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OUTLINE OF TALK

ÅôKnowledgeable surveillanceõ?

ÅRecent trends in AI and machine learning

ÅAlgorithms for adding value to laboratory data

Å Integration with other data/knowledge sources

άLǘϥǎ what you learn after you 
know it all that countsΦέ 

(Harry S Truman)



knowledgeable surveillance é
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epidemiological intelligenceé

A.I.



4

Transcendence looks at the implications of artificial intelligence - but are 

we taking AI seriously enough?'

Stephen Hawking

Stuart Russell

Max Tegmark

Frank Wilczek

(May, 2014)

Bill Gates

Elon Musk



òThe fundamental tools of A.I. shifted 

from logic to probability in the late 

1980s, and fundamental progress in 

the theory of uncertain reasoning 

underlies many of the recent practical 

advances.ó 

(Peter Norvig , 2011)
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WHAT HAS CHANGED?



Deep Blue
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IBMõS RESEARCH

Watson
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WATSON GETS IT WRONG

gauge sentiment towards a cafe using ôtweetsô:

Å òDelicious muesli from the @imaginarycafe - what a great way to start the day!ó

Å òGreatly enjoyed the home-made lasagna at the Imaginary Café last night.ó 

Å òIt was a great disappointment to find that Imaginary Cafestopped stocking BLTs.ó

Å òHad to wait in line for 45 minutes at the Imaginary Cafe today. Great, well thereõs 

my lunch -break goneéó

US Cities

Toronto???



WATSON ðMORE ôSERIOUSõ USES

IBMõs Watson will be used to develop decision 

support toolsé  could revolutionize how physicians 

worldwide get access to world-class information 

about cancer .

(Sloan-Kettering Cancer Centre, NYC)
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WHAT HAS CHANGED?

Deep 

Learning
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WHAT HAS CHANGED?

Results from ILSVRC       Hinton et al (2012)
(ImageNet Large Scale Visual Recognition Challenge)



The Unreasonable Effectiveness of Mathematics 

in the Natural Sciences. (Eugene Wigner, 1960)

IEEE 

Intelligent 

Systems

(2009)
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MACHINE TRANSLATION

άaŜŀƴǿƘƛƭŜΣ ǘƘŜ ǇƻƻǊ .ŀōŜƭ ŦƛǎƘΣ ōȅ ŜŦŦŜŎǘƛǾŜƭȅ ǊŜƳƻǾƛƴƎ ŀƭƭ ōŀǊǊƛŜǊǎ ǘƻ ŎƻƳƳǳƴƛŎŀǘƛƻƴ 
between different races and cultures, has caused more and bloodier wars  than 

ŀƴȅǘƘƛƴƎ ŜƭǎŜ ƛƴ ǘƘŜ ƘƛǎǘƻǊȅ ƻŦ ŎǊŜŀǘƛƻƴΦέ 

(Hitch-Hikers Guide to the Galaxy, Douglas Adams)
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DATA -DRIVEN GOVERNMENT
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AND EVERYTHING ELSEé



BIG DATA

Volume

Variety

Velocity
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BIG DATA -

VOLUME

ά¢ƘŜ difference between something 
good and something great is 
attention to ŘŜǘŀƛƭΦέ

(Charles R Swindoll)
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Leslie et al (2015) The fine -scale 

genetic structure of the British 

population. Nature

19 March 2015



BIG DATA -

VELOCITY

ά¢Ƙƛǎ is the most personal device 
we have ever created.  It's not 

just with you, it's onȅƻǳΦέ
(Tim Cook, Apple CEO)
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BIG DATA -

VARIETY

VetAfrica
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BIG DATA - VARIETY
Å clinical signs

Å syndromes / disease

Å geo-spatial distribution

Å photos of symptoms

Å ID by photo (ôfaceõ recognition)

Å body mass estimates

Å t emperature readings

Å pen -side testing of samples

VetAfrica
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ADDING VALUE TO 

LABORATORY DATA
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Fancy tools/techniques are useful, but they can 

never compensate for poor quality dataé



Total Information Management

Bio-surveillance

Social media / network analysis

In the context of ð

Syndromic Surveillance
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VETERINARY

SYNDROMIC 

SURVEILLANCE

Lab

Veterinarians

Farmers
Pet 

Owners

óInfrastructureô: pharmacies, feed 

companies, abattoirs, markets
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WHAT DO THESE DATA LOOK LIKE?
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WHAT DO THESE DATA LOOK LIKE?

(Duizer, 2015)



DIAGNOSES PER ôCASEõ
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3 (0.06%)

4 (0.08%)
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(Duizer, 2015)



BUT WHAT IS A

SYNDROME?
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Group 1
n=3

Group 2
n=3

Group 3
n=6

Group 4
n=9

Group 5
n=4

Group 6
n=2

Group 7
n=3

Group 8
n=5

Group 9
n=2

Group 10
n=15

Group 11
n=6

Group 12
n=6

0 .5 1 1.5 2 2.5 3 3.5 4 4.5
Jaccard dissimilarity measure, Ward linkage.  12 Groups

12 groups was the largest number as determined by stopping rules

Cluster Analysis Dendrogram of Test Requests & Specimen Types

Group 12
FAT for Porcine parvovirus, Fetal necropsy. Fetus, fetal tissue, fetal stomach contents, 

female reproductive tissue

Group 11 Streptococcus suistyping. Neurologic tissue, brain swab, heart, spleen, kidney

Group 10
Genotyping for PCV or PRRS. Serotyping for E coli, PCR for Cytomegalovirus. Feces, 

lymph node (Not specified), pooled liver/spleen, pooled lung/spleen, tissue (Not specified), 

Body fluid (Not specified) Nasal swab, tonsil, serum, skin

Group 9 Micromineralanalysis.  Liver tissue. 

Group 8 PCR for M. hyosynoviae. Gram stain, joint tissue, synovial membrane, joint swab

Group 7 PCR tests for B. hyodysenteriae, B. pilosicoli, L. Intracellularis

Group 6 PCR for C. perfringes. Culture tube

Group 5 FAT for Porcine corona virus (Transmissible Gastroenteritis). Fecal smear 

Group 4
Electron Microscopy, anaerobic culture, ELISA for C difficile, E. coli K88 serotyping.  

Feces (fixed),  coccidialsmear. Live animal submission,  all intestinal tissue

Group 3
PCR tests for swine influenza (H3N2 & H1N1), M hyopneumoniae, PRRS & PCV. Lung 

tissue

Group 2 Necropsy.  Carcass, pooled lung/tonsil

Group 1 Histology, aerobic culture. Fixed tissue (Duizer, 2015)



ALTERNATIVE VIEW OF SYNDROMES
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Abortion Musculoskeletal Neospora

caninum

Clinical pathology

Circulatory Nervous Johnes disease Toxicology

Environmental Reproductive BSE MIC

Eyes and ears Respiratory BVD NONSPECIFIC

GIT Systemic

Haematopoietic Urinary

Hepatic Skin and 

tegument

Mastitis

Based on 3 years studying laboratory data 

sets and expert opinion

(Dórea, 2012)



CAN WE AUTOMATICALLY CLASSIFY?
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CAN WE AUTOMATICALLY CLASSIFY?
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Direct mapping:

Based on keywords ð25% of all records

Text mining algorithms:

Dictionary of relevant words

Direct relationships

Co-occurrences

Precedence



CAN WE AUTOMATICALLY CLASSIFY?
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Class average (Macro)

Algorithm Recall Precision F-score

Manually modified rules 0.994 1.000 0.997

Naïve Bayes 0.983 0.939 0.955

Rule Induction 0.626 0.793 0.677

Decision Trees 0.290 0.416 0.311

(Dórea et al, 2012)
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CASE DEFINITION

The majority of submissions

w ere associated with a

specific syndrome

(Dórea et al, 2013)
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VARIATION IN SYNDROME FREQUENCY
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BASELINE - RETROSPECTIVE ANALYSIS

Noise versus past outbreaks

Small counts per day

Temporal effects
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BASELINE - RETROSPECTIVE ANALYSIS

Day of the week (DOW)

Monthly variation (explicit vs Sine fct.?)
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BASELINE - RETROSPECTIVE ANALYSIS

Poisson regression model with DOW and 

monthly effects for BLV at daily submission.

(Dórea et al, 2012)
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PROSPECTIVE ANALYSIS AS A MEANS 

TO ABERRATION DETECTION

Which algorithms?

ÅControl charts

ÅShewhart

ÅCumulative sums (CUSUM)

ÅExponentially Weighted Moving 
Averages (EWMA)

ÅRegression models + Control chart
ÅPoisson, Negative Binomial

ÅDifferencing + Control charts

ÅHolt -Winters exponential 
smoothing

Characteristics 
of the data

stream

Characteristic 
of the 

outbreak
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BUT WHAT MIGHT AN OUTBREAK 

LOOK LIKE?
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Flat

Linear

Exponential

Log-Normal

Spike
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(Dórea et al, 2013)
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IMPLEMENTATION: ABERRATION 

CORRECTION AND INTERPRETATION

Prediction 

interval

(upper interval)
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IMPLEMENTATION: ABERRATION 

CORRECTION AND INTERPRETATION

Holt -Winters exponential smoothing

Weekly Differencing + EWMA

Weekly Differencing + Shewhart
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Development of an R package for syndromic surveillance: 

translating research into tools for the veterinary epidemiologist

Fernanda C. Dórea1, Stefan Widgrén1, Crawford W. Revie2, Ann Lindberg1

1- Swedish Zoonosis Centre. Department of Disease Control and Epidemiology. National Veterinary Institute (SVA), Sweden.

2- Department of Health Management. Atlantic Veterinary College. University of Prince Edward Island, Canada.

Data

Secondary 
data sources {vetsyn} 

Abstract
We describethe developmentof an R packagefor veterinary syndromicsurveillance. Initial developmenthas focusedon the use of health data already
classifiedinto syndromicgroups. Algorithmsareavailableto conductretrospectiveanalysisof dataandcreateoutbreak-free baselinesthat canserveastraining
sets. In addition,a rangeof aberrationdetection algorithmshavebeenprovento efficiently detect outbreaksignalsin animalhealth data streamsof various
magnitudes(mediannumberof observationsper dayfrom one to hundreds)andcontainingvarioustemporaleffects. Functionsareavailableto easilydevelop
anhtml interfacefor suchsystemsandsetup automatedemailsin caseof alarms

Discussion
R packagesare availablewhich support specificdata analysisalgorithms,but their applicationrequires experienceduserscapableof incorporatingthese
algorithmsinto the largerframeworkof a syndromicsurveillancesystem. We proposea packagein whichvariousstatisticalanalysesalreadytested for usein
animaldatastreamswill beavailable,coupledwith datamanagementcapabilitiesandoutput visualization.

The main innovation offered by the packagewill be the ability to managedata streams,analyses,alarmsand the user interface in a continuousflow; all
containedin asingle,opensourcepackage. Thiswill facilitatethe implementationof syndromicsurveillancesystemsbyveterinaryepidemiologists.

syndromic

Observed (t x S)

Dates (t x 9)

Baseline (t x S)

Alarms (t x S x A)

UCL (t x S x A)

LCL (t x S x A)

Syndromic
The S4 classcenter object

t = # of time points

S= # of syndromic groups

A = # of algorithmsused

Provided at creation

Result of analysis

Classified�U���_raw�_�������š��

raw_to_syndromic() Aberration detection

Retrospectivedata analysis
Automated summary: Creation of an 

outbreak-free baseline

@

clean_baseline( )
Regression usingGLM

clean_baseline_perc( )
Movingpercentiles

Prospectivedata analysis

Holt Winters
Pre-processing:
GLM regression

Differencing
+

Control Charts:
Shewhart
CUSUM
EWMA

Multiple detection limits
are usedso that

���o���Œ�u���_levels�_are
recorded

Centre for Veterinary 
Epidemiological Research

Sweden Canada
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