Z”
Fnu’i'f- FII!{

1 Hos F’-"‘M's

Service Completion
(75% in Banks)

Call Center Design
Information Design

Service Engineering: Multi-Disciplinary Process View

Organization Design:

Call-Center: Multi-Disciplinary ServEng View

Index

Function
Scientific Discipline

D Marketing, Parallel (Flat) ) Multi-Disciplinary
E 3 Operations Research Seqyentlal (Hierarchical) Operations/
Lost Calls (—>Waiting Time Sociology/Psychology, 8
Lad ‘©Return Time) Operations Research Business
Process
F’M Queue Agents Experts Archi
ns Redial (Invisible) Consultants} rchive
J\ ,I' (Retrial) T Data.base
"Pd me Busy Computer-Telephony Design :
(Rare) Integration - CTI Data Mining:
e MIS/CS ;z'iﬁ:{gss MIS, Statistics,
: . Y y Operations
s (o) .- wripio | Rescarch
(Bus\n;sfhgmnller Bad Human Resource 20076 per Year) Marketing
21th Century) : Management of the Service
4’< VRU/ ”””H HHm ‘ Agents -3 1th Century) Completion

IVR

Forecasting

Psychological

Statistics : Process
(SBR) Design Archive
Customers  } Marketing, Expect 3 min
Segmentation -} Human Resources, Willing 8 min
Customers CRM : Operations Research, Perceive 15 min
Interface Design Marketing : ToMvoid i (If Required 15 min,
Human Factors Back-Office Eh'en Walle: 8 min)
Engineerin VIP If Required 6 min,
. . VIP Queue (raining)_/ Service Process then Waited 8 min)
Abandonment Design - Psychology,
Psychology, M Operations
New Services l Statistics Logistics Research,
Design (R&D) Lost Calls ” ) Marketing
Operations, Positive: Repeat Business
Marketing Negative: New Complaint

13




Emergency-Dept.: Multi-Disciplinary ServEng View

Emergency-Department Network: Gallery of Models

Service Completion
(sent to other department)

Blocked

(Ambulance Diversion) >

Information Design

MIS, HFE,
Operations Research
( < Waiting Time
“+ Active Dashboard )

Internal

Organization Design:
Parallel (Flat) = ER

Index

Function
Scientific Discipline
Multi-Disciplinary

vs. a true ED
Sociology, Psychology,
Operations Research

Nurses

Queue
Job Enrichment v
Acute, Training N4 ED-Stress
Walking HRM Psychology
: |\ I rnovers
: ncentives
: Game Theory,
Arrivals : Economics
Reception [+ Triage |i-» Sdrdical
Queue
Forecasting
Statistics, Stretcher . :  Efficiengy  siill Based Routing
Human Walking res (SBR) Design
Resource Segmentation : Operations Research,
Management | customers Medicine : _ HRM, MIS, Medicine
(HRM) Interface Design Quality N
Human Factors : Imaging
Engineering Orthopedic Laboratory
(HEE) Queue Service Process

Operations/
Business
Process
Archive
Database
Design

Data Mining:
MIS, Statistics,
Operations
Research,
Marketing

Hospital

—> Home

Psychological
Process
Archive
Medicine,

Psychology,
Marketing

New Services Returns LWBS DesignA

Design (R&D) Psychology, Operations
Operations, S!aﬁIStICS. Research, Medicine
Marketing, “Lost” Patients

MIS

Returns (Old or New Problem)

15




The Technion SEE Center / Laboratory
Data-Based Research & Teaching

Technion

Jg’r,,. ® )
(3 Center

Ntary
"Prise Engineering



Expanding the Scientific Paradigm

Service Engineering vs. Industrial Engineering

Human Complexity = Scientific Paradigm (Physics ... Economics)
and beyond (with IBM Research):
7. Feedback 1. Measurements / Data
8. Novel needs,
m necessitating Science n

Management Engineering Science

l

I

4. Maturity enables
Deployment

3. Validation

2. Modeling,

6. Improvement 5. Implementation Analysis



Started with Call Centers, Expanded to Hospitals

Call Centers - U.S. (Israel) Stat.
» $200 — $300 billion annual expenditures (0.5)
» 100,000 — 200,000 call centers (500)
» “Window" into the company, for better or worse
» Over 3 million agents = 2% — 4% workforce (11K)

Healthcare - similar and unique challenges:
» Cost-figures far more staggering
» Risks much higher
» ED (initial focus) = hospital-window
» Over 3 million nurses



Technion SEELab: From SEEStat
through SEEGraph to SEEmulations

SEEStat: Software platform for EDA of Service Systems in real-time
— e.g. Summary Stats, Smoothing, Mixtures, Survival

SEEGraph: Pilot platform for creating process-maps in real-time (in-
house development)

— e.g. Call Centers, Internet Websites, Hospitals

SEEmulations: Animating SEEGraphs (DISCO), getting tangibly close
to the intermediate goal
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Data History: Patient-Level ED Data

SEELab expertise on Call Centers transaction-level data, applied to Hospitals
— Demo 1: Comparative Analysis of 3 Hospitals, via SEEStat

Israeli Hospital (Rambam, Haifa): 3 years inter-departmental Level (Armony et
al - Reproducible)

— Demo 2: Process Maps (Static), via SEEGraph (adaptation of GraphViz)

US Hospital: 1 week of ED data, via Tolga Tezcan
— Demo 3: Data Specs and Templates

Korean Hospital (Samsung, Seoul): 3 months of ED data, via Song-Hee
— Demo 4: Animating a Process Map,

XYHospital: 2 months/years of ED data, via colleague of our SAMSI WG
— Demo 5: Dynamic Process Maps, towards ED simulations
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2. Arrivals to ED and Discharges from ED
KRHospital, all ED patients

KRHospital
Total for September2012 October2012 November2012,Weekdays
15.00 4

14.00 -
13.00 -
12.00
11.00 -
10.00 -
9.00

8.00

Average nuber of cases
~
o
=]

00:00 02:00 04:00 06:00 08:00 10:00 12:00 14:00 16:00 18:00 20:00 22:00

Time (60 min. resolution)

—— Patient Arrivals at Emergency Department Total —— Patient Discharges from Emergency Department Discharged
NG Patient Discharges from Emergency Department Hospitalized

XY Hospital, walking patients

XYHospital
Total for October2012 November2012,Weekdays

22.50 4

20.00

17.50

15.00

12.50

10.00

—_

Average nunber of cases

750 | ~—g/\/\w/%¢ /x

5.00 -

2.50 -

0.00 —
00:00 02:00 04:00 06:00 08:00 10:00 12:00 14:00 16:00 18:00 20:00 22:00

Time (60 min. resolution)

—— Patient Arrivals at Emergency Department Total —— Patient Discharges from Emergency Department Treated & Discharged
—— Patient Discharges from Emergency Department Admitted

HomeHospital, Emergency Internal Medicine
p

HomeHospital , Emergency Internal Medicine Unit
January 2004 - October 2007, weekdays

Average nuber of cases
o o
Q Q
(=} (=}

00:00 02:00 04:00 06:00 08:00 10:00 12:00 14:00 16:00 18:00 20:00 22:00

Time (60 min. resolution)

—— Patient Arrivals at Emergency Department —— Patient Leaving Emergency Department Hospitalization

N Patient Leaving Emergency Department Released (Home)
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1. Patient length of stay in Emergency Department

1.1 Distribution by hospitalized and released (home) patients
KRHospital, triage 2

KRHospital Patient length of stay in Emergency Department (minutes), triage 2
Total for September2012 October2012 November2012,All days

11 4

u‘}Mk/
o
s
74
s
4]
3
2
14
o

2 252 502 752 1002 1252 1502 1752 2002 2252 2502 2752 3002

Rdative frequencies
)

Time (30 minutes resolution)

‘7D|scharged —— Hospitalized I

XY Hospital, walking patients

XYHospital Patient length of stay in Emergency Department (minutes) h
5 Total for October2012 November2012,All days
14
13 4
12 4
11 4
& 10
8 ol
g 8
E 4]
i
g ]
2
3
2]
14
° e o I B
5 105 205 305 405 505 605 705 805 905 1005
Time (15 minutes resolution)
g ‘7Trea{ed & Discharged —— Admitted I y,
HomeHospital, Internal and Surgery ED
e N

HomeHospital Patient length of stay in Emergency Department

20 January 2004 - October 2007, all days

35

3.0

25

2.0

15

Relative frequencies

1.0

0.5

0.0
0:05 1:45 3:25 5:05 6:45 8:25 10:05

Time(hh:mm) (5 min. resolution)

— Emergency Internal Medicine Unit (Hospitalization ) —— Emergency Internal Medicine Unit (Released (Home) )
g —— Emergency Surgery Unit (Hospitalization ) —— Emergency Surgery Unit (Released (Home) )
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XYHospital, walking patients

4 N
XYHospital Patient length of stay in Emergency Department (minutes)
Total for October2012 November2012,All days
15 4
14
13 4
12 4
11 4
x 104
8
g 9
< 4
g
=
[}
=
B 61
©
X ]|
2l
3
2 4
1]
0 T T T T T T T T T T
5 105 205 305 405 505 605 705 805 905 1005
Time (15 minutes resolution)
S — Treated & Discharged —— Admitted I )
Statistics
Treated & Admitted
Discharged
N 7944 651
N(average per day) 152.7692308 12.51923077
Mean 85.62 387.44
Standard
Deviation 68.68 327.95
Variance 4716.6 107552
Median 69 283
Minimum 5 63
Maximum 969 1960
Quantiles
Quantile Treated & Admitted
Discharged
99.5% 420.0 1787
99% 315.0 1731
97.45% 246.0 1508
95% 201.0 1121
90% 166.0 730
75% - Q3 116.0 448
50% - Median 69.0 283
25% - Q1 38.0 191
10% 22.0 133
2.5% 12.0 91
0.5% 8.0 68
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1.2 Fitting mixture of distributions
KRHospital: hospitalized patients, triage 1 and triage 2

Gamma distributions

Lognormal distribu

tions

KRHospital Patient length of stay in Emergency Department (minutes), triage 1 and triage 2, Hospitalized
Total for September2012 October2012 November2012,All days

KRHospital Patient length of stay in Emergency Department (minutes), triage 1 and triage 2, Hospitalized
Total for September2012 October2012 November2012,All days

Fitiing Mixtures of Distribuions Fitting Mixtures of Distributions
8
8000
B A
7000
6 |
6000
=
35 =
s 25000 |
] 2
o4 s
= 4000
@ =
= -
=3 S
2 Zam
o
2 2000 { |
L 1000 ‘
0 0,000 ] ‘ H { H [T
0 20 5020 10020 15020 2020 25020 3020 35020
Time (60 minutes resolution) Time (60 minutes resolution)
—— Empirical —Total — Gamma — Gamma —— Gamma | ‘7 Empirical —Total — Lognormal — Lognormal — Lognormal
XYHospital Patient length of stay in Emergency Department (minutes) XYHospital Patient length of stay in Emergency Department (minutes)
Total for October2012 November2012,All days Total for October2012 November2012,All days
Fitting Mixtures of Distributions Fiting Mixtures of Distribuions
1700 17
1600 1 f
150 (TN 15 Mer
1400 AN B 14
130 n 13 i \ Sl
£1,zno I Uity N e 7l M -
2 1100 ™N i 11 i
‘5100 LT - S0 N1
@ n IT S n L
‘%aano H HTSHL | S0 LU
Zos0 N Zos [ AN
@ | \
Z 070 B hN S0
= N s
0800 N @08
050 N 05
0400 (|| i W 04 {
o i 7 i .,~: 0 1
0200 i 0
0100 ! o
0,000 +4 o + 00 H ‘ ‘ ‘ ‘
500 3000 5.0 8000 10500 13000 15500 18000 20500 2000 25500 5 » % @ 15 W 5 m 2 P P
Time (2 minutes resolution) Time (2 minutes resolution)
__ Empirical —Total — Gamma _— Gamma — Gamma — Gamma — Gamma — Gamma —— Gamma | —— Empirical — Total — Lognormal —— Lognormal — Lognormal — Lognormal — Lognormal — Lognormal —— Lognormal
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Lognormal distributions

. N
KRHospital Patient length of stay in Emergency Department (minutes), triage 1 and triage 2, Hospitalized
Total for September2012 October2012 November2012,All days
Fitting Mixtures of Distributions
8.000
7.000 - \
6.000 - [ x
x
5 5.000 - |
2
g
g 40004 (|
; \
=
& 3.000 4
[3}
(4
2.000
1.000 -
0.000 T T t T T i T
2.0 502.0 1002.0 1502.0 2002.0 2502.0 3002.0 3502.0
Time (60 minutes resolution)
\_ lf Empirical = Total —— Lognormal Lognormal —— Lognormal I Y,
Statistics
Patient length of stay in Emergency Department (minutes)
N 3122
N(average per day) 41.07894737
Mean 926.53
Standard Deviation 809.57
Variance 655402
Median 562.5
Minimum 3
Maximum 3810
Parameter Estimates
Components | Mixing Location | Scale | Shape | Mean Standard
Proportions Deviation
(%)
1. Lognormal 66.39 5.92 0.64 | 457.27 | 324.5128
2. Lognormal 27.16 7.35 0.22 | 1586.92 | 347.2102
3. Lognormal 6.45 8.00 0.10 | 3007.21 | 296.1252
Goodness-of-Fit Tests
Tests Statistic p Value
Residuals Std 0.00753
Kolmogorov-Smirnov 0.02523 0.0339
Cramer-von Mises 0.17690 0.3174
Andersen-Darling 7.92870 <.0001
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Data History: Patient-Level ED Data

SEELab expertise on Call Centers transaction-level data, applied to Hospitals
— Demo 1: Comparative Analysis of 3 Hospitals, via SEEStat

Israeli Hospital (Rambam, Haifa): 3 years inter-departmental Level (Armony et
al - Reproducible)

— Demo 2: Process Maps (Static), via SEEGraph (adaptation of GraphViz)

US Hospital: 1 week of ED data, via Tolga Tezcan
— Demo 3: Data Specs and Templates

Korean Hospital (Samsung, Seoul): 3 months of ED data, via Song-Hee
— Demo 4: Animating a Process Map,

XYHospital: 2 months/years of ED data, via colleague of our SAMSI WG
— Demo 5: Dynamic Process Maps, towards ED simulations
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1 Hour in a Call Center
- Customers
- HierurChicul 55888

873

191 8 3314 131 - bo

B —Abandoned | Continved 6
v v v (Branch,
6 Another ID) 6
19 8 i Completed
o] ] [ o]
' USBank

8AM -9 AM April 2, 2001



1 Day in a Hospital

- Patients

/14

Transfer \

Deceased

Left with Medical File

Released (Home)

Rambam
August, 2004
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9254

1618

Zoom Ovt:

11712

Call Center Network
Inter-Queues

«

731
193 254
4
‘ 14688
426 488 171

USBank
April 2, 2001



1618

AV4

Zoom Ovut: Call Center Network
Inter-Queues

Philadelphia

\

11712 14186
1804 \k\\y/j/
AN
NYC
731 —
193 254
9254 14688
426 488
8742
Boston
125
10126
USBank

April 2, 2001

171



Zoom In: Skills - Based Routing (SBR)

2104

2049

2208

792

Network Structure (Protocol)

4592

1240

1143

43

2626

1096

445

1390

4658 34

411

480

1253

847

—
\

Agent Pool

Customer Class

Connected Component

BRSNS A

1484

H

L -Design

873 1433 193

A

N -Design

3793 49 735

i-

Israeli Telecom
February 10, 2008
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Call Center Network
Virtual Queues

7525 4116

7525
::> VQ4
CC call

6025

2883
O
\ 501
1085

:

391

3116

44
966
20
; (2
2479
26
7214 142 @
ILDUBank2, November 4, 2012, customer sub call = 1
e VQI - virtual queue to branch agent
VQ?2 - virtual queue to branch team
9 VQ3 - virtual queue to call center
VQ4 - virtual queue to call center backup team
11849 S - served call
1785 T - transferred call
branch call M1 - customer left voice message type 1

M2 - customer left voice message type 2
A - abandoned call (abandons that occurred after waiting more than 5 seconds)

2850 sA - short abandoned call (abandons that occurred after waiting less than 5 seconds)
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ILDUBank2, November 4, 2012, customer sub call = 1
VQ1 - virtual queue to branch agent
VQ2 - virtual queue to branch team
VQ3 - virtual queue to call center
VQ4 - virtual queue to call center backup team
S - served call
T - transferred call
M1 - customer left voice message type 1
M2 - customer left voice message type 2
A - abandoned call (abandons that occurred after waiting more than 5 seconds)
sA - short abandoned call (abandons that occurred after waiting less than 5 seconds) 
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Call Center Network
Call Routing

1580

A\ > CC backup team

customer left message

455

AG CC backup team

™>{ CC online team

11804

branch call

ILDUBank2, November 4, 2012, customer sub call = 1
VQI1 - virtual queue to branch agent

VQ?2 - virtual queue to branch team

VQ3 - virtual queue to call center

VQ4 - virtual queue to call center backup team

AG - agent group

357
99
278
2839
1074
/ 1034
4099 ﬁ VQ4
6
12 —> CC investments
2868 2572 ’
- /
/ > VQ2
/ \ 1031
7188
3099 3778
vQ1i
347
7407
r\ 7407
[
CC call
L / 1561
\ 168
3860 \;\é
34 \
o4 /

AG CC online team

AG CC virtual branches backup team

7

// > answered in branch

i

> branch banker

> branch AG

CC general banking

™ AG CC 9

™ AG cC 10

> AG CC 11

~>{ AG CC 12

™ AG CC 13
2 ™S AG CC 14
& > AG CC 15
2D ™ AG cC 16
— ™ AG CC 17
— > AG CC 18
e ™ AG CC 1
e ™ AG CC 2
— ™ AG CC 3
e > AG CC 4
2 ™ AG CC 5
20 ™ AG CC 6
i ™S AG CC 7
427
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ILDUBank2, November 4, 2012, customer sub call = 1
VQ1 - virtual queue to branch agent
VQ2 - virtual queue to branch team
VQ3 - virtual queue to call center
VQ4 - virtual queue to call center backup team
AG - agent group
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Zoom In: Interactive Voice Response (IVR)

43123

3900

1352

768

4115
—_—

35315

49

273

26091 .

8
9
10
5

53

165

1063 1039 ’

54

7895

ILBank
May 2, 2008
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Zoom In: Server Network .
-1 Day !

-1 Agent N

- Activities + Queues Idle

Available \ 1

18

2 ! 33 11

N\

Dialer \" ¥

1 Private Call

3

Inbound

|5 Call-Backs

Outgoing

January 24, 2010
Agent #043
Shift: 16:00 - 23:45
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1 Day in a Website

- Clickstream Structure / X\

- Menus, Files

ServEng
Januar Y 51 2012



aviman
Highlight

aviman
Highlight


Data History: Patient-Level ED Data

SEELab expertise on Call Centers transaction-level data, applied to Hospitals
— Demo 1: Comparative Analysis of 3 Hospitals, via SEEStat

Israeli Hospital (Rambam, Haifa): 3 years inter-departmental Level (Armony et
al - Reproducible)

— Demo 2: Process Maps (Static), via SEEGraph (adaptation of GraphViz)

US Hospital: 1 week of ED data, via Tolga Tezcan
— Demo 3: Data Specs and Templates

Korean Hospital (Samsung, Seoul): 3 months of ED data, via Song-Hee
— Demo 4: Animating a Process Map

XYHospital: 2 months/years of ED data, via colleague of our SAMSI WG
— Demo 5: Dynamic Process Maps, towards ED simulations
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Data History: Patient-Level ED Data

SEELab expertise on Call Centers transaction-level data, applied to Hospitals
— Demo 1: Comparative Analysis of 3 Hospitals, via SEEStat

Israeli Hospital (Rambam, Haifa): 3 years inter-departmental Level (Armony et
al - Reproducible)

— Demo 2: Process Maps (Static), via SEEGraph (adaptation of GraphViz)

US Hospital: 1 week of ED data, via Tolga Tezcan
— Demo 3: Data Specs and Templates

Korean Hospital (Samsung, Seoul): 3 months of ED data, via Song-Hee
— Demo 4: Animating a Process Map, via DISCO

XYHospital: 2 months/years of ED data, via colleague of our SAMSI WG
— Demo 5: Dynamic Process Maps, towards ED simulations
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1 Day in a Hospital

- Patients

/14

Transfer \

Deceased

Left with Medical File

Released (Home)

Rambam
August, 2004
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SKHospital, all patients — Spaghetti Network

A flowchart of patients in a hospital.

Date: 1/10/2012-30/10/2012

Nodes correspond to system entry,
possible outcomes and various tests:

White Blood Cell

Red Blood Cell
Hemoglobin
Hematocrit

Sodium Level
Potassium Level
Bilirubin Level
' Alanine Transaminase
Creatinine
'D-Dimer
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6440

6436

Arrival

Triage

4827

Patients flow ( XYHospital)
November 2012

2824

140

Medication

421

Referral
to Polyclinic

128 126
> Procedure

755

—

\\

75

79

Treated
& Discharged

92

A 6233 l/
Consult

224

Discharge

End

AN

160

POCT K

Admitted

92

301

Referral
to GP

\\\

Procedure

96

Discharge
Against Advice

1197

63

Referral
to Hospital 1

—
v

75

292

=

67

Referral
to Hospital 2

151

Medication

1645 '
Consult Radiolo 229
Start 9y

POCT

10

>

Procedure

>

Radiology

4

e

\

Left
without being seen

417

Lab

307

1601

201

553

Referral

1606

660

POCT

Medication

to Private Hosiptal

313

Absconded

1149

Cancelled

Registration

750

P
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1082

692

179

Arrival

T \ed_Staff:29:0.3

2
6438 1278 <<
/—_D 640
Nurse;2:2.5 < 2

2405
1034

2472

1

5161

23 4\5
29 6 D> CTScan:398;0.0 12 —1> Discharge
/ 2404 23157 o
833 282

XRay;317;0.0
—>  Lab;0;88
4

560

_——

Physician;16;1.1 3 13

4 Radiology;42;0.0 1
27 1
342
Resource Network, All Patients
XYHospital ED, November 2012 896
4874
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Data History: Patient-Level ED Data

SEELab expertise on Call Centers transaction-level data, applied to Hospitals
— Demo 1: Comparative Analysis of 3 Hospitals, via SEEStat

Israeli Hospital (Rambam, Haifa): 3 years inter-departmental Level (Armony et
al - Reproducible)

— Demo 2: Process Maps (Static), via SEEGraph (adaptation of GraphViz)

US Hospital: 1 week of ED data, via Tolga Tezcan
— Demo 3: Data Specs and Templates

Korean Hospital (Samsung, Seoul): 3 months of ED data, via Song-Hee
— Demo 4: Animating a Process Map

XYHospital: 2 months/years of ED data, via colleague of our SAMSI WG
— Demo 5: Dynamic Process Maps, towards ED simulations
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CC2ED

(n oy ‘Uﬂ(']-f (75% in Banks) Information Design Organization Design:
(G'k w ;v!/’) Operations Research Seq_uentlal (Hierarchical)
Lost Calls ( < Waiting Time Sociology, Psychology,
© Return Time) Operations Research
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Dynamics: Time-Varying Arrival-Rates
2 Daily Peaks
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Beyond Averages: The Human Factor
Histogram of Service-Time in an Israeli Call Center, 1999

November-December

AVG: 201 Log-Normal

STD: 263

28
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Durations: Phone Calls (2 Surprises)

Israeli Call Center, Nov-Dec, 1999

Log(Service Times) LogNormal QQPIlot
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Log(Service Time) Log-normal

Practically Important: (mean, std)(log) characterization

Theoretically Intriguing: Why LogNormal ? Naturally multiplicative
but, in fact, also Infinitely-Divisible (Generalized Gamma-Convolutions)
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LogNormal & Beyond: Length-of-Stay in a Hospital

Israeli Hospital, in Days: LN
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Durations: Waiting Times in a Call Center
= Protocols

Exponential in Heavy-Traffic (min.) Routing via Thresholds (sec.)
Small Israeli Bank Large U.S. Bank

Scheduling Priorities (sec.) [compare Hospital LOS (hours)]
Medium Israeli Bank




LogNormal & Beyond: Length-of-Stay in a Hospital

Israeli Hospital, in Days: LN In Hours: 2 Time Scales, Mixture
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Skills-Based Routing in Call Centers
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ED Design, with B. Golany and Y. Marmor (PhD)

Routing: Triage (Clinical), Fast-Track (Operational), ..

e.g. Fast Track most suitable when elderly dominate
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Little’s Law: Call Center & Emergency Department

Time-Gap: # in System lags behind Piecewise-Little (L = A x W)

e 2
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Dynamics: Parsimonious Models (Congestion Laws)
3 Queue-Lengths at 30 sec. resolution (ILBank, 10/6/2007)
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