad | could be of help... I'm
soo0000 sick right now... Ugh

afrosemary 1.27

ugh how do i make this SICK go away
=( i feel terrible.

BELLEZAO4 1.47

ed my bed n

MrsBGirard 0.91

@AntBloomberg im sick and u aint even
been to check on me... ur a bad bff

@RedBOno
el weak

taureanfemm
@StealSouls nope,.I'm
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Into This
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Twoets > Tweets > Health
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Venue: . -3 PRO00B0S2
Sick Tweet on Wed Feb 18 02:06:49 +0000 2015:

Sick Score: 1.15615

Text: even though i threw up and had the runs all
night and day, this selfie my momma sent me just
made my day 0 @ ¥ http:/t.co/HDvmopyUgR

Snapped Twesat on Mon Feb 16 22:02:39 +0000
2015:

Text: some amazing comforl food back in vegas, at
one of the best hawaiian/korean joint in town. @
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Forming a Research Question

© Does the software guide inspectors toward
facilities with uncontrolled risk factors?

® Goal: Intervene more quicklﬁ}t\\\\\\\Prevent sickness

.



Study Launch

@ Checked nEmesis daily
@ Selected facilities to follow up on

® ldentified matched controls based on district and
permit type

@ Dispatched blind mspectors
® Conducted routine inspections
® Collected results



® On a typical day:
> 16,000 geo-tagged tweets
> 3,600 users
> 1,000 tweets from 600 users snap to a restaurant




Results

® Study conducted from
Jan 2, 2015 - Mar 31, 2015
® Inspected 72 flagged facilities and 72 control

® Flagged facilities earned more demerlts than
control facilities: 9 vs. 6

> P-value of 0.019

® Flagged facilities 64% more likely to earn a C-
downgrade than control



Demerits Distribution |V|OSt Of the COI’]tI’Ol

results are in the Arange M Demerits (adaptive
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Demerits Distribution

Adaptive
inspections for
flagged
restaurants
stretch all the
way to 40
demerits and
account for the
majority of
downgrades.

20

Demerits

B Demerits (adaptive
inspections) (count)

Bl Demerits (control)
{count)




U nex S Fael

Fewer FBI mvestlgatlons performed during the study
period

y9 Study period
S8 Same period the year before

Average over 7 years

> *Unable to determine statlstlcal significance

Inspection at flagged facility identified fGodhandIer
working while ill \\

Unpermitted special processes
nEmesis identified possible unpermitted food

establishments unknown to SNHD

-
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Limitations

@ Unable to detect tweets in other languages

® Unable to detect evidence of illness posted to
platforms other than Twitter



xt Steps

® CDC EHS-Net Cooperative Agreement
® Upgraded software
® Full launch




Conclusions

@ Effective in flagging appropriate facilities

® Social media monitoring could be a useful tool
for inspectors to conduct adaptive inspections
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Abstract

Foodborne illness afflicts 48 million people annually in
the U.S. alone. Over 128,000 are hospitalized and 3,000
die from the infection. While preventable with proper
food safety practices, the traditional restavrant inspec-
tion process has limited impact given the prediciabil-
ity and low frequency of inspections, and the dynarmic
nature of the kitchen envirommnent, Despite this reality,
the inspection process has remained largely unchanged
for decades. We apply machine learning to Twitter data
and develop a system that automatically detects venues
likely to pose a public health hazard. Health profession-
als subsequently inspect individual flagged venues in a
double blind experiment spanning the entire Las Vegas
metropolitan area over three months. By contrast, pre-
vious research in this domain has been limited to indi-
rect correlative validation using only aggregate statis-
tics. We show that adaptive inspection process is 63%
more effective al identifying problematic venues than
the current state of the art. The live deployment shows
that if every inspection in Las Vegas became adaptive,
we can prevent over 9,000 cases of foodbome illness
and 557 hospitalizations annnally. Additionally, adap-
tive inspections result in unexpected benefits, including
the identification of venues lacking permits, contagious
kitchen staff, and fewer customer complaints filed with
the Las Vegas health department.

Introduction

The fight against foodborne illness is complicated by the fact
that many cases are not diagnosed or traced back to specific
sources of contaminated food. In a typical U.S. city, if a food
establishment passes their routine inspection, they may not
see the health department again for up to a year. Food estab-
lishments can roughly predict the timing of their next inspec-
tion and prepare for it. Furthermore, the kitchen environment
is dynamic, and ordinary inspections merely provide a snap-
shot view. For example, the day after an inspection, a con-
tagious cook or server could come to work or a refrigerator
could break, either of which can lead to a food poisoning.
Unless the outbreak is massive, the illness is unlikely to be
traced back to the venue.

* Adam is now at Google.
Copyright (€ 2016, Association for the Advancement of Artificial
Intelligence (ww ai.org). All righis reserved.
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Figure 1: nEmesis web interface. The top window shows a
portion of the list of food venues ranked by the number of
tweeted illness self-reports by patrons. The hottom window
provides a map of the selected venue, and allows the user to
view the specific tweets that were classified as illness self-
reports.

Presented at
the 2016 AAAI
Conference

Presented at
the 2016
NEHA

Conference
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