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[PDF] Designing a call center with impatient customers technion.ac.il [PDF]

L Brown, N Gans, A Mandelbaum, A Sakov, H … - Journal of the American …, 2005 - ASA 
A call center is a service network in which agents provide telephone-based services. Customers  
who seek these services are delayed in tele-queues. This article summarizes an analysis of a  
unique record of call center operations. The data comprise a complete operational history ...  
Cited by 205 - Related articles - All 41 versions

Statistical Analysis of a Telephone Call Center psu.edu [PDF]

S Borst, A Mandelbaum, MI Reiman - Operations research, 2004 - JSTOR 
CWI, P. O. Box 94079, 1090 GB Amsterdam, The Netherlands, and Bell Labs, Lucent  
Technologies, Murray Hill, New Jersey 07974-0636, sem.borst@cwi.nl Avi Mandelbaum Faculty  
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Technion SEE = Service Enterprise Engineering

SEELab: Hub for data-based research and teaching
I History: I.E. Dean, B. Golany, recruited Hal and Inge Marcus.

I Technion: In 2007, w/ P. Feigin, V. Trofimov.
I Wharton: L. Brown, N. Gans, H. Shen (UNC).
I industry

(partial list):
I U.S. Bank: 2.5 years, 220M calls, 40M by 1000 agents.
I Israeli Cellular: 2.5 years, 110M calls, 25M calls by 750 agents.
I Israeli Bank: from January 2010, daily-deposit at a SEESafe.
I Israeli Hospital: 4 years, 1000 beds; 8 ED’s - Sinreich’s data.

SEEStat: Environment for graphical EDA in real-time
I Universal Design, Universal Access, Real-Time Response.
I Clean DBs: operational-history of individual transactions.
I Interface: at varying resolutions (seconds, minutes, hours, days,

months), graphically, in real-time.
I Tools: Classic Stat, and beyond (Survival Analysis, Distribution

Fitting, Mixtures, Smoothing, . . .)

SEEServer: Free for academic use
Register, then access (presently) U.S. Bank and Small Israeli Bank.
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eg. RFID-Based Data: Mass Casualty Event (MCE)

Drill: Chemical MCE, Rambam Hospital, May 2010

מאייר -קלים ודחק
'מרתף פנימית ו-משפחות
קרדיולוגיהעורנוירולוגיהבינוניים

נספח לנוהל
קרדיולוגיה,עור,נוירולוגיה-בינוניים
חדר אוכל-קשים

ד"מלר-משולבים 

Focus on severely wounded casualties (≈ 40 in drill)
Note: 20 observers support real-time control (helps validation)
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Data Cleaning: MCE with RFID Support 
 
 
 

Data-base Company report comment 
Asset id order Entry date Exit date Entry date   Exit date      

4 1 1:14:07 PM   1:14:00 PM     
6 1 12:02:02 PM 12:33:10 PM 12:02:00 PM 12:33:00 PM   
8 1 11:37:15 AM 12:40:17 PM 11:37:00 AM   exit is missing 

10 1 12:23:32 PM 12:38:23 PM 12:23:00 PM     
12 1 12:12:47 PM 12:35:33 PM   12:35:00 PM entry is missing 
15 1 1:07:15 PM   1:07:00 PM     
16 1 11:18:19 AM 11:31:04 AM 11:18:00 AM 11:31:00 AM   
17 1 1:03:31 PM   1:03:00 PM     
18 1 1:07:54 PM   1:07:00 PM     
19 1 12:01:58 PM   12:01:00 PM     
20 1 11:37:21 AM 12:57:02 PM 11:37:00 AM 12:57:00 PM   
21 1 12:01:16 PM 12:37:16 PM 12:01:00 PM     

22 1 12:04:31 PM 12:20:40 PM     
first customer is 
missing 

22 2 12:27:37 PM   12:27:00 PM     
25 1 12:27:35 PM 1:07:28 PM 12:27:00 PM 1:07:00 PM   
27 1 12:06:53 PM   12:06:00 PM     

28 1 11:21:34 AM 11:41:06 AM 11:41:00 AM 11:53:00 AM
exit time instead 
of entry time 

29 1 12:21:06 PM 12:54:29 PM 12:21:00 PM 12:54:00 PM   
31 1 11:40:54 AM 12:30:16 PM 11:40:00 AM 12:30:00 PM   
31 2 12:37:57 PM 12:54:51 PM 12:37:00 PM 12:54:00 PM   
32 1 11:27:11 AM 12:15:17 PM 11:27:00 AM 12:15:00 PM   
33 1 12:05:50 PM 12:13:12 PM 12:05:00 PM 12:15:00 PM wrong exit time 
35 1 11:31:48 AM 11:40:50 AM 11:31:00 AM 11:40:00 AM   
36 1 12:06:23 PM 12:29:30 PM 12:06:00 PM 12:29:00 PM   
37 1 11:31:50 AM 11:48:18 AM 11:31:00 AM 11:48:00 AM   
37 2 12:59:21 PM   12:59:00 PM     
40 1 12:09:33 PM 12:35:23 PM 12:09:00 PM 12:35:00 PM   
43 1 12:58:21 PM   12:58:00 PM     
44 1 11:21:25 AM 11:52:30 AM   11:52:00 AM entry is missing 
46 1 12:03:56 PM   12:03:00 PM     
48 1 11:19:47 AM   11:19:00 AM     
49 1 12:20:36 PM   12:20:00 PM     
52 1 11:21:29 AM 11:50:49 AM 11:21:00 AM 11:50:00 AM   
52 2 12:10:07 PM 1:07:28 PM 12:10:00 PM 1:07:00 PM recorded as exit   
53 1 12:24:26 PM   12:24:00 PM     
57 1 11:32:02 AM 11:58:31 AM   11:58:00 AM entry is missing 
57 2 12:59:41 PM 1:14:00 PM 12:59:00 PM 1:14:00 PM   
60 1 12:27:12 PM 12:48:41 PM 12:27:00 PM 12:48:00 PM   
63 1 12:10:04 PM   12:10:00 PM     
64 1 11:30:29 AM 12:43:38 PM 11:30:00 AM 12:43:00 PM   

Imagine “Cleaning" 60,000+ customers per day (call centers) !
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Private Prepaid
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11 AM - 12 PM
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Validating LogNormality of Service-Duration

Israeli Call Center, Nov-Dec, 1999

Log(Service Times)
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I Practically Important: (mean, std)(log) characterization
I Theoretically Intriguing: Why LogNormal ? Naturally multiplicative

but, in fact, also Infinitely-Divisible (Generalized Gamma-Convolutions)

I Simple-model of a complex-reality? The Service Process:
17
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Beyond Averages: The Human Factor

Histogram of Service-Time in a (Small Israeli) Bank, 1999
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I LogNormal service times common in call centers
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(Im)Patience while Waiting (Palm 1943-53)

Irritation ∝ Hazard Rate of (Im)Patience Distribution
Regular over VIP Customers – Israeli Bank 

14

  
   

16

I Peaks of abandonment at times of Announcements
I Call-by-Call Data (DataMOCCA) required (& Un-Censoring).

Observation: VIP are more patient (Needy)

10
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Psychology Protocols 
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Psychology + Protocols 
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IVR-Time: Histograms
Israeli Bank: IVR/VRU Only, May 2008
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Avishai Mandelbaum Part B1 ServiceNetworks

departments [1, 18]. This phenomenon of simple models that valuably portray complex real-
ities, raises several fundamental research questions: why are such simple models robust; what
are the limitations of their robustness; which alternative models would overcome these
limitations? Figure 2 displays (a glimpse of) the vast asymptotic landscape of Erlang-A (some refine-
ments and generalizations will be mentioned below), and it is here that I propose to start my search
and research for answers.

Figure 2: (Part of the) Asymptotic Landscape of Erlang-A = 9 Operational Regimes

Mandelbaum Part B2 / Wednesday 15th February, 2012 / 17:38 ServiceNetworks

Table 1: (Part of the) Asymptotic Landscape of Erlang-A = 9 Operational Regimes
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Asymptotics in Practice: I have been involved with queueing asymptotics for about 25 years.
Over this time, it has grown to become a central research theme in Operations Research and Applied
Probability, beyond just queueing theory. The claim to fame of queueing asymptotics has been the
deep insights that it provides into the dynamics of Queueing Networks (QNets), and rightly so. Yet its
impact has been restricted mainly to theory, and its insights have barely rippled into other disciplines.
Indeed, there are by now numerous insightful asymptotic queueing models at our disposal, and many
arise from deep mathematics: has it helped one to approximate or simulate a service system more
efficiently, estimate its parameter more accurately, teach it to our students more effectively, perhaps
even manage the system better? I am of the opinion that the answers to such questions have too
often been negative, and my approach to changing this state of affairs for the better is by marrying
mathematics with data.

Figure 3: Data Stories, told by ServStat (Figure 4) - State-Space Collapse

3.1 Three Queues in IL Bank 3.2 State-Space Collapse (Area normalized to 1)
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Why Be Optimistic? Or, how can Erlang-A fit a call center and Erlang-R an emergency depart-
ment? roughly speaking, through Laws of Large Numbers, or Congestion Laws, that effectively reduce
dimensionality, and which asymptotic analysis exposes and formalizes. Consider, for example, Figure
3. It depicts State-Space Collapse - a congestion law that applies to DNets, which arises in heavy-
traffic asymptotics (conventional [3] or many-servers [11]): queue-lengths of different customer classes
(Plot 3.1) are actually proportional (equal in Plot 3.2, after normalization), at the granularity of an
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Individual Agents: Service-Duration, Variability
w/ Gans, Liu, Shen & Ye

Agent 14115

Service-Time Evolution: 6 month Log(Service-Time)

I Learning: Noticeable decreasing-trend in service-duration
I LogNormal Service-Duration, individually and collectively
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Individual Agents: Learning, Forgetting, Switching

Daily-Average Log(Service-Time), over 6 months
Agents 14115, 14128, 14136
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One Agent (Number 3) – 9:00-11:00 (January 24th) 

 
Call-back 

Inbound call 

Offline states 



Queue-Skill States –  

Example 1: One Agent on January 24th – 9-11 (Same as I sent before for the previous state space 

definition) 

 

White rectangles: Queues (unfortunately the software supports only one type of Shape). 

The idle states (Short Break, Idle etc) have the following color: COLOR. 

The Inbound calls Skills have the following color: COLOR. 

The green color is for Callbacks (The average of the skill “Current operation” is different when 

the call is incoming and outgoing – I thought it is important to differentiate on type of calls and I 

think it was a good idea). 

The arrows between Queues to States are virtual because the agent does not go through these 

states, but only through the colored ones, so perhaps in the future I should make the lines 

dashed. 
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Example 2: A whole day (January 24th) of the same agent 

 

As you can see the picture is similar but with more states visited. A private call (dark green was 

made).  

The queues served and the skills remain practically the same: 

 

 

A private call occurred a few times (dark green) and paperwork around an outgoing call (light 

blue in the bottom of the graph). 

  



Example 3: A whole day (Jan 24th) for all agents – This starts to look horribly complicated. When 

my wife saw it she asked if it’s some kind of a star map. I am not sure how much we can learn 

from such busy graph. But perhaps it is more interesting to trim it on certain hours or for 

example in the future choose only some skills and focus on them: 
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Avishai Mandelbaum Part B2 ServiceNetworks

via strong laws of large numbers for stochastic processes), and the latter to Diffusion Networks (DNets,
via functional central limit theorems). Queueing theory is ideally suitable to capture the operational
tradeoff that is at the core of any service, namely quality vs. efficiency, and it is flexible enough
to provide insights beyond the operational. Asymptotic analysis has the potential to accommodate
service characteristics (e.g. randomness, transience, heterogeneity, fork-join, fairness) and resolutions
(from mass customization to flow aggregates), which are otherwise intractable. When this potential is
realized, FNets and DNets enjoy a dramatic complexity reduction by exposing only the essentials. This
renders them valuable for inference, analysis and control, which further supports design and simulation
of their originating service systems.

Two cases in point are the Erlang-A and Erlang-R models: the first has become the most popular call
center model, and the second applies to emergency departments. Consider Erlang-A as an example. It
adheres to Poisson arrivals, exponentially distributed service and patience durations, and independence
among all its building blocks, but none of these properties prevails in practice [16, 64]. Moreover, being
a 1-dimensional Markov jump process, which models a single queue of impatient customers, who are
served by a single pool of agents, Erlang-A is comparable to merely the right-most arc of ServNet
1.3 in Figure 1. Still the very simple Erlang-A, or rather its FNet and DNet approximations, have
been found highly valuable for both their theoretical insights into and practical support of call center
operations [31, 30, 16], some as complex as ServNet 1.1 in Figure 1; and the same applies to Erlang-R
and emergency departments [4, 82].

This phenomenon of simple models that valuably portray complex realities, raises several
fundamental research questions: why are such simple models robust; what are the limitations
of their robustness; which alternative models would overcome these limitations? Table 1
displays a glimpse of the vast asymptotic landscape of Erlang-A (some refinements and generalizations
will be mentioned below), and it is here that I propose to start my search and research for answers.

Table 1: (Part of the) Asymptotic Landscape of Erlang-A = 9 Operational Regimes
Erlang-A Conventional scaling Many-Server scaling NDS scaling

µ & θ fixed1 Sub Critical Over QD QED ED Sub Critical Over
Offered load 1

1+δ
1− β√

n
1

1−γ
1

1+δ
1− β√

n
1

1−γ
1

1+δ 1− β
n

1
1−γper server
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1+δ
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n
µ µ
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Impatience rate θ/n θ θ/n
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√
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1 δ > 0, γ ∈ (0, 1) and β ∈ (−∞,∞), β̂ = β
√
µ
θ

2 h(x) =
φ(x)

Φ̄(x)
is the hazard rate function of the standard normal distribution

3 ĥ(β̂) = (1− α)β̂ + αh(β̂), 4 g(β̂) =
√
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√
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Asymptotics in Practice: I have been involved with queueing asymptotics for about 25 years.
Over this time, it has grown to become a central research theme in Operations Research and Applied
Probability, beyond just queueing theory. The claim to fame of queueing asymptotics has been the
deep insights that it provides into the dynamics of Queueing Networks (QNets), and rightly so.
Most relevant for the proposed research are the Halfin-Whitt (QED) regime, Harrison’s paradigm for
asymptotic control and the work of Massey and Whitt, separately and jointly, on time-varying queues:
due to its scope and depth, this work is best referred to through these researchers’ websites.

Yet the impact of queueing asymptotics has been restricted mainly to theory, and its insights have
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