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Abstract—The service industry has become a primary point of
growth in most countries. However, the current service busiess
is largely constrained by human factors and lacks automated
and quantitative techniques for operation and decision-mking.
In this paper, we propose an optimal-control-based decisio
making model that facilitates performance analysis and stategy
planning for service enterprises. Using approximate dynarc
programming, we are able to handle the model's complexity
and obtain a near-optimal solution for the decision-making
of employee management, advertisement, and asset investme
We validate our model and approach in a business-simulation
practice. Furthermore, we propose a consulting methodolog
based on the optimal-control model and describe its applid#on
in service consulting practices.

Index Terms—Approximate dynamic programming (ADP),
consulting methodology, decision-making, optimal contrh service
enterprises.

I. INTRODUCTION

science is still an uncharted discipline [3], lacking matur
methodology to guide the planning, designing, marketimgl, a
delivering of services to meet the needs of today's econ-
omy [1], [6]. Compared with manufacturing systems, service
systems are harder to investigate mathematically, because
humans in services are more complex to model than physical
goods; humans are subject to physiological, psychological
and sociological constraints [6]. Most service businessgay
are still labor-intensive and rely on skilled human workers
to deliver services to consumers. Investment decisions and
service deliveries are heavily limited by personal knowled
expertise, and biases. In order to improve productivityesf s
vice business, analytical and quantitative methods thablen
service enterprises to deliver cost-effective serviceshaghly
desirable.

Services computing has been proposed as a multidisci-
plinary area that explores the application of computing and
information technology in the design, operation, and manag

Services have become the main theme of enormous eggsnt of business services [7]. This area attracts tremendou

nomic activities in the world. By de nition service repregs

interest and effort in both scienti ¢ investigation and urgdrial

a type of action, performance, or promise that is exchangggpjication. However, the mathematical foundation of merv
for value between provider and consumer [1]. The serviggmputing has not received suf cient attention. Specilgal
industry, or service sector, is often de ned as whatever {fere is a substantial need for formalized ways to represent
not agriculture or manufacturing [2]. The service industr¥ervice enterprises and facilitate decision-making irviser
encompasses a variety of economic activities in communicgiterprises. Business architecture has been introdudee i

tion, education, nance, healthcare, insurance, logsstitans-
portation, etc. [3]. Even in the manufacturing industryyvgse

an enterprise down into components based on business func-
tionalities and time-varying requirements from the mafigt

functions are important components for improving customes] However, most work in this direction provides only text
values and business competitiveness [3]. In fact, the drovfich descriptions and suggestions. It is still a challeggasue
of the service industry is partly due to the specializatiof formalize quantitatively a way of guiding effective dgioin-

and outsourcing of service activities inside the manufaatu
industry [1]. The service industry has been fast-growing

making in service enterprises.
IN In this paper, we aim to formalize a uni ed decision-making

many countries. In the United States, for example, the servinodel for service enterprises based on the optimal control
industry accounted for 55% of the total economic activity itheory. We apply optimal control to investigate speci ¢ &g

2006 [4] and contributed about 78.7% of the GDP in 2007 [S}f service enterprises that are project-based and manpower
Therefore, promotion of innovation and productivity in thentric business systems, but our method can be general-

service industry will have signi cant impact on economy.

ized to other types of service enterprises. We also propose

Regardless of its important economic role, the service ign effective algorithm to solve the optimal decision-makin

dustry is still the least-studied part of the economy [1}v@=
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problems in service enterprises. The contribution of tlaipay
is signi cant, because it takes a rst step toward (i) build-
ing mathematical foundation for services computing and (ii
providing a quantitative framework to solve complex prohse
of inter-disciplinary nature in service science. Specilgaour
study and future work along this direction address the need
for mathematical models of service enterprises and systema
tools that facilitate human decision-making in the contnotl
management of service enterprises.

Our work is built upon the current advances in enter-



prise modeling and the application of optimal control irservice enterprises. The model captures major behavioas of
engineering management. A variety of models has alreasigrvice enterprise. Section Il utilizes dynamic programmto
been developed for a variety of enterprises other than @ervsolve the optimal control problem and develops a variantef t
enterprises (e.g. [10]-[12]). These models are enlightgniforward-induction algorithm using cubic spline interptda to
to this study. In general an enterprise model is an abstracinstruct value functions. Section IV illustrates the dalits
representation of the structure, information, processes| of the optimal-control model via a case study. Section V in-
resources of an enterprise [13]. An enterprise is a unit tbduces a consulting methodology that helps decisionemsak
economic organization that develops and delivers produrctsor consultants to make investment and planning decisions
services to customers. Since an enterprise usually hasleemfpased on the optimal-control-based decision-making model
organization and operation, there have been a vast numbeettion VI presents discussions on several related issuks a
approaches for enterprise modeling at different leveld.[14ngoing efforts. The last section concludes the paper.
For example, at the function level, enterprise modelingroft
seeks to build a graphical representation of the functioarof Il. DECISION-MAKING MODEL FOR SERVICE
enterprise [15]. At the data level, the modeling aims to terea ENTERPRISES(DMM4SE)
a data model implemented in a database and de ne businesg this section, we model the decision-making of a service
requirements for that database [16]. At the level of businegnterprise based on optimal control. Our objective is tg hel
or manufacturing processes, enterprise modeling is tadbuusiness managers or consultants to quantify their availab
representation (e.g. graphs or discrete events) of theepses options and make decisions in an effective and managed
of an enterprise, so that the current processes can be adalyfashion.
and improved in their capabilities and ef ciency [11]. Ateth  Qver a certain period of time, say from periddto K,
level of human resources, the modeling aims to characterigea service enterprise, the decision-makers need to choose
and analyze the states (e.g. number, skill-level, and cempesequence of actions so as to maximize some “reward” or
tence) of the people in an enterprise [11], [12]. These modeptimize the enterprise performance with respect to some
at different levels promote understanding of an enterpriggredetermined criterion. Without loss of generality, tiaet
Especially, when an enterprise is represented by a quaweitainterval is set to a year in this paper, but it can be choseadas
or mathematical model, optimization methods can be ndyurabn speci c management requirement, e.g., a month or a quar-
developed to improve the productivity, quality, and efo® ter. At timek 2 [1;K ], the enterprise inherits a certain asset
of the enterprise. and other conditions from its previous period. These can be
Optimal control is a special optimization method for cohtrajescribed by a set of variables, and these variables comesp
of dynamic systems, i.e., systems that evolve over times Thb a system'sstate variables or simply states Denote the
technique has a wide range of applications in economics agdte variables at timg by a vectorx(k). Correspondingly,
engineering management [17]. Dorfman illustrated in [higltt the initial state is denoted as(0) or xo, and the terminal
optimal control is formally identical to capital theory, dn state isx(K ). With this statex and at that particular timk,
control-theoretic frameworks can be developed to reptesefie enterprise takes some decisions concerning investiorent
and analyze the generic economic ecosystems. Wu et al. [48}ertisement and policies for hiring, training, and layuoff
proposed an effective strategy utilizing stylized modetsl a employees, etc. Denote the decisions taken at any kil a
optimal control for the development of modular productsectoru(k). This decision vectou corresponds to the input to
They considered a reuse-redesign decision at the produgk dynamic system modeling the operation of the enterprise
component level and applied optimal control to gure out therom the state at a speci ed time together with the speci ed
optimal solution for minimizing the overall developmentsto current decisions, the enterprise derives a certain reward
for each component. Mendez and Narasimhan [19] examined
the market-oriented aspects of the cost of quality and me@o r(x(k); u(k)):
an optimal-control-based method pursuing joint examamati This reward determines the bene t earned at tiknas a result
of the direct and indirect effects on unit cost. Tu et al. [2Q§f having the state ok(k) and taking decisiona(k).
investigated a manufacturing paradigm that aims to achieveNote that the decisions taken at any time in uence not only
economies of both customization (scope) and mass productie rewards earned at that time but also the system state. The
(scale). They developed a cost-index structure for pradact current state of a service enterprise can be expressed as a
cost in mass customization and used optimal control to dgmction of the previous state and current decisions:
termine the best selection of alternative operation rastin
and suppliers. Terwiesch and Xu [21] addressed the issues x(k) = T (x(k  1);u(k): @)
encountered during a production ramp-up period and form@iven the initial stateco, the total rewards that will be earned
ized the tradeoff between learning and process change in thém the initial time k = 1) to the terminal timeK is given
form of an optimal-control or dynamic-optimization probiie by
Enlightened by the above examples, we aim to develop optimal
control models in order to nd optimal solutions for sequiaht Vic (Xo;u) = r(x(k);u(k)) (2)
decision-making in service enterprises. k=1
The rest of this paper is organized as follows: Section Whereu denote the entire time path of the decision variable
presents an optimal-control model for decision-making in from the initial time toK .



The above formulas express the essence of the problem of — xg(k;j): in yeark, the number of employees that

making decisions in a dynamic context. The problem is to are kept withj years of experiencé®( j Nmax);
select the time patlhi so as to make the total rewaki as — xs(k;j): average strength of an employee with
large as possible. This problem is exactly an optimal cdéntro years of experience in ye&r(0 |  Nmax);
problem. In the following subsections, we will introducesth — xz(k): asset of the enterprise in the ydar
details of this model. Output variables:
— Yo(Kk): operational cost in yedk;

A. Key Components of DMM4SE — yp(k): number of projects received by the enterprise

Most of the enterprises today are project-based businesses in yeark.

The projects can be internal projects on basic researciupto ~ Furthermore, the state vectotk) and decision vectau(k)
development, communication, IT infrastructure transfarmare de ned as
tion, and business process reengineering. The projectalsan
’ . : : . x(k Xa(K); xe(k;0); 5 xe(k;n ;
be external projects including, for example, IT outsougcin (k) (Xa (K); xe(k;0) e (ki Nmax )

SO e . . 0
and on-site service delivery. Most of the revenues of servic xs(k; 0); 22 Xs(K; Nmax ); Xz (k)
providers come from service projects. Without loss of generu(k) = (ua(k);uie (k;0); 5 ue (K Nmax — 1);
ality, we assume that the annual gross income of a service une (K; 1); 55 une (K Nmax 1)
enterprise under consideration is contributed from théegte up (K); Ut (K: 0): 2 ur (K: Nmae 1); Uz(K))°

(or contracts) that the enterprise receives within a year.
To describe the dynamics of the operation and decisiowhere? represents transpose.
making in a service enterprise, we introduce the following In the following subsections, we will introduce the submod-

notation: els characterizing the dynamics of the state variables.
Indices:
— k: year number; B. Advertising Capital
— J: year of experience of an employee. We follow the model by Nerlove and Arrow [22] to de-
Parameters: scribe the dynamics of advertising capital (or called marke
— K: maximum decision period; goodwill). We assume that the advertising capital deptesia
— Nmax . Maximum years of experience beyond whiclever time at a constant proportional rate. Then we have

an employee does not stay;

— wy(j): cost of hiring an employee with years of Xa(k)=(1  a)xalk 1)+ ua(k): ®3)
experience; The above equation can also be written as

— wi(j): layoff cost for an employee with years of
experience; Xa(K) xa(k 1)=ua(k) axa(k 1)

— Wg: allowance paid to a retiring employee; which implies that the net investment in advertising is tife d

— Ws(j): annual salary paid to an employee with ference between gross investman(k) and depreciation [23].
years of experience;
— s(c;j): average incremental strength of an em:

o : .. C. Manpower Dynamics
ployee withj years of experience after receiving a

training with costc per person. Inspired by Aksin's work on optimal policies for improving
workers' productivity [24], we develop a set of equations fo

Decision (or input) variables: X N )
) - . managing manpower dynamics. Let us rst consider the update
— ua(k): advertising expenses in yeky i
S of employee numbers:
— ure (k;j): in yeark, the number of employees that o)

are laid off withj years of experiencesl( j 3 Une (k;0) if j =0
Nmax 1), XE(k]) - XE(k 11] 1)+ UNE (k,J) ULE (k,j) (4)
— une (k;j): in yeark, the number of new employees ' 2 ifl j nNmax 1
that are hired withj years of experienced( | “oxek L) 1) if j = nmax:
Nmax ~ 1); The above equation can be interpreted as follows. For thee cas

— up(k): project price offered by the enterprise in yeag; | i nmax 1 xe(k:j), the number of employees that

ki o . are kept withj years of experience in thie-th year, should
— ur(kij): in yeark, the expense that the enterprisg,q|,qe (i) the number of employees that Had 1 years of
spends in training employees withyears of expe- gynerience in last year (yedr 1) and (i) the number of

nence O j Nmax 1) new employees that are hired withyears of experience in
- uZ(k).- asset investment in yedr this year, but should exclude the number of employees that
State variables: are laid off this year witlj years of experience. For the case

— Xa (k): advertising capital in yeak, which sum- of j = 0, xg(k;0) simply means the number of employees
marizes the effects of current and past advertisingithout any work experience in yed, and it should equal
investment; the number of new employees that are hired this year without



any previous work experience. Finally, fpr= nna, it is capacity If the service project demand is higher than service
unlikely that an enterprise recruits or lays off someone wharoject capacity, the super uous service orders will bet.los
will retire immediately in next year, sge (K; nmax) includes Consequently, the customer satisfaction-level will drapd
just one component, i.e., the number of employees that hhe advertising capital will decrease. If the project dechan

Nmax 1 years of experience in the past year. lower than service project capacity, some employees have to
Next we consider the update for the average strength idte, and the enterprise wastes its human resources. Tneref
productivity of an employee: a service enterprise needs to match the dynamic demand with

8 ur (k:0) o its service capacity.
% S o0 Hfj=0 We assume that all projects need to go through a bid-
_ xs(k 1;j 1+ s :Tét; ; i ding process. According to [23], the rate of project demand
xs(k;j) = if1 ¢ n’max 1 (5) depends on the market position of the advertising capital,
% xs(k Lj D+ s(0:Nmax) project price, and other variables not under the controhef t

service enterprise, such as consumer incomes, population,
Following [22], we use a simpli ed model for project demand:
For the most common case whdre j nmax 1, xs(K;j),

the average strength of an employee vjityears of experience D (k) = ne(k)d(k) )

in thek-th year, should inherit the strength from last year, i.ewhereD (k) represents the enterprise's project demand in year
xs(k 1;j 1), and at the same time add on it the incrementk| np (k) denotes the total number of projects available in year
strength after receiving a training with cost (k;j). This k, andd(k) is determined by

incremental part is denoteg Y=X1)-i  whose form is to
P ¢ up()  xa(k)

xe (ki )’
be determined via investigation of some empirical data. For dk)= a U (K) XA (K) (8)
the case off = 0, xs(k;0) cannot inherit anything from P A .
the past and has to purely rely on the incremental strengthere and are de ned as the elasticities of project demand
obtained from training. FOj = Nmay, it is unlikely that an With respect to price and advertising capital, respegtivel
enterprise would train someone who will retire immediaiely Up(K) is the project price offered by the enterprise in year
next year, saut (k; nmax) is zero. Note that s :Tgllzg;;;j k, and _Up(k) the sum of propct prices offered by all the
. . el ) 7. enterprises in the corresponding market;(k) denotes the
can be greater than zero even if the training aostk;j) is L o .
: acgverusmg capital in yeak, andX 4 (k) the total advertising
zero, because the strength of an employee can increase with. i \ o
capital of the whole market; aradis a normalization parameter

gain of work experience even without specialized trainin%.uch that the sum ofi(k) of all the service enterprises in

Moreover, we assume that over time there is no forgettinﬁ . o
in emplovee's skill strenath acauired by trainin the same market equals This model has been empirically
ploy 9 q y 9 observed in many industries [22].

The project capacity of a service enterprise in y&ar

if j = Nmax:

D. Assets denotedC(k), relies on the number of employee, their ex-
The service assets include both hardware and software f&riences and strengths, and the assets of the enterprise:
cilities supporting service operations, such as IT senstcs- C(k) = C(xe(k:0);::xe (K Nmax)] ;

ages, and information de_ltabases. Businesg process _iseanoth [xs(k; 0); 3 xs(K; Nmax )] ; X2 (K)) 9)
type of assets. It formalizes a set of service operations and _ )

coordinates human and IT resources. A good business prodéggre the functionC( ) needs to be determined from the
can help optimize service operations. These service asg¥fpirical data. _ _ o

are complementary to the capability of human employees. InThe number of projects received by the enterprise in kear
this paper, we assume that the assets depreciate over tifie yp, Should be limited by both the project demabdk)

at a constant rate; but will increase following additional @nd project capacitf (k):

investmentuz (k): yp(K) = min D (k); C(k)g: (10)
Xz(k)=(@  z)xz(k 1)+ uz(k): (6) If D(k) is larger thanC(k), the service enterprise does
not have enough resources to support all the demands. For
E. Service Projects simplicity, we assume in the model that all the back orders

As mentioned previously, the service enterprises consitieVill be Iost.. If C(k) is larger, the enterprise is able to handle
here are project-based business. To win projects, a sesmice &/l the project demands, and thys(k) equalsD (k). In the
terprise has to compete with its peers in the market. The enarl@tter case, the extra resources will be idle, but the erigap
position of the enterprise determines how many customersSi{! needs to pay the expenses of these extra capacityleeg.
the market will purchase its services. We de ne the amount §flary of idle employee and the maintenance fee of hardware.
service orders from customers pmject demandSometimes
not all the orders can be handled by the service enterpriSe,/ncome, Cost, and Reward
because the capability of the enterprise is limited by isetss ~ The total prot made by the enterprise in yekrshould
as well as the number and skill-levels of its employees. W&ual the revenue gained from the projects received by the
de ne this capability of an enterprise in service pmject enterprise subtracted by



Human resource expenses, which include (i) salaries paid Il1l. DYNAMIC PROGRAMMING FORMULATION AND
to employee, (ii) training cost, (iii) hiring cost, (iv) lajf ALGORITHM FORDMMA4SE
cost, and (v) retirement cost. . . .

. . o - In this section, we formulate the above optimal-control
Marketing spending, which includes advertising expense, . X .

. L 2 . “problem into a dynamic programming (DP) problem. However,
Operational cost, which includes the of ce administratio . . . . .

. . .~ “the computation required for nding the optimal solutions

fee, project supporting expenses, and computing infras-

JIncreases exponentially with the number of state variables

tructure cost. More people or more projects the enterp“%ﬁerefore, we develop an approximate dynamic programming

has, more money It heeds to pay for service Operat'O%iDP) algorithm which uses cubic-spline interpolation to
Meanwhile, the advanced assets such as SOA (servige- _: .
sSimplify the computation.

oriented architecture)-based enterprise architectuce an
state-of-the-art service delivery processes can reduce th
operational cost. Therefore, the operational cost is /4 DP Formulation

function of the employee number, project number, and The rm starts the business period with an initial state

assets: x(0) = Xp. Let policy u denote the series of decisions at
- i . all periods (froml to K ). Denote the space of the policies,
Yo(k) = To(xe (k) ye (k)ixz (k) (11) and de ne the optimal value function of the total pro ts as
\;\;Bz;efo() need to be determined from the empirical Vi (Xo) = T?X Vic (Xo: U): (14)

Therefore, the pro t (reward) of a service enterprise inrye@olicy u (xo) is said to be the optimal policy (given the initial
k can be represented as statexp) if

Vic (Xo; U (X0)) = Vk (Xo): (15)
r(><(|<):U(l|:<?))= up (K)yp (k) uA(k)l Yo (K) «
Mex : : fim : We use forward induction to solve the optimal control
k; k; : o

j=0 ws(l xe(ki)) j =0 ur (k1) problem, since our problem has a xed initial statg and

Nmk? 1 _ B Nmk? 1 _ , a oating terminal state. For ani 2 f 1;:::;;K g and given
o wh (J )une (ki) i Wi (j)uce (k;]) statex(k), let Uk (x(k)) denote the optimal pro t accumulated
k: . from yearl to yeark while the state variable evolves from

WRrXe (K; Nmax):

(12) Xo to x(k). Then we have the following optimality condition
for U (x(k)):
Uk (x(k)) =

max fr(x(k);u(k)) + Ux 1(x(k 1))g
As a result of choosing and implementing a policy, the ;‘%';(k 1)?1l;_(l'j)(|f)l;bf°;zi)
service enterprise receives rewards in y&ar:; K . The busi- ' (16)

ness objective is to choose a series of decisions in orderjgeref () is de ned in (1). In year0, the enterprise receives
maximize the accumulated rewards. In the service industRg pro t, so the boundary condition iSo(xo) = 0. Based on
the performance measures consist of multiple assessmgrt s3pove de nitionsVy (Xo) equals the maximum value of

elements, e.g., efciency, productivity, and enterprsgle |, (x(K)) over all possible nal stat&(K ) evolved fromxo.
pro tability. We need to build a multi-factor quantitative

performance evaluation framework to monitor the perforogan .
of service enterprise. B. ADP Algorithm

Multiple indicators of performance evaluation obviously Selving the above DP problem is computationally intensive
lead to conicts. Short-term and long-term trade-offs neefr high dimensional state space. Therefore, we develop a
to be considered. For example, by reducing marketing aRduristic method based on ADP (see [25] for a comprehensive
training expenses, current costs will decrease and proills Wreview of ADP). We utilize an interpolation-based algonmith
increase. However, these might be exactly the wrong thing$ reduce the time and memory required of computation.
to do to maximize long-term pro tability. Considering theThe standard forward induction method [26] stores the value
short-term and long-term trade-offs, we propose toses®ice function for all possible states of a DP in each period; our
enterprise indeXSElI) to re ect a speci ¢ business goal. Formethod stores the optimal values for only a small subset of
this paper and speci cally the case study in Section IV, Wge entire state space (which we refer to as anchor values)
consider a Slmp|l ed SEI, which is the total pro ts ina givenand approximates the values of other states thr(m(ghnoc
decision period. Our objective is to spline interpolation. The spline interpolation methoddaroes

interpolants that are simple, yet exible and smooth pieisew
(13) polynomial functions [27]. In particular, we use cubic sgls

to interpolate the multidimensional value function of the

DMMA4SE. Our algorithm embeds these interpolated values
subject to (3)-(12). within a standard forward induction method and generates

G. Optimality Criteria and Service Enterprise Index

maximize Vg (Xp;u) = r(x(k); u(k))
k=1



near-optimal solutions. Similar algorithms have been suc-5) Fork = 1, computeu (1) such thatf (xo;u (1)) =
cessfully implemented to reduce computational compleixity x (1).
large-dimensional dynamic programs [28], [29].

Let us introduce some notation. De neas the state space,
which contains all possible values of the state variahland
let n be the total number of the dimensions of Denote | To illustrate the usage of our optimal-control-based
the number of anchor points for the cubic spline interporati decision-making model, we analyzed a sample dataset from
in the i-th dimension of the state space, and denqtahe the Beacon business simulation practice [30]. This sinmrdat
set of these anchor points in theh dimension. De ne" as practice was conducted in the IBM Research's Micro-MBA

IV. CASE STUDY

AP . This set is a subset of and contains all Program in 2006 and involved four enterprises run by four
the points whose coordinates are some anchor pomf\s,ln teams of participants. The four teams competed against each
=10 other in the market for various products and services. In the

The baS|c idea of our ADP algorithm is as follows. We consimulation practice, each enterprise had both manufaguri
pute the approximate values bf(x), denoted byJy (x), for business and service business, but for this study we focused
those anchor points ifi, using the estimates d), 1(x) and on the service business. In each year, the teams made decisio
the optimality equation (16). Then we nd a multidimensibnaon the project pricing, marketing spending, employee bidn
cubic spline function passing throu@h (x) for all x 2 *. The laying-off, and employee training. Each team aimed to maxi-
value ofUy (x) for x 62" can be approximated by interpolationmize their total pro t within a xed period. The participast
using the cubic spline function. Initially, we can exactbha in this simulation practice were all professionals and etgpe
the optimalU; (x) and let0;(x) = Uy(x). Ilteratively, we get in business operations and service management. Therefore,
the near-optimal value8y (x) for k = 2 throughK . Then we the dataset can re ect the behavior and dynamics of service
use backward induction to compute the optimal decisioreserienterprises in the real world.
ie.,u (K),u (K 1),..,u (1). Details of the interpolation-  Fig. 1 shows the performance of all the four teams or service
based ADP algorithm are described in the following ve stepenterprises from yea8 to year12. One of the enterprises,

1) Fork = 1, computeU;(x) based on the optimality the South Service Inc., or the South for short, outperformed
equation (16) with boundary conditiddy(xo) =0, and the other three enterprises in terms of prots. Although the
then let0y(x) = Uy (X). project sales [Fig. 1(b)] of the South was not the highess, th

2) Fork =2 toK: team successfully leveraged the employee power [Fig. 1(c)]
and project pricing [Fig. 1(d)]. With a relatively highergpect
price, it maintained the service capacity with a stable eyg
team. In doing so, it beat other teams in the simulation
practice. Therefore, in this case study we chose the South as
the target of our analysis so as to demonstrate the effeetsse
of our approach: We calculated the optimal policy for this
.enterprise based on our decision-making model and ADP
‘algorithm and then compared our solution with the recorded
performance in the simulation practice.

a) Determine the anchor points for interpolation:

i) Determine the minimum (denoteq. min ) and
maximum (denotedx;. max) for all possible
values ofx;, wherex; denotes thé-th element
of x.

i) Choose ; points from[Xi: min ; Xi: max ] SUch that
these points divide the interval into approxi
mately equal partitions.

b) For eachx 2 ", compute, (x) using the optimal-

ity equation (16), i.e.,

0 n 0 0 A. Data Analysis and Model Fitting
= yu)+ : . . . .
«(x) x°; uns]i))j(ect to i u) 106) The dataset provides us the information about operations of
fOxu) = x the South from year 5 to year 12. The data include information

1about the employees, their starting and ending skill-&vel
history of their status (whether working or idle), number of
employee per contract, and cost per contract. The data also
A provide information of project sales, price, total revenest
. that S(x?) = 0,'5({(0) for all XSZ of working and idle employees, gross prot, administration
) Forallx 2 n", interpolateUy(x) = S(x). cost, expenses in advertising and training, severance gratym
3) Fork = K, computex (K)=argmax,, f0« (x)g. operating pro t, and lost orders. Furthermore, the datduitie

c) Forx 62", calculate the approximate value o
Ok (x):

i) Construct a cubic spline functio®(x) such

4) Fork=K to 2 all the decisions made by the South about project pricing,
a) Construct the cubic spline functi®(x) such that marketing spending, and employee hiring, ring, and trami
S(x9 = O 1(x9 for all x°2 " In this case study, the employee's annual salavy)(was
b) Forallx 2 n”, interpolate0 1(x)= S(x). $10(K , no matter working or idling. The employee layoff cost
c) Computex (k 1) andu (k): (w ) was$30K . There was no cost for hiring new employees.
fx (k 1)u (k)gn= The Beacon dataset does not have the detailed information

k) 0 about the experiences and skill-levels of individual ergpks.
« frgtmafo r(x (k);u)+ Uc 1(x) However, the average skill-level of all employees is avdda
focu)= x (k) for each year.
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Fig. 2(a) shows the relation curve for employee skill-levebouth. The employee number was signi cantly larger in our
improvement with respect to training expense. We ran salution than in the simulation practice of the South [Fi@)R
regression and obtained the following function for the Iskil Except for year 11, the decision suggested by our algorithm

level improvement of employees: was to hire new employees in each year. The training expense
ur (k) 381 in the our solution experienced a big jump in year 6, but
s( k)) T — +0:226 remained at low levels afterwards [Fig. 3(b)]. As a restig t
Xe( xe(q) T21:6 average employee skill-level was improved steadily [F{@)13

whereur (k) is the total training expense in yelr xe (k) and the project capacity was expanded to a very high level
is the total number of employees in ydarand s() is the [Fig. 3(d)].
average incremental strength of an employee after reggivin Fig. 4 presents the marketing related decisions and conse-
training of expensair (k)=xe(k) per employee. The abovequences produced by our algorithm. A straightforward way
equation was used in the update for the average strength ofo&rgaining prot is to increase the project demand. By ad-
employee [see (5)]. justing the price and increasing the marketing spending, th
Fig. 2(b) shows that the employee number per contrag@toject demand can be increased. For marketing spending,
decreased linearly with the increase of the employee skilhe decisions suggested by our algorithm had little difieee
level. Therefore, the project capacity of the South can Wéth the original decisions of the South in the simulation
determined by the number and skill-levels of its employeegtactice [Fig. 4(a)]. However, for decisions on pricinge th
Using a linear regression, we had difference was signi cant [Fig. 4(b)]. The strategy sugigels
xe (k) by our algorithm was to seize large market share by offering
: low prices. In doing so, the project demand was increased
5:21xs(k) +14:1 dramatically [Fig. 4(c)]. Note that our solution was dedve
Fig. 2(c) shows how the project demand varied with thgased on the simpli ed price-marketing-demand model in a
price and advertising spending. Here we use the term “shattsed market. The real business situation may be much more
to represent the portion of a quantity in the market. F@omplicated.

example, price share means the project price offered by thecompared with the results shown in Fig. 2(d), our solution

South divided by the sum of project prices offered by all thgffered a better match between the project capacity anegiroj
four enterprises in the simulation practice. We used theesir gemand, as demonstrated in Fig. 4(d). This implies that our

C(k) =

in Fig. 2(c) to t (3) and (8) and obtained solution made better use of the enterprise resources (est |
Xa(K)=0:99xa(k 1)+ ua(K): Was_tin_g or idling of _human resources). As a result, t_here was
a big improvement in project sales, which almost tripled the
and o 04 o 0 original sales.
D(k) =0:22 up (k) Xa (K) : Fig. 5 shows the predicted prot in our solution and the

Up (k) Xa (k) original prot of the South in the simulation practice. Exite
Knowing the project capacity, demand, and sales [i.dqr year 6, the prot produced by our algorithm was much
yp(K), the number of projects received by the enterprise], warger than the original pro t. In year 6, our solution sugted
plot them in Fig. 2(d). The gure shows that project salethe enterprise put more efforts in building a strong wor&éor
were bounded by both the project capacity and demand [seed augmenting the market share—these efforts established
(10)]. In year 5, 7, 9, 10 and 12, the sales were constrainadsolid ground for the development of the enterprise in the
by the project demand. In year 6, 8 and 11, the project safeflowing years. In summary, the total predicted prot inrou
were limited by the project capacity of the enterprise; inest solution was$106 792K , which doubled the original pro t,
words, the South did not have enough resources to support#lB 208K . This case study has demonstrated the effectiveness
the potential projects in those years. This observatiopsp of our decision-making model and solution.
our model built in (10).

B. Performance Analysis C. Effectiveness of ADP Algorithm
Based on the model obtained in Section IV-A, we im-

plemented our interpolation-based ADP algorithm (in MAT- To assess the effectiveness of our ADP algorithm, we
LAB [31]) to nd the optimal policy for the South. In this compared its performance with that of the standard forward-
case study, we had ve decision variables: project pricéhduction-based DP algorithm. The DP algorithm may nd the
number of hiring employees, number of layoff employeesptimal solutions to the optimal control problems formatht
advertising expense, and training spending; and we hae thie this paper, but is highly computationally demanding.He t
state variables: employee number, employee average skiltevious case study, our interpolation-based ADP algorith
level, and advertising capital. A simpli ed SEI used hereswayielded an outstanding performance: It obtained a nearapt
the total prot over a period of ve years. solution with a gap of less tha®5% to the actual optimal

Fig. 3 presents the human-resource related decisions aotltion, while using less thah% of the computer memory
consequences produced by our algorithm. For comparisen, #nd 15% of the CPU time required by the standard DP
gure also plots the original decisions and performancehef t algorithm.
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V. A CONSULTING METHODOLOGY BASED ONDMM4SE L

In this section, we propose a consulting methodology
based on our decision-making model for service enterprises ’
(DMMA4SE). Our methodology aims to coordinate and in- Mo No
tegrate different components of an service enterprise. (e.g
manpower, asset, advertising, and pricing) so as to achieve
centralized business goals. The proposed consulting metho
ology consists of the following steps (Fig. 6).

Step 1. Model training:n this step, historical operation
data and related market information are collected. Given th

Decision
Optimization

past running information of an enterprise, each submodel in v
DMMA4SE can be tted as discussed in Section Il. Some- Operatéc;{r;scftliﬂnmg& Yes
times service enterprises may not maintain a comprehensive
historical data, and some enterprises may lack the evaluati %

. . ode| Evaluaton
system for abstract data such as advertising capital, gre@lo No 1™ g Adjustment

skill-level, and asset value. Under these circumstandes, t
consulting team needs to mine the abstract data from other
information sources. Furthermore, market information mety
be accessible to public. To obtain pricing and advertisiagd
of a speci c market segment, the consulting team needs the
support from third-party data service rms. Fig. 6. DMMA4SE-based consulting methodology.
Step 2. Performance evaluatioBased on the tted model,
optimal decisions for the past periods are calculated bgingn
the proposed ADP algorithm. A comparison between the actualStep 5. SEI mappingBy using the decision map (Fig. 7),
and the optimal operations can provide evaluation of thé pg&ach strategic goal can be mapped into one or more SEls.
actions of the enterprise. Each SEI consists of four perspectives, i.e., nance, oper-
Step 3. Market analysis and forecaStrategic planning of ations, marketing, and innovation, and each perspective is
service enterprises relies on accurate forecasting of enarknked to the operation details. With this decision map, the
demands. The service market can be highly dynamic. Differdarget values of speci c operation variables can be created
market sectors may behave differently, and even in the safemetimes, different goals are not compatible with eachroth
market sector competitors may follow signi cantly differe For example, to achieve a cost leadership, a service eigerpr
strategies. However, since we focus on strategic decisighould reduce redundant resources such as idle employees an
making, market demands and competitor strategies can assets. However, to dominate a market segment and attract
aggregated and smoothed—this lowers the risk and uncsrtaifore customers, a service enterprise needs to respond to
in forecasting. unexpected events such as peak demand. Therefore, a certain
Step 4. Goal de nition:Competing enterprises may haveamount of redundant resources is necessary. Via SEI mapping
different goals and consequently take different stragedi@r the consulting team identi es goal congruency, i.e., howllwe
example, three generic competitive strategies for servine the goals match with each other. If some conicts are not
are proposed in [32]. They af@verall Cost LeadershiiDif- amendable, the consulting team has to go back to Step 4 and
ferentiation andFocus A low-cost position relies on ef cient- modify the goal de nitions.
scale asset and skilled employees. Differentiation aims atStep 6. Decision optimizatiorBased on the forecast of
customer loyalty and lies in creating novel services. Tloa$o market demands and competitors' strategies, optimal ecs
strategy rests on the premise that a rm can serve its narrder the future periods are calculated using the proposed
target market more effectively and ef ciently. ADP algorithm. Since multiple constraints are added via SEI
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VI.
A. Service Ecosystem

The proposed DMMA4SE can be generalized to facilitate
collaboration in a service ecosystem. In the service etesys
customers raise the requirement and pay for the services; se
vice enterprises provide the services; and service-commion
providers focus on speci ¢ functionality that is reusabhea
variety of industries and customers. Service businesskaunl
the traditional business, relies on the collaboration df al
these “players” in the service ecosystem. Interaction betw
customers and enterprises determines the result of a ser-
vice engagement. Different service enterprises may casnpet
in some market segments but collaborate in other market
segments to provide advanced solutions, which are beyond
the resource or capability limits of individual enterpgse
The service component providers also need to interact with
clients so as to create service innovations. Therefore, toow
manage partnership, outsourcing relationship, and patatt
relationship affects the decision-making of a service rgmise.
Service enterprises have to consider their roles in theeenti
mapping, feasible solutions may not always exist. For thoggosystem in order to achieve optimal business performance
cases, the consulting team revisits Step 5 and adjusts the §Four future work, we will incorporate in the DMMA4SE the

mapping. If the SEI adjustment cannot reconcile the cos,ictapove mentioned collaboration among different componets
the consulting team should go back to Step 4 and redesigi service ecosystem.

the strategic goals. Generally, constraints can be catgbr
into different levels, from critical to optional. For instee, in

a competitive market segment, demand is the most in uentBl
constraint. It is not easy to leverage the demand via prigimty ~ Using the newly released IBM Lotus Mashup Center [33],
advertising. Therefore, maintaining existing customershie We can build a prototype system to deliver consulting sesvic
most essential task. However, in an emerging market segméat service enterprises. Fig. 8 shows the architecture ef th
innovation is the differentiation power. Domain expertsl anprototype system.

DISCUSSION

Cost ! .
Leadership Differentiation

SEI

Performance

Soﬂware

Assets
Employee Market Share
Number

Decision map of service business.

Operation

Revenue
Data

Fig. 7.

Prototype System

superior assets are scarce resources in the industry.forere
the service capacity is the primary constraint. The prjooit
constraints can be incorporated into the decision model by
designing corresponding penalty functions.

Step 7. Operations planning & executiorhe DMMA4SE fo-
cuses on decision-making in the strategic level. Each sdieino
in Section Il is aggregated, summarized, and simplied to
represent the major characteristics of the full model ofeghe
terprise dynamics. Following the optimal decisions calted
for the full model, the enterprise operates its servicenmss,
subject to dynamic changes of the real business environment

Step 8. Model evaluation and adjustmeAt the end of
each decision period, the service enterprise compares the
realized results with the predicted results. If the realize
results conform to the prediction, the model is validated an
the calculated optimal decisions are reliable. If there is a
signi cant difference between the realization and prdditt
the consulting team needs to determine whether this is due to
incorrect market forecasting or incorrect model. If the mlod
is not accurate, it needs to be re ned, and the consultingntea

Via BizRSS Feed [34]Pata Collectorretrieves operation
data of a speci ¢ enterprise. By connecting to the public
data portal, the data collector can obtain the nance
and marketing information from the related industry. The
attained data is saved in internal data warehouse for short-
term and long-term analysis.

Learning Engineanalyzes the data and ts the parameters
of the sub-models for manpower dynamics, asset capacity,
advertising capital, and market demand. Then, the four
sub-models are integrated into the complete decision-
making model.

Given the decision-making modeQptimization Engine
runs the proposed ADP algorithm and output the optimal
decisions.

Consulting Portalprovides for consultants a set of dash-
boards, which include SEI & Stock, human resource, mar-
ket & customer, and project operations. These dashboards
help consultants to prepare the business planning reports
for service enterprises.

VII. CONCLUSION

should return to Step 3 and generate new optimal decisionsThe current service business lacks automated and quantita-
Besides the model evaluation, the service enterprise @lsd: tive tools guiding the operation and decision-making o¥ser

to evaluate its business performance and identi es itstiposi enterprises. To |l this gap, our study made the following
changes in the industry. If necessary, the strategy is sjuscontributions: First, we formulated the decision-makirfgao

to t the dynamic service market.

service enterprise as an optimal control problem. Thisaadtb
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Fig. 8. Prototype system architecture.

mathematical description of service dynamics and fatéda
guantitative analysis for the operation and strategic mifam

of service enterprises. Second, we proposed an approximéjfle
dynamic programming algorithm to solve the optimal control
problem and successfully handled the model complexity bi?!
simplifying the computation of value functions using cubic
spline interpolation. Third, we validated the optimal-toft  [3]
based decision-making model in a simulation practice of the
Beacon business. The results demonstrated the feasibility 4
effectiveness of the proposed model and solution approach.
Finally, we introduced a DMM4SE-based consulting method[®]
ology and discussed its usages for service consultingipeact

However, the study presented in this paper has two majd#]
limitations: First, although the enterprise model develbp -
here was a dynamic model (which characterized the dynami!:ej,
of the enterprise over time), it was a time-invariant model—g]
the model parameters were xed and cannot be calibrated ovFglj
time adaptively. Second, this study might have underesticha
the competition from the other enterprises in the same nharkm]
sector. The other enterprises may actively and intelligent
adjust their strategies, so our “optimal” strategy devetbp
based on prior observation of market behaviors may no longer)
be optimal in future decision-making.

To overcome the aforementioned limitations, we will inf12]
troduce in future work a learning mechanism for model
calibrating and tuning in order to capture the time-varying
nature of the enterprise and the market. Moreover, in futuge,
work we will introduce game-theoretic components into our
current framework of optimal control to address explicithg 14]
competition and cooperation among the enterprises in tine sa
market sector.
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