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What Do You See?
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An interdisciplinary pilot project on 
data science for public health

ÅDigitalization of emergency response
ÅOptimal positioning of defibrillators
ÅSpatio-temporal map of cardiac risk
ÅTraffic light statistical model
ÅML algorithm

Ticino: smart Swiss canton



Causes of death

Sudden cardiac death

Suicides

Prostate cancer

Motor venhicle accidents

House fires

HIV

Diabetes

Colorectal cancer

Cervical cancer

Breast cancer

Assault with firearms

Alzheimers
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1 minute less for access to the 

defibrillator corresponds to 

10% more lives saved



Researchquestions

ÅData visualisationwith interactive maps
ÅAveragedistanceof events to closestPAD (public access defibrillator)?
ÅHow manyevents in the range of 200mt from eachPAD?

ÅHow to position new PADs

ÅHow to improveexistingPAD locations

ÅCardiacrisk map/ traffic light model



Decision support system integration

ÅShiny app to integrate the predictions in the 
Ambulance Service dashboard

ÅData on events is updated daily

ÅForecasts are routinely updated monthly 

ÅForecasts can be updated on demand



RAW DATA (open + private)
Å Registry of OHCA / strokes / Acute Coronary Syndromes (ACS)

Å Registry of ambulance and defibrillator locations
Å Public/private
Å Fixed/mobile

Å Federal Registry of Buildings

Å Population registry by age group / gender
and socio-demographic factors 
(education, income, public debt, finances, births and deaths)

Å Meteo Swiss: pressure, humidity, wind, temperature, solar radiation and similars

Å Ticino Territory Division: air and light pollution factors 

Å Medical Electronic Folder



ÅWHEN:  2002-2022 OHCA
2014-2022 ACS
2015-2022 stroke

ÅWHERE: Canton Ticino + Switzerland
ÅWHAT: 
ÅGeolocation
ÅTime stamp
ÅPatientsinfo (gender, age, status . . .)
ÅCPR / PAD / AED / Mobile AED
ÅFollow up

Registry of cardiac events



Australian Resuscitation Outcomes Consortium
OHCA Epistry

2019: covers 100% of Australia and New Zealand (NZ)
8 Australian + 2 NZ emergency medical services (EMS)

CA: 26,637 in Australia and 5,141 in NZ 
Crude incidence: 107.9/ 100,000 person-years in Australia 

103.2/ 100,000 in NZ

OHCA: in adults (96%), males (66%), private residences (76%)
were unwitnessed (63%)

Source: Resuscitation 2022 and BMJ 2016



In non-EMS-witnessedcases, 38% received bystander CPR and 
2% received public defibrillation

In EMS-attempted resuscitation:
28% (range 13.1% to 36.7%) had return of spontaneous circulation at HP arrival
13% (range 9.9% to 20.7%) survived to hospital discharge/30-days

In bystander-witnessed in shockable rhythm, survival ranges bwn 27.4% and 42%

Public attitudes towards automated external defibrillator s
Survey 2021/22: yellow-red AED preferred (80%) to white-green
32% uncomfortable with using AED
19% low likelihood of using AEDs in OHCA



Raw Data

Presentation / Integration Knowledge

Processed Data

Actionable Knowledge

Information



Data pre-processing
ÅThe spatial units are municipalities 

ÅOver the years Ticino municipalities have 

been aggregated 

ÅWe took year 2021 as reference 

for municipalities boundaries

ÅA master student has processed 

the data to realign the boundaries / events



Data pre-processing

ÅBefore 1998 the location of the event was manually recorded

ÅA master student took these records and imputed the GPS coordinates

ÅSome of the events self presented to the hospital especially if close to it

ÅSome of the patients are non residents: 80.000 daily border workers



Data pre-processing
ÅBefore 2007 the location of the event was manually recorded

ÅA master student took these records and imputed the GPS coordinates

ÅSome of the events self presented to the hospital especially if close to it

ÅSome of the patients are non residents: 80.000 daily border workers

ÅDifferent levels of spatial / temporal granularity. For instance: 

Ålattices for pollutants 

Åirregular grids at stations for some meteofactors

Åmunicipalities for OHCA, strokes, ACS

Ą realignment to municipality level



Anywhere, Anytime, Anyone (even if they appear healthy)

Impact
- huge on family
- significant on immediate 

community
- potentially high direct and 

indirect societal costs

Sudden Cardiac Arrest (SCA) strikes suddenly

http://it.wikipedia.org/wiki/File:46_Dick_Cheney_3x4.jpg
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Number of AEDs in Ticino

Emergency
Services
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Companies 
/ Health
facilities



Calls to EMS

With FR interventions



First responders use of PAD



First responders: the TicinoCuoreApp

28

Caputo ML et al. Resuscitation 2017

- Determines the distances between OHCA and FR 
(before notifying FR)

- Send feedback to EMS dispatcher about FR position 
(real time)

- Selects and manages up to 7 FRs (based upon FR 
pre-defined categories)



350 of all SCA happen at 
home

80%

60%of all SCA are witnessed

10%Less 
than

survive

Loss of blood to the brain starts to 
cause 

brain damage 
in just

minutes

4 to 6 

SCA strikes about

people in Ticino every year

350 76% 
AUS+NZ

37%
AUS+NZ



A Systematic Review and Meta-analysis, JAMA 2022

The 10-yearsurvival rates in patients with OHCA
who survived the initial hospital stay 
were between 62% and 65%

The median survival time was 5.0 years (IQR, 2.3-7.9 years)

The estimated survival rates were:
82.8% (95% CI, 81.9%-83.7%) at 3 years
77.0% (95% CI, 75.9%-78.0%) at 5 years
63.9% (95% CI, 62.3%-65.4%) at 10 years
57.5% (95% CI, 54.8%-60.1%) at 15 years











Geolocated 

AEDs 

in Ticino



Ascona(2021)

Defibrillators + Cardiac events



Literature

FIXED LOCATION
Only urban areas Ą rural
Only new PAD, other fixed Ą relocation

POPULATION MODEL
Common sense: more OHCA more PAD

FLEXIBLE LOCATION
Cost of installation (6000 E) and relocation (700 E) given budget

Our proposal



Given 
budget

MAX PAD 
Coverage
(200 m)

MIN PAD
Distance
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Spatialanalysisof coverage: isochrones
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Current AED distribution

Realisticisochrone: perimeterof the area 
that, from a point, youcan reachin a 
certainamountof time throughroad 
network

The adoptionof isochroneallowsa 
realisticestimate of the defibrillators
catchmentareas

Assumptions(can be changed): 3 min at
walkingspeed-> 200m



An optimizationstrategy
Optimizationsimulation: move
defibrillatorsto maximize
coverageof residentpopulation

Move521 defibrillators, for a total
estimatedcostof 350.700CHF: 
the coverageof the arrestswould
increaseby 20%
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INLA
ὣ = number of cardiac events of a certain type (OHCA, stroke, ACS) 

in municipality i = 1 é 119 at time t = 2005 é. 2021

Expected number of events: ὕʈ
Åὕ = resident population in that municipality / time (known or estimated)

Åʈ = event incidence per unit of population in that municipality / time

Event incidence made of 6 components:

1. Overall common risk rate ‘

2. Fixed effect‍induced by ὢ (demographics, meteo, pollution) 

3. Spatial component ui with parameter‰

4. Temporal component with parameter ɔ

5. Spatio-temporal interaction component ‫

6. Unstructured random effectὺ



ὣ ḐὖέὭίίέὲὕ‘

ÌÎ‘ ‘ ὢ‍ ρ ‰ὺ ‰ό + ɹ (t- Ӷὸ ‫

Priors
‘Ḑὔπȟρπππ
‍ḐὔπȟρπππὍ

όḐὔ
ρ

ὲ
Ḑ

όȟ
ρ

ὲ
ȟὭḐὮὲὩὭὫὬὦέὪὭ

ὺḐὔπȟρ

‫ Ḑὔπȟρ

k Ḑὔπȟρπππכ

INLA more formally:



Zero inflated Poisson

Priors

ln p / (1-p) Ḑὔ ςȟπȢς

ḐὉὼὴέὲὩὲὸὭὥὰτȢφ

ḐὉὼὴέὲὩὲὸὭὥὰτȢφ

‰Ḑno closed form, derived numerically

Penalized Complexity priors
Simpson et al 
Statistical Science, 2017



Variance decomposition
Once the effect of demographic variables is accounted for

Å‰ / (†+ ) = variability due to spatial heterogeneity = 22%

Å†/(†+ )     = variability due to spatiotemporal component = 2%



Riskmapfor cardiacarrests

Integrated Nested Laplace Approximation (INLA), 

Bayesian methodology for prediction of arrests in each 

municipality

Covariates

municipality population over time
male/female population proportion over 
time  population proportion by age over
time
meteo, pollution, social and 
Economics Features

Training sample: 2005 - 2018

Validation sample: 2019 - 2020

Prediction: 2021
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Spatio-temporal cardiacarrestswith INLA:

2021 predictionmap
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Bellinzona

Chiasso

Locarno              

Lugano

Mendrisio

Predictions vs.Observed for big cities



Longer term predictions of OCHA / needed PAD

3 scenarios:

ÅPopulation as in 2020 wrt age / gender

ÅPopulation growth following the historical trend

ÅPopulation on average older than 5%, relative to 2020



- Given number of events referred to diffent sites and time occasions, the hidden 
Markov model assumes an underlying structure of discrete latent variables that 
identify latent states with different incidence

- LÅÔὣ be the observation corresponding to municipalityὭ ρȟȣȟὲat time occasion 
ὸ ρȟȣȢȟὝ

- LetὟ the corresponding latent variable, the model assumes that

ὣȿὟ όͯ ὖέὭίίέὲὕ‗

- The model accounts for an offset introduced by ὕ (corresponding to the size of the 
population at risk) and the incidencecorresponding to each latent state όmeasured 
by parameter ‗

Hidden Markov Model



- For each site Ὥ, the sequence of latent variables Ὗ ȟȣȟὟ is assumed to follow a 
Markov chain with initial and transition probabilities

“ ὴὟ ό

“ ὴὟ ὺὟȟ όȟ ὸ ςȟȣȟὝ

- The initial and transitionprobabilitiesmaydependon possibile covariates(reflecting
the demographicstructureof the populationat risk)

- The model maybe further extendedfor spatial dependenceby allowingthe latent
variablefor eachsite and time occationto dependon the latent variablesfor the 
neighboringsitesat the sameoccasion



- Inferenceon the model isperformedin a Bayesianframework in whichsuitable
prior distributionsare assumedon the parametersinvolvedin the 3 model 
components:

- Initial distributionof the latent variables

- Transition distribution between latent variables

- Conditional distributionof the responses given the latent states

- Estimationisperformedby an MCMC algorithm following a data augmentation
schemein whichthe latent variablesare treatedon the samefooting of the 
parameters(they are both sampledby a seriesof MH/Gibbs moves)

- The estimationalgorithmalsoallowsusto:

- Performdecoding (predictionof the latent state for eachsite and occasion)

- Make forecasts (for future time occasions)

- Quantifythe predictionerror of the responses(in a logicof cross validation)



Results of Hidden Markov 
Model ςtraffic light model 

High

Risk

Medium

Low

In this case, we only use a subset of the 
covariatesthat were used for INLA:
demographic variablesage / sex



Discrepancies bwn predictions and observed
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ML algorithms
Theonly features we consider is the numberof OHCA at the previous timestep

ÅXGBoost

ÅLightGBM 

ÅCatboost

ÅRandom Forest

We chose this model based on the 
performance on validation set



Feature Engineering
How to represent each M unicipality?

DummyApproach

Municipality Feature has 117 levels, each level is a 
municipality. Using a Dummy approach we end up 
with a (117-1)-dimensional representation. For 
each municipality we have a vector of 0s and 1.

PROBLEMS:

Å Dimensionality Explosion: One of the most 
immediate problems is the sheer increase in 
the number of features.

Å Sparse Data: Many of the created dummy 
columns might be mostly zeros (sparse)

Å Loss of Semantic Meaning: With one-hot 
encoding, the original ordinal relationship (if 
any) between categories can be lost.

Entity EmbeddingApproach

Entity embedding, particularly popularized by its application in deep 
learning for structured data, is a way of representing categorical 
variables in a continuous vector space. Instead of using traditional 
methods like one-hot encoding, entity embedding assigns a fixed-
size vector of continuous numbers to each category.

ADVANTAGES:

Å Dimensionality Reduction: One of the primary benefits of 
embeddings is that they allow for a significant reduction in 
dimensionality compared to techniques like one-hot encoding.

Å Retaining Semantic Information: Entity embeddings can capture 
and preserve the relationships between different categories. 

Å Continuous Representation: By converting categories to 
continuous vectors, one can use algorithms that typically work 
better with continuous inputs. 



Entity Embedding

Spatial Info - Locations Temporal Info - Years

Extracting Weights from 
5ąÏÚÖÖíĆåҤWÃľÚĜĠФ

We can Obtain a Latent 
Representation of the 
Categorical Variables

Dimension of Embeddings has to 
be fixed a priori. We use the 
following rule of thumb: 

Min{ (number of levels/2), 50 }



Embeddings for 
Municipalities

Different Municipalities have 
different Embeddings. If 2 
Municipalities have very similar 
behaviour they lie close in the 
Embedding space.

In fact, Lugano and Bellinzona 
have similartrends in terms of 
hI/!ǎΩ ŎƻǳƴǘǎΣ ŀƴŘ ǘƘŜȅ ŀǊŜ 
close in the low dimensional 
(after applying T-SNE for 
dimensionality reduction) 
embedding space in the upper 
part of the right Figure

These Embeddings are fed to the 
ML algorithms as inputs and they 
are able to synthesize intrinsic 
Municipality characteristics


