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ABSTRACT

For simulation modeling, whatt analysis and optimization studies of many service and production
operations, demand models that are reliable statistical representafi@urrent and future operating
conditions are required. Current simulation tools allow demand modeling using knowectfolms
statistical distributions or raw demand data collected from operatiomeanhy instances, demand data
cannot be described by known clodedn statistical distributions and the raw data collected from
operationss not representative of future demand. This paper describ@spaoach to demand modeling
where historical demand data collected over a finite time period is combittedserinput using twe

tier bootstrapping to produce synthetic demand data thatrpessthe statistical distribution of the
original data but has overall metrics such as volume, workflow mix and indivaikaand job sizes that
represent projected future state scenarios. When the customendddata follows highly nonormal
distributions, a modified procedure is presented.

1 INTRODUCTION

Simulation modeling, whéf analysis and simulation optimization of service operations requiresaaecur
characterization of customer demand. These operations often exhibiahigty workflows, varying
demand by workflow type, randomness in arrivakefvice requests and variations in lead times. The
statistical distributions describing these phenomenon often cannot rébesasing standard closed
form distributions. Moreover, future state demand can have different oveliathes and task sizes whe
compared to the collected data. To determine a design configuration that & tobilhese input
variations, one needs to perform simulation studies using demand that isussteacepresentation of
these projected future states. At the same timegulesi other ancillary processes such as inventory
management, operator training, customer management are all dependeaing able to model the
various customer demand scenarios that the service operation may experieadetureh

In recent yeardhe problem of modeling and forecasting of customer demand in service inslugtry
as telephone call centers has received attention. Ibrahim et al (2012)atistidadtmodels to forecast the
incoming call volumes to make staffing decisions and buibdkwschedules in telephone call centers.
Weinberg, Brown and Stroud (2007), and Soyer and Tarimcilar (2008) use Bayesiaquiestimitheir
forecasts with application to call center data. Steinmann and De Fii#li@$2013) have used simulation
to geneate data that can be used to evaluate the forecasting algorithms for inbbaedteal

The literature on demand modeling and forecasting in service centers eraitsrhas been targeted
towards building analytical models using historical data and the demajettjmo based on future
market outlook has not been addressed. In this papedes@ibean integrated system to model future
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customer demand faervice operations. We will uske printing service industrgs an example but the
underlying aproach should be generalizable to other service operations. The systenmt@mlesount
both available historical data and outlook of future market conditions, and psoducthetic customer
demand using a two tier bootstrapping appraheth preserves characteristics of historical demand pattern
while adjusting for expected changes in market conditiime characteristics of historical demand
pattern are systematically evaluated and adjusted based on market outlookgatlomire accurate
representadn of the future demandp perform simulation whaf studies and optimization to develop
robust print shop operations desidie approach described in this paper has been implemented within
Xerox’s Lean Document Production (LDP) suRai et al (2009)o enable evaluation of a wider range of
design options using statistically consistent demand inputs that aeseefative of possible future
demand scenarios.

In large print service centers, we observe heavy tailed characteristms gfigntity (RaR008). In
such casesthe conventionabootstrapping methods faito generatecorrect projection of customer
demand distributionsHeavy tails are observed in many practical applications such as transaction
processing, server farms, file size distribusiam the web, internet traffic, CPU process lifetimes and
other econometric applicationsherethe task size associated with performing various tas&highly
nonnormal and sometimes heatajled. In such caseshe bootstrap approach is modified usimg
iterative approach that generates representative distributions wederying usespecified aggregate
properties of the distributions.

This paper is organized as follows. In SectionrRintegrated system to model the customer demand
in print senice environments is described. Section 3 provides numerical illusga@action 4 describes
some real world applicationSection5 describeghe conclusions and future work.

2 AN INTEGRATED SYSTEM TO MODEL CUSTOMER DEMAND IN PRINT SERVICE
ENVIRONMENT

Within a Lean Document Production (LDP) toolkit, demand data colleobed firint shop operations is
used to simulate and optimize print shop configurations (labor, equipment, opgyalicies and the
like). This data collection process can be experainktimeconsuming in many instances. The demand
data also exhibits variability and variety. Within a shop, multiple wowdl or job types may
simultaneously c@xist where each can have a different demand distribution. These demand idissribut
are often not amenable to description by known clegmth distributions and can only be described
empirically. To generate the future state demand distributions whitgaiming control on variations in
each job type property (e.g. total volume, job size), atiared bootstrapping approach is proposed (Hu
and Rai 2011).

Bootstrapping is a seffustaining, nomparametric, computationally intensive approach to statistical
inference used to produce voluminous daitee idea of bootstrapping is to resample (wéplacement)
from the sample at hand randomly assuming the sample at hand as surrogatgopdgifiton 1979;
Efron andTibshirani1993). The adoption of a twi@er bootstrapping process enables independent control
of job type and jolproperties The ability of finetuning those parameters separately offers greater control
over the modeling of customer demand patterns.

Our first step is to generate a stochastic process to model the timijotearrival events associated
with customer deman(lijms 2009; Taylor and Karlin 1998). We assume that the job arrival follows
revised Poisson process with the rat®Vith the revised Poisson process, the cumulative number of jobs
at timet, N(t), is Poisson distributed with meaé, i.e.

o - a9k
(N =k} = 4 x 2,
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whereé is the cumulative operation time units at timeDifferent from the standard Poisson process,
which is a function of continuous time, the revised Poisson prizeskinction of a set of discrete time
periods spanning across the operating hours of a print shop. Using the stangsod Pamcess would
greatly skew job arrival intervals and generate demand data thatcsigtiifi deviate from actugdrint
centeroperationsSecmd, we use a bootstrappiagproach to model the job typar each arrival event.
A job type is defined as a unique combination of required print shop funaiwhs sampled with
replacement from a set of pdetermined job types with corresponding probabilifeseach arrival
event.Third, we use the same distrappingtype approach to model the jpibopertiesfor each arrival
event, given the job type determined in the second step. Job properties cawget lné specifications for
a job, which include job duration (defined as the operating hours betwealugotime and its arrival
time), job quantity, and quantities for each print shop funcfonserspecified jobpropertiesdatabase
associates each job type with a number of possiblprigiiertiesin practice, a small sample of historical
demand datasicollected and analyzed to extract job types and establish theojpdrtiedatabase. Such
information is then updated and augmented according to market condition forEeasflow of
information in the integrated data generating system is shown in Figure 1.
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Figure 1: lllustrates the flow of information in the integrated custaiata generation system.

The behavior of bootstrap method is consistent when the underlying dismibwtie normal or
belongs to exponential family of distributions. Let F denote the cumuldistebution function of
population andig be the cumulative distribution function bbotstrap sample. From the law of large
number, the bootstrap behavior is consistelizi> F asn — . In large print shop operations, the
customer demand distributions i.e., the job quantities arenoonal and the bootstrap method is
inconsistent for such applicatioftdorowitz 2001).The study of alternative resampling techniques such
asm out ofn bootstrap method, subsampling, and parametric bootstrap etc., was describditeiratiine
when the existing bootstrap behavior is inconsistent and distribution aneonoal. Them out of n
bootstrap method for stable distributions was studied by Athreya (1@8ch is based on drawing
subsamples with or without replacement of sizel n from the original data. But this method fails to
provide reliablenference when the sample size is not very large. Romano and Wolf (1999) discassed th
asymptotic inference for the mean when the data follows heavy tailed distngau@iornea and Davidson
(2015) have derived a parametric bootstrap for the purposdeoéice on the expectation of a heavy
tailed distribution

In this paperwe propose modification to the conventional tst@p method when theustomer
demand data follows nemormal distributionsLet X;, X,, X5 ... X, represent the job quantities of a job
typein a time period (wheretime period can be weekly, monthly or quartgdpndS = X; + X, + X5 +
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-+ X,, denotes the sum of all job quantitiésthe market research indicates that the future total job

quantity of tle job typein next time period+1 is expected to increase by, then the desired total job

_ 5(100+0a)

quantityS;grger = 100 .To generate the future synthetic jobs of the job type, the Efron’stizmts

method can be employed by randomly drawing jalsesponding to the job type from job properties
database (sample) until the total job quantity reashgg.. . Due to the heavy tailed nature of job
demand process in large print service operations, the probability of rairdanmg of large obseations

is not negligible which may cause a significant increase in the futuredbtalemand. For example, let
Y., Y,, Y, .Y, be the job quantities drawn from the job properties database using Efron&rdqmot
approach with replacement, the sunficdt m — 1 observations is given 8, _; =YV, + YV, + Y3 + - +
Y,,—, ands,, denotes the sum of all the observationsmelf Y,, is them!" randomly drawn observation

from the tail of the distribution, the % increase in total job qualniifi;;E canbe significantly larger than

the desired % increase (). To overcome this problem, we modify the conventionabootstrap approach by
terminating the bootstrap resampling process when we are approxinhaselyto the desired % increase

in total job quarity () i.e., we continue to sample until a(1 — 1) <= x 100 < a(1 +1) , where

Y is the acceptance limit specified by the user or a default value of 0.05. Othemeisestart the
bootstrap processmore times, where is user specified value. Theers noguarantee that a bootstrap
sample can be found miterations, but the probability of obtaining a bootstrap sample may increase by
increasing or . Below, we describe the modified bootstrap algorithm mathematically.

M odified Bootstrapping Algorithm

1. Let X;,X,, X5 ... X, represent the job quantities of a job typéime periodt andS = Y-, X,
2. Get % increase in future job quantity (a) for next time period t+1, acceptance limity),
maximum number of bootstrap samples to be drajyn (
3. Seti=1, bootstrapFlag=true, andNoSampleFound=true
4. Do Whilei < r AND bootstrapFlag = true
4.1. Setm=1, S,=0, andsampleFlag = false
4.2. Do While sampleFlag = false
4.2.1. Randomly select a job with replacement from the initial sample and setbthe jo
quantity asY,,
4.2.2. Compute S, = Sy + V¥
4.2.3. If S, > Sthen

a Ifa@—-y)<

Sm—S
s

x 100 < a(1 + ) then

b.  SetsampleFlag =true, bootstrapFlag =false, NoSampleFound=false and
return the bootstrap sample
c. Else If S";_S x 100 > a(1 + )
d. sampleFlag =true ,bootstrapFlag =true
e. Else
f. m=nt1
g EndlIf
4.2.4. Els
4.2.5. mEm+1
4.2.6. Endif
4.3. End Loop
4.4, i=i+l
5.  End Loop
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6. If NoSampleFound = Truethen
7. Return as bootstrap sample cannot be foumdtarations
8. EndlIf

3 NUMERICAL ILLUSTRATION

In this section, wdirst illustrate the capability ofintegrated systerfor generating synthetic customer
demand dataising historical data and adjustments for market outlook. Next warétethe modified
bootstrap procedure as a substitute to the conventional bootstrap methodntedgrated system when
the customer demand data follows non-normal distribution.

3.1  Generating Synthetic Customer Demand Data Using I ntegrated System

We collectedhistorical datdrom a sample print service center that hdstal of 306 jobs spanning 7 days
of print shop operation3.here are a total of 29 job types and, for the sake of conciseness] Eaues
only the 15 most populated types, which in aggregation represent more than 90%job tetdlime in
the historical dataAssume market research indicates that, compared to the historical data, ubadyeq
of job arrival will increase by 10% and the percentage of Type 1 jobsise from 25% to 35%. To
incorporate such informatipmve setthe Poisson arrivadateAl = 13(1 + 10%) in the integrated system
and adjust the job type profile to redt the increase of Type 1 jolwsherel, = 0.266 is the historical
job arrival rate obtained by averaging the irgmival timings of historical jobsWe thenuseA in the
revised Poisson process to generate the job arrivals and pothdajeb type profile and the job
propertiesdatabase to reflect the characteristics of the historical utg the two tier bootstrapping
approachBecause of the stochastic nature of our modeling process, we generate 5 dataxsatsne
the level of inherent variations in the synthetic datashown in Table ,2he job arrival frequency varies
between 9.07% and 11.49% in the 5 synthetic data sets. To redungéoe ofvariability in synthetic
data on subsequent print shop performaneeaverag over simulatiorresultsusing multiple data sets.

Table 1: lllustrates the percentage of jobs for each job type in tleitasdata set.

Job Type Percentage(%)
Type 1 jobs | 24.51
Type 2 jobs | 16.67
Type 3jobs | 9.80
Type 4 jobs | 9.48
Type 5jobs | 8.50
Type 6 jobs | 8.17
Type 7 jobs | 2.61
Type 8 jobs | 2.29
Type 9jobs | 1.96
Type 10 jobs | 1.96
Type 11 jobs | 1.63
Type 12 jobs | 1.63
Type 13 jobs | 1.63
Type 14 jobs | 1.31
Type 15jobs | 1.31
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Table 2: lllustrates the job arrival frequency in five synthetic dasa set

Historical| Target | Set 1 | Set2 Set 3 Set4 | Setb
Mean operating hours 4 556 | 045 | 0240 0244 0238 0244 0.243
between job arrivals
Increase in frequency - 10.00%| 10.59% 9.69% 11.49% 9.07% 9.37%

Similarly, Table 3shows that the percentage of Type 1 jobyimgrfrom 33.01% to 37.91% the

Table 3: lllustrates the synthetic job type mix with adjustimi¢o market outlook.

five synthetic data sets. Furthermore, we examine whether the syrdh&iqreserves the job type
pattern in the historical dafar all other job types. Ideally, the total percentage ofrgthte types should
scale down to 65% while maintaining the relative ratios amogigdklves. The &hl values are listed in
Table 3under “Target”. We applied Kolmogorgymirnov statistical testto examine whether the job
type distribution of each synthetic data set is not significantly diffdrent that of the target (HO, null
hypothesis). The resultingyalues areisted in the last row of Table Blone of the null hypotheses can
be rejecte at significance level 0=0.05, suggesting that the synthetic job type mix successfully preserves
the characteristics of historical job type mix while adjusting for changasuiket conditions.

Historical | Target | Set 1 Set 2 Set3 Set4 Set5

% of Type 1 jobs | 24.51% 35.11% 36.93% 33.33% 37.91% 33.01% 37.91%
% of Type 2 jobs | 16.67% 14.33%| 16.34% 15.36% 19.28% 13.4p% 13.73%
% of Type 3 jobs | 9.80% 8.43% 9.80% 10.46% 7.84% 7.52% 6.54%
% of Type 4 jobs | 9.48% 8.15% 8.17% 7.19% 5.569 10.46% 6.86%
% of Type 5 jobs | 8.50% 7.30% 7.52% 7.52% 5.239 7.84% 6.86%0
% of Type 6 jobs | 8.17% 7.02% 5.88% 5.56% 6.549 7.52% 8.50%
% of Type 7 jobs | 2.61% 2.25% | 2.94% 1.63%| 1.639 0.98%  1.63%
% of Type 8 jobs | 2.29% 1.97% | 1.63% 2.29%| 1.639 1.63% 2.29%
% of Type 9 jobs | 1.96% 1.69% 1.63% 1.63% 1.319 2.94% 1.63%
% of Type 10 jobs | 1.96% 1.69% | 0.98% 1.31% 1.63¢9 2.94% 1.28%
% of Type 11 jobs | 1.63% 1.40% 1.33% 2.29% 1.969 2.61% 1.18%
% of Type 1Jobs | 1.63% 1.40% 1.63% 1.31% 1.63¢ 1.63% 1.260%
% of Type 13 jobs | 1.63% 1.40% 1.31% 1.96% 1.319 1.96% 1.68%
% of Type 14 jobs | 1.31% 1.12% | 0.33% 0.98%| 0.659 0.65%  0.98%
% of Type 15 jobs | 1.31% 1.12% | 0.33% 1.31% 0.009 0.33%  0.98%
Pvalue -- -- 0.922 0.998 0.902 0.891 0.914
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3.2 Maodified Bootstrap Approach for Non-Normal Customer Demand Distributions

In large print shop operations, the job sizes are highlynmomal and the modified bootstrap procedure

is used as a substitute for generating jobs from the job properties dafabtds integrated data

generating system. We illustrate numerically using the data collected from a $argelerint service

centerfor a time period of one montBuring this period, the print service center receives 11940 jobs, of

which 11923 jobs are print and insert job type and 17 jobs are insert job type. THelagaantity of

print and insert job type iequal to 3558944. Iarket research indicates 20%J-4.;) increase in
__3558944x(100+20) _

future total job volume of print and insert job type, tfRfger = 100 = 4270733 Thejob

size distribution isshownin Figure 2 which has the heavy tail index of 0(dsing theory of stable
distributions).
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Figure 2: lllustrates the cumulative density function of job sizéhfeisample print service center.

First we use the Efron’s bootstrap approach for generating jobs frompropertiesdatabase and
computethe sum of total job quantit§S,,,) and mean for each bootstrap sample. FiQuitkistrates the

achieved % increase of total job volui@g ;.veq) @nd samplenean for each bootstrap sample obtained
I Sm_SI
S

using Efron’s approach, whem picpeq = X 100. We observe that thepiereq Values

frequently deviates from th&rget% increase in total job quantifyr;,,4..=20%) and the oscillating
behavior of sample means. Next, using the modified bootstrap procedure witpathmeters
Atarger=20%,1=0.01,and r=5we generate jobs from the jgiyopertiesdatabase for the print and insert

job type.Figure4 illustratesthe achieved % increase in total job quafditys;...q) and the number of
repetitions ) of bootstrap sampling process using the modified bootstrap approachstmpies
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4

APPLICATIONS

We have identified three potential applications of the integstsgm First, the system may be applied
in print shop design and optimization to reduce data collection cost and lead time, inodrporate
changes in marketoutlook In current practice, if customer demand pattern varies over time, the data
collection phase has to cover all patterns throughout the timeohp which are often measured in
months. The large volume of data and lengthy collection process necesdishimsraensive and errer
prone data cleansing and verification process after data colléstimmpleted. Our system can generate
voluminous customer demand data that preserves the characteristics of histogiaafl litatted size,
while market condition changes can be readilsorporatedduring the demand modeling process. Thus,
the application of the integrated system can realize significant cost sayimgisnimating massive data
collection effort and reducing lead time. Furthermore, theesystalility to model future demand based
on market research enables a more robust and dynamic print shop design and ioptipraegss, which
cannot be accomplished by using historical data alone.
Second, the system may be used in combination with print shop design tools, such &3 shédad
shown in Figure 5to predict future operational costs, which are essential for res@laioning and
contract pricing. Because the efficiency of print shop operations is sensithot only demand volume
but also demand types and job arrival patterns, it is unlikely that future iopafatosts can be
successfully predicted based on acded version of historical data alon&s a result, printing service
contract that is profitable at the initial operating ciioths canbecome unprofitablevhen market
condition changes. Using the integrated system, future demand can be propetgdmioder multiple
scenarios of future market conditions, which offers accurate p@wadf future operational costs.
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Figure5: lllustrates the user interface for the integrated system to generatettietisycustomer data in
LDP suite

Third, the integrated system may be used in the robustness test of ahpp design and in new
customer account management. The goalrobastness test is to identify scenarios where the print shop
operational efficiency could be severely compromised. For example, towifall scenarios may be
examined during the test: changes in job arrival frequency, changes in jomitypehanges inob
propertiesetc. In daily operations, the robustness test may be used to determine whether aakeotito t
new customer account. The account manager may use the system to generate a set of dealkdngd data t
into account jobs from ther@spectivecusbmer and simulate print shop operations in the LDP suite. The
resulting performance measurements indicate whether the print shop canebeaditional demand
without significant deasen overall efficiency.

5 CONCLUSIONSAND FUTURE WORK

In this paperwe described an integrated approdgohmodel future customer demand faint service
operations.The system takes into account both available historical data and outloolkuef faarket
conditions, and produces synthetic customer demsidg a two tierbootstrapping approaciihe
techniques involved in this integrated system are rather complex andejeadicatthe installation of the
revised Poisson arrival process and the use otitvdootstrapping. For the system to produce accurate
and useful demand data sets, it requires careful design of computatiorsalspgried by logical
reasoning of available information. This integrated system can beiusedroad range of contexts,
including commercial print shops, managed printing services, ete Mrcsystem is established and
theoretical techniques automated, the user inputs needed for generatoyiafgpdata sets are easy to
understand (e.g. job arrival rate, job type mix, andpapertiesetc.). Therefore, the automated system
can be adpted by print shop operators, performance analysts, and sab@mpargith minimum training
cost.

When the demand distribution is noormal, the Efron’s bootstrap method is inconsistent and
unreliable, the modified bootstrap procedure is used agematlve for generating customer demand in
the integrated systenihe efficacy of the modified bootstrap procedure is empirically proved usiag da
from large scale print service operations. Future work includes camgpéne proposed modified
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bootstrap pproach with other resampling techniques such as Subsamplingnd®acabootstrap and
Bayesian bootstrap etEinally, although the system is developed in the assumed environmeirttiofgpr
service industry, it can also be used to generate demand scenarios of otbepsecésses.
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