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Abstract— Professional services firms are project based. government contractors. Professional services are studied
Executlo_n of the_se prqeqtsmvolve identifying and planning in [2], [4], [5], [6], [12], [16], and [18]. Improving the
for the right skills. In this paper, we model the problem  ,erformance of professional services suppliers is critical

of predicting the skills requirement for the projects in the t busi f | fessi |
pipeline of a professional services firm from the bill of 0 a companis business performance. In a professiona

resources of some similar projects that had been executed Services supply chain people and time are important
in the past by the firm. This tactical decision problem is resources. A multinational company could save millions
modeled as a graph clustering problem by representingthe  of dollars by strategically selecting the service partners
projects as nodes of the graph. Agglomerative clustering o jts requirements at various part of the globe. Just
heuristic is applied for optimally clustering the nodes of . .
the graph. The proposed madel is analyzed for a simple &S the effective management of the goods_ supply chal_n
case in which there are five projects in the history of a transformed vast sector of the manufacturing and retail
professional services firm. industries, effective management of the professional ser-
Index Terms— Services supply chain, professional ser- vices WiII_ tran_sform 'Fhe professional services industries
vices automation, resource planning, bill of resources. and services industries, in general.
The rapid growth of professional services and con-
sulting firms brings about new challenges and a new
|. INTRODUCTION reality to the industry. To meet these challenges, we need

Professional services organizations enable professidf-understand real views of costs and capabilities, and
als to complement one another to offer a broad range §ten develop proper technology to track and manage
services, achieve scale and scope economies, and joirtfl§ services business. Given the lumpy demand of the
develop a shared reputation that leverage their collectifISiness, professional services organizations are ridden
efforts. Unlike other businesses, they have unique Waygth inefficient processes and behavior. Resources are
of working with unique challenges and opportunities?ot utilized at their optimal capacities, collaboration is
They operate through projects, that is, through discrel@ss than ideal, billing cycles are lengthy, project status
engagements for external and internal clients, deliverd® based on outdated information, and project costs are
according to an agreed-upon scope, schedule, fee, 4 Managed or known with certainty, all of which
a set of deliverables. Their projects, contracts and elgad to a less-than-productive organization and decreased
gagements often follow a familiar course for one jolprofitability. Professional services automation (PSA) so-
to the next, with standard phases and tasks. Exampleions address these inefficiencies in much the same
of professional services firms, include IT services busfv@y that ERP solutions address the business processes
nesses, architectural and engineering firms, design ai®d more traditional industries [6],[16]. By automating
planning firms, management consulting firms, Systenqge business processes involved in professional services
integrators, accounting firms, research organizations, afidns, its processes would be much more streamlined.

Many types of services organizations are beginning

+ This author is also with the Department of Decision Sciencd0 usSe, or are using PSA solutions. These include

School of Business, National University of Singapore. _ the following: IT related services firms, management
* This author was also with the Department of Industrial and

Systems Engineering, Faculty of Engineering, National University o@onsumng' a_rCh'Fecwral engineering, anStrUCt'on' _Iegal,
Singapore, in the course of this work. and accounting firms, as well as other firms not typically



considered in the services vertical market. The benefitsThis paper proposes a graph based model for cluster-
reaped from PSA solutions have significant impact oimg the projects of a professional services firm.
the bottom line of these organizations. From increased This paper is organized as follows. In section Il, we
staff utilization and employee productivity to reducedstate the problem of building a tactical decision model
personnel turnover and higher customer satisfactiofor predicting the skills requirement for the projects in
PSA solutions show a positive return on investmergipeline of a professional services firm. The problem is
for services organizations. Already, SAP reports’22 modeled as a graph in Section Ill. A method based on
internal rate of return (IRR) for some of its clientsf single-linkage hierarchical clustering is used for solving
mySAP CRM. the graph model, in Section IV. The proposed model is
In a professional services supply chain people armhalyzed and validated on a professional services firm
time are important resources. To thrive in the global main which the prediction is made based on five projects
ket, professional service organizations have to optimize its history. Finally, in Section VI we conclude.
their resources to deliver on customer commitments,
increase utilization and minimize costs. A global service II. PROBLEM STATEMENT
delivery model that utilizes a consistent methodology no . _ . .
matter where the customer or the consultants are locate _rofessmna! Services _flrms are project l_)ased. E_ach
is critical to the comparig success. One needs to betté?mject execution would mvolye a set_ (.)f skills. In this
manage the pipeline to determine which efforts will yieIJesearCh’ we propose a tactical decision model fo de-

the greatest commercial benefit to prove business val[?ém'ntebSk'"j re?rl]urelr(n”ent for_ a pro{esfsyon_z;tl serv_|cets
over low-cost competitors. At present, in the context roject based on the skills requirement ot Similar projects

. . o . at were executed previously. The decision manager of
professional services organizations, there is as yet p y 9

proven methodology for optimally using a fifsiglobal a fl_rmtw_an'iﬁ to _pla}_n th?rhresource reqwretm(irr]lt for _thet

resources for service delivery. In this paper, we addreBEVECtS N € pIpetine. The manager inpuls the projec

the problem of optimally managing the resources of ?gecn‘lcanons into the system. The system recommends
0

professional services firm based on the estimated ski e skilis reqwre_mgnt for _the p_ro;ect l_oase_d on the bil
requirements for the projects in its pipeline resources of similar projects in the fitenhistory. For
' example consider SAP industry solutions deployment

project of a firm. The skills requirement for the mining
A. Contribution and organization and oil industry specific solutions may have similar skills

The skills requirement for the projects in the piloelinerequwement, over the projects that were executed in the

of a professional services firm is obtained from the biI’PaSt by the firm. Based on the bill of resources for the

: . . projects on mining and oil specific industry solutions,

of resources of its past projects. A pipeline project . . : S S
: . : ) the skills requirement for a project on mining, which is
requirement is predicted based on the bill of resources Y :
in the pipeline, could be estimated.

of some similar projects that were executed in the past. Let P be a project of a professional services firm. Let

The similarity between the new project and other pa: ; . . .
projects is established by clustering them based on t% be the total estimated time (in days) for executing

: ) 7 . Let 51,59,...,5,, be the set of skills available
various project characteristics. - ; .
Clustering problems arise in many different a| IicaWlthln the firm. For project?”, letry, rz, ..., ra, be the
9p Y PP requirement of skills (in percentagé), Ss, ..., Sy, re-

tions, such as data mining and knowledge discovery, dag

compression and vector quantization, pattern recogniti

and pattern classification [9], [10], [11]. The notion o? e (in days) required for skilb; of P. The percentage

what constitutes a aood cluster depends on the a :ﬁkills requirement or bill of resources could be expressed
9 P PPIS an n-tuple(ry, ro, ..., r,). Let P* be a project in the

cation and there are many methods for finding clusters__ . . : . .
) . L . pipeline for which the bill of resources is to be estimated
subject to various criteria, both ad hoc and systemati

: . 9y the firm. Assuming that the projects executed in the
One class of clustering problems is the k-means pro y g bro)

o ) ast by the firm are clustered, based on the percentage
lem. A popular heuristic for solving the k-means proble kills requirement, the best estimate fof, 5, . . ., %)
is based on a simple iterative scheme for finding alocaliy o enter of the cluster corresponding to gimilar
minimal solution. This algorithm is often called the k-

. ) rojects as that oP*. If similar projects corresponding
means algorithm [1], [9], [13]. However, the result is noéo P* are distributed over different clusters, then the best

Eecessarllyll a glqbal f”'_r"”,llupmr-] Indmgst gfl the v_anagts %stimate is the mean of the centers of those clusters. With
-means clustering, it is NP-hard [8]. Clustering asefﬂis observation, the problem boils down to clustering the

on "'”_‘eans IS clo_sely related to a number of _Ot_h rojects that were executed over the past by the firm.
clustering and location problems. There are no efficient

solutions known to any of these problems and some
formulations are NP-hard [8]. Statistical convergence of
k-means and several of its variants had been discussedn this section we model the problem of optimal

in [3], [14], [17], and [19]. clustering of projects as a graph clustering problem. This

ectively. That is; = TT whereT; corresponds to the

IIl. M ODELING



problem is NP-hard as this can be reduced to k-means(v)  Select a minimum distance edge frafi (ran-

clustering problems which are known to be NP-hard in domly, if there are many).

the literature [8]. For graph theoretic terminologies we (vi) Let the minimum distance edge be incident on

refer to [7], [15]. the nodes!; andd) of G’. Merge clusters and
The projects of a firm are represented by a node in a k.

graphG. Every node of7 has an n-tupléry, o, ..., 1) (vii) Repeat steps (ii)-(vi), till stopping criteria is

corresponding to it, which denotes the bill of resources reached.

corresponding to the project. We interchangeably useThe stopping criteria of the algorithm could be: (i)
the term node, for a project and its bill of resourcesyhen the number of clusters reduces to a fixed number,
depending on the case. Any two nodes(dfs connected k or (i) when all the edges in the cluster center graph,
by an undirected edge. This makes the graphotally ' has its distance more than a threshdld that is set
connected. We note th&t would have@ edges, if apriori.

G hasp nodes. With respect to each edge, we associategach iteration of the heuristic tak€(k) time, where

a non-negative real number which denotes the distangejs the number of edges of the initial cluster center
between the two nodes that the edge is incident on. T@eaph. For each iteration atleast two clusters are merged.
distance between two nodes is computed using a distang@rging all the initial clusters taked({) time, wherel is
measure, such as Euclidean, Manhattan and so on [fe number of nodes of the initial cluster center graph.

Clustering a graptt7 is to group the nodes off into  Therefore, in the worst case the heuristic takg:!)
Cy,Cy, ..., Cn, such that every node @ is in exactly time.
one of theC;’s. For clusterC;, its centerz(:)r centroid,
. . ;7:1 Tik0ij
\(fvlheridlzi’)dlZe}l;)’tZ::;es :j:rl]r:)eec: zfl:odes fo :(luss;‘or v ANALTSIS
a nodéj f_k denotes the k-th component o% its bill of For example consider SAP retail projects which need
‘o the following skills: (i) Skill 1 - skills for understanding

resources, and (iii;; = 1 if node j belongs to thei- : . . :
th cluster, and 0, otherwise. An optimal clustering of Etihe business processes, (ii) Skill 2 - skills for under-

graph G, is clustering the nodes af, that minimizes Standing the retail module of SAP, (iii) Skill 3 - system
J\P 'p n 9 Lo ' skills such as Windows and Unix. Let the projects in
2 izt =1 2= (T — date)" 0. To optimally Cluster the history beP1, P2,P3,P4 and P5. ProjectsP;, that
the projects is to optimally cluster the nodes @ are executed b' the: fir'm for diffe.rent com gni%

For a clustering ofGG, we define its cluster center y : P "
graphG’ as follows. Let the clusters &, Cs, . ... C'y B, C, D, and E, have bill of resources (0.9,0.05,0.05),
and their corresponding centers He, dy. ... dy. The (0.6,0.3,0.1), (0.5,0.4,0.1), (0.5,0.3,0.2) and (0.4,0.3,0.3)

cluster center graph hak, da, ..., dy as its nodes. Any respectively. The projects graph corresponding to them

two nodes of the cluster center graph would be joined bV)\/IOUId be as shown in Figure 1.

an edge. The distance associated with an edge incident

on the nodesi and ;7 would now correspond to the B
distance between the centefsandd;. Q\
/,, / \\ ~ .
e / \ <
V. SOLVING METHODOLOGY nQT"ﬁ* N
NN \
In this section, we propose a heuristic method for \ /\\//)\ J
. . . . > \ /
optimally clustering the past projects of a professional \\ //// ~_\/

services firm to predict the skills requirement for future ,4 Qf\,,
projects of the firm. This heuristic method is analogous
to the single linkage aggregate hierarchical clustering  rig 1. Example of professional services projects graph

[9].

Heuristic for optimal clustering of projects: Initially, there are five clusters and each node is in a
0] Initialize the number of clusters to bge (the separate cluster. Since, each cluster has a single node,
total number of past projects). Let the clusterthey are the centers of their respective clusters. Next,
beCy,Cs, ..., Cp. Assign projectP; to cluster the distance between the centers of the clusters are
C;. computed. The edges and (P2,P3), (P2,P4), (P3,P4), and
(i) Compute the center of each cluster. LetP4,P5), qualify as minimum edges. The algorithm arbi-
di,do, ..., d, be the centers corresponding tdrarily chooses the minimum edge (P2,P4), and merge
Cy,Co, ..., C,, respectively. the clusters corresponding to them. This reduces the
(i) Compute the cluster center grap8. number of clusters to 4. The resulting clusters would be

\Y, or each pair of no ; andd; O , compute clusterl = ,cluster2 = , ,clusterd =
[ F h pair of nodeg; andd; of G’ l 1 Pl},cl 2 P2, P4} cl 3
the distance. {P3}, clusterd = {P5}. If the algorithm is terminated



when the number of clusters reduces to 2, the resuji1]
ing clusters would beclusterl = {P1},cluster2 =
{P2, P3, P4, P5}. [12]

Intutively, it is quite clear that the projects P2,P3,P4,
and P5, have more similarity in their bills of resources
than project P1. So, the algorithm has clustered projects
P2,P3,P4, and P5, in the same cluster and project P1[18]
a different cluster at termination.

In this case, the proposed algorithm and the k-means
algorithm [9] obtains an optimal cluster. [14]

VI. CONCLUSION [15]

Every professional services firm needs to estimaftf]
the skills requirement for the projects in its pipeline
to pre-plan for the resources ahead before all or sonmer
of the projects in the pipeline take off. This tactical
decision making would help the manager of the fir
to source internally or externally based on the resource
requirement for these projects. In this paper, we have
addressed this tactical decision problem. First, we stat8d’
the problem and modeled the problem by representing
the projects as nodes in a graph. We have also proposed
a heuristic algorithm to obtain an optimal clustering of
the projects in the firfis history, which in turn is used to
estimate the demand for the projects in the pipeline. We
analyzed the proposed model and algorithm, on a simple
case in which the history had five projects. This analysis
validates some intution that one would have on this case.
In future, we plan to extend the study to the scendiiios
which the firms would have more projects in its history.
We also plan to compare the proposed model with the
popular k-means clustering.
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