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Abstract

Overcrowding in Emergency Departments (ED) results in increased Lengths of
Stay (LOS) and longer Waiting Times (WTSs) for patients. These are ever-growing
concerns in all hospitals around the world. Published literature shows many causes
of this problem. This study, explores and identifies that one of the prominent causes
can be attributed to human behaviour within EDs. It appears that patient behaviour
has not been included in previous work as a cause of overcrowding.

This thesis aims to present a method referred to as Discrete Event Simulation (DES)
in an effort to explore and understand the effects of patient behaviour in the
overcrowded ED of Tripoli Medical Centre (TMC). Firstly, a descriptive study was
adopted, which collected data from different hospital sources, i.e. ED reports, ED's
services time, staff and managers’ opinions, and the observations of patients
attending the ED of TMC. This identified the most significant behaviours impacting
LOS and WT. Secondly, four different DES models were developed and analysed.
Ultimately a hybrid model comprising of DES logic and Bayesian Network (BN)
modelling was developed to capture and analyse a more accurate occurrence of
human behaviour.

Analysis of the hospital data reveals four behavioural factors are responsible for
increasing WTs and LOS, leading to disruptions in patient flow. These factors
include confrontation, challenges, passivity and illness belief. These behaviours are
often appearing amongst the minor and non-urgent patients, who represent
approximately 75% of all ED patients. The examination area within ED was found to
be the place most commonly impacted by difficult behaviours, which is shown by
the prolonged WTs in this area.

A new strategy termed as Patient Behavioural Control (PBC) has been devised,
developed and modelled. The PBC strategy aims to detect patient behavioural
problems early and implements a revised patient flow procedure that results in
overall reductions in LOS and WTs. This thesis contributes to the knowledge in this
arena through consideration being directed towards patient behaviours from an
operational perspective, utilising DES models in an effort to establish cause and
effects, thus helping to devise a new approach in the healthcare sector. This new
approach is not restricted in terms of application in only the healthcare arena, but can
be adopted across other sectors for the management of human behaviours.



Declaration

This is to certify that:

() The thesis includes only my original work.
(1) Due acknowledgement has been made in the text to all other material

used.

Signature: Entisar Aboukanda

Date: 4/8/2014



Publications

This section provides a range of publications that are considered part of the work of

this thesis:

1

Aboukanda, E & Latif, M. Characteristics of Patients Attending the
Emergency Department at the Tripoli Medical Centre. Journal of

Management research, 2013. Vol. 5: 333-344. ISSN No: 1941-899X.

Aboukanda, E & Latif, M. Exploiting Simulation to Reduce Patient waiting
Time Using A Streaming Strategy in An Emergency Department.
International Journal of Advanced Technology and Engineering , 2013. Vol.

3(2): 79-86. ISSN No: 2250-3536.

Aboukanda, E & Latif, M. The Effect of Patient Behaviour on Wait Time in
Emergency Department. International Journal of Business and Commerce,
2014. Vol. 3(6): 18-31

Aboukanda, E & Latif, M . Exposing Human Behaviour to Patient Flow
Modelling. Proceeding of the 37" International MATADOR conference,

Manchester, UK 2012:247-250.



Acknowledgements

I would like to acknowledge the financial support that was provided to me, through
Libyan Government. It has actually given me support throughout the period of my

academic study.

There are several people who have supported and encouraged me during the
completion of this work. Firstly, The author gratefully acknowledges helpful
comments and contributions received from my supervisor, Dr Muhammad Latif
who has provided invaluable advice and incredible patience with the delays and
diversions that have occurred during my studies.

My appreciation goes to all of my family and friends, who have supported and
encouraged me during the last four years.

I also sincerely thank the volunteers, who must remain unnamed, and provided the
knowledge for data collection phase in this thesis.

Last but by no means least, | would like to thank my sister, Samira Aboukanda, who
probably did not realize the importance of what she has done for me during the
period of my study. Her patience and care have got me through many difficult
periods, and while | wouldn't go so far as to say that | couldn't have done this

without her, I'm very pleased that | didn't have to.



TABLE OF CONTENTS

ADSEFACT == [
D= To] P L1 o] I SRR I
PUBTICALIONS ... i
ACKNOWIBAGEMENTS ...t \Y
LiSt OF TADIES. ..o e X
LISE OF FIQUIES ..ttt \%
LIST of ABBREVIATIONS.......coooiiiiii ittt Xviii
Chapter 1 : INtrodUCTION ......ocviiieecec e e 1
1.2 INEFOTUCTION ...t bbb bbbt 1
A T Tod (o | (0110 PSSR 2
1.2.1 Emergency Department OVErcroWdiNG: .........coerverveirinininiesiesieseeeeese e 2
1.2.2 PAIENT FIOW ..o 3
1.2.3 Causes Of ED OVEICIOWHING: .....cveiiiriirieriiiieiieieieis sttt 6
1.2.4 Effects 0f ED OVErCrOWING: .....c.ooviieieieee ettt sttt sre et n e st sae s 6

1.3 The Problem StAtEMENT:........cciii ettt sre e e sbe e sreens 7
1.4 RESEAICI AN ..ottt e bbbttt bt 9
1.5 RESEAICH ODJECLIVES.....eoiiiiieii ettt st re e sr e be e sreens 9
1.6 TheSIS CONTIIDULION. ........oiiiiiiiieeee s 10
1.7 RESEAICN SITUCTUIE ... 11
1.8 SUMIMAIY . ..ttt bbbt b e bt ekt et e et e e sbe e sheeebb e sabeenbeebeenbeenbeeas 13
Chapter 2 : Literature REVIEW .........ccoiveieiieie et 14
2.1 INEFOTUCTION ...t bbbttt bbb e 14
2.2 Emergency Departments’ Processes and Time Definitions .........c.cccovrvrevinneeneneenennenn 15



2.3 General Concepts Of SIMUIALION ..........ccoiiiiie i 18

2.3.1 What iS SIMUIALIONT ... e 18
2.3.2 Why USE SIMUIALIONT .....cveiiiiieieee ettt st re e ne e 19
2.3.3 TYPes Of SIMUIALION ........cooi i 20
2.4 Simulation in Healthcare and EDS ...........coooiiiiiiiiiecece e 21
2.5 PAtiENt BENAVIOUS .......c.oiviiiiiiiiiiiiteisi bbb e 28
2.5.1 Defensive Behaviours: Challenging and Confrontational Patients.............c.cc.cceenee. 32

2.5.2 Protective Behaviour: Unwillingness to Disclose Information relating to the

SHEUBLION ...t b bbb s 33
2.6 DES TECINIQUE ......eeviiiieisteit ettt 34
2.6.1 The DES Modelling TEChNIGQUE ....c.voiviiieiieceee ettt s 34
2.6.2 AdVANtages OF DES..........ooiieiiiie s 35
2.6.3 Application Areas and Simulation Software Of DES...........cccccovovvieievivsiennseere e, 36
2.7 Human Behaviour MOdelling..........ccoivviiiiiii s 36
2.7.1 Modelling Human Behaviour using Simulation ............c.ccoeeeiereiininnenenenene 36
2.8 SUMIMAIY . o iiie ittt ettt e st sa e et e et b e e s bt e sa b e e sate e e be e e snbe e e sbe e e saae e anbeeenneeenrteas 38
Chapter 3 : Methods, Design and Implementation ..............cccccevevivveeneene, 39
Bl INEFOAUCTION ...ttt bbb 39
BL2 FHEIT STUAY ...t bbbttt 40
3.2.1 HOSPItAl UNAEE STUAY ....c.veiieciiiie ettt st et sae e e 40
3.2.2 The Emergency Department (ED) in Tripoli Medical Centre (TMC) .......ccccoccevvennne. 40
3.3 Data collection methods and Materials ...........ccceoerieiriiiiniiese e 43
3.3.1 DOCUMENTE ANAIYSIS ...c.veevieiieeticie sttt sttt st sresba e b e s beetaesbesbeeneesre e 44
3.3.2.USING the TIMe FOMM ...t 45
3.3.3 QUESTIONNAITES......veeieeieesteesee et e ste e teeste e st e st e s e e be e e e teesbeesreeeseeeneeeseeesreesreesneesneeenns 47
BLBLA INEEIVIBWS. ...ttt ettt r e 49
3.3.5 OBSEIVALION ....c.veiie et sttt et re e nrens 49



3.4 Roadmap towards building the implementation phase of the simulation model .............. 52

3.4.1 First Phase: Problem fOormulation ..o 53
3.4.2 Second Phase: Data COIECTION .........ccoviiiiiiiiiiiicccc e 53
3.4.3 Third Phase: The conceptual modelling of the system ...........ccccceveiiiiviiciicin e, 54
3.4.4 Fourth Phase: Building the DES MOdel ..........ccccovviiiiiiiiieeeee e 55
3.4.5 Fifth Phase: Model Validation and Verification ............ccccoeoiiiiniiiiniiniecs 67
3.5 SUMIMEIY .t r et r e r e nr e r e e nreeneene e 71
Chapter 4 : Modelled SYSteM........ccccoveiiiiiecece e 72
A1 INTFOUUCTION ...ttt bbbttt b bbb ettt b et b nen e 72
4.2 Bayes Theorem INtrOQUCTION. ........ccoiiiiiiiiie et s ne e 72
4.3 Bayesian Network MOGEIIING .........coooeiiiiiiine e 74
4.3.1 Methodology To DeVelOp CPT ...ttt 76
4.3.2 Establishing the Conditional Probability Table (CPT). ..cccccoveiiiiiiiiiieieee e 77
4.4 Bayesian Simulation MOEL ............ooooiiiiiiii e 82
4.4.1 Actual System (replication) Simulation Model............ccccoooeiiviiiiiiieiiece e 83
4.5 SUMIMEBIY ...ttt bbbtttk e bt e bbbt e bt e et bt e R e nb e e b e e n e nb e et e e nenbeennene e 93
Chapter 5 : Data Analysis and DISCUSSION ..........cccccveieevieiie e 95
5.1 INEFOTUCTION ...ttt bbbttt bbb 95
5.2 Overview Of HOSPItal RECOITS .........coviieiiiiciice e 95
5.2.1 ED TMC Patients CharaCteriStiCS ..........coreruerieieirisisiesiesiesiesee e 96
5.2.2 Patients ArTIVAl PrOCESS ........cviiiiiiiriisie ettt 99
5.2.3 ED CAPACITY ....ocviitiiiie ettt sttt e et b et et ae e r e re e nreeres 100
5.2.4 Waiting Time and operation time in ED TMC ... 102
5.3 Overview of Questionnaires and INtEIVIEWS .........cccvriiieiiieie e 107
5.4 Overview of patient behaviour based on observational data.............c..ccccovvvveveviveiiennnnne 117
5.5 SUMIMAIY ...ttt bbb bt bbbt a e bt be e b sttt e e b e 130

vii



8.1 INErOTUCTION: ...ttt bbb s 132
6.2 TMC ED MOGEIS.....ceeeeiesieeece ettt ettt eneenne s 132
6.2.1 DES Model 1: Logical Representation ............cccocuvvrireneneneieeiesisesese e 132
6.2.2 DES Model 2: BaSiC MOGEN ...t 139
6.2.3 DES Model 3: 1deal MOEL ..........cooiiiiiiiecc e 155
6.2.4 DES Model 4: Behaviour MOGEI ..o 164
6.2.5 DES Model 5: Bayesian model..........cccccovviiiiiiicice e 175

5.3 SUIMIMAIY ...ttt ettt ettt ettt e s bt e sbe e sab e sa bt e n b e e e et e e sbe e st b e e sbeenbeenbe e e 186
Chapter 7 : Patient Behaviour Control (PBC) .......ccccocvvvivivieiieiievieenn 188
7.1 INETOTUCTION ...ttt bbb 188
7.2 Background OFf PBC ........cooiiiiii ettt sttt st re bt nne s 189
7.3 Lean Thinking of Patient Behaviour Control (PBC)..........ccccviiiiiiieiiiiin e 195
7.4 Patient Behaviour Control (PBC) .......cco it st 197
7.4.1 PBC Implementation in ED TIMC ..ot 197
7.4.2 Validation and VerifiCation............ccooeiiiiniiiiiseescse e 198
7.4.3 Changes Applied EXPIanation............cccccoviiiiiiiiciccecee e 199
7.4.4 PBC Analysis and StrategiC Planning ...........ccooveiriiineneieneieeesese s 200

7.5 PBC results and diSCUSSION .......c.eveiiieiiieiirieiiste et 203
7.5.1 Comparing the Patient Behaviour Control Model Results to DES5...........ccccveve.e. 203

7.0 SUMMAIY .ttt b e bt bt e bt bt e e nb e e b e e bt sb e e st b e et e nbeabeebenre s 212
Chapter 8 : Conclusions and Future WOrK..........c.coccevvvviiveiiveniniie e 214
8L CONCIUSION ...ttt 214
FULUPE WOTK ...ttt ettt sttt e st e te et e s aeereeaesneeneenee e 219
RETEIBNCES ...t e re e 220
APPENTIX A Lottt 237



APPENAIX B ..o 238

APPENAIX C e e 243
APPENAIX D oo 245
APPENAIX B 247



Table 2.1.

Table 3.1.

Table 3.2.

Table 3.3.

Table 5.1.

Table 5.2.

Table 5.3.

Table 5.4.

Table 5.5.

Table 5.6.

Table 5.7.

Table 5.8.

Table 5.9.

List of Tables

The significant patients factors affecting the service in emergency departments. 31
Details of the sub-classified Categories. ........ccceviiiiiiieiiiicce s 42
The complexity of the patient flow network within the ED...........cc.ccovvienennn. 54
Activities that have been simulated in the TMC'S ED .........ccccoceoiniiiniiiicincnnns 66
Summary of patients visiting ED, May 2012............ccccviiinineiiinenine e 96
ED capacity during study period (May 2012)........ccccceevverereniieieneeie e 101
Average patient waiting time to see a physician and percentage of visits exceeded

The recommended time frame in May 2012.........ccccooeiiiiininin e 102

Average time (in minutes) spent by class 4 and 5 patients in the triage waiting

room before seeing a physician and/or NUISE..........ccovvvvevereriesre e 103

Average time spent (minutes) by class 4 and 5 patients in the triage room with a

Average time spent (in minutes) by class 4 and 5 patients in the examination

L2 R L aTo (oo 1o SRR 106

Average LOS of ED Patients (in minutes) according to patient’s conditions..... 106
The significant patient’s factors affecting the service in ED. .............ccccoeene. 110
Staff opinion about the most serious difficult patient’s behaviour that effect

S VI CES . ettt e et e e et ettt e e e e e e e e et e ee e e e e e —tteeeeeeaae———teaeeeaa e ———reaeeeeaaa———— 113

Table 5.10. The Most important service areas for the recurrence of unacceptable behaviour,

and staff estimation of the extra time taken by difficult patients. .................. 115



Table 5.11. Staff Responses to Factors That Affect Patient Behaviour. ...........c.cccceevevenen. 116

Table 5.12. Distribution of Patient's characteristics by Existence of behaviour .................. 118
Table 5.13. Distribution of Patient's characteristics by Existence of behaviour. ................. 119
Table 5.14. Summary statistic for service times by Place and Behaviour ...............c........... 126
Table 6.1. Activity statistics of DES Model 1 (Logical Representation Model). ............... 136
Table 6.2. Queue statistics of DES model 1, (Logical Representation Model) ................... 137
Table 6.3. Resource statistics of DES model 1, (Logical Representation Model)............... 138
Table 6.4. Entity statistics of DES model 1, (Logical Representation Model).................... 139
Table 6.5. KPI results of stochastic analysis of DES Model 2, (Basic Model).................... 142
Table 6.6. Comparing the Model 2 KPI Results to the Research KPI Results .................... 143
Table 6.7. The Activities statistics for DES Model 2, (Basic Model)............cccocevevrennnnenn, 149
Table 6.8. The Queue statistics for DES Model 2, (Basic Model)..........cccccoovvrininincnnnn. 151

Table 6.9. The Resource Statistics (The average task time) for DES Model 2 (Basic Model).

Table 6.10. Average time of Key Performance Indicators for Model 2, ( Basic Model)..... 154

Table 6.11. Patient Length of Stay (LOS) Results for Model 3, (Ideal model).................... 157

Table 6.12. Stochastic Analysis Results of Case Types for DES Model 3, (Ideal Model).157

Table 6.13. ED Resuscitation Area Task Statistics for DES Model 3, (Ideal Model) ........ 158

Table 6.14. ED Examination Area Task Statistics for DES Model 3, (Ideal Model) .......... 159

Xi



Table 6.15. ED Triage Statistics for DES Model 3, (Ideal Model).........c.ccceoveieiiirenenenn, 159

Table 6.16. ED Cardiology Statistics for DES Model 3, (Ideal Model) ............cocevenenee. 160

Table 6.17. Observation Consulting Activity Statistics of DES Model 3, (Ideal Model).... 160

Table 6.18. Observation Activity Statistics of DES Model 3, (Ideal Model) ...................... 161

Table 6.19. Observation Exit Activity Statistics for DES Model 3, (idealModel) .............. 161

Table 6.20. Comparing Between KPI Statistics in DES Model 2, (Basic Model) and DES

Model 3, (Ideal MOEI)..........covviiiiiiiieeee e 162

Table 6.21. Formula Representation and Time Consumption for DES Model 4, (Behaviour

IMIOEI) . e 168
Table 6.22. KPI Results of Ideal Simulation Without any Behaviour Disruptions ............. 170
Table 6.23. Key Performance Indicator results in Reception (minutes) ...................... 172
Table 6.24. Key Performance Indicator results in Triage (Minutes)..........ccoovvvrerenerenene. 172
Table 6.25. Key Performance Indicators Results in Examination Area............cccoccevevennenn, 173

Table 6.26. Comparison of Minor and Non-urgent Patients in DES Model4, (Behaviour

Model) and DES Model 3, (Ideal Model) ........cccooiiiiiiiiiicees 174

Table 6.27. Comparison of LOS for Ideal, Behaviour and Bayesian behaviour Models..... 181

Table 6.28. The Number of Patient with Behaviours Considered by the Behaviour Model

and Bayesian MOdel...........cooiiiiii s 182

Table 6.29. Results of Stochastic Analysis of Queues for The 3 Model Types ( Ideal,

Behaviour and BayeSian)..........ccceveiereiieieinisise s 183

Xii



Table 6.30. Activity Statistics for Behaviour and Bayesian Models ............ccccevevvenenenn, 184

Table 7.1. Mean patient LOS (minutes) in Examination area Compared Before and After the

Implementation of Patient Behaviour Control (PBC).........cccccovvvviveiecieieinn 205

Table 7.2. Number of Patients Processed, (Before and After PBC Implementation) .......... 207

Table 7.3. Examination Waiting Time of Minor and Non-urgent Patients ( Before and After

Table 7.4. Average Length of Stay (LOS) of Case Type According to Developed Models 211

xiii



Figure 1.1

Figure 2.1

Figure 2.2

Figure 3.1

Figure 3.2

Figure 3.3

Figure 3.4

Figure 3.5

Figure 3.6

Figure 3.7

Figure 3.8

Figure 3.9

Figure 3.10

Figure 4.1

Figure 4.2

Figure 4.3

Figure 4.4

List of Figures

Patient flow of the emergency department ............ccocoeerereinininin s 5
The interval of ED LOS.........ccooiiiiiiis s 17
Discrete event model, Bank Kiosk in Arena TM ......oocveeeiviieiee v 35
The patient recruitment flow diagram, May 2012..........cccccovvivnininenennenn. 47
The project modelling PhasesS .........cccevvieeiiieccce e 53
Details of Patient ENtity.........ccocvoiiiiiiiiese e 59
Shows where the patient will go after entering ED ........cccoovvviviiiivciecenns 60
Details of reception aCtiVILY..........occereieiiriiiiiie e 61
Direction of patients (input rules for reception activity) .........c.ccocevevverennne. 61
Details of Staff that are required (Resource RUlg)........c.ccevevviiiiiiicienenn, 62
Direction of patients (output rule for reception activity) .........c.ccocevevrerennnn. 62
Representation of staff by their work place..........cccooevviiiiciiccccece, 63
Input analyser of arena reSult............cooeieiiiiiniie s 65
Bayesian network modelling of the Reception..........cccccoeeviiviieiiincienen, 77
CONFrONEALION STALE.........ooviiieieiee e 78
Challenge STALE .......ocueeiiieie e 78
e ] Y S LTS 78

Xiv


file:///C:/Documents%20and%20Settings/temp/Desktop/all%20chapters_new_new.docx%23_Toc394615018
file:///C:/Documents%20and%20Settings/temp/Desktop/all%20chapters_new_new.docx%23_Toc394615019
file:///C:/Documents%20and%20Settings/temp/Desktop/all%20chapters_new_new.docx%23_Toc394615022
file:///C:/Documents%20and%20Settings/temp/Desktop/all%20chapters_new_new.docx%23_Toc394615031

Figure 4.5

Figure 4.6

Figure 4.7

Figure 4.8

Figure 4.9

Figure 4.10

Figure 4.11

Figure 4.12

Figure 4.13

Figure 4.14

Figure 4.15

Figure 4.16

Figure 4.17

Figure 4.18

Figure 4.19

Figure 4.20

Figure 4.21

Figure 5.1

Figure 5.2

HINESS BEIET STAB .. .vviiiieeiiii ettt st s e s e r e s e e e s e e e s e eares 78

Reception Nodes Conditional Probability Table (CPT) .....cccoovvviiiiieiiee. 79
Reception area results based on the nodes and states............ccceeveveveevennnnn, 81
The attributes used in the Model ............ccoeiiiiiii 83
Applying attributes to eNItIES. .........cceviiii s 85
The process time implementation ... 86
[Hustrates the reception OULPUL UL .........ccooiiiiiiiiie 87
Implementing the random SYMpPtomS ..........cccceeeiiiiiiievie e 88
The four symptoms in the actual SYStem ..........cccoovvvveveviveiene e 89
Implementing the chain rule in the reception activity ..........cc.ccocvvrenennne. 89
The chain rule variables and probability displayed in actual model............. 90
Behavioural probability ..o 91
BENAVIOUN COUNL......cuiiiiiiiciee e 91
Assignment of different process times according to behaviour..................... 92
Triage process time according to BeNaVIOUT ............cooeieiiciiiiiiiine e 93
Observation process time according to behaviour..........ccccociveieieieeienne, 93
Laboratory reception process time according to behaviour..............c........... 93
The ED patients overview, May 2012 ..........cccooieiiiiiiene e 98
Number of patients per day (May 2012)........ccccoeririieinieiininee e 99

XV



Figure 5.3

Figure 5.4

Figure 5.5

Figure 5.6

Figure 5.7

Figure 5.8

Figure 5.9

Figure 5.10

Figure 5.11

Figure 5.12

Figure 5.13

Figure 5.14

Figure 5.15

Figure 5.16

Figure 5.17

Figure 5.18

Figure 5.19

Figure 6.1

Figure 6.2

Number of patients per Hour (May 2012, Weekdays)..........c.ccevvevveveriennnns 100

describes the staff opinion about overcrowding Cases...........c.ccoovvvrerrenne 109
The Negative effects caused by the difficult patients' behaviour ................ 114
Distribution of cases by location and behaviour..............cccccevvveveiiecieieenns 119
Distribution of cases by Gender and behaviour..............ccccoovvrininenenenns 120
Distribution of cases by Age and behaviour.............cccocoeiviiiiic i, 120
Distribution of cases by Time of observation and behaviour ...................... 120
Service TImeS iN MINULES ........c.ovriiiiriiiiiseesee e 121
Normal plot for Confrontation Behaviour (B1) Time .........ccccoovviivniiennns 122
Normal plot for challenges behaviour (B2) TIimMe........ccccoovivriiriiniiencniennns 122
Normal plot for passivity (B3) TIME ......cccevvveiiiiiieiece e 122
Normal plot for B4 TIME .....ccooiiiiiiciecse e 122
Boxplot of service times by Place and Behaviour ...........c.ccccoevevevieiieciennns 125
Two-way ANOVA for Time B1 by Behaviour and Place............c.ccccevuee. 128
Two-way ANOVA for Time B2 by Behaviour and Place............c.cccevenee. 128
Two-way ANOVA for Time B3 by Behaviour and Place..............cc.c......... 129
Two-way ANOVA for Time B4 by Behaviour and Place............c.ccccevnee. 129
Logical model Representation of TMC ED, 2012........cccccoocvviveivivnienenne 133
Logical Model, Hourly 10 patients visiting the TMC ED, 2012................. 133

XVi



Figure 6.3

Figure 6.4

Figure 6.5

Figure 6.6

Figure 6.7

Figure 6.8

Figure 6.9

Figure 6.10

Figure 6.11

Figure 6.12

Figure 6.13

Figure 6.14

Figure 6.15

Figure 6.16

Figure 6.17

Figure 7.1

Figure 7.2

Figure 7.3

Logical Model Counters of TMC ED,2012........c.ccccoceiiviiieveiieie e 134

Logical Model Activity states of TMC ED, 2012 .........cccccoovvininiiencnenns 135
Logical Model Ancillary waiting queues of TMC ED, 2012............c..c....... 135
Logical Model Registration queue of TMC ED, 2012 ..........cccceevveveiiennens 135
Basic Model Ancillary departments of TMC ED, 2012.........c.cccccveiveirnene 144
Basic Model Awaiting Treatment of TMC ED, 2012 .........cccccceevvevevienns 144
Basic Model Resuscitation and Immediate Care of TMC ED, 2012........... 146
Triage and EXamination.........c.cccccvveiiiieiiniiie e 147
New Enhancement of Examination Area with Behaviour.............c.c..c...... 167
Behaviour Time APPlICAtIoN ........cccooeieiiiiiir s 168
Development of random behaviour and probability equation .................... 177
Random behaviour programming in triage.........ccccevevereineninenesenenns 178
Programming of the Bayesian equation (Equation 3)...........ccccceeeevvevennenn. 178
The probability representation according to behaviour type .............ccc....... 179
Classification of behaviour and the time consumption with counters.......... 180
current ED TMC Patient FIOW DeSign ........cccceveviiiicveiieic e 201

current of Examination Area ED TMC Patient Flow Design _ One Queue 202

Design of PBC Strategy of ED TMC _ TWO0 QUEUE........cceevvreeririeeieeenn 203

XVii


file:///C:/Documents%20and%20Settings/temp/Desktop/all%20chapters_new_new.docx%23_Toc394615088
file:///C:/Documents%20and%20Settings/temp/Desktop/all%20chapters_new_new.docx%23_Toc394615089
file:///C:/Documents%20and%20Settings/temp/Desktop/all%20chapters_new_new.docx%23_Toc394615090

LIST of ABBREVIATIONS

No. | ABBREVIATIONS MEANING
1 T™MC Tripoli Medical Centre
2 ED Emergency Department
3 U Inpatient Unit
4 DES Discrete Event Simulation
5 WTs Waiting Times
6 LOS Length of Stay
7 PBC Patient Behaviour Control
8 RAT Rapid Assessment and Treatment
9 LWBS Leave Without Being Seen
10 POCT Point of Care Testing
11 FT Fast Track
12 HBR Human Behaviour Representation
13 SDs Standard deviation
14 SME Subject Matter Experts
15 BN Bayesian Network
16 CPD Conditional Probability Distribution
17 CPT Conditional Probability Table
18 Cl Confidence Interval
19 ITF Innovative Time Form
20 SPSS Statistical Package for the Social Sciences
21 Y Chi Square
22 KPI’s key performance indicators
23 MRI Magnetic Resonance Imaging
24 CT Computerized Tomography

XViii




Chapter 1: Introduction

1.1 Introduction

An Emergency Department (ED) is a medical treatment provision, specialising in the
acute care of patients who attend without a prior appointment having been made—
either by their own means or via ambulance. Because of the lack of predictability in
regard to patient attendance, it is imperative that the department delivers a range of
treatments covering a vast arena of different injuries and illnesses; importantly, some
of these may be considered life-threatening, and may therefore necessitate
immediate, urgent action. Nevertheless, EDs are experiencing many different
obstacles and issues owing to the fact that there has been a significant surge in
patient demand; this has subsequently induced the need to ensure services and their
overall quality is improved. The most serious obstacle that EDs face today around
the world is the overcrowding of areas within the department. This problem of
overcrowding alone can easily lead to the demise of a healthcare service. Over
crowdedness affects EDs from an array of different avenues that only lead to a
deficiency in activity and processes. This problem has an on-going reverse affect
from the very start, i.e. as the problem persists, the quality of service provided
degrades and the time needed for tasks increases. This reverse affect is then passed
down through to other patients and circulates throughout the departments. Hence,
both patients and the service provider are simultaneously affected in the worse

possible way as it is very difficult to control.
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Overcrowding is the subject of this study to see the cause and effects of this problem
and then explore the best solution to the problem. The ED in Tripoli Medical Centre
(TMC) within a developing country (Libya) has been chosen to be the subject of
study. TMC is within the capital city of country and is the hub for all medical centres

and facilities within Libya.

Chapter 1 discusses the background and outlines the motivation for pursuing the
study. This is followed by the aim and objectives of study, the problem statement
and research questions that aided the succession of this study. In addition this
chapter highlights the contributions of this thesis, a description on how this thesis is

organised concludes the chapter.

1.2 Background

1.2.1 Emergency Department Overcrowding:

Within hospital emergency departments, one of the most significant, urgent
operational obstacles facing such units is patients overcrowding, which is recognised
as threatening public health and patient safety. Considerable attention has been
devoted to the study of overcrowding in critical hospital departments in Europe/USA

on the root causes of overcrowding and their effects on healthcare services.

Markedly, overcrowding is commonly considered as a circumstance wherein there
are a greater number of patients than treatment beds and staff, and also where
waiting times necessitate patients to endure long delays [Hoot and Aronsky., 2006;

Trazeciak et al., 2003; Fatovich et al., 2005; Mahmoud et al., 2012].

Notably, overcrowding commonly comprises three types of patients: those seeking to

be admitted to the emergency department; those being assessed and/or monitored in



non-treatment areas; and those requiring transfer to the inpatient unit (IU) [Walshe

and Smith., 2006].

The matter of ED overcrowding is not new, as this problem surfaced in the
emergency medicine literature about 20 years ago. The Literature review shows that
many studies have been done over the past decade; the majority of the reviews
concentrated on the incidence of the problem, its causes and the consequences on the
health services [Andrulis et al., 1991; Fromm et al., 1993; Varon et al., 1994; Nelson

etal., 1998; Lambe et al., 2002].

This problem has been compounded recently, a literature review carried out in the
United States over a period of 4 years, highlights findings that the emergency
departments have more than 114 million patients annually, that have been affected

because of this serious problem of over crowdedness [Bolton and Johnson., 2011].

The increase in the ED overcrowding problem has motivated researchers to delve
into the issues surrounding the causes and effects, as well as how to establish a

solution for this problem.

As is the case with any successful application of such studies, an understanding of
the underlying environment is essential. Moreover, within the ED environment, the
concept of patient flow is fundamental. Therefore, the following contains an
explanation of the work environment in different emergency departments, and how

the patients move from one stage to another within a patient flow system.

1.2.2 Patient Flow

Overall, patient flow is viewed as being the transfer of patients throughout various

different locations in specific relation to a healthcare facility [Litvak, 2010]. Various



different studies have also established that a patient flow system is a valuable tool for
examining and evaluating hospital performance. Furthermore, a patient flow system
has the capacity to establish the overall potential of hospitals to provide patients with
quick and efficient services as they progress from one phase of care to another [Hall,
2006; De Silva, 2013]. Importantly, the patient flow system comprises various
physical flow stages, all of which concern the flow of existing materials, such as
decision flow, information flow, the number of doctors and nurses available, test
results, treatment materials, and waiting-list operation departments. Occasionally, it
is recognised that information flow may also include decision flow [Moskop et al.,
2009]. Patient flow is first initiated at the time at which a patient is diagnosed with a
condition or illness or otherwise at the time at which the patient is first admitted to
the healthcare facility. In the same vein, after the condition or illness has concluded,
or otherwise if the patient is discharged or chooses to leave the healthcare facility,
the patient flow is recognised as being terminated. Between the time of admission
and patient flow conclusion there are various different activities, conditions,
locations and/or services the individual may experience. Furthermore, during such
points, the patients may require the utilisation of various different healthcare
resources, namely beds, examining rooms, medical procedures, nurses, and
physicians. This therefore suggests that the overall patient flow system may be
described as a network [Hall, 2006]. Figure 1.1 illustrates the patient flow process,

[Zhao and Lie., 2008].
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Figure 1.1 Patient flow of the emergency department [Zhao et al., 2008]

In part, patient delays depend on how she/he physically flows through the network,
and also on the ways in which information, equipment and other objects flow
through it. In actual fact, the problem in hospitals is that such movements throughout
the patient flow network have been stopped or otherwise progress slowly owing to
many different reasons, which cause an increase in waiting time that subsequently,
leads to patient dissatisfaction [Jense, 2006; Jensen et al., 2010]. Previous studies,
which have been carried out in America and Europe, demonstrate that the
measurement of patient flow in ED can prove to be a very valuable tool in terms of
analysing the influence of various factors in regard to overcrowding. Consequently,
improving patient flow which is an essential issue in hospitals’ EDs, as well as all

over the world [Hoot et al., 2008; McHugh et al., 2011].

The following section is an account of the most important causes of emergency
overcrowding that have been monitored by previous studies. The section also will

list the most important effects that are caused by overcrowding.



1.2.3 Causes of ED Overcrowding:

Many previous studies have indicated that there are multiple factors that contribute
to creating a situation of overcrowding in emergency departments. The most
common causes leading to overcrowding have been listed by researchers as: an
overall increase in patient volume. increased complexity and acuity of patients to the
ED, lack of beds for patients admitted to the hospital, avoiding inpatient hospital
admissions by intensive assessment and treatment in the ED, delays in the service
provided by radiology, laboratory, and ancillary services, shortage of staff, and a
shortage of physical space within the ED [Lambe et al., 2003; Andersson et al.,

2001; Derlet et al., 2000; Schneider et al., 2003; Der Linden et al., 2013].

1.2.4 Effects of ED overcrowding:

There has been much published in the academic literature surrounding the negative
consequences of ED overcrowding, for example, increased risk of clinical
deterioration, prolonged patient wait times, subsequently leading to prolonged pain,
increased patient complaints, decreased staff satisfaction and decreased physician
productivity, increased pressure in terms of managing the hospital effectively, and
poor service quality [Ahmed et al., 2009; Peck et al., 2010; Hwang et al., 2008;

Derlet et al., 2001; Baer et al., 2001].

In actual fact, previous studies of ED overcrowding is solely based on ideal patients,
as they assume patients attending the ED come with a certain condition and follow
the designated patient flow patterns to acquire the necessary treatments. Hence
patients are only categorised by their condition and acuity level. This indirectly
implies the cause of overcrowding is mainly based on patient numbers attending and

the condition in which they attend in i.e. the acuity level and treatment needed.
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Therefore, many studies highlight the lack of facilities and inefficient management

of the available resources.

This study, takes a totally new and original approach, which is in essence a more
realistic and logical approach, as it considers patient behaviour to be a root cause that

inevitably develops overcrowded EDs.

In developing countries like Libya a more realistic patient flow model is needed to
take into account the effects of patient behaviour on the patient flow system. It is
recognised that under stressful conditions, particularly during overcrowding,
patient’s behaviour deviates substantially from ideal, especially when rules and
regulations are not formally known or enforced. From this point, the current study
proposed the problem statement as patient behaviour, being a key driver of

overcrowding in ED within Libyan EDs resulting in poor levels of patient healthcare.

1.3  The problem statement:

This problem study can be expressed by considering the following research question:

- Are problematic patient behaviours directly responsible for affecting the

patient flow system, and subsequently inducing emergency service delays?

To answer this question, additional related questions have to be raised and

considered. These gquestions have been summarised as follows:

e What are the most important behaviours that are considered by EDs' staff to
be undesirable, and are considered a reason to block the patient flow system
and increase the time within EDs?

e What patient types attending the ED show undesirable behaviour?



e Are there any specific areas and processes within the ED that experience
increased difficulties due to behavioural factors?

e What are intervals/times of the day that the most undesirable behaviour takes
place?

e Are there any important differences between normal patients and patients
with undesirable behaviour, in terms of service times?

e Are there any other factors, (e.g. staff behaviour, WTs, ED areas, age of

patient and so on) that contribute to the development of difficult behaviour?.

Answering these research questions should then help to identify a more suitable and
proper technique in modeling human behaviour by developing a greater
understanding. The selection of an inappropriate technique could easily lead to an
unsuccessful modeling process and produce undesirable artificial results, which will
not meet the aims and objectives of study and further be a waste of valuable time and
effort.

Due to the complexity of emergency departments, majority of previous research
studies based on healthcare providers and hospitals EDs, have used Discreet Event
Simulation (DES). DES has been deemed to be the most suitable technique to be
used as it provides fast efficient results without jeopardizing the service provider
directly and the simple capabilities of DES that can consider all influencing factors
[Connelly et al., 2004; Raunak et al., 2009; Duguay et al., 2007]. This thesis
describes the research work based on modelling human behaviour and using the
simulation technique DES. Chapter two (literature review)will comprise wider

explanation for the reasons of using EDs in this work.



1.4

Research Aim:

The overall aim of this thesis is to develop and analyse a new DES model for a

Libyan hospital, taking into account the impact of difficult patient behaviour

effecting the length of stay (LOS) and waiting times (WT).

1.5

Research Objectives

In order to accomplish this aim, several measurable objectives must be achieved:

Review past and current approaches to patient flow systems, and
understanding of patient interactions within an ED environment.

Gain experience with DES software and understanding of the modelling of a
patient health care system.

Explore and investigate patient behavioural factors and develop a knowledge
base.

Develop improved models of a patient flow system that incorporates human
behaviour, capable of accurately predicting levels of ED during
overcrowding.

Validate the models, developing the necessary test and comparison methods
appropriate to the health industry.

Use the simulation models and compare them against current hospital
management procedures.

Explore future use of the developed simulation model and define areas where
it may be of significant benefit to the health service providers and the

research community.
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Thesis Contribution

In this study, patient behaviour is considered as an additional cause of ED
overcrowding and an integral additive to the root cause. No previous studies
have been carried out or literature is available where patient behaviour is an
influencing factor that negatively affects the services throughout the ED. This
point is a new detection that helps in reducing patient waiting time (WT) and
then reduces length of stay (LOS), which can be assumed to lead to
improving the utilisation of available resources. Thus, reducing expenses
resulting from increased service time. Also by taking this factor into
consideration and developing a new strategy that reduces waiting time and
LOS, patients and staff will be satisfied with the service as the service
provider will reap the benefits of a more efficient facility. This study seeks
to complete and improve other working tasks in many aspects in relation to
the ED to enhance services and reduce patient WT and LOS.

Another novel point to be considered in this study is, this is the only one of
its kind to be carried out in Libya; there exists no previous study based on
overcrowding and studying the effects of this problem in Libya using DES.
This study will show the LOS and WT in the TMC ED, for the first time,
because there is no system in ED of TMC that account for time that patient
spend in ED. This study uses the time frame as innovative idea to find the
very important data needed to understand the working environment in ED,
and thus enhance the services.

This study further uses Bayes' theorem to find out the probability of having
difficult patients for the first time, Bayesian theory was deemed to be the best

fit in order to calculate these random occurrences as it considers the
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influencing factors. Bayesian theory displays the most accurate true to life
representation of behaviour occurrences within patients. The Bayesian
approach is then implemented within the simulation model to provide a
dynamic platform that is visually available to view.

% A new strategy was developed, Patient Behaviour Control (PBC), which is
based on the redesign of the patient flow. This is an innovative attempt to

improve patient flow in order to decrease WT and LOS into EDs.

1.7 Research Structure

This thesis consists of eight chapters, structured as follows:

Chapter 2: Gives an account of the literature reviews undertaken in this study
which can be segregated as follows: Simulation modeling in healthcare and ED, and
patient behaviour in healthcare and ED. The chapter starts with an investigation into
the theory of DES modelling, modelling concepts, advantages and disadvantages and
lists some of the available simulation software packages and their applications. The
literature review discusses the existing studies that use DES in modelling healthcare
and ED problems. The chapter also presents the introduction of human behaviour

and the cause and affects in relation to over crowdedness in healthcare and ED.

Chapter 3: Describes the research methodology that was used to gather data from
the existing hospital records and field research undertaken of TMC. The chapter
further discusses in detail the conceptual DES modelling techniques and application
with reference to the research. This chapter includes the validation and verification

process followed throughout the thesis.
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Chapter 4: Brings forward all the aspects of model building from chapter 3. The
Bayesian Network (BN) Modelling aided by Hugin software is introduced and the
application of the Bayesian approach to the simulation model is depicted in greater
detail to show how the Bayes theorem has been applied to DES model to enable the

occurrences of difficult behaviour to be considered accurately.

Chapter 5: Presents and discusses the results that have been obtained through the
analysis of historical data. The characteristics of the patients are discussed, all the
procedures and processes within the TMC’s ED. The results of questionnaires and
personal interviews that were conducted with professionals from within TMC, to
explore their experiences, opinions and attitudes are discussed. The last part of this
chapter is devoted to explain and discuss the results of observation that targeted

patients.

Chapter 6: This chapter presents and collates all the DES model developments. Five
DES models were developed as follows: Logical, Basic, Actual, Behaviour and
Bayesian model. All the results are presented and collated together to develop
greater understanding based on the collective research undertaken and changes
applied. The results are presented to show a structural comparison from one DES

model to another based on the changes applied as the DES models are developed.

Chapter 7: Based on the results collated in chapter 6, the results are used to
establish an accurate strategy that will be used to reduce LOS and WT. Patient
behaviour control is introduced, a strategy that uses the Bayes theorem to monitor
and predict difficult patient behaviour is used to segregate the difficult patients from
the normal patients in order to enable a more proficient system of processing

patients.

12



Chapter 8: Presents an overall conclusion of the thesis with reference to the findings
of the study, the chapter looks back at the aims and objectives of this study to ensure
viability and correlation with a new developed patient behaviour control (PBC)
strategy.

The contribution to the healthcare and DES in this study is presented. The chapter

finishes with future work in this area for further development.

1.8 Summary:

This chapter gave an introduction and background to EDs services. Overcrowding
within the health service is discussed and further, the effects of overcrowding within
the ED, that inevitably results in an inefficient system and processes. The problem
statement is discussed and the research aim and objectives war highlighted along

with the research contribution and structure outline of the thesis is also covered.
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Chapter 2: Literature Review

2.1 Introduction

Previous research considers overcrowding in EDs as a result of other problems that
EDs have confronted on a daily basis. The most fundamental problems that are
known to create overcrowding—whilst at the same time potentially caused by
overcrowding—are increased WTs and prolonged LOS. There are several reasons
behind the creation of this problem, including the patient’s behaviour. Many
strategies have been innovated during the last decade in an effort to reduce the
effects of overcrowding on EDs’ services, such as by using the simulation technique.
This chapter will comprise several parts.

e Primarily, a Literature Review will consider the general concepts of EDs’
services and time, and their relation to overcrowding.

e Secondarily, the general concepts for simulation will be presented. At the
same time , there is the provision of more specialised reviews relating to the
most important utilisation of this technique in the field of healthcare, and
specifically in the context of EDs.

e Thirdly, there is the presentation of the general concepts for patient behaviour
and how these create services problems.

e Fourthly, the chapter will provide the reviews relating to the simulation of

human behaviour in different sectors.
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2.2

Emergency Departments’ Processes and Time Definitions

This work in ED cannot advance without providing definitions of the key processes

that EDs encompass. As the specialty identifies best practices, it is beginning to

collect data on important ED processes, which lead to facilitating understanding of

the terminology used in this study later. The important processes are defined below:

Registration: The approach to establishing and detailing information in mind
of creating a patient record. Such details including data relating to socio-
demographics and financial responsibility, the main objective of which is
associated with billing. It should be noted that registration differs to patient
identification (Gorelick et al., 2005).

Triage: The method of evaluating patients in an effort to prioritise care in
line with the urgency of the need and complexity of the services required. It
is common for triage to be carried out by a registered nurse, who progresses
through various stages of information-gathering. One of the most
fundamental aspects of this stage is triage scale assignment, with the 5-level
Emergency Severity Index/Canadian Triage and Acuity Scale (ESI/CTAS)
commonly adopted (Carson et al., 2010; Fitzgerald et al., 2010; Moskop et
al., 2007).

Intake: The approach centred on receiving and sorting patients in relation to
the required medical care. Triage is one intake model, with others including
physician in triage, rapid medical screening and team triage (Welch et al.,
2010; Welch et al., 2012).

Medical Examination: This is an evaluation performed with the aim of
establishing whether or not there is urgency in the medical condition (Walsh

et al., 2007).
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e Discharge: The approach centred on releasing patients from the emergency
department following the conclusion of treatment, including the distribution
of the relevant paperwork (Walsh et al., 2007).

e Boarding: This involves patients being admitted to the hospital for longer
periods. This includes the time spanning from admission through to departure

(Sun et al., 2013; Singer et al., 2011).

The processes adopted by the ED, which create patient flow systems, commonly
experience a number of challenges and disruptions as a direct result of
overcrowding, with longer waiting times resulting in greater LOS in the ED. It has
been established through prior research that LOS is recognised as an indicator of ED
overcrowding, and is further recognised as a key factor in the quality assurance
approach concerning EDs (Chan et al., 1997; Yoon et al., 2003; Herring et al., 2009;

Rathlev et al., 2012).

It is well known that , so far, most studies consider overcrowding in emergency
departments all attempt to decrease WTs and the LOS of patients in EDs in order to
solve this problem. In order to do so, they focus first on understanding the time spent
by the patient in the ED. This study also focuses on understanding EDs’ times as a

starting stage in studying overcrowding in ED TMC.

The following is a definition of processes’ time for ED TMC. These definitions have
been adopted after consultation with the TMC staff and a review surrounding the
regulation and laws of the TMC. In actual fact, the definition of processes’ time is

alike in other hospitals.
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Arrival time: The time that the patient first arrives at the ED for the purpose
of requesting emergency care. This is the first contact and not necessarily
registration time or the triage time.

Treatment area time: The time of placement in a treatment area. ‘Treatment
area’ is any space the hospital describes as an area for providing emergency
care.

Provider contact time: The time of first contact of the physician or the
provider with the patient to initiate the medical screening examination, but
specifically not the triage nurse.

Disposition decision time: The time that the order relating to the disposition
of the patient (transfer, observe or discharge) is documented.

Admit decision time: The time that the admission order is documented by
the provider. This time is applied only to those patients who are admitted.
Departure time: The time of the physical departure of a patient from the ED
treatment area. The time is represented by leaving the department for all
categories of patient, including those who are admitted, discharged and
observed.

ED length of stay: The arrival time spanning through to the departure time.

Figure 2.1 below describes the LOS interval in ED TMC.

Patient arrival Provider to Decision to

to Provider Decision Departure

Figure 2.1 The interval of ED LOS
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The literature shows that simulation is the effective tool used to study EDs; however,
there are a number of interesting questions to be posed, such as, ‘What is
simulation?’, ‘Why are simulation techniques widely used to study different
systems?’, ‘Are there different types of simulation?’, ‘Is simulation used in the
healthcare sector?’, as well as many other questions that will be answered in the

following sections.

2.3 General Concepts of Simulation

2.3.1 What is Simulation?

Simulation has been defined by various researchers, some of whom describe
simulation as being a technique, not a technology, to replace real experiences with
guided experience, and which suggests or reiterates important aspects of the real
world in a totally interactive way [Ingalls, 2008]. Other researchers, on the other
hand, define simulation as “’the process of designing a model of a real system and
conducting experiments with this model for the purpose either of understanding the
behaviour of the system or of evaluating various strategies (within the limits
imposed by a criterion or set of criteria) for the operation of the system’” [Shannon,
1975]. Another source defines simulation as “’the imitation of the operation of a real

world process or system over time”’ [Latif, 2011].

From the various definitions of simulation, it is very clear that those detailed above
suggest that simulation is related to a scientific system used to transfer all processes
and procedures that arise in a real system to a computer system for the reason of

examining and determining real issues.
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Computer simulation grew hand-in-hand with the fast development of the computer,
which underwent its first large-scale use during the period of the Manhattan Project
in World War 1l with the aim of modelling the procedure of the nuclear explosion.
This encompassed the simulation of 12 hard spheres, utilising the Monte Carlo

algorithm [Pidd, 2002].

2.3.2  Why Use Simulation?

There are many advantages associated with simulation, which makes it a scientific
method that is very important in mind of solving the problems of many of the
systems used in all areas. The literature review has been carried out in order to
establish the key advantages associated with using simulation. Importantly, the
benefits of particular importance in this study have been listed as follows [Altiok et

al., 2007; Ross, 2006; Tulsian et al., 2006; Sokolowski et al., 2009]:

1. It allows access to system internals that otherwise may not be observable.

2. The changes occurred in the informational, environmental and organisational
setting can be simulated, with the results of these modifications on the
model’s behaviour able to be observed.

3. Observations based on the simulations give great insight into system
behaviour, and are able to determine which variables are most significant and
how they can be linked.

4. Simulations allows experiments with new plans or policies prior to execution.

5. Bottleneck examination is possible.

6. By using simulation, organisations are able to examine, in a risk-free
environment, possible changes relating to the system.

7. Simulations consider all the resources and limitations involved in the system.
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2.3.3  Types of Simulation

There are various types of computer simulation, all of which have common features
that seek to generate a sample of representative situations for a model during which
the entire details of all possible states of the model would be prohibitive or not

possible [Liang et al., 2001; Law et al., 2000].

The literature shows that there are four types of simulation, namely stochastic,
deterministic, discrete event and continuous simulation. All of these types will be
discussed below.

1. Stochastic is a simulation model with one or more than one random variable
as inputs, where the final output is the random output. There elements are
sometimes related by probabilistic statements.

2. Deterministic is different compared to the one above. This approach does not
contain any random variable. It needs a known set of inputs, which result in a
unique set of outputs, meaning the elements are correlated by absolute
statements.

3. The discrete event approach is a simulation modelling that contains state
variables change just at a countable number of points in time. The
relationship is discrete and random before smooth and predictable: for
example, the number of patients waiting in line.

4. Continuous simulation modelling is a simulation containing the state of the

variables changing continuously in respect to time.

This work, in fact, directs attention to the use of a simulation technique in one of
the healthcare centres in Libya, with focus on the ED in order to examine and

analyse the real system in an effort to suggest solutions of the problems the
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centre faces every day. Therefore, similar previous works that have been carried

out in the healthcare centres and EDs all around the world will enrich this study.

2.4 Simulation in Healthcare and EDs

According to the literature review, many previous studies have shown that
simulation has been applied in health sectors from the early 1970s. According to the
report conducted by Dublin Institute of Technology (2009), there were many
researche projects centred on the use of simulation in the health sector, which were
conducted during the period 1973-1977. There were 62 research projects published
during the years 2003-2007. The report also showed that the total number of
publications of simulation in the healthcare sector for the period 1993-1997 was 28

[Thorwarth et al., 2009].

Likewise, many areas of healthcare have been studied with the use of simulation
during the recent decade. For example, Harper (2002) applied a generic framework
for the modelling of Royal Berkshire and Battle Hospital resources, which aimed to
establish the needs of the user and real-life hospital processes. The model was built
using several programs, such as the simulation shell (TOCHSIM) and the data
collection tool named Apollo. There were three scenarios examined in the project
with the aim of illustrating the consequences of possible decisions by the hospital
management. Such different scenarios include hospital beds, operating theatres and
the use of Human Resources, such as nurses, doctors and anaesthetists. The model
helped hospital managers to understand and assess the consequences of planning and
management politics. Furthermore, the developed model illustrated that it could be
used to study a variety of hospital planning issues and possibly enhance the

efficiency and effectiveness of the limited resources available [Harper, 2002].
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Vissers et al. (2007) established a platform that could compare the performance of
the admission systems of hospitals. This theoretical model is based on the
assumptions of a basic hospital. Maximum Resource Use (MRU), Zero Waiting
Time (ZWT), Coordinated Booked Admission (CBA) and Uncoordinated Booked
Admission (UBA) are some of the admission plans examined; these plans are
measured according to the resource utilisation of beds, intensive care beds, operating
theatres and nursing staff. In addition, the paper proposed the possibility of

recognising the most appropriate admission strategy [Vissers et al., 2007].

In Greenville Memorial Hospital, U.S.A, Late starting surgeries have been shown to
be a reason of process and scheduling disruptions, and are a most important
contributor to dissatisfaction among patients and staff. The pre-operative system
requires the preparation of a large number of patients with an individual set of
features and array of required tasks before surgery. Staff do not have a prescribed
sequence of activities nor mutually exclusive duties. According to Pearce et al.
(2010), the novel discrete system prepares for simulating the various activities of
pre-operative procedures, demonstrates significant processes, and tests mitigating
policies. At present, it examines the prescriptive approach of resources set on the
agent approach, selecting and permitting the task, and similarly attaining the effort

for the agent [Pearce et al., 2010].

Similarly, many studies have been implemented using simulation techniques to
examine EDs’ overcrowding. Previous work in this field demonstrate that discrete
event simulation (DES) is an effective tool for EDs management in the reduction of
LOS [Jacobson et al., 2006; Gunal et al., 2010; Wang et al., 2012]. A review of

studies that consider reducing WTs and LOS in EDs identified that 22 studies of 29
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used DES [Lim et al., 2012]. For example, McGuire showed in a study conducted in
a SunHealth Alliance hospital how staffing alternatives could be tested, and
accordingly selected a solution centred on significantly reducing the LOS for the ED
using simulation technology [McGuire, 1994]. Moreover, Miller and his colleagues
developed a DES model for the simulation of potential process improvements in an
effort to reduce the LOS [Miller et al., 2003]. In addition, Connelly et al.(2004)
present a discrete event simulation model known as EDSim, developed using
Extend, a general purpose commercial simulation tool, to investigate the ability to
predict actual patient care times using simulation. Another simulation study
implemented in the ED of the University of Kentucky Chandler Hospital has shown
that the diagnostic test is the bottleneck in the ED [Brenner et al., 2010]. The work at
a community hospital in Lexington, KY, identifies a similar procedure as bottleneck,
and investigates the impact of the nurse floating policy (i.e., two nurses sharing the
work together) on ED efficiency. It has been shown that such a policy is able to help

reduce patient LOS and waiting times [Zeng et al., 2012].

In addition, prior work shows a number of innovative strategies that have been
trialled to reduce WTs and LOS in order to find a solution for ED overcrowding. In
an effort to clarify this, many authors have emphasised that WTs can be reduced
through the better use of existing resources, i.e. the number and type of staff and how
these can be scheduled to become more compatible with the number and time of
patients present in the emergency department. For example, Weng et al. (2011) in
their study aimed to identify the most optimal allocation of resources in ED by using
simulation to improve the patient flow system. The creation of a model based on real
situations of the ED can represent WTs and LOS in ED; therefore, researchers were

able to build a model that is recognised as compatible with National Emergency
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Department Overcrowding Scale (NEDOCS) to increase the performance in ED and
re-manage the patient flow system. The results show an increase in ED performance
through the new allocation of human resources. This study also recognises increases
in patient satisfactions [Weng et al., 2011]. Moreover, another study carried out by
Tan et al. (2002) expected that modifications to the current doctor schedule would
decrease the WTs patients spent in the facilities. They suggested a new schedule that
would incorporate an extra doctor for each time slot. The shifting bottleneck issue
was considered in this study. The current and proposed doctor schedules were tested
with the use of a discrete event simulation model, simulated on Arena. The result of
the simulation stated that the proposed schedule decreased the WTs of patients.
Additionally, sensitivity analysis was performed, with the next bottleneck resource

identified [Tan et al., 2002].

Other researchers consider that those hospitals that focus on only studying issues in
the emergency departments in order to reduce WTs and LOS will not be completely
successful. They explain that ancillary departments, such as for X-rays, and the lab,
need to be reviewed and analysed in order to establish whether they meet the needs
of the emergency department. To illustrate, Yoon et al. (2003) carried out a study
that aimed to identify and measure the principal ED patient care time intervals, as
well as the impact of important service processes, i.e. laboratory testing and imaging
on LOS for different types of patient. The results showed that the use of diagnostic

imaging and laboratory tests was associated with prolonged LOS [Yoon et al., 2003].

Many other interventions are inspired by lean healthcare thinking, with focus
directed towards improving patient flow in emergency departments [Ahlstrom, 2004;

De Koning et al., 2006].
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As stated in the literature review, the interventions strategies were grouped into team
triage, point-of-care testing, i.e. performing laboratory analysis in the emergency
department, and streaming. In the following sections there is the provision of more
in-depth explanation of these strategies, with the way in which they are used in order

to decrease ED overcrowding also demonstrated.

In terms of the team triage strategy, in some hospitals, this is known as Rapid
Assessment and Treatment (RAT), defined as triage, handled by a team led by a
senior doctor. The purpose of this strategy is to increase accuracy and efficiency in

the initial process of patient investigations and treatment [ECIST, 2012].

Many studies have been carried out during the last decade that have considered team
triage and its ability to decrease time spent with patients in different services. For
example, a study in the USA—more specifically, the state of Hawaii—implemented
team triage to improve ED efficiency and patient satisfaction, and to mitigate the
effects of overcrowding by considering a set of data, i.e. mode of arrival, LOS and
WTs. This study showed that, by using team triage, the number of patient arrivals
was increased during the study period whilst the WTs decreased for outpatients;
however, the overall LOS for outpatients remained the same [Haruno et al., 2012].
Holdroyd et al. (2007) conducted a study in Canada that aimed to evaluate the
effects of triage liaison physician on LOS and patient leave without being seen
(LWBS). This study stated that cooperating physician in triage smoothed patient
flow. Additionally, LOS was reduced by 11% whereas LWBS was reduced by 20%
[Holdroyd et al, 2007]. Partovi et al. (2001) conducted a study in the United States
that aimed to examine the effects of a senior emergency physician in the triage team.

They reported that the average LOS was reduced by 82 minutes, and revealed that
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the effect was mainly the result of team triage strategy with the involvement of no
other factors; in other words, patients needing to be admitted and x-rayed had an

impact on the results [Partovi et al., 2001].

Another study from Northern Ireland was carried out by Subash et al. (2004), which
randomly tracked approximately 1,000 patients to team triage or ordinary triage.
They found that WT to see a doctor and WT to x-ray were statistically reduced.

Nonetheless, the study demonstrated no reduction in LOS [Subash et al., 2004].

Although the successes of the team triage strategy in reducing the number of patients
LWBS by a physician, the literature review shows that team triage has limited effects

in terms of reducing WT and LOS [Oredsson et al., 2011].

In regard to Point-of-Care Testing strategy (POCT)—sometimes referred to as
Patient Bedside—this centres on moving laboratory analysis to the ED. The purpose
of this strategy is to generate a result quickly, which obviously leads to the speeding
up of the diagnosis process, thus meaning the clinical and/or economic outcome in
the ED will be improved [Price, 2001; Kendall et al., 1998]. There have been many
studies that have considered POCT in ED around the world: For example, Lee-
Lewandrowski et al. (2003) was carried out in the USA and reported a shorter time
from ordering laboratory tests to the time when results were ready for the attending
physician. They also achieved a reduction and demonstrated increased staff
satisfaction LOS through the use of the POCT strategy [Lee-Lewandrowski et al.,
2003]. In a US study carried out by Parvin et al. (1996), approximately 95% of the
patients who attended the ED needed central laboratory analyses to complement
POCT. Consequently, POCT had no effect on the patients’ LOS [Parvin et al.,
1996]. Singer et al. (2008) examined the impact of a POCT on ED LOS in a before-
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and-after study that was conducted at an academic ED with 75,000 twelve-month
patient visits. They found that the implementation of the POCT was associated with
a significant reduction in the median ED LOS by almost 1 hour. However, the results
of their study showed that the effect of the POCT strategy on ED LOS was less

noticeable for discharged patients [Singer et al., 2008].

Based on the studies assessed, the effect of POCT on turnaround time is supported
by relatively strong evidence. It can be asserted that the POCT strategy has
remarkable effects in relation to patient turnaround time. However, its effects on

LOS are supported by only limited evidence.

In consideration to streaming strategy, this refers to the intervention where patients
have to be pushed to triage or for a brief assessment after dividing them into
different paths according to more or less defined criteria. The most common example
of streaming is usually referred to as Fast Track (FT), which is a strategy that works
on separated patients based on their conditions, adopting different processes.
Scientific evidence on the effect of FT on WTs, LOS and LWBS were moderately

strong [Devkaran et al., 2009; Der Linden et al., 2013].

Owing to the effectiveness of the FT strategy to decrease overcrowding in EDs all
over the world by reducing WT and LOS, the current study will implement this
approach, albeit with some modifications to enable fit to the variables considered in
this study. Consequently, this study will contain a chapter centred on clarifying the
FT in details, and will also show the previous work done when using FT. In this
same vein, the chapter will display the current work in terms of using FT to reduce

overcrowding in ED TMC.
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Although these strategies—as well as many others—have been attempted all over the
world to improve the services of emergency departments and reduce overcrowding,
all previous studies, however, assumed a range of causes of overcrowding in EDs.
They studied these causes in order to develop solutions. Moreover, all causes of this
problem—which the literature review has clarified—have been discussed in the
previous chapter. This study will also address another factor that is seen to contribute
to the creation of overcrowding, which is that of patient behaviour during the period

of waiting to receive emergency services.

This study seeks to analyse this factor in an effort to identify its impacts on patient
flow in terms of increasing WTs and LOS. The FT strategy, as an idea, will be used
to reduce WTs and LOS, which have been significantly affected by patient behaviour

in ED TMC.

The simulation package used in this study to develop the models of Emergency
Departments within TMC is WITNESS. This package has been chosen owing to its
availability within the School of Engineering at Manchester Metropolitan University

(MMU).

The following section will be concerned with explaining the patient behaviours
considered in this study, as displayed in the literature review. This section will help
the reader to gain more understanding of behavioural factors that have an impact on

WT and LOS.

2.5 Patient Behaviours

Waiting is an unavoidable part of modern life. Waiting causes not only

inconvenience but can also prove to be frustrating, demoralising, painful, annoying,
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time-consuming and extremely expensive [Newstron et al., 2010]. Moreover,
waiting in a service facility (e.g. store, bank, laboratory, hospital and so on) has
significant effects on customers’ overall perceptions of the quality of service they
seek; hence, the waiting process has drawn great attention—and subsequently has
become a critical element in regard to business operation management [Arnold et al.,
2010]. In fact, numerous mathematical and operations researches have been carried
out with the aim of improving the overall efficiency of the waiting process; however,
previous researches have solved only part of problem as they do not take into
consideration human factors. As waiting involves people, time and the environment,
it is fundamental to incorporate issues relating to both the social and psychological
perspectives in an effort to reduce the negative impacts of waiting on customer

satisfaction and perceived quality.

To monitor the most significant factors of patients’ behaviour that have a negative
impact on the time of service and patient flow system, the literature concerning
patient behaviours while they are waiting for service have been reviewed. It has been
found that most of researchers assign a label of ‘difficult patient’ to those patients
who show undesirable behaviours whilst waiting for services. The concept of a
difficult patient has been defined in the literature as "a patient whose behaviour
causes difficulties for others" [Duxbury, 2000]. The literature review shows that
difficult patients share common features: for example, they can be demanding,
noncompliant, whiny, entitled or manipulative [Duxbury, 2000; McCarty et al.,
1996; Roberts et al., 2003; Sharon et al., 2007]. With this in mind, it can be seen
through the majority of past studies that patient behaviours are generally grouped
into four different arenas: challenging, confrontational, passive and withdrawn.

Furthermore, another two groups are assigned to each difficult patient, as being those
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illustrating defensive behaviours and those showing protective behaviours [Sohr,

1996].

Difficult patients, in fact, can affect health services in the following ways [Milliken,
1987; Parliamentary Office of Science and Technology, 2001; Stewart, 2005]:
e They may lead staff to lose their tempers;
e Medical staff may, to some degree, be forced to respond in displeasing ways;
e Medical staff may be unable to carry out their roles efficiently;
e Medical staff may be manipulated to utilise and adopt dishonest approaches
to meet needs;
e Medical staff may become angry, worried or defeated, or may otherwise
experience other negative emotions.

o Difficult patients may remain passive and require staff to do more work.

From the above, we can conclude that a difficult patient behaviour causes
obstructions in the service system because such behaviours create a state of chaos
and confusion in the system, which negatively affects service providers and thus
leads them to experience weaknesses and sometimes failures in the provision of
service. However, this aspect has been ignored by researchers, with focus instead
directed towards other aspects where we can find numerous studies on the subject of
communication. Notably, others exist in terms of addressing the reasons for violence
towards nurses and doctors, and how the occurrence of such can be reduced.
Moreover, there are many studies concerned with managing difficult patient
behaviours within health institutions [Laurie et al., 2010; Smith, 1995; Jackson et al.,

1999; Pomm et al., 2003; Fallowfield et al., 2004; Wasan et al., 2005].
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Furthermore, as a result of previous studies that have failed to address the impacts of
patient behaviours on the delay of health services provided and increase patient
waiting times—which subsequently increases overcrowding in the centres of health
service delivery—following the stabilisation of the highlighted factors. Table 2.1 has
been created in an attempt to illustrate the fundamental elements known to play a

role in service delivery negativity.

Table 2.1. The significant patients factors affecting the service in emergency

departments.
Patient Behaviour Factors
No. Eactor How Services can be
Impacted
Defensive behaviour, including: - Capacity issues
a. Challenges, including: - Disturbance of service
- Interfering because of the
- Over-involvement complaint and
- Demanding. objection
1 b. Confrontation, including: - Requires a long time
- Anger to deal with them.
- Arguing
- Aggression
- Lack of respect
- Intoxication (alcoholism).
Protective behaviour, including: - Increase service time
a. Passivity:
2 - cultural influences ( discrimination, lack of
respect the rule, e.g. jumping the queue
- Communication difficulties.
IlIness Believes ( additional factors) - Capacity issues.
3- - Requires a long time
to deal.

In the following, it may be necessary to provide an explanation for each of the
highlighted factors, and to accordingly explain why these are recognised as affecting

the delay of service and increasing patient waiting times.
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2.5.1 Defensive Behaviours: Challenging and Confrontational Patients

As has been highlighted through the work of Duxbury (2000), the terms
‘challenging’ and ‘confrontational’ can be used interchangeably in order to
emphasise the issue as providing a challenge to service providers. Essentially, this
particular concept references those behaviours considered to be non-desirable to the
surrounding community, and may take the form of anti-social, aggressive, disturbed,
disruptive or violent behaviours [Duxbury, 2000]. Importantly, such behaviours are
the most difficult behaviours to deal with. In actual fact, most researches known to
have conducted works in the healthcare sector have shown that long waiting times,
anxiety and fear are significant factors commonly creating challenging and
confrontational behaviours, which cause glitches in the waiting system. Markedly,
waiting can be associated with difficult patient behaviours: for example, patients
may feel helpless waiting for an unidentified duration or an unknown result. Anxiety
and fear usually lead to patients in waiting queues asking themselves many
questions, such as, “When will the wait end?’, ‘will service provider require anything

of me?” and ‘will others receive their service before me?’ [Russell et al., 2003].

Waiting for services whilst under pressure and experiencing fear can cause anxiety,
subsequently leading patients to illustrate difficult behaviours. These types of
behaviour are generated through the long waiting times, and are referred to as

‘defensive behaviours’, which contain those behaviours outlined in Table 2.1.

Through insight into such behaviours, we can state that the presence of one or all of
these behaviours is a significant reason for disrupting the flux patient system and
thus leading to the disruption of services. To illustrate this point further, it might be

better to provide an example of delivering the service at the reception.
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Previous studies have indicated that the mean time for a patient or his/her relative to
give details to reception is 3.5 minutes, which statistically means that every patient
should give his/her details in a time between 1.5 and 5.5 minutes; however, if there
is a patient who illustrates challenging or confrontational behaviours, such as arguing
or demanding behaviours, then this kind of behaviour leads to an increased time for
giving details. Clearly, if these behaviours are repeated amongst many patients, the

service of other patients will be delayed by hours.

2.5.2 Protective Behaviour: Unwillingness to Disclose Information relating

to the Situation

Some patients of the ED show behaviours of unwillingness to disclose all
information relating to their condition, which has caused their presence in the
Emergency Department. This behaviour usually appears as a result of the following
reasons (Sobolev et al., 2008):
1. Depression and grief resulting from the health status and lack of desire to
speak or even explain their illness to the doctor or nurse.
2. The embarrassment of providing some of the information; in other words, the
sensitivity of some issues.
3. The inability to explain because of a disability problem, such as speech

problems, which may cause the patient to prefer silence.

Such behaviours facing medical staff in the Emergency Department may be
considered to be one of the factors causing patient flow to be impeded, which
subsequently causes delays in services within the department. To illustrate, a patient
with this type of behaviour demands additional time for being dealt with, which then

needs to be allocated by the nurse and/or doctor to convince and encourage the
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patient to respond and give the information needed so that the team can provide

medical assistance.

The literature review shows that there is a lot of work to be done in order to simulate
human behaviours in various arenas. In fact, the famous simulation used concerning
human behaviours is DES. In the following section, there will be brief clarification

of the use of DES in the simulation of human behaviour.

2.6 DES Technique

DES is recognised as one of the more valuable and widely accepted simulation
forms, which has been implemented since the 1950s, as highlighted by Robinson
(1996). DES may be described as a discrete, dynamic and stochastic simulation
approach [Banks et al., 2005]. The simulation time, in the case of DES, is recognised
as critical (dynamic model), with DES, as a stochastic framework, comprising a
number of random input factors. Furthermore, DES is recognised as discrete owing
to the fact that the state of entities in the system undergo change and modification at

a discrete time [Carson, 2003].

2.6.1 The DES Modelling Technique

The DES modelling approach involves process flowcharts, which is the same
approach implemented by various simulation packages, including Anylogic and
ARENA, with the aim of solving various issues in the service and manufacturing
sector. Process flowcharts centre on the interaction flow between block charts,
entities and resources, as displayed in Figure 2.2 In the latter figure, Entities are
created as a source block, which then shifts from one block to the next until they are

removed from the system, as shown by the sink block. The DES framework utilises a
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top-down approach, which has facilitated viewing the model from a complete
perspective, thus enabling the development of understanding the system performance

as a whole [Banks et al., 2005]..
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Figure 2.2 Discrete event model, Bank kiosk in Arena TM [Borshchev et al., 2004]

2.6.2  Advantages of DES

The benefits of utilising the DES approach as an instrument for delivering decision
support across various applications have been detailed and documented across
various sectors, including academia and the military, as recognised by Dubiel et al.
(2005). Importantly, the DES framework offers the unique benefit of modelling a
system in a sequenced form, which is one aspect of the processes in service and

manufacturing sectors [Siebers, 2010].

One further benefit of this model is its propensity to be utilised in combination with
other simulation techniques, including continuous simulation, for example [Zaigler
et al., 2000], and agent-based simulation when examining more complicated systems
[Parunak et al., 1998; Darley et al., 2004]. An aeroplane’s movement is a good way

of displaying this point: in the air, the craft changes its movement, which is a
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continuous process spanning a long period of time; however, upon arrival at the

airport, the craft arrives at a discrete—or random—point in time.

2.6.3  Application Areas and Simulation Software of DES

Since the development of the DES model, its implementation has been wide-ranging,
such as in the design and application of queuing systems [Komashie et al., 2005],
business strategic [Hlupic et al., 2005], banking [Banks, 2000], healthcare [Werker
et al., 2009], managing inventory systems [Brailsford et al., 2007], manufacturing
and distribution systems [Semini et al., 2006], transportation [Cheng et al., 2004],
disaster planning [Mahoney et al., 2005], and military [Nehme et al., 2008] uses.
Simulation packages are utilised widely, such as those of AutoMOD, Anylogic,

ProModel, Quest, Simul8, Arena and Witness.

2.7 Human Behaviour Modelling

2.7.1  Modelling Human Behaviour using Simulation

As noted by Pew & Mavor (1998), HBR (Human Behaviour Representation)—also
referred to as human behaviour modelling—is centred on the use of computer-based
models, which are concerned with replicating the behaviours of people, either on an
individual or a team basis. In the modern world, examination into the behaviours of
people is well-documented across the world, and is considered and discussed from
various perspectives. Simulation, in this sense, seems to be recognised as a
preferential route in the modelling of human behaviours [ProModel, 2010]. This is
owing to the assortment of different behaviours of people, which are accurately

highlighted through the use of simulation [ProModel, 2010].
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Throughout the course of the literature, DES is recognised as one of the most
valuable approaches to modelling and simulating behaviours. Of those researches
carried out in this arena, DES use is considered by various scholars [Brailsford et al.,
2006; Nehme et al., 2008; Baysan et al., 2009]. Nonetheless, owing to the various
dependent aspects incorporated within the DES framework, the pedestrian movement
pattern throughout the course of the simulation is limited only to fixed, pre-arranged

routes.

As well as modelling behaviours through the application of DES, there has been
much research carried out into the various ways of predicting the effects of imperfect
situational awareness in the context of military vehicle operators, for example. It is
suggested that the DES framework can be adopted in an effort to understand human
behaviours, such as through aligning the DES framework results with human

subjects.

Overall, the researches considered in this paper suggest that DES is an appropriate
tool when seeking to capture human behaviours, although the approach is more

difficult when considering complicated behaviours.

Studies published on the application of simulations for simulating patient behaviours
in the context of EDs could not be identified in specific consideration to the impacts
of increasing LOS and WTs. Accordingly, this particular research aims to simulate

patient behaviours during the period of waiting at ED facilities.

Moreover, studies concerning the application of simulation technology for analysing
hospital issues, specifically in the context of Libyan hospitals, could not be

identified. Accordingly, this research will be the first to be carried out in Libya.
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Chapter 3 will provide a more in-depth discussion of the study methods utilised for
gathering data, creating ED simulation frameworks and simulating patient

behaviours.

2.8 Summary:

Previous works have shown that there is much interest in studying overcrowding in
EDs as this leads to many other problems. Researchers have been successful in
reducing overcrowding in many EDs through the application of different strategies.
The literature review has shown that there is interest in utilising simulation
technology to implement most of these strategies. Studies have demonstrated that the
technique is very useful in cases such as observing the complex issues surrounding
patient flow in EDs. Moreover, this technique is used to study some of the issues like
resources requirements and equipment, ambulance services and human behaviour

problems in healthcare.

Since the introduction of simulation, the development of several simulation packages
has been aimed towards reflecting the scientific evolution that occurs in the
simulation field. These packages have been used in different areas, with each of
these packages providing their own advantages. Additionally, a great deal of work

has been identified as considering simulating human behaviour in different sectors.
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Chapter 3: Methods, Design and Implementation

3.1 Introduction

The previous chapters emphasised the importance of studying causes and effects of
overcrowding on patient flow in EDs by using simulation technique which is
commonly used in this type of investigation. The previous knowledge provides an
initial awareness of patient behaviour in EDs as a significant factor affecting patient
flow. To build on this knowledge, this study aimed to ascertain exactly how different
kinds of patient behaviour effect patient flow and patient waiting time, along with
which activities are more affected by patient behaviour, and the real delays caused
by undesirable behaviour. In order to achieve this goal, ED TMC has been chosen to
investigate this factor. This chapter includes a description of the general
methodology used to address the research questions and explore the aims and
objectives outlined in chapter 1 of this thesis. This chapter is divided into three main
sections. The first section gives a description of the hospital that has been chosen as
the subject of this study, and describes the ED of the hospital in detail. The second
section describes the methods and tools that have been used to collect data from the
field study, and their application to this study. The final section analyses the five
phases that have been followed to build a DES model for the ED of the hospital

under study.
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3.2 Field study

As explained in the previous chapters, one of the major problems faced by the
healthcare managers of various hospitals in Libya is the congestion experienced by
emergency departments within the hospitals. To investigate this, one of the most
important hospitals in Libya was selected as the subject of substantial data collection
and observations that would allow the aim and objectives of this study to be
achieved. The following is a summary of the hospital that has been chosen, with
further detail of the emergency department, which is the focus of the attention of the

study.

3.2.1 Hospital under study

Tripoli Medical Centre (TMC), an urban teaching hospital, is considered one of the
most advanced health establishments in the provision of high quality medical care. It
Is also an advanced centre for medical education and training of the medical and
para-medical staff, established under Directive N0.169 of the year 2002, issued by
the General People’s Committee. TMC is one of the largest hospitals in Libya,
located on the Eastern entrance of the city of Tripoli with a total number of 1,438
beds. This hospital includes an emergency department, one of the most important in
the country as it serves the residents of Tripoli, an estimated population of over one

and a half million.

3.2.2  The Emergency Department (ED) in Tripoli Medical Centre (TMC)

The ED in TMC receives approximately 85,000 adult ED visits per year. The ED
service is provided on a 24-hour basis, led by consultants delivering specialised

services, such as cardiology.
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Once the patient arrives at the emergency department of TMC, regardless of their

condition or degree of injury, the patient (or one of their relatives) goes directly to

the reception area and gives the necessary information. Then, the patient is directed

to a specific path according to their condition, as shown in Table 3.1. Sometimes

these paths are intersected because of similarities between patients’ conditions,

creating complexities in the patient flow system within the ED. In depth discussions

were carried out with the staff members in order to understand the different

categories of patients. The patients are classified into five categories according to

their condition:

1.

Immediate cases, which are directed immediately to an urgent area
comprising a resuscitation room, observations rooms and cardiology. This
type of patient should be seen in less than 1 minute.

Emergency cases, which are directed to an urgent area. This type of patient
should be seen within 1-14 minutes.

Urgent cases are commonly directed in the same way as emergency patients,
but are seen within 15-60 minutes.

Minor cases (referred to as semi-urgent in some hospitals) are directed to the
main ED area, and should be seen within 1-2 hours.

Non-urgent cases are sent to the main ED area and should be seen within 2—4
hours. Every patient (or their relative) has to register in at reception upon

arrival at the ED.

Each of these categories reclassifies itself (is sub-divided) based on the patient

condition in that category, from the most serious condition to the least serious
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condition. Table 3.1 provides more details about the sub-classified patients’

categories.

Table 3.1. Details of the sub-classified categories.

Level of condition in
each category

No. Patient’s Condition Path of each group of patients
(sub-classified)
4 —0m > Passed away / stay in Resuscitation area
3 — 5 Send to ward as inpatient
1 Immediate cases
2 —» Transfer to another health centre
1 ——> Sent to Immediate care area
4 — > Passed away / send to Resuscitation area
3 — 5 Stay in immediate care area (Observation room
or Cardiology room)
2 Emergency cases
Transfer to another health centre or ward
2 —»
Send to waiting area to wait with Minor
—> .
1 patients
Commonly directed in the same way as emergency patients, but are seen
3 Urgent cases L y . y gency p
within 15—-60 minutes.
Send to Examination area
Minor cases
4 . one categor Transfer to another health centre
(trolley or walking)
Discharge
Send to Examination area
non-urgent cases
5 Transfer to another health centre

(walking patients) one category

Discharge

3.2.2.1 staff classification

In the Emergency Department, medical staff are divided into three Categories,

juniors, seniors, and specialists. If the ED requires a consultation due to the

complexity of a patient's condition, consultants are called from one of the inpatient
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departments of the hospital. Other staff categories in the ED of TMC include nurses,

receptionists, and porters.

3.3 Data collection methods and materials

Qualitative research has been used for this thesis because of its suitability to achieve
the aim of this study and analysis of the study's questions. To clarify what is meant

by this, it is perhaps important to discuss the concept of qualitative research.

Some researchers defined qualitative research as ‘’describing social phenomena as
they occur naturally. No attempt is made to manipulate the situation under study as is
the case with quantitative experimental research’’ [Denzin et al., 1994]. Others have
said that “’qualitative research is concerned with the opinions, experiences and
feelings of individuals, producing subjective data‘’ [Hancock, 2002]. While others
defined qualitative research as attempting to understand the unique interactions in a
specific situation. The goal of understanding is not necessarily to predict what might
occur, but to understand in depth the characteristics of the situation, the meaning
brought by participants, and what is happening to them at that moment. The aim of
qualitative research is to truthfully present findings to others who are interested in

what you are doing [Patton, 2002].

Regarding the various definitions of qualitative research, it can be summarized that
qualitative researchers consider gaining understanding of the situation through a
holistic perspective. It studies the phenomenon through gaining experiences,
opinions and feelings of individuals regarding all aspects of the subject under study.
This represents precisely what is being conducted during this study. As described in

the aim that has been shown in first chapter, this study is seeking to investigate the
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phenomenon of overcrowding that frequently occurs in EDs all around the world.
Collating the opinions, experiences and feeling of ED staff, is the most educational
way to understand the causes and effects of the overcrowding problem, along with
analysis of the study hypothesis. In addition, observation of patients while they are in
the process within the ED is the only way to collect necessary data to contribute to
the understanding of the problem. Therefore, it can be said that because of the
interpretive nature of this research, a qualitative approach is the most appropriate for
this study. Qualitative methods were used to collect the essential data from the

hospital under study.

Five primary qualitative methods were employed in this study: document analysis,
designed time forms, questionnaires, interviews, and observations. These methods
were implemented in an integrated fashion as the research process unfolded. The five

research methods will be discussed separately in the following paragraphs.

3.3.1 Document analysis

Document analysis is an important indicator of events, processes and a source of
information. ’Documents indicate, among other things, what an organization
produces and how it certifies certain kinds of activities, categorizes events or
people, codifies procedures or policies, explains past or future actions, and tracks
its own activities’’ [Lindlof, 2002]. In this study, ED records for all patients (both
electronic and manual) that have been visited the ED during May 2012 have been
reviewed in order to obtain information that describes the ED visits and activities.
The importance placed on ED records made it possible, and indeed necessary, to
access all available documents in order to assure that no important data were

overlooked.
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3.3.2  Using the Time Form

Even though the electronic and manual records were reviewed, these records
contained inadequate information with the capacity to demonstrate other aspects of
the ED. For instance, patients’ waiting times, and the time spent delivering the
different care services. Therefore, the time form was designed to assist in the
collection of important data for the study that was essential for building an ED
simulation models. This information was actually related to the time spent waiting

for the service (see Appendix A).

Three assistants were trained for three days, (28-30 April 2012), in the use of the
form prior to the collection of data. They were also trained in observing the daily
operations and activities within the ED. The method was centred on dividing patients

into two categories.

The first category included patients with minor and non-urgent conditions who, upon
arrival at reception, were asked whether they were prepared to participate. The
researcher then explained the form prior to giving it to each patient (or relative) to
complete before returning it upon leaving the ED (to be admitted, discharged, or
referred to other centres). The second category concerned patients with extreme
emergencies and urgent cases. The assistant’s task was to observe, collect, and

complete the form for this category.

Data were collected using the time form throughout the month of May 2012, from 8
am to 6 pm each day. The reasons for collecting data for one month are explained as

follows:

- Historical data from previous years has been reviewed and found that there is
no important variation.
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- One month has been chosen as a period of study to avoid any seasonal

variation.

3.3.2.1 Participants of the time form:
Although efforts were made to ask every patient admitted to the emergency depart-
ment between 8 am and 6 pm to complete the designed form, several patients could

not be included for various reasons (as described in Figure 3.1).

Altogether 7,100 patients were found to have attended the ED of the TMC. Figure
3.1 showed that more than one-third (38 %, n = 2719) participated in the research. In
regard to the overall size of the sample, 38 % is considered to be a very good

representation of population [Bartlett et al., 2001].

3.3.2.2 Data analysis for first and second methods
Data gathered by the first and second methods was entered into a Microsoft Excel
spread sheet. Categorical variables were reported as percentages, however

continuous variables were reported as means and standard deviations (SDs).
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ED visits from May1 to May 31 2012

n=7,100

v

Category 1

n=5299

> Not interested
n= 905 (17.1%)

Missed (not returned)
n= 956 (18.0%)

Incomplete = 530 (10.0%)

Spoilt = 905 (17.1%)

S Original number
= 2003 (37.8%)

Ny

(Minor and Non-Urgent)

All Participants

v

Category 2
(Emergencies)
n= 1,801

!

Missed: n= 1,085
Reasons;
- Two or more patients at the
same time
- Leaving
- Immediately admitted to
resuscitation/observation or
surgical
- Not known

v

Original number
=716 (39.8%)

e

= 2719 (38.3%) from all

visits

Figure 3.1 The patient recruitment flow diagram, May 2012

3.3.3 Questionnaires

A closed-ended questionnaire, See appendix B),
targeted toward each doctor and nurse working in the ED of TMC during the data
collection period. The purpose of the questionnaire was to obtain as many staff

perspectives as possible. For this reason, the questionnaire was constructed with

three different sections, which are given as:

a. The first section of the questionnaire includes questions aimed at the collection of

data regarding staff members’ opinions of the overcrowding problem, its causes,

and its negative effects.
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b. The second part of the questionnaire consists of questions dedicated to capturing
the key factors of human behaviour deemed by the staff as having the capacity to
disrupt the delivery of patient services.

c. The third section of the questionnaire has been allocated to indicate any further

comments the staff want to make.

The questionnaires were personally distributed to doctors and nurses in early
February 2012, and were carefully explained to the participants. The participants
have been asked to return the questionnaires within fifteen days. A brief summary of
the study's importance was also included with each questionnaire as an incentive for
participants. The rate of response was approximately 75 % (9 out of 12
questionnaires) for doctors and approximately 84.6 % (11 out of 13 questionnaires)

for nurses.

3.3.3.1 Data analysis for the questionnaire method

The first step for the analysis of data obtained through the questionnaire was coding.
This is where the researcher encodes the data by giving each response a specific
numerical code which is meaningful to the researcher, facilitating the extraction
results into a software program. The analysis of the findings involved utilising the
Microsoft Excel computer application for entry of all the responses into individual
fields within a spreadsheet. The spreadsheet system enabled data to be collated into
synthesised themes and graphs. It also permitted comparison of responses across
categories. For instance allowing the responses of nurses to be extracted

independently and compared to those of doctors respondents.
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3.34 Interviews

Multiple semi-structured interviews have been conducted for various purposes.
Semi-structured interviews were used because of the flexibility of being able to ask a
set of prepared questions, while also providing the freedom for the researcher to ask
additional follow-up questions as they see fit. The interviews consist of meeting with

participants one on one ( See Appendix C).

1- Interviews were conducted with 6 doctors and 8 nurses working in the ED of
TMC. This was firstly to gain a deep understanding of all processes, rules and
procedures that exist in the ED, and secondly to help ensure the validity and
accuracy of the information that was collected by questionnaires. This method
also enabled the construction of a conceptual model for the ED.

2- Interviews were conducted with 5 managers working in the ED of TMC in order
to gather information about ED that would help to understand additional
operational aspects.

3- Interviews were conducted with 4 receptionists in order to gather their opinions

regarding the effect of patients' behaviour on reception services

3.3.5 Observation

Observation is a common method used by researchers interested in understanding
different aspects of human behaviour. This method is often used when an
understanding of on-going behaviour is required. For example this may entail
observing officers conducting their business, observing parents dealing with
interruptions from their toddlers, observing teachers and/or students during
classroom, observing people in crowding places, or observing people dealing with

emergency situations. From the standpoint of researchers it has been said that "the
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observational method of research usually involves people watching people doing
things. Often when people in public places do things in full view of many other
people, it can be considered that they are accessible for live observation without
getting any permission™ [Olsen, 2012]. However, in many research studies the use
of observations, conversations, questions, statements, and sometimes interviews are
combined with observations. It is considered the best way to collect explicit and

quantifiable data [Flick, 2011].

Based on the above, in this research, observation was chosen as a method to gather
data about human behaviour. The aim of this phase of the study is to obtain evidence
to prove the contribution of unacceptable human behaviour on delays in service
throughout the ED of TMC, and to know the exact added waiting time that occurs

due to patients' difficult behaviour.

3.3.5.1 Observation Design and participants:

Observations targeted minor and non-urgent patients who visit the ED of TMC from
26™ April, 2012 to 31 May, 2012. These two categories have been selected to be
observed based on the results of the questionnaires and interviews that were aimed
at doctors and nurses, who assured that minor and non-urgent patients are the only
two categories that have difficult behaviour which lead to confusion in patient flow

throughout the ED.

The researcher worked very closely with three assistants. The assistants were fully
trained for two weeks to show them how the observation checklist worked and how
it should be completed in the most effective manner. Observations were carried out

on three key areas as follows; the reception, the triage room and examination room.
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The results of the interviews and questionnaires identified many behaviours that
were believed to be the reason behind confusion in patient flow through the ED.
These behaviours; i.e. confrontation, challenges, passivity and illness belief were
given the highest of consideration when carrying out the observation and in the

development of the checklist, (See Appendix D).

Another important step in this phase is to determine the sample size required for
observation. The population i.e. visitors number of minor and non - urgent patients
during May, is not known precisely, however, it ranges between 4000 and 6000
based on population size for the previous months of the study i.e. Jan 2012 - April

2012 .

To find out the appropriate sample size, the Cochran’s sample size formula for
categorical data has been used [Cochran, 1977]. it is given as follows:
t)* * 1.96)* * (0.5)(0.5
(t)"* (p)(a) , ngs (1.96)" * (0.5)(0.5) _ 384
(d)? (0.05)°

No

- Where t = value for selected alpha level of 0.025 in each tail = 1.96.

In this study, the alpha level of 0.05 indicates the level of risk the researcher is
willing to take that the true margin of error may exceed the acceptable margin of

error.

- Where (p)(q) = estimate of variance = 0.25.

The research will identify some variance, as the research has not actually
administered the survey yet, the safe decision is to use 0.5 — this is the most

forgiving number and ensures that the sample will be large enough.

- d = acceptable margin of error for proportion being estimated = 0.05
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To calculate the final sample size, Cochran’s correction formula has been used. The

calculations are as follows:

No (384)

n1= nl = = 361

. ! 1 4
1 + no / population +384/ 6000

Where, 6000 is the upper limit of the number of patients (minor and non-urgent) per

month, as confirmed by the data of the previous months of the study.

In addition, researcher interaction consisted mostly of casual conversations with
participants during observation. These conversations were recorded in the same

checklist of each conversation.

Patient behaviours were discussed and defined by the researcher with all members
taking part in the research prior to the start of study, and a pilot study was

conducted to ensure integrated consistency.

All the patients and only the patients in the waiting room area were observed, no
visitors and accompanying family members are observed. Staff members were also

excluded from the observational study.

3.4 Roadmap towards building the implementation phase of the
simulation model

This section of the chapter describes the methodology that has been used to simulate
patient flow in the emergency department at TMC. The methodology for building an
ED model involves five standard phases but with somewhat unclear boundaries
between individual phases. The result of one phase can force the modeller to revisit
the previous stage. The simulation modelling works on an iterative approach
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between phases and within each phase. Figure 3.2 shows all the simulation phases

implemented in order to build the ED model.

Model Experimental
Conceptual Design

setting of
Problem objectives
Formulation and overall

Model validation

Translation ? Verified?

plan

Data collection

] ] Documentation
implementation & reporting

Figure 3.2 The project modelling phases

3.4.1 First Phase: Problem formulation

Problem formulation has been illustrated in detail in the problem statement and
research questions section of Chapter 1 of this thesis. However, it may be useful to
recall the most important questions guiding researchers to the critical data that
should be collected. The following summarises the most important research

questions.

e Are problematic patient behaviours directly responsible for affecting the

patient flow system, and subsequently inducing healthcare service delays?

3.4.2  Second Phase: Data collection
Data collection in this section refers to the data collected for the purpose of
simulating patient flow throughout the ED. In this phase, discussions conducted

with ED staff allowed the study to reach the following goals:

53




Understanding of processes and procedures that take place in the ED,
allowing the possibility of representing them.
- Understanding of the patient flow system within the ED.
The data collection phase aid the start of the third phase of building the ED model,

developing the conceptual model.

3.4.3  Third Phase: The conceptual modelling of the system

At this stage, a paper-based model is built. The model represents the number of
various activities possible for patients while they are in the Emergency Department.
There are many activities, leading to a complex network of patient flow. The
complexity of the patient flow network for the different categories of patients can be

seen in Table 3.2.

Table 3.2. The complexity of the patient flow network within the ED.

Patient T R O | E | Xray Lab | CT | MRI Ultra | D | Tr | Ad
Reception X X
T X X X X X
R X X X X X X X X X X
0] X X
E X X X X X X X X X
X-ray X X X X X X X
Lab X X X X X
CT X X X X
MRI X X X
Ultra X X
D X X X
Tr X X
Ad X
Dg

*T = Triage, R = Resuscitation, O = Observation, E = Examination, D = Diagnosis, Tr = treatment,
Ad = Admission, Dg = Discharge.

The links of the network can be identified from the above table by first looking at the

left hand column. The "X's" in a given row correspond to the linking locations. To
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illustrate, from Triage (T) a patient may be sent to Resuscitation (R), to have

Observations taken (O) or to the Examination area (E), X-ray area, or Lab.

3.4.4  Fourth Phase: Building the DES model

In this stage, the conceptual model of the study is transferred to the computer by
using Witness Simulation software developed by Lanner Group due to the capability
of the software to develop DES. Once the simulation software has been selected, the
next stage is to build and program the simulation model. The structuring of computer
model includes four phases defined as the assumption, definition, detail and display

phases.

The DES model is firstly developed to replicate the existing TMC ED and all the
processes involved in patient processing from admission through to discharge. Once
a logical representation is achieved, the DES model aids greater understanding of the
causes and effects. This develops opportunity for changes to be applied and further

developments to be implemented.

3.4.4.1 Assumptions

In order to replicate a true to life system, the simulation is based on a number of
assumptions which aid model building and to improve understanding by simplifying
the model. A set of assumptions are made from the research and further assumptions
are set to enable a logical processing of elements aided by expert consultation as

follows:

- The ED categorises arrival of patients into five types of case: immediate
cases, emergency cases, urgent cases, non-urgent cases and minor cases.

- Patients arrive according to statistical averages derived from the research.
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All the labour requirements, i.e. doctors, physicians, nurses and consultants
are readily available and work for 24 hours continuously. Hence no shifts
have yet been applied to the constructed model.

All ED staff are fully qualified and capable of handling all medical problems.
There exists no shortage of medical supplies.

Patient behaviour is not considered, i.e. patients cannot leave the system
abruptly or otherwise cause problematic issues leading to further disruptions.

Unexpected disruptions are not considered, i.e. power cuts etc.

The model will only run for a total of 1440 minutes, which equates to a

whole day (24 hours).

3.4.4.2 Defining Physical and Non-Physical Elements:

The witness programming software uses basic elements. These elements should be

defined at the time of model construction. In the project, elements are characterized

into two types: physical element and non-physical element. Each type is defined as

the following:

Physical elements:

a-

Entity: The entity represents parts that flow through the model. Example,
patients arriving at the entrance of emergency department, move forward to
be examined and treated by the doctor. Following are other examples of
entities:

A project progressing through a large corporation.

Calls being received and answered in a call centre.

Application forms being processed from within an office.

People moving through shops, etc.

56



Activity: An Activity is a station where a task is completed, for example, the
location where the patients come to register, i.e. reception counter and
treatment rooms. Other examples include:
Numerous typical stages of business processes.
The sales counter in a shop.
Handling of an email enquiry.
Queue: A Queue is a point where an entity is held until it is required or
needed, or even a point where a desired waiting time can be applied. For
example, once the patients have registered, they have to wait till the nurse is
free to examine them. They are held in a queue at a room called as waiting
room. It is the required time needed for the completion of previous job. Other
examples include:
Files waiting to be processed.
Customer in a queue waiting to be served.
Materials waiting for other materials to arrive.
Resources: The labours required to perform a desired activity. They are often
important and necessary to perform certain operations. These can be people
or physical equipment that may be required by other elements for processing
at the time of simulation. Example, the receptionists, nurses and doctors
required to carry out the task.

Operatives.

Technical staff.

Managerial staff.

Conveyor: A transporting or moving element, that enables an entity to

move from one location to another continuously, for example.
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- Parts moving on a conveyor belt.
- Raw materials moving from one machine to another.

- People moving on escalators.

Non-physical elements

a- Variable: A variable contains a value (or a set of values, if the quantity of
the variable is greater than 1). When a variable is defined, its data type must
be specified indicating the type of data contained i.e. integer, real, name or

string.

Different types of variables are:

- Integer — it is a variable containing a whole number.
- Real —itis a variable containing a number with a decimal fraction.
- Name — it contains a WITNESS element name.

- String — it is a variable containing a string.

b- Attribute: An attribute is an element that represents a characteristic of an
individual entity, resource, activity or carrier element. For example, an
attribute can be used to characterize colour, size, skill, cost, density, voltage
or serial number. The attribute is used to represent different conditions of

emergency in which a patient come to department.

3.4.4.3 Details of Each Element

Placing the details of previous element is the next stage. Details help in building a
logic model logically connecting the elements to one another as in reality. For

example, during the examination process, a doctor or nurse must remain with patient
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in an examination room for a period of time. The following is a brief explanation of

various details entered into different types of element definition:

Details of Physical Elements:

a- Entity: details of arrival time, condition of patients, and the location where the

patients must go after entering ED is entered, See Figure 3.3.

Patient’s Condition

Nonurgent_Elﬁncies

nor_Ernergenc?s =

[ = ——
i=treme_Emergencigll |

Detail Entity - Extreme_Emergencies

Aoute BEm i
2_Emengencies L

General ].-‘-‘-.ttlibutes] Foute ] .ﬁ.ctionsl Costing] F!epolting] MHaotes ]

I ame:

E =treme Emeraencies|

Input to kM odel E xit From kModel

Inter Arrival Time:
|.-5.c:tive j |1 50

. . Lot Size\
b amirmum Arriveals:

[Orlirited L \
First &urival A — Inter Arrival time of

The condition

of patient

[0.0 .

atient
Shift; Push P
|Undefined EI Actions on Create. .. |\/

/ ak. | Cancel | Help

Where the patient will go after

entering ED, see Fig 3.4
Figure 3.3 Details of Patient Entity
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= 7]
Emergencies i/ Aeute_Emengencies J_}/'Mnor_Emergencies Monurgent_Emergencies Fepaorts

Docta

Dischargedi
Edit OUTPUT RULE FOR ENTITY Extreme_ Emergencies

General lAttributes] Raoute ] Actions] Costing] Fepor| Select Search Editor  Print
Mame: FUSH to ENTRANCE
|EHtreme_Emergencies Where must all patients g0
Arivals Input to Model
Tope: Inter Arrival Time:
|Active j |15-D Y/
. i Lot Size:
b i Aimivals: 3
Urlimited
First Arrival At:
To..
oo 4
Shi Push Mo other elements are fed by Extreme_Emergencies Line: 1 Cal: 1
Ift:
Undefined : :
Actions on Create... Validate Prompt. . Help
Meszages:
Ok,
Cancel

Figure 3.4 Shows where the patient will go after entering ED

b- Activity: all details are added for individual activity element. The information
mimicking real life in the emergency department has been entered for each
activity. For example, in the reception activity, the entered information includes
number of reception activities of the emergency department, location of the
patient and the distribution that used to determine the length of time which the
process takes. Figure 3.5 shows the screen used in the witness program with all

the details regarding the activities of reception.
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Detail Activity - Patient_Reception
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see fig 3.6
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Figure 3.5 Details of reception activity.
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Figure 3.6 Direction of patients (input rules for reception activity).
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Figure 3.7 Details of Staff required (Resource Rule).
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Figure 3.8 Direction of patients (output rule for reception activity).

c- Queues: Emergency Departments are characterized by queues network pushed

by patients while waiting for service. To build the model, details of the capacity
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of individual queue must be introduced which is very essential. The present
model, details the capacity of individual queue within the Emergency

Department.

d- Resources: Doctors, nurses, and other employees in the emergency department

are represented with the place of work, See Figure 3. 9.

Layout Window: (150%)

process_time Triage_2 3+ Examination?
Eehaviour T2 WaitingRoom iy 2 ™ "
> - R R

Acute or Minor
Respscitation_Doc

e
o=

Nurses are represented by

R

place of work

[

Doctors are represented by

place of work

Figure 3.9 Representation of staff by their work place

Details of Non-physical Elements:

a- Dummy activity: A Dummy activity is not physical processes in reality. It is not
associated with cycle time or resources and do not form part of the simulation
display. It is included in the model to facilitate logic which is very complex to

perform within the constraints of the physical elements.

b- Attributes: As patient moves from stage to another within the department,
attributes on the patients can be changed which indicates the stage they are at in

the process and the decisions that are made with regard to patients condition. To
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illustrate, After examination a doctor may decide to send the patient for a Lab
test which results in the activation of appropriate attributes of the patient being

directed to the Lab queue instead of the treatment queue.

3.4.4.4 Distributions used in the model
The following is a brief clarification of the methodology that has been used to
choose all distributions that have been used in the simulation models for TMC ED,

and applied to all existing activities in ED. Where the methodology was based on:

1- A distribution fitting software was used to transform raw data into a single
distribution that best represented the collected data. The aim of distribution fitting is
to find the most suitable distribution use based on the collated data. Input data
analysis was validated by using INPUT ANALYZER of ARENA. Through this test,
a set of distributions have been adopted for each activity according to the data
collected i.e. uniform, triangular, normal, beta and negative exponential. For
example, figure 3.10 show the result of input analyser of arena to capture suitable
distribution i.e. Beta, for triage service time with the presence of difficult behaviour

factor.

64



Distribution Summary

istribution: Beta
xpression: -0.001 + 38 * BETA(0.264, 1.29)
quare Error: 0.017607

hi Square Test

Number of intervals = 37
Degrees of freedom = 34

Test Statistic = 1.43e+003
Corresponding p-value < 0.005

Figure 3.10 Input analyser of arena result

2- Knowledge of appropriate types of distributions that represent EDs activities,
based on several previous studies that specialised in developing DES models of EDs.
For example, using Poisson distribution to simulate patient arrival [Ahmed and

Alkhamis., 2009].

3.4.45 ED Activities :

The ED consists of various activities to provide a range of emergency services, it is
important to explain what are these activities and how they work, and the purpose of
their presence in the ED. The following table summarises the ED activities that have

been simulated to build TMC's ED.
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Table 3.3. Activities that have been simulated in the TMC's ED

No. Location and Place Purpose
1 Entrance (E1, E2, E3, E4 | This location has no distribution as it only represents patients
and E5) walking through the entrance. There are however 5 entrances to
enable all 5 types of patients to enter simultaneously.

2 Patient Arrival This variable describes how patients arrive to the ED.

3 Patient Reception To register all details of the patients conditions.

4 Triage Where the minor and non-urgent patients are sent in order to be
prepared for examination.

5 Examination Where patient examinations take place, from simple blood tests to a
range of other examinations.

6 Lab reception This is where all patients need to hand in all documentation with
regard to emergency and medication notes.

7 ED Urgent Area Where the urgent and emergency patients go, after which they are
sent to cardiology or else observation according to their condition
and requirements.

8 Enter Cardiology Where the patients meet up with cardiology doctors for a review
before entering the cardiology area.

9 Cardiology This is where the cardiology care takes place.

10 | Exit Cardiology Where the patients have to see a doctor before being discharged
from cardiology.

11 | Resuscitation Patients are directly sent here to be resuscitated as their case
requires immediate care.

12 | Observation Consult Where the patients meet with observation consultants for a review
before entering into the observation area.

13 | Observation This is where all the patients are observed for an array of different
purposes.

14 | Observation Exit Patients have to see a consultant before they can be discharged.

Consult

15 | Lab Department The duration Laboratory takes.

16 | X-ray Department The duration X-ray takes.

17 | CT Department The duration CT scan takes.

18 | MRI Department The duration MRI scan takes.

19 | Ultra Department The duration Ultrasound scan takes.

20 | Diagnosis Review This is where a review is conducted with a doctor and a patient after
they have been through the necessary scans.

21 | Treatment The final stage before discharging the patient from the ED is to
discuss the agreed treatment required.

4.4.4.6. Display

After the elements have been defined and detailed, the display is established, which

is a essential part of Visual Interactive Modelling (VIM). The display is designed to

mimic the real life physical representation of the system.
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Each entity and activity is displayed, making queues and processes within the

department visible to the user. The icons used in the display can be user defined.

3.45 Fifth Phase: Model Validation and Verification

The verification and validation processes are performed in order to produce a good
representation of real world service systems. The following sections will explain the
methodology that has been used in this thesis to carry out model verification and

validation:

3.4.5.1 Model Verification

Verification is the process by which it is checked that the developed simulation
model performs as proposed. Model building should be carried out correctly
according to the real time system and its assumptions. Verification ensures that a
model is constructed correctly by examining the logic of the anticipated mode
[Banks et al., 2010; Eng, 2011; Sargent, 2011].

Guidelines for the proper methodology in the verification of the simulation model
are provided in Law, [2007] and Banks et al., [2005].

The following verification techniques have been used to ensure the proper

conversion of the patient processes to the study’s simulation model:

1- By starting with a simple framework, the levels of detail were added and
debugged successively until the model represented the system under study to
a satisfactory condition.

2- The computer program was written and debugged in modules or
subprograms.

3- The conceptual model is checked by an expert in the simulation software
being used in order to ensure a accurate representation is achieved.
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The simulation was run under a variety of settings of the input parameters to
examine the rationality of the model output.

Model output was compared to historical data and expert opinions to ensure
accuracy.

The simulated system was observed at each process and compared with hand
calculations to ensure that the program operated closely to the real time
system. This process is called “trace” and allows the modeller to inspect any
model object during the model execution.

The model was set using simplifying conditions to observe its true
characteristics or to simply compute and compare its results.

The visual animation of the simulation model output was observed to assure
patient flow represented the actual systems.

The mean and variance for each simulation input probability distribution was
computed for means of comparisons with the historical mean and variance to

ensure that the values were being correctly generated from the distributions.

The simulation package, Witness Simulation, was used as its built-in features
minimised the number of probable errors occurring during the model’s construction.
The package also comes with a feature program called WITNESS scenario manager

which enables stochastic analysis’s to be carried out.

3.4.5.2 Model Validation

Validation is very closely connected to if not interlinked with the verification
process. Model validation is an important process in increasing one’s confidence in a
model, which is concerned with comparing the model to the real time system and
ensuring that it behaves with sufficient accuracy to achieve study’s objectives

[Edward et al., 1996].
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Methods for increasing the validity and reliability of a simulation model are provided
in Law, [2007] and Banks et al., [2005]. Throughout the design and development of
the simulation model, several methods were implemented to ensure validity of the
model. The multistage validation method, as described by Sargent was used as

follows [Sargent, 2009]:

1- Subject Matter Experts (SME) validity in a model:

Ensures the researcher obtained a complete and accurate set of information from
SME’s in order to construct a logical model. By liaising with SME’s, the model
logic and assumptions were reviewed before and after programming, and model
credibility was increased. For this thesis, SME validity was accomplished by
observing the actual system and by obtaining historical records to validate results
obtained from the simulation model. Further expert opinions where obtained from

staff with five years experience and attitudes within the TMC .

2- Quantitative methods used to test the model’s assumptions:

Although, SME’s were used to validate the assumptions to ensure reliability, further
quantitative methods i.e. model results were used to finalise the validity of the
results. This meant observing the model reaction and distribution according to the
SME’s opinions. This examines the assumptions made throughout the model’s
design and development processes. There are a number of ways to achieve this
target. Input data analysis was validated by using goodness-of-fit tests carried out by

software named Arena input analyser.
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3- Evaluating inputs and outputs:
Evaluating the inputs and outputs uses to measure the model’s capability to forecast
the future behaviour of the actual system. This was achieved as the model’s input
data set provided output data which closely resembled the expected output data from
the actual system.
The results were then compared to data derived from research i.e. historical data and
collated research, which was obtained from the same time period. The results of the
empirical distributions were compared to the information gathered from the SMEs.
These comparisons helped validate the simulation model where a consensus could be
seen in matching logical results.
The simulation model data input was also compared to the model’s patient arrivals
against the actual patient arrivals as gathered from hospital records. The LOS and
WTs from historical records was used to compare with the simulation model output.
Key performance indicators (KPI) were used to compare and contrast results and as
the logical DES model developed in stages. A visual observational evaluation of
how the system performance measure changes dynamically over time aided greater
understanding.

4- Stochastic approach
To evaluate the output data of the simulation model with the research data using a
stochastic analysis, the model was replicated 100 times to derive an ensemble of
results. Confidence intervals of the simulation output was taken at 95 per cent
confidence level (a0 = 0.05). The patient overall LOS, classified by patient condition
was used as the measure of the model validity in the validation process. Checking
these time periods is not only helpful in validating the model but also useful for

future improvement efforts.
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The data was recorded on a daily basis, 1440 minutes, the simulation model was
repeated for a total of 100 times with each replication using a different random
number stream to test the variance and find 95% confidence interval. This enabled a

thorough stochastic analysis to be carried out and analysed.

3.5 Summary

This chapter depicts the transformation of real life data into the simulation model to
represent the current operating processes within TMC ED. The objectives of all the
models are to represent reality, which closely reflects the real system in order to
observe these interactions and see the cause and affects. The methodologies used in
attaining accurate data and their application is highlighted i.e. data collection,
research methodology, input data analysis, verification and validation — provided a

structured process to construct the simulation model.
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Chapter 4: Modelled System

4.1 Introduction

Chapter 4 introduces some further developments of the model and discusses details
of the model diagnosis. This enables a deeper understanding and highlights the
reasons for certain entities and elements of the model being present. Their purpose is
discussed, along with what they intend to replicate in terms of historical data and
expert knowledge in relation to the techniques used. This chapter brings forward all
the aspects of model building from chapter 3. Bayesian Network Modelling aided by
Hugin software is introduced, the chain rule is explained in greater detail and the
application of the Bayesian approach to the simulation model is discussed. Live
screen shots are used to improve clarity of explanation, and logical programming
commands and functions are explained in greater detail with reasoned justification.
After identifying the required elements of the Witness software and their
functionality in relation to the model development, the simulation models were then
constructed. The Actual model and the Bayesian model are both discussed in detail
in order to develop a clear understanding of the difference in the two models, their

purpose and their approach.

4.2  Bayes Theorem Introduction

Bayes theorem is based on the Bayesian Network (BN) modelling that has been used
abundantly throughout the EDs in order to compute the most accurate representation
of a probability based on influencing factors [Friedman et al., 2000]. A study that has

been conducted in the U.S., Pittsburgh used Bayesian network to assess factors that
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affecting performance of influenza detection in Emergency department [Ye. et al.,

2014].

Another study that has been done in Copenhagen, Denmark aimed to predict the
adverse outcomes in the acute cases of adult patients who were admitted to hospital.
The researchers built a Bayesian network model by using already existing data to
estimate the risk of adverse outcomes, as well as to serve as a decision support

system in assessing future outcomes [Barfod et al., 2013].

Bayesian Network modelling has also been applied to administrative data, where it
has been used to provide the descriptive models to determine the differences in the
patient characteristics, process and results of care between the ED triage categories
of patients admitted from an ED with a Stroke Care Unit. The result of this study
showed the applicability of BN to evaluate the current triage practices and

subsequent impact [Nadathur et al., 2011].

In the current study, BN is used to populate the conditional and marginal probability
based on the influencing factors of patient behaviour types i.e. the probability of a
difficult patient or difficult behaviour. Patient behaviour types have been categorised
into four types as discussed in further detail within this study. Therefore, these four
behaviour types will be apparent in all patients, however the BN allows these four
types of cases data to be collated in order to derive a subsequent outcome of either

difficult or normal based on the influencing nodes i.e. behaviour types.

The BN modelling has been used as it is based on a unique formula that can be
integrated within the Discrete Event Simulation (DES) models to enable a dynamic
platform that consists of ever changing behaviour types that are considered on an

individual basis displaying different results for each patient replicating a true to life
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system. The BN modelling is also the most accurate procedure to determine the
probability of a difficult behaviour rather than relying on a total random as it takes
into consideration historical data and the current behaviour types which collate to

give a single outcome [Friedman et al., 2000].

In order to understand this process thoroughly, it is critically important to
understand the Bayesian Network Modelling process, which uses the Chain Rule and

other key variables.

In order to find out the areas in which the most problems are likely to occur within

the ED TMC, Bayesian network models are developed.

A brief overview of what BN modelling is and how it works with the aid of the
Hugin software is given, and more importantly, the methodology that should be used

when constructing Bayesian network models is also given.

A BN model is developed for the 3 different areas within the ED and the results are
shown below, indicating the area which has the highest probability of difficult

patient behaviour.

4.3 Bayesian Network Modelling

Bayesian network modelling (BN) relies on Bayes' theorem as a rule of inference,
i.e. observations and data are used to update the uncertainty of any parameter or node
in a BN which in most cases is derived from historical data, field research and expert
consultations. Inference in a BN refers to the computation of the conditional
probability for some variables given any available information (evidence) regarding

the other variables.
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Equation 4.1 relates to the conditional and marginal probabilities of two randomly
occurring events, which calculates the posterior probabilities given observations of
the two events. If events A and B are considered where event A is the influenced

node and event B is the influencing node, Bayes' theorem states :

P(B)

P{A|B) =

(Equation 4.1), [Bolstad., 2007]

where:

P(A) is the prior or marginal probability of A.
P(A|B) is the conditional probability of A given B.
P(B|A) is the conditional probability of B given A.
P(B) is the prior or marginal probability of B.

This theorem forms the basis of Bayesian network modelling. A Bayesian network
(BN) is a directed acyclic graph (DAG) that encodes a conditional probability
distribution (CPD) at the nodes on the basis of the arcs received as shown in Figure
4.1. The nodes can represent any kind of variable or event. A BN is therefore a DAG
encoded with a CPD. An arc goes from one node to another node making a
connection in one direction only (acyclic). A node is shown as an oval that
represents the variable or event. The arc is a straight line with an arrowhead
illustrating the direction from the source node, often called the parent node, to the
target node, often called the child node, representing the probabilistic dependence

between the two variables.
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An important concept for BN is conditional independence. Consider two sets of
variables, A and B, which are (conditionally) independent. Given a third set of
variables, C, when the values of the variables C are known, knowledge about the
values of the variables B provides no further information about the values of the
variables A, for example equation 4.2:

(Equation 4.2) [Bolstad., 2007]

Now, if every path from a variable in A to a variable in B contains a variable in C,
then A is conditionally independent of B given C [Lauritzen et al., 1988; Lauritzen et

al., 1989].

In order to ensure an accurate representation, a methodology of how to develop

conditional probability tables (CPT) must be followed.

4.3.1 Methodology To Develop CPT

1- Establishing relevant and accurate information.

2- Establishing nodes with dependencies.
One of the advantages of Bayesian network modelling is its flexibility in enabling
new nodes to be added to an existing model. It also allows existing information to be
updated as new information is gathered. An example of a BN is shown in Figure 4.1
which represents the reception area (Parent Node) and the influencing child nodes.
The reception desk just like the other existing areas within the ED has been found to
have 4 critical parameters (symptoms) which can each lead to disruptions, i.e.

difficult patient behaviour.
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Figure 4.1 shows the 4 child nodes with arrows pointing downwards to the reception
indicating their influence on the reception. Furthermore, each node has two states,
i.e. ‘Normal’ and ‘Difficult’ that can be seen in figures 4.2, 4.3, 4.4 and 4.5. This
example models the reception area and shows the dependencies between the child

nodes and the parent node.

Child Nodes

/

Challenge @ illness Belief

Confrontation

Reception Parent Nodes

Figure 4.1 Bayesian network modelling of the Reception area

4.3.2 Establishing the Conditional Probability Table (CPT).

A Bayesian network can visually represent the relationship between various nodes or
events (qualitative representation), or it can quantitatively represent each node
through a conditional probability table (CPT) as shown in Figure 4.6. Furthermore,

77




each parameter state is given a probability, for example Figure 4.2 shows that the
confrontation state has a normal probability of 67.7 % and difficulty of 32.3%. The
same procedure is followed for Figures 4.3, 4.4 and 4.5. The given probabilities can
be based on historical data gathered over time, research, and expert
knowledge/opinion. These figures have been derived and represent historical data

based on expert opinion with regards to their experience within the ED.

Therefore the probability of patient difficulty is dependent or conditional on the
existing parameters in figures 4.2, 4.3, 4.4 and 4.5. This can be seen in figure 4.6'

conditional probability table for the reception area.

Canfrantakion

[Marmal 677
Difficulk 32.3

Figure 4.2 Confrontation State

Confrontation | Challenge

Mormal TG, 2
Coif Ficulk 23.8

Figure 4.3 Challenge State

Confrontation | Challenge | Passivity

Motrmal az.4
DiFFicult 17.6
Figure 4.4 Passivity State

Confrontation | Challenge || Passiviey | ilness Belief

Mormal 66, 2
Difficuilk 33.8

—_—

Figure 4.5 IlIness Belief State

Figure 4.6 shows the CPT for difficult patient behaviour in the reception area based
on the influencing nodes where, on one hand if all the nodes are ‘Normal’ the
probability of no patient disruption is 5%, and on the other hand if all the nodes are

‘Difficult’, the probability of patient disruption is 95%.
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Figure 4.6 Reception Nodes Conditional Probability Table (CPT)

In this example, the parent node ‘reception’ is dependent or conditional on the 4
influencing child nodes which exist and hence have influencing effects on the
generated probability. In order to calculate the probability of difficult patient

behaviour, the chain rule (Equation 4.1) must be applied.

The child nodes ; confrontation, challenge, passivity and illness belief are termed A,
B, C and D accordingly, and the probability of a behaviour disorder is termed P. The

term ‘BD’ can also be used to represent the state of behaviour disorder.

Equation 4. 3 — Chain Rule [Darwiche., 2009]

4 4 4 4

P(BD)=)Y > > > P(BD/AiB;CDi) P(A) P(B)) P(CK)P(Di)
i=1j=1k=1I=1

Therefore :

P (Behaviour Disorder) =

P (A ‘Normal’) x (B ‘Normal’) x (C ‘Normal’) x (D ‘Normal’) x P (Behaviour
Disorder) +

P (A ‘Normal’) x (B ‘Normal’) x (C ‘Normal’) x (D ‘Difficult’) x P (Behaviour
Disorder) +

P (A ‘Normal’) x (B ‘Normal’) x (C ‘Difficult’) x (D ‘Normal’) x P (Behaviour
Disorder) +
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P (A ‘Normal’) x (B ‘Normal’) x (C ‘Difficult’) x (D ‘Difficult’) x P (Behaviour
Disorder) +

P (A ‘Normal’) x (B ‘Difficult’) x (C ‘Normal’) x (D ‘Normal’) x P (Behaviour
Disorder) +

P (A ‘Normal’) x (B ‘Difficult’) x (C ‘Normal’) x (D ‘Difficult’) x P (Behaviour
Disorder) +

P (A ‘Normal’) x (B ‘Difficult’) x (C ‘Difficult’) x (D ‘Normal’) x P (Behaviour
Disorder) +

P (A ‘Normal’) x (B ‘Difficult’) x (C ‘Difficult’) x (D ‘Difficult’) x P (Behaviour
Disorder) +

P (A ‘Difficult’) x (B ‘Normal’) x (C ‘Normal’) x (D ‘Normal’) x P (Behaviour
Disorder) +

P (A ‘Difficult’) x (B ‘Normal’) x (C ‘Normal’) x (D ‘Difficult’) x P (Behaviour
Disorder) +

P (A ‘Difficult’) x (B ‘Normal’) x (C ‘Difficult’) x (D ‘Normal’) x P (Behaviour
Disorder) +

P (A ‘Difficult’) x (B ‘Normal’) x (C ‘Difficult’) x (D ‘Difficult’) x P (Behaviour
Disorder) +

P (A ‘Difficult’) x (B ‘Difficult’) x (C ‘Normal’) x (D ‘Normal’) x P (Behaviour
Disorder) +

P (A ‘Difficult’) x (B ‘Difficult’) x (C ‘Normal’) x (D “Difficult’) x P (Behaviour
Disorder) +

P (A ‘Difficult’) x (B ‘Difficult’) x (C ‘Difficult’) x (D ‘Normal’) x P (Behaviour
Disorder) +

P (A ‘Difficult’) x (B ‘Difficult’) x (C ‘Difficult’) x (D ‘Difficult’) x P (Behaviour
Disorder) + P (Behaviour Disorder) =

(67.7 X 76.2 X 82.4 X 66.2 X 0.95) + (67.7 X 76.2 X 82.4 X 33.8 X 0.90) + (67.7 X 76.2
x 17.6 X 66.2 X 0.85) + (67.7 X 76.2 X 17.6 X 33.8 X 0.70) +

(67.7 x 23.8 X 82.4 X 66.2 X 0.70) + (67.7 X 23.8 X 82.4 X 33.8 X 0.60) + (67.7 x 23.8
X 17.6 X 66.2 X 0.55) + (67.7 X 23.8 X 17.6 X 33.8 X 0.50) +

(32.3x76.2x82.4x66.2x0.50) +(32.3x76.2 x 82.4x 33.8 x 0.45) + (32.3x 76.2
x 17.6 X 66.2 x 0.40) + (32.3 x 76.2 x 17.6 x 33.8 x 0.30) +

(32.3x 23.8 x 82.4 x 66.2 x 0.30) + (32.3 x 23.8 x 82.4 x 33.8 x 0.15) + (32.3 x 23.8
X 17.6 x 66.2 x 0.10) + (32.3 x 23.8 x 17.6 x 33.8 x 0.05)
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= 31.739645 or 31.74% probability.;

The results show that when compared to the actual example model of the reception
area’s nodes and dependencies, the outcome probability is very much the same. This
data has been implemented and modelled using the Hugin software with the states

shown in Figures 4.2 to 4.5, for which the results are shown in Figure 4.7.

N Class: Reception

o H —
o Bt =
=  GHe -

EI--- Reception
E}--.D Challenge
- [ 76,20 MNormal

e

-] 23.80 Difficult
=+ 4] Confrontation

-] 67.70 Mormal
-l ] 32.30 Difficult
=+ Passivity

-] 82.40 Normal
-l ] 17.60 Difficult
8" M Reception
-] 68,26 Normal
-~ ] 31.74 Difficult
E}--.D ilness Belisf

-] 66,20 Mormal
-l ] 33.80 Difficult

Figure 4.7 Reception area results based on the nodes and states

This example shows that given the above probabilities of the child nodes, a
behaviour disorder has a 31.74% probability of occurring and causing disruption. A
crucial advantage of the Bayesian approach is that it allows updated information to

be considered in order to continually revise probabilities.

The same structure was used to construct BN models for other areas within the ED in
order to identify the probability of difficult patient behaviour occurring. Reception
has been used as the example and also, examination and laboratory areas are further

analysed.
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All three areas rely on the same child nodes as the example reception. The same
types of patient flow from one area to another. The first point of the methodology is
to establish accurate data to be input regarding the child nodes’ normal and difficulty

ratios. This data is taken from historical data and from the field research carried out.

4.4  Bayesian Simulation Model

The behavioural symptoms are now generated on a random occurrence basis and a
behaviour status is applied to each patient via the implementation of the chain rule
(Equation 4.3), variables and attributes. The status of the patient behaviour

influences the amount of time they spend at one area along with their condition.

The next step was to implement the Chain Rule (Equation 4.3) which is used by the
BN to formulate probabilities within the developed model. The BN is only able to
produce results based on the given information, and hence new results require further
data to be input into the Conditional Probability Table (CPT), after which the results
may be extracted. Different numbered conditions must be applied, and hence

changing the CPT for results is an on-going process.

The Witness Simulation model on the other hand will not require the input of any
data, since all the data is now dependent on the random variables of the symptoms
which cause behavioural problems. The CPT enables the Chain Rule to extract
variables and calculate the overall probability. This Chain Rule will be implemented
within the model as will be shown in following sections, to extract probabilities and
attach signifying attributes highlighting the key conditions for the model to adhere to
and process, abolishing the need of on-going input of data. This will produce a
sophisticated dynamic approach and the model will show an array of different

probabilities based on the random symptoms of patients.
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44.1  Actual System (replication) Simulation Model

The Actual model is based on all the historical, observational and researched data
gathered in order to represent the existing ED in the truest possible sense. In order to
carry out the model building accurately, many working processes and procedures

must be represented via programming, as will be discussed in the following:

4.4.1.1 Attributes Applied to Modelling

Each patient is represented by a single entity and each entity may have an array of
different attributes according their needs and requirements. All entities i.e. patients,
are assigned the attributes of behaviour, condition and patients as shown in figure
4.8. Behaviour represents the patient’s behavioural state, condition indicates the
emergency level of the patient’s condition and the attribute “patients’ is used to allow
a single patient to be separated in two entities and re-join where required. The

attributes are shown in figure 4.8 and are also apparent in the actual model.

process time
Fatients
_ornditiorn
EBehawiour

Figure 4.8 The attributes used in the Model.

Figure 4.8 also shows the process time attribute. This is used to allocate different

time spans according to patient condition and behaviour.

Each patient is allocated their condition attribute at the very start, i.e. on creation.

This attribute highlights the severity of the condition and is assigned according to the
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information derived from the triage area which classifies patients based on their
condition. The triage classifies patients on a scale from 1 to 5, where 1 represents the
most severe condition and 5 represents the least severe condition. This condition
attribute enables the entities to move forward to their designated area within the ED
according to the severity of their condition. For example, an entity (patient) with
condition 1 will move forward to the resuscitation area as this is classed as an
immediate case which has to be handled with the utmost urgency. All the patients

should flow through the model according to their condition in this fashion.

The attribute named ‘process time’, represents the amount of time that an entity
(patient) spends within the designated activities. The process time is set according to
the research data gathered during the data collection stage, and it changes through
the model according to a patient’s behaviour and/or their condition. Process time has
been set as an attribute in order to enable the time spent at an activity to change
according to each individual patient. Therefore, as soon as a patient enters an
activity, the software will signal and give preference to the attributes attached and
enable the correct time to be spent in accordance with the condition and behaviour of
the patient. The same will apply for all patients. According to their condition they
will spend a certain process time within their respective activities which represents
an array of different ED tasks. This method was implemented in order to create

patients with separate process times according to their requirements.

These attributes are assigned independently to individual entities enabling different
durations to be applied at different locations within the model. For example, on the
detail entity for immediate cases shown in Figure 4.9, the attributes can be applied
via the Actions on Create tab. This leads to a further Edit Actions on Create, where

the attributes can be applied. In figure 4.9, condition = 1, patients = 1 and behaviour
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= 0. These are the given attributes that entities are created with, i.e. they are

automatically assigned as soon as the entities (which represent patients) enter the

model.
P +— Edit Actions On Create For Entity Inmediate_Cases @
Select Search  Editor  Prink
General ]Attributes] Route ] Actions] Ensting] Hepnrting] Mg —
[Fondition = 1
Mame: Patients =1
Behaviour =10
|Immediate_Easex
Arrivals Irpitt to odel
Type: Inter Arrival Time:
|sctive | |POISSON (28]
_ _ Lot Size:
b awimniuirn &rriveals: ,1—
Unlirmited
First Artval At To.. Break on entry in the debugger Line: 1 Cal 1
0o l
. Push
Shift Walidate Prampt... ‘ Help ‘
Undefined : Actions on Create.. |,/ Messages:
0K
Ok | Cancel ‘ Cancel

Figure 4.9 Applying attributes to entities.

All patients have different ‘condition’ and ‘patients’ attributes according to need and
purpose, however the Behaviour attribute remains the same in all entities. This
behaviour attribute only remains at 0, however, until patients enter the reception
activity. This will be further discussed in detail as it is directly related to how the
chain rule is implemented and the behaviour probability is calculated. This
probability attribute actually only changes depending on the chain rule to a 1, or else

remains a 0.

These attributes have to be implemented within the activities that represent ED tasks
according to the level of emergency, which can be looked at as a work station. As
entities (patients) enter their designated activities, they are required to spend the

allocated duration according to their attributes, and are then directed to different
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areas within the ED according to their condition attribute. An example of this is

shown in figure 4.10 using Patient _ reception Activity.

The duration is attributed as process_ time, and as an entity enters the activity, the
software will automatically apply the duration set by the attribute. This is the same
case for all the activities which must give attention to all patients that enter the

activity.

Detail Activity - Patient_Reception E]

GEnEfail Setup ] Stuppages] FiII.-’Empt_I.J] Shitt I .-i'-.cliu:unsl D:usting] Flepc:rting] MNotes ]
Cuantity: Pricrity: Type:

|2 |Luwest | Single ﬂ
| vt Ciuration Output
Duration;
| —_— ||:uru:u:ess_time
From... To..
Resource Rule... | v
Pull —»
Actionz on Input. . |~/ Actions on Start... | w  Actions on Finish... | » Actions on Dutput |)(
Qukput Fram;
Frant -

(] | Cancel | Help

Figure 4.10 The process time implementation.

The patient reception activity also takes into consideration the attribute condition,
applying an ‘if rule’ as can be seen in Figure 4.10 just above ‘actions on output’.
This enables the activity to check attributes of all patients and forward them
according to their need in terms of emergency. In addition, Figure 4.11 shows how
the rule has been input based on the condition attributes to determine where the

patients are to be sent. For example, as shown in figure 4.11, if the condition of the
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patient equals 1, they are pushed to the resuscitation queue, or else if the condition

equals 2 or 3, they are pushed to the emergency department queue and so forth.

Edit OUTPUT RULE FOR ACTIVITY Patient_Reception g|
Select  Search  Editor  Print

[F Condition = 1 s
PUSH to Resus_ [0
ELSE
IF Candition = 2
FUUSH to ED_0O
ELSE
IF Condition = 3
FUUSH o ED_Q
ELSE
IF Condition = 4
PUSH to ED_Main_Aread
ELSE
IF Condition =5
FUSH to ED_Main_areab
EMNDIF b

Figure 4.11 llustrates the reception output rule

4.4.1.2 Operationalization of Human Behaviour in the ED Model

Patient behaviours, as described previously, are categorised into four different types:
Confrontation, Challenge, Passivity and Iliness Belief. However, there is no system
or rule as to how these symptoms of behaviour are observed relative to the process,
case type and emergency. Hence, the four behaviour symptoms are best represented

as random occurrences just as in real life.

For this reason, the Hugin system based on the Bayes theorem was used to collate all
the data and to develop a system where the marginal and conditional probabilities of
the 4 symptoms could be considered in order to produce a single probability for
difficult behaviour occurrences. The Hugin approach uses the Chain rule to calculate
marginal and conditional probabilities. This exact system has been integrated into the

simulation model which will be presented and discussed at a later stage.
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4.4.1.3 Implementation of random symptoms and the chain rule

Figure 4.12 shows how these random occurrences have been translated into a logical
programming system. Firstly, it is important to highlight where this random rule has
been input and how it affects the system. It can be seen that it has been integrated
into the reception activity ‘action on input’. Hence these random symptoms only
develop in the model once the patients reach the reception. Once they reach the
reception they are assigned their symptoms as represented by a random variable from

Oto1l.

Edit Actions On Input to Task For, Activity Patient_R... @

Select  Search  Editor  Prink

Confrontation [1] = BAMDOKM [] +— A
Challenge [1) = RANDOM [)

Pazzivity [1) = RAMDOM [)

IIInessBeIief [1]1=RAMDOM [)

Confrontation [2] = 1.0 - Canfrontation [1] —
Challenge [21=1.0 - Challenge [1]

Pazzivity [21=1.0 - Paszszivity [1]

IIInessBeIief [21=1.0- lInez=B elief [1]

3 b

Figure 4.12 Implementing the random symptoms.

Figure 4.12 shows each of the symptoms that represent a random variable, i.e.
confrontation (1) = random (), the empty brackets in programming terms represent a
chance value between 0 and 1. The symptoms shown in Figure 4.12 also have a (1)
and (2) assigned to them. This is simply to aid the process of formulae which can
also be seen in Figure 4.13, where a screen shot of the system in place in the model
is shown. Firstly, the random variables are developed as discussed, and then the
random value is subtracted from the whole number 1 to show the remaining value.
For example, confrontation (1) = random (), therefore, confrontation (2) = 1.0 —

confrontation (1).
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Random variable (1) is given in the top line of Figure 4.13 and (2) is in the bottom
line. Once the rule has been applied according to Figure 4.12, the display is available
in the actual system as shown in Figure 4.13. The top line represents the chance of

occurrences and the bottom line represents the remainder chance.

Confrontation  Challenge P aszivity IlInessBelief

0,27 0,67 0,34 0,62
0,73 0,33 066 0,38

Figure 4.13 The four symptoms in the actual system

Figure 4.13 in essence is the core of the formula which represents the chain rule in
order to calculate the marginal and conditional probabilities because these random
variables are used to calculate the overall probability which is calculated from 16
different variables as shown in Figure 4.14. These 16 different variables are then
combined in order to establish the probability of difficult behaviour caused by the

collective symptoms.

Edit Actions On Input to Task For Activity Patient_Reception

Select  Search  Editor  Prink

Suml = lnezzBelief [1] * Confrontation [1]* Challenge [1]* Paggivitp (1] 795 A
Sumz = linessBelisf [1) * Confrantation [1] ¥ Challenge (1] * Passivity (2] * 90
Sum3 = lnezzBelief [1] * Confrontation [1]* Challenge [2) * Paggivitp (1] 785
ISurn4 = linezsBelief [1] ¥ Confrontation (1] * Challenge [2] ¥ Pagsivity [2] * 70

Sum? = lnezzBelief [1] * Confrontation [2] * Challenge [1]* Paggivitp (17770
Sumb = linessBelisf [1) * Confrantation [2] ¥ Challenge (1] * Passivity [2] * B0
Sum? = linessBelief [1] * Confrantation [2] * Challenge (2] * Passivity 1] * 55
ISurnE! = lnezzBelief [1] * Confrontation [2] * Challenge [2] * Paggivitp (2] = &0

Sumd = lnezzBelief [2] * Confrontation [1]* Challenge [1]* Paggivitp (1] 750

Sum10 = llinessBelief (2] * Confrontation [1] * Challenge [1] * Passivity (2] ¥ 45
Sur11 = llinessBelief 2] * Canfrontation [1] * Challenge [2] ® Pazsivity [1] % 40
ISum12 = lllnezzBelief (2] * Confrontation [1] * Challenge [2] = Pagsivity (2] = 30

Surml3 = llinessBelief (2] * Caonfrontation [2] * Challenge [1] © Pazsivity (1] 30
Sumld = llnezzBelief (2] * Confrontation (2] * Challenge (1] * Pazsivity [2] %15
Sur15 = llinessBelief 2] * Canfrontation [2] * Challenge [2] ® Pazsivity (1] 10
ISum18 = lllnezeBelief (2] * Confrontation [2] * Challenge [2] * Pagsivity (2] © 5

Prabability = Sum1 + Sumz + Sum3 + Sumd + Sumb + Sumb + Sum? + Sumd + Sum3 + Sum10 + Sum1T + Suml1Z + Sum13 + Suml4 + Suml5 + SumlB 2
|

Figure 4.14 Implementing the chain rule in the reception activity
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Similarly, this programming implementation is displayed in Figure 4.15. This figure
shows how the variables are actually represented in the developed model, the
occurrence of random variables that can be achieved, and the resulting final
probability. This has all been implemented into the reception activity and occurs as
soon as patient enters the system. The random variables of the symptoms are

developed and the formula is used to assign variables with probabilities.

Sum Sumz2 Sum3 Sumd Sums Sum Sum? Sumg
0. 39885 0.92128 0. 65961 1. 38468 1. 13321 2.36825 1. 72058 3.81370

sumg Sum0 Sumid Sum12 Sumi3 Sum14 Sum15 Sumh
0.81137 17804z 1.28431 2.29367  1.87713 Z.28838  1.20913 1.47403

Frobability
ah. 42

Figure 4.15 The chain rule variables and probability displayed in actual model

Once the chain rule was in place and working sensibly, a probability representing
difficult patients had to be attached to each and every patient. A system was put in
place to aid the processing of the formulae and programming as will be presented

and discussed in Figures 4.16 to 4.18.

Based on all the collated data, it was immediately apparent that a very high number
of patients had behavioural issues within the ED. The challenge was how this
number could be used as a probability. After many consultations with experts in the
field, a consensus was reached that if the probability of difficult behaviour
occurrences is above a value of 60 then this can be classed as a patient with

behavioural issues (an extensive justification can be found in the methodology
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chapter). Hence, in figure 4.16, it is stated that if the probability is equal to or less
than 59, then the variable behaviours (1) = 1, which implies a normal patient, and
behaviours (2) remains 0. However, if the probability is equal to or greater than 60,

behaviours (1) = 0 and behaviours (2) = 1, which indicates a difficult patient.

™ x|

IF Prabahility <= 59 »
Behaviourz [1] =1
Behaviourz [2] =10
ELSE
IF Prabability »= &0
Behaviours (1]1=0
Behaviours [2]=1
EMDIF
EMDIF b

% >

Figure 4.16 Behavioural probability.

This simple process would enable the development of counters to show how many
difficult patient probabilities above the 60 threshold had occurred, and also informs
the attribute ‘behaviour’ as discussed and shown in Figure 1. Figures 4.17 and 4.18
also highlight the importance of the behaviour variables which aid the processing of
formula and logical programming. Figure 4.17 shows the behaviours counter and
total counts of behaviours that have been classed as normal or difficult. Normal is

below the 59 threshold and difficult is above the 60 threshold.

Behawvwiour=

For =l 1
Tot=l PHor =l =
OifFficsult (]
Tot=l OifFi cualt =

Figure 4.17 Behaviour count.
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Following on from Figures 4.16 and 4.17, Figure 4.18 shows how the variables are
used to aid and implement a system whereby every patient is processed depending

on their probability and with that the process time is also changed accordingly.

Figure 4.18 shows that if behaviours (1) = 1, which represents normal behaviour, a
certain process time has to be used, i.e. uniform (3, 5) and the attribute behaviour
(not the variable behaviour) is also now equal to 1. If however, behaviour (2) equals
1, which represents difficult behaviour, a different process time is defined i.e.

triangle (5, 10, 15), and the attribute behaviour’ now equals 2.

Edit Actions On Input to Task For Activity Patient_R... E|
Select Search Editor  Prink

IF Behaviours [1] =1 -
procesz_time = UMIFORM [3.5]
Behaviour = 1
ELSE
IF Behaviours [£] = 1
procesz_time = TRIAMGLE [5.10.15)
Behaviour = 2
EMDIF
EMDIF w

4 b

Figure 4.18 Assignment of different process times according to behaviour.

This entire process has been implemented into the reception activity at ‘action on
start’. It enables the activity to move, divert and forward all the patients according to
their need in terms of emergency level, and minimises the consumption of additional

time based on their behaviour.

Similarly, process times change as the patients enter other activities which represent
an array of different tasks. For example, the very same ‘if” rule from Figure 4.18 is
used in areas such as triage and observation, albeit with different timing constraints

according to the research. This can be seen in Figures 4.19, 4.20 and 4.21.
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™ Edit Actions On Input to Task For Activity Triage

Select Search Editor Print

|F Behaviour = 1

process_time = UNIFORM [1.6)
ELSE

IF Behaviour = 2

process_time = NEGEXP [15
ENDIF
ENDIF

Figure 4.19 Triage process time according to behaviour.

Edit Actions On Input to Task For Activity Obs_Consult
Select  Search Editor  Prink

IF Behaviour =1

procesz_time = TRIAKNGLE [20,25,30]
ELSE

IF Behaviour = 2

procezz_time = TRIAMGLE [25,35,45]
EMDIF

ENDIF

Figure 4.20 Observation process time according to behaviour.

Edit Actions On Input to Task For Activity Lab_Reception
Select  Search Editor  Print

[F Behaviour =1

process_time = UMIFORM [1.3)
ELSE

IF Behaviour = 2

process_time = MEGE=FP [15
EMDIF
EMDIF

Figure 4.21 Laboratory reception process time according to behaviour.
4.5 Summary

This chapter highlights the difference in modelling in terms of the Bayesian
approach and how it affects the actual model in terms of programming application,
the changes applied in order to represent the Bayesian system as accurately as
possible. Firstly, key elements such as the attributes are identified and discussed in
relation to the modelling, their purpose and aim and what processes they intend to
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replicate. Visual aids are provided throughout the chapter to aid understanding.
Thereafter, the Bayesian approach is implemented with the development of random
variables and the chain rule equation that calculates the marginal and conditional

probabilities depending on influencing factors (random variable (symptoms)).

The Bayes theorem is explained and a step by step guide of how the Hugin software
uses the variables of influencing factors is provided to validate the process presented
by a methodology that should be adhered to in order to derive the most accurate
results. Tests are carried out based on influencing factors (symptoms) using the
Hugin software to validate the results further as changes are made to see the affects
thereof. A set of results is finally drawn given the random occurrence of influencing

parameters.
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Chapter 5: Data Analysis and Discussion

5.1 Introduction

Chapter 5 highlights and discusses the available data from hospital records and data
gathered from the field research from the experts within the ED of TMC. The
purpose and importance of the data is shown and how the data is used and how it
affects the study is highlighted. The data is used to develop an accurate simulation
model in order to represent a true to life system with comparable results that show an
affective correlation. The data gathered primarily serve to develop greater
understanding of the ED within TMC and further aid to fill the missing data, where
data is not accurate or available from hospital records. The data gathered also gives
an opportunity to make comparisons to previous studies to develop understanding

further.

5.2  Overview of Hospital Records

This part of data collection focused on the description of the emergency department
of the Tripoli Medical Centre (TMC) and the attending patients. In this stage, data
was collected by reviewing ED records and administrative records for May 2012. In
addition, the researcher used a form that has been designed to collect data that was
not available in ED records, the form is designed with the patient in mind, who are
attending the TMC ED, to collect data with regards to service times and patient
waiting time (form details is shown in chapter 3). Data has been validated by using

observation methods, and reviewing the data from previous months of the study as
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well as expert opinions. The information and data collected from the research is

shown and discussed below:

5.2.1 ED TMC Patients Characteristics

Patient characteristics in the study are summarised in Table 5.1. The mean age of all
ED visitors is 52 years; 39.2 % were 65 or over; just 10.6 % were between 16 and 24

years. Data also indicates that almost all ED users within the study were Libyan.

5.1. Summary of patients visiting ED, May 2012

Mean Age 52.3 year, SD (7.7)
variables # Number of patients (%0)
Age (year)
(16-24) 755 (10.6%)
(25-44) 1,500 (21.1%)
(45-64) 2,061 (29.1%)
(65 +) 2,784 (39.2%)
Gender
Male 4,015 (56.5 %)
Female 3,085 (43.5 %)
Nationality
Libyan 6,897 (97.2 %)
Non-Libyan 203 (2.8 %)
Severity
Emergencies cases 1,801 (25.4%)
(Immediate, emergent, and Urgent)
Minor & Non-Urgent case 5299 (74.6 %)
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Noteworthy (as shown in Table 5.1) the majority of patients who use the ED (to
obtain medical services), i.e. 5,299 patients were minor and non-urgent cases (74.6
%). The remaining 1,801 patients made up the extreme and urgent group. This may
be interpreted by data presented in Figure 5.1, which describes the access methods to
the ED, and shows that most users of ED (82.9%) attended ED based on their
decision to seek medical service not by being referred by a healthcare professional.
Other health centres in Libya referred just 9% of all visits and almost 6% of patients
were directed to ED by private clinics. In TMC ED, similar to most of the EDs
around the world, ED’s are forbidden to reject patients who attend the ED even if
they have a minor or non-urgent case. Actually, the researchers over the years
demanded that it has to prevent the provision of non-urgent medical care in the ED,
describing their reason as a misuse of hospital EDs by non-urgent patients and create
several negative consequences to it, including overcrowding, increase in the cost of
medical care, and reducing ED services quality [Cunningham et al., 1995; Moskop,

2010; Durand et al., 2012].

However, patients with non-urgent medical conditions in ED are likely to continue
and, in fact increase as a recent international literature review reported. It shows that

roughly 4.8% to 90% of ED patients were non-urgent patients [Durand et al., 2011].

Most of non-urgent patients and minor cases that attended the ED in TMC (82.9%)
were self-referral as shown in Figure 5.1. In fact, the ‘self-referral’ problem is well
known in EDs around the world and considered a reason for ED overcrowding. For
example, a study conducted in the U.S.A ( Rochester, NY), found that about 53 % of
all patients reported that they attended the ED because they believed that their
problems were urgent and required immediate care prompting them to visit the ED.

The study reported that most patients who attend ED were self-referral [Kamali et
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al., 2013]. Another study that has been done in Royal Perth Hospital, Australia, has

found that 73.8% of patients attend ED were self-referral [Ng et al., 2012].

57.2

17.3

25.4

0.1

Discharged

n = 4059

Admitted to the
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n=1230

Admitted to Urgent
area

n= 1801

Died

n=10

Self- refer

n= 5888

Primary and secondary
health care centres n=
652
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Other/not known

n=108
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May1 to May 31
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Figure 5.1 The ED patients overview, May 2012.
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Figure 5.1 also shows that the ED admitted approximately 17 % to hospital per

month. Furthermore, almost 25 % of all users are referred to the urgent area. These

cases transferred to the urgent area (especially the observation and resuscitation

room) are usually dealt with as inpatients, because the length of their stay in the ED

may exceed two days.

Of patients present in the ED during the study period, 10 have since passed away,

including four who were dead on arrival. This percentage is similar to that of months

preceding the study. The department also discharged (to home or any other health
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centre) the equivalent of 57% of all users. This result is very logical, because most

department users were minor or non-urgent cases.

It is worth mentioning that the data obtained from the ED of the TMC, as presented
in Figure 5.1, is somewhat similar to results in previous studies that examined the
characteristics of emergency departments in many hospitals worldwide, especially
those that suffer from some problems, like overcrowding [Moser et al., 2004; Day et

al., 2013].

5.2.2  Patients Arrival Process

The arrival process ensures that the time at which the patient registers within the ED
Is recorded; varying degrees of detail may be included. In the context of this study,
the arrival process will be described in two different ways accordingly to timescale.
Notably, Figure 5.2 provides a middle-level monthly illustration, the time unit is
days, Figure 5.3, on the other hand, provides insight on a daily basis, with time unit

in hours.
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Figure 5.2 Number of patients per day (May 2012)
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Figure 5.3 Number of patients per Hour (May 2012, Weekdays)

Figures 5.2 and 5.3 show that number of patients arriving daily to the ED is close,
where the average daily arrival is 229 patients. Note that the peak time for the

patient’s influx is between 10:00 a.m to 21.00 p.m

5.2.3 ED capacity

Data contained in Table 5.2 (taken from hospital records and personal observations)

displays details of beds and staff in the ED.

One of the more interesting aspects of this study is the shortage of beds compared
with other hospitals which are of a similar size and type as the TMC. Table 5.2
shows that the main area in emergency departments contains 14 beds, while there are
approximately 23 beds available in other similar hospitals [Delia, 2000]. In addition,
urgent areas containing 23 beds distributed to resuscitation rooms (4 beds),
observation rooms (17 beds) and cardiology rooms with just 2 beds. This constitutes
a serious shortage of beds compared to other similar hospitals [Khare et al., 2008;

Elshove-Bolk et al., 2006].
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5.2. ED capacity during study period (May 2012).

ED Area

Facilities

Details

ED waiting area

There is no proportionality
between the number of seats in
the waiting area and the
number of waiting patients

Patients should wait in the waiting
area if all ED beds are taken. They
are directed to main or urgent beds
on a first come, first served, basis
relative their condition.

ED Main area Patients in the main ED first see a
Bed 14 beds physician and then wait (without a
physician) for diagnostic testing and
staff 4 attending physicians from treatment, and then see a physician
08:00 to 20:00 again before being admitted or
2 attending physicians from discharged.
20:00 to 08:00
5 Nurses from 08:00 to 08:00
ED Urgent area
Resuscitation
Bed 4 beds
There is no specific time for patient
Staff 1 attending physician from to stay in resuscitation room.
08:00 to 20:00, 1 attending
physician from 20:00 to 08:00,
and 4 nurses from 08:00 to
Observation 08:00 Patients admitted to the observation
unit are like those admitted to the
Bed 7 beds for males and 10 beds hospital.
for females.
Staff 2 attending physicians from
08:00 to 20:00 and 2 attending
physicians from 20:00 to 8 am.
2 Nurses from 08:00 to 08:00
Cardiology
Bed 2 beds
Staff 1 attending physician from
08:00 to 08:00, 1 attending
physician from 20:00 to 08:00
2 Nurses from 08:00 to 08:00
Boarding No data available about how No present limit on how many

many beds in hallway

patients can board
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5.24  Waiting Time and operation time in ED TMC

This section discusses the waiting and operating times of service procedures, with
particular attention to minor and non-urgent patients. The data used were collected
by direct measurement (Innovative Time Form (ITF), see chapter 3) and through

TMC ED staff interviews.

5.3. Average patient waiting time to see a physician and percentage of visits exceeded

the recommended time frame in May 2012.

% of patients whose
Average e -
. " . waiting time exceeded
Patient Condition wait time In .
. the recommended time
minutes
frame*
Immediate cases _(class 1) _ 10 558
(should be seen in less than 1 min)
Emergent (class 2)
(should be seen within 1 to 14 minutes) 38 °3.4
Urgent (class 3)
I 23.

('should be seen within 1 to 2 hours) 53 35
Minor (semi urgent) (class 4) 85 225
(should be seen within 1 to 2 hours) '
Non — urgent cases (class 5)
(should be seen within 2 to 24 hours) 100 60.3
Recommended time frame is developed by the Emergency Nurses Association.
Time patients should spend waiting for doctor depends on a five-level emergency
severity. Emergency Department of TMC is used this frame in its regulation.

Table 5.3 compares the mean time patients wait to see a doctor and that
recommended by Emergency Nurses Association, which is implemented in ED’s
organisational regulation. It can be seen that the mean waiting time exceeds the
recommended time available in the hospital regulation. This is particularly so for
immediate and emergent cases were the minimum differences were 9 minutes (56%)
and 24 minutes (53%) respectively. In the urgent (53 mins), minor (85 mins) and

non-urgent cases (100 mins), the mean values were within the recommended time
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frames of 1-2hrs and less than 24 hours. Nonetheless, the percentage of patients who
are forced to wait for longer than the recommended time was highest for non —urgent

cases (60.3%) while that of minor patients was the least with 22.5%.

5.4. Average time (in minutes) spent by class 4 and 5 patients in the triage waiting

room before seeing a physician and/or nurse

: : Patients number and percentage
Categories Time category
[No/(%)]
1 <60 320 (15.98 %)
2 60-120 690 (34.45 %)
3 >120 1010 (50.42 %)
Overall average time at triage 80 min
area (minutes)

The waiting times for class 4 and 5 patients, i.e. minor and non-urgent patients,
between registering at the reception and upon first entry into the triage area are
presented in table 5.4. The data shows that 50.42 % of patients spend more than 2
hours in the triage waiting room to see a doctor or nurse. Consequently, half of ED
TMC patients are treated by physicians/nurses after being delayed for more than the
target triage time, which ought to be less than 2 hours for minor patients.

Compared to other studies, a significant difference exists. It was reported that about
78% of all patients and 67% of patients who were triaged to be treated in one hour,

were treated by a physician within the target triage time [Horwitz et al., 2010].

Furthermore, approximately 34 % of all minor and non-urgent patients, who
participated in this study waited between one to two hours, with just 16 % of them
found to have waited for less than an hour. The average waiting time in the triage

area, regardless of the patient’s condition (minor or non-urgent) was found to be
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approximately 1hr 20 minutes. This result correlates with the study published by
Care Quality Commission in 2012, in which 29% of participants were found to have
waited for treatment for over an hour [Care Quality Commission, 2012]. In another
study conducted in the U.S., the average waiting time for triaged patients was
approximately 55.8 minutes [Stephen et al., 2008]. Lyons and his colleagues also
reported a mean time of 13.34 mins for patients waiting to initially speak to a triage

staff, in a study conducted in the U.S. [Lyons et al., 2007].

The review of previous studies reveals that most researchers agreed that patients
spent less time waiting for triage compared to that obtained for this research.
Prolonged waiting time at triage to see a doctor or nurse could be due to many
reasons. As confirmed from questionnaires given to staff participants and previous
researches, these reasons could include shortage of facilities, disorganisation and
capacity at ED TMC. Several researchers agree with these factors. However, an
important factor which could be responsible for huge delays and is yet to be
explicitly explored by previous researchers could be a high number of minor and
non-urgent patients who attended the ED TMC on a daily basis. the extra time spent
on sorting and attending to difficult patients is considering as factor which cause
extra WTs, as previously discussed in chapter 2. difficult patients are usually
confrontational, challenging, passive and have an illness belief problem. This factor

will be explored further in later sections.

Operational times were also studied using the Innovative Time Form (ITF) created.
The operational time is defined as the time a patient spent with a doctor or nurse in
order to complete the triage process. The statistics presented in table 5.5 showed that
the majority (1070,( 53.4%)) of patients spent between 5 to 10 minutes, while

patients who spent less than 5 minutes represent the minority in this study (493, (
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24.6 %)) and patients who exceeded 10 minutes with a triage staff represented 22%

(440, (22%)).

In 2007, Lyons et al. found that the average time spent in the triage by patients was
4.17 minutes [Lyons et al., 2007]. Similarly, a study conducted in the U.K, for the
purpose of finding solutions to reduce waiting time in ED, found that the median
triage time before intervention was 7 min [Subash et al., 2004]. This result nearly
matches the average triage time in ED TMC represented in table 5.5. However, the
2012 study conducted by Wang et al. in the Kentucky, US, stated that operating time
(13mins) exceeded the recommended time by 10 mins [Wang et al., 2012]. In
addition, from table 5.5, the majority of patients who attended the ED TMC were

triaged within the recommended triage time; 5-10 minutes.

5.5. Average time spent (minutes) by class 4 and 5 patients in the triage room with a

nurse
Patients Number
categories Time category and Percentage
No / (%)
1 <5 493 (24.6 %)
2 5-10 1070 (53. 4 %)
3 >10 440 (22%)
Overall average time at triage room -
(minutes)

Minor and non-urgent patients at ED TMC are usually directed to the examination
waiting area where they are examined and treated by a doctor or nurse. The time
each category of patient spent between leaving the triage room and entering the

examination room are recorded in table 5.6.
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5.6. Average time spent (in minutes) by class 4 and 5 patients in the examination

waiting room
Patients Number and
Categories Time category Percentage
No / (%)
1 <60 320 (16 %)
2 60-120 423 (21 %)
3 >120 1260 (63%)
Overall average Time of Examination waiting area 140 min
(minutes) (2 h 33 min)

The data indicates that most of patients waiting for more than 2 hours to enter the

examination room and the overall mean time was found to be 140 mins.

5.7. Average LOS of ED Patients (in minutes) according to patient’s conditions

ED area Mean ( SD)

LOS for Urgent area patients (min) 370 (min)
(immediate, Emergent and Urgent) (= 6 hours)

LOS for examination area patients (min) 274 (min)
(Minor and non-urgent) (= 5 hours)

207
Overall average

(= 4 hours)

The above table shows that the ED under study suffered from prolonged LOS as
many other EDs all around the world. Earlier studies conducted within an emergency
department, with similar overcrowding conditions, recorded a comparable LOS as
found in this study. In a study conducted by Elmer et al in Boston, U.S., the median

ED LOS was 5.1 hours [Elmer et al., 2012]. In 2008, Khare and other researchers
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found that the mean LOS in ED was 4.1 hours [Khare et al., 2008]. Also Affleck
and others found that the average LOS of minor and non-urgent discharged patients
was about 4 hours, while LOS of urgent and emergent patients was found to be
approximately 8 hours [Affleck et al., 2013]. Similarly, in another study that was
conducted in Netherlands, the researchers found that the average LOS of discharged
patients was 119 minutes [Linden et al., 2013].

The previous studies tried to find a relationship between LOS of the department and
many other factors. For example, increase in the volume of the patients attended to at
the emergency department, departments' organization and procedures, the resources
i.e. number of doctors and nurses, number of beds and ancillary departments and
how they contribute to increase LOS.

A fascinating factor discovered in light of this research, which is yet to be explored
to the best of the researcher’s knowledge was patient behaviour. Thus, the aim is to
find the relationship between this factor and LOS in ED TMC. This will be studied

and clarified in later sections of this study.

5.3 Overview of Questionnaires and Interviews

The research question, as was displayed in chapter 1 (The Introduction), has been
outlined, which assumes that patient behaviours whilst waiting in a service queue is
one of the reasons impeding the smooth operation of the patient flow system. To
prove the hypothesis, this study used many strategies. One of them is a survey
(questionnaires and interviews) of staff working in the ED of TMC. The survey
aimed to find and develop a consensus of staff opinion on the issue of patient
behaviour and its impact on service. The following is the result that has been found

after a thorough analysis.
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From the questionnaire sent to the ED staff in TMC: there were 9 doctor
respondents, who represent 75% of the total questionnaires sent, and 11 nurses
respondents, who represent 84.6%. The staff were asked about how long they had
worked in the ED and most staff who responded (doctors and nurses) had been in
their jobs over five years (approximately 67% for Doctors and 73 % of nurses). This
result indicates that they have gained valuable experience to be able to present
accurate views to consider. Based on this finding, it is reasonable to assume the
questionnaire and interview results, hold great value from many years of experience
within the ED and enable greater understanding for the problems that TMC ED is

facing on a daily basis.

When staff members were asked whether overcrowding existed in the ED, 77.8% of
the doctor respondents agreed in addition to 72.7% of the nurses. It was explained
that overcrowding is considered to be a very frustrating and aggravating problem that
they face daily. These employees illustrated that this problem requires a quick and
serious solution. The same response and result was found to exist in studies
conducted in other countries. ED staff members had similar complaints and demands
as TMC ED staff. For instance, a study implemented in the Netherlands, 2013
showed there was a strong agreement amongst the ED nurse (79 %) and Emergency
Physicians EP (73 %) for the feeling of overcrowding and feeling of being rushed
[Anneveld et al., 2013]. In another survey conducted in 2000 in California, 96% of
the ED directors were of the opinion that overcrowding is a threat to efficient work
at ED [Richards et al., 2000].

Participating staff members were asked about factors considered by previous
researches as significant reasons for increased patient’s waiting time. Their

responses are illustrated in the figure 5.4.
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Figure 5.4 describes the staff opinion about overcrowding cases

From Figure 5.4, it is obvious that doctors and nurses who participated in this study
believe that a huge number of non-urgent and minor cases who attended ED to
receive emergency services are more responsible for creating the overcrowding
situation experienced at the ED. This result agrees with previous studies, where it
was reported that minor and non-urgent cases are problems faced by ED all around

the world.

The staff were also asked to indicate whether they felt that difficult patients'
behaviour issues had a negative impact on the work of their ED, and almost seventy
eight percent (77.8%) of doctors and 81.8 % of nurses felt that it did. These results
obviously show the importance of conducting such a study in order to discover the

importance of this problem and work on finding a suitable solution.

The factors that have been found in literature that are considered as significant
patient factors affecting the service in emergency departments, (previously discussed

in chapter 2), have been discussed with the staff via interviews and questionnaires.
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The analysis of interviews and questionnaires showed that almost all responders

agree on some factors, and they emphasise that these factors, which are shown in

table 5.8, are the fundamental elements known to play a role in service delivery

negativity in ED of TMC. Table 5.8 also display the staff opinion about how does

each factor effect the services.

5.8. The significant patient’s factors affecting the service in emergency departments.

Patient Behaviour Factors

Staff Responses

How it could affect the

No. Factor . Doctor Nurse
services
Defensive behaviour,
including: - Capacity issues 88.9% 72.7%
c. Challenges, including: - Disturbance of service
- Interfering because of the
- Over-involvement complaint and
1 - Demanding. objection 77.8% 36.4%
d. Confrontation, - Requires a long time to
including: deal with them.
- Anger
- Arguing
- Lack of respect
Protective behaviour,
including: - Disturb patient flow 55.6% 81.8%
b. Passivity: - Requires a long
- cultural influences, time to deal with
’ i.e. discrimination, them.
lack of respect the
rule, e.g. jumping the
queue
- Communication
difficulties.
IlIness Belief - Capacity issues. 55.6% 45.5%
3- - Requires a long time to

deal.

Table 5.8 clearly shows that doctors and nurse strongly agree that the most important

behaviour that infuriates them, and disturbs their work is challenges which includes
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interfering, over-involvement and demanding, near 89% and 73 % consecutively.
The staff say this type of behaviour disrupts the services because of a lot of
complaining and objections that patients seem to have due to lack of understanding
of the processes involved. Confrontational behaviour which shows almost violence
I.e. anger, arguing and lack of respect, takes second place of importance for doctors.
However, within the TMC ED nurses do not find the violence to be a problem as
they do not face this issue. This aspect of violence where nurses do not consider
being a critical problem is different when compared to other studies, Where Physical
and non-physical violence against ED workers are a common concern from all
members of staff [Gates et al., 2011]. For illustration, a study conducted in US
found that nearly 25% of respondents reported experiencing physical violence more
than 20 times in the past 3 years, also very nearly 20% of nurses reported
experiencing verbal abuse more than 200 times during the same period [Smith et al.,
2009]. Similar study found that approximately 82% of emergency nurses responded
that they had been physically assaulted at work [May et al., 2002].

Table 5.8 also shows that nurses find passivity and cultural influences can be
certainly disturbing and affect their work considerably (about 82%). Doctors on the
other hand do not strongly agree with this point as much as nurses do (55.5%).
Majority of the doctors and nurses involved in this study ( 88.9 % doctors, 90.9 %
nurses) agreed that, minor and non-urgent patients were showing the most difficult
behavioural issues, which leads to a delay in service and crashes the system. This, in
fact, prompted the researcher to focus only on these two groups of patients in
observation.

In order to understand staff opinion to the best of abilities about the most difficult

behaviour that effect patient flow system, they were asked to highlight factors shown
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in table 5.8 in order to assess the level of seriousness, starting from major effect on
services, ending with no effect on services. The results highlighted that doctors
considered over-involvement, demanding, and urging, the most important
behavioural factors to cause confusion at work. These behaviours, as interpreted by
the doctors surveyed, mean that patients who carry these behaviour, are usually not
of an urgent case and emergent, but rather non-urgent and/or minor cases, they tend
to interfere in the doctor's decision. For example, patients are trying to get involved
with the type of tests that doctors choose and the resulting diagnosis. According to
the ED doctors' explanation, staff should investigate and treat all types patients who
are presented in the department, regardless of condition; therefore, these behaviours
lead to an increased number of patients waiting in queues as increased time is
consumed dealing with such patients, which causes the overcrowding. Nursing staff
believe that the most important factor that impedes their work is queuing behaviour
I.e., jJumping the queue and demanding to be at the head regardless of condition and
urgency. Nurses also share the same opinion as doctors, where 72.7 % of them
believe that the intervention in the treatment and the long arguments with staff are

difficult behaviours, which lead to delay in services. See table 5.9.
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5.9. Staff opinion about the most serious difficult patient’s behaviour that effect

services.

Level of Seriousness

Behaviour Factors Doctors %6 NUISES %6

Major | Minor No Major | Minor No

effect | effect | effect | effect | effect | effect
Over-involvement 88.9 11.1 0 63.6 36.4 0
Demanding 77.8 111 111 72.7 18.2 9.1
Arguing 66.7 22.2 111 54.5 27.3 18.2
Lack of respect 55.6 111 33.3 81.8 18.2 0
Iliness Belief 55.6 0 444 27.3 45.4 27.3
Communication difficulties. | 33.3 55.6 11.1 45.4 36.4 18.2
cultural influences 22.2 44.5 33.3 18.2 45.4 36.4

The staff were also asked to indicate the negative effects caused by the difficult

patients' behaviour on the work in the TMC emergency department, and it was found

that doctors (approximately 89 %) and nurses (approximately 82%) agreed that

difficult patient behaviour, increased patient waiting time for service. Seventy-eight

percent of doctors and 73% of nurses believed that unacceptable patient behaviour

disturbs the patient flow system. In addition, 67% of doctors and 55% of nurses

responded that difficult behaviour contributes of staff dissatisfaction, which

negatively affects the quality of service provided. See figure 5.5.
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Figure 5.5 The Negative effects caused by the difficult patients' behaviour

Respondents were asked to highlight service areas experiencing unacceptable
behaviour. The results show that there were three service areas experiencing delays
because of the difficult behaviour of some patients. Table 5.10 shows those areas,
and also shows the average real-time service, and the estimated average time that
respondents believed that the difficult patient takes in addition to real service time.
The purpose of this question is to develop greater understanding based on staff
opinion about the more important areas that face difficulties to provide services
because of behaviour. The results gathered aids to develop and build the behaviour
model of TMC ED in the most accurate manner, it means the model is based on real
issues that research has revealed according to staff opinion and experience. ED staff
can give the most accurate details to consider due to many years of expertise within
the TMC ED. This will also fill the gap of missing data where data is not available
from hospital records and enable an accurate representation of a true to life system

within the simulation model.
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In fact, there is no previous research that can be found to compare with these results,

as previous research is nonexistent in this area, where human behaviour is

considered and the effects it can have on patient processes.

5.10. The Most important service areas for the recurrence of unacceptable behaviour,

and staff estimation of the extra time taken by difficult patients.

Service area

Repeated behaviour

Mean time to
provide the
service (mins)

mean estimate
extra time (mins)

Triage

- Interfering

- Arguing

- Communication
difficulties

- lllness Believes

- Aggression

Reception

- Demanding

- Aggression

- Lack of respect

- cultural influence

- Communication
difficulties

- Alcoholism

Examination

- Communication
difficulties

- Arguing

- lllness Believes

155

Although observation method was planned to examine patient behaviour as clearly

discussed in chapter 3, nevertheless obtaining staff opinion about these factors will

be a very important step that will help to understand patient behaviour, as they are

the people who face these behaviours in their everyday work. Their experience is

absolutely beneficial to establish the reality of these factors. Therefore, their

responses will help to focus on the essential issues during the observation stage of

this research. In addition, this step will confirm or reject the results from observation

method. The details about the factors and staff responses are illustrated in table 5.11.
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5.11. Staff Responses to Factors That Affect Patient Behaviour.

Staff responses

Factors that affects patient behaviour
P Doctors (%) | Nurses (%)

Gender
o Difficult patients are mostly males 66.7 72.7
e Difficult patients are mostly female 33.3 27.3
Nationality
e Difficult patients are mostly Libyan 88.9 81.8
e Difficult patients are mostly non-Libyan 111 18.2
Age
e Difficult patients are mostly old 44.4 36.4
e Difficult patients are mostly young 55.6 63.6
Time of Behaviour 18.2
e Difficult behaviour usually occurs during 33.3

early morning

o Difficult behaviour usually occurs during 22.3 27.3
afternoon

e Difficult behaviour usually occurs during
night time 44 4 54.5

Place of behaviour

e Urgent area faces serious interruptions due 33.3 36.4
to patient behaviour.

e Examination area faces serious 66.7 63.6
interruptions due to patient behaviour.

The data in table 5.11 shows that staff members agree that difficult patients are
mostly young Libyan men. The staff members also believe that they experience the
most unacceptable behaviour at night and least disturbing behaviour in the morning.

In addition, they ascertained that the examination area faces more difficult patient
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behaviour than the urgent area. Accordingly, this was attributed to the fact that the
urgent area deals with intensive care patients that need immediate care and usually

cannot show any kind of behaviour under examination/treatment.

5.4  Overview of patient behaviour based on observational data

In this section of chapter 5, the results that have been gathered via observation
method will be explained and discussed further. The purpose of the observation and
the method that has been followed in order to choose the sample size, the

participants, and analysis method has been illustrated in detail in chapter 3.

This section is attempted to identify the problem affecting hospital’s service time in
relation with patient’s behaviour. A descriptive analysis summarising the patient’s
characteristics and other factors in relation with their behaviour is displayed in Table

5.12 (a) and 5.12 (b).

The information that can be extracted from Tables (5.12 and 5.13) and Figure (5.6 to
5.9) is that “Reception” is the most likely place for difficult behaviour, with more
likely “Male” patients, age in the band “30 — 40” , where time “12:00 pm — 2:00
pm” is the more likely time that behaviour is observed. The more likely reason of

behaviour is the “long waiting time” and “the staff behaviour”.
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5.12. Distribution of Patient's characteristics by Existence of behaviour

The Existence of Behaviour

The Factors Difficult Normal Total
Behaviour

Reception N (%) | 75(49.7%) 18(8.6%) 93(25.8%)
The Place | Examination N (%) | 46(30.5%) | 150(71.4%) | 196(54.3%)
Triage N (%) | 30(19.9%) | 42(20%) 72(19.9%)

Male N (%) | 81(53.6%) | 114(54.3%) | 195(54%)

Sex Female N (%) | 70(46.4%) | 96(45.7%) | 166(46%)
20-30 N (%) | 38(25.2%) | 54(25.7%) | 92(25.5%)
pationt Age 30-40 N (%) | 58(38.4%) | 58(27.6%) | 116(32.1%)
40-50 N (%) | 25(16.6%) | 49(23.3%) | 74(20.5%)

> 50 N (%) | 30(19.9%) | 49(23.3%) | 79(21.9%)

8:00am - 10:00am | N (%) | 22(14.6%) | 26(12.4%) | 48(13.3%)

10:00 am - 12:00 pm | N (%) | 33(21.9%) | 33(15.7%) | 66(18.3%)
ObT Ime ‘t’_f 12:00 pm - 2:00 pm | N (%) | 64(42.4%) | 90(42.9%) | 154(42.7%)
SEVAHON ) 5 00 pm - 4:00pm [N (%) | 29(19.2%) | 55(26.2%) | 84(23.3%)

4:00pm-6:00pm | N (%) | 3(2%) 6(2.9%) 9(2.5%)

_ Yes N (%) | 53(35.1%) 0(0%) 53(14.7%)
Confrontation  "Normg) N (%) | 0(0%) 210(100%) | 210(58.2%)

Behaviour (B1) _

Not Applicable N (%) | 98(64.9%) 0(0%) 98(27.1%)

Yes N (%) | 60(39.7%) 0(0%) 60(16.6%)
Be?;s::)el:]rg(eéz) Normal N (%) | 0(0%) | 210(100%) | 210(58.2%)
Not Applicable N (%) | 91(60.3%) 0(0%) 91(25.2%)

B Yes N (%) | 11(7.3%) 0(0%) 11(3%)
Passivity Normal N (%) | 0(0%) 210(100%) | 210(58.2%)

Behaviour (B3) -

Not Applicable N (%) | 140(92.7%) 0(0%) 140(38.8%)

_ Yes N (%) | 27(17.9%) 0(0%) 27(7.5%)
””esg ge“ef Normal N (%) | 00%) | 210(100%) | 210(58.2%)
(B4) Not Applicable N (%) | 124(82.1%) 0(0%) 124(34.3%)

IQR Interquartile range: (3st quartile - 1rd quartile), IQR=Q3 - Q1

SD: Standard deviation

118




5.13. Distribution of Patient's characteristics by Existence of behaviour.

The Existence of Behaviour
The Factors Difficult
Behaviour Normal Total
Mild N (%) | 28(18.5%) 0( 0%) 28( 7.8%)
, Moderate N (%) | 69( 45.7%) 1(0.5%) | 70(19.4%)
Intensity of Severe N (%) ; ; .
Behaviour 53( 35.1%) 0( 0%) 53(14.7%)
Not Applicable N (%) 210(
1(0.7%) 209( 99.5%) 58.2%)
Long Waiting N (%) | 60(39.7%) 0(0%) 60(16.6%)
Time
The Reasons of " eak Organisation | N (%) | 47(31.1%) 0(0%) 47(13%)
B[;g;{z‘é'lfr staff behaviour | N (%) | 37(245%) | 0(0%) | 37(10.2%)
no answer N (%) 7(4.6%) 0(0%) 7(1.9%)
Not Applicable N (%) 0(0%) 210(100%) | 210(58.2%)
Positive Staff N (%) | 49(32.5%) 0(0%) 49(13.6%)
Interaction
Negative Staff N (%) | 65(43%) 0(0%) 65(18%)
Staff Behaviour | Interaction
Neutral Staff N (%) | 37(24.5%) 0(0%) 37(10.2%)
Interaction
Not Applicable N (%) 0(0%) 210(100%) | 210(58.2%)
B1 Time Median (IQR) 7(11-6) 8(12-4) 8 (12-6)
- Mean(SD) 11.6(8.5) 8.5(4.0) 9.1(5.4)
B2 Time Median (IQR) 105(15-9) | 8(12-4) |95(12-7)
Mean(SD) 14.5(9.1) 8.6(4.0) 9.9 (6.1)
B3 Time Median (IQR) 8 (18-7) 8(12-4) 8(12-5)
Mean(SD) 12.6(7.7) 8.6(4.0) 8.8(4,3)
B4 Time Median (IQR) 17 (26 - 10) 8(12-4) 9(12-6)
Mean(SD) 18.1(8.9) 8.6(4.0) 9.6(5.7)
IQR Interquartile range: (3st quartile - 1rd quartile), IQR=Q3 - Q1
SD: Standard deviation
g 100% 7 199% zom
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Figure 5.6 Distribution of cases by location and behaviour
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Figure 5.7 . Distribution of cases by Gender and behaviour
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Figure 5.8 Distribution of cases by Age and behaviour
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Figure 5.9 Distribution of cases by Time of observation and behaviour
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Boxplot has been used to show the distribution of dataset (at a glance). Boxplot
shows that the service times are longer in the presence of behaviour, Figure 5.10

represents the boxplot of the different service time by “behaviour”.
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Figure 5.10 Service Times in minutes

In order to statistically check the hypothesis of any association between behaviour
and the factors displayed in Table 5.12 and 5.13 the chi square test (x*) will be used
for categorical variable, but when there is an ordinal variable the y* test for
proportion will be used to test for linear trend. For continuous variable such as
service time, t-tests and analysis of variance (ANOVA) when necessary will be used.
The justification of the use of the parametric tests (t-test and ANOVA) is because a
graphical check on the normality of the data was carried out using Normal plots and
it does not show an important departure from normality as displayed in Figures (5.11

to 5.14).
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Figure 5.12 Normal plot for challenges behaviour (B2) Time
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Figure 5.13 Normal plot for passivity (B3) Time
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Figure 5.14 Normal plot for B4 Time
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A chi-square test of independence is used to see if there is a potential association
between the “Place” and behaviour. Here the aim is to determine if two variables; i.e
place of services and behaviour, are related. It has been found that Pearson y> (2 df)
= 84.74, P-value < 0.001 (df: degree of freedom). From the result, it is very clear
that there is highly statistically significant between place and behaviour. It means
that behaviour existence is related to the place. Examining the pattern of numbers in
table 5.12, it is noted that more difficult behaviour found in reception area than
expected, and less difficult patient exist in triage. The normal behaviour is more
existence in examination area.

To examine the relation between the time of observation and behaviour, a test on
proportion is used. It is of interest to know if the behaviour exists is related to a
different period of observation, and it shows that there is no significant trend or
association between two factors. When, overall y* (4 df) = 4.241, p-value = 0.3743.
x> (1 df) for trend = 3.191, P-value = 0.0741, y* (3 df) for departure from linearity =
1.051, p-value = 0.7890. Therefore, it can be confidently stated that the behaviour
exists similarly in any other period of observational time.

Gender is not statistically associated with behaviour, when Pearson x> (1 df) =
0.0146 p-value = 0.904. This result is completely unexpected and it is actually on
the contrary of staff response that is shown in table 5.11. They express that male

patients usually show more difficult behaviour than females.

The interpretation that may come to mind that the statistical test that has been done
studied the behaviour in general, without look deep inside each kind of behaviour.
To illustrate, If the Pearson y* text examine the association between each type of

behaviour and patient's gender, it will probably be found that some of the behaviour,
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especially that shows aggressive, i.e. lack of respect, and interfering, significantly

different between male and female.

Age is showing a significant association with behaviour and also a linear trend, when

overall y* (3 df) = 13.190, p-value = 0.0042.

T-tests for service times were carried out to check for any difference in time on
average for the “behaviour” factor. T-test with unequal variances will be used as it
shown in Tables 5.12 and 5.13 that the standard deviations of the times in the two

groups are different.

For Confrontation Behaviour (B1), there was a significant difference between the
two groups, (normal and difficult patients), when p = 0.0128. For Challenges
Behaviour (B2), there was a significant difference between the two groups, when p <
0.001. For lliness belief (B4), there was a significant difference between the two
groups, when p < 0.001. For Passivity Behaviour (B3), there was no evidence of any
difference in time on average between the two groups when, It has been found that p

= 0.109. The t-tests tables’ analyses are shown in AppendixE.

Service times are displayed in Table 5.14 and Figure 5.15. It can be observed that
the times are longer in the presence of behaviour, in particular in the “examination”

area.

Results shown in Table 5.14 highlight the difference between average time spent by
two groups is highly significant. It means that the average time for service provided
to two groups is not equal or similar. To gain a better understanding for these results,
analysis based on the results in table 5.12, 5.13 and 5.14 has been done, and it can be

easily noticed that the time consumed by patients who have difficult behaviour (any
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type of behaviour), is much longer than time spent by normal patients. For instance,
the average time consumed by patients who are considered to have a B1 behaviour,
regardless of the place of service, is approximately 12 minutes, it is about 3 minutes
more than patients who do not show this behaviour. In addition, patients who show
B2 behaviour need an average of 15 minutes to serve them, while normal patients
only require about 9 minutes in average. B3 behaviour needs about 3 minutes more
than normal group, and patient who have B4 behaviour need about an average of 10

minutes more than normal patient.
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Figure 5.15 Boxplot of service times by Place and Behaviour
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5.14. Summary statistic for service times by Place and Behaviour

The Place
Reception Examination Triage Total

The Existence of The Existence of The Existence of The Existence of

Behaviour Behaviour Behaviour Behaviour

Difficult Normal Difficult Normal Difficult Normal Difficult Normal

B1 Time Mean 6.57 3.22 25.54 10.53 8.25 3.64 11.60 8.52
Standard Deviation 1.00 .88 5.14 2.92 1.71 .82 8.49 4.04
B2 Time Mean 8.83 3.22 31.42 10.59 12.61 3.64 14.48 8.57
Standard Deviation 1.91 .88 4.38 2.86 2.59 .82 9.11 4.03
B3 Time Mean 6.83 3.22 19.60 10.59 N/A 3.64 12.64 8.57
Standard Deviation .75 .88 5.90 2.86 N/A .82 7.66 4.03
B4 Time Mean 8.91 3.22 24.38 10.59 N/A 3.64 18.07 8.57
Standard Deviation 2.66 .88 5.34 2.86 N/A .82 8.90 4.03
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The service time naturally increases as the number of patients who carry difficult
behaviour increase. This increase in time obviously can lead to increasing in WT and
LOS of all patients. Based on the above results, there is clear evidence that patients’
WT and LOS are seriously affected by the patient behaviour. This is further
validated as experts within the TMC ED share the same concern which has been

highlighted in the respondent questionnaire and interviews.

Two- way ANOVA were performed to test the difference in service time between
the factors “Place” and “Behaviour”. A test on interaction were also included in the
analyses to see whether there is a difference in time at different levels of the factors.
Figure 5.16 shows a clear difference in service time for “Behaviour” and “Place”.
Interaction is present but not as clear as the main effect. In the “Examination” area
the service time is clearly significantly higher than the other two areas when
“difficult behaviour” is observed. The same phenomenon is observed in Figures

5.17, 5.18 and 5.19.

It can be concluded that the service time is more affected in the examination area

when difficult behaviour is observed.

The result achieved is complementary with the response of the participants in this
study which shows a perfect correlation. ED staffs are more concerned from
unacceptable behaviour within the examination area. Staff express that behaviour i.e.
confrontation, challenges, passivity, and illness belief cause more problems and can
easily consume long periods of time more than other areas. In table 5.10, it is clearly
showed that patient with unacceptable behaviour spend a two fold increase in time

when compared to estimated time of this service. While in other areas, even though,
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there is a delay and time is consumed by existing behaviour, it is not as much as time

wasted in the examination area.

This is partly due to the high numbers of patients that attend examination and enable
larger clusters of patients to gather and hence the chance of disruptions is greater.
For example, the examination area has 6 patients attending every hour that equates to
a patient every 10 minutes. Now, if a patient with difficult behaviour consumes 20
minutes due to disruption caused, this allows two patients to gather and makes the

examination areas fall behind by two patients in terms of service time.
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Figure 5.16 Two-way ANOVA for Time B1 by Behaviour and Place
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Figure 5.17 Two-way ANOVA for Time B2 by Behaviour and Place

128



Adjusted Predictions of Behaviour_Exist#Place with 95% Cls
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Figure 5.18 Two-way ANOVA for Time B3 by Behaviour and Place
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Figure 5.19 Two-way ANOVA for Time B4 by Behaviour and Place
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5.5 Summary

This chapter examined historical data analysis to gain insights into ED TMC. The

contents of this chapter can be summarized as follows

1. Description of the emergency department of the Tripoli Medical Centre
(TMC) and the attending patients was explained in section one of this
chapter. Data was collected by reviewing ED records and administrative
records for May 2012. Additionally, the researcher used an innovative form
that was designed to collect data about service times and patient waiting time.
The results showed that the mean age of all ED visitors was 52 years, and the
majority were Libyan. The study found that the average number of patients
on a daily basis was 229. The results also showed that there was shortage of
beds compared with other hospitals of similar size and type as the TMC.
Most of the cases attended to at ED TMS were non-urgent and minor cases.
Moreover, this section displayed and discussed the wait times and operation

times of the service procedures using a number of tables and figures.

2. The factors that affect patient wait times at the ED TMC have been described
in section two of this chapter. This was accomplished through the statistical
analysis of the questionnaires and interviews with staff who were working in
ED TMC during study period. The results show that overcrowding is
considered to be a very exasperating and bothersome problem that they face
daily. Majority of responders believe that difficult patients' behaviour had a
negative impact on their work at ED. This section discussed extensively all

behaviour factors, that disturb staff while they provide emergency services.
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3. The third section of this chapter comprises elaborate discussion of the results
that have been gathered using observation method.
The results of this section gave an in-depth explanation of the problems
affecting ED’s service time in relation with patient’s behaviour.
The result included a descriptive analysis summarising the patient’s
characteristics and in addition, analytical statistics in order to statistically
check the hypothesis of any association between behaviour and the various
factors. All results have been discussed by using tables, figures and

statistical tests.
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Chapter 6: Models Analysis and Discussion

6.1 Introduction:

This chapter introduces all Five DES models and discusses each model in greater
detail, the purpose of each DES model and the proposed representation and outcome.
The first three DES model are based on the entire TMC ED whilst the remaining two
DES models concentrate solely on minor and non-urgent patients that reside within
the Examination area. This chapter sheds further light on patient behaviour and how
this is represented within the DES models and the technique used to generate
accurate representation. All DES models are analysed and discussed for a thorough
understanding of the key developments. Throughout this chapter Key Performance
Indicators (KPI) are used to compare and validate results with the research
undertaken. The main concentration is the patient LOS and patient WT with

reference to difficult behaviour.

6.2 TMC ED Models.

6.2.1 DES Model 1: Logical Representation

The Logical DES model is developed purely to observe an accurate representation
that has been applied in terms of entity processing. Logical Model building, its

validation and verification and its results will be displayed in the following sections.

6.2.1.1 DES Model 1 implementation:

The first and most important step was to develop a logical representation of the

processes that exist within the chosen facility to its truest nature. Figure 6.1 shows
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the logical model representation. This model is based on the research undertaken via

liaising and communicating with healthcare practitioners within the ED in TMC.
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Figure 6.1 Logical model Representation of TMC ED, 2012

DES model 1 considers a certain number of patients arriving within the ED and

observes the effects thereof. Five different types of patients are considered i.e.

immediate cases, emergent cases, urgent cases, non-urgent cases and minor cases.

The model has been run for one day (1440 minutes) continuously. Figure 6.2 shows

how the model looks after one day of run time.
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Figure 6.2 Logical Model, Hourly 10 patients visiting the TMC ED, 2012
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6.2.1.2 Logical Model Verification:

Two verification methods which are; Checking of the code by a simulation expert
and Visual checks by the modeller have been done to ensure that all patients that
enter the system are able to move forward to designated areas accurately, from start
to finish whether they exit the system in any of the three routes possible i.e. passed
away, home, and ward. These have been implemented with dynamic counters as can
be seen in Figure 6.3. Further counters show the number of entities that have entered,
still remain in the ED and the four different sections of the departments that the
patients were directed to according to their symptoms. It can be seen from figure 6.3
that in one day, a total of 338 patients have come to the ED, at the end of the 1440

minutes only 91 remain in the system and all the rest of the patients have exited.

Entered_ED cut_af_ED Sections Departments
338 Resuscitation 39 Lab_Dept 148
el ED Home 158 Observations 74 Xray_Dept 110
= Ward a9 Cardiology 24 CT_Dept 103
ik MRI_Dept 5g

Ultra_Dept Z5

Figure 6.3 Logical Model Counters of TMC ED,2012

The coloured boxes in figure 6.4 indicate the status of every activity within the
model. All activities have these coloured boxes to show the current condition or
situation the activity is carrying out, whether it is busy, blocked or awaiting

resources etc.
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Figure 6.4 Logical Model Activity Status of TMC ED, 2012

Figure 6.5 shows the number of patients that are waiting in different departments.
Based on figure 6.4, 2 patients are awaiting Laboratory and a further 2 patients
awaiting for the CT service, 2 patients also happen to be waiting to register at the

registration queue in figure 6.6.
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Figure 6.5 Logical Model Ancillary waiting queues of TMC ED, 2012

' ﬁ Registration

Figure 6.6 Logical Model Registration queue of TMC ED, 2012

All the above results only highlight the working order of all the existing processes as
this is only a logical representation of which the purpose is to make all the patients
move in a swift manner and proceed to designated areas throughout the entire model
according to their conditions.
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6.2.1.3 Logical model results:

This section displays the results that were extracted from the statistical data available
by Witness. Table 6.1 shows how busy each existing activity is, whether it is
blocked and if resource is available to undertake required tasks at hand. Table 6.1
shows that there are 4 activities, which have been highlighted in bold, indicate that at
times tasks cannot be carried out due to the unavailability of required resources. The
busy section in Table 6.1 indicates the percentage they are busy with regards to the

amounts of patients they are required to treat.

6.1. Activity statistics of DES Model 1 (Logical Representation Model).

% % Task Wait
No. Name % Free % Busy Blocked Resource
1 Patient Reception 73.27 26.73 0 0
2 Observation 91.92 8.08 0 0
3 ENTRANCE 100 0 0 0
4 Diagnosis_Reviewl 64.3 323 0.05 3.34
5 Examinationl 74.95 25.01 0.03 0
6 Treatmentl 62.53 32.47 0 5
7 Treatment2 55.49 37.94 0 6.56
8 Ward 94.86 5.14 0 0
9 Home 93.75 6.25 0 0
10 Discharge 81.23 18.77 0 0
11 Discharge2 93.75 6.25 0 0
12 | LAB_DEPT 87.1 12.9 0 0
13 | XRAY_DEPT 13.84 86.16 0 0
14 CT_DEPT 38.6 61.4 0 0
15 MRI_DEPT 18.89 81.11 0 0
16 ULTRA_DEPT 44.04 55.96 0 0
17 Decision 90.76 9.24 0 0
18 Transfer 100 0 0 0
19 Diagnosis_Review2 63.8 29.96 0.08 6.16
20 Resuscitation 92.51 7.49 0 0
21 Immediate Care 68.27 27.98 0 3.75
22 Triage 1 83.18 16.82 0 0
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Table 6.2. shows the Queue statistics that is very important as this indicates waiting

time for patients in the different areas within the system. Important queues have been

highlighted and the column average time is the area of concern. This column

indicates the amount of time patients spend in the queues or have to wait in order to

proceed. Table 6.2. shows that the main department for concern is the CT queue as

the waiting time currently is 97 minutes based on DES model 1, thereafter the MRI

and other indicated queues.

6.2. Queue statistics of DES model 1, (Logical Representation Model)

No. Name TotalIn | Total Out | Now In Max Av_g Time
(Minutes)

1 Diagnosis_1 50 49 1 2 1.93

2 Care _Waiting Room 46 46 0 1 0

3 Registration _Q 196 194 2 4 1.94

4 T1_WaitingRoom 66 66 0 1 0.01

5 Lab_Q 22 22 0 1 0

6 X-ray_Q 70 66 4 5 24.38

7 cT_Q 38 38 0 10 97.09

8 MRI_Q 40 38 2 4 40.86

9 Ultra _Q 27 27 0 2 11.89
10 T2_WaitingRoom 96 96 0 1 0.81
11 Passed Away(1) 11 11 0 1 2.16
12 Passed Away(2) 0 0 0 0 0

13 Diagnosis_2 74 74 0 2 1.21
14 Home 90 90 0 1 0.01
15 Wards 74 74 0 1 0.03
16 Obs_Q 57 57 0 1 0

17 Examl_Q 57 57 0 1 0

Table 6.3 shows the resource statistics, this explains the utilisation of available

doctors and nurses, how busy or free they are based on carrying out the designated

work. This indicates where staffs are being used affectively or ineffectively, this

indicates the requirement to increase or decrease staff.
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6.3. Resource statistics of DES model 1, (Logical Representation Model)

No. Name % Busy | % Free
1 Immediate _Doc 27.98 72.02
2 Immediate _Nurse 55.95 44.05
3 Receptionists 26.73 73.27
4 Triage Doc 41.38 58.62
5 Triage _Nurse 22.19 77.81
6 Resuscitation _Doc 18.74 81.26
7 Resuscitation _Nurse 14.98 85.02
8 Lab Nurse 12.9 87.1
9 X-ray _Staff 86.16 13.84
10 CT _Staff 61.4 38.6
11 MRI _Staff 81.11 18.89
12 Ultra _Staff 55.96 44.04
13 Lab _Staff 12.9 87.1

Table 6.4 shows the entity statistics that will be used as the Key Performance
Indicators (KPI’s) i.e. the five types of emergencies and the average time each entity
spends within the system. It can be seen in table 6.4; immediate cases take an
average of 40 minutes, emergent cases take an average of 50 minutes, urgent and
non-urgent take 191 minutes i.e. 3 hours and 11 minutes, minor cases take on
average approximately 108 minutes i.e. 1 hour 48 minutes.

Table 6.4 will hold the most significance in terms of results currently as they will be
used as the KPI’s. This set of results shows how long patients spend within the ED
depending on their case type. It will be used to reflect the difference in results, and
compared to further developments of model enhancements to show the times
consumed due to the changes applied. Currently table 6.4 only shows logical
representation to ensure working order and flow. DES model 2 will highlight greater

importance in terms of results.
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6.4. Entity statistics of DES model 1, (Logical Representation Model)

: » No. No. No. In Avg Time
No Patient’s condition
Entered Served system (Minutes)
1 Immediate Cases 49 48 1 40.74
2 Emergent Cases 49 47 2 50.47
3 Urgent Cases 49 40 9 191.78
4 Non Urgent Cases 49 44 5 191.84
5 Minor Cases 49 44 5 108.20

6.2.2 DES Model 2: Basic Model

The Basic DES model takes into consideration the initial research to test the models
capability and outcome. Basic Model building, its validation and verification and its

results will be displayed in the following sections.

6.2.2.1 DES Model 2 implementation:

DES Model 2 considers and simulates the actual number of patients that enter the
ED, gathered from the initial field research undertaken in order to understand and see
how the model is affected. Implementing the actual number of resources was integral
to the development of the model i.e. the number of doctors, nurses, physicians etc.
This meant greater control and scrutiny of not just the patients, but also the available
resources. The model was developed to aid greater understanding of how the ED is
affected by actual number of patients and resources in comparison to the first model
that only looked at the logical processes of the ED.

One of the key aspects of simulating any model, is finding accurate reliable data,

especially with regards to the state of ED in order to allow real time control and
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operational planning. Many a times, only partial data is available, for example, the
extent/number of patients waiting in queues in the different areas. However, due to
the model being based on ED, it is reasonable to assume due to nature of any ED,
some data will always be missing else unavailable as it may be too costly to acquire,
not in terms of finance but rather costly to patients well-being as it is a ED.

Missing data is a common problem for simulation modelling, how to create
simulation paths that are consistent with the ED, so consistency can be an issue.
Inaccurate data may also cause further complexities throughout the system and lastly
incomplete data which is available in order to establish the initial state for the
simulation model.

Hence the initial research consisted of a through system log which took in to account
the actual patients and resources numbers for an entire month on a daily basis, from
which a average was derived and a distribution was assigned to give it the most
accurate representation.

Based on the research, a Poisson distribution has been adhered to in accordance to
patient arrivals, to represent patient flow and numbers in the most accurate manner.
Initial literature review also highlights the poison distribution to be the most suitable
distribution in order to calculate patient arrival times [Kuo et al., 2012; Marmor,
2010; Khare et al., 2008; Ahmed et al., 2009]. Further, in order to strengthen the
results, a stochastic process has been adhered to in order to take into account any
variance that may actually occur from the pseudo random number generation of the

simulation model.
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6.2.2.2 Basic Model Verification:

In order to validate and verify the results further to ensure validity, a stochastic
process has been adhered to where replications are made by the partnering software
named Witness Experimenter. This software enables pseudo random number
generation that aid tests to be carried, this means, an array of different statistical

ratios are developed based on the models programming.

Witness Experimenter enables time compressions and replications to be carried out
in a very fast and affective manner as well enables the user to extract and develop an
array of different results. Witness Experimenter was used to run replications of the
model, an additional 100 times over with the implementation of pseudo random
number generation to increase the chance of change which can be taken under
consideration as logic dictates, every single replication will be different and in real

life everything within this sector occurs almost at random.

This stochastic process takes into account and considers every single process within
the model i.e. activities, entities, queues, resources, variables etc. However, the main
concentration will be the patient entity as it represents the key performance indicator
(KPI). The KPI will actually go through this stochastic process at every stage within
the model i.e. pseudo random generation is made by the simulation program at every
stage from the moment the entity enter the system, through all the activities and
queues until the entity exits. Hence, the KPI is used as it goes through the entire
system, which is full of stochastic processes and is actually undergoing a stochastic

process itself.

Once all the replications are in place, Witness Experimenter will extract the average

and Standard Deviation (SD), a confidence level will also be extracted which will
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display a minimum and maximum based on a 95% Confidence Interval (ClI). The
results will indicate the variance over 100 replications, and the average in essence
should be between the minimum and maximum confidence intervals, this will
indicate a very strong result where the validation and verification process can be

viewed as completed.

This will bring together all the results of the replications and produce a stronger
collective result, which can be used to understand and see the status of the patients

which represent case types, See Table 6.5.

6.5. KPI results of stochastic analysis of DES Model 2, (Basic Model)

Statistical Immediate Emergent Urgent Non Urgent Minor
Measurements Cases Cases Cases Cases Cases
Average Time 176.56 350.86 318.44 208.10 209.14

Standard Deviation (SD) 24.11 37.65 15.65 37.15 16.16
Minimum 95% ClI 149.18 318.05 301.23 187.93 194.91
Maximum 95% Cl 199.36 385.55 346.76 241.47 223.33

Table 6.5 shows the stochastic analysis results of the 5 different patient types, the
results show the average time the patients spend according to their case based on the
100 replications, the standard deviation with the minimum and maximum confidence
interval (CI) . This shows the variance in results and how the average derived from
the stochastic analysis is between the minimum and maximum 95% CI. The results
shown in table 6.5 helps to develop greater understanding by addressing the
difference and variation that may occur. How in a real life system due to the nature
of the patients illness, no two time frames are the same. Hence the average is derived

from 100 replications to represent an accurate time frame which is used as a KPI.
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This take into consideration the variation that exist in the time frames that patients

consume on a daily basis.

6.6. Comparing the Model 2 KP1 Results to the Research KPI Results

: et Emergent Urgent Non Urgent Minor
Average Time C

ases Cases Cases Cases Cases
Simulation 176.56 350.86 318.44 208.10 209.14

Average Time

Research

185.58 324.43 307.90 240.45 219.21

Average Time

Table 6.6 displays the research results in comparison to the stochastic analysis
results, both the average times of patients else case types are considered, to
understand how far the simulation model is to the actual real life system. The results
shown in table 6.6 seem to be a very good fit, firstly because the average of both
results are not far from one another for all case types and more importantly, the
research average times although may seem to fluctuate a little is within the 95% CI

of the stochastic analysis.

6.2.2.3 Basic Model Results.

After running the model for 100 replications, extracting the statistics for ED of TMC
using Witness, it will make it more clear as to how big the problem is and if it is a
sustainable problem or do changes need to be made in order to acquire a more
efficient result. It will also show the current status of the ED and the difficulties it
faces in providing the service on a day to day basis. The result of this model, Basic
Model, is expected as DES Model 1, highlighted certain developments in progress.
The increase in patients based on actual data will now allow the scrutiny of the

results highlighting specific problem areas with more details, also will enable greater
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understanding to enable further changes to be applied to the model in order to carry
out tasks more effectively and increase efficiency.

Figure 6.7 shows a high increase in queues for certain ancillary departments. Big
queues exist now in the ancillary department, X-ray showing 32 patients, CT
showing 16 patients and MRI shows 22, this will have a direct effect on the patient
waiting time and increase staff usage. Patients also seem to be waiting for doctors

for consultation before treatment that can be seen in figure 6.8.
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Figure 6.7 Basic Model Ancillary departments of TMC ED, 2012
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Figure 6.8 Basic Model Awaiting Treatment of TMC ED, 2012
Figure 6.9 shows the immediate care area, where two resources are busy at their

stations whilst the other two station have turned into a dark blue status which
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indicates the resource needed to carry out the task, is currently busy and hence has to
wait until the resource is free. i.e. patients are waiting in the room until doctors and
nurses finish previous tasks. The Care Waiting Room also shows patients waiting to
move forward but has to wait until stations or rooms are free.

Patients can only move forward if beds are free, hence patients have to wait in the
waiting area where problems can develop i.e. patients become dissatisfied and cause
disruption due to the duration of the wait and the lack of facilities [Umar et al., 2011,
Bankauskaite et al., 2003]. Further, as time is consumed, it is reasonable to assume,
the number of patients waiting will only increase due to the current status caused
overcrowding. A single patient due to difficult behaviour can consume the time of
two patients that will lead to a queue in processing and can develop a backlog of
patients waiting.

Based on the immediate care area shown in figure 6.9, which caters for severe pain
patients, the most important problem caused by overcrowding is poor quality of care
and increased waiting times. Similar result were found in many studies carried out in
EDs all around the world. Studies established that there is association between
overcrowding with poor quality of care in patients with severe pain [Barrett et al.,
2008; Hwang et al., 2006; Abbuhl et al., 2003; Pines et al., 2010; Blot et al.,

2007].
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Figure 6.9 Basic Model Resuscitation and Immediate Care of TMC ED, 2012

Figure 6.10 shows the examination area is full. Majority of the activities are awaiting
resources and busy, the examination queue has 59 patients waiting to be examined.
This displays a definite problem from triage through to examination. This seems to
be the single most important problem as this is where majority of the patients are
sent to as the examination area takes care of all minor and non-urgent patients. This
area will cause the bulk of problems in respect to waiting times, as the queue of 59
patients indicates a very long wait. The triage station also seems to be forwarding
patients to examination without considering the current situation of the examination
area and the queue. This result compares favourably with the finding from study has
done in US that 59% of participants experienced delays in treatment from triage. In
addition, 20% experienced delays from time of room placement that cause Increasing
waiting room number and occupancy rate [Jesse et al., 2007].

The examination area has the same problems faced by the immediate care area, but
to a greater extent. Firstly, all the stations are occupied and secondly, majority of the

stations indicate the lack of resources as all the doctors are busy carrying out tasks.
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Figure 6.10 Triage and Examination

Table 6.7 shows the activity statistics as explained in ED model 1 (Logical Model).
This shows how busy or free the activities are and the percentage of time an activity
has to wait in order to complete a task due to the unavailability of resources and
further if the station is or has come to a blockage at any point in time.

The ancillary departments that can be seen to be very busy for majority of the time,
the X-ray department has a busy percentage rate of 98.98 which indicates a very
efficient usage rate. This also indicates that currently staffing may not be a problem
however space is, as the queues for the ancillary departments develop in the
simulation model resulting in huge waiting times for patients. In fact, the ancillary
departments is essential in the rapid diagnosis of patients, implementation of
treatment, and ED’s doctors cannot make decision before getting patient’s results
that are required and have to go through the ancillary department. Delay in this
department leads to increase in waiting time and then increases overcrowding, this
has also been established within this study. Comparing this result with other studies,
found many previous researchers findings that blame the ancillary departments to be
a cause for overcrowding in ED because of delay in services. For instance, Miele. V,
et al found delays in getting imaging result and delayed assessments resulted in
prolonged stays within the ED, especially in the case of trauma patients [Miele et
al., 2006]. Davis. et al also found that delays in ancillary departments is one of the

causes of overcrowding and prolongs waiting time in ED [Davis et al., 1995].
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The ancillary department in ED TMC are very busy and can be explained as the
ancillary department is not only used by ED patients, but also inpatients and all other
departments in TMC who send patients to the ancillary department. This makes it
very difficult for ED patient to move any faster. It is worth mentioning that there is a
specific laboratory for emergent and urgent patients, but not minor and non-urgent
patients. This situation leads to the creation of long queues and long waiting times
for their result to compete their assessment and treatment in ED.

Table 6.7 also shows that the examination activity has the highest percentage at
15.02 for task awaiting resources which indicates, the resources here are being
stretched and any busier will see these figures increase dramatically. This can easily
cause bottlenecks which can develop problems elsewhere i.e. activities preceding the
examination. This was also apparent in figure 6.10 (examination queue, triage and
reception) where the screen shot shows all the examination activities to be engaged
in carrying out tasks and patients waiting. This will definitely have a knock on effect
on the examination queue which, as highlighted has a significant queue currently that
will only carry on increasing as they have reached capacity and resources are fully
engaged.

Patient reception is also blocked for a certain period which may be due to excessive
number of patients coming in simultaneously and not being able to forward patients
to triage for examination. This can also be connected to the triage and examination
problems discussed which as highlighted can have an effect on tasks preceding the
examination queue.

Other tasks also have slight blocked percentages and task wait resources but nothing

as significant as those highlighted and discussed.
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6.7. The Activities statistics for DES Model 2, (Basic Model)

No. Name % Free | % Busy | % Blocked | % Task Wait Resource
1 Patient _Reception | 51.50 45.27 3.23 0
2 Observation 85.21 14.79 0 0
3 ENTRANCE 100 0 0 0
4 Diagnosis_Reviewl | 50.22 45.87 0.05 3.86
5 Examinationl 18.38 65.62 0.98 15.02
6 Treatmentl 49.97 45.91 0 4.12
7 Treatment2 47.52 49.13 0 3.35
8 Ward 91.87 8.13 0 0
9 Home 92.43 7.57 0 0
10 Discharge 72.91 27.09 0 0
11 Discharge2 92.43 7.57 0 0
12 LAB_DEPT 82.44 | 17.56 0 0
13 XRAY_DEPT 1.02 98.98 0 0
14 CT_DEPT 17.79 82.21 0 0
15 MRI_DEPT 2.63 97.37 0 0
16 ULTRA_DEPT 35.54 | 64.46 0 0
17 Decision 83.45 15.28 0 1.27
18 Transfer 100 0 0 0
19 Diagnosis_Review3 | 53.58 43.73 0.04 2.65
20 Resuscitation 81.96 17.12 0 0.92
21 Immediate _Care 16.16 63.97 0 13.87
22 Triage_1 65.41 32.13 0 2.46

Table 6.8 shows the amount of time patients consume waiting in certain queues

before proceeding to the actual task that needs to be carried out, this table shows

time patients spend or wait to receive treatment. This table is based on all the queues

within the DES model where patients await to move forward.

The ancillary departments (Lab, X-ray, CT, MRI and Ultra) have long waiting times

as can be seen. This is partly due to the lengthy queues, but rather the duration the

tasks take in order to carry out the task as patients do not join queue on an

appointment basis as it is the ED.
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However, the laboratory queue does not show any waiting time, as this queue is
solely for receiving the sample from either patients or staff. This queue represents
patients or staff simply handing in their paperwork or samples to be tested.

The urgent waiting area shown in table 6.8 that leads to the resuscitation, observation
and the cardiology rooms. This area shows an average waiting time of approximately
45 minutes. The average combined time for all cases in that area i.e. immediate
cases who should be seen in less than 1 minutes, emergent who should be seen in
less than 1 to 14 minute and the urgent cases who should be seen in 60 to 120
minutes. The results shown in table 6.8 based on the urgent waiting room represents
actual data gathered from research. Findings reveal immediate patients wait about 10
mints to see a doctor, emergent cases spent about 38 mints waiting for health
provider and the average waiting time of urgent patients is about 53 mints.

Table 6.8 also considers the examination area, the simulation results show that
waiting time in examination queue (Examl1_Q) is also very high. It is currently at
174 minutes, this queue has been previously highlighted to be a significant problem
area as all the minor and non-urgent patients have to go through this process. The
current waiting time validates this point as the examination area is very busy. The
model is only based on 1440 minutes, it is very reasonable to assume that this
number will carry on increasing. The examination queue currently does not have a
fixed capacity; hence further assumptions can be made on the basis of capacity alone
i.e. when capacity is reached firstly it may cause a bottleneck and get blocked and
secondly patients may start to wait outside the waiting area within the ED causing

further problems on corridors and unacceptable disruptions causing havoc.
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6.8. The Queue statistics for DES Model 2, (Basic Model).

No. Name Total Total Out | Now In | Max Av.g Time
In (minutes)
1 Urgent _Waiting Room | 87 85 2 9 44.51
2 Registration _Q 340 338 2 6 1.57
3 T1_WaitingRoom 121 121 0 2 7.55
4 Lab_Q 30 30 0 1 0.11
5 X-ray _Q 110 78 32 33 189.54
6 cT_Q 64 48 16 20 196.05
7 MRI_Q 68 46 22 22 258.24
8 Ultra_Q 33 33 0 3 14.79
9 T2_WaitingRoom 144 144 0 1 10.03
10 Exam _Q 103 91 12 59 174.08

e Lab Q= Laboratory Queue, T1=Triage 1, T2 = Triage 2, Exam1_Q = Examination

Queue.

DES Model 2 results were in line and in support of the results obtained by
calculating the waiting time for patients visiting the ED during the research study
time. The data recorded for patient waiting times to see a doctor after triage for both
types of patients, minor and non-urgent exceeded two hours.

Table 6.9 shows how busy the resources (staff) are within the facility, the busiest
activities shown in table 6.7 have the busiest staff i.e. the examination area and
ancillary departments. The examination area staff (triage doctor and nurses) are busy
for majority of the time, it is also noteworthy to mention, the triage is actually part of
the examination area as they process all patients forward to examination, this is
expected as all the previous tables highlighted problems within the examination area
such as capacity issues and the shortage of staff. This will automatically have a
direct effect on the usage rate of staff making it reasonably high as shown.

The X-ray, CT and MRI staffs and nurses are the busiest according to their activities,
however they are free for a little percentage of time and more so the remaining two

ancillary departments i.e. Lab and Ultra.
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A certain percentage of the resource free percentage shown in table 6.9 is actually
due to the model starting from the very beginning where no entities or tasks are
carried out at the very start. The simulation model will take this into consideration
and class the activities and resources as being free until the time entities come and
join the activities. In the case of the examination area, all the staff have to be
engaged to be classed as busy and hence will take a little longer until the point where
all the doctors and nurses are busy simultaneously.

This also indicates that there is only enough staff to carry out single tasks at a time
and that emergencies arrive faster than the tasks can be carried out, hence resulting
in a backlog of patients that result in an increase in waiting time. The average task
time in table 6.9 can validate this problem as a whole i.e. CT staffs and nurses
average tasks time is almost 25 minutes. So if there are more than one every 25
minutes, this will result in queues being developed as can be seen in table 6.7 where
the wait time has increased dramatically and figure 6.8 ancillary department shows
the extent of the queues within the model as it increases. This happens to be a
common problem in many areas within the ED of TMC as the facility struggles on a
daily basis to cater to the needs of their patients partly because they arrive

unscheduled as is the purpose of the EDs.
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6.9. The Resource Statistics (The average task time) for DES Model 2 (Basic Model).

No. Name % Busy % Free
1 Immediate _Doc 46.97 53.03
2 Immediate _Nurse 93.95 6.05
3 Receptionists 76.47 23.53
4 Triage _Doc 93.59 6.41
5 Triage _Nurse 92.2 7.8
6 Resuscitation _Doc 37.56 62.44
7 Resuscitation _Nurse 34.24 65.76
8 Lab _Staff 17.56 82.44
9 X-Ray _Staff 98.98 1.02

10 CT _Staff 82.21 17.79
11 MRI _Staff 97.37 2.63
12 Ultra _Staff 64.46 35.54
13 Consultant 78.32 21.68

The entity statistics (KPI’s) in table 6.10 shows the average duration the different
emergencies spend within the simulation model from start to finish. They have to
follow the rightful route based on their condition that can take them through an array
of different tasks resulting in different times. This also indicates how fast the ED can
react to or take charge of the emergencies that arrive on a continuous basis daily. The
statistics show that immediate cases take an average of 176.56 minutes that is a long
period of time as these patients conditions can be very specific and precise that
requires immediate action. Emergent cases take a considerable 350.86 minutes,
consuming just slightly less than 6 hours, this is a very long duration for emergent
cases and highlights the existence of problems in patient process. Non-urgent cases
have the longest average time of 368.49 minutes, just over 6 hours which is a
considerable amount of time as well as minor cases that take 343.87 minutes. Urgent
emergencies have an average time 318.44 minutes, being less than non-urgent and

minor, this is because urgent follow a shorter route with a specific problem.
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6.10. Average time of Key Performance Indicators for Model 2, ( Basic Model)

No. Patients Average Time
1 Immediate Cases 176.56
2 Emergent Cases 350.86
3 Urgent Cases 318.44
4 Non urgent Cases 368.49
5 Minor Cases 343.87
6.2.2.4 Finding

The current results indicate an array of problem areas which results in a definite
increase in time, this is also clearly apparent by the results of the key performance
indicators (KPI) where there has been dramatic changes from the logical model and
basic model. However these results do not specify the cause, but rather identify a
collective effect of many issues and concerns within the ED. Hence, this model
represents only the gathered research data to display the current status of the ED
without pin pointing or segregated any specific issues. Therefore, the cause and
reason behind the current waiting times cannot be singled out to find the root cause.
However the KPI results can be now used as guidance for further developments and
further KPI’s within certain areas can be developed to display stronger results aided
by a stochastic process.

An important problem area happens to be the ancillary departments, these
departments have the largest queues causing the biggest backlog of patients and
resulting in a definite increase in waiting times. This is also because of the lack of
facilities available, further if more than one task is to be carried out, more resources
will be required. This department alone contributes to the increase in waiting times

as the problems are interconnected i.e. staffing, lack of resources and queues.

154



However, the key problem area seems to be the Examination area that consists of the
triage and examination queue. As firstly, this area seems to take care of majority of
the patients on a daily basis (minor and non-urgent). The examination activities
indicate areas of concern which intern have an effect on the examination queue as
highlighted and the triage activity preceding it and can only develop major
disruptions in the future that will cause more problems for other activities such as the

reception.

6.2.3 DES Model 3: Ideal Model

The Ideal DES model is based on further research undertaken with regards to the
ideal consumption times physicians propose to take in order to see the outcome
where a comparison can be made with the Basic DES model to identify verification.
Ideal Model building, its validation and verification and its results will be displayed

in the following sections.

6.2.3.1 DES Model 3 Implementation:

DES model 3 is an actual representation of the ED within the TMC based on the
ideal operational times, these process times were collected via thorough research
undertaken with the ED staff and management. These times represent the allocated
times doctors, nurses, physicians and duration tasks should take in reality without the
existence of any disruptions. This model is based on all the processes being in
perfect order and without the existence of any disruptions regardless of the situation.
This is in fact how the management would like to see the ED run on a daily basis and

hence can be used as a benchmark for all the KPI’s.

This model will further enable enhancements to be made in order to see the effects of

certain disruptions that do occur and cause problems on a daily basis. This model
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serves the purpose of further developments, to see the effects of different types of
behaviour on an individual basis rather than a collective problem basis. By
developing this actual model that represents a state of perfect order, this study will
enable a strategic screening process, to see and calculate the effects of behaviour and

the effects of such behaviour types throughout the ED.

This study considers how human behaviour affects the patient flow through the ED,
and how much time is consumed by difficult patients. Hence, this study will only
concentrate on a single issue named human behaviour which causes problems in

order to see how behaviour affects patient flow, as highlighted in the initial research.

6.2.3.2 DES Model 3 Verification

To validate, verify and strengthen the results, a thorough stochastic analysis will take
place in an array of different key areas, the same validation and verification process

will be followed as discussed previously in the Verification and Validation sections.

6.2.3.3 DES Model 3 Result

The results displayed in table 6.11 have been extracted directly from the witness
simulation statistics tool, which calculates an array of different averages based on the
developed simulation model. The main concentration will be the average time
entities i.e. case types/patients spend within the model that represents LOS. This is
shown in table 6.11 under the Average Time column, which displays the average
time of entities within the system. It shows that immediate cases spend an average of
143 minutes, emergent cases spend an average of 216 minutes, urgent cases spend
the most amount of time consuming an average of 265 minutes, non-urgent cases

consume an average of 205 minutes and minor cases take an average 193 minutes.
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6.11. Patient Length of Stay (LOS) Results for Model 3, (Ideal model)

Patient Types No. Served No. in system Average Time (min)
Immediate Cases 16 2 143.49
Emergent Cases 14 3 216.42

Urgent Cases 13 4 265.57
Non urgent Cases 16 23 206.11

Minor Cases 15 22 193.42

Table 6.12 shows the stochastic results of the entities, which will be used as a key

performance indicator (KPI) that represents LOS in the witness simulation model.

The results firstly indicate a variance in the results when compared to table 6.11

actual model which is expected due to the number of replications run and the

averages derived from within. Immediate cases time has decreased, emergent cases

time has increased, urgent cases time has decreased, non-urgent and minor cases has

increased.

This shows the existence of variance within the same results when a stochastic

analysis is carried out and thus fulfilling the purpose of increased understanding of

model results and variances that may exist.

6.12. Stochastic Analysis Results of Case Types for DES Model 3, (Ideal Model)

Immediate Emergent Urgent Non Urgent Minor

Cases Cases Cases Cases Cases

Average Time 133.71 251.38 201.01 258.08 200.64
SD 24.11 37.65 15.65 37.15 16.16
Minimum 95% Cl 125.17 238.04 195.46 244.92 194.91
Maximum 95% Cl 142.26 264.73 206.56 271.25 206.37

Similarly, many key elements (Activities and Queues) within the simulation model

had to be considered, many activities and queues have been taken under

consideration that will be discussed.These activities relate to key areas within the

157




ED, table 6.13 shows the resuscitation activity that represents the resuscitation area,
how busy the area is and the percentage of time a task awaits for a resource which in
reality means how long a patient may have to wait before doctors and nurses are free

to see to the patient’s needs.

6.13. ED Resuscitation Area Task Statistics for DES Model 3, (Ideal Model)

Task Wait
Resuscitation area Free % | Busy%
Resource%o
Average 2.14 11.63 86.24
Standard Deviation 1.48 1.37 2.62
Minimum 95% Confidence 1.61 11.14 85.31
Maximum 95% Confidence 2.66 12.11 87.17

The examination area results shown in table 6.14 has a further column listed blocked
which indicates the percentage of time activities were blocked, which means
activities were totally restricted from carrying out any task. This can be a result of
reaching capacity to the extent no further patients can move forward, causing the
development of bottlenecks that cause patients to create a backlog. This also can be
as a result of the lack of facilities as increasing numbers of patients arrive and have
to go through the general processes i.e. if the examination area has reached capacity,
then the triage cannot not forward patients till there is space which means the queue

to the triage will also increase.
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6.14. ED Examination Area Task Statistics for DES Model 3, (Ideal Model)

- Task Wait
Examination Blocked % Free% | Busy%o
Resource%o
Average 0.17 0.34 16.54 82.95
Standard Deviation 0.03 0.08 0.16 0.22
— 5
Minimum 95% 0.15 0.31 1648 | 82.88
Confidence
1 0,
Maximum 95% 0.18 0.37 16,60 | 83.03
Confidence

The triage results in table 6.15 indicate how busy or free the activity is depending on
the number of patients. This indicates efficient usage rates as it is not blocked for any
duration nor does the task seem to be waiting for resources as shown in the previous
table 6.13 and 6.14. Further, it shows the triage to be free for over 60% of the time,
revealing the triage is capable of carrying out a further increased number of tasks if

needed as well as the fact it is running below efficiency.

6.15. ED Triage Statistics for DES Model 3, (Ideal Model)

Triage % Free % Busy
Average 39.86 60.14
Standard Deviation 1.22 1.22
Minimum 95% Confidence 39.43 59.71
Maximum 95% Confidence 40.29 60.57

Table 6.16 shows the cardiology activity statistics, which is free for over 25% of

time and also seems to be blocked for a very small amount of time. This can be a
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result of lack of space after the activity or preceding activities as patients cannot

move forward or cannot exit the cardiology.

6.16. ED Cardiology Statistics for DES Model 3, (Ideal Model)

Cardiology area Blocked% | Free% | Busy%
Average 0.09 25.11 74.80
Standard Deviation 0.11 5.85 5.85
Minimum 95% Confidence 0.05 23.04 | 7273
Maximum 95% Confidence 0.13 27.18 76.88

Table 6.17 represents where patients come and wait to see consultants before being
admitted into the observation area. Hence, indicates amount of time patients wait to

see consultant, and how busy or free the activity is.

6.17. Observation Consulting Activity Statistics of DES Model 3, (Ideal Model)

Observation Consult Task Wa:;o Resource Free % | Busy %
Average 0.36 11.62 88.02
Standard Deviation 0.26 1.17 1.33
Minimum 95% Confidence 0.27 11.20 87.55
Maximum 95% Confidence 0.45 12.03 88.50

Table 6.18 represents the actual observation area which is busy for more than 64% of
the time and free for over 35%, however also appears to be blocked for a very small
percentage. This is where patients are entered into for observational purposes after

consultation with physicians.
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6.18. Observation Activity Statistics of DES Model 3, (Ideal Model)

Observation % Blocked | % Free | % Busy
Average 0.06 35.14 64.81
Standard Deviation 0.04 7.83 7.81
Minimum 95% Confidence 0.04 32.36 | 62.04
Maximum 95% Confidence 0.07 37.91 | 62.57

Table 6.19 represents patients leaving the observation area, upon which they have to
be discharged by a doctor. The results indicate the percentage of wait in order for

patients to be discharged from the observation area.

6.19. Observation Exit Activity Statistics for DES Model 3, (ideal Model)

Observation Exit Consult R-I(; 22'::2/6&:;0 Free % | Busy %
Average 0.52 17.27 82.01
Standard Deviation 0.28 2.04 2.22
Minimum 95% Confidence 0.42 16.54 | 81.43
Maximum 95% Confidence 0.62 17.99 | 83.00

6.2.3.4 Comparison of Basic Model (DES Model 2) KPI against Ideal Model

(DES Model 3) KPI

Table 6.20 shows the statistics and variance in the KPI results from both models
after a stochastic process. The actual model results seem to have decreased
dramatically in most cases. An overall decrease is expected as the actual model only

takes into account the ideal process times derived from the research undertaken and
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does not dictate reality where disruptions do occur and the resulting disruptions

cause increase waiting times.

The KPI result indicates times that can be compared to actual research undertaken
and shows how LOS is affected on a daily basis. The Basic Model times can be
compared to the current status of the ED and the Actual Model times can be
considered against the research for ideal process times. The difference between the
Basic Model and Actual Model also indicates how much difference can actually exist
due to disruptions; the percentage change column displays dramatic changes with
LOS. It is also noteworthy, the times shown in table 6.20 represent individual
patients, hence even a difference of a single minute can add value or cause tarnish to
the process as a whole as the ED has more than 200 visitors daily. The results shown
in table 6.20 display dramatic changes in time consumption between DES Model 2
and DES Model 3. The percentage change is from 32% to 77% that accounts for

huge periods of time.

6.20. Comparing Between KPI Statistics in DES Model 2, (Basic Model) and DES

Model 3, (Ideal Model)

Comparing the | Immediate | Emergent Urgent Non Minor
Averages Cases Cases Cases Urgent Cases
Cases

DES 2 Basic
Model Average 176.56 350.86 318.44 368.49 343.87
Time
DES 3 Actual
Model 133.71 251.38 201.01 208.10 200.64
Average Time
Percentage % 32.05 39.57 58.42 77.07 71.39
Change
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6.2.3.5 Finding:

Previous section of the current chapter highlights an overview of the basic and actual
model. i.e. the representation of results, their purpose and influence on the model,
what the results represent in terms of reality and how the results will be utilised in
order to understand the condition of the ED and processes within. KPI and LOS were
developed to aid understanding so comparisons can be made affectively as model

enhancements were made.

Firstly, the DES Model 2 model is shown to represent the basic model, the current
status of the ED where disruptions are prevalent throughout all the processes
involved. Thereafter, a stochastic analysis is carried out ensure greater scrutiny of

results in order to strengthen via validation and verification.

Secondly, DES Model 3 represents the Actual Model based on the initial research
undertaken of ideal process times stated by experts within the ED. This represents
actual times tasks should take without the occurrence of disruptions, hence

eliminating all additional time that would be considered if disruptions did exist.

KPI’s were used to understand the difference it made to patient LOS in both DES
models. The KPI results develops a understanding of how disruptions affect the
actual system within the ED and how patients are affected in terms of waiting times

and increased total average time of patients within the ED.

The results are only to be used for purpose of comparisons, and aid greater
understanding in terms of processes and how these process simulations represent the
existence of different tasks in reality. All the tables show how key processes work
and what they represent, if the tasks carried out are operating smoothly, if blockages
exist and how busy or free all the resources are. All these activities have been looked
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at from a stochastic approach as 100 replications have been made to assure variance

is within the confidence intervals.

A stochastic approach enables greater validity and verification in terms of
strengthening the results achieved by means of replications carried out and
developing further statistical averages including the use of a 95% confidence
interval. This also highlights the standard deviation as all the replications produce a
different set of results where the average is extracted from rather than the average of

one single replication.

The purpose of DES 3 model is to aid the integration and development of DES 4
where behaviour is considered where additional time is required due to patient
behaviour. DES 3 enables results to be considered based on the ideal operational

times and the difference that behaviour causes to this time.

6.2.4 DES Model 4: Behaviour Model

The Behaviour DES model concentrates on only the Examination area where the
minor and non-urgent patients attend. A conditional Behaviour is attributed to every
patient in order to represent patient behaviour and identify the difference in time.
More explanation of Implementation and results that has been obtained from DES

Model 4 will discuss in following sections.

6.2.4.1 DES Model 4 (Behaviour Model ) Implementation:

Figure 6.11 shows the changes that have been applied to the model in order for
behaviour to be considered. Patient behaviour is considered within the examination
area of DES 4 alone, as modelling behaviour throughout the TMC ED is a very

complex and time consuming process. Modelling the entire system would not be
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achievable within the given time and it is better to choose the most desirable or
affected area in order to extract findings and develop solutions that can be
transferred to other areas. The objective is to find a strategic solution using DES to
reduce patient down time within the ED. Hence at this current stage, the examination

area alone will suffice to reach the objectives of the study.

The behaviour model only concentrates on patients attending the examination area;
this consists of minor and non-urgent patients that account for the majority of
patients. Therefore, the model will only be based from the moment patients enter the
reception, are screened through to triage, admitted into the examination and as they

exit the examination area shown in figure 6.11.

The field research also showed that majority of the patients entered the ED are non-
urgent and minor cases as highlighted in the data analysis chapter (Chapter 5).
Hence, this has been done due to the research and the findings of the initial
simulation model, which highlights consistent problem occurrences within the

examination area that solely caters to non-urgent and minor patients.

However, the key difference in this model development will be the addition of
behaviour to patients. Firstly, a basic model (DES Model 2) was constructed that
took into account all types of problems that ED is facing every day , then the actual
model (DES Model 3) considers the ideal operational time which represented no
behaviour occurrences. The behaviour model i.e. DES Model 4, however will
consider the existing four behaviour types identified in the research that collate to

patient disruptions.

The KPI will remain the same, but over a smaller scale of processes within the model

I.e. instead of considering the LOS of entities from the very start right through all the
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process to the very end, consideration will only be now made up to when entities exit
the examination area. The length of stay in queue (LOSQ) will remain the same as
reception queue, triage queue, and examination queue will be considered as normal

as shown in figure 6.11.

A new LOS will be calculated using the actual model to find the ideal time. This will
show the time patients should take in reality and according to the actual model but

only to the point of exit after the examination process as shown in table 6.22.

Thereafter, behaviour will be added to the examination area, the triage area, and the
reception to see the affects behaviour can have on the individual areas and how it
affects the KPI’s. This will enable a better scrutiny of the results and lead to better

understanding, as the main concentration will be the minor and non-urgent patients.

Figure 6.11 shows the changes in terms of modelling, where the examination now
comes to an end indicated by the use of arrows leading to served. Served in terms of
simulation modelling means the patients have exited the system. Hence, length of
stay (LOS) will now be the duration from arrival to when patients exit the
examination area. The number of patients waiting in queue will also be considered
as a KPI to increase understanding and to show in terms of patient numbers, how

queues can fluctuate according to the changes applied and the affects thereof.
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Figure 6.11 New Enhancement of Examination Area with Behaviour

In order to create an accurate representation of behaviour, the following details have

been changed according to the research under taken. These changes are to make sure

the correct time is consumed as different behaviours occurs within the examination

area.

Figure 6.12 shows how time is programmed to be consumed by patients due to the

behaviour applied in the simulation model which is explained in table 6.21.

Duration is now based on a random occurrence of a variable named Behave. Behave

has been divided accordingly to the four behaviours under scrutiny and the chance of

these behaviours is solely based on random. Depending on the random variable, a

certain behaviour will be considered and a time will be consumed accordingly as

shown in table 6.21.
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Figure 6.12 Behaviour Time Application

6.21. Formula Representation and Time Consumption for DES Model 4, (Behaviour

Model)

Behave (Random)

Behaviour Type

Time Consumed (minutes)

0.0-0.17 Confrontation Beta (7, 11.6) + uniform (15,20)
0.18 -0.37 Challenge Beta (10.5, 14.5) + uniform (15,20)
0.38-0.44 Passivity Beta (8, 12.6) + uniform (15,20)
0.45-0.50 Iliness Belief Beta (17, 18.1) + uniform (15,20)
051-10 Normal Uniform (15,20)
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The probability of random is based on 0.0 to 1.0. The random value has to fall
between 0.0 and 1, and hence the probability of random has been divided according
to the research carried out based on behaviour. In the data collection chapter (chapter
3) it highlights the four types of behaviour and occurrence of them in terms of a
percentage. This percentage has now been used to aid the random occurrence of
behaviour. Therefore, based on table 6.21 which represents the research data,
confrontation has a 17% chance which is represented by 0.0- 0.17, challenge has a
19% chance which is represented by 0.18 to 0.37, passivity has a 7% chance of 0.38
— 0.44 and illness belief has a 5% chance based on 0.46 — 0.50. The remainder of
patients happen to be classed as normal according to the research where 50% of all
patients did not cause any disruptions via the use difficult behaviour. Hence, the
remainder of the random probability i.e. 0.51 — 1.0 is classed as normal. However,
the chance or probability that the random falls within these given percentage is

totally random.

Table 6.21 shows a clearer understanding of how the correct time is consumed
according to the random occurrence of a behaviour type. If the random occurs within
the designated behaviour type as shown in table 6.21, a certain time will be
consumed according to the research undertaken. This is represented by the
distribution Beta that was found to be the best fit after carrying out a fitting test
against other distributions. The standard uniform process time will also be

consumed.

6.2.4.2 DES Model 4 (Behaviour Model) Results

Table 6.22 shows the actual consumption time of minor and non-urgent patients

within the ED up to the examination area as discussed and shown in figure 6.11. All
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the queues are taken under consideration displaying the maximum patients in the
queue due to behaviour as well the length of stay in queue. All the results have also

been put through a stochastic analysis to validate, verify and strengthen the results.

The main concentration will be the stochastic average times of minor and non-urgent
patients, which represent length of stay, Further the number of patients waiting in the
queue and patients length of stay in queues. The ideal times shown in table 6.22
seem to have some variance due to the stochastic approach. The minor and non-
urgent now consume a very similar time with very similar results as they follow the
exact same processes when they are admitted into the TMC and attend the

examination area.

6.22. KPI Results of Ideal Simulation Without any Behaviour Disruptions

Ideal Stochastic Standard | Confidence | Confidence
Simulation Average (Min) Deviation Minimum | Maximum
Minor 75.11 11.79 72.77 77.45
Non Urgent 75.14 12.81 72.60 77.69
Maximum In Average
Queue Time (Min)
Reception 5 0.12
Queue
Triage queuel 7 3.31
Triage queue2 8 4.35
Exam queue 8 9.65

The results from table 6.22 will be used as the primary KPI almost like a
benchmarking process where all the model enhancements and results will be checked

against to see the variance.
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Now, behaviour will be added to the model as shown in figure 6.11 and table 6.21.
Behaviour will be added from the very start being the reception, through to triage
and then the examination area to see the effects of behaviour with reference to the
KPI’s highlighted. Once the effects of behaviour are added to the reception within

the ED, table 6.23 shows the results which can be compared to table 6.22.

6.23. Key Performance Indicator results in Reception (minutes)

Stochastic Standard Confidence Confidence
Reception
Average Deviation Minimum Maximum
Minor 84.87 11.25 80.88 88.85
Non-Urgent 84.92 13.32 80.20 89.64
Max In .
Queue Average Time
Reception Queue 7 3.02

LOS time has increased for patients. This firstly highlights the fact that, patient
behaviour does without a doubt affect the process of screening patients and how
much time actually can be consumed by the disruptions caused. The average time
patients now spend due to disruptions caused by behaviour has increased as every
single patient is affected. This set of data represents an average time for individual
patients. The stochastic results show an increase from 75 minutes to almost 85
minutes in the LOS based on the average time. The reception queue has increased by
2, from 5 to 7 patients waiting and has affected how much time is spent in the queue,
spending an average of approximately 3 minutes waiting in the queue in comparison

to table where only 0.12 minutes on average was consumed.
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6.23. Key Performance Indicator results in Triage (minutes)

Stochastic Standard Confidence Confidence
Triage
Average Deviation Minimum Maximum
Minor 95.16 12.76 90.64 99.68
Non Urgent 96.14 14.19 91.11 101.17
Max In Average
Queue Time
Triage Q1 8 10.67
Triage Q2 7 14.00

Now the same has been applied to the triage within the ED shown in table 6.24. This
area seems to have had the largest and most significant increase in LOS, increasing
from 75 minutes to over 95 minutes. This is where patients are sent after the
reception in order to be screened for examination. Triage only has one single desk to
process patients accordingly, so if any disruptions occur at this point due to
behaviour, everything comes to a standstill. This is also apparent as the average time
in the triage queues have increased although the number of patients in the queues
remains almost the same. The average queue time has increased dramatically from a
small duration of 3.31 minutes to approximate 10 to 14 minutes depending on patient
type. This in reality displays the possibility of disruptions developing on an on-going
basis and restricting the ED as a whole to be able to recover and proceed as normal.
As a certain disruption where there is a lack of facilities can leave all processes
stagnant and even draw resources from other areas simply to be able to move

forward.

A backlog is developed and patients have to wait in the ED triage queue until the

problem is resolved, the time consumed in resolving the situation only allows more
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patients to arrive from the reception and the queues get larger in number. This is a
definite problem area, which indicates a lack of facility and resources in order to

process patients faster when problems do occur.

Table 6.25 shows the examination results after behaviour has been applied
accordingly, similar results are shown here where the average LOS has increased.
The LOS has increased from 75 minutes to over 92 minutes depending on patient
type causing examination to be fully capacitated and developing a queue for
examination. The examination queue has increased to 30 patients as has the length
of stay within the queue has increased dramatically from a few minutes to over an
hour. The resulted indicated in the above tables represent individual patient case

times.

6.25. Key Performance Indicators Results in Examination Area

Stochastic Standard Confidence Confidence
Examination
Average Deviation Minimum Maximum
Minor 92.93 18.72 86.30 99.57
Non -Urgent 94.44 15.16 89.07 99.81
Max In Average
Queue Time
Exam Q 30 65.27

Table 6.26 shows a comparison of the minor and non-urgent cases when behaviour is
applied to the DES model. The length of time consumed by minor and non-urgent
patients is displayed, due to patient disruptions as a result of difficult patient
behaviour. Significant time increases has occurred and when taken into a percentage

consideration of the ideal operational times, time had increased by more than 25%
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for the triage and examination processes. Overall, the sole disruptions caused by
patient behaviours can have devastating effects on the ED as a whole. As LOS
increases, so do the patient queues, which only aids the developments of further

disruptions that will cause further bottlenecks and backlogs and patients.

6.24. Comparison of Minor and Non-urgent Patients in DES Model4, (Behaviour

Model) and DES Model 3, (Ideal Model)

Ideal Time LOS DES 4 LOS with Behaviour

Factors : : —

DES3 Reception | Triage | Examination
Minor 75.11 84.87 95.16 92.93
Non-Urgent 75.14 84.92 96.14 94.44
. . Minor 9.76 20.05 17.82
Time Increase (mins)

Non-Urgent 9.78 21.00 19.30

Percentage Increase (%) Minor 13 % 26.7 % 23.7 %

Non-Urgent 13.02% | 27.9% 25.7 %

The results shown in table 6.26 clearly shows how much difference patient
behaviour can have on processes and the difference it can make to the service time

within the ED.

6.2.4.3 Finding

The results firstly expose the development of an unequivocal problem that is faced
by the ED on a daily basis and how these problems are interconnected, affecting the

entire department from an array of different possible routes.

The examination area, triage and reception, for which results have been shown and a
stochastic process has been followed indicate a very big problem as time increases
due to the disruptions caused by the effects of patient behaviour which only accounts

for a single case of disruption within the ED. All the activities are interconnected and
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have an adverse effect that only seems to be developing further, as time increases
within activities and queues for waiting. This can only increase the chance of further
patient behaviour disruptions. Behaviour causes disruptions and predominantly
increases LOS as shown by the KPI’s and when compared to the ideal LOS, the
increase is very significant as it only represents a single problem within the ED and
hence can have drastic effect on the ED as a whole. Similarly, the number of
patients in queues and the length of stay in queues develop significant problems due
to the disruptions caused by patient behaviour. A solution or strategy is required so
that the ED staff can recover effectively and efficiently from disruptions caused so
that the processing can carry on as normal in order to be able to cope within the ED

on a daily basis.

The results clearly indicate an increase of time due to difficult behaviour that causes
the KPI to increase considerably. This model allows the time consumed by difficult
behaviour to be recognised for the first time, it shows how much times is consumed

and wasted due to behaviour alone.

6.2.5 DES Model 5: Bayesian model

The Bayesian DES model uses the Bayes theory of probability to generate a more
accurate representation of the occurrence of difficult patient behaviour based on the
influencing nodes. Bayesian model building, its validation and verification and its

results will be displayed in the following sections.

6.2.5.1 DES Model 5 Implementation

The Bayesian model continues from the behaviour model with changes in how the

behaviour is developed and calculated. In the previous model i.e. behaviour model,
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the chance of behaviour is generated totally at random and a behaviour type is

designated according to the random occurrence.

In this model, the Bayesian approach will be added within the simulation model
enabling it to be a dynamic tool that can calculate probabilities for all patients
continuously. Bayesian as highlighted in previous chapters (chapter 4) normally
requires manual data entry to be made in order to develop probabilities. Applying
Bayesian to Witness simulation has eradicated this necessity and probabilities can be
developed and calculated on a dynamic basis based on the condition of patients and

behaviour types.

The Bayesian model will show the Bayesian process based on the Bayes theorem of
probability, and the probability of behaviour will be calculated accordingly. In order
for the Bayesian process to be applied, many model enhancements had to be adhered

to and will be discussed in further detail.

The Bayesian model takes into consideration all four types of behaviour occurrences

that can be seen in figure 6.13 in order to develop the final probability.

The Bayesian approach within simulation will serve to show an alternative in
calculating the occurrence of behaviour and therefore will change the outcome of the
results of the model in terms of the KPI. This alternative approach will be compared
to the behaviour model to see the variance and will also go through the stochastic
analysis to derive the best possible outcome. This will give insight into how close to
reality the results are as processes change and behaviour is dependent on the Bayes
theorem. Therefore it will also serve as a partial validation and verification of the
results which will be discussed further with experts within the ED to gain greater

understanding.
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6.2.5.2 Model Enhancements

Figure 6.13 shows a screen shot of the existing model with all the applicable
changes, the 4 types of behaviour can be seen along with the probability as well as
the 16 sums that equate to the final probability shown. A further counter named
behaviour count, displaying the number of behaviour type occurrences has also been
added to aid understanding. This figure shows how many types of behaviours have
been considered according to the random occurrence. Figure 6.14, in addition, shows

the programming implications with reference to the Bayesian approach to

probability.
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Figure 6.13 Development of random behaviour and probability equation

Figure 6.13 shows the 4 behaviour types that have two distinct numbers below them
all which add to exactly 1.0. Figure 6.14 shows how these behaviours have been
applied with a random occurrence. All 4 behaviour develop a random value shown
by the programming in figure 6.14, the random value can fall within 0.0 to 1.0 as
shown in figure 6.13. Once the random value has occurred, it is subtracted from 1 as

shown in figure 6.14 for example, confrontation = 1 — confrontation, this develops
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the remaining value. This is required in order to calculate the Bayesian probability as

both figures are required and as discussed previously in chapter 4.
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Figure 6.14 Random behaviour programming in triage

Once the random value is developed as shown in figure 6.14, figure 6.15 shows the
probability of those behaviour types being developed according to the equation using
the 16 sums where it considers the random probability values of all 4 behaviour
types in order to generate a single probability for the occurrence of behaviour.

Bayesian equation [ Equation 3, chapter 4].

Edit Actions On Input to Task For Activity Triage EJ
Seleck Search Editor  Prink

Suml = llinessEBelief [1] * Confrontation [1] * Challenge [1] * Passivity [1]1 = 35 .
Sumz = llinessBelisf [1] * Confrontation [1] * Challenge [1] * Passivity [2] =90
Sum3 = llinessBelief [1] * Confrontation [1] * Challenge [2] * Passivity [1] = 85
Sumd = llinessBelief [1] * Confrontation [1] * Challenge [2] * Passivity [2] = 70

1

Sumb = llinezzBelief [1] * Confrontation [2] * Challenge [1] * Passiwvity [1] = 70
SumbB = llinezzBelief [1] * Confrontation [2] * Challenge [1] * Pazsiwvity [2] = B0
Sum? = lllnes=Belief [1] * Confrontation [2] * Challenge (2] = Pas=ivity [1]1 = 55
ISumE! = lllnesz=B eli=f [1] * Confrontation [2] * Challenge [2] * Pas=sivity [2] = 50

Surm9 = lllheszB elief [2] * Confrontation [1] * Challenge [1] * Passivitp [1]1 = 50

Suml10 = llinezzBelief [2] * Confrontation [1] * Challenge [1] © Fassivity [2] = 45
Suml1 = llinezzBelief [2] * Confrontation [1] * Challenge [2] © Fassivity [1] = 40
ISum1 2 = llineszBelief [2] * Confrontation [1] * Challenge [2] = Pazsivitn [2] = 30

SumlZ = llinessBelief [2] * Confrontation [2] * Challenge [1] © FPassivity [1] = 20
Suml 4 = llinessBelief [2] * Confrontation [2] * Challenge [1] © FPassivity [2] 15
Suml5 = llinessBelief [2] * Confrontation [2] * Challenge [2] © FPassivitg [1]1 =10
SumlE = llinessBelief [2] * Confrontation [2] * Challenge [2] © Fassivite [2] 5

1

Frobability = Sumd + Sumz2 + Sum3 + Sumd + Sumb + SumbB + Sum? + SumS
+5umd + Sum10 + Sum1l + Suml2 + Sum12 + Suml4 + Suml15 + Suml 6

Figure 6.15 Programming of the Bayesian equation (Equation 3)

Once the final probability is developed, figure 6.16 shows how the probability is
designated to behaviour type according to the probability. Figure 6.16 shows, if the
probability is within a certain fraction then a behaviour is assigned to that fraction
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from 1-4 as can be seen in figure 6.16. The 4 behaviour represents the 4 behaviour

types and helps simplify the programming for witness to recognise effectively.
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Figure 6.16 The probability representation according to behaviour type

Once the correct behaviour is assigned to the patients with the use of the behaviour
attribute, when this patient or all patients enter their designated places within the ED,
the correct time can be consumed accordingly as shown in figure 6.17, where

different behaviour types equate to a consumption of different times, very similar to

the behaviour model.

Figure 6.17 shows the application of a counter after all behaviour types, so the

behaviour type can be noted as shown in figure 6.13.
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IF Behaviowr =1 »
process_time = UMIFORM [7.11.6] + UMIFORM (15,20
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ELSE
IF Behaviour = 2

process_time = UMIFORM [10.5,14.5] + UNIFORM [15,20)
Behaviour_Count (2] = Behaviour_Count [2] + 1
ELSE
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process_time = UMIFORM [8,12.6) + UMIFORM [15.20]
Behaviour_Count [3] = Behaviour_Count [3] + 1
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Figure 6.17 Classification of behaviour and the time consumption with counters

The model enhancements highlighted enable the affective application of the
Bayesian approach within the simulation to produce a dynamic platform where
patients and their random occurrence of behaviour can be considered to the best of
knowledge gained from the research undertaken with professional guidance from ED

experts.

6.2.5.3 DES Model 5 (The Bayesian model) Results

The Bayesian model run for the same amount of time, and the same KPI will be
considered for means of comparisons. Additionally, further implication will be

discussed in following.

Table 6.27 shows the LOS results of all 3 simulation models after a stochastic

analysis with a time variance between the behaviour model and Bayesian model.
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6.25. Comparison of LOS for Ideal, Behaviour and Bayesian behaviour Models

DES 4 Model
Patient’s Ideal Time : :
- LOS with Behaviour
Condition LOS _ : S
Reception | Triage | Examination
Minor 75.11 84.87 95.16 92.93
Non-Urgent 75.14 84.92 96.14 94.44
DES 5 Model
LOS with Bayesian Behaviour
Minor 90.53 104.45 |93.79
Non-Urgent 89.09 103.24 | 94.86
Time Variance
Minor 5.66 9.29 0.87
Non-Urgent 4.17 7.10 0.42

Table 6.27 shows the Bayesian results to have increased the LOS further for both
minor and non-urgent patients in the ED, the results indicate an increase in all the
keys areas i.e. reception, triage and examination. The Bayesian approach in the
reception has increased LOS by approximately 4 — 5 minutes and the triage has seen
the highest increase in time by 7-9 minutes, whereas the examination has seen to be

affected the least at less than a minute.

The change in results is due to the Bayesian method of calculating behaviour which
has in essence enabled a different number of behaviour types to be considered. table
6.28 show an account for the types on behaviour for patients. It shows confrontation
has decreased by 16 patients, challenge has increased by 9 patients, passivity has
increased by 18 patients and illness belief has increased by 6. The number of normal
behaviour has also decreased by 6 patients however as highlighted in table 6.27, the

LOS has increased regardless of the number of patients. This is partly due to
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different behaviours consuming different amounts of time at different points. The
total number of patients has only changed by a single patient, who shows although

more time is consumed, the total processing of patients remains very similar.

6.26. The Number of Patient with Behaviours Considered by the Behaviour Model and

Bayesian model.

Behaviours Behaviour Model Bayesian Model
Confrontation 30 14
Challenge 20 29
Passivity 13 31
Iliness Belief 19 25
Normal 102 86
Total 184 185

Table 6.29 shows the results of the queues in all three models, the maximum patients
in the queues and the average time spent in the queues by patients in order to proceed
to the actual task that needs to be carried out. The time variance shows how much
change in time has occurred between model developments and difference caused in
approach, it shows a continuous increase in the time consumed and the maximum
number of patients that have developed due to the changes. It is reasonable to
assume, as the number of patients in queues increases, so should the average waiting

time in the queues increase.
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6.27. Results of Stochastic Analysis of Queues for The 3 Model Types ( Ideal,

Behaviour and Bayesian)

Queues el Average Time | Time Variance
Queue
Reception Queue
Ideal Time 5 1.52
Behaviour 7 3.02 1.50
Bayesian 10 7.36 4.34
Triage Q 1
Ideal Time 7 1.31
Behaviour 9 8.67 7.36
Bayesian 11 14.57 5.90
Triage Q 2
Ideal Time 8 2.35
Behaviour 10 9.50 7.15
Bayesian 11 15.12 5.62
Examination Queue
Ideal Time 5 3.93
Behaviour 9 5.82 1.89
Bayesian 12 8.64 2.82

Table 6.30 show displays how efficient the activities are in terms of processing
patients, it shows how free, busy and whether or not patients are waiting for
resources within designated areas. The examination area within the ED takes into
consideration all the columns displayed in table 6.30. Firstly it is noteworthy to state;
as the examination area is represented by 12 activities which represent beds that can
be seen in figure 6.13, patients are able to move to these activities without the need
of an immediate aid from a professional within the ED. this is to represent reality
where patients are admitted into beds after which doctors and nurses may come and
see the patients. This waiting period of patients for doctors within the activities is
considered by task waiting resources as displayed in table 6.30. The remainder
activities i.e. triage and examination, have enough resources to cover the number of

activities, for example, triage only has a single desk which is looked after by a single
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resource hence patients cannot be waiting for resources but need to remain in the

triage queue as displayed in queue statistics in table 6.29. This is also a reason why

the examination area queue waiting time is actually less than the triage queue.

6.30. Activity Statistics for Behaviour and Bayesian Models

Model Type Activity Free | Busy | Task Waiting Resource
Behaviour Examination 66.73 | 20.32 12.96
Bayesian Examination 39.61 | 24.60 35.79
Behaviour Triage 20.32 | 69.04 10.64
Bayesian Triage 2.28 | 93.12 4.60
Behaviour Reception 31.45 | 66.25 2.40
Bayesian reception 2.19 | 90.81 2.00

The activity statistics and results in table 6.30 actually shows the Bayesian approach
to consume an increased lengths of resource and activity time and usage although the
end results shown in table 6.28 displaying the number of patients remains very
similar. The Bayesian approach in essence represents the same research data but
under further scrutiny using the Bayesian approach. This has increased the
percentage of time all 3 activities are busy as they are engaged with patients for

longer than usual periods.

This data can also be further validated to be a more of an accurate representation of
reality when discussed with experts in the field. Who highlight the constant problems
caused by patient behaviour within the ED and the unaccountable time consumed by

resources combating troublesome patients.
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The queue statistics displayed in table 6.29 and LOS statistics shown in table 6.27,
when presented to experts within the ED seem to be less than expected in the
behaviour model whereas the Bayesian approach seems to be more reasonable in
their eyes as the waiting times for patients is currently small when compared to
reality and as highlighted above, increased usage of resources are made due to the

Bayesian approach in considering behaviour.

6.2.5.4 Finding

The Bayesian enhancements are explained in terms of programming and
representation. The difference in LOS is discussed and further scrutiny is made of all
the elements within the system that represent key tasks and activities in reality. A
stochastic approach is taken and the results are discussed with experts in the ED for
further elaboration and to gain a deeper understanding so a comparison can be made
as to which model approach is best suited and represented reality in the most

accurate manner.

The Bayesian approach happens to increase time throughout the model and all
processes due to the system used in calculating the behaviour. Although the
behaviour model represents a true reflection of the system and the affects behaviour
can have within processes. The Bayesian system is seen to be a better fit outlined by
experts in the ED. This is mostly because it displays a greater usage of all resources
as well as the increase in time consumed that reveal the extent of disruptions caused
by behaviour. This will also serve as a partial validation and verification in terms of

representation to a true to life system.
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6.3 Summary

DES model 1 serves as logical representation of the entire ED of TMC, it is used to
observe and make sure all the processes are in working order, it also serves as a

partial validation and verification of the development of DES model 1.

DES model 2 is the basic representation of ED system that takes into account the
average number of patients attending the ED derived from historical data. This
model allows scrutiny of all the processes as the entire ED is challenged by the
number of patients visiting the ED. DES model 2 is used to derive all the results of
key performance indicators to see how they compare to historical data based on

length of stay (LOS) and waiting times (WT).

DES model 3 is categorised at the actual representation as it represents the ideal
operational times that physicians have highlighted. DES 3 represents the ED where
there are no disruptions in the processing of patients and how the physicians would
like to see the ED run on a daily basis almost representing a perfect state. This model
and the results derived from within will be used as a bench mark for future
developments and strategies. The results have also been compared to that of DES 3
to see the time variance, this indicated huge time variance between DES 3 and DES
4. The difference highlighted the additional time consumed on a daily basis by
patients. This enabled strategies to be developed in order to decrease patients LOS

and WT.

One of the main developments of this study was to divert concentration to a single
area within the ED i.e. examination, rather than the ED as a whole as this would
prove to be a very complex and lengthy process. Hence based on the historical data,

expert opinion and the results derived from DES 2 and 3, the decision was made to
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divert concentration to the examination area alone. This was done firstly, because
this area catered for the minor and non-urgent patients that accounted for majority of
the patients that attended the ED. Secondly, research highlighted the fact that, the
main disruptions caused by difficult patients took place within this area by patients
with minor and non-urgent patients. Lastly, the resulted acquired from DES 2 and 3
showed very similar results and experts agreed a reduction in patient times within
this area would surely mean a devised strategy that can be applied to other areas in a

very similar manner.

Hence, DES model 4 only concentrates on the examination area, however, DES 4 is
where the novelty of patient behaviour is implemented within the system based on a
random occurrence. Firstly, a new LOS has to be derived from DES 3 but only to the
extent where patients leave examination rather the ED as a whole. Therefore,
patients will now be considered from the point of entry to the ED till they leave the
examination area. Secondly, behaviour will be applied to the model changing it to
DES model 4. This will show the variance in time, how much time is spent
additionally due to patient difficult behaviour and the disruptions caused from

therein.

DES model 5 is where the Bayesian Network modelling is applied to the DES model
to enable a superior set of results to be achieved in order to represent patient
behaviour to the truest of nature. This model will also show the additional time

consumed by patients in order to devise a strategy to decrease patient LOS.
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Chapter 7: Patient Behaviour Control (PBC)

7.1 Introduction

The hospital under study (TMC) sought insight into strategies that would reduce
prolonged patient length of stay (LOS) and patient waiting time (WT), as caused by
difficult patients, for the ED. This chapter will focus on these two effectiveness

measures, i.e. LOS and WT.

The purpose of this chapter is to consider the way in which key features of the Fast
Tracking Strategy (FTS) and Lean Thinking Theory can be implemented within the
ED on an operational level in order to control patients with difficult behavioural
problems, thus devising a strategy known as Patient Behaviour Control (PBC). The
way in which these patients can be alienated from normal patients and processes, to
go through a behavioural control system, are very similar to the widely used FTS.
This chapter explains, discusses and concentrates on how the successful FTS, based
on patient acuity levels, can be manipulated and simulated for use based on patient

behaviour in an effort to further reduce LOS and WT, i.e. PBC.

The study within TMC sought means by which prolonged LOS and WT, as caused
by difficult patients, could be reduced without affecting the quality of service
provided and impacting patients in other departments. The patient flow and
processes were studied, and a model was developed replicating the existing facilities
within the ED, after which changes were made to the DES models to facilitate a PBC
system for implementation. This gives the study a ‘before and after PBC’ analysis,

where comparisons can be made and the effects thereof analysed. In the present
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research, emphasis is directed towards a simulation-based solution centred on

reducing LOS and WT by implementing a patient behaviour control (PBC) system.

7.2  Background of PBC

Emergency departments are placed with the highest demands on hospital services
due to the on-going pressure to improve with the same amount of resources, whilst
sometimes achieving a reduction in the resources available. Further pressure is also
applied in seeing an increasing number of patients efficiently and safely. As a result,
EDs within the most developed and Western countries are struggling to cope with
the increasing demands for services. This has motivated the focus to be directed
towards optimising patient processes, i.e. pathways and flow, where EDs are taking
lessons in Lean Thinking Theory and system analysis to look for more efficient

strategies of working [Holden., 2011; Mazzocato et al., 2012; King et al., 2006].

Research into previous studies demonstrated Fast Track (FT) to be the most results-
driven and best solution in decreasing LOS and WT, which leads to the decrease in
overcrowded EDs. Moreover, An FT programme is assumed to increase throughput
for non-emergent patients. Hence many hospitals’ EDs have resorted to an ‘FT°,
which aims to achieve these goals.. [Fernandes et al., 1997; Meislin et al., 1988;
Cooke et al., 2002; Considine et al., 2008]. Similar research has also demonstrated
and shown improvements in patient flow and processing with the use of Fast Track

[Simon et al., 1997; King et al., 2006].

Studies carried out around the world have used FT in relation to both groups of
minor and non-urgent patients with the aim of managing their flow throughout EDs

in order to solve the overcrowding issue, namely through reducing LOS and WTSs.
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Moreover, also as a result of using this strategy, enhancement will be achieved in
different areas of EDs, with good impacts achieved for all types of patient.
Furthermore, previous studies centre on many factors when implementing FT. To
illustrate this point, the following includes examples of studies that have been carried
out in different countries, all of which seek to explain how FT has been
implemented, in addition to the aim of this strategy and the significant benefits to be

derived.

Doyle et al. [2012] carried out a study in Kansas, USA, which implemented FT to
improve patient throughput and department efficiency. They also aimed to examine
whether FT strategy would have a significant influence on the Left Without Being
Seen (LWBS) rate. They found that, after using the FT system, patients experienced
a decrease in LOS and WTs when compared with before the use of FT; however,
overall, the LWBS rate did not decrease with the adoption of the new strategy

[Doyle et al., 2012].

The study carried out in Canada sought to implement FT in an effort to reduce
patient LOS and Queuing Wait Time (QWT) with focus centred on examining the
effects of increased physician presence within the FT system, followed by an
additional emergency nurse practitioner (ENP) in the system, who was assigned the
role of improving performance measures, i.e. LOS and WTs. It was found that the
FT system led to a reduction in the LOS and queue length (QL). Furthermore, the
study detailed that the most significant reduction of LOS and QL were when there
was increased physician presence in the FT, followed by ENP in the system [La et

al., 2013].
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Another study has been carried out in the UAE by Devkaran et al. [2009], which
sought to establish the effect of using FTS on WTs and LOS. Moreover, the study
focused on how FT would affect ED quality measures, namely LWBS rate and
mortality rate. The results of this study showed that FT is a very useful strategy,
leading to reductions in WTs and LOS. The results also show that LWBS rate can be
significantly improved through the use of FT, although mortality rate was seen to

remain unchanged [Devkaran et al., 2009].

An Australian study, conducted in 2006, demonstrates that separate use of a
dedicated treating team in the FT system can result in a significant reduction of WTs
for all discharged patients, without the occurrence of adverse effects on WTs for
patients requiring admission. In the same vein, implementing FT helped to reduce

the number of patients who chose not to wait for treatment [O'Brien et al., 2006].

As can be seen from prior sections, it is clear that the majority of previous studies are
similar in terms of the use of FT in EDs: they all implement FTS in mind of
managing the flow of a certain type of patient (minor and non-urgent, for example).
The literature supports the belief that managing this type of patient flow leads to a
reduction in the extra WTs and LOS that result from the presence of non-urgent
cases in EDs. By the same token, through the implementation of FTS, previous
studies have demonstrated improvements in the health services provided in all parts
of EDs, as well as improvements of WTs and LOS amongst other types of patient,

such as emergent and urgent patients.

This strategy has proven successful through the results, as well as through the
acceptance of patients and staff in emergency departments. Moreover, the approach
Is recognised as being the best solution when seeking to improve services. This is
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shown by the high rate of satisfaction amongst doctors and nurses, on the one hand,
and patients on the other. Furthermore, it is well-known in all scientific studies
centred on management services that customer satisfaction is an indicator of service

quality.

This strategy has proven successful, which can be seen through its useful results, as
discussed earlier, as well as through the acceptance of this strategy amongst ED
patients and staff; they consider FTS as the best solution in terms of improving the
services across EDs. Importantly, previous research have shown this by
demonstrating an increasing level of satisfaction amongst doctors and nurses who
work in EDs. Moreover, patients’ satisfaction has been highly increased with the use
of FT, including—but not limited to—an Australian study, which evaluated the
quality of care delivered by an ED after implementing FT. This went on to state that
the satisfaction scores of approximately 70% of all patients involved in the study
were ‘excellent’ or ‘very good’ [Dinh et al., 2012]. A similar study was conducted in
Texas, USA, which established that the majority of respondents who completed a
patient satisfaction survey in the FT area were welcome to implement FT in EDs,
and that patients expressed their agreement with this strategy, stating that it saved
their time and increased the quality of the health services delivered and received

[Nash et al., 2007].

It is well known in the literatures of various arenas, including healthcare provision,
that customer satisfaction is considered an indicator of service quality, with such
literature indicating that two factors—notably customer satisfaction and quality of
service—are closely related, thus suggesting that improvement in one is likely to

lead to improvement in another; in other words, customers perceive quality before
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building up their satisfaction levels, and accordingly generate their behavioural

intentions [Wang et al., 2006; Sureshchandar et al., 2002; Mosahab et al., 2010].

As shown from the above, it may be concluded that the FT approach has contributed

to increasing the levels of quality of healthcare services delivered across EDs.

Despite such successes, however, to the best of the writer’s knowledge, thus far,
there has been no attempt to use FT in a different way, meaning that FT usually
manages patient flow based on the severity or acuity of patients. They consider this
factor as key to improving ED efficiency and effectiveness; however, they ignore its
use in combination with other factors, which may be considered an additional reason

for the presence of overcrowding.

Through reference to preliminary research, proposed by this study and as described
in the previous chapters, it can be stated that the study highlighted two important
findings. Firstly, it demonstrated that minor and non-urgent patients within the ED
TMC are the highest attending, with these two types of patient recognised as the root
cause of overcrowding. The second interesting finding, which is considered a
novelty factor of this study, is that overcrowding increases in LOS and WT were
partly due to difficult patients’ behavioural issues impacting the patient processes,

flow and service time.

Patient behaviour is held as being a cryptic factor that has been ignored by
researchers who are interested in studying the causes of overcrowding in ED and
who, despite their previous researches, highlighted this factor as being a reason of

increased customer waiting times, whether in hospital or any other services facilities.
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However, earlier studies did not assign much importance or relevance to this factor
in terms of its influence on WTs, although there are many studies that have been
carried out to study the way in which waiting times increase the probability of
witnessing difficult behaviours in patients (as fully discussed in Chapter 2). The
scarcity of previous studies led to a lack of clarity concerning the impact of this
factor on the LOS and WT. Additionally, it cannot be sure about the exact duration
of time consumed by this factor alone. Furthermore, there is no clue concerning the
specific areas of ED that mostly face such behavioural issues. The reasons behind
increasing behavioural issues are also not clarified; these questions, and others, have

been touched by the current study for first time, as discussed in prior chapters.

The current study provides a new idea designed with the aim of reducing wait times,
which is caused by behavioural issues, which will lead, as previous studies have
stated, to improvements in the efficiency and effectiveness indicators of TMC ED.
This new strategy is built based on the idea of FT, with some modifications taking
into account the behaviour factor as a reason behind increasing WT and LOS, as
opposed to patient severity. The actual aim of implementing PBC is making waiting
times more agreeable for patients and staff by re-managing minor and non-urgent
patient flow according to patient behaviour. This will lead to alleviating the situation
and comforting impatient users, which certainly helps in terms of avoiding more
difficult behaviours. It is worth mentioning that DES will be used to develop PBC,
as being a very good tool in demonstrating the current framework, and is considered
requisite due to its suitability to this kind of research. The following sections fully

explain PBC.
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7.3 Lean Thinking of Patient Behaviour Control (PBC)

The principles of ‘Lean Thinking” were adhered to throughout the research, and
applied with the consent of expert opinions in patient flow and processes. This
involved eradicating duplicate work, minimising queuing, and focusing on value-
adding processes [Womack et al., 2005]. A distinctive set of features aiding the Fast
Tracking system is the use of stream lining patients according to acuity levels.
Notably, similar features will be followed in order to apply the new strategy PBC;
however, the novelty of patient behaviours will be considered, and will be assigned

the highest priority.

At the present time, TMC uses the Fast Tracking system and, in so doing, forwards
all non- urgent and minor patients to the triage, based on acuity levels where they are
all forwarded to the examination area. Therefore, at this current stage, it is
reasonable to assume that all patients attending the examination area of the ED have
a low risk in terms of illness. Accordingly, the new PBC strategy will be applied
within the triage, prior to examination, meaning patients can be controlled according

to behaviour before being admitted into the examination area.

The PBC strategy will mean patients that are designated to go to examination will go
through a PBC process without prior knowledge to facilitate in separating patients;
therefore, patients will be tracked to the triage, at which stage they will go through to
a PBC system to segregate patients further into two separate queues. Patients will be
isolated as normal, who show no significant behaviours, and those who seem to
demonstrate behavioural issues, who will be classed as difficult within the existing
processes. Hence, rather than acuity levels or diagnosis requirements, the new

streams are designed based on patient behaviour. It is believed that this adds value
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for normal patients as they can continue on with the normal processes in an efficient
manner and time, with normal patients segregated from other patients to stop
behavioural problems being passed down or through to other patients, reducing the
chances of escalating behaviours. ED resources, such as doctors and nurses, then do
not waste time dealing with patients with behavioural issues; this means optimal use
of the resources available so as to keep the patient flow progressing in a timely

method.

Another distinctive feature is the application of the Bayesian Theory. This theory of
probability has been implemented within the simulation model, with the approach
developing the random probability of the occurrence of difficult behaviour based on
Bayes Theorem of Inference. Hence, patient behaviour would be represented by a
random distribution, which would identify the patient’s behaviour; the behaviour
will be attributed to the patient. This enables ED staff to select patients with difficult
behaviours and control patients accordingly from within the triage prior to
processing them further. This represents resources/staff being proactive in selecting

patients who have behavioural issues and segregating them into a different queue.

Importantly, however, patients still have to see staff and cannot be directly
withdrawn from the queuing system; they still need to wait in the queue and spend
their designated time before they can be controlled. This a very important aspect of
Lean Theory, which considers the simple fact that, although patients may be seen to
have behavioural issues, they still have to be seen to by a resource and examined
minimally before they can be segregated, only to check their condition is not life-

threatening. Accordingly, the simulation model represents this factor by means of
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ensuring that all patients see a resource before they are selected and designated

accordingly.

7.4  Patient Behaviour Control (PBC)

7.4.1 PBC Implementation in ED TMC

A thorough review of the existing ED was undertaken by means of observations and
consultation with staff within the facility and expert opinions (data collection was
explained in details in Chapter 3). Moreover, as explained in previous chapters of
this thesis, this initial stage can also be considered as the assessment requisite for the
primary research, needed to develop a simulation model that replicates the existing

facility to the truest of nature.

Research has established that TMC currently fast tracks patients directly from
reception to their designated areas according to acuity level. Hence, based on this
premise, it can be assumed that existing staff were aware of the benefits of fast
tracking, although based on an acuity level, which seems to be a very logical
approach as ED staff understand the need to send patients to the correct places

according to their condition.

The existing FT system will not be abolished and will remain the same: it serves as a
prerequisite to the newly developed patient control system according to behaviour;
therefore, rather than using the FT strategy based on patients acuity levels, condition
and needs—where patients are divided into separate streams accordingly—the newly
proposed ED simulation model considers the behaviour of minor and non-urgent

patients, aided by the Bayesian network modelling method, and streams patients
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from triage through to two separate queues, namely the examination queue and the

PBC queue.

Patients of minor and non-urgent requisite conditions are currently forwarded
directly from the reception to the triage where the further scrutiny of patients is
performed before forwarding into examination for the right care. The examination
area alone takes care of minor and non-urgent patients as the variables between the
two types of patients are very small in terms of professional care, i.e. the practising
nurse is very capable of taking care of or looking after non-urgent and minor patients
within examination. With this in mind, the assumption is that all patients—minor
and non-urgent—can be controlled, regardless of acuity level, as the conditions
presented be deemed non-complex and low-risk. This was also agreed by experts

within the ED of TMC.

Patient control from the triage point was highlighted as the most beneficial point as
the initial fast tracking, according to acuity level, had already been considered by
reception, where minor and non-urgent patients were segregated from those
requiring urgent and higher acuity levels of care. This was also agreed by experts in
the field as being the best starting point to consider behaviour as these two patient
types accounted for the highest number of patients and were the overall

concentration of the study (See Chapter 5)

7.4.2 Validation and Verification

It is worth mentioning that the same methods used with all previous models in this

study have been used to verify and validate the PBC model.
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In the following, there is a reminder of the most important methods used for the PBC
model's validation and verification:
e Visual validation
e Stochastic validation and verification = 100 replications to reassure variance
in results

e Expert discussion of model and results achieved.

7.4.3  Changes Applied Explanation

The most suitable area in which to implement PBC is within the actual triage area
prior to examination. As the patients are separated at reception according to acuity
levels, only the minor and non-urgent cases are forwarded to triage for further
scrutiny, according to needs, although they are very similar as both types of patients

reside within the examination area.

Triage will run the PBC strategy based on patient behaviour. They will be
responsible for separating the normal patients from those who seem to have
behavioural conditions that could cause further delays for no significant reasons
other than behavioural issues and distractions. The behaviour will be recognised by
the existing random behaviour occurrence. Patients will spend their designated
uniform time of 1-5 minutes, after which the triage staff will forward patients to
either the normal process for examination or the PBC system, where they will join
the queue with other patients identified as having similar problematic issues. This is
a very similar process used across all FTS, where triage has the responsibility of
forwarding patients according to their acuity levels. Patients with difficult
behaviours similarly will be recognised and forwarded accordingly. It is held that

this will guarantee normal patients’ ability to carry on as normal, given the highest of
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priorities by doctors and nurses, to make the process run as quickly and efficiently as
possible; patients with difficult behaviours, on the other hand, will go through the
PBC process with less priority, enabling normal patients and processes to carry on as

normal.

7.4.4  PBC Analysis and Strategic Planning

Design changes are planned for the TMC ED examination area. This chapter
considers separating the examination beds. Currently, there are twelve beds in
examination; eight will remain in the existing location, whilst the remaining and four
will be moved to a PBC location. The examination area will have two rooms or areas
separating the patients according to normal patients and those with behavioural
issues. Accordingly, triage will forward patients into two queues instead of one,
notably a queue for examination and a queue for the PBC, which actually represents
patients with behavioural impacts. The same numbers of doctors and nurses will be
present; however. This has also been represented within the simulation model.
current and the new design of patient flow will be explained in figures 7.1, 7.2 and

7.3.
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Figure 7.1 current ED TMC Patient Flow Design

Figure 7.1 displays the general current status from the point of arrival when patients
register in registration area, then Class 1, 2 and 3, which are directed to urgent area
including Resuscitation Unit (RU) and Observation Unit (OU); these are allocated
for classes 1, 2 and 3 (i.e. immediate, emergent and urgent). These classes use RU
and OU according to needs. The figure also shows that classes 4 and 5 (i.e. minor
and non-urgent). Minor and non-urgent patients simply come to triage where they
are screened before joining the examination queue (one queue), after which they are

examined accordingly as soon as there is available space.

In this work, the focus is assigned to the triage area. Figure 7.2 illustrates the way in
which examination areas work in the current patient flow. Class 4 and 5 patients
push from triage to waiting in a single queue in the examination area in order to enter
treatment room. This step is important as it allows the reader to understand all

changes to be made in this area.
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Figure 7.3 shows the new PBC system in place, with triage segregating patients into
two queues according to patients’ behaviour, as developed by the Bayesian
approach. Triage now forwards to two separate queues, and patients will move to
their selected queues according to behaviour. Thereafter, patients will proceed to
PBC or examination. The number of beds in examination has been reduced from 12
to 8, with 4 beds designated to the PBC system to cater for those patients displaying

difficult behaviours. Figure 7.3 explains the new strategy in detail.
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If this aspect of the strategy is to be represented in real life, additional space, for
queuing and a separate allocated space for beds, would need to be available in order

to keep patients separated.
7.5  PBC results and discussion

7.5.1 Comparing the Patient Behaviour Control Model Results to DES 5

This section displays the value of applying the new strategy in ED TMC, which has
redesigned patient flow, taking into account the behaviour factor. This value will be
presented by comparing the results of PBC with the results obtained after

implementing models 1-5 (the models were fully discussed in Chapter 6). The goal
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of this comparison is to prove that the new strategy, applied to control behaviour,

improves the efficiency of ED by reducing LOS and WTs.

A thorough stochastic analysis was carried out, comprising 100 replications. The
results can be found follows. Table 7.1 shows the LOS in examination for minor and
non-urgent patients, where the changes were concentrated on and the PBC strategy
applied. The results that have been extracted from the PBC model clearly show that,
after applying the PBC strategy with reference to behaviour rather than acuity levels,
a certain reduction of LOS was achieved in minor and non-urgent patients. Minor
patients LOS time reduced from (92.93) minutes to (68.27) minutes, and non-urgent
LOS time reduced from (94.44) minutes to (67.79) minutes. An average reduction of
LOS by 24% is achieved by implementing the defined PBC based on patient

behaviour.

This strategy has also taken into consideration the Lean Thinking Theory and the
findings of the preliminary research, which highlights the impact of difficult patients

and how they can be the cause and effect of overcrowding in the EDs of hospitals.

The independent sample t-test was used to calculate the differences in the mean LOS
between the two study periods (i.e. pre- and post-PBC), with the differences
expressed as 95% confidence intervals. All hypotheses-testing were two-tailed. A P
value of < 0.05 was considered to be statistically significant. The results were

achieved by Minitab, Version 16 (Statistical Software).

Table 7.1 displays the first major discovering of this study, which was approximately

(25) minutes’ reduction in ED LOS for minor patient (class 4), and approximately
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(27) minutes for non-urgent patients (Class 5) after applying the PBC. This

represented a 26% improvement in the LOS of Class 4 patients and 28% in Class 5.

7.1. Mean patient LOS (minutes) in Examination area Compared Before and After the

Implementation of Patient Behaviour Control (PBC)

Independent sample t-test
Test statistic Difference P Value
Outcome measure LOS in Examination (Minutes) t value
(95% ClI of Two
difference) )
Tailed
Difference
Pre-PBC Post-PBC ]
Time
Mean/SD Mean/SD Reduced
Minor 92.93/12.13 | 68.27/ 10.25 24.66 -24.53 (-41.4t0-20.7) | <0.001
Non-Urgent | 94.44/12.67 | 67.79/10.03 26.65 14.92 (30.2t0 13.5) <0.001

e P<0.05

Such decreases are statistically significant for both minor and non-urgent patients, as
shown in table above. The table shows that the mean LOS in the examination area
alone, for Class 4, was longer in the pre-PBC (93 minutes) than the post-PBC (68
minutes, 95% CI = -20.7 to — 41.4, SD = 12.1) and (P < .001). Similarly, the study
showed that the mean LOS in the examination area for Class 5 decreased by 27
minutes (95% CI =13.5 to 30.2, SD = 10 ), where the P< .001). The results provide
very clear proof that there is a significant difference between the time before and
after PBC, which indicates the benefit of the PBC; in other words, it can be stated
that the examination area LOS has shown a reduction of almost 26% and 27% for

Class 4 and Class 5, respectively. This, in reality, represents an individual case (for
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every single patient), which absolutely displays the significant reduction that can be

achieved.

The reductions in ED LOS, as achieved through implementing FTS, have been stated
in previous studies from the USA, the UK, Canada, Australia and Europe [Welch,
2012; Murrel et al., 2011; Considine et al., 2008; Kelly et al., 2007; King et al.,
2006; Fernandes et al., 1996]. However, this study’s findings are in contrast with
other studies, where the reduction of LOS was wider. For example, the study has
been carried out in the UAE [2009], which showed that LOS in cases 4 and 5
decreased by 30 minutes after opening the FT area, which represented 40%
improvement in the LOS [Devkaran et al., 2009]. Sanchez et al. [2006] in their
study, which was carried out in in Spain, demonstrated that opening a Fast Track
Area (FTA) was able to reduce the LOS for all types of patient by 50% [Sanchez et
al., 2006]. Another study carried out in the US in 2008 showed that the LOS for
Class 4 patients decreased by 44%, whilst the length of stay for Class 5 patients was
reduced by 76% [Medeiros et al., 2008]. A possible explanation for this is that this
study is different from most studies in a number of ways. Firstly, the unique feature
of the PBC strategy is that it is different from FTS where the PBC strategy took into
account the patient behaviour factor to deal with a reduction in LOS for patients.
This made the study distinct from others owing to the fact that the time spent by
behaviours differed from the time spent by other factors examined in previous
studies. The second difference that could cause this difference in results from others
works is the fact that this study used PBC to examine the LOS of the examination
area alone. This means that the result does not show ED LOS in total; rather, it
shows only the LOS for the examination area in an effort to reduce time there. The

examination area, as explained in previous chapters, is used by minor and non-urgent
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patients, where behaviour issues take place; therefore, the time shown in Table 7.1
refers to the LOS of both minor and non-urgent cases in the examination area, taking
into account the controlling behaviour factor. Another unique feature distinguishing

this study is that PBC achieved its goal by repositioning staff and beds.

Table 7.2 shows how the number of patients processed has been impacted, with the
PBC increasing patient processing efficiency and increasing the number of patients
by 14. This clearly shows the positive impact of implementing a PBC strategy based
on behaviour rather than acuity level, as it diverts and segregates patients with
behavioural issues that can easily spread negativity and waste valuable resource time

from those who do not display such characteristics.

7.2. Number of Patients Processed, (Before and After PBC Implementation)

Number of Patients Processed

PBC Process Minor Non-Urgent Total
Pre-PBC 102 78 180
Post-PBC 105 89 194

Tables 7.1 and 7.2 details the findings recognised as being most fundamental. In
specific regard to time-sensitive diagnosis and subsequent treatment, a hugely
different outcome could be witnessed as a result of a few minutes—notably the
difference between life and death. Through the ED, improved flow was recognised,
which will help to provide patients with better service and will help to save patients’
lives. This impact on minor and non-urgent patients should be considered valuable as

two-thirds of the population were seen to fall into the minor and non-urgent triage
group.
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Table 7.3 shows how the examination waiting area has been affected, which is
currently a single queue where both minor and non-urgent patients reside and wait a
response from the examination room. For example, patients wait in the queue and for
a bed to be free in order to move into examination. The maximum number of patients
within the queue is also recognised as helping to develop an idea surrounding the
current situation within the waiting area, which can then lead to overcrowded areas
within the ED; therefore, both minor and non-urgent patients have the same average
waiting time of (70.08) minutes, which can be seen in Table 7.3, and a patient queue
of 30. This clearly represents a very long queue and long waiting times for patients
before being admitted into the examination area. Moreover, this also represents
patients with bad behaviour: once they cause a disruption, regardless of patient type,
this means everyone is at standstill and cannot move forward until the problem is

solved.

The newly implemented PBC system does not consider normal and difficult patients
separately; rather, it allows triage staff to strategically choose and direct patients into
two different categories, namely normal patients that can move forward to
examination as normal, and difficult patients showing behavioural issues, who are
moved into a totally new queue, where all patients with behavioural issues have to
wait to be seen by the same staff of examination. However, those patients that are
classed as difficult have a lower level priority solely based on their behaviour, as
these actions are recognised as causing further escalating problems and reducing
process efficiency levels. Difficult patients require a separate queue (waiting area)
and separate beds for examination. The same number of bed remains within the ED;

however, 4 beds have been designated for difficult patients alone.
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7.3. Examination Waiting Time of Minor and Non-urgent Patients ( Before and After

PBC)
Examination Waiting Time (minutes)
PBC Process Minor Nan-Urgent. | e NUMBer
in Queue

Pre _PBC:
(One single queue for both types of 70.08 30
patients)

Normal Difficult

(8 beds) (4 beds)
Post PBC:
(Patients segregated into two queues
due to behaviour type)

30.40 40.67 11

Table 7.3 shows the waiting times extracted from the additional queues of the
examination area due to the changes applied. Normal patients now have 8 beds
designated to them but receive overall priority from resources in order to maintain an
efficient process. Importantly, their waiting time is a mere (30.40) minutes, which
shows a significant reduction in processing time as they are not colluded with
patients with behavioural issues. Difficult patients now have four beds designated to
their examination purposes, with their waiting time also seen to have decreased
significantly, although this is higher than for normal patients. At this stage, it is
important to remember that we can assume, as the number of patients within a queue
increases, the waiting time within that queue will also increase. Hence, such variable
results in waiting time, which is directly related to the number of patients within the

queues. By applying the PBC strategy, the queue for being admitted into the
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examination area for both patients types has decreased. This strategy shows a
reduction of 61.94% in patient waiting times, meaning the queue for examination has

been reduced by two-fold.

From the results, it is very clear that, once normal patients are segregated, the
examination is able to move forward with all normal patients in a very efficient
manner, with the waiting time for examination decreasing significantly. Furthermore,
the results shed light on the fact that the waiting time for the behavioural PBC seems
to be higher than the initial waiting time. This has decreased significantly; this is due
to all the behavioural patients being collated together, as well as the fact that those
patients recognised as being difficult are assigned a lower priority. This is simulated
within the model as priority is given to normal patients by doctors and nurses. Due to
the nature of patients’ behaviour, their importance has been diverted to the fast

tracking route in order to enable a constant flow of efficient processes.

The initiation of the PBC system for minor and non-urgent patients, based on
behaviour, has not had a negative impact on patients with high levels of acuity. The
LOS for such patients remained very similar; this is owing to the initial fast tracking
that separates patients according to acuity level and condition. This is done within
the reception, upon patients registering, at which point they are separated
accordingly. This demonstrates that patients cannot interrupt other departments or at
least the chance of disruption following through to other departments is decreased in

order to result in positive influences.

Table 7.4 shows an overview of all LOS times across the four different models
developed, represented by the five case types. The actual model results represents the
ideal time within which the ED would like to within. The behaviour model
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represents the impact difficult patient behaviour can have on the processes within the
ED as all the case type times increase significantly. Lastly, the PBC model is
recognised in line with its changes applied to the examination. This result also
indicates whether the change has any adverse or positive effects on the other case
types. As the FT concentrates on only the examination area—where only minor and
non-urgent patients are considered—the results indicate very little change in the
remaining cases, i.e. immediate, Emergent and Urgent. These results remain very
much the same as noted previously, with the responsibility of the reception just like a
triage system where they segregate patients according to acuity levels. After this
point there, is no reason for patients to concoctor with other patient types. This is
also based on the assumption that, once patients are forwarded to examination, they
do not have a requisite to be forwarded to any other area of higher acuity. This is not
the case in real life: patients’ acuity levels can change at any juncture whilst within
the ED; however, the results clearly indicate a positive decrease in LOS for minor
and non-urgent patients due to the changes applied where patients are strategically

diverted according to their behaviour.

7.4. Average Length of Stay (LOS) of Case Type According to Developed Models

_ Non .
— Immediate | Emergent Urgent Urgent Minor
Cases Cases Cases Cases
Cases

Basic Model | 17656 | 35086 31844 | 20810 | 209.14
Average Time

Actual Model 5520 | 251.38 201.01 | 25808 | 200.64
Average Time

Behaviour Model 142 53 347.23 269.14 368.04 368.59
Average Time

PBCModel | 4300 | 34433 26528 | 29496 | 295.87
Average Time
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The above table details that the utilisation of a PBC does not negatively impact
patients’ LOS in the case of patients with urgent illnesses and injuries. The LOS of
class 2 and class 3 patients were seen to decrease following intervention. Such
developments were unpredicted owing to the fact that the PBC was designed in such
a way to provide quicker care in the cases of both minor and non-urgent patient
groups. Such improvements could have arisen as a result of various factors.
Primarily, owing to the fact that the PBC decrease ED waiting room overcrowding
through separating non-urgent patients to a different treatment area, it may be that
staff had a larger physical space in which to work, in addition to a less distracting
environment. Moreover, the ED, when overcrowded, can be very hectic and frantic,
which negatively impacts the productivity of the physician, meaning levels decline
and there is a compromised in patient care, which could have been circumvented

without such overcrowding.

Following the completion of a number of analyses, the conclusion can be drawn that,
when adopted within the ED, the PBC approach is promising. This research
emphasises the many changes in the processes of the ED in terms of the use of Lean
Thinking, the presence of behavioural issues, and how resources can be used more
efficiently. In this particular Teaching Hospital ED, patients’ LOS and WTs were

decreased with the application of the PBC strategy.

7.6 Summary

This chapter sought to provide a discussion on the way in which the FT Strategy, in
combination with Lean Thinking Theory, could be adopted in a hospital’s ED, at an
operational level, with the aim of achieving patient control in the case of those

patients displaying behavioural issues. Accordingly, the strategy was centred on the
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control of such patients, and has been named the Patient Behaviour Control (PBC)

strategy.

Within TMC, the study aimed to establish methods of decreasing patients” LOS and
WTs without service provision quality being impacted and also without impacted

other patients.

The chapter described the way in which PBC was applied in ED TMC, highlighting
the effects of how this approach could impact the effectiveness measures of ED
TMC, namely LOS and WTs. Furthermore, the chapter detailed the fact that a
decline in WTs and LOS was both clinically fundamental and statistically significant

for those patients attending a hospital’s ED.
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Chapter 8: Conclusions and Future Work

8.1 Conclusion

A Hospital Emergency Department (ED) is a medical treatment facility, specialising
in the care of patients who attend without a prior appointment either by their own
means or via the ambulance service. Due to the lack of predictability in regards to
patient attendance, it is imperative that the department deliver a range of treatments
covering a vast arena of different injuries and illnesses. EDs throughout the globe are
experiencing many different obstacles and challenges on a daily basis owing to the
fact that there has been a significant surge in patient demand. The most excruciating
challenge that EDs face today around the world is the overcrowding of areas within
the department. This problem of over crowdedness alone can easily lead to the
demise of a healthcare service. Over crowdedness affects EDs from an array of
different avenues that only lead to a deficiency in activity and processes reducing the

quality of service dramatically.

Overcrowding within the ED can be looked upon like a disease, once it is apparent, it
is very difficult to control. Almost contagious as the effects are firstly, visible in
nature and thereafter can affect patients as well as ED staff mentally and emotionally

which in some cases can result in a physical uproar.

Therefore, it is of extreme importance and above all priorities in majority of the EDs
where possible to put effective measures in place to make sure departments do not
get over crowded and to reduce the effects of over crowdedness. This is the reason

why hospital EDs invest heavily into research and developments continuously to
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understand and develop the best possible management strategy for health care
providers namely to reduce down time, increase productivity, reduce waiting times
and queues but not limited to. New research is being carried out continuously to

enhance the service and care within hospital EDs around the world.

The problem of over crowdedness is unfortunately prevalent within the ED of Tripoli
medical centre (TMC), where this research was undertaken. The aim of the research
was firstly to understand the cause and effects of over crowdedness within the ED of
TMC. The idea of this process was to develop greater understanding and reasoning
of how over crowdedness occurs in order to be able to combat the problems faced by
the ED effectively. The research highlighted many causes of over crowdedness, i.e.
long waiting times, long queues, lack of space, lack of facilities, etc. However, the
research undertaken concluded these causes to be influencing factors that aid the
development of overcrowded EDs. The focus thereafter turned to finding the root
cause of problems. The underlying root cause of all the causes that lead to an
overcrowded facility concluded to be human behaviour. This problem of inadequate
human behaviour happens to be attached to all the causes of disruptions that when

combined together develop over crowded situations.

In order to gather greater understanding of the influencing factors, a descriptive
method has been followed and a pilot study has been carried out to understand the
environment of the ED by using questionnaires, record analysis, interviews with

staff, and observational data analysis.

Research further highlighted the main problem area being the examination area as it
accounts for majority of the patients and patients of lower levels of acuity that cause

the brunt of the disruptions.
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The study shows the ED of TMC operating in a slight different manner in terms of
processing patients and patient flow compared to other hospital EDs. The ED of
TMC stream lines patients (5 patient types according to acuity levels) straight away
from the reception as soon as they enter into two groups. Acuity levels 1,2 and 3 are
referred to care straight away, and acuity levels 4 and 5 are sent to examination area.
The examination area, where all the concentration will be given, consists of triage,

diagnosis and treatment.

This study makes use of discrete event simulation (DES) to represent the current
status of the ED in TMC and shows further developments in terms of model
enhancements. Recent technological advances in DES modelling and on-going ED
data tracking allow a more comprehensive patient data driven computer simulation
to be achieved. The DES model demonstrates prospective DES usage for ED
operations and management research. It is currently used in all industries including
healthcare facilities for different purposes to investigate answers to a variety of
questions accordingly. DES models seem to be particularly suited for advancing the
quantitative study of overcrowding. The predictive capability of the DES models
achieves best when applied to a group average patient times where confidence
interval can be extracted based on any number of replications to ensure strong

results.

In this study, five DES models were developed as follows: DES 1 is a simple logical
representation, DES 2 represented the current status of the ED of TMC, DES 3
represents actual times that should be adhered to in providing the service, DES 4
represents the ED with behavioural problems and DES 5 is where the Bayesian
network modelling (BNM) is applied to generate a more accurate occurrence of

human behaviour.
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This study is the first of its kind within Libya for the ED of TMC, and for the first
time, the hospital records have been assessed, observational data has been collated
and further research data has been gathered and implemented within a DES model
that has an integrated Bayesian approach. This has enabled results to be extracted
that show the ED of TMC, their current status in terms of patient processing and
flow. For example, patient length of stay (LOS) can now be accounted for, patient
waiting times (WT) can be assessed according to area, this will enable the ED of
TMC to make comparisons in terms their current status and target where they would
like to be in the foreseeable future. The DES models have aided in developing a
dynamic visual aid that helps to visualise cause and effects. The thorough research
within this study has shed light upon the novelty of how patients behaviour is the
overall additive to all disruptions and the root cause for developing over crowded
facilities. The problem of behaviour seems to be prevalent in developing countries
such as Libya where processes are not governed extensively. An additional
innovative discover in this study is the group of behaviours that are responsible for
increasing waits time and LOS, and lead to disruptions in patient processing and
flow. The key behavioural factors are confrontation, challenges, passivity, and illness
belief. These factors have been discovered by carrying out a thorough literature
review, extensive discussions and consultations with doctors and nurses within the

ED.

Every patient that enters the ED is different, no two patient reactions to a situation is
the same regardless of the condition the patients may arrive in. Even more so, every
single human being is different, i.e. emotionally and mentally, for example, how an

individual person reacts, understands, listens, cares, etc. This can be classed as
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human behaviour. This study takes into consideration the existence of human

behaviour that effects every single process throughout the ED.

Research highlighted the most commonly used and most effective strategy
throughout the globe is the fast track system used to route patients according to their
acuity levels. Similar principals of fast tracking was used to develop the new strategy
of Patient Behaviour Control (PBC), where acuity levels are replaced by human
behaviour. This would mean all the patients will now also be screened for attributes

of difficult behaviour.

The new strategy named PBC that was introduced in chapter 7 in this study, aimed

to aid the prevention of overcrowded departments and reduce patient LOS and WTSs.

The PBC Model has been developed using Witness simulation, which provided a
platform where real data could be represented, evaluated and analysed. The
effectiveness of PBC within the ED were evaluated, which have practical

implications for reducing patient LOS and WTs in the ED of TMC.

This study demonstrates that by managing patients behaviour, leads to a significant
decrease in LOS and WTs. Therefore increasing efficiency by making optimum use

of the available resources.

This research would be most valuable to operational managers, practitioners in areas
such as health service research and health service delivery. It demonstrates a new
strategy based on human behaviour being the root cause in order to achieve greater
efficiency throughout all the activities and processes of the healthcare service.
Further, this new strategy is not limited to the healthcare service but can be applied

to numerous other industries to manage human behaviour.
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Future Work

This final section displays recommendations for future work in an effort to address
the limitations of this study. In actual fact, the results of this study alter the
researcher’s vision of the phenomenon, thus leading to new directions for further

practical or theoretical investigations. This includes the following ideas:

e Investigate the performance of DES in further real-life case studies of
healthcare services.

e Investigate the performance of DES by combining DES with other types of
simulation, as recommended in the literature review as a good choice for
simulating human behaviour, i.e. Agent Based Simulation (ABS).

e Investigate the performance of DES in a large sample with more complex
patient behaviours.

e Reintegrate other factors that are known to impact patient flow with
behaviour factors in the study of overcrowding within EDs.

e Enhance the simulation models by means of implementing a warm period in
order to improve and strengthen the results.

e Add more comparison measures, such as model-building or model use.

e Develop a model simulating patient behaviour and staff behaviour in order to
determine the impact of the interfere of these two factors on services time.

e Determine whether using PBC will impact the quality of care provided,

measured by rates of mortality and/or re-visits, for example.
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Appendix A

Time Form
(Service Time of ED TMC)
Patient No: ( ) Patient Age : ( )
Gender: Male ( ) Female ( )

Patient Condition : 1- Immediate case ( ) 2- Emergentcase ( ) 3- Urgentcase ( ) 4- Minor
case ( ) 5-Non-urgentcase ( )

Time of arrival at the reception desk :( ) hrs. Time of Finishing Giving Information ( )
hrs.

First contact with doctor/nurse; Time; -----=======emmmmmmn- hrs. , Time of finish; ~—----=-==mmmmmmmeee - hrs.

Presence in the treatment room for the first time; -------==== e mmeemeee hrs.

leShlng time: _— i —————— hrs.

Presence in the treatment room after finishing required test/ X-ray : -------====mmmmmmmmmmmmmmmm oo hrs.

Finishing Time: N —-- hrs.

Discharging a patient from ED: --------=-=-===mmmmmm oo hrs.

Patient Length of Stay (LOS): -----------=---=-m-mmmmm oo Minutes/hrs.
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Appendix B

Tripoli Medical Centre — Emergency Department

The Questionnaire

This questionnaire is data gathering tool of PhD project which will be done at MMU
University. The research is about making significant improvements in the
Emergency Department services in one of the Libyan hospitals.

In this project researcher keens to capture the views of medical staff and emergency
nurse working in Emergency Departments to inform the researcher about some
important issue that help in emergency department improvements. This research will
be done in summer 2012.

Researcher would appreciate you taking the time to complete this short
questionnaire. All questionnaires returned will be treated as confidential.

Thank you for your help.
Entisar. K. Aboukanda
The Researcher

v’ Section (A):

Q1- Please show the unit in which you work

Q2 - Please show your position within the Emergency Department:-
1- Consultant O

2- Specialist
3- Physician
4- Emergency Nurse

o ooad

5- Other medical position

Q3. Please indicate how long have you been in your current work
1- Under 5 years O 2- 5-<10 years | 3- 10-<15years O

4- 15- <20 years O 5- 20yearsormore O

Q4. Has the patient’s volume within your ED increased in the last 5 years?
1- Yes O
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2- No
3- Do not know

O
O

Q5. From your experience, do you think that your ED is suffering from overcrowding?

1- Yes
2- No
3- Do not know

If Yes: answer the following question please.

agog

Q6. From your experience, Please indicate, by ticking the appropriate box, if the following
issues have effect on increasing ED overcrowding. If you feel the issue is not relevant

for your department, please indicate this.

The Issues under consideration Major Minor No Not
effect effect effect | relevant

1- Lack of management staff O O d a
2- Not enough available beds O O O |
3- Delayed in discharges process from

wards O O a a
4- Delays in admitting patients process | O d a
5- Patient Behaviour O O O a

6- Other, please specify

Q7. From your experience, Please indicate, by ticking the appropriate box, if the following
issues have effect on patients prolonged waiting time?

The Issues under consideration Major | Minor No Not
effect effect | effect | relevant
1- Shortage in beds and capacity O O O |
2- Staff arrived late O O O |
3- Long time to assess patient O O | |
4- Large number of minor& non-
urgent patients. O | | |
5- Difficulties to find ED services' place | | | O
6- Other, please specify

v’ Section (B):

Q1. From your experience, do you think that difficult patients’ behaviour issues have a

negative impact on the work of your ED?

1- Yes
2- No
3- Do not know

Know, please go direct to section (c).

If yes, please complete the following section. If your answer is No or You Do Not
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Q2. Please indicate, by ticking the appropriate box, your level of agreement or
disagreement with the following patient behaviour in terms of their negative effect
on service delivery in your department.

stongly | Slighly agfe'tehﬁgr Slightly | Strongly
gree Agree disagree Disagree | Disagree
1- Arguing behaviour O O O O O
2- lliness Belief | | O O O
3- cultural influences O O | O O
4- Anger behaviour O O O O O
5- Interfering behaviour O O O O O
6- Lack of respect
. O | | O O
behaviour
7- Demanding behaviour O O O O O
8- Communication
o O | | O O
difficulties
9- Over-involvement
. | O O O O
behaviour

Q3. Please indicate by ticking the appropriate box, the most serious difficult patient’s
behaviour, in your opinion, that effect your ED services.

Behaviour

Major Effect

No effect

Minor Effect

Arguing behaviour

O

O

IlIness Belief

cultural influences

Anger behaviour

Interfering behaviour

Lack of respect behaviour

Demanding behaviour

Communication difficulties

o|o|lololal gl o

g aja oo og

g aa o oo o g

Over-involvement

behaviour

a

a

a
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Q4.

Please select the most important service areas that face unacceptable behaviour,

and set the real time for each service, the same as your estimation of the extra

time taken by difficult patients. (You can select more than one area and

behaviour).

Service areas
(select one or more
behaviours (1-9)that
shown in table above)

Most repeated behaviour

Real
for
service

Time
this

Estimated

extra

time after existing
of behaviour

Resuscitation

Cardiology

Reception

Triage

Examination

Q5.

Please indicate your level of agreement or disagreement with the following statements

Statements

Strongly
Agree

Slightly
Agree

Neither
agree
nor
disagre

Slightly
Disagre
e

Strongl
y
Disagre
e

Overcrowding at ED TMC needs a serious attention.

Difficult patient behaviour Contribute to increase
patient waiting time.

Direct transfer of patients to primary healthcare
centres will help reduce demand for ED services.

Difficult Patient behaviour Contribute to disturb the
patient flow system.

Difficult Patient behaviour Contribute to increase
staff dissatisfaction.

Redesign of patient flow is important to improve
services

Staff dissatisfaction effects the quality of ED services

Difficult patients are mostly Libyan men

Difficult patients are mostly Libyan women

There are no long waiting time in this ED

Difficult patients are mostly young

Difficult patients are mostly old

Difficult behaviour usually occurs during early
morning.

Difficult behaviour usually occurs during afternoon.

Difficult behaviour usually occurs during night time.

Urgent area faces serious interruptions due to patient
behaviour.

Examination area faces serious interruptions due to
patient behaviour.

a | oa|ooa oaogooooooyo oo oo

a | ooaoa o|oooooo o oyo|opoo

a | oa|oo aogooooo a|jo|o|o)oide

a | oa|ooa aogooooooyo oo oo

a | ooa o|oooooo oy oyo|opoino
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v’ Section (C):

Q9. Please use the following box to indicate any further comments you wish to make.

Your Comments:

Thank You for Your Time,
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Appendix C

Tripoli Medical Centre — Emergency Department

SEMI-STRUCTURED INTERVIEW

Name: position Type Years of Experience ( )

Date: Time:

Part (1): General questions

Q1: Can you explain the patient flow system in your Emergency Department?
Q2: what is the procedures and rules that have to be considered in your work?
Q3: What does “Overcrowding™ mean to you?

Q4: Do you think that Overcrowding is a problem in your workplace?

If yes : Why overcrowding? (hints)..... Shortage in resources, number of
patients,,, capacity ,,, unqualified staff,,,, assessment time,,,, patients and/or staff
behaviour.

Q5: Which services are most affected by overcrowding? Why?
Q6: Where these bottlenecks occur more? Why?

Q7: from your experience, can you indicate what are the negative effects of
overcrowding? More details (if need) :

Q8: Can you explain (in details) your contribution to decrease overcrowding?

Q8: Can you explain (in details) how does overcrowding effect your work
personally?

Q10: Do you think that the department needs to take serious steps in order to reduce
overcrowding ?

Q11: According to your information, is there any previous studies about the ED
overcrowding, and how to solve it?

Part (2): specific Issues

Q12: From your point of view, how does behaviour affect patient flow system ?
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Q13: which kind of behaviour has the significant impact on service ? (discuss
different kind with the respondent) .

Q14: In your opinion, what type of patient ( patient condition) who shows
undesirable behaviour

Q15: discussion the additional time that caused by behaviour.
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Appendix D

Tripoli Medical Centre — Emergency Department
OBSERVED BEHAVIOUR CHECKLIST

Observer name: Observer ID:
Date of observation: Time of observation: From AM( ) PM( ) (checkone)
Location of incident: To AM( ) PM () (checkone)

Please Check All Observations that applies:

1- Are alcohol and/or drugs present? |:| Yes |:| No (check one)
2- Is Mental Problem Present? |:| Yes |:| No  (check one)
3- Characteristics :
Gender: ] Male ] Female
Age: [ 16-30 [ 31-45 ] 46-60 [ 60+
Nationality: ] Libyan ] non Libyan
Condition. [] Minorcase [] Non-urgent case
4- Behaviour: ] Normal, scale o 111 - R — (Minutes).
Behaviour scale;
[C] Challenge Behaviour, scale N )11 — (Mints)
0123456782910
HA11-@++1+1 Includes; (Interfering, Over involvement, Demanding)
[C] Confrontation Behaviour, scale ; Time: —------—---- (Mints).
Includes; (Anger, Arguing, Lack of Respect)
O Passivity Behaviour, scale ; Time; ------------- (Mints).
Includes; ( communication difficulties, lack of respect the rules)
] Hliness belief Behaviour, scale ; Time: —----------- (Mints)
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_ [C] Long waiting time  [_] confused services [_] staff reaction
5- Behaviour Reason:

] Unexplained waiting time [_] Lack of coordination

Other (specify):

6- Staff Reaction Behaviour: | [] Ppositive Staff Interaction
D Neutral Staff Interaction

D Negative Staff Interaction

Completed by: Date:
(Name) (Signature)

Witnessed by: Date:
(Name) (Signature)

This checklist must be completed and signed, and must be returned to the reception

in the end of the observation time.

This form received and reviewed by:

(Name) Date
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Appendix E

Two-sample t test with unequal variances for B1

T- test and ANOVA

Group Obs | Mean | Std. Err. Std. Dev. 95% Conf. Interval
Difficult behaviour 53 | 11.60 1.17 8.49 9.26 13.94
Normal 210 | 8.52 0.28 4.04 7.97 9.07
combined 263 | 9.14 0.33 5.37 8.49 9.80
diff 3.08 1.20 0.68 5.48
diff = mean(Difficul) - mean(Normal) t= 2.5697
Ho: diff =0 Satterthwaite's degrees of freedom = 58.0812
Pr(|T| > |t]|) =0.0128
Two-sample t test with unequal variances for B2
Group Obs | Mean | Std. Err. Std. Dev. [95% Conf. Interval]
Difficult behaviour 60 | 14.48 1.18 9.11 12.13 16.84
Normal 210 | 8.57 0.28 4.03 8.02 9.12
combined 270 | 9.88 0.37 6.08 9.15 10.61
diff 5.92 1.21 3.50 8.33
diff = mean(Difficul) - mean(Normal) t= 4.8972
Ho: diff =0 Satterthwaite's degrees of freedom = 65.7436
Pr(|T| > |t]|) <0.001
Two-sample t test with unequal variances for B3
Group Obs | Mean | Std. Err. Std. Dev. [95% Conf. Interval]
Difficult behaviour 11 | 12.64 231 7.66 7.49 17.78
Normal 210 | 8.57 0.28 4.03 8.02 9.12
combined 221 | 8.77 0.29 4.35 8.19 9.35
diff 4.07 2.33 -1.09 9.23
diff = mean(Difficul) - mean(Normal) t= 1.7497

Ho: diff =0
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Pr(|T| > |t]) = 0.1099

Two-sample t test with unequal variances for B4

Group Obs | Mean | Std. Err. Std. Dev. [95% Conf. Interval]
Difficult behaviour 27 | 18.07 1.71 8.90 14.55 21.59
Normal 210 | 8.57 0.28 4.03 8.02 9.12
combined 237 | 9.65 0.37 5.68 8.92 10.38
diff 9.51 1.73 5.95 13.06
diff = mean(Difficul) - mean(Normal) t= 5.4810
Ho: diff =0 Satterthwaite's degrees of freedom = 27.3906
Pr(|T| > |t]|) <0.001
For Time B1
Number of obs= 263 R-squared = 0.7773
Root MSE  =2.56016 Adj R-squared = 0.7729
Source Partial SS df MS F Prob>F
Model 5878.0243 5 1175.6049 179.36 <0.001
Place 4841.6524 2 2420.8262 369.34 <0.001
Behaviour 1870.6776 1 1870.6776 285.41 <0.001
Behaviour by Place
interaction 932.55295 2 466.27647 71.14 <0.001
Residual 1684.4852 257 6.5544172
Total 7562.5095 262 28.86454
For Time B2
Number of obs= 270 R-squared = 0.8299
Root MSE  =2.52899 Adj R-squared = 0.8267
Source Partial SS df MS F Prob > F
Model 8239.719 5 1647.9438 257.66 <0.001
Place 5933.2047 2 2966.6023 463.84 <0.001
Behaviour 4855.0005 1 4855.0005 759.09 <0.001
Behaviour by Place
interaction 1437.2411 2 718.62054 112.36 <0.001
Residual 1688.4884 264 6.3957894
Total 9928.2074 269 36.907834
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For Time B3

Number of obs =

221 R-squared
Root MSE  =2.54511

= 0.6638

Adj R-squared = 0.6575

Source Partial SS df MS F Prob > F
Model 2762.0701 4 690.51753 106.6 <0.001
Place 1456.8394 2 728.41968 112.45 <0.001
Behaviour 371.60347 1 371.60347 57.37 <0.001
Behaviour by Place
interaction 68.045607 1 68.045607 10.5 0.0014
Residual 1399.1606 216 6.4775955
Total 4161.2308 220 18.914685
For Time B4
Number of obs = 237 R-squared = 0.7696
Root MSE  =2.75101 AdjR-squared = 0.7657
Source Partial SS df MS F Prob > F
Model 5866.1461 4 1466.5365 193.78 <0.001
Place 3352.2989 2 1676.1495 221.48 <0.001
Behaviour 1758.9444 1 1758.9444 232.42 <0.001
Behaviour by Place
interaction 304.3794 1 304.3794 40.22 <0.001
Residual 1755.7864 232 7.5680448
Total 7621.9325 236 32.296324
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