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The “Universidad Autonoma de Barcelona” (UAB) in figures

Summary of some of the most significant data of the UAB

https://www.uab.cat/web/about-the-uab/the-uab/the-uab-in-figures-1345668682835.html

57 Departments
25.924 Undergraduate students
4.663 Graduates-Degree holders
4.832 Students in Doctoral studies
>3.700 Foreign students (Graduate, master, PhD)

. 105 Undergraduate courses

. 579 Postgraduate and continuing education programmes
. 141 Official master's degrees

. 68 Doctoral programmes

. 541 PhD dissertations (2017-2018)

. 3.868 Teaching and research staff

. 569 Research staff in training

. 2.275 Administration and services staff

. 4.568 Articles published in indexed journals (Clarivate WoS-2018)
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Introduction

Context: Social Impact

v Growing demand for emergency medical care (progressive
growth of aging, increased life expectancy, greater number of
chronic diseases, accessibility of emergency services, delay in
scheduled care...).

v’ Limitations on available resources which determine the system's
attention capacity.

Main consequences of the increase in patients

entering the ED service

«Saturation of the service

*Increase in the total time a patient spends in the service
(LoS)

*General discontent among patients

g -Patiens being abandoned without receiving care (LWBS)
Limited access to emergency care

*Increasing patient mortality



http://elcorreoweb.es/historico/los-defensores-alertan-de-las-malas-condiciones-de-las-urgencias-KIEC861748

What is simulation offering?

= We “can” travel to the future
through predictive simulation

e = We can discover the "potential”
. =oolndlF  problems and then we return to
the present time where.....

Emergencies
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What is simulation offering? Present

d

= We “can” travel to the future
through predictive simulation

potential”
ve return to

: “We can bring DATA from THE
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use them with our DATA

from THE PAST



SIMULATION OF
COMPLEX SYSTEMS

Simulator

Simulation represents a way to
exploit a computational model

v
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1.A complex system is one in which

; Computational model K

Reality |/

there are multiple interactions between

many different components.

2.Based on low-level interactions among
components, emerge collective high-
level results.

The Emergency Department (ED) is a Complex
Adaptive System

Model: Generalized and Adaptable Agent Based
Model (ABM)

Emergent Property: an observation about a system
that we might not anticipate from the separate study of
its individual components

As the components of a system interact with each
other, and influence each other through these
interactions, the system as a whole exhibits emergent
behavior

This characteristic makes the output of a system
difficult to understand and predict.




The First version of our Simulator
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Hayden Stainsby, Manel Taboada, Emilio Luque:
Towards an Agent-Based Simulation of Hospital Emergency Departments. |[EEE SCC 201009:



https://dblp.uni-trier.de/pers/hd/s/Stainsby:Hayden
https://dblp.uni-trier.de/pers/hd/s/Stainsby:Hayden
https://dblp.uni-trier.de/pers/hd/t/Taboada:Manel
https://dblp.uni-trier.de/pers/hd/t/Taboada:Manel
https://dblp.uni-trier.de/pers/hd/t/Taboada:Manel
https://dblp.uni-trier.de/db/conf/IEEEscc/scc2009.html#StainsbyTL09

Conceptual Model of the ED Agent Based Simulator




Emergency Department Simulation

The ED Model (Components)

1} Active Agents

Patients

Companions of patients
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Results of the Simulation of the Emergency

Department
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What is Simulation of Health Services providing?

o “Visiting the future” and taking decisions
o0 Simulation as a source of data
o Impossible/forbidden experiments

o Virtual Clinical Trials

14



Those that Simulation of Health Services gives us

v “Visiting the future” and taking decisions
o Simulation as a source of data
o Impossible/forbidden experiments

o Virtual Clinical Trials
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questions of this kind:

MANAGING PROBLEMS

If the number of arrival pay bled, what will happen?
If we increase 20 mg #0xes, the overcrowding could be solved?
The budget decrease®”how the QoS will be affected?

Which technical staff should be reduced? doctors? nurses? ... ?

How can we know and evaluate the effect ». fwi
of a decision without the commitment of e :
any physical resources or interruption of

the system?




Simulator User, to discover macro-level system features

Flu Causes Predict Patient
Increasing Arrival Arrival Rate '

Simulate the /Analyze Simu
Predicted Scenario Results

Macro Level Simulator{(Application)

Data Process Layer(Adaptation)
<} for Problem?
Monitoring Layer(Sensor) — P [:> N
’ = = No
: f,il‘—‘ % :?_.; | Decision
Micro Level Simulator o o c Propose Simulate
= =0 ) 2
(Agent Based Model) = 3= Decision Support Simulation Solutions Solutions
[Core] 8 g
simulation scenarios[s1, s2, s3...]

J J

Final Decision:;

resources(%) add Two Laboratory
Dp  Np Technicians or

Average LoS by acuity level(hour)
1 2 3 4 )

Daily arrival

361 10.83 10.30 9.79 3.01 > 67.94 53.95 43.68 - -

397 10.84 10.90 10.41 78.29 62.05 50.27 Analysis Machines
416 11.66 . 48.01 80.59 64.23 52.16 and

436 11.87 . 50.01 84.50 66.84 54.17 Two Doctors to area A

456 p1.85 87.19 69.80 56.27

For
150% extra arrival

Add 2 or analysis machines to laboratory room

#ee LoS by acuity level(hour) | Average utilization of ED resources(%)
2 3 4 e N4 Da Dp  Np
11.58 11.90 11.70  3.65 60.67 B1.99 87.19 69.47 56.65

476 12.54 12.70 g 3.80 . 0. 19 5.04 9230 73.01 59.42 EMERGENCY SERVICE
496 13.23 12.90Q% 33.93 B.02 4.16 | 66.37 56.90f 96.06 W6.32 62.25 MANAGEMENT I
Add two more doctors to area A - > PR

Average LoS by acuity level(hour) | Average utilization of ED resources(%)

Daily arrival

1 2 3 1 5 Tris Na __Da Ds  Np
496 10.80 11.01 11.07 13.98 4.15 | 66.73 57.50. 71.84 175.79 61.53
| 516 11.12 10.86 11.20  4.13 4.79 | 68.75 58.67 1299 78.80 64.30

% 15 11.26 11.31 1254 436 582 | 71.39 60.65 76.00 82.52 67.14

—
ae parcelona




Influence of Ambulance Service for Departure

v (one way to relieve overcrowding in real situation);

Table 6: Influence of ambulance response time to LoS.

Average LoS by acuity level(hour)
2 /

!
13.23 1290 f 33.93 g 4.02§ 4.16
1270 g12.60 g 17.96 g 3.94y 4.03
12.04 g12.51 § 15.53  3.86Q 3.86
. .

Ambulance response time model

current actual delay(mean=63 minutes)
50% of actual delay(mean=31 minutes)
without delay

HPC 4
unB EAS
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Emergency Department Overcrowding

The emergency department system is overcrowding,

WHAT-IF
we add 20 careboxes to the system?
A |
(] Actual behavior
g .
(>U \
> Error

analytical
: ~ prediction
Singularity  ~ .:g

. e

— >

Actualbehavior E)(’[r;%da[ion Variables

Every decision we take is based on information, stop guess.
HPC 4

unB ERS
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Overcrowding: Influence of additional

careboxes on patients’ attention (Area A)
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Mitigating overcrowding in emergency departments -
schedulig non-critical patients admission

MUKE &AM OMLNE ‘
RESERVATION 2 |
N FREDAY PACS 0 SAT R DAY S SO PACS I "
PAYS BEAME " | i

Figure 1. Input pattern of patients per hour and day of the week . T
(historical data of 2014 of the Hospital de Sabadell). “-. T :
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Schedulig model for non-critical patients

admission into the ED

Patients Input Distribution 4 Svstem Siafe (S8 \ ( \
HISTORICAL | |  (mumberand love) ystem State (53) PATIENTS RELOCATION
. Test and Treatment calculation ) ' |
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:?."-"""'II l"“"'h" in care in each hou) Constraint of maximum delay time
\ J T \_ Y, \ )
SS UPDATE E
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' Y
I ]
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e 20 HPC 4
===

Research Group




Model of “Patient Flow” in diagnosis & treatmen
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Scheduling Model For Non-critical Patients

Admission Into A Hospital Emergency Department

Patients Input Distribution System State (SS)
ber and level ) ATIENTS RELOCATION
HISTORICAL (number and level) Test and Treamment caleulation PATIENTS RELOCATIO
DATA : II Pmbnbnlny Distribution (Number of patients Limit of attention capacity (T_ThP)
Hiooennd LTI in care in each hour) Constraint of maximum delay time
85U l DATE
for each relocation
)
i
=== | ——— APPOINTMENT ¢
! CURRENT DEM: \"\D SCHEDULING 1: 1
I OF SERVICE T FORPATIENTS |
b ADMISSION G

Scheduling model for non-critical patients admission into the ED
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M PaT LoW

30000 PaT: Patient attention Time
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Those that Simulation of Health Services gives us

0“Visiting the future” and taking decisions
v' Simulation as a source of data
o Impossible/forbidden experiments

o Virtual Clinical Trials

unB cesnrch G
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When Big Data Isn’t Enough (Michel Morvan COSMOTECH)

While a big data approach does work in many instances, there are
some cases where it will fail to deliver solution:

e The first limit is that big data is designed to predict phenomena that have
happened before

e That limits its usefulness for predicting unusual events that we know can
happen but which are not expressed in the data.

« The second limitation of the big data approach is that it’s largely a black box.

e The algorithms will find many correlations and use them to make predictions
about what will happen in the future.

* Data tells us what but not why: “You cannot explain the why”. “In some

cases, this is OK. But in other cases...you really need to explain why they’re
going to happen that way.”

Alex Woodie. https://www.datanami.com/2017/01/26/big-data-isnt-enough/

HPC 4
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Simulation as a source of data for unusual and

unexpected situations in Health Services

dThe use of data mining techniques, based on real data
provided directly by health services, provides new useful
knowledge for decision-making but not always real data
are available for all possible situations,

dSimulation provides parametrizable tools (simulators)
allowing us to "replicate/create" any possible situation,
becoming then the simulator in a "sensor/generator" of
"virtual-data", otherwise difficult or impossible to obtain
from real systems or historical data bases.

d"Simulated-data" will expand "real-data", allowing us
obtaining more reliable models better predictions and more
powerful and reliable support for helping Decision Support
Systems..



Predicting with Real Data

Staff configurations with an optimal average value
3500 . .
of the Lenght of Stay (LoS)of patiens in the ED

3000 -

2500 -

2000 -

500 - l
1000 - .
;428 #STAFF=7
=5 CONF 1: 1DS, 3DJ, 2NJ, 1AS
500 - CONF 1: 2DS, 1DJ, 1NS, 1A)
e #STAFF=7
CONF 2: 2DS, 1NS, 2AS .
0 COMNF 3: 2DS, 1NS, 1AS, 1A) CONF2:4DJ, 2NS, 1AS
0 2 4 6 8 10 12 14 16 18
Number of incoming patients per hour
4 pat/h
Incoming
Patients 9 p at/ h
urBe =HFPC 4
ERS
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Predicting with Real Data

+ SIMULATION DATA: IMPROVING PREDICTION

Simulation
value
rc00 Staff configurations with an optimal average value
of the Lenght of Stay (LoS)of patiens in the ED .
3000 - 17;3266
#STAFF=7
CONF 1: 1DS, 3DJ, 2NJ, 1A)

2500 7 Prediction (regression) error:

000 What serious problems could

this error generate?

500 - l

1000 -
;428 #STAFF=7
500 - #STAFF=2 CONF 1: 2DS 1[; 51N5; qay  CONTEIDS3D) 2NLAAS
CONF 2: 205, 1N§: ;ﬁ CONF#;L?;F;N?S 1As
0 COMNF 3: 2DS, 1NS, 1AS, 1A) ’ ’ ’
0 2 4 6 8 10 12 14 16 18
Number of incoming patients per hour
. . 4 pat/h
Data generated by simulation can be a Incoming | g oo
Patients

more

V.- 3 behavior of the real system.

Universitat Autbnoma
deBarcelona
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Simulator User, 1o sscover macro loved systom tanres

Simulation (Virtual) and Real Data

Macio Level Simulator(Application)

Data Process Layer(Adaptation)

Table 1: LoS and ED resources utilization with increasing arrival patient

. . Average LoS by acuity level(hour) | Average of ED %,
Daily arrval | MY L0S DYy oveur) | Jemee e D
361 10.83 » 9.79 70.51 67.94 53.95 43.68
397 10.84 §10.90 § 10.41 81.39 78.29 6205 50.27
416 11.66 §11.28 § 10.69 83.64 80.59 6423 52.16
436 1187 11.73  11.31 86.75 B4.50 66.84 54.17
456 11.71 §12.09 4 11.85 91.32 87.19 69.80 56.27

Add two more technicians to laboratory room

— Average LoS by acuity level(bour) | Average utilization of ED resources( 7%
Deily srxivel [ - ' ya { 5 ! Tr..,:g Na Da Dy \,(, )
56 60.67 5199 B57.19 69.47 5665
476 64.19  55.04 9230 73.01 59.42
496 66.37  56.00 96.06  76.32 62.25

Daily arrival

Averay
1

2

Table 1: Two more doctors added to area A

ge LoS by acuity level(hour)
3 4

| Average

Trian

utilization of ED resources(%)

Na Dy

Dg

No

10.89
11.12
11.26

11.01
10.86
11.31

11.07
11.20
12.54

4.13
4.36

3.98 415

66.73

4.79 | 68.75

5.82

71.39

57.50 T1.84
58.67 7299
60.65 76.00

7579 61.58
78.80 64,
82.52 &

Total

H. del Tajo

H. Getafe

H. Infanta Cristina

H. Doce de Octubre

H. Gregorio Marafién

0% 20%

40% 60%

80% 100%

[=1 visita

m2-9 visitas

0210 visitas |

A Pediatr (Barc). 2017,86.67-75

Patient Frequency

Universitat Autbnoma
deBarcelona

POSSIBILITY OF SIMULATOR

Simulation condition:

Tie: 720 hours(30 days)

e} mites per one cenano
-

urgent patientsiacuity level 1,2 804 3)

Number of patients in waiting room

U ———

non-urgent patients(acuity level 4 and 3)

SR —

g e ]



Our proposal: inclusion of the 51"V

Virtual data (simulation generated)

The promise of Big Data

» Data contains information of great value

* If you can extract those insights you can make far
better decisions...but is data really that valuable?

Data at Rest

Terabytes to
exabytes of existing
data to process

Universitat Autonoma
de Barcelona

Data in Motion

Streaming data,
milliseconds to
seconds to respond

e

Salasde Atencidn  Salas Aencidn
A Enleamenss

\ o

||

||—

[|—
2]

Data in Many
Forms
Structured,

unstructured, text,
multimedia

Gy

Data in Doubt

Uncertainty due to
data inconsistency
& incompleteness,
ambiguities, latency,
deception, model
approximations

The simulator:

source of Big Data

Data from
“Virtual
Worlds”

Simulation as a
sensor of the
real world

~=_) Research Group
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e
.51.-:;4 DA LN,
~ Big Data and
Simulation
sirAtiation:
Data Mining Extrapolation 'I i ,,l'
Without S Simjfi_i;at,t.g
. . Relati Relations '
simulation Real Data Klfoi‘vlg:ilgse - Knowledge } Extrapoled

Data obtained directly from the real system will be
complemented with data generated by the simulator.

What would be
more reliable?

Data Mining
Including Real Data (OGS
simulation 0 ‘ Extended => Relations
Data Knowledge } Extended
Simulated Data

ﬁ Simulation .
® The simulator as a sensor of “real data”

Models

difficult or impossible to be obtained

“Simulation as a Sensor of Emergency Departments: Providing Data for Knowledge Discovery” (Work-in-Progress Paper) E. Bruballa, M. Taboada,
E. Cabrera, D. Rexachs, E. Luque. Procc. SIMUL 2014 : The Sixth International Conference on Advances in System Simulation pp 209-212. 2014

“Simulation and Big Data: A Way to Discover Unusual Knowledge in Emergency Departments” (Work-in-Progress Paper) E. Bruballa, M. Taboada,
E. Cabrera, D. Rexachs, E. Lugue. Procc. 2014 International Conference on Future Internet of Things and Cloud. pp 367-372. 2014




Those that Simulation of Health Services gives us

0“Visiting the future” and taking decisions
o Simulation as a source of data
v Impossible/forbidden experiments

o Virtual Clinical Trials

UNB HPC 4 Parc Tauli Sabacki
Universitat Autbnoma E[;'E Hospial Universan
de Barcelona L SEArC



Contact Transmission Model of the - T
MRSA propagation in the Emergency T E
Department

ppppppppp

® Doctor ‘:‘,:"‘"""';' Possible infectious states -
AA rsonne . .
" AA i~ Y
‘ i Susceptible [5): Mot carrying MARSA
— - Colonized (C): Camying MRSA without
Auxiliary - Patient 4 oroiome.
Personnel
AA Llnfaclmil_l}: Carrying MRS5A with symaoloms.

9
“ ’ rﬁ'.lﬂepﬂble (8): Mot carrying MASA
. Permanent Colonized (PC): Carrying MRASA,
-, | always. Mol symploms. I dacolonization timea
n | HCW 4 finish return to 8,
. ) Temporarily Calonized (TCh: Carrying
A Nurse/

MRSA, Raturn io 5 with an effectiva hand

Trlaga Nursa Patlent Ldlﬁln.mtﬂn action.
AA AR " Uncontaminated: Not MRSA.
c—amh“d: Contaminated: has MRSA, Retum o
e { uncontaminated state after clean i
| action. ;'

AA = Active Agent
PA = Passive Agent

Carebox Cleaning .
= Inferaction
PA Personnel
U "| AA sabadell
et

Universitat Aul
deBarcelona =) Research Group




Simulation of the MRSA propagation in the Emergeney

Department

Contact Propagation Model: Agents

Modelization: Transmission forms
Active Agents_____
Physical contact. - Admission persorndl
# Direct transmission == Active agent — Active agent - Doctor(s, J)
- MurseE, J) '
% Indirect transmission =» Active agent — Passive agent— Active agent - Ay persoand 'i
- Cleaning s .
. —Norrcanrier i
[ e | - ﬁ\
i l_h‘:i U

TR . $ | PassieAgents
Transmizzion  Suscaptinle Transmizzion Suscy - I Informaton syst=m
\ector Agent Wectar Transnl i -‘ L
ACTUAL PHYSICAL C‘f‘mﬂ[ '
SYSTEM

MRSA Time life on dead surfaces: 9

Cortaminated
Korrcontamingted

Transmission Model:
MRSA propagates

jdepe <- ou

;
0' .
Anisis Protofyping
‘ .

% !

¥
Conceptua‘.lzflt:?[a.-_n.-:n‘i'l COMPUTATIONAL m ’m'
L Model SYSTEM MODEL (data)

~

Contact Propagation Model: i
N

t“r‘

=

Prevention policies of the healthcare staff

no; -> readjust

TC = Temporalmenss Colasiord

F—

The accomplishment level of the healthcare staff agents with the prevention
policies is measured by the accomplishment factor (AF).

::;: | :::: Fs T PimaAC Fse®E || F%wmI

The three prevention actionsthatareevaluated inthis research

Uni

are: : ]

* Handwashing
* Sanitizing hand
* Use of isolation material

P4
=F

Research

1

T

Direct Propogotion Funtion




Simulation: Case Study A

Objetive: To identify the influence of hand washing (HW) on the number of
iInfected and colonized patients considering different values of effectiveness.

Parameters of Execution:

Description Variable Value
Simulation Time Simul_Time 1440 hours
Average patient arrive per day?* Averag Pat 398
Percentage transmission vector that armive ED Percen TV 2%
Percentage of patient with predisposition to acquire MRSA  Percen_Predis 20%
Hand wash probability Hand W _Prob 100%

*The flow of patients has a probahility distribution per hour, considering hospital data.

Output dates: N
Table : Handwash Probability = 100%
Effec_ HandW 0 10 20 30 40 50 60 70 80 20 100
Colon_arrive 222 246 240 252 247 259 241 259 229 255 265
Infec_arrive 242 244 248 220 235 207 238 227 228 231 234

NonCol arrive 23401 23467 23468 23483 23474 923400 23476 23460 23408 23471 23458
TotPat_arrive 23955 23057 23956 23955 23056 23056 23955 23055 23055 23057 23057
Percen . TV(%) 194 205 204 107 201 105 200 203 101 203 208
Colon_ED 12868 11326 0411 6634 3723 1568 757 370 160 74 0
Infec_ED 8573 7431 6258 4303 2355 1074 513 263 107 40 i

UNB TotTV_ED(%) 9144 8034 6744 4800 2738 1207 730 471 306 250 208

Universitat Autbne
de Barcelona




Simulation: Results Case Study A

Output dates: Efficiency

) . . . , o_Transmission vectors arrive and transmission vectors leave ED
Colenized and infected patients in the attention process 10
14000 BN Fercen TV{Transmission Vector arrive ED)
*— Colon_ED (Colonized patient in ED) TotTV ED(Transmission Viector leave ED
12000 oo Infec_ED |Infected patient in ED) —-— == [ )

lﬂiﬂlﬂ :

80
Percen TV = 2% &0 Percen_TW = 2%
8000 - Percen_Predis = 20% :Eff:y: !’Pl‘ét:s—= 20%
HandW_Prob = 100% andW_Prob = 100%
6000 | o
s000}
20k ]
2000 | :
H l
0 \1\-'&—:: 0 B ‘J_‘_.j_.-_ -
0 20 40 &0 B 100 0 2 4 & B ) 12

Effact_HW (%)

Patients

Percen TV (%)

Effec_Handw (%)

Colonized and Infected Patients with a hand wash (HW) accomplishment
of 100% and differents values of effectiveness.

UunB HPLC 4 Parc Tauli Sabac3§
Universitat Autdnoma E[;'E Hospial Universan

deBarcelona Research Group



Simulation: Resultas Case Study A

Sensitiviy to “Percent_TV”

Outputs dates: (Transmission Vector)
L4000 Colonized patient in ED varying parameter Percen TV 9000, Infected patient in ED varying parameter Percen TV
= Percen_ TV = 2% | " = Percen TV = 2%
12000 ‘:~ s—a Percen_TV = 4% | ' % Percen TV = 4%
= s - 8% | «—s Percen TV = 8%
Percen_TV = 8% o ;
10000 ¢
= 600D
B £
- 5
3 a00o = 5000 Percen TV = 2% |
2 Percen TV = 2% w '
u
z Percen_Prediss 20% E \, Percer_Prediss 20% |
Y, &0 HandW_Prob = 100% 5, 4000+ \ HandW_Prob = 100%
o G ]
[ ==
3 8 3000 |
4000 | b
2000 |
% \ \\‘._.
000 N = | 1000} " \\‘_ | O ]
| B -— e
— ———
L i i — 1] e
a
0 20 a0 &0 a0 100 0 20 40 Eﬂ a0 100
Effec Hand@y (%) Effec_Hano W (%)
(a) Colonized patient leave ED. (b) Infected patient leave ED.

Influence of hand wash (HW) effectiveness in the number of colonized and
infected patient with MRSA during the attention process at ED.

UunB HPLC 4 Parc Tauli SabacB4)
Universitat Autdnoma E[;'E Hospial Universan

deBarcelona Research Group



Those that Simulation of Health Services gives us

0“Visiting the future” and taking decisions
o Simulation as a source of data
oIlmpossible/forbidden experiments

v Virtual Clinical Trials

UNB HPC 4 Parc Tauli Sabacid)
Universitat Autbnoma E[;'E Hospial Universan
de Barcelona L SEArC



Clinical trial design

Clinical Trial: Any research study that prospectively assigns human participants or
groups of humans to one or more health-related interventions to evaluate the
effects on health outcomes. Interventions include, but are not restricted to drugs,
cells and other biological products, surgical procedures, radiologic procedures,
devices, behavioural treatments, process-of-care changes, preventive care, etc."

© ® 0
sat —> Hypothesis —»‘_Daglim_l—)l Execution j—m—» End

+ Dafing the spacific objactive(s). + Select participants (select criteria) to

+ Define a spacilic question: must ba. | the study. i . Hammmaummm:a}mmmi
i “answerable". i : + Obtain patient consant. Data analysis. [
.+ Choosa the oulcome to measure, 11+ Takethe samples, i; + Derive conclusion(s).
|+ Define the Inclusion/axcusion critoria,| | * Measure the ouicome(s). N ;
m '| T £

--------------------------------------

Flow of Clinical Trial Design and Execution Process

unB HPLC 4 Parc Taull Sabadell
Universitat Autdnoma ’E[:|E Hospial Universan

deBarcelona Research Group



Simulator: Virtual Clinical Trial design

Influence
Patient creation

| st Patisnt Configuration | _

"« Total patient admitted

« Median age of Patients ~ @=++====**

= Patient carrying MRSA
arrive (%)

» Predisposition patients
arrive (%)

r/iIHBn-HW- HCW carrying MRSA \
MRSA-P = Patient carrying MRSA
Predis-P = Patient with predisposition

internal Variables of patient agent

- ID = p001 MNoPredis-P= Patient without predisposition

- Infectious Status = Colonized Iso-Mat = Use isolation material

- =67 Molso-Mat = Does not use isolation material
- Predis-P= No Chb = Carebox

MRSA-Cb = Carebox contaminated with MRSA

——= = Enwironment Configuration Parameters
\= = Internal Transmission Variables

Interaction Transmission
[w Ward Facilties Configuration | . function s
« Carebox
= |nternal test room \
= Laboratory test room ™ | ETTTT T ]
» External test room NPUT | | :
* Ambulances avallable | RospAMeETERS | & - Layer of MRSA transmission . :
| Input HCW Configuration ]— i :
"+ Admission personnel '
« Tags nurse MRSA-T SIMULATOR
o Juniornurse | ermrmremmemesssesssessssesesesssessosssossss s
» Senior nurse
ICM Configuration
« Junior doctor -1 "l " :
|« Hand wash compliance _ [Internal Transmission Variables |
« Senior doctor « Hand wash effective r ™,
=« Auxiliary personnel « Hand disinfection compliance / Transmission coefficient between MRSA-P and:
» Clean personnel » Hand disinfection effective
“ « Use isolation material compliance + HCW Nolso-Mat
* « Isolation material effective s HCW Iso-Mat non-effective
Influence + Clean cb compliance = HCW Iso-Mat effective
HCW creation | » Clean cb effective « Carebox
g‘ : v Transmission coefficient between MRSA-HCW and:
snsmmmmee® ‘
H + Predis-P >= 65 years old
=IIIIIII c aEER m aEER MMEIIIIII; = MI!-P{Bsmdd
= MoPredis-P >= &5 years old
= NoPredis-P < 65 years old
Internal Variables of HCW agent T fficient bat MRSA-Cb and:
= 1D = n0O1
- Infectious Status = Susceptible + Predis-P
- Hand wash probabillity = random 100 =+ NoPredis-P

uUrB MRSA-T-Simulator: Envi

Universitat Autbnoma
de Barcelona

- Hand wash effectiveness = random 100

.\-

ronment Configuration Parameters and Internal
Transmission Variables

lell



Virtual Clinical Trial (VCT) Results

i

© ®
I

Execution

®

Uni

Universitat Auti
de Barcelo:

Hypothesis ——{  Design

+ Define the specific objective(s).

+ Selct prichants (st e o |

— DataAn:Iysls (B )

+ Record the outcome(e)of intrest, |

i .Daha:.rfoelhmuﬂnn:mba“ mmm + Dnnmaipl
i + Choose the oulcome to measure, I+ Takethe samples, , + Derive conclusion(s).
!+ Defive the Inclusionfoxchusion crtri | Messure mecutcome(s).
e,
14,00
1200 | HMRSA-ACH(%) 1172
- 10,00
% 8,00
S oo Baselme g 569 01 6.60
ﬁ ' 4 49 4.80
4,00 3 32
= 2 60 306
0,00
20 10

Hand D|5|riec:hun Efechue {%J

(a)

Admission i 1 -
. Parsoanel /POSSIM@ infectious states--- ~

Doctor

SLIM:!DIIIIIE (S): Not carrying MASA
Golonleed (c): Camying WRSA it

Augxiliary Patient - gum,
Personnel
AA Infocted(l): Camying MRSA with symptoms.
L
L
SUREBIINE(S) Not carrying MASA
Permanent Colonized (PC): C w QMRSA
~ always. Not symptoms. If dac:
HCW neh reum 1 5.
. 'rempomny colanlzed (TC): Carrying
h an sifactivs hand
Triage Nurse  Patient msm s asion.
AA AA rUanlm\nu&d‘ Not MASA.
Carebox-{ Contaminated: has MRSA. Retum to
] uncontaminated state after clean
\ |_actien
AA = Active Agent

PA = Passive Agent
= Interaction

Carebox
PA

Cleaning
Personnel
AA

Contacts between agents involve in transmission process.

Patients Patients Patients
VCT | HW-Effect m:lm?‘;rm MRSA-Acg .:.ln?{:ﬁ]
1 100 1277,23 29,23 2,60
2 a0 1274,27 34,38 3,06( ;
3 80 1269,53 37,02 3,32 &
4 70 1277,50 45,27 4,02
5 &0 1274,64 50,28 4,49
[ 50 1269,91 53,55 4,80
7 40 1276,09 59,04 5,26
a8 30 1272,83 63,67 5,69
9 20 1275,91 68,48 6,11
10 10 1271,87 73,86 6,60
11 0 127527 131,31 11,72

(b)

(a) Percentages of MRSA-Acq(%) for 11 VCTs. (b) Output data for 11 VCTs based
on Control Case. A decrement of Hand Wash Effective variable is apply in each VCT.



Where are we going? The Future

Chronic Diseases-eHealth

* By ageing population we will have an increase in chronic conditions
* Increasing ageing population increase demand of health Care system or budget

Aged More chronic More time
population Diseases in hospital
More Down
Budget QoS

/Flu Propagation in ED

Within-host

Engineering
Analyzing of
»| Simulation | »| simulation | »| Implementation
results
Model 1 Model3
Behavior of i
chronic patient ——* Emergency ——» "
in current model “7%“”'&:— Department «—| Hospital
> |patient
Trends in Microblology
Patient Quality alongithe
. m
Model 2 Online time e
Monitoring and
Behavior of recommendation

chronic patient =i
in online model | \

I

Intelligent Self Care Model

!
c 1 S Y Probl e
Patient
No
(oo
i
" S
HPC 4 Parc Taull Sabadell
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Conclusions

Simulation:
e Data
e Information

* Knowledge

Based on MODELS
(Glass Box vs Black Box)
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