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Abstract— During the customer engagement phase it is critical
for the service providers to estimate the impact of service level
constraints on service personnel needs. However, it is often
difficult due to the implication from customer workload. In this
paper we propose an SLA impact evaluation methodology that
uses queueing models to quantitatively evaluate the impact of
SLAs to the engagement cost model.
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I. I NTRODUCTION

SLAs

In today’s world, the technological environment changes
rapidly and spontaneously, thus creating an unpredictable
environment for businesses that attempt to ride the latest technological wave. Environments that acquire little predictability
of the customer’s needs in 3-5 years must have sufficient
agility to respond with quality offerings that are based on
the customers’ predictions of their own future needs. Many
areas, like Cloud Computing, depend on standardization for
delivering the benefit of low cost services to clients. As such,
standardization is a great driver of progress for such areas
and periods of time. While clouds provide the flexibility to
accommodate requests for infrastructure changes, they restrict
how services are delivered, locking customers into standard
service level agreements.
Standard level agreements are designed to optimize the
delivery of services on cost, which is one of the key promises
of IT strategic outsourcing. However, the ability to request
flexible service levels from a service provider could be critical
a business. This raises a critical question from the point of
view of the engagement and delivery teams: how can one
quantify and predict the necessary delivery staffing that will
deliver promised SLAs?
One common strategy used in engagement at predicting the
labor cost in IT service management is through the use of the
engagement cost model. However, most of the the strategic
outsourcing applications (e.g., Unix and Intel platform support,
console monitoring) are more sophisticated than call centers
applications, because of the existence of multiple ticket classes
as well as the non-ticket workload.
In previous work [1] we have discussed a modeling framework based on discrete event simulation. It works well in
service delivery. However, we cannot apply it directly to
engagement because it has the challenge of getting data at
engagement time.
To address the above issue, in this paper we propose an SLA
impact evaluation methodology that uses queueing models to
quantitatively evaluate the impact of SLAs to the engagement
cost model. The proposed approach calculates the SLA impact
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SLA lifecycle management.

while considering delivery workload and effort. It extends the
Erlang-C model commonly used in help desk modeling to fit
into the complex environment of service delivery.
The remainder of this paper is organized as follows. Section II discusses the background for service delivery systems
and engagement as well as the challenges for SLA impact
modeling. Section III presents the proposed SLA impact
model. Section IV reviews related work. Our conclusions are
contained in Section V.
II. S ERVICE D ELIVERY S YSTEMS AND E NGAGEMENT
A. SLA Lifecycle Management
In today’s challenging business environment, many businesses make the decision to focus on their core business and
outsource their ever complex IT needs to service delivery
providers to help keep their current business running and to
continue to meet their IT demands as their business grows. In
order to ensure there is no unambiguous expectation between
the parties, a written agreement called Service Level Agreement (SLA) detailing all the targeted services and their level of
service delivery quality is put in place between the customer
and the IT service delivery so that there will be no misunderstanding or any later dispute about key service targets and
responsibilities of both parties [2]. From a high level glance
and for the scope of this paper, we will focus our discussion
around the involvement of SLA lifecycle management around
four main parties as depicted in Figure 1.
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In Figure 1, during engagement time, the Engagement
Team of a selected service delivery provider works with the
Customer Team to collect their IT and business requirements
either through interviews or questionnaires. With the specified
requirements, the two teams works together to draft a contract
and start to negotiate on terms, conditions, service to be
delivered along with the prices. As the negotiation is going
on, the Engagement Team estimates the cost case model for
this contract which is then used to drive the SLAs. There
are various parameters that are important inputs to the cost
case model such as the numbers of different servers to be
supported, the types of applications and whether they fit the
service delivery provider’s standard offerings or not. However,
the essence of the cost case model is to estimate the staffing
cost (the number of FTEs needed for this contract) so that
the SLA attainment targets could be met and the service
delivery provider remains profitable during the lifecycle of
this contract.
As part of the contract negotiation, objective quantitative
measurements of availability and performance of IT system
as well as business process specified in SLAs will also
be negotiated. For example, to express acceptable service
downtime (e.g. “monthly availability of Individual Web Server
will be no less than 99.7 percent”) or refund policies for
missing service level targets downtime (e.g. “credit customer
two thousand dollars if a monthly average network latency
across the provider ISP access links to the backbone is higher
than 95 milliseconds”) [3]. Before the SLAs are finalized and
agreed by the Customer Team, the SLAs have to be reviewed
and approved by the Service Delivery Competency Team to
make sure the targets promised by the Engagement Team
to the customers are actually deliverable and attainable by
their Service Delivery Support Teams. Since SLA negotiation
happens during the engagement time and there is no customer
data from the customer to validate the proposed SLAs, the
Service Delivery Competency Team approves the proposed
SLAs largely based their experience and on similar SLAs of
customers from the same industry.
Once the SLAs are live, they will be monitored and tracked
in to ensure service quality and performance targets are met.
Analysis can be done to see if the estimates predicted by the
cost case model match the actual cost of the Service Delivery
Support Team. If the discrepancy is too big, the allocation
of the staffing may need to be adjusted and remediation or
recommendation will need to feedback to the Engagement
Team for future SLAs negotiation.

skill (i.e. knowledgeable in a range of IT areas) and the depth
of skills (i.e. master the skill in specific in those IT areas).
Agents are usually assigned to multiple customers whose
service support requires the agents’ skill sets. As service
requests arrive with the severity specified by the customers, the
service delivery center will still prioritize the requests based
on the customer’s SLA in relative to its scope, target time and
percentage attainment for the time frame that being measured.
It has always been a challenge of the service delivery center
to balance the right number of staffing at different shifts so
that even with the random arriving workload, the handful of
agents at any shift can help to resolve the requests without
missing SLAs targets and avoid the associated penalties.
Facing the constant challenge to stay competitive in cost,
performance and customer satisfaction, the service delivery
providers use various modeling techniques to help them balance workload request, service agents service level targets.
However, there are a number of complexities in trying to
model a service delivery center properly. First, in reality
requests with different severity come in at a random rate over
the course of business/calendar and days of the week, they
could be non-uniform. Second, the center could be staffed
with agents with different level skill sets. Third, it is difficult
to model the exact timing of breaks agents take randomly
during their shift. Lastly, the service level attainment level
is not measured on per request basis but instead measured
through out a period of time like a month. In addition, the
service target time can be either in the unit of calendar hours
or business hours; in the latter case, a business calendar is
required [4].
To address these modeling complexities, simulation approach which allows users to accurately capture the complexity
of the reality tends to work better than the analytical models.
As in [1], we chose simulation approach since we were
interested in modeling a services delivery environment. The
solutions obtained must be relevant for the real world services
delivery environment that was being modeled because the
solutions would be implemented in practice. Further more,
simulation modeling allows for what-if analysis and can
support the delivery manager to quantitatively measure the
cost related to service delivery decisions such as (i) changing
the mix of customers assigned to a team of agents, (ii)
unskilled agents (improving agent knowledge or increasing
agent service time), or (iii) including unreasonable contract
terms in customer contracts.
However, during engagement time because of the lack of
data availability and the necessity of fast turn around negotiation time, we choose to use the analytical model to capture
the key queuing effect and apply approximation techniques to
get closer to realistic. Such an analytical model is simple, fast
and can provide a good estimation on SLA attainment with
the right level of staffing.

B. Modeling Service Delivery
Service delivery involves customers contracting with a services provider on a menu of IT services such as security
patch management, network management, and data backup
and restores management [4]. In order for the service delivery
provider to fulfill such services, they usually have teams of service agents serving multiple customers on their work requests.
These agents typically are grouped into teams according to the
depth and breadth of the skills they have, where the breadth of

III. SLA I MPACT M ODEL
In this section we describe the modeling framework for
calculating the SLA impact while considering the interaction
2
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in addition to the per-queue ticket workload stability condition
𝜆𝑖 /𝜇𝑖 < 𝑐𝑖 , 𝑖 = 1, 2, . . . , 𝑁 .
The main scenario of using the SLA impact model is to
estimate the labor cost (or FTEs) under different SLA terms.
The estimation procedure consists of four distinct steps, which
is depicted in Figure 3 and summarized as follows:
1) Collecting Workload and Effort Data: There are two sets
of data to be collected for constructing the SLA impact model:
workload data and effort data. The workload data captures the
incoming ticket workload. It includes the workload volume
and severity percentage. Both can be obtained from the ticketing system. The effort data defines the working time that the
service agents spend on the ticket. Since this data is usually
unavailable for new customers, we resort to the historic effort
database which stores the effort time from existing customers
collecting through timing studies.
2) Defining Baseline Staffing: While the SLA impact model
quantifies the SLA impact through the queueing-based delivery
operation, it does not capture all engagement factors that are
used to estimate the labor cost. In contrast, the engagement
team typically uses the so-called engagement costing model to
quantify the impact of a large number of engagement factors
but not the SLAs in most cases. Due to the complementary
nature of the two models, we resort to the engagement costing
model first to come up with the baseline staffing from the
standard SLAs.
3) Calibrating Model Parameters: We calibrate the SLA
impact model to ensure that under the standard SLAs the

)
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In addition to the ticket workload, we specify the service
agents to work on non-ticket work if the corresponding ticket
work queue is empty. This specification allows the work
conserving behavior of each queue and keeps the above SLA
attainment level calculation intact. Given non-ticket workload
with arrival rate 𝜆0 and service rate 𝜇0 , the following inequality defines the stability condition to be satisfied for maintaining
the overall queueing stability

𝑐
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with service workload and delivery effort.
The overall model structure is first discussed in detail.
Subsequently, we summarize the model usage scenario.
Queueing theory is the study of ”the phenomena of standing,
waiting, and serving” [5]. Many forms of queueing models
have been studied in a vast of literature and applied to
various real world problems. In this paper, we choose to build
our model based on the Erlang-C formula, which captures
the multiple servers (a.k.a., service agents) nature of service
delivery and has the closed form solution for tail probabilities.
The Erlang-C formula is also known as the 𝑀/𝑀/𝑐/∞
or simply 𝑀/𝑀/𝑐 queueing model in Kendall notation. An
𝑀/𝑀/𝑐 model assumes Poisson arrivals, exponential service
times, 𝑐 number of servers, infinitely many waiting positions,
and first-come first-served queueing discipline. The ErlangC model has been widely used in telecommunication systems
and especially call center applications to calculate the required
number of operators subject to given call volume and desired
waiting time. However, we cannot directly apply the Erlang-C
model to service delivery applications. because of the existence
of multiple ticket classes as well as the non-ticket workload.
In this paper we propose a mixed multi-queue Erlang-C
model as an extension of the standard single-queue Erlang-C.
As shown in Figure 2, the overall ticket workload is divided
into multiple sub-workload where 𝜆𝑖 indicates the arrival rate
for class 𝑖, 𝑖 = 1, 2, . . . , 𝑁 . Each queue is servicing an single
ticket service class with 𝑐𝑖 service agents and 𝜇𝑖 per-agent
service rate. The SLA attainment level can be calculated as
the probability that the ticket resolution time 𝑡𝑖 will be less
than or equal to the target time 𝑇𝑖
=

(3)
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Fig. 3.
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where 𝑥𝑖 = 𝜆𝑖 /𝜇𝑖 denotes the traffic intensity and 𝐶(𝑐𝑖 , 𝑥)
denotes the Erlang-C function [6].
3
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model will give the same staffing recommendation as the
engagement costing model. This is conducted by calibrating
the non-ticket workload volume and effort time. Also note that
the non-ticket workload volume and effort time are typically
not available from the customer as the data input.
4) Conducting SLA What-if Analysis: Given the calibrated
SLA model, we will be able to conduct two types of whatif analysis. The first is to calculate the SLA attainment level
subject to the staffing and SLA requirements. The second is to
calculate the staffing subject to meeting the SLA requirements.

constraints on service personnel needs. However, it is often
difficult due to the implication from customer workload. In this
paper we proposed an SLA impact evaluation methodology
that uses queueing models to quantitatively evaluate the impact
of SLAs to the engagement cost model.
The model can answer many questions that our current tools
cannot, especially with respect to the impact of SLAs on resource requirements. Is the current staffing sufficient given the
expected workload (both incident and non-incident) without
backlog growth? Are the SLA target times feasible given the
expected service times? Is the current staffing sufficient to
meet the SLA target times?
While the initial results are encouraging, there are several
areas for further research. First, we would like to extend the
model structure to capture more realistic features of service
delivery. Second, we would like to have complete evaluation
studies to help us bring the model to its full capability.

IV. R ELATED W ORK
As it is important to avoid missing SLA target during
runtime, there are quite a few publications touched on how
to avoid SLA violation from different architecture angles. [7]
proposed an approach for SLA violation prediction model
based on machine learning regression techniques and trained
using historical process instance at defined checkpoints during
runtime for composite services. [8] proposed an approach
using analysis on historical workload and applied predictive
and reactive provisioning to minimize SLA violations for their
data center in power consumption and resource allocation. [9]
presented a generic ontology-based approach to monitor SLA
for violation.
From a slightly different angle [10] proposed a model to
maximizing profit for service delivery provider while minimizing the SLA violation probability using a combination of
efficient SLA-aware routing and intelligent admission control.
Authors from [11] investigated profit maximization model
using mathematical model with optimization-based profit maximization strategy for data center to voluntary load reduce
while still meeting the commitment to their SLA customers.
[12] proposed to use simulation with stochastic approximation
to reach optimal staffing and while maintaining service level
attainment. In [13], the authors proposed using fixed-queueratio rules for routing their workload in order to keep staffing
cost optimal while achieving SLA targets. [14] modeled a
single-class calling center using a queuing model with Poisson
arrivals to balance the number of staffing including hiring
temporary operators without missing the SLA target.
[1] described a simulation model using real historical data
from large service delivery center to provide a baseline as-it
and what-if analysis for their system performance with their
SLA attainment. [15] focused on modeling the dispatching
aspect of the delivery service center where incoming requests
were prioritized according to the up-to-date SLA attainment
targets. The works discussed above were SLA modeling related either for avoiding violations or for aiming to maximizing
profit, they all focus on modeling SLAs during runtime. In
contrast, our paper is looking at the whole lifecycle of SLAs
and focuses on the SLA engagement/negotiation phase, with
the challenge of limited data availability.
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V. C ONCLUSIONS AND F UTURE W ORK
During the customer engagement phase it is critical for
the service providers to estimate the impact of service level
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