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Abstract 1 Introduction

One of the distinguishing features of the services industbne of the distinguishing features of the services industry
is the high emphasis on people interacting with other pés-the high emphasis on people interacting with other peo-
ple and serving customers rather than transforming physipl and serving customers rather than transforming physi-
goods like in the traditional manufacturing processes. Itgal goods in the process. The focus of this paper is on an-
evident that analysis of such interactions is an essential alyzing patterns of interactions in services delivery to help
pect of designing effective and efficient services delivery. imderstand the impact of individuals and their interactions
this work we focus on learning individual and team behawon the quality/effectiveness. A typical service creation can
ior of different people or agents of a service organization bg thought of as avorkflow consisting of various stages of
studying the patterns and outcomes of historical interactiospecialized activities. Therefore, service creation involves
For each past interaction, we assume that only the list of ppeople, each performing the specialized tasks of the stage
ticipants and an outcome indicating the overall effectivendbat he or she is responsible for, and communicating with
of the interaction are known. Note that this offers limitedthers who are performing related/dependent activities. It
information on the mutual (pairwise) compatibility of differshould be emphasized that we use the term workflow in a
ent participants. We develop the notions#rvice interac- broader sense than the specific notions they carry in special-
tion networkswhich is an abstraction of the historical dati&ed literature such as SOA. We refer to the people or en-
and allows one to cast practical problems in a formal settirigies involved in performing different stages of a workflow
We identify the unique characteristics of analyzing servies agents Ideally, the organization should capture all the
interaction networks when compared to traditional analys#stails of the execution which includes individual agent per-
considered in social network analysis and establish a néecinance, the quality of interaction among agents etc. How-
for new modeling and algorithmic techniques for such netver, issues like confidentiality, lack of visibility and in some
works. On the algorithmic front, we develop new algorithntases lack of control, e.g., presence of Independent Service
to infer attributes of agents individually and in team settinggendors (ISVs) in workflow execution, makes it improba-
Ouir first algorithm is based on a novel modification to tHae (if not impossible) to capture the details at such micro
eigen-vector based centrality for ranking the agents and teeel. Typically, the organizations can track only macro level
second algorithm is an iterative update technique that canfé&tures like success/failure, cost etc of a workflow. Merely
applied for subsets of agents as well. One of the challengggregating the macro-level measurements offers limited in-
of conducting research in this setting is the sensitive and ps@ht into the individual capabilities of the agents and the ef-
prietary nature of the data. Therefore, there is a need fdieativeness of their interactioimn this work, we consider the
realistic simulator for studying service interaction networkissue of discovering individual traits of agents based on mea-
We present the initial version of our simulator that is gearsdrements at the level of workflows. Specifically, our goal is
to capture several characteristics of service interaction netdevelop techniques that give better insight than those ob-
works that arise in real-life. tained by simple aggregating across all workflowée begin

by considering some examples where analysis of such macro

level data can prove to be useful.

—Contact: (sameepmehta, pvinayak)@in.ibm.com 1.1 ExamplesLet us consider the case of an orchestrator
fCenter for Global Logistics and Manufacturing Strategies (GLAMS®f supply chains.Orchestratoris a management literature
Indian School of Business, Hyderabad metaphor to describe the role of a player who organizes and
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mechanisms for each player. Examples of orchestrators raess of each project only at a macro level rather than at the
Li & Fung (Hong Kong) in retail [6] and Medion (Germany)evel of how individual teams performed at various stages.
in personal computing [18]. Let us consider the case Affirm can, not only gain better understanding of the team
Li&Fung, which orchestrates an innovative service suppiiynamics, but also arrive at better team compositions in fu-
chain in apparel industry [10]. In the words of their groufure by analyzing the macro level data corresponding to the
chairman Victor Fung, they “create a customized value chagents and the workflows in innovative ways. Recently, sev-
for each customer order and orchestrate a production procassé research papers in the area of software engineering have
that starts from raw materials all the way to the finished procbnsidered these and other related issues in distributed soft-
ucts”. In other words, they seamlessly bring together thare development [21, 20, 22].
large apparel retailers and a global pool of apparel-related
suppliers and create value without owning any of the ré2 Salient FeaturesAt this stage, we would like to high-
sources used in the production. The key differentiator tHgtht some of the salient features of the examples that we
Li&Fung does bring in is the intimate knowledge of theonsidered. In the case of Li&Fung in which the orches-
global service network. Every major order of a retailer getigtion is over thousands of suppliers distributed globally,
executed by creating a customized supply chain in the globa team compositions are not often repeated unlike pro-
network of suppliers. Each order typically gets executed bdyction environments where the team compositions repeat
multiple workflows which go through the complete produan a routine basis. The duration of each interaction is also
cycle and is orchestrated by the domain experts at Li&Furgguite short in comparison to those in production environ-
Just the revenue of Li&Fung for the services offered is USBDents. Therefore, it is essential to take into account the ef-
11 Billion and the actual value of the retail good is greater ligct of each workflow on the effectiveness of the overall ser-
an order of magnitude. Identifying the providers for a pavice composition and delivery. We also observe that micro-
ticular order is based on network constraints and local eeoenitoring of individual agents is not possible due to vari-
nomic, political, public policy, and cost considerations. Bubus reasons. In case of Li&Fung, the agents are independent
note that each workflow is a coordinated production activigntities and hence very difficult to control and monitor at
involving several independent vendors of different functioa-micro-level. In case of an intra-organization service chain
ality. Therefore, the effectiveness of their execution is highliike the software development scenario, micro-monitoring of
dependent on their interactions and in turn should affect haspects like effectiveness of communication across two de-
future workflows are composed. Studying the past ordersp@ndent stages of the project could affect the team morale
terms of the vendors involved and the overall effectivenesmsd also increase cost of project management. Therefore, we
of their delivery can potentially provide extremely relevar@ssume that only macro-level assessment of each workflow
feedback about their performance in such a loosely coordi-available. Each workflow could be designated as having
nated setting. met or not met certain acceptable criteria or there could be a
Let us now consider the case of distributed softwageadation between 0 and 1.
development. A typical software service firm delivers its
services from geographically distributed locations. Tearhs3 Contrast with related literature If we view the
at each location possess expertise in different functionagents as entities in a network and each workflow as a re-
ties from a broad domain. Examples of the domains couédion between entities, the service delivery scenarios look
be product design and architecture, development capabisiyilar to the traditional social networks. We briefly high-
in different technical disciplines, integration, testing, argjht the uniqueness of service delivery scenarios as com-
debugging. Typical projects flow through different fungeared to social network analysis (SNA). Traditionally SNA
tionality modules of these domains at various stages of thees on studying networks that arise by social interactions of
project in a precedence oriented fashion. Parameters agsmple, socio-technological networks like WWW, and col-
ciated with a project such as, overheads incurred, efficieniejgoration networks of scholarly articles. It has mainly con-
success etc. depend heavily on the behavioral aspects oftcthr@rated on dyadic relations (sometimes even reducing re-
different teams in distributed locations and effectivenesslafions involving multiple entities to multiple dyadic rela-
communication/coordination between related modules. Tytfns) and discovering structural properties of such networks.
ically, the project manager ensures that the teams haveEhrstly, from the point of view of service delivery, the rela-
required skill set tesuccessfullgomplete the project. How-tions are either hyper-edges over the agents or workflows in-
ever, choosing team with the sole intention of matching skilblving multiple agents. Secondly, the focus of the analysis
set demand may not produce optimal teams. In this scenaingervice delivery setting is on the fact that, with each work-
we can view each project as a workflow and each teamflasv, a measure of its effectiveness is recorded. The ideais to
an agent as it is responsible for basic units of the workflowsse the pattern of these interactions and their effectiveness to
Organizational constraints allow us to measure the effectivafer micro-level attributes of agents and their interactions.
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The current problem domain is also significantly difivery. For example, agentsandb might be effective agents
ferent from traditional supply chain processes. What sétdividually. But, workflows in which a task performed by
services and industrial/production processes apart are (i) ¢hs followed byb might not be as effective. This suggests
degree to which human interactions dominate the total tirtiat the collaboration betweenandb is not as desirable
and (ii) the degree to which human interactions influence thed should be avoided in future workflow compositions. Our
overall quality. To understand these differences in detail, @rk introduces a very important analysis domain for service
pecially from the supply chain viewpoint, we point readedglivery and presents several interesting future directions.
to an excellent survey article by Dietrich and Harrison [8].

They highlight the novelty of the mathematical techniqu@&s Analysis Framework

required to analyze service delivery. In this section, we formulate the problems considered in this

o o ) paper. For ease of exposition, we call an organization re-
1.4 Our contribution Informally, service interaction net- sponsible for end-to-end service delivery as the orchestrator.
worksare networks arising in service delivery, out of agenige call entities (be it individuals, teams or independent ser-

and their interactions in executing workflows. As mentiongge providers) that are responsible for independent units of
earlier, the interaction networks provide a generalized framgsrk as agents.

work to models a wide range of scenarios originating in ser-
vices delivery setting. In this paper, we initiate a systemaic;  Service Interaction Networks In our setting there is

study of this topic. an orchestratot? who can avail the services of a set of
Unlike the well known sources of data for SNA such afgentsy = {1,2,..., N'}. The orchestrataP specializes in

WWW, DB LP etc., data on service interaction networks igcomplishing high-level tasks from a broad domain and the
hard to obtain. The main reason is the proprietary naturegfants provide the different functionalities to accomplish the
the data. It contains crucial private data of organizations trpﬁéh_|eve| tasks. Given a tagkthe orchestrator composes a
cannot be shared externally. Anonymization of the datayigkflow consisting of a subset dfto accomplish the tasks.
not a solution either. It would reveal confidential informatiofye assume that the s — {t1,t2,...,T} denotes the
about the organization. For example, a company may Rt of tasks performed by the orchestrator over a significant
want to reveal that in its private estimate a certain perceﬁgriod of time. In the most general form a workflé¥; can

age of its interactions were unsatisfactory. So, realistic d%@represented as a graph(V;, A;) with verticesV;, C V
generation is a major challenge. Note that generating dgkgy edgesd, between vertices if¥;, that model the direct

by representing simplistic mathematical models for agent bgreractions between any two actorslin However, certain
havior does not work. This is due to the dominance of humggks require repeated interactions which are cumbersome to
aspects in service delivery. At the same time, randomizeghresent in terms of direct edges. Therefore, we assume
assignment of performance levels for each interaction is g4t each task is accomplished by a workflow which is
helpful either. It not only results in highly inconsistent dat"f‘epresented as a hyper-edge connecting all the involved
but is also not reflective of real-life scenarios. One wogﬁgms' Abstractly, the hyper-edge highlights the fact that
like to generate data that is close to real-life and reasonagiginteraction involving its agents took place before the task
level of consistency. Generating such a data is a reseagl)|d pe accomplished. Associated with each hyper-edge
topic by itself. Towards this goal, we have developed a Sifg- 3n “outcome” which is a measure of the effectiveness
ulation framework. The framework can be instantiated {3 its execution. In general, the outcome could be a real
generate data which reflect various real life scenarios.  nymber between and1. But, our main interest will be in

Related literature in SNA by computer scientists §§e special case when the workflows are either “successful”
well as sociologists offer starting points for studying serviqp_e’ 1) or “failure” (i.e, 0). We call the collection of
interaction networks. Particularly, the eigen vector basgfents along with the hyper-edges representing the various
approaches seem to be relevant from the point of viewgkks and their outcomes asrvice interaction networks
service interaction networks. We present several ways ¥ instance of a service interaction network is given by
extending this line of work for analyzing service interactiow7 T, Uvter (We, Ry)) where the tuple$iV;, R;) associate
networks. We discuss the advantages and disadvantagegdykfiows with their outcomes. Figure 1 shows an example
each approach. with N = 7 andT = 5.

We also develop an intuitive iterative refinement tech- Typically, workflows are composed by the orchestrator
nique to compute reputations of agents that overcomes sqf§ged on (i) system constraints in terms of capacity and capa-
of the limitations of simply using the aggregates. We illugjjjities of the agents, and (ii) social, geographical, political,
trate the efficacy of our approach both conceptually and ey economic factors. In addition, the orchestrator has to
pirically on data generated by the simulation framework. Weye into account the individual and team dynamics of the
also consider the impact of specific “links” on the service dﬁgents. As explained in the examples presented in the intro-
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duction, it is not always feasible to micro-monitor the work- Tasks Workfiow Ag Outcome
flow executions. So, one of the main themes of analyzing n A A s
service interaction networks is to infer useful information As Ad
about the agents from the high-level measurements across A " F
workflows. For example, ? °
e How does an agent impact the success of the workflows 3 ,%:2/ As 5
in which it is involved? :
e What is the impact of involving a specific subset of 2 A\)/AA; F
agents on an workflow? Specifically, how does the 4
existence of a link between two agents affect the success Ay
of workflows in which they are involved? 5) AL T~ 4 s

e Are there any dominant or influential agents emergir,}ggure 1: An example withV' = 7 actors andl’ = 5
in the network? workflows

Note that an obvious approach to tackle the above
questions is based on aggregating. For example, to measure
the effectiveness of an agent, one could just measure the
fraction of the successful workflows of all the workflows i®Y Newmann [15, 16, 17]. Some of the well known exam-
which the agent is involved. Similarly, we can extend it t8/€s are the studies on the “small world” phenomena in such
assess effectiveness of direct links and larger subsets. SOffworks [13] and studies on the “shape” of the WWW [5].
of the limitations of such an approach are noted below. Most studies in SNA do not focus on the properties of the

Consider a successful and influensaper-agent who links themselves. Recently, in the context of analyzing tele-
ensures that all the workflows that he is involved in succeddione call-graphs [14, 19], the weights on the links was used
Consider an agemtwho isfailure-pronewhen teamed with to discover communities. However, in our case, the label on
ordinary agents. Let 80% of the workflows lpflso contain the hyper-edge is indicative of the effectiveness of the corre-
a. Let us further say that a large fraction of the resb'sf spondirjg Work.floyv.. Moreover, we are in_te_rested i.n inferring
workflows have failed. The aggregate based approach woi@gutations of individual agents and their interactions.
infer thatb is a highly successful agent. However, we would | we denote the agents as nodes and the interactions
like to infer thatb is prone to failures (and may be needdetween them as edges, then we have interaction networks,
to be targeted in training programs). A different probIeﬁﬁ‘_UCh S|m|lar_ to so_C|aI networks.Centrallt_y concepts are
arises when we use aggregates to make transitive inferené¢dely used in social networks for studying structural im-
Suppose: andd are indeed effective agents. An aggregaRortance of nodes in the_network. For interaction networks,
based method would suggest that it is okay to Composgw§tr_anslate_s, to quantifying the status of the agents baS(_ed on
workflow involving c andd. However, a closer look at directtheir interactions. However, application of centrality for in-
interactions betweenandd may suggest otherwise. teractions networks is non-trivial due to the presence of out-

We consider algorithmic approaches to tackle the abg&@mne of each workflow and there exists preferential relations
questions. We would like them to deal with behavioral ifver the outcomesY(is preferred ovei”). In the next sec-

consistencies of agents, a commonly encountered phenéf{l, We show how to construct an interaction network from
ena in service delivery settings. the workflows and how centrality concepts can be applied to

interaction networks.

2.2 Related Literature In this section, we will summarize )
related literature and highlight the uniqueness of our formd- Interaction Network as Graphs
lations with respect to previous work. Some of the previolrs this section, we model the interaction networks as social
works need to be examined more closely to ascertain thagtworks. The basic mathematical structure for visualizing
applicability to our formulations. Section 3 considers sontlee social network is a graph. The agents are represented
of the previous works as starting point for representation amyl nodes with the linkages between the agents as edges.
analyses. The purpose here is to briefly highlight the uniquigte linkages could arise due to evaluation of one person by
ness of our work. another (friendship, liking, respect), transfer of material re-
The distinction of our setting with the traditional SNAsources (business transactions, lending or borrowing things),
focusing on structural properties of networks of dyadic relassociation or affiliation (club membership), behavioral in-
tions was highlighted in the introduction. An excellent suteraction (talking together, sending messages), formal rela-
vey of the structural analyses in SNA can be found in articlésns such as authority, and biological relationships such as
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kinship or descent. A linkage establishes a tie at the meatues, there are two natural approaches: (1) to construct two
basic level between a pair of agents. The tie is an inherelifterent interaction networks, one for each outcome, and
property of the pair. The linkage in a interaction network {&) to construct a signed value graph with positive edges to
the quantification of the past interactions between any tdenote interactions & workflows and negative edges fbr

agents that happened in the workflows. workflows. First, we shall adopt both these approaches and

Social network analysis is concerned with understardiscuss their limitations. Then we propose a novel approach
ing the linkages among agents and the implications of thekat can also model workflows with finite discrete outcomes,
linkages. Some of the popular topics of focus are: (1) quaather than just and F.
tifying the structural importance of agents in the network; Let A = [d;;] be theN x N interaction matrix that
(2) identifying the core and peripheral agents; (3) analyziegptures the strength of interactions between/Yhagents.
groups and sub-groups; and (4) structural measures of I§ofi, j) is the edge between and j in the interaction
cial capital to identify what features of network contribute toetwork, thend;; is the weight on that edge. Th& has
agents. In this work, our focus is on identifying key agents be constructed from the workflows and let us ignore the
based on the past interactions with the other agents, workingcomes for brevity. With a slight abuse of notation,&lgt
as teams. If the interaction network is modeled as a graggmote thestrengthof interaction between actoisand; in
with agents as nodes, then the edges characterize the strengtkflow ¢. Following are some of the desirable properties
of the interaction. Thé&eyagents can then be identified byf 6%-.
their structural importance in the network. ) _

A relevant stream of research in social network analysié' [No influence]If i ¢ V;
that measures the strqctural importange of an agent relativg [Intra-workflow influence] 5% should be function of
to that of the others in the network tentrality. There the path length betweerand; in G.
are numerous standard measures of centrality [23], each
appropriate for different environments. The four popular3. [Asymmetry] Based on the relative influence of the
centrality measures adegree closenessbetweennesand roles ofi andy, 6fj #+ 6§Z
eigenvectof9, 2].

andj ¢ Vi, thend;; = 0.

4. [Past influence] The overall interactiory;; can be
o Degree Centrality of an agent is a function of number  derived as:
of other agents to which it is adjacent (or directly
— t st t t+1
connected). S =y ol p' < p
t

e Closeness An agent that can be easily reached from
other agents is more central. The first property is a trivial one that emphasizes the im-

_ portance of participation in the same workflow as the neces-
e BetweennessAn agent that lies on more number ogity to qualify the linkage as interaction. Thera-workflow
geodesic paths (shortest paths) between any two agéffisenceallows to differentiate intra-workflow and inter-

in the network has a higher centrality score. workflow interactions. Let and? be two different work-
. . flows. Let
e Eigenvector The centrality of an agents depends on the
centrality of the agents to which it is adjacent. (3.1) (i,7), (j,k) € E; (i,k) ¢ E;
The closeness and betweenness measures are approffett UDekE i¢V;

for networks that model flows and transmissions. Degr$

centrality is concerned witlhhow many others an agent is

linked with. For interaction networks, the centrality of aff

agent depends owmhomhe interacts with antiow manyof 3.3) sl — 1. sto— o

them. Eigenvector centrality [2] is the appropriate measu(ré 4 ik ’ ik ’

for the interaction networks. It takes into account th@.4) o =1 8t =0;

centralities of the other agents with which an agent interacts. \ )

This is relevant to our objective of studying the impact thattuitively, 6!, > 4, asi andk have worked on the same

individuals have in team setting. project, whereas and/ have not. Thus the intra-workflow
Firstly, the interaction network has to be modeled asfluence property is desirable if we have to differentiate

a graph from the workflows. A distinct feature of ouabove scenarios. The asymmetry property is useful if the

problem is the presence of outcomes for the workflowgsponsibilities ofi and j are hierarchically structured. If

which have to be taken into consideration. Given that thes above j, then influence from: to j will be more

binary outcomes' and F’ are diametrically opposite in theirthan that of the reverse. The last property is about how

ﬁe traditional assignment of weights in social networks
mphasizes only on direct interactions:
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Eigenvector centrality measures the centrality of an agent
as a linear combination of centralities of agents to which it
is connected. Unlike degree, which weighs every adjacent
agent equally, the eigenvector weights adjacent agents ac-
cording to their centralities. The agents can then be ranked
based on the component wise value of the eigenvector: If
xrj1 > xj2 > x;3..., then the ranking for the agents are
71,72, 43,.... The idea of using the eigenvector to do rank-
ing dates back to the 1950's [24, 11], which was also later
used to rank pages in the web.

One can similarly construct an interaction graph for
workflows with F' outcomes. The rankings for the interac-

- i s F ara

Figure 2: Interaction network constructed from workflowdon matricesA™ andA™ are:
with outcomes AS ;. A2, A3, AL, A5, AT, Ad, A6
AF . A5 AL, A6, A2, AT, A4, A3

we obtain the overall strength of interaction based on tiffe above rankings are of little help as one cannot be used

individual workflow interactions. The past influence faCthnoring the other and both together cannot y|e|d consistent

pt can be used to model the relative importance of thgnking. For exampleAl is preferable to45, as Al is

influence with respect to time. One can easily see that fgked higher thar5 in S ranking and vice versa iff rank-

judiciously choosingu’, we can arrive at various kinds ofing. However, the preference betwedn and A4 cannot be

past influencesniform, sliding window etc. deduced. Hence, even at the level of pairwise comparisons,
We will now explore the approach of modeling the is not possible to derive preferential rankings.

outcomes using two different interaction networks. Social The second approach is to model the interaction network

networks allow multiple relations to be defined on the sargg a signed graph with both positive and negative links. The

set of agents. Hence, one can define linkages relat8@dtml  signed interaction matrix is given by:

that of related td” workflows. For brevity, we consider them

as two different networks with interaction matricAs’ and (3.8) A — AT

AF. We will use the example in Figure 1 to illustrate this

approach. The\’ is constructed only frons workflows For handling relations with negative status, eigen vector

and we assume symmetdy, = ¢¢,. The intra-workflow based centrality measure was proposed in [4]. However,

influence is modeled as follows: it is only applicable to matrices withalanced structure
If positive edges denote friendship and the negative ones
(3.5) 5t — L denote enemity, then the balance structure exists if friend
N 1) Pt . . . . . .
ij of friend is a friend, enemy of a friend is an enemy, friend

. _ . of an enemy is an enemy, and enemy of an enemy is a
The Pj; is the shortest path length betweérand j in giend. For the signed graphs with balanced structures, the
workflow ¢, where each edge has unit weight. As th@tices can be partitioned into two subgraphs such that
e>t<ample has few workflows, the past influencesfornt  {he |inks within each subgraph is positive and the links
= 1 . ) between the two graphs is negative. One can extend beyond
Figure 2 shows the interaction network of agents moga|anced structures and consider clusters, with more than
eled from the w_orkflows withs outc_:omes in Figure 1. Lety,o subgraphs.  For our problem, clusters and balance
x; denote the eigenvector centrality of agg’randAS_de- structures are not applicable as the pairwise interactions
n_ote the interaction matrix. The eigenvector centrality [2] onveen any two agents cannot be claimed to be positive or
given by: negative based on the outcomes. In the example in Figure 1,
(3.6) ASz — \p A2 and A6 have direptly interacted in one workflow vyiﬂﬁ
' outcome and one witli" outcome. Hence, one also directly
andz is its correspond- galimot use techniques for ranking webpages with negative
S.
¢ The problem with the above modeling approaches is the
implicit assumption that and F’ are diametrically opposite
3.7) ;= 1 Z 55%7 Vj ogtcomes. In thg_follqwing,_we assume them to be ogtcc_)mes
A ; with differentutilities, including negative. Then the pairwise

The\ is the largest eigenvalue &f°
ing eigenvector. In the linear summation form, the abo
reduces to:
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interactions cannot be negative by themselves, even if it has
resulted in anf’ outcome. We propose a novel technique,
where the outcomegs, F'} are included as agents in a Y
directed network. The main rationale for the specific directed 5"
graph construction that we use is the fact that the outcomes A
have certain fixed utilities and we would like to rank the
agents based on the utilities of the outcomes; that is, there
is inherent asymmetry between the normal agents and the
special agents corresponding $oand F'. Therefore, we
create directed edges that allow the utilities (or the influence)
of the outcomes to be transmitted to the agents, but disallow
any transmission in the reverse direction. Details of the
construction are as below:

t o 1 lf Rt = S
(3.9) Os; = { 0 otherwise

t I ifRe=F Figure 3: Interaction network with' and F' as agents
(3.10) 0p . = .

J 0 otherwise
The interaction between the outcomes and the agents are
directed: centrality scores are given by:
(3.11) 8t p, =0, Vj, Vt, VR,
(316) Ij = Z yjiei
The interaction matrixA is of order(N +2) x (N +2) i

that is directed and hence not symmetric:
Note that by constructionr, ; = 0, v;; = 1, Vi and

. ij =  Odj i (F7), Vi, 7 . Hence, the centralities of trmitcomesre unaffected:
@12 o 6i5(S) + 6i; (F), Vi,j €V VR;. H h | f thoa ffected
(3.13) Op, i = 2(55{ . Yj, VR, xR, = eg,. If the vectore denotes the judiciously chosen
o " B utilities, then the centrality score essentially captures both
. the interactions among agents and outcomes, and the utilities
_ — t )
@14 din = Xt: 05, Ry V> VE of the outcomes. Following is one possible assignment to
The directed interaction network corresponding to thg.17) e = 1, VjeV
example in Figure 1 is shown in Figure 3. 3.18) e — o
One of the problems with the directed constructioﬁw' 57 r

is that the eigenvalue centrality cannot be directly used

for directed graphs. However, we leverage a result By the agents have equal status and theand F' have
Bonacich [3] in which it is shown that a centrality measuf@®Posite status with some high value other that 1. Table
called alpha-centrality (similar in spirit to the eigenvectorl Shows the rankings obtained fog = 10, er = —10,
centrality) can be computed for directed graphs. The m@ﬂd for various values aoft. T_he Iarg_est eigenvalue ok
computational task of thalphacentrality is given by the i A = 6.222. Observe that in a suitable range @f the

following: rankings seem to show consistency. As far as we know, there
is no study on choosing the appropriateand e that gives
(3.15) r=(I—-aAT)"le rise to consistent rankings. We are currently exploring ways

to automatically compute the range ferand the vectoe

The vector is exogenous source of information and paraméiat give rise to consistent rankings.

ter « reflects the relative importance of endogenaivk \er- The proposed technique of modelifgand /' as agents
sus exogenoug:) factors in the determination of centralitycan easily be extended to finite discrete outcomes with differ-
The centralityz is shown to exist fof < x < 1/), where ent utilities. This section dealt with ranking of agents based
A is the largest eigenvalue &. Thee is an external sourceon historical interactions and outcomes. In the next section,
of status that is independent of the interactions. g;etde- we develop an iterative algorithm that aims to discover how
note the entries in the inverse mat(ik— aA”)~1. Then the the agents contribute to the outcomes of their workflows.
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o Ranking in this fashion, we restrict them to tHe, 1] range. At all

0.01 A2, A3, Al, A4, A6, A7, A5 time, we maintain the best assignment so far. The procedure
0.02 A2, A3, Al, A6, A7, A4, A5 is terminated when the fraction of the explained workflows
0.05 A2, A3, Al, A6, AT, A4, A5 is above a threshold” (say 0.95) or if the fraction of the
0.08 A2, A3, Al, A6, A5, A7, A4 explained workflows by the assignments in the lasbunds
0.10 A2, A1, A3, A6, A5, A7, A4 does not increase by a minimum threshald, As we can
0.12 A2, Al, A3, A5, A6, A7, A4 always begin with aggregate weights,

0.15 A2, Al, A5, A3, A6, A7, A4 _ .

e; =1,Vj; e5 = 10, ep = —10; A = 6.222; PrRoOPOSITION4.1. The assignment returned by the itera-

tive approach is at least as good as the aggregate based
Table 1: Ranking of agents usiagcentrality measure ~ method.

Our algorithm is also very fast. It is easy to verify the

4 Iterative updates approach following:

In this section, we present an iterative approach to infeBROPOSITION4.2. The running time of the iterative ap-
useful information regarding the impact of agents on theiroachisO (< -|I|) where|I| represents the size of the input.
workflows.

One of the ways of measuring the impact of an agentt's .Otur aptproach |fs ”easny Exte;ied tto. |rt1fer t?e |mpac|'F (?(f
to assign a weight in the range[6f 1] that is indicative of the . € Interactions as foflows. =ach direct interaction or a fin
modeled as #ink agentwith a weight associated with it.

agent’s contribution towards success/failure of workflow! h . )

Let w,,Va € V be the assignment of weights to the agents. € _algorlthm Just pres_ented can now be run on the set of

Given these weight assignments and a specific workfld)%i'v'dual agents e_md link agents with the outcomes qf the
S ew W . workflows as the input. In fact, when the workflow is a

W, let wey = =iZpr be the average weight of the, ocedence relationship, it does not even change the running

agents belonging to the workflow. One way to explaffine. This approach can be extended to larger subsets in

the outcome of the workflow is to compare the averaggimited way. For subsets of constant size, sayve can

weight to certain thresholds associated with the outcomggnsiderhyper-edge agentsf sizek. In this case of course,
For instance, letS; and F; be two thresholds in the ranggpe running time would also depend o'

[0,1] corresponding to successful and failure workflows
respectively. The assignment of weights is said to explain
the outcome of a successful workfloW if wge,, > S;.
Similarly, for a failed workflow, we require,, < F;.

For simplicity, let us assume that the outcom@ss
are either0 (failure) or1 (success). Our approach extends
directly to the continuous case. Aggregate based method of

Success:—

Failure: -----

{200

assigning weights would average the outcomes of the agent’s F B P
>, cw, R Workflow Compositions Workflows with Outcomes
workflows. For an agent, w, = 7|{t}ZemZ}| . Let f be the

fraction of workflows that are explained by the aggregatigfigure 4: An example that shows the advantage of iterative
based approach. Our goal is to significantly improve tBgproach.

fraction of explained workflows in comparison fo

Our idea is very simple. We start with any valid
assignment of weights to agents. For each workflow that is To get an understanding of how our approach helps
not explained by the current assignment, update the weigldésget better explanations, consider the example shown in
of the agents belonging to the workflow in small quantiti¢sgure 4. In this example, there are four agents, namely,
in such a way that the gap between the threshold and AtsB, F,S. The LHS of the figure shows how a set of
average decreases. Specifically, we iteratively improve thi#0 workflows are assigned as edges between two agents.
assignment by considering all unexplained workflows ithe numbers on the edges indicate the number of tasks
each iteration. For each workflow that is not explained, vessigned to the edge. For examplé) tasks are executed
update the weights of all the agents involved in its executibg an interaction between and B. The RHS of the
by a very small quantity. If a workflow’s outcome is 1 and figure shows the outcomes of the workflow executions. The
it is not explained, we increment the weight of each of imiccessful workflows are highlighted by solid lines and the
agents bye. Similarly, if the workflow’s outcome is O andunsuccessful ones by dotted lines. Ageéhts the most
it is unexplained, then, we reduce the weights of each of éfective agent who is able to ensure success of all the
agents by the same quantity While updating the weightsworkflows he is assigned. A naive aggregation approach
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would assign effectiveness values 1o, 0.6, 0.6, and 0.6 requiring different functionalities in the form of a chain (to
to S, F, A, B respectively. If we assume that an averade=gin with), iii) to push the workflows through the network
above0.5 is required to explain success and an averagkagents in which the agent behavior is close to real-life,
below0.5 is required to explain failure, then, these values aaed (iv) to measure the outcome of these workflow execu-
able to explain onlyi 100 workflows. The failed workflows tions. In the order of their simplicity in implementation, this
betweenF, A and I, B are not explainable. However, danvolves three aspects (i) mechanism to create the network of
single iteration of our refinement algorithm with= 0.0004 agents and the set of workflows (ii) modeling the behaviors
computes the effectiveness of different agents as: = of the agents in the face of a sequence of workflow assign-
l,er = 0.34,e4 = 0.52,ep = 0.52. Itis easy to check ments (iii) ways in which the workflows are assigned to the
that these values explain all the workflows, including thegents during the simulation. We present the details of our
failed ones. Thus, our heuristic is designed to capture tplatform in this sequence, simple to complex.
process of readjustment by focusing on workflows that need The simplest part of the simulation framework is to in-
explanation. We present the details of our experimentatistantiate it by creating the agents and setting the capacities of
with this approach in the next section. the agents. In our formulation, we mentioned that the work-
Discussion. Note that the weights oft and B in the flows can be general subgraphs on the set of agents. How-
above example is not a good reflection of their abilitiesver, currently in our framework, we represent workflows as
However, when these weights are used in future assignmeptecedence driven chains. Each stage of the chain is speci-
their true ability will be reflected. Readers familiar with théed by a functionality required at that stage. Each agent is
multiplicative weights update methods [12, 1] would immesndowed with a capacity and a set of functionalities that it
diately notice that our updates are additive. The reasorc@ perform. So, the assignment of workflows to agents has
that our notion of explanation is based on averages. Fortosatisfy the following constraints: (i) each stage is assigned
stance, in the above example, penalizing unexplained faitecan agent who can perform the required functionality and
workflows by a multiplicative update ¢fi — §) would drive (ii) the capacity constraints of the agents and the links as-
the weights ofA, B, F' to very small values, thus worseningigned to the workflow are not violated. There are also ca-
the solution. Perhaps, one could change the notion of exgacities on the link between two agents that capture the op-
nations to suit the multiplicative updates as well. Here, vegational constraints of interaction between the two agents.
restrict ourselves to average based explanations and hd&bgesimulation framework allows simple text based initial-

additive updates. ization of these fields from domain experts. It can also be
initialized based on certain well observed phenomenons like
5 Computational Results power law etc. When a workflow execution is completed, the

As mentioned in the introduction, it is difficult to get realcorresponding agents recover the capacities reserved for it.
life data on the effectiveness of the workflow executiod¥l long, we associate a weigh, with each agent < V

in service delivery. At the same time, modeling agentdich is independent of the weights assigned by the algo-
and interactions by standard mathematical models is A§iM in Section 4. These weights are used in the simulation.
useful either as they are not representative of real-life data. Modeling the behavior of the agents is a very key as-
Therefore, it is essential to generate data that is as clos®6t Of the simulation. Clearly, it is unreasonable to capture
the real-life data as possible. In context of service delivefye human element by simplistic mathematical models. Var-
where there is a major fraction of human element involve@Us parameters, such as external factors, personal traits of
the task of generating realistic data is a challenging resea®@¢Nts €tc. can affect their behavior and are difficult to cap-
topic in itself. Techniques for such a simulation framewofki'eé mathematically. Two different effects of agent behavior
is not the main focus of this paper. However, developiftj the service delivery should be captured as well. Firstly,
a simulation framework and technigues to generate reali§#€n competent agents can feel the monotonicity of simi-
data is one of our long-term goals. Here, we present #& jobs and might slip into complacency, especially when
current implementation of our simulation platform and hoRerforming similar tasks on a repeated basis. Secondly, the
we use it for our experimental purposes. Our framewofgents al_so have_a capability to Iear_n on the job thus making
is flexible and easily extensible so that experts with domdftem decidedly different from machines.

knowledge can quickly transform their experience to usable W& model the complex patterns of agent behavior by
models that can be used by the simulator. starting with simple models and modifying such predictable

behavior with unpredictable and dynamic aspects. The
5.1 Simulation Platform The goal of the simulation plat-Simple form of an agent’s behavior is a normal distribution
form is to build a simulation environment consisting of ij¥ (»,v) where0 < p < 1 is the mean of the weights
a set of agents each of whom is capable of performindtacontnbutes to its workflowsw is the variance of the
specified set of activities,ii) to generate realistic workflowontribution. ~Associated with each agent is a parameter
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d,0 < d < 1 that indicates the probability that the agentaggregation method.

performance deviates from expected behavior and takes a Let7 be the number of workflows and be the number

random form. This captures the unpredictability aspect a@ff actors in the service interaction network. We found that

an agent. the improvement achieved by the iterative technique is not
We extend this simple framework to incorporate differniform for all combinations of' and N. Our experiments

ent aspects of agent behavior as follows. Firstly, we tresatggest that in a particular range of the ratio of number of

the succession of similar jobs done by an agent as a randesks to the number of actor/N, the iterative algorithm

walk with success probability corresponding to its standasdems to do particularly well. We also studied the effect

profile. Now, the complacency aspect is introduced by asi-the presence of super-agents and failure-prone agents on

ing the question, “what is the likelihood of a long walk othe performance of the iterative technique. We generated

only successes in such a random walk?” Based on this primistance with varying number of workflows and agents, with

ability, we introduce complacency at a given stage for a givand without the presence of special agents. For assigning the

agent. The learning aspect is handled as follows. Let us camrkflows to the agents, we followed all the three policies

sider a workflow that is assigned to a subset of agdntiset mentioned in the Section 5.1. In our set-up, we uSed-

the average weight of the agents as maintained by the simiu= 0.5, ¢ = 0.005 and different values of the threshald

lation engine is abovs,. We treat the workflow as a succesghe fraction of workflows that need to be explained for the

Even though the workflow was a success, some of the agaigorithm to terminate. A summary of the our findings is:

may have a performance model which indicates an expected . , )

response belov§,. We take this as an instance of the agent ® The per.forl_”r?ance of the iterative approach Is not af-

learning on the job. Once an agent gets ticked a certain num- [€Ctéd significantly by the presence of special agents.

ber of times, we update his performance model to capturg The performance of the iterative approach is not af-
this learning. Lastly, to simulate scenarios such as the one fected significantly by the choice of the heuristic for

illustrated in Section 4, we also add special agents charac- 4ssigning workflows to the agents. The improvement
terized asuper-agentandfailure-proneagents. The failure is slightly less in the case of greedy assignment.

prone agents are superseded by the presence of super-agents.

The trickiest part of the simulation is the assignmente In general we are able to improve the fraction of the
of the workflows to the agents. The assignments affect the explained workflows in the range 0f20. As expected,
agent behavior in a non-trivial manner as described above. we do special agents when they are present.

In our gur_rent implementation, we have multiple heuristics As mentioned above, the improvement achieved by the
for assigning workflows to the agents and we generate dzi\ta

; . Iterative method is not uniform over differefit/ NV ratios.
corresponding to each of the options. One of the ways . .
0 ) B R . ne of the patterns we observed is that when the ratio
assigning workflows is to “load balance” the agents in terms

. . . . I close to1, the improvement is not significant as the
of their capacities. Second is the greedy way: choose ta\é}éra e based approach performs quite well. As the ratio
set of agents which has the required capacity and has best g bp P d :

expected weight of success. Note that this aspect affects'rg-(l:ler)(f?;i; it rll:nﬁrosvae; Eﬁgo iaece;tsgb?rri?wg?kflmseins the
complacency of the agents and we do not have any me 9 y hian, Y
of controlling it as of now. The third option is to make%he fa

random assignment at each stage of the workflows: ama ct that the complexities introduced by the model make

. . |tn9ery difficult to explain the outcomes by associating a
all the agents with surplus capacity and who can perform the

required functionality. choose one randoml single weight to the agents. The table in Figure 5 shows
q Y Y- the improvement while keeping the number of actors fixed.

Figure 6 shows an approximate plot of how theN ratio

5.2 Experimental Evaluation We used the simulation : L
) affects the performance. Note that the horizontal axis is not
framework to carry out our experiments. We generated n-
{

), the improvement is not significant. This is due to

stances of service interaction networks by first creating a n g scale. The purpose of the figure is to capture the trend at

work of agents and then pushing a certain number of wor _étwo extreme sides of the input sizes.

flows thro?J h them. The E))utcomge of the workflows was de- Our experiments with different strategies for assigning
) 9 ' . . an workflows to agents did not affect the performance of

cided by the average of the weights of the assigned age[H S

(¢.s maintained by the simulation framework). The iterative - approach in any significant way. It only Iower_ed the im
) . . . rovement to the range 6f15. But, the patterns of improve-
analysis presented in Section 4 was run on the resulting ser- ; ) .
L ; ' ment over differenfl’/N ratios remained same. Therefore,
vice interaction networks. The efficacy of our approach was

. : . we present our experimental numbers across all our experi-
measured based on the how it could improve the fraction of P P P

the workflows that were explained by the final weight ag]ents without making a distinction about the workflow as-
P y 9 s'%nment method. The table in Figure 7 shows the perfor-

signment as opposed to the fraction explained by the SIMR&nce of the two approaches for different combinations of

386 Copyright © by SIAM.
Unauthorized reproduction of this article is prohibited.



#Agents| #Workflows | % of Ag. Apr. | % of Iter. Apr. | | #Agents| #Workflows | % of Ag. Apr. | % of Iter. Apr.

250 500 74 90 6 10 77 90

250 2000 64 81 10 10 73 91

250 10000 57 77 100 100 69 84

250 60000 62 78 125 1000 62 81

250 80000 46 61 125 5000 63 79

125 500 67 82 250 500 71 92

125 1500 62 81 250 5000 56 79

125 5000 63 79 250 100000 38 50

125 10000 66 78 , . :
175 30000 YV 55 Figure 7: Comparison of the two approaches for different

choices ofT" and V.

Figure 5: Comparison of the two approachesiass in-

creased while keepiny constant to include link agents and get similar performance benefits.
It is not difficult to extend the simulation framework to gen-
erate workflows that are subgraphs on the set of agents. But,
1.0 —— lterative Approach capturing the impact of interaction between subsets of agents
_________ ) -<--  Aggregate Approach now becomes tricky. The iterative approach does not extend

naturally. We are exploring algorithmic approaches in this
generic scenario.

The eigen vector based approaches have had success in
SNA and in related applications like page ranking. A recent
research paper by Kerchove and Dooren [7] has extended this
approach when negative links are present in the network. We
are exploring the eigen vector based approach further in our
Figure 6: An approximate plot of how the algorithm pesurrent work.
forms asl’/N ratio is varied. Let us now highlight other interesting problems in ana-

lyzing service interaction networks. Consider the service in-

teraction network that emerges in the example of Li&Fung.
o ‘As the agents in this case are ISVs, they do not possess

T and N. For each combination, we generated many ithe knowledge of the global network. However, as different
stances and the table captures the average behavior. \JB&flows are passed through them and they interact with the
mean and the variance of the improvement obtained by tigier |SVs, they start discovering parts of the network. When
iterative method over all the experiments wergd and0.05 4 large number of workflows have been pushed through the

0.5+

fraction of explained workflows

1 O(N
T/N ratio ()

respectively. system, an interesting question that emergesdsighere a
_ ) small set of agents who, if they combine their local knowl-
6 Discussion and Future Work edge of the network, can reconstruct a significant portion

Analyzing service interaction networks is one of the impoof the global network?This seems to be an important as-
tant aspects of the emerging service engineering disciplipect of risk analysis in moderately sized networks. Even in
In this section, we highlight some of the interesting reseairicira-organizational networks, such information can be used
problems in this area. We begin by first highlighting some @ promote the identified agents to achieve better overall co-
the interesting extensions to the work presented here.  ordination. Modeling the problem formally and developing
One of the reasons for the dip in the performance algorithmic approaches to this problem is a promising re-
the algorithm as the workflows increase is our attempt $earch direction.
capture the entire dynamics by a single number. One of As highlighted in the introduction, access to real-life
the approaches to deal with this problem is to divide tlgata is a major hurdle for studying service interaction net-
workflows temporally into multiple epochs and to maintaiworks, especially from the point of view of public dissemi-
a separate weight for each epoch. This would improwation. Therefore, realistic data generation using novel sim-
the performance of both aggregate based method and uladion techniques and exploiting domain knowledge of ex-
iterative method. ldentifying the epochs automatically seeperts is essential for studying service interaction network.
to be an interesting way to extend our work. The simulation framework presented here is only a first step
In our current implementation, the workflows are precas this direction. We are currently focusing on exploiting a
dence chains. This makes it easier for the iterative approaombination of innovative modeling and integration of do-
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main expertise to make our simulation framework richer afiti7] Mark Newman.

adaptable to wider range of services scenarios

(18]

References

(1]

(2]

(3]

(4]

(19]
Sanjeev Arora, Elad Hazan, and Satyen Kale. The multiplica-
tive weights update method: A meta algorithm and its appli-
cations. Technical report, The Princeton University.
Philip Bonacich. Factoring and weighting approaches to
clique identification. Journal of Mathematical Sociology
2:113-120, 1972.
Philip Bonacich and Paulette Lloyd. Eigenvector-like mea-
sures of centrality for asymmetric relatiorocial Networks
23:191-201, 2001.
Philip Bonacich and Paulette Lloyd. Calculating status with? ]
negative relationsSocial Networks26:331-338, 2004.

[5] Andrei Z. Broder, Ravi Kumar, Farzin Maghoul, Prab-

(6]

(7]

(8]

(9]

[10]

[11]

[12]

[13]

[14]

[15]

[16]

hakar Raghavan, Sridhar Rajagopalan, Raymie Stata, Andiéf
Tomkins, and Janet L. Wiener. Graph structure in the web. In
Proceedings of the nineth international conference on World
Wide Web (WWWpages 309-320, 2000.

John Seely Brown, Scott Durchslag, and John Hagel. Loos-
ening up: How process networks unlock the power of speciiﬁ-’-3]
ization. InThe McKinsey Quarterly: Special edition on risk
and resilience2002.

Cristobald de Kerchove and Paul Van Dooren. The pagetnﬁ%fl]
algorithm: How to rank web pages when negative links are
allowed? InSDM pages 346—352, 2008.

Brenda Dietrich and Terry Harrison. Serving the services
industry. Operations Research and Management Science
(OR/MS) 33(3), 2006.

Linton C. Freeman. Centrality in social networks: Concep-
tual clarification.Social Networks1:215-239, 1979.

John Hagel, Scott Durchslag, and John Seely Brown. Or-
chestrating loosely coupled business processes: The secret
to successful collaboration.  Copyright by John Hagel
Ill, John Seely Brown, and Scott Durchslag; available at
http://www.johnhagel.com/orchestratimgllaboration.pdf,

2002.

M. G. Kendall. Further contributions to the theory of paired
comparisonsBiometrics 11:43, 1995.

Nick Littlestone and Manfred K. Warmuth. The
weighted majority algorithmInformation and Computatign
108(2):212-261, 1994.

Stanley Milgram. The small world problemPsychology
Today 2:60—-67, 1967.

Amit A. Nanavati, Siva Gurumurthy, Gautam Das, Dipanjan
Chakraborty, Koustuv Dasgupta, Souagata Mukherjea, and
Anupam Joshi. On the structural properties of massive tele-
com call graphs: findings and implications.Rroceedings of

the 2006 ACM International Conference on Information and
Knowledge Management (CIKM)ages 435-444, 2006.

Mark Newman. Scientific collaboration networks: I. Network
construction and fundamental resultBhysical Review64,
2001.

Mark Newman. Scientific collaboration networks: Il. Short-
est paths, weighted networks, and centralighysical Re-
view, 64, 2001.

388

The structure and function of complex
networks.SIAM Reviewpages 167-256, 2003.

Andrea Ordanini and Kenneth L. Kraemer. Medion: the retail
orchestrator in the computer industry. 2006.

Vinayaka Pandit, Natwar Modani, Sougata Mukherjea,
Amit A. Nanavati, Sambuddha Roy, and Amit Agarwal. Ex-
tracting dense communities from telecom call graphs. In
Proceedings of the Third International Conference on COM-
munication System softWAre and MiddlewaRE (COMSWARE
2008) pages 82-89, 2008.

20] Bikram Sengupta, Satish Chandra, and Vibha Sinha. A re-

search agenda for distributed software developmeng8th
International Conference on Software Engineering (IGSE)
pages 731-740, 2006.

Vibha Sinha, Bikram Sengupta, and Satish Chandra. En-
abling collaboration in distributed requirements management.
IEEE Software23(5):52—61, 2006.

Giuseppe Valetto, Mary Helander, Kate Ehrlich, Sunita Chu-
lani, Mark N. Wegman, and Clay Williams. Using software
repositories to investigate socio-technical congruence in de-
velopment projects. IfFourth International Workshop on
Mining Software Repositories (MSRRage 25, 2007.

Stanley Wasserman and Katherine FauSocial Network
Analysis: Methods and Applications€ambridge University
Press, New York, 1994.

T. H. Wei. The algebraic foundations of ranking theory
Cambridge University Press, London, 1952.

Copyright © by SIAM.
Unauthorized reproduction of this article is prohibited.





