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Abstract. Enterprises and IT service providers are increasingly challenged with 
the goal of improving quality of service while reducing cost of delivery. Effec-
tive distribution of complex customer workloads among delivery teams served 
by diverse personnel under strict service agreements is a serious management 
challenge.  Challenges become more pronounced when organizations adopt  
ad-hoc measures to reduce operational costs and mandate unscientific transfor-
mations.  This paper simulates different delivery models in face of complex cus-
tomer workload, stringent service contracts, and evolving skills, with the goal of 
scientifically deriving design principles of delivery organizations. Results show 
while Collaborative models are beneficial for highest priority work, Integrated 
models works best for volume-intensive work, through up-skilling the population 
with additional skills. In repetitive work environments where expertise can be 
gained, these training costs are compensated with higher throughput. This return-
on-investment is highest when people have at most two skills. Decoupled models 
work well for simple workloads and relaxed service contracts.  

1 Introduction 

Service-based economies and business models have gained significant importance 
over the years. The clients and service providers exchange value through service inte-
ractions with the goal of achieving their desired outcomes. Given the focus on the 
individual customer’s value and uniqueness of the customer’s needs, the service pro-
viders need to meet a large variety of expectations set by the customers. This is the 
primary reason for the service delivery to be labor-intensive where human interven-
tion and interaction is unavoidable. 

Service providers aim to maintain the quality of service by structuring their service 
delivery (SD) operations as service systems (SS). A SS is an organization of resources 
and processes that support and drive the service interactions so that the outcomes 
meet customer expectations [ 22][ 19].  The size, complexity, and uniqueness of the 
technology installations require specialists at provider’s end to support customer 
needs. In addition, customers require multiple business functions, applications and 
technologies to be supported. Hence their workload tends to be complex and dynamic.  
The specialized service workers (SW) or human resources of a SS are teamed together 
in order to serve the service requests (SR) or work of the customer.   

We motivate the study by presenting the IT Service Management SS where a  
service provider maintains complex systems and infrastructure of the customer as 
described in detail by authors in [ 21]. When system interruption or degradation occurs 
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i.e., a server goes down or a network link is broken, the customers request for service 
to be restored in the form of tickets or service requests (SR).  In a typical IT infra-
structure set up, there are several dependencies between the supporting systems. 
Hence, a ticket resolution often requires multiple systems to be analyzed and rectified. 
Fig 1. depicts the dependencies between such systems. A single SR stating “Unres-
ponsive and slow Web server” would require service workers to check the web server, 
the database server and the storage space to identify root cause and resolve the SR.  
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Fig. 1. Sample of IT Service Management Dependencies and Service Delivery Models 

The SS team in a delivery organization can be arranged based on their skills and 
competencies. We use SS team and team interchangeably in the paper. Each team has 
skills in the domain of specialization. The customer work then gets delivered out of 
one or more SS teams. We classify customer work as complex when it requires sup-
port of more than one skill domain or technology for its resolution.  As complex cus-
tomer SR arrives at the delivery organization, it requires the different teams support-
ing it to work towards its resolution.  Depending on how the SS teams have been or-
ganized, the following structures are imposed on the SR resolution workflows.  

• Decoupled Workflow: When multiple teams work independently on a complex 
customer SR, with each team only responsible for partial resolution of the issue, 
it imposes a Decoupled structure on the SR resolution flow. No single team has 
ownership of the SR and the work is completed sequentially by teams working on 
parts of it.  This often results in complex work taking longer to resolve as it tra-
verses multiple teams. The structure is prevalent when complex SR is handled by 
different teams as shown in Figure 1. 

• Collaborative Workflow: When the complex SR is handled by experts from mul-
tiple teams, working on the SR simultaneously, it imposes a Collaborative struc-
ture on the SR resolution flow. In this case effort of multiple people is locked in 
parallel but the quality of work improves. As indicated in Figure 1, experts from 
teams work together to complete the SR. 

• Integrated Workflow: In cases where a team is composed of multiple skill specia-
lizations, the SR may be handled by multiple skills within the same team. Here 
the SS team owns the SR and one or more multi-skilled people work towards its 
resolution. This imposes an Integrated structure on the resolution flow. While 
customer satisfaction is highest in this model due to tightly synchronized 
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workflow, the cost to the provider is higher from perspective of supporting mul-
tiple skills. Figure 1 depicts an integrated workflow where the team has both da-
tabase server skill and storage system skill required for resolving an SR. 

The above workflows form the basic building blocks of any complex delivery envi-
ronment and define a Service Delivery Model (SDM) followed by the Service System 
to meet the customer expectations. The choice of a particular SDM influences SLA 
performance, costs, work completion times and learning. The teams, depending on 
how they handle work, in turn cater to a particular SDM. Henceforth we focus our 
analysis on the three SDMs. Since each has its pros and cons, a static one-time deci-
sion that is universally applied to all customers may not suffice. Especially with ser-
vices business revenue being close to a billion USD for major providers, its success is 
strongly related to the trust and satisfaction of its existing customers. In the face of 
customers’ unique expectations it is imperative to understand and weigh the design 
choices at hand.  This necessitates a superior decision process regarding which cus-
tomer workload, service contracts and skill distributions effectively map best to which 
SDM in terms of efficient, timely and cost effective delivery for the provider.  

Current literature in services delivery [ 8,  6] focus on optimizing staffing for simple 
customer work following the Decoupled model, where work arrivals across technolo-
gy teams have very little or no correlation. When the work is complex, authors [21] 
focus on improving SLA performance for higher priority work using the Collabora-
tive model, but the throughput of the high volume work noticeably suffers.   

Contributions: In this paper, we aim to analyze different SDMs from the perspective 
of performing complex work and focus on multiple performance parameters of SLA, 
throughput and utilization.  Learning is modeled in workers as they perform repeated 
activities.  The cost versus performance tradeoff for training on additional skills is 
analyzed to understand the optimal number of skills workers should be trained on. 
Different rework scenarios are studied that can lead to quality degradation.  We define 
the best SDM as one that:  (a) has the best SLA performance, throughput and resource 
utilization across all priorities of work  (b) has least amount of degradation in the 
performance parameters in the event of  high rework (c) has the least cost of delivery. 
The goal of this work is to establish insights into the best SDM under specific work-
load, SLA and learning environments and discern the improvements (if-any) that can 
be achieved by adopting a hybrid model. To the best of our knowledge this is the first 
work that addresses the above perspectives of service delivery design to this detail, 
and offers key insights. 

This paper is organized as follows: Section 2 describes the different aspects of 
complex work and how they are affected by the SDMs. Section 3 introduces our si-
mulation model and the various parameters of interest. Section 4 presents the experi-
mental analysis and section 5 presents a review of the related work. 

2 Complex Work in Service Systems 

We now cover the background on the generalized service operations and present dif-
ferent aspects of delivery models for complex work resolution in service systems. 
Depending on the teaming principles in place, a customer’s work could be supported 
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by one or multiple teams following different delivery models.  An SS is typically 
characterized by: 

• A finite set of customers, denoted by ,C supported by the service system. 

• A finite set of shifts, denoted by ,A  across which the W service workers (SW) 
are distributed. 

• A finite set of skill domains, denoted by ,D  with L  levels in each skill. 

• A finite set of priority levels, denoted by the set .P  
• A finite set of service requests (SR) raised by the customer that arrives as work 

into the SS 
We next discuss the work arrivals, SLAs of the SR, and service times and skills of 
workers in context of supporting complex customer work. 

2.1 Work Arrivals 

According to existing body of literature in the area of Service Delivery systems [ 8 6, 
8], work arrives into a  SS at a finite set of time intervals, denoted by T , where dur-
ing each interval the arrivals stay stationary.  Arrival rates are specified by the map-
ping ℜ→×TC:α , assuming that each of the SR arrival processes from the vari-

ous customers iC are independent and Poisson distributed with )( , ji TCα  specifying 

the rate parameter. When there is a correlation between the work arrivals across dif-
ferent teams supporting a customer, it denotes a complex SR from the customer that 
requires attention from multiple skill domains. In this case, the independence property 
still holds for the first team where work is performed.   

2.2 Service Level Agreements 

SLA constraints, given by the mapping ( ) 2,1,,,: 21 =ℜ∈→× irrrPC iγ  is a 

map from each customer-priority pair to a pair of real numbers representing the SR 
resolution time deadline (time) and the percentage of all the SRs that must be resolved 

within this deadline in a month.  For example, ( ) 95,4, 11 =PCustomerγ , denotes 

that 95% of all SRs from customer1 with priority P1  in a month must be resolved 
within 4 hours.  Note that the SLAs are on the entire SR itself, which means for com-
plex work the targets apply to resolution across multiple SS teams. 

2.3 Skill 

In a multi-skill environment, given D  domains of skills, let the vector 
))(),...,(),(( 10 irrr dsdsdsSr =  denote the required skill levels required for a SR 

r , ,0, DiDdi ≤≤∈  where SRrDsr ∈→ ],1,0[:  denotes the required skill 

function that returns the level of skill required in each of the domains to complete the 
service request r .  Similarly, the possessed skill defined for each worker w  is given 

by ))(),...,(),(( 10 iwww dsdsdsSw = , where ,],1,0[: WwDsw ∈→  returns a 

real number between 0 and 1 representing the level of skill that agent w  possesses, 
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relative to each domain element. Further, 0 denotes no skill and 1 denotes perfect 
skill. Assuming at least two levels of expertise,  2: >=→ NDL returns the num-
ber of discrete levels defined for each domain (minimum two levels). Work assign-
ment via dispatching looks at the vectors Sr  and Sw  while deciding the best match 
between work and resources. Fig. 2 shows two existing skills in the domain 

={ }2,1 DD  , each with two levels of skill = {High, Low}.   

 

Fig. 2. An operational model of service systems (SS) 

2.4 Cost 

The cost of delivery is directly related to the cost of the resources working in the SS. 
Let 

lDCC −  be the base cost of the resource in Decoupled model with single skill exper-

tise at level l.  The base cost is assumed to be higher for higher skilled people (i.e., 
l2l1CC lDClDC >∀> −− ,21 ).  In contrast, the Integrated model has multi-skilled 

people who would need to be trained on each additional skill.  Let lH be the highest 
skill level of a resource in the Integrated model. We assume that the base cost of a 
multi-skilled resource is dominated by the base cost of her highest expertise.  (S)he 
also has N additional skills, out of which ni skills are at level li.  Let 

ilδ the cost for 

training for each skill to level li . Assuming a linear cost model of skills, the cost in-
curred by the Integrated model for training a multi-skilled resource is then given by:  

       NnwherenCC
i

ilii

i
lDCINT H

=∗+= − ,δ             (1) 

Since  
llDCC δ>−  , i.e., the base cost is higher than the training cost, at lower values 

of N, it makes sense to train the same resource on an additional skill rather than hire a 
new resource. For higher N, it becomes more beneficial to hire a new SW. 
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2.5 Service Time  

The time taken by a SW to complete an SR is stochastic and follows a lognormal 
distribution for a single skill, where the parameters of the distribution are learned by 
conducting time and motion exercises described in [ 6].  Service time distributions are 
characterized by the mapping 

1,1: σμτ →× DP , where 1μ  and 
1σ are the mean 

and standard deviation parameters of the lognormal distribution and represent the time 
a worker usually takes to do this work. The distribution varies by the priority of a SR 
as well as the minimum skill-level required to service it.  For complex work requiring 
multiple skills ( )iDD ,1 the total service time is an additive component of the indi-

vidual work completions and follows a shifted lognormal distribution [ 16].   
Since complex work takes more time to complete, for the sake of maintaining 

throughput, it becomes imperative to assign some work to people skilled below the 

minimum skill-level. When lower skilled people ( )ws  do higher skilled work ( )rs , 

where ,wr ss > the service times become longer. This increase in service time is ob-

tained from an adaptation of the LFCM algorithm (Narayanan et al. 2012), where the 
service time ),( rwn ssμ to finish the nth repetition of work requiring skill rs  by work-

er with skill level ws is given by: 

   ( ) 



















 +

−−

=
n

t

rwn

n

nss
log

1log
1

1,

γ
β

μμ                                      (2) 

where µ1 is the mean service time to execute the higher skilled work for the first time, 

β is the  learning factor, γ  is the skill gap between levels ws  and rs , nt  is the time 

spent by worker at level rs .  Higher the gapγ , and lower the time spent nt , higher is 

nμ . 1μ  represents the longest time to do this type of work, but with work repetitions, 

expertise is gained and nμ  decreases [ 13]. In practice we bound the minimum value 

of nμ  at minμ , which is the lowest service time work rs  can take. The parameters 

min1 ,,, μγβμ  are learned by conducting time and motion studies [16] in real SS to 

measure the exclusive time spent by a SW on a SR. As given by Eqn. (2), slower 
learning rates and bigger gaps in the skill required of a SR and skill possessed by a 
SW, both contribute to longer service times.    

2.6 Dispatching 

The Dispatcher is responsible for diagnosis of the faulty component(s) as well as 
work assignment to a suitable worker.  For fault diagnosis the dispatcher intercepts 
the complex SR to determine the most likely faulty component(s) and maps them to 
skill domains that must be consulted (in sequence) for resolution.  The SR then tra-
verses through the diagnosed list of teams. In Fig. 2, a SR dispatched with the tag 
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Route { }2,1 DD  , needs to traverse through teams that support 1D and 2D . When 

multiple domains of customers are supported, solving the fault-diagnosis without 
ambiguity is non-trivial [ 24]. Dispatching errors are commonly termed as misroutes 
and may result in wasted time and cause customer dissatisfaction.  With more number 
of supported components, the risk of misrouting is higher.  This is exacerbated in the 
Decoupled model. The Integrated model avoids this to some extent with multi-skilled 
resources being able to handle complex issues within the team.  

During work assignment, SWs are to SRs of the matching skill-level requirements. 
When matching skills are not available higher or lower skilled SW may be utilized for 
servicing a SR. This is referred to as swing and reverse swing respectively. Fig. 2 
shows the Dispatcher routes complex customer work either through the Decoupled, 
Integrated or Collaborative models and decides to turn on swing/reverse-swing poli-
cies based on feedback information from the system.  

3 Simulation Based Evaluation 

There are many challenges in real-life Service delivery operations that make analyti-
cal modeling of a SS a cumbersome exercise [ 6]. These include the aggregate SLAs 
specified by customers, the inter-dependence of work queues, the variation of service 
time distributions with the skill level of the worker, the random breaks taken by re-
sources and the complex preemption rules on the ground. Hence, we resort to simula-
tion as a tool to model the operational characteristics of SS and estimate the perfor-
mance of systems pertaining to the three SDM. There have been other comparisons of 
analytical and simulation-based models that corroborate our choice of simulation as a 
tool [ 11].  We propose a discrete-event simulation model for a SS according to its 
definitions in Section 2 and the parameters defined below.  The model is similar to the 
one proposed in [6, 8] with the main that exception that both work and people can 
have multiple skills.  All our experiments have been conducted with data from SS in 
server support area in the data-center management domain. The data is collected over 
multiple years using tools [6] defined for IT service management. 

Simulation Parameters 
The SS simulated extend the definitions in Section 2 with the following specializa-
tions. 

• T contains one element for each hour of week. Hence, |T| = 168.  
• P = {P1, P2, P3, P4}, where, P1 > P2 > P3 > P4. 

• We assume 3,3 == LD .  The three different levels of expertise simulated are 

{Low, Medium, High}, where, High > Medium > Low. Each level of expertise 

has a least service time distribution ( )minmin ,σμ associated with it (as in Table 

1), which characterizes the minimum time this work type could take. The esti-
mates are obtained from real life time and motion studies  [6]. 
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• Swing: Swing is invoked when Low queue length>10, where low skilled work is 
assigned to a high skilled resource. Service times remain same in this case. 

• Reverse Swing: Reverse Swing is invoked when High and Medium queue 
length>10, where high skilled work is assigned to a low skilled resource. Service 
times become longer (Eqn. 2) in this case. 

• Preemption: Preemption relation  is the transitive closure of the tuples P1P2, 

P2P3, P2P4.  
• Transfer:  In case of work requiring multiple skills and a Decoupled work struc-

ture, the work gets handed over from one team to another. The teams could be 
geographically co-located (transfer time ~30min) or dispersed (> 30min). There 
are no transfer rates in Integrated since multiple skills can be found in single 
team. Collaborative has no transfer times. 

• Lead Time: The time taken to synchronize the availability of multiple workers in 
Collaborative flow. 

• Rework: A percentage of the work is re-opened due to bad quality fixes. Occurs 
when low skilled workers work on high skilled requests. 

• Dispatching: Assigns work to resource with matching skill requirements if avail-
able. If not available, route to the worker with the lowest skill gap. 

• Learning Factor: We assume a default moderate learning rate of β = 0.1 for each 

SW. Table 1 shows the mean and standard deviation ( )11,σμ for the maximum 

service times taken by a resource at each skill level, when the work is executed 
the first  time. These estimates are obtained from the time and motion studies re-
ported in [6]. 

• Misroutes: Dispatching errors cause misroutes and are associated with wasted 
effort in addition to the transfer-times. Thus they map to longer completion times. 

• Utilization of SW: This is related to the productive hours or busy time spent in 
work resolution.  

The interplay of the above parameters and their combined effect is addressed in the 
experimental analysis.  

4 Experimental Analysis 

In this section, we describe our experimental evaluation based on data from four real-
life SS in the server support area. The four skill domains supported include Operating 
Systems, Storage, Database and Web Middleware. The Decoupled, Collaborative and 
Integrated models of delivery are simulated with work arrivals, priority distributions 
and SLA target times as shown in Table 1(left).  In Decoupled and Collaborative 
models, we create 4 teams, each supporting one skill domain. The resources in these 
models predominantly possess medium and higher skill levels, as shown in Table 
1(right), while in Integrated model the reverse is true.  Every SR is dispatched with 
multiple skill requirements. In the Decoupled model, complex work starts at the first 
faulty component and transferred sequentially from one team to another. In the Colla-
borative model people from all teams work in parallel to solve the issue. In the Inte-
grated model, one team is created containing all the 4 skills. The skills are distributed 



660 G.B. Dasgupta, R. Sindhgatta, and S. Agarwal 

 

among the workers based on whether they have (2, 3 or 4) skills each. We assume a 
SW in an Integrated team has only one skill in the highest level, and rest at low or 
medium levels.  Service times follow lognormal distribution for each skill and the 
means get lower with repetitions according to Eqn. 2. Table 1(right) shows the mini-
mum and maximum service times at each level. 

We employ the AnyLogic Professional Discrete Event simulation toolkit [ 4] for the 
experiments. Up to 40 weeks of runs were simulated with measurements taken at end 
of each week.  No measurements were recorded during the warm up period of first 
four weeks. In steady state the parameters measured include: 

• SLA measurements at each priority level  
• Completion times of work (includes queue waiting times, transfer times, and 

service times) 
• Throughput of the SS (work completed/week) 
• Resource utilization (captures the busy-time of a resource) 

For all the above parameters the observation means and confidence intervals are 
reported. Whenever confidence intervals are wider, the number of weeks in simula-
tion is increased and reported values in the paper are within 95% confidence intervals.  
We seed the simulation with a good initial staffing solution from the Optimizer kit 
[ 15] which returned the optimal number of staff to handle the work. 

Table 1. Experimental Parameters (Workload, Skills, Service Times) 

 

4.1 Complex Multi-skill Work  

We investigate the scenario of work requiring multiple skills and correlated ticket 
arrivals across teams with experimental parameters given by Table1. First we handle 
complex work that requires 2 skills and resources are either single skilled (Decoupled, 
Collaborative) or have 2 skills (Integrated).  The experiment assumes 10% misroutes 
and 5-10% rework in the environment. The results in Fig. 3 show that mean values for 
SLA performance with 95% confidence levels. The following observations stand-out: 
(a) Collaborative model works well in terms of SLA performance for higher priority 
work. This re-confirms the assumptions by authors [ 21]. The fact that experts simul-
taneously work on the multiple skills, and their service times are also the lowest re-
flects in the good performance of low volume, high priority work. However in case  
of high volume lower priority work, the Collaborative model does not do well.  
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As multiple people’s effort is locked on higher priority work, lower priority work gets 
queued up and ultimately affects SLA performance. (b) Decoupled does better than 
Collaborative in case of P3 and P4 work.  This is because Decoupled has the least 
synchronization overhead among multiple skills, which works well for high volume 
work. But this lack of tight integration in work resolution workflow, affects the P1, P2 
SLA performance. (c) Integrated does the best across all severities, and clearly has the 
right balance between tight synchronization of critical work and decoupling of larger 
volume work. Interestingly, while people have lower skill levels in Integrated, and 
may initially take longer to service; overall SLA performance is not affected as long 
as there is some learning in the environment.  

Fig. 4 presents performance of all the three models as the rework % increases. On-
ly the P3 performance plot is presented as a representative case, but similar trends are 
observed at other priorities. The performance degradation in the Integrated model is 
the least, as rework increases. This shows that this model has the best appetite to ab-
sorb additional work in case of error situations, without affecting performance. In 
theory it can be argued that rework may be inherently higher in the Integrated model 
as people have lower level of expertise that may result in poor quality of work and 
higher rework % than the counterpart models. Fig. 4 shows that even if the rework in 
Integrated model is higher by as much as 10% than the other two models, the SLA 
performance of the highest volume P3 bucket is still better.   
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Fig. 3. SLA Performance in different Service Delivery Models 

In Fig. 5, we repeat the similar experimentation with misroutes, while keeping the 
rework at 10%. However as misroutes increase beyond 10%, the performance of all 
models degrade uniformly. Since misrouting is related to dispatching errors, we con-
clude that beyond 10% of misrouting in the environment, no SDM performs well and 
alternative methods for error diagnosis [ 24] are needed.  Table2 presents the through-
put and resource utilizations of the different models. At 5% rework and 10% mi-
sroute, the mean throughputs of Collaborative are the lowest, while Decoupled and 
Integrated are comparable. This is because in the Collaborative model multiple 
people’s efforts are simultaneously blocked and the effort/SR is much higher. 

Fig. 6 shows the drop in throughput for the different models as rework increases 
which shows that beyond 15%, the drop in Decoupled throughput is more pro-
nounced. To understand the consistently lower throughput of Collaborative model, we 
look at how long the work took to complete in the different models. Recall that  
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completion time measure both the queue waiting times as well as the service times. 
Fig. 7 shows that at lower severities the completion times are comparable across all 
models, while higher severities see an exponential increase in the completion times 
for Collaborative.   Completion times of Integrated are marginally higher than De-
coupled at all priorities. This can be attributed to the higher service times for multi-
skilled resources. But it does not translate to any obvious throughput disadvantages. 
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Table 2. Weekly Throughput and Resource  

 

 
Table 2 also shows higher resource utilizations for Collaborative for a lower net 

throughput that can be attributed to the longer completion times.  Fig. 8 plots the 
change in utilization as rework in the SS increases.  Decoupled has the best utiliza-
tions which is because of the lowest completion times. Integrated is slightly higher in 
terms of utilization at a comparable throughput.  Overall, Fig. 8 shows that even 
across higher rework %, the utilizations of decoupled remains the best, with the Inte-
grated model following closely.  A hybrid model that is Collaborative for (P1, P2) 
work and Integrated for (P3, P4) achieves best of both and requires only partial ups-
killing of the population.  Based on above results we summarize the following: 

Observation 1: The Integrated model works well in terms of SLA performance, 
throughput and resource utilization across all reasonable rework scenarios. With 
some moderate learning in the environment, the higher service times in Integrated 
have a lower impact on SS performance than the transfers in Decoupled. If the higher 
priority work have tight SLAs and continues to be < 10% of the pool’s work, having a 
hybrid model, can achieve best of both worlds: Collaborative for high priority com-
plex work enables high SLA performance for critical issues.  For high volume, low 
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priority work, an Integrated model that up-skills only 20% of the population with an 
additional low level skill can significantly improve performance and throughput of 
lower priorities.  

4.2 Skills and Learning 

Having established the Integrated model with the most uniform performance across 
the parameters of interest, we now experiment with some of the learning aspects of it.  
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     Fig. 7. Completion Time across Priorities        Fig. 8.  Increase in Utilization with Rework 

The biggest drawback of the Integrated scenario is the higher costs it entails, espe-
cially if the need to up-skill grows.  Our next set of experiments investigates the bene-
fits of up-skilling a resource beyond 2 skills. Table 3 presents the SS parameters as 
the work coming in becomes more complex (i.e. requires 3-4 skills and resources 
possess (2, 3 or 4) skills.  Results are shown in Table3.  Rows 1 and 3 show that for 
complex work, having SW with more skills does improve P1, P2 performance margi-
nally. Also since work now takes longer to complete, we expect throughputs to drop 
uniformly in this scenario. Instead we notice that throughput drops are greater when 
skills per SW are more. This interesting observation can be explained by the fact that 
the people with more skills are now busier for longer, since the work resolution takes 
more time. With certain skills being more in-demand, it results in unique skills in the 
environment being tied up for too long, while incoming work in the queue waits for a 
suitable SW to become available. This is confirmed by the higher resource utilizations 
for lower throughput, when people have > 2 skills. Interestingly, the drop in through-
put is lowest, when people have only 2 skills.  It is therefore more beneficial to split 
highly complex work (requiring 3-4 skills) among multiple resources, than have one 
multi-skilled SW do all aspects of it. The cost implications of having multi-skilled 
SW are shown in the last column of Table3, computed as per Eqn. (1). A blended rate 
(across skill levels) of 80K  per SW per month and an up-skilling cost of 20K  per 
skill is assumed.  We argue that since SLA performance at the higher priorities can be 
independently improved by having a Collaborative model for the critical work, the 
higher costs of multi-skilling a person beyond two skills has limited returns, especial-
ly since it comes with the risk of lowering throughput.  

The sensitivity of the learning factor (β) on the performance of the Integrated mod-
el is shown in Table 4.  Even with a small amount of learning in the system (0.07-
0.1), the performance of the SDM is good. With close to no learning in the system (< 
0.03), however the deterioration in service times is pronounced and this affects the SS 
parameters of throughput and utilization.  



664 G.B. Dasgupta, R. Sindhgatta, and S. Agarwal 

 

Observation 2:  For complex work the return on investment for up-skilling is the max-
imum when resources have at most two skills. Up-skilling beyond that may result in 
little or no benefit in performance. An Integrated SDM works well in most cases, giv-
en that there is some amount of learning in the environment.  

4.3 Workload and SLA variations 

Our final set of results in Table 5 show that all previous observations hold for other 
workload variations and SLA ranges as well. We investigate both bursty traffic as 
well as flat arrivals, with work coming in only on weekdays as well as throughout the 
week.  SLAs are varied in terms of stringency, by increasing the target times. Skill 
distributions are modified in the work as well as resources. The results are presented 
for the throughput and SLA performance parameter for a subset of the scenarios, but 
are seen to hold for the rest as well. When the arrivals are bursty Decoupled perfor-
mance deteriorates. As the skill distributions change, the relative performance of the 
models remains same. When SLAs are relaxed, Decoupled works relatively well for 
P1 performance. However as seen from Table 5, Integrated continually performs bet-
ter than its counterparts across variations in arrival patterns, skill distribution and SLA 
stringency. 

  Table 3. Complex Work requiring >=2 skills         Table 4. Learning factor sensitivity  

 

Observation 3: The Integrated model consistently outperforms the others under a 
reasonable set of workload arrivals, SLA  targets and skill distributions. 

Table 5. Performance comparison, with workload, SLA and skill distribution variations 
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5 Related Work 

The concept of shared service has existed for a long time, for e.g., multiple depart-
ments within an organization shared services like HR, finance, IT etc. However, its 
extension to shared delivery models for IT services has been gaining momentum from 
the last decade [ 5]. A recent study [ 23] of global service delivery centers revealed that 
shared services not only reduces costs, but also improves quality. A body of work 
exists on organizational design principles underlying an effective service delivery 
system [ 1] and resource hiring and training in such models [ 20]. However there is no 
work on generalizing the service delivery models and evaluating the pros and cons 
when presented with different kinds of workloads and work arrival patterns. This is 
the gap that this work addresses. Learning and forgetting curves in production and 
manufacturing industry [ 13] has received a lot of attention. The service delivery work, 
being repetitive in nature can benefit from these results in modeling the effect of 
learning and forgetting on service times. There is another line of work that studies the 
effects of task assignment on long term resource productivity. This is because the task 
assignment impacts mean learning rate, mean forgetting rate, mean prior expertise, 
variance of prior expertise etc and thus has a direct consequence on productivity. This 
paper incorporates some of the manufacturing domain results. The work in [ 18] 
presents a heuristic approach for assigning work by taking into account all these 
factors. How to staff, cross-train them and utilize multi-skill resources has also 
received adequate attention in the past in the context of call-centers [ 7 9]. The work in 
[ 12] advocates that a flexible worker should process a task s/he is uniquely qualified 
for before helping others in shared tasks. This is advocated in work-in-process 
constrained flow-lines staffed with partially cross-trained workers with hierarchical 
skill sets. Experimental results from our simulation are in agreement with many of the 
suggested best practices for multi-skilled resources.  The effect of collaboration 
between teams has also been studied in work in [ 21] which proposes the concept of 
social compute unit. We have used this structure in the collaborative work flow model 
in this paper. The paper [ 10] theorizes how task/team familiarity interact with team 
coordination complexity to influence team performance.  

6 Conclusion 

We perform behavioral analysis of the different SDMs and present insights on their 
performance for changing workload patterns, SLAs, learning and skill distribution 
parameters. These insights have critical implications on optimized service delivery 
and can be used to transform service providers’ work organization by helping deter-
mine which customer(s) work fits best into which SDM.  In future we plan to create a 
platform where these insights are used for automated transformation. 
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