Topics in Service Operations Management

A dissertation presented by
Evrim Didem Giines

to INSEAD faculty

in partial fulfillment of the requirements for the degree of

Ph.D in Management

August, 2004

Dissertation Committee:
Stephen E. Chick (Co-Chair)
O. Zeynep Aksin (Co-Chair)

Luk N. Van Wassenhove

Thomas D’ Aunno

Reproduced with permission of the copyright owner. Further reproduction prohibited without permission.



UMI Number: 3160455

INFORMATION TO USERS

The quality of this reproduction is dependent upon the quality of the copy
submitted. Broken or indistinct print, colored or poor quality illustrations and
photographs, print bleed-through, substandard margins, and improper
alignment can adversely affect reproduction.

In the unlikely event that the author did not send a complete manuscript
and there are missing pages, these will be noted. Also, if unauthorized

copyright material had to be removed, a note will indicate the deletion.

®

UMI

UMI Microform 3160455
Copyright 2005 by ProQuest Information and Learning Company.

All rights reserved. This microform edition is protected against

unauthorized copying under Title 17, United States Code.

ProQuest Information and Learning Company
300 North Zeeb Road
P.O. Box 1346
Ann Arbor, Ml 48106-1346

Reproduced with permission of the copyright owner. Further reproduction prohibited without permission.



Abstract

This thesis studies problems in the management of service processes in which the front
line employee has an important role in matching the offered service level with customer
needs. In doing so, the employee should take the operational implications of different
service offerings into account. Two conditions are necessary for employees to accomplish
this role: The ability to diagnose customer characteristics and incentives to provide the
appropriate service. The thesis consists of three parts, each concerned with specific aspects
of this issue in different service contexts.

The first part assumes perfect diagnosis capability and focuses on providing incen-
tives to employees, in a setting where firms try to generate additional revenue by cross
selling to a certain customer segment. It provides a modeling framework to analyze the
ties between market segmentation decisions, incentives, and process performance in such
service delivery systems. Additional revenues can be generated by providing an extended
service (as opposed to a standard service), and the front line employee chooses between
these two service levels after observing the revenue generation potential of a customer. We
characterize the optimal market segmentation decision, optimal service level choice and a
set of optimal linear incentive contracts that enable their implementation. It is shown that
a market segmentation scheme combining revenue generation concerns with their process
implications is essential for success. Characteristics of appropriate incentive schemes are
identified.

The second part considers the ability to make the diagnosis in a health care setting.
It combines and extends previous work on breast cancer screening models. We model a
service system, which explicitly incorporates aspects of the dynamics of health care states,
program outreach, and the screening volume-quality relationship. Using simulations, the
impact of increasing standards for minimum reading volume to improve quality, expanding
outreach with or without decentralization of service facilities, and the potential of queueing
due to stochastic effects and limited capacity are analyzed. The results indicate a strong
relation between screening quality and the cost of screening and treatment, and emphasize
the importance of accounting for service dynamics when assessing the performance of
health care interventions. For breast cancer screening, increasing outreach, without im-
proving quality and maintaining capacity, results in less benefit than predicted by standard
models.

The third part models the incentives of health care providers to invest in the ability to
make a correct diagnosis in disease screening services. Screening is organized centrally
in some countries (e.g. UK), while it is provided by private clinics or local initiations in
others (e.g. US). This essay investigates potential implications of competition on screening
test quality in a duopoly competition setting. The model accounts for disease prevalence
in population, and patient utility for test quality and transportation to the facility. A
preliminary analysis shows that competition may result in higher or lower quality than the
socially optimal level. Policy implications and further research directions are discussed.
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1 Introduction

The service sector is the largest and the fastest growing sector of the world economy, repre-
senting more than half of GDP in developing economies and 71% in high income economies
[10]. In the US, more than 80% of jobs in the private sector are in services [67]. Although
some argue that there is no real difference between service and manufacturing operations [81],
service operations have unique characteristics not found in manufacturing, notably customer
participation in the service process, intangibility, simultaneity (inseperability of production and
consumption), heterogeneity, and perishability [48]. Among those, customer participation and
heterogeneity are deemed as the ones that are the most important [85]. This thesis investigates
topics in service operations mainly dealing with heterogeneity of services, i.e. variability in
the service delivered to the customer.

There are four factors contributing to the variation in service delivery, as determined
by [50]: heterogeneous customers with different service expectations, lack of rigorous policies
and processes, high employee turnover and the nature of customization. Variation in service
delivery may be introduced deliberately in order to meet heterogeneous customer expectations,
with the aim of increasing satisfaction, hence profitability, as argued by [57]. This can be done
by customizing the service for each customer’s expectations. Alternatively, different service
types can be determined in advance and the one that suits most to a customer’s characteristics
can be offered for each customer.

In doing so, a service type is decided for each customer segment, i.e. a "match" of
service type with customer characteristics is defined. A good match can be defined by scientific

evidence, like a match of treatment with diagnosis groups in health care services. Or, it can be
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defined by management according to a certain criteria, like a match of different loan options
with customers having different income levels.

In ensuring the correct match, the front line employee has an important role, being the
contact person during the service encounter [19]. The dynamic nature of customer characteris-
tics (for e.g. changing health states in the health services context) increases the importance of
the front line employee and makes delegation of service type decision to front line employees
more desirable. In this dissertation, the main issue we focus on is service operations design
and control for service processes in which the front line employee has an important role in
matching the service offered with the customer needs.

Two necessary conditions for front line employees to accomplish this role properly are
abilities and incentives. First, a server should be able to understand customer characteristics
and needs, and to choose the right service level that matches. Second, the server should have
the incentive to indeed offer the right service level. The manager should define what is a good
match, considering the implications of different service levels on costs and revenues. Then the
manager must ensure those two conditions are satisfied to achieve a good “match” in order for
the service to be successful.

The issues that this thesis aims to understand better are: How best to match the service
levels with customer characteristics; how best to design incentive systems that help autonomous
service employees choose desired decisions; the dynamics of customer characteristics and
needs, and the effect of errors in finding a good match between needs and service offerings;
the effect of competition on the outcomes for disease screening services where a good match
is important. This dissertation consists of three essays on service operations management, that

investigate the above issues in different service contexts.

2
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1.1 Summary of Chapter 2: Value Creation in Service Delivery: Relating
Market Segmentation, Incentives and Operational Performance

In Chapter 2, the service context considered is call centers, which represents a huge part of the
service sector in the US and Europe, a key customer contact point. In 2001 there were 55,800
call centers in North America, of which 90% are located in the US [9]. The Tower Group
estimates that nearly 34 billion retail banking transactions were conducted in the US during
1998, growing to 44 billion in 2003, representing 25% of transactions [7].

The chapter focuses on value creation strategies like cross-selling (i.e. to sell a new
product or service to an existing customer) or add-on sales. In mature markets where market
growth is slow, cross-selling or add-on sales are used as strategies to increase the profitability of
existing customers by increasing the revenues generated from existing customers, as opposed
to increasing the market share. These initiatives are part of a firm’s Customer Relationship
Management (CRM) strategy.

We use cross selling as a representative of additional value creating activity, while the
question presented in this chapter is valid more generally. Additional value can be created in
a service interaction not only by cross selling but also by customizing the service, spending
more time and effort to serve a customer and increase customer satisfaction. Cross-selling rep-
resents a higher service level that takes a longer time, but provides an opportunity of increasing
revenues.

The basic idea of a value creation strategy we consider is to provide different service
types to customers according to their needs and convince some subsegments to spend more

money with the firm. Customers are heterogeneous in their willingness to pay for the additional
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product or service, i.e. they have different revenue generation potentials. Since service time
is longer with a cross-selling attempt, which increases congestion, only customers with a high
enough revenue generation potential should be targeted for cross-sell.

Thus, the first task of a manager is to decide which market segment to cross-sell,
which is the strategy that defines the "match". If only a part of the market is targeted for
revenue generation, the strategy is called "service level differentiation”. A market segmentation
divides the customer pool into two or more subgroups, according to their revenue generation
potentials. In the marketing literature market segmentation is commonly done without taking
its operational implications into account, and the operational models commonly assume a given
market segmentation scheme to decide on service type. In this chapter, market segmentation
decision is taken jointly with the service type decision, accounting for the revenue generation
potentials as well as increased congestion caused by longer service time of a cross sell attempt.

In implementation of the defined strategy, customer service representatives have to
decide between a basic service (standard service) or a cross sell attempt in addition to the basic
service (extended service), after they see the customer characteristics, i.e. revenue generation
potentials. Chapter 2 assumes that servers have the ability to observe customer characteristics
perfectly. The main concern is whether they have the incentives to implement the desired
strategy, since they need to put extra effort for an extended service. Then the next task of the
manager is to give the servers the right incentives so that they make the correct match in order
to avoid unnecessary congestion by trying to cross sell to customers who would most likely not
accept the offer. Similarly, they should not miss an opportunity to cross sell to a customer with
high potential of accepting the offer. In this setting, appropriate incentive design is essential in

ensuring a match between servers’ performance and the service provider’s desires, in terms of

4
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service types for each customer segment. Thus we investigate how incentives affect operational
performance and success in implementing policies on market segmentation and service level
differentiation.

In chapter 2 we explore: When is it worth undertaking a value creation initiative like
cross-selling? What are customer characteristics that induce a desire to spend effort on value
generation? Is it better to increase the profitability of all customers by uniformly targeting
all customers of a firm, or should a company segment the market and pursue a service level
differentiation strategy? What server incentive schemes should be used to implement the
desired actions of each strategy? How should these incentive schemes address the tension
between creating value and providing fast and efficient service? Are only value generation
related incentives (like sales incentives) enough to achieve the desired strategies?

These questions are answered using a principal-agent model. The firm is modeled as a
queue, which allows incorporating effects of value creation activities on waiting, an undesired
outcome. The principal (the manager), has a choice between the strategies labeled: remain a
cost center, target all customers, or pursue service level differentiation. The key trade-off that
the manager faces in making this decision is between revenue generated and costs. Revenues
are determined by the value creation effort and customer profitability characteristics. Costs
are in the form of incentive payments necessary to induce the desired actions by the servers,
as well as the system-wide cost due to the congestion effect of the additional effort expended
for value creation. The agent observes the customer characteristics and decides on a service
level, among two service levels, standard or extended service.

The model is unique in that it combines value creation and process related issues,

providing a coherent framework to analyze sales initiatives like cross-selling or service level
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differentiation strategies. The analysis first shows the conditions for different strategies to be
optimal. Value creation strategies are favored for moderately loaded systems where the time
spent for an extended service does not push capacity utilization to a maximum and where the
expected revenue from the extended service is high enough to compensate for the extra cost of
congestion. When the unit congestion cost is relatively high compared to revenues, service level
differentiation is preferred to targeting all customers. Firms that can operate in an integrated
mode, e.g. where marketing and operations jointly optimize the market segmentation decision,
are clearly better off in terms of achieving profitability. The optimal market segmentation
decision depends on the distribution of revenue generation in the customer base.

Once the decision for the best match is made, we illustrate how the desired strategy
can be implemented through the design of appropriate incentive contracts. We show that when
the two tasks being considered have opposite performance effects (like the extended service is
assumed to have in this analysis, by increasing revenues but increasing congestion), then optimal
linear contracts may involve punishments. Furthermore, we find that incentive payments for
these two tasks (for example service and sales) depend on each other, and providing incentives
for only one dimension, as is frequently observed with sales based incentives, can lead to
undesirable behavior. In the setting where we have a sophisticated manager and server who
optimize the market segmentation decision, we show that there is a unique optimal linear
contract.

This chapter appears to be the first model of cross-selling that looks at design issues at
marketing-operations interface. It illustrates the trade-offs between value creation and opera-
tional measures like congestion. It also shows the superiority of market segmentation schemes

that take operational implications into account. The role of front-line employee in ensuring a
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good match between customer characteristics and service level is explicitly modeled and the

structure of incentive contracts are discussed.!

1.2 Summary of Chapter 3: Breast Cancer Screening Services: Trade-
offs in Quality, Capacity, Outreach, and Centralization

Chapter 3 is in the context of health care services, which represents an important part of
the world economy (average global spending on health is 9.1% of GDP [8]). It models a
specific health service: breast cancer screening. Breast cancer is the most common cancer
among women, and the second leading cause of cancer related deaths after lung cancer. Most
developed countries have organized screening programs to pro-actively detect breast cancer
[69], as early diagnosis of most types of breast cancer is very effective. This chapter develops
and analyzes a model on breast cancer screening aiming to contribute to the understanding of
factors that influence breast cancer screening effectiveness.

In a screening program, there are two service levels: screening test or screening test
followed by a diagnostic test. The front line employees are radiologists who read the screening
tests (mammograms) and decide whether there is a suspicion for cancer that would necessitate
a diagnostic test. A “good match” refers to trying to detect the disease at an early stage and
avoid offering diagnostic test when there is no disease (a form of waste). In the screening
services context, there is a clear definition of “good match” because all detected patients are
treated. There is no incentive issue because of the hypocratic oath, a radiologist has incentives

to detect the tumors and to avoid unnecessary diagnostic tests. The more critical issue is the

IThe paper version of Chapter 2 has been accepted to appear in Manufacturing and Service Operations

Management.
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ability of the radiologist to recognize the customer characteristics correctly and make the right
decision.

This chapter models mammogram as a part of the broader screening service delivery
model. Mammogram reading is one of the most difficult tasks in radiology; missing existing
tumors (false negatives) or asking for diagnostic test when there is no cancer (false positives)
are common. Radiologists need to stay sharp in order to keep these errors at a minimum, i.e.
have high screening quality. There are standards set by public health authorities on minimum
reading volume of a radiologist in the interest of keeping screening quality high. However, these
standards differ between countries. We include a model of quality as a function of reading
volume in the system dynamics model of a breast cancer screening program, and use the
standards as a control of the quality level that can be achieved. We model two types of service
(screening tests and follow-up diagnostic tests), a finite service capacity, and the potential of
waits due to finite service capacity and randomness associated with patient scheduling. To this
end, we use a stochastic compartmental model with 21 compartments representing the states
on two dimensions: health status and the state in the health system. We assume a three-stage
health status model, (1) healthy, (2) preclinical, or early stage, breast cancer (3) clinical, or late
stage, breast cancer.

The main contribution of this chapter is that it explicitly incorporates for the first time,
aspects of the dynamics of health care states, program outreach, and the screening volume-
quality relationship in an integrated way. The analysis is concerned with the three most im-
portant factors for screening program effectiveness: test quality, program outreach and service
capacity. The simulation experiments analyze the impact of all these factors on health outcomes

and system costs: specifically the impact of increasing standards for minimum reading volume
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to improve quality, expanding outreach with or without decentralization of service facilities,
and the potential of queueing due to stochastic effects and limited capacity in the simulation
analysis.

Concerns have been raised in public [82] and by screening program organizers [94]
about the waiting times to get a mammogram. This chapter shows that waiting should be a
less significant concern than the quality of screens, unless there is a severe capacity problem.
The analysis also illustrates that screening quality can affect the system load indirectly, by
changing the number of unnecessary diagnostic tests. A comparison of the costs of diagnosis
and treatment after improvements in screening program outreach versus screening test quality
shows that improving screening quality has significant advantage over improving screening
outreach. The results indicate a strong relation between screening quality and the cost of
screening and treatment, and emphasize the importance of accounting for service dynamics
when assessing the performance of health care interventions.

One important element of the model is that it accounts for the dynamics of disease
progression. This allows us to model the impact of operations on the future demand character-
istics, the health state in Chapter 3. A similar model could be used in other service contexts, to
analyze customer profitability over time, for example in a Customer Relationship Management
related problem like the one in Chapter 2.

As in the case of call centers, waiting times are not desirable in the case of breast cancer
screening. In Chapter 2 the congestion cost was a loss in customer goodwill. For breast cancer
screening, the cost of waiting is reflected by the lost opportunity of early detection, which
occurs if the disease progresses to a late stage during a wait. If the quality of screening test is

low, unnecessary diagnostic tests increase the load on the system and may increase the waits if
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the capacity is not sufficient. The interactions between system capacity, screening test quality

and screening program outreach are modeled in this chapter.?

1.3 Summary of Chapter 4: A Model for Disease Screening: Quality

Decision under Competition

Chapter 4 presents a model to analyze potential effects of competition on disease screening
services delivery. Health services are financed and its delivery is organized using different
systems in different countries. In some countries the health care system is funded primarily by
taxes (e.g. Greece, United Kingdom), while in others private sources and insurance provide
funds (e.g. US, Germany). Screening services can be centrally organized in some countries
like in the UK or Canada, or they can be recommended by the public health authorities and
promoted, but not centrally organized, like in the US, where competition plays an increasingly
important role.

The analysis in Chapter 3 highlighted the importance of screening quality. Motivated by
that, and by anecdotal evidence from the US about private mammogram clinics’ complaints on
reimbursement rates, this chapter focuses on the investment in screening quality in a competitive
environment. The main focus is the investment on improving the ability to make a better
screening test, i.e. the screening test quality. Unlike Chapter 3, Chapter 4 does not model the
individual radiologist activities and the evolution of quality as a function of reading volume.
Here we look at quality as an attribute which can be improved through investments like training

or equipment. In Chapter 3, the customer utility was not modeled as a function of quality.

2The paper version of Chapter 3 has been accepted to appear in Health Care Management Science.
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Here we model customer behavior and the customer utility for getting screened as a function
of quality.

The model is simplistic relative to the complexity of the problem by choice in order to
keep the model of competition tractable. The main contribution of this essay is to present and
model the disease screening problem in a competitive setting, and set the ground for further
work for a better understanding of preventive health care delivery system design. To this end,
optimal quality level is analyzed in a duopoly competition and the result is compared with the
quality level that maximizes social welfare.

The preliminary analysis shows that if everyone in the target population were willing
to get screened, and the only differentiation between two facilities from the target population’s
perspective were the screening quality, then a social planner would open only one screening
facility and make all the quality investment there. This is a reasonable policy, consistent with
intuition and considering economies of scale and learning effects that were not considered
in the model. The analysis of the competitive case for two facilities in the same location
shows that there is no equilibrium with two competing facilities. When the two facilities are
located apart from each other, an equilibrium can be achieved. It is shown that if the cost of
improving screening quality is very low, the equilibrium can be unstable. For the stable case,
the investment in quality of profit maximizing providers increases as the demand becomes
more elastic with quality. The implications of these results are discussed.

To summarize, the services in this model are assumed to be either a screening test versus
a screening test plus treatment at an early stage (the diagnostic test is modeled implicitly). The
demand is assumed to be determined by customer utility from screening, a function of the

valuation of screening quality and the distance to the facility, which determines the willingness
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of a patient to get screened from one facility. Like Chapter 3, the main concern here is the
ability to have the right match of the service with the demand characteristics, and to detect the
disease at an early stage. However, Chapter 4 looks at a higher level problem, considering the
industrial organization of the screening service, while Chapter 3 had the perspective of a social
planner, and considers the incentives of managers (i.e. profit maximizing providers) to invest
on the ability to do this match.

Chapter 5 summarizes the conclusions of the dissertation and discusses the limitations

that lead to directions for further research.
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2 Value Creation in Service Delivery: Relating Market Seg-

mentation, Incentives and Operational Performance

2.1 Introduction

In a wide range of industries today, market share growth is no longer significant and growth is
mainly driven by increasing the profitability of existing customers. This increase in profitability
is not only pursued by improving efficiency measures but also by persuading existing customers
to spend more money with the firm [47]. Value creation initiatives like cross-selling are one
form of achieving this aim. Today, these initiatives are part of a firm’s Customer Relationship
Management (CRM) strategy and are supported by a panopoly of IT systems. The global
market for CRM systems, service and technology is estimated to be around $25 billion [16].
Increasingly, however, companies report failures of CRM related initiatives. Among
some of the most cited reasons for these failures are failure to integrate it to the back-office
operations and failure to train and motivate the staff. Indeed, as noted in the Economist (July
2001) [37]; “durable customer relations are partly about clever technology. Mainly, they
require relentless attention to detail: good products, prompt service, well-trained staff with
the power to do a little extra when they judge it right to do so”. Service employees have an
important role in determining customer needs and acting accordingly, since they are the ones
who interact with the customer during a service encounter. Even in environments where good
customer information exists, and automated prompts guide servers’ effort to enhance customer
profitability, the ultimate decision of how to deal with the customer rests with the server. In

assessing the customer profitability, the server uses public information such as past buying
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behaviour, as well as private information such as what the customer says during the phone call.
In this type of a setting, appropriate incentive design is essential in ensuring a match between
servers’ performance and the service provider’s desires.

This chapter focuses on value creation strategies like cross-selling or add-on sales.
Our model captures the deepening of an existing relationship with a customer, where depth
is characterized by additional revenue per transaction and not by additional transactions. In
this setting, we explore the following questions: When is it worth undertaking a value creation
initiative like cross-selling? What are customer characteristics that induce a desire to spend
effort on value generation? Is it better to increase the profitability of all customers by uniformly
targeting all customers of a firm, or should a company pursue a service level differentiation
strategy? What server incentive schemes should be used to implement the desired actions of
each strategy? How should these incentive schemes address the tension between creating value
and providing fast and efficient service? Are only value generation related incentives (like sales
incentives) enough to achieve the desired strategies?

These questions are answered using a principal-agent model. Profitability characteris-
tics of the customers are assumed to be given. The firm is modeled as a queue. The principal, or
the manager, has a choice between the strategies labeled as: remaining a cost center, targeting
all customers, or pursuing service level differentiation. While remaining a cost center is the sta-
tus quo option, i.e., not pursuing any additional value creation activity, targeting all customers
requires expending additional effort on all customers, and service level differentiation requires
additional effort for a segment of the customer base. The key trade-off that the manager is
facing in making this decision is between value or revenue generated and costs. Revenues are

determined by the value creation effort and known customer profitability characteristics. Costs
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are in the form of incentive payments necessary to induce the desired actions by the servers,
as well as the system-wide cost due to the congestion effect of the additional effort expended
for value creation. Using this framework, we show under what conditions each strategy is
preferred, and what type of incentive scheme is necessary to ensure its implementation. In
the first part of the analysis, it is assumed that the segments (high and low) for the service
level differentiation strategy are given exogenously, and both the manager and the server take
these as given. The sensitivity of the results to this market segmentation decision are explored
subsequently, which leads to the second part of the analysis, where the segmentation choice is
a decision variable.

The remaining parts of the chapter are organized as follows. Relevant literature is
reviewed in Section 2.2. The model is introduced in Section 2.3. We analyze the resulting
principal-agent problem in Section 2.4, and characterize optimal strategies and contracts for
given customer profitability and customer segmentation choice. The sensitivity of these re-
sults to the customer segmentation decision is explored in Section 2.8.1. The optimal market
segmentation choice and a contract that allows its implementation are characterized in Section

2.8.2. The chapter concludes with a discussion of the main results in Section 2.9.

2.2 Literature Review

Any value creation strategy requires an understanding of the relationship between customer
needs and service offerings, and how these generate value. The fact that different needs may
require different offerings and thus generate different profits for the firm is the basic premise
that motivates a vast literature in marketing on market segmentation. Proliferation of direct
and interactive forms of communication in recent years have brought concepts like one-to-
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one marketing or relationship marketing to the forefront, leading to a stream of literature that
focuses on estimating customer profitability. These papers typically focus on value estimation
and ignore costs, despite the need to the contrary [49]. The papers that do consider costs
typically include only the marketing costs incurred for a customer in their profitability estimates
[83], or they assume a fixed service cost element ignoring the interaction between service level
and operational costs [18]. For example, [86] explicitly include the supply chain costs in their
model of customer profitability analysis. However they have an activity-based cost accounting
model, which allocates the costs after they are incurred rather than considering the operational
costs explicitly before making the service level decision. This type of analysis is classified
as retrospective by [102], as it is based on historical data. In contrast to this approach, the
prospective approach considers the fact that customer profitability can be changed or influenced
through the service provider’s actions.

The approach in this chapter can be viewed as being closer to the prospective analysis
described in [102]. We assume that the likelihood of generating revenue from a customer
depends on the level of service provided. Thus, customer profitability is determined by the
likelihood of generating revenue from high level service and the associated congestion cost of
offering such high level service to a particular customer. While it may be possible to estimate
profitability for individual customers, typically service levels are determined for a segment of
customers rather than individuals. Thus, we consider the case where a market segmentation
decision separates customers into groups, and customers in a group are assumed to have an
average revenue generation potential, which can be derived from the prior on the distribution
of the revenue for an individual customer. The manager determines the optimal level of service

that should be provided to customers in each segment, given revenue generation probabilities
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and cost parameters. The simplest case with two segments is considered for the analysis in this
chapter. The choice between service levels is represented as a choice between performing a
basic service task or a combined basic and extension task, where the latter represents a higher
service level.

The impact of combining tasks in processes, in terms of its effect on congestion has been
extensively studied in the operations management literature, mainly considering the systems as
cost minimizing units. An important finding is the pooling result, which says that combining
tasks decreases congestion. The importance of various human resource issues in assessing the
performance of a pooled system have been discussed and incorporated in different settings ([72,
24, 92, 95, 25]). The interaction between combining tasks, incentives, and value generation,
that we consider herein, have not been addressed before.

Our model lies at the interface of the problems dealt with in marketing and operations
management. Marketing research focuses on value generation, but since there is no explicit
modeling of the operational side, cannot take this value data to generate action plans in terms
of appropriate service levels. The operations management literature that deals with process
design, on the other hand, focuses on costs, and does not consider the value implications
of various process designs. [4] analyze the congestion effect of a particular value creation
initiative in call centers. The revenue generation from a customer is not explicitly modeled.
[51] model a marketing effort decision analytically in a queueing setting. While their analysis

models value creation from a customer, it only considers direct marketing cost associated with

this value creation effort.
There is a huge literature that deals with incentive contracts and agency problems in

economics, marketing and more recently in operations management. Among the classical
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papers on agency theory, [S4] and [59] assume a generic function for the output rather than
using the models for the underlying operational system through which the effort leads to
outcomes. In marketing, a stream of literature on salesforce compensation has started from
models with deterministic output functions [43] and evolved into agency theoretic models. [13]
present various salesforce compensation plans in a principal agent framework. The assumption
of constant marginal cost is common in this literature (see for example [71]. For a thorough
review of the salesforce compensation literature the reader is referred to [32].

In the salesforce compensation context, our study provides a link between the incentive
and operations problems by explicitly modeling the operational costs of pursuing this additional
value as opposed to assuming a constant marginal cost of production. In the typical setting
considered by the salesforce compensation literature, the server is a salesperson whose job
description is selling. In our model, we consider service settings where the primary role of
the server is to provide service and the additional extension task can be considered as a sales
activity. As such, the sales activity constitutes an additional component of the server’s job
description.

In the operations management literature, there are some studies considering incentive
effects in different operational settings. A good review of this literature can be found in [93].
Studies on queueing systems have more often focused on pricing issues and related customer
incentives as in the articles of [78, 23] and [79]. Examples of papers which consider server
incentives in congestion prone settings are [52] and [100]. The latter considers incentive issues
in service contexts such as medical services or call centers, where there is a gatekeeper who
makes an initial diagnosis of a customer’s problem, and then either solves it or refers it to

a specialist. The effect of different contracts on the referral rate the gatekeeper chooses are
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investigated in an environment where the gatekeeper has an ability (unknown to the firm) to
deal with problems of varying difficulty. The incentive side of our model is similar in structure
to the gatekeeping problem. However, we consider incentive problems stemming from the

variance in processing times and customer identities, as opposed to the server’s identity.

2.3 The Model

We model the provision of a service that can be offered at two different levels. The standard
level requires no effort from the server and generates no revenue. This represents the prevailing
level of service if no value creation is sought by the server. On the other hand, if the server
opts for the high level of service, this requires effort and results in the possibility of generat-
ing revenues. Using this model, we analyze the service level decision, which determines the
customer segment for which the revenue generating high level of service is optimal. Corre-
sponding incentive contracts are characterized. The firm is modeled as a profit maximizing,
single server Markovian queue with unlimited waiting space.

Customer Base and Value Generation: Customers arrive according to a Poisson Process of
rate A. There are two customer types, high and low, which we label as H and L respectively. The
server can observe the customer type at the start of service, and incurs no cost for diagnosing a
customer’s type. For any customer, the probability of being a high type is g, and the probability
of being alow type is (1 —g). Thus, the parameter g determines the size of the high type segment.
The revenue generation potentials depend on the type of the customer and the service level
offered as will be explained later in more detail. The probability of generating revenue R by
offering a high level of service is pg for the high type and p;, for the low type customers. We
also make the assumption that py > pr.
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We illustrate in Section 2.8.1 how these parameters relate to the market segmentation
decision of the firm. Until then, these parameters are taken to be given. The basic model,
where these parameters are taken as given, can be seen as representing the case of a functional
organization, where customer related information and any segmentation decision is taken by
the marketing function and not questioned elsewhere. Thus, both the manager and server in
the operations function take these as given. This assumption is relaxed in Section 2.8.2, where
both the manager and the servers are more sophisticated. The manager determines an optimal
market segmentation scheme, which in turn determines the parameters g, pg, and p;. The
server may not accept this segmentation scheme, unless he is offered the appropriate incentives
to do so. This latter setting represents the case of a more integrated organization, where both
manager and server have an understanding of the entire process rather than just a functional
view.

Service Process and Costs: There are two service levels that can be offered to the customer:
‘standard’ or ‘extended’ service. Server effort is represented by the binary variable denoted
by ey € {0, 1} and ¢, € {0, 1} for high type and low type customers respectively. ey = O or
e;r = 0 represents the case with no effort and ey = 1 or e = 1 the case where the server
exerts effort. Standard service does not require any effort from the server, so the effort is 0. It
generates no extra revenue, hence we normalize the revenue in this case to 0. The service time
for this type of service is exponentially distributed with rate u. The second level, ‘extended’
service, where a service extension is provided, can be interpreted as additional personalized
attention, or a cross-sell attempt. This extension requires effort on the part of the server, so the
effortis 1. As aresult of the server’s effort, a revenue of R is generated with a fixed probability

that depends on the type of customer being served as explained before. This effort is also

20

Reproduced with permission of the copyright owner. Further reproduction prohibited without permission.



reflected in the time spent for the service. The service time is exponential with rate © — &
(u > k > 0) in this case, where k represents the content or complexity of the extension task.
Spending effort is unpleasant for the server, so he has a disutility of Cg whenever ey = 1 or
er, = 1. Given the nature of the extension task, this implies that the server does not enjoy the
sales activity. This represents the direct cost of providing high level service to a customer.

In addition, there are indirect costs due to the congestion experienced by customers in
the system. For any customer, the time spent in queue costs ¢ per unit time to the firm. This
parameter can be interpreted as the loss of goodwill of the customers, or the cost of keeping
the waiting space (for example phone line) busy, and represents the importance of congestion
for management.

Note that in this model, increasing effort results in a decrease in service rate, contrary to
the more common assumption in the literature that increasing effort increases service rate (for
e.g., [52, 64]. An important implication related to this is that high effort might not be desirable,
because of this consequent decrease in service rate, which would decrease the profitability of
the customer (i.e., revenues net of costs of serving that customer) due to the increase in costs.
Information and Decision Structure: We assume there is a manager (she) who wants to
implement a policy rr, which is defined as the effort levels provided for each customer type, i.e.,
7 = (en, er). There is one server (he) who serves each arriving customer after observing their
type. The manager only observes the time spent for the customer and the revenue generated.
She cannot observe the realization of customer type, nor the distribution from which the service
time is drawn. Hence, she does not know if a certain outcome is the result of the server’s effort
choice or of chance. On the other hand, the server does not incur a cost for the waiting time

of customers, and furthermore, he does not like expending effort. As a result, his decision
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may not be optimal for the firm if he is not compensated appropriately. The manager wants to
ensure that the desired service levels are offered to each customer, which might depend on the
customer type. So she needs to find an incentive scheme that would induce the best decision by
the server in the presence of moral hazard (the effort is not observed) and private information
(customer type for a given realization is not observed).

Performance Measures: There are two outcomes that are the results of a server’s effort
decision, which contribute to the overall system performance: service time, x; and the revenue
generated, x2. The manager decides on a compensation scheme and declares a policy, 7 =
(en, er) that she wants the server to implement. Then the agent (the server) decides on the
effort levels (e, er), that maximize his utility (compensation less disutility for effort). The
effort decision is taken once and applied to all customers in a particular segment, i.e., the
decision is not taken dynamically. We assume that the contract is linear in the two outcomes
x1 and x3, and that both the principal and the agent are risk neutral, maximizing their expected
linear utilities.

The manager’s objective is to maximize profits, i.e., revenues minus the costs as pay-
ments to the server and the cost associated with congestion in the system. The first cost
component for the manager is the compensation of the server, w. We define the payment
scheme as

w = a1x] + o2xy @8]
for any customer served, where x; is the service time and x; is the revenue generated for that
particular customer.

We assume that the principal measures performance on a customer basis. For each cus-
tomer served, the outcome measures (service time and revenue generated) are determined and
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the corresponding bonus amount is added to the server’s account. We explore how measuring
performance on average outcomes rather than single customer realizations can change these
results in Section 2.7.

The optimal policy for the firm is determined by taking into account the revenue gener-
ation potentials of the two customer types, and the additional costs for extended service. These
costs include the direct cost of effort by the server, and the indirect cost of extra congestion
in the system. A customer is said to be profitable if the revenue generated from him or her
exceeds these costs. In order to avoid trivial cases, we assume that the direct costs of providing
extension to the low types is less than the expected revenues, i.e., Rpy > Cg, so that when
only the direct costs are considered it is profitable to provide the high level of service to the
low type customers. This makes the problem more interesting, and also allows us to illustrate

the effect of the indirect cost of service extension.

2.4 Model Analysis

The optimal policy analysis is first done for a given market segmentation scheme, i.e., con-
sidering the values ¢, py and p; as parameters. Recall that this represents the case of a
functional organization. In the subsequent section, we discuss the consequences of changing
these parameters when customer segments are redefined.

To analyze the optimal contracts, we will use the two-stage procedure suggested by [54].
This approach is simply to break-up the principal’s problem into a computation of costs and
benefits for different actions taken by the agent. For each policy 7r, we consider the incentive
scheme that minimizes the expected cost of getting the agent to choose effort levels stipulated
by that policy, and then select the policy with maximum profit for the manager.
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The first cost component for the manager’s objective function, compensation, is defined

1 er eLk
Elx] = — — 4+ (Q-g)— 2
bl =+ @y U= D) )

and

Rey with probability pg , if customer is high type

X2 = 1 Rer with probability py , if customer is low type 3

L 0 otherwise

The second cost component is the congestion cost, measured by the average waiting time in the
queue. Note that the waiting time for any customer type depends not only on the service rate
chosen for that type, but also on the choice for the other type. This is because of the effect of
service time mean and variance on the waiting time of a given customer. More precisely, when
the same service rate is chosen for all customers, the service time is drawn from an exponential
distribution and the queue is an M|M |1 queue, whereas if different rates are chosen for the two
types, the queue is an M|G|1 queue with hyper-exponential service times.

The expected queueing time for an average customer can be found using the Pollaczek-

Khintchine formula,
LE[x?]

e = Ga5EmD

)

where m = (ep, er), x1 is the service time and A is the arrival rate. We can write the expected
cost of waiting in line for an average customer as 7 (1) = ¢.W (7r) .

The objective function for the manager, for given effort levels and compensation rates
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is the long run average profit rate, which can be written as:

P _ _ _ EHk
E[IT" (ay,02)1 = Agl(l1 —ay)Rpyen al—u«(u—-k)]
Al = DI — &) Ry ep—a1—EK ) — e —aron
R TR S |

The agent (the server) observes the customer type at each service start, and decides on
an effort level which maximizes his expected utility, which is the expected wage minus the cost

of effort. That is, he solves two separate problems for the two customer types:

1 eyk
E[IT*(a1, a0)|H] = aaRppen + ai(— + ———) — Csen 4)
mo pp—k)
A 1 eLk
E[I" (a1, a2)IL] = ayRprer +a1(—+ ———=) — Cser. (5)
w (e —k)

Equation (4) is the expected utility when the customer is of high type and (5) is the expected
utility when the customer is of low type. Since a policy is defined as the effort levels chosen
for both customer types, there are four possible policies that the principal and the agent can

choose:

1:(0,0) : Standard: no effort for any customer;
2:(1,0) : Differentiation: effort only for high type customers;
3:(1,1) : Extension: effort for all customers;

4:(0,1) : Reverse differentiation: effort only for low type customers.

Analyzing the incentives of the agent, we can show that policy (0, 1) can be dropped from the

analysis.

Proposition 1 Offering extended service only for the low type customers (policy (0,1) ) is never
optimal for the agent.
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Proof. It is easy to see that the agent never prefers this policy if pyg > pr. If itis
optimal for the agent to put effort for low type customers, it must be optimal to do so for high
type as well, since the expected revenue from high type is higher. Hence policy (0,1) can never
be optimal for the agent. m

To find the optimal policy for the manager, we maximize the long run average profits

for the three alternative policies. These can be written as follows, conditioned on the policy

chosen:
A
E[TT? (a1, @2)|(0,0)] = —AT<0,0>—a1; (6)
A
E[NP (a1, a2)|(1,0] = Agl(l — a2)Rpy — a1 ———1— (1 — @)1= — AT(1, 0) (7)
(u— k) w
A
E[MP(@1,)|1, D] = A1 —a2)lgRpy + (1 —q)RpL] — a1 ———— — AT (1, 1) (8)

(n — k)

The first-best solution refers to the optimal solution, which can be achieved when there
is no information asymmetry, i.e., when the customer types and the effort can be observed by
the principal. In this case, since the customer types and effort levels are observed, the agent
will be compensated for the effort he expends. Formally, the first best contract is defined as
a payment for each customer type, different from the contract definition given in (1), and it
can be found solving the following program. Given a policy 7 = (ey, er), this program finds
the first best contract wf® = (wg, wy) that maximizes the expected profits subject to the
participation constraint of the agent, assuming the reservation utility for the agent is zero. Note

that since the efforts are observed, there is no need for incentive compatibility constraints.

max E[T178|(ey, er)] = AR(gpuen + (1 — g@)prer) — AT ()

WH,WL

s.t.

g(wyg — Csep) + (1 —g)(wy —Cger) =0
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In the optimal contract, the constraint inequality will be an equality. The first best contract
compensates the agent as much as his effort cost, Cg, whenever ey = 1 or ef = 1, and pays

O (the reservation wage) otherwise:

w8 = (wy, wr) = (Csen, Cser) )

2.5 Stage 1: Optimal Contracts for Each Policy

We can now solve for the optimal contract under each alternative policy, which constitutes the
first stage of the analysis in the two-stage solution methodology. The complete optimization
program for the differentiation policy, (1, 0), is shown below. For (0, 0) and (1, 1) the results
are presented in the Appendix, given the similarity of the analysis to the case for (1, 0). We
use superscripts F B and * to refer to the first-best solution and the optimal that a manager can
achieve, respectively. In this optimization program, the set of (o1, @y) values that generates a
set of feasible effort levels are defined by the agent’s incentive compatibility constraints ICH
and ICL. In addition, the expected utility that the agent gets from this contract should be at
least as much as the reservation utility, which defines the outside option for the server. This is
the individual rationality constraint (IR2), which defines the feasible set of contracts together
with the incentive compatibility constraints. Finally, we have the constraint oz < 1 to ensure
that the compensation for the revenue generated is not more than the revenue itself. Note that
for any policy 7, the congestion cost in the objective function, 7 (), is a constant. That is, the
incentive contract design problem is not affected by the congestion measure, once a policy is
given. The term 7 (7r) plays a role only in the second stage problem, where the optimal policy

will be chosen.
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Policy 2: Differentiation

A
max E[TT7 (a1, @2)] = Aq[(1 — a2)Rpy — a1———1 — (1 — @)1 = — AT (1, 0)
a0tz (1 — k) m

s.z.

1 1
q(a2Rpy + oy _k~Cs)+(1—61)011; >0 (IR2)
—al +a2Rpy — Cs > ﬂ (ICH)
w—k M
L + a2Rp;, — Cs < 2 (ICL)
m—k 1z
ar <1
PH — PL

a] € [—qCs

, 01
upL +kq(py — pL)
Cs « M— 0 =gk

Rpy  'w(u—k)qRpu
AMRpyg — AgqCs — AT (1,0)

*
o,

E[IT* (a1, a2) (1, 0]

First-best solution:

wf® = (wg,wr) = (Cs,0)

E[M*?|(1,00] = AgRpu —1qCs—AT(1,0)

The optimal contract rates for each policy can be seen graphically in Figure 1.

The numbered regions are the feasible regions for each policy considering the agent’s
incentive compatibility constraints; 1 2 and 3 stands for standard, differentiation and extension
policy respectively. The first best solutions are achieved by the contracts that bind the individual
rationality constraints for the policy, which are labelled by IR1, IR2 and IR3 for standard,
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Figure 1: Optimal contracts and sensitivity

differentiation and extension policies respectively. There are infinitely many contracts for each
policy, in the feasible range determined by the incentive compatibility constraints of the agents
and the constraint oy < 1. Optimal contracts for each policy are designated by the thick lines,
labeled by the policy name.

The contract rates at the end points seen in Figure 1 are as follows:

Ci = (0,0
CZ - (07 Rp[—[)
_ (pu — pL)(L —k)u Cs (n—k)
C; = (—qCs I )
wpr —k(gpag + Q1 —q@)pr) R upr —k(gpu + A —q)pL)
Cs = (—(R(@rpg+A—q)pL) — Cs)(w —k), 1)

In all cases, the manager can achieve the first best solution with the incentive contracts (since
the agent is risk neutral). As a result, the optimal profits for the principal are the same as the
first-best case.

Note that the compensation rates («1, @2) are not independent. The rate offered for
service determines the rate that should be offered for revenue generated. Thus we find that
incentive schemes which have only value generation (for example sales) related incentives,
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commonly found in practice, are not always optimal. The trade-offs between the two perfor-
mance metrics need to be taken into account explicitly for incentive contract designs.

For the differentiation policy, «; should be non-positive, and for the extension policy it
is entirely in the negative region. The negative compensation rate implies a “punishment” for
long service. This is used as a means to balance the commission paid for the revenue generated
and to incentivize the server for fast service. For the differentiation policy, the punishment for
service time prevents the server from doing extended service to low class customers. This is so
because in the optimal contract region (line segment [C3, C3]) the expected commission rate,
o2, is not high enough to compensate for the punishment associated with providing long service
for low class customers, which have expected revenue of Rpy,. Anincrease in R and p;, would
further reduce the commission rate to maintain the right incentives in place for differentiation.
On the other hand, a high effort cost for the server (Cs) increases the commission rate required
to do high level service. In addition, for higher values of ¢ and pp, both the commission
rate and the punishment rate increases. This implies for everything else fixed, a firm facing a
high end market will tend to offer stronger service time and sales incentives to implement the

differentiation policy.

2.6 Stage Two: Policy Selection

In the second stage, the optimal policy is determined, i.e., the strategic level decisions are taken,
given the best performance with each policy. This choice will be made (by the principal) to
maximize net profits, found as revenues net of the cost of congestion and the compensation

paid. In general, we can say that as long as the expected revenue generated is greater than
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the cost of effort, there will be a range of congestion cost values where the value generation
policies, extension or differentiation are optimal. Since there is a trade-off between the value
generated and the congestion in the system, as the unit congestion cost increases, there will
be a switch to the policies which offer high level service for a smaller portion of the customer
base.

Even when the effort is costless for the server, we obtain results which confirm the
above intuition. If Cs = 0, i.e., there is no cost associated with effort for service extension,

then

E[M" (a1, a1, 01 = E[MP (@, a2, D]

(mw—k—2)
kQu—k— A

iff ¢ > Rpruluu —k—2i)+kr(1—q)]

In other words, if the unit congestion cost is higher than a critical value, differentiation is
preferred to offering high level service to everybody, regardless of the fact that it is costless for
the server to offer high level service. As a result, given a fixed market segmentation scheme,
the optimal policy choice is characterized by the critical value of congestion cost which trades
off the extra revenue from extension to a customer segment with the extra load it brings to the

system. The derivation of all the results are provided in the Appendix.

Proposition 2 The critical value of unit congestion cost such that for ¢ > c* differentiation is

preferred to extension is given by

*

(w—k—2) (m — A (u —k)
m(RPL — Cs)l T -

rq].

>|E

Similarly, the critical value of unit congestion cost such that for ¢ > c¢** the standard policy is
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preferred to differentiation is

o (—k)  (u—2) _ (=M —k)
= (Zu—k—k)(RpH Col z

Aql.

When there is only one possible market segmentation scheme, i.e., parameters g, py,
and p are fixed, the optimal strategy the firm follows is found by comparing the unit congestion
cost ¢ with the critical values ¢* and c**. There are three cases.

Case I (¢ > ¢**): the firm is not in a value creation environment, so extension is not suitable
for any market segment. The firm prefers that the operation remains a cost center.

Case Il (¢** > ¢ > ¢*): the firm can apply relationship management or value creation strategies,
but not to its entire customer base. The only customers that are worth spending effort on are
the high type customers. The firm opts for service level differentiation.

Case HI (c < ¢*): all customer segments are profitable and extension is worthwhile for all.
The firm chooses to target all of its customers for additional value creation.

Given capacity (u), profiles of the segments (g, py), complexity of the extension of
service and the abilities of the servers (k), the revenues vs. direct costs of extension (R, Cgs),
and the congestion averseness of the firm (c), the firm will be in one of the above regions,
which dictates the best policy to implement. The value of ¢/(Rp — Cy), i.e., the ratio of the
cost of a customer waiting in line one unit of time to the expected revenue generated from a
customer affects the policy regions’ relative size. The comparative statics results stated below
show the effect of the parameters on the policy choice. By taking derivatives with respect to
appropriate problem parameters, we have the following.

Proposition 3

ac* ac* ac*
¢ C<Oandc
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also

dc** c** ok

, 0 and
2q < 9Cs <0 an oom

> 0.

The range between the two critical values, (¢*, ¢**), determines the attractiveness of
the differentiation policy for the firm. Differentiation becomes more attractive as ¢* decreases
(by increasing the proportion of high type customers and the cost of effort, or decreasing the
revenue potential from low types), or ¢** increases (by decreasing the proportion of high type
customers and the cost of effort, or increasing the success probability for high type customers).
Note that both threshold values, ¢* and ¢** decrease with the size of the high class segment
(g). With a bigger high class segment, the differentiation policy may increase the congestion
too much compared to standard policy, so ¢** decreases. Similarly, a big high class segment
implies a small low class segment, in which case the additional revenue generation potential
of the extension policy is little compared to the differentiation policy, therefore ¢* decreases
as well, favoring the differentiation policy. This implies that the differentiation policy will be
favored by a bigger high class segment size in low congestion cost/high capacity environments,
whereas it will be hindered in high congestion cost/low capacity environments.

We next analyze incentive contract sensitivity to assumptions made in the analysis. In
Section 2.8.1, we explore the implications of changing the market segmentation decision on

the policy choice.
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2.7 Alternative Compensation Schemes and Incentive Contract Sensitiv-
ity

In this section we explore the possibility of control mechanisms other than linear contracts, like

full monitoring via payment over average outcome values and discuss their implementation.

In the model considered in this chapter, the incentive contract is designed such that
payments are made after each customer is served, according to the outcomes observed for
that single customer. The payment per customer scheme is motivated by what is observed
in practice for sales related incentives. Note however that the model also assumes that the
principal can observe average waiting times, and in theory she can use this information to
monitor the actions of the agent indirectly. In that case, knowing the service and demand
parameters, and observing the average waiting times, the principal can calculate the realized
value of g, i.e., the proportion of customers that the server has spent effort on, and pay exactly
AgCs to compensate for the effort cost of the server. This can be seen as a monitoring plan
as studied by [63]. Given a risk neutral agent, both this monitoring scheme and the earlier
proposed linear contract result in no loss of efficiency. Thus monitoring does not improve the
profits for the principal.

A monitoring contract like the one explained above is an alternative solution to the linear
contract, but there are some practical concerns that need to be addressed in its implementation.
For the monitoring contract to be applicable, the payments need to be made after a sufficient
number of interactions so that long-run averages can be observed. Furthermore it should be
appropriate to compensate the server on the basis of averages as opposed to a per customer

basis. Depending on the scale of the demand process and the payment intervals, this might not
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be possible in all settings.

When some of the assumptions made in the analysis are relaxed, monitoring may
become even more difficult to implement. Consider the case when there is a diagnosis cost for
the server for each decision he makes about the customer type. Or a case where the service
extension for the low type customer takes a longer time than for the high type. In both of
these settings, monitoring only the average waiting time will not be enough and information
on average revenue generation will also be required to ensure the proper actions by the server.
Convincing a server that basing their compensation on expected successful cross-sells is fair,
may be more difficult to do than doing so for the waiting time performance, given the possible
volatility in customer revenue generation potentials and arrival patterns in shorter time frames.
To account for the diagnosis cost, the linear incentive contract can be modified such that
ay is adjusted up for the differentiation policy and down for the extension policy. When
each customer type has a different extension task time, the linear incentive contract for the
differentiation policy would be the same, while for the extension policy it can be used with
modified (a1, a3).

Finally, although we consider a single server system, in practice where there are several
servers, it would not be appropriate to attribute the average waiting time to the performance
of a single server. The server, being punished or rewarded for a performance measure that he
does not perceive to be totally under his control, would not be able to get good guidance and
motivation from such a contract.

A second alternative compensation plan is a profit sharing contract, which is a classical
solution suggested by the principal agent literature for the risk neutral agent case. This type of

contract would be possible if the principal could charge the waiting time cost to the agent. In
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our analysis we assume this is not an option because of practical concerns as explained in the
previous paragraph.

This discussion illustrates that the linear contracts are not the unique solution to our
model, though they provide a feasible and robust compensation mechanism under different

assumptions. Next we investigate these contracts in more detail.

Linear Contracts We briefly discuss the robustness (i.e., the ability to induce the desired
action when some conditions change) of the linear incentive contracts to errors in parameter
estimation and contract design, and the impact of deviating from the optimal contracts as a
result of these errors. The capacity of the system w and the revenues R are relatively easy
to assess. On the other hand, the disutility of the agent for expending effort for the service
extension, Cs, can be difficult to quantify exactly. The server himself may have an assessment
of this cost, but can miscommunicate this information to the manager. Moreover, evidence
from call centers shows that this parameter can have a wide range. Servers differ in their
preferences between generating extra revenue and providing fast and efficient service [19].
Similarly, there can be errors in assessing the parameters g, py and py.

There are two types of deviations from an optimal contract. The first is failing to satisfy
the individual rationality constraint as an equality, thereby paying the agent more than his
reservation utility. The second, is failing to satisfy the incentive compatibility constraints of
the agent for the optimal policy, hence getting another policy implemented. The cost of this
error would be either lost revenues (when the policy implemented is differentiation instead of
extension) or increased congestion in the system (in case the policy implemented is extension

instead of differentiation).
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These potential deviations can be visualized in Figure 1. Assume the optimal policy is
differentiation, and the contract chosen is the point C, = (0, ﬁc;j—;). Let the estimated effort

costbe§Cys, § > 1. Then the contract offered moves up from the optimal point C;. For§ < f;—‘z ,
the contract offered is in the region designated by number 2, and this move would be a deviation
of the first type as explained above. On the other hand, for § > ‘;—’L’, the move would be to
a point like ‘a’, and would constitute the second type of deviation. The latter would result in
operational costs due to the increase in system congestion, in addition to the efficiency loss.

The ratio i’,—’L’ is a measure of robustness of the contracts that induce the differentiation
policy, (1, 0). This fraction determines the allowable range for estimation error 8 of Cs. We see
that as py and p get closer, the feasible region for (1, 0) becomes smaller and the robustness
of the contracts deteriorates. Intuitively, as the two market segment’s characteristics differ more
from each other, it becomes easier to differentiate between them and provide distinctly different
incentives for the treatment of the two types of customers. In that case, small estimation errors
in the contract parameters would not cause dramatic differences in the servers’ behavior.

On the other hand, when the optimal policy is extension, if the condition % < m
does not hold, than the linear contract suggests a punishment for the revenue generated and

a positive compensation on the service time outcome. We consider a negative o, value to be

infeasible in practice. Further intuition can be obtained by re-writing the condition as

k 1 pL

(u(;u - k))/; = q(pu — pL)

(10)

This condition is comparing cost and benefits for the extension policy: the ratio of “increase
in service time by extension” and “service time for standard service” should be less than the

ratio of “probability of revenue from low types” and “contribution of high types to success
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probability”. I.e., if the service time difference is huge (k is big) or if the low types’ revenue
generation potential is very small compared to high types (not high enough to compensate the
service time increase on the left hand side) then the extension policy cannot be implemented
via this linear contract.

In conclusion, environments with high ’;—’Z make the linear contracts more robust for
implementation of the differentiation policy while the extension policy becomes more difficult
to implement by linear contracts in these environments. This suggests that the contract design
should take into account the policy choice of the firm. For standard policy, no incentive is
actually needed so a flat salary would be enough. For the differentiation policy, a linear contract
that gives incentives on only the revenue dimension would be appropriate. For the extension
policy, the contract should include both of the two outcome dimensions. Moreover, it requires
a punishment on service time. For some extreme cases, where & is too high relative to the
capacity and the revenue generation potential, the linear contract would suggest a punishment
on revenue, which may not be practical. In those cases, if possible, a monitoring contract could

be used instead.

2.8 Market Segmentation Problem

In the previous sections, we analyzed the policy problem given two customer types and char-
acterized the policy choice depending on the unit congestion cost. However, in reality the
customer types are the result of the market segmentation decision of the firm.

In order to incorporate the market segmentation decision, the model is further developed
as follows. We assume that for any customer, the probability of generating revenue R by offering
high level service is a realization p of a random variable P, which we call the probability of
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success. Management knows the density function f(p) of this random variable, but cannot
observe the realized value for each customer. Given the density of success probabilities f(p),
a segmentation scheme is determined first. This is done by dividing the customer base into
two segments, using a critical probability value 8. Namely, the customers with p > 6 are
defined as the High-type, and the remaining, with p < 6 are the Low-type customers. Then

the average representative success probabilities can be assessed for each segment, where

py = E[P|p > 6] 11)

p. = E[P|p =0]. (12)

Note that for any density f(.), pg > pr holds. Similarly, for each arriving customer, the

probability of being a high-type, g, is found as

q = P(customer type = H) = P(p > 0) =1 — F(0). (13)

This parameter determines the size of the high-type segment. In this section, we first demon-
strate the sensitivity of the policy choice and the profits to the market segmentation decision

and then solve the optimal market segmentation problem.

2.8.1 Sensitivity to Market Segmentation

Determining a market segmentation scheme corresponds to the selection of a value for 6. Each
customer has a potential for generating a revenue R. However, unless the server chooses to
undertake an extension task, this potential cannot be realized. The parameter k represents the
content of this extension task, and can be seen as a measure of customer needs. Thus, revenues
are not generated unless customer needs are met. The higher these customer needs, the higher
will be the k£ parameter, and as a result the higher the impact of extension on congestion and
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costs. In other words, the parameter k characterizes the operational impact of the value creation
activity on the system. Hence, the optimal choice of 6 can be seen as a market segmentation
decision that takes into account both customer revenue generation potential and customer
service needs. In this section, gains from optimizing @ are illustrated by analyzing the case
where 6 is fixed first and then the policy decision is made, taking this 6 value as given.

‘We can characterize the policy choice as a function of these two key parameters: the
additional load that service extension brings, k, and the threshold for the minimum probability
of success for a high type customer, 8. Using the results of the analysis in Section 2.6, for any
given value of @ policy choice can be defined by critical values of k as follows:

Case I (k < k*(@) ): extension policy is optimal

Case II (k*(0) < k < k**(0) ): differentiation policy is optimal

Case III ( k**(0) < k). standard policy is optimal

The following result provides some structural properties of the curves £*(8) and k**(6).

All proofs are in the Appendix.

Proposition 4 k**(0) > k*(0) for all & € (0, 1),and k*(0) and k**(0) are non-decreasing

with 6:

ok Dk
> .
30 =0 g =9

The result states that for any given market segmentation decision, the maximum afford-
able load for the extension task is lower for the extension policy than it is for the differentiation
policy. Moreover, as the high type segment size decreases, i.e., 6 is increased, extension tasks
with higher complexity (i.e., higher k) can be supported by the value creation strategies, exten-
sion and differentiation. When the policy is standard, the profits are the same for all values of 6
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Figure 2: Policy choice for different customer profiles

(equivalently (g, pH, pr)). Similarly, the profits are the same for all extension policies, since
there is no market segmentation in practice and all customers receive the same service. This
observation drives the following result, which points out the importance of optimally selecting

6.

Remark 5 For a given customer profile, a segmentation scheme 0 that leads to the selection of
the differentiation policy as optimal (k*(0) < k < k**(0)) by definition yields higher expected
profits compared to a segmentation scheme 0’ that leads to the policies ‘extension’ (k < k*(9’)

) or ‘standard’ (k**(0") < k) as optimal.

This observation shows that making the segmentation decision cleverly would pay off,
leading to higher profits. In other words, if we can make differentiation the optimal policy with
a given customer profile through an appropriate choice of 6, we are better off than targeting all
customers or remaining a cost center.

We illustrate the gains from optimizing the market segmentation decision 6 with a

numerical example shown in Figure 2, where the curves k*(6) and £**(0) are plotted for three
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success probability density functions. Note that all curves have a positive slope as indicated
by Proposition 4. In this figure, the optimal policy is extension in the regions to the left of the
lines E Di, standard on the right of the lines D Si and differentiation in between these two lines
for each density function i.

The result stated in Remark 5 is illustrated by the move from points A to B, and from
D to C. With these moves into the differentiation region, the profits are increased only by
changing 6. In addition, the effect of task complexity is illustrated by the horizontal moves.
For example, while point C is in the differentiation region, when k increases we may move to
a point such as A, where the standard policy is optimal and no value is generated. Then an
optimal decision would be a move to a point such as B, by increasing 6.

To sum up, we have made three observations: First, the differentiation policy is poten-
tially the most profitable policy. Second, the policy choice hinges on the market segmentation
decision, so in order to achieve the maximum profits (using a differentiation policy if feasible),
6 should be chosen optimally. Finally, the optimal 6 choice is a function of k, representing
the content or complexity of the extension task, and the success probability density function.
Given these observations, the next question we address is: what is the optimal value for 8, and

how do we enforce it given the private information of the server?

2.8.2 Market Segmentation Decision

Up to this point, the analysis is done taking the market segmentation variable 0 as a parameter.
In this section, & is a decision variable, both for the principal (the manager) and the agent
(the server). Recall that this represents the case of an integrated firm with a sophisticated

manager and server. In this setting, # = 0 indicates choice of the extension policy, 8 = 1
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the standard policy and 0 < 8 < 1 implies the differentiation policy. The manager declares
her @ decision. However, the server can choose another & without the manager observing it,
given the private information he has about the customers and his objective of maximizing his
own utility. Therefore the contract (¢, @) should be incentive compatible for the marginal
customer (who has success probability 6) rather than the average customer for the particular
segment, unlike the previous analysis of Section 2.4. There is only one incentive compatibility
constraint that imposes indifference between offering standard and extended service for this
marginal customer. The reservation utility for the agent is taken to be zero.

First let us define:

1 d 1

pr@ = LF@dx | reax
Jo f(x)dx 8
2 !

wey = r =Rtk k) Jo f)dx)

R (=R = 1) — Mk [ F()dx) (e — )

Then the optimization problem that the principal solves is as follows:

max E[I1] = A(1 — a2)Rpr(@)q(B) — ra( 2©) + d- q(@))) — AcW(0)
6,x,02 M — k 122
Ss.t.
6 1—q(®
a2Rg©)pn(®) + or (L2 + STy — Coq0) = 0 (IR)
a2RO + oy —Cs = al—l- (o)
n—k w

Since the efficient solution satisfies the individual rationality constraint as an equality,
for any given value of @, the optimal contract (o1, «3) is at the intersection of the two constraints,
(IR) and (IC), which is found as:

(pH =) (L —k)n
—kq(pr — 0) + 6(u — k)
C p—k
SR(=kq(pu — 6) + 0(i — k))
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We see that there is a unique optimal (linear) contract for the optimal market segmenta-
tion scheme as opposed to the infinitely many contracts in the case where 6 was not a decision
variable. Moreover, this contract requires a punishment for the service time component.

This optimal contract is a function of the variables determining the system capacity and
the complexity of the value creation task, p and k, as well as the variables defining the server
disutility and customer characteristics, Cs and f(-). The comparative statics analysis shows

the following result.

Proposition 6 Assume a market segmentation decision 6, and a segment size q. For two cus-
tomer pools X, Y with densities of success probabilities f(p), g(p), if X = Y forp > w > 0

(iel— F(p)>=1—G(p)Vp € [w, 1] ) then the magnitude of the contract rates for both task

(X) r)

dimensions is higher for X thanitisforY. ie., a;" <o’ and aéX) @)

>0,

This result compares two customer pools, one with more concentration on the high-
end compared to the other, and shows that firms operating in a high-end market should give
more commission rate for the revenue and more punishment for the service time. In a high-end
market, in comparison to another, low-end market, a higher average success probability imposes
high punishment in service time to balance for it. This in turn implies a higher commission
rate for the revenue, since for the marginal customer, the success probability is the same for
both markets (which is 8).

Having found the optimal («1, «3), the program reduces to finding the 6 that maximizes
the objective value, given this contract. The following result characterizes the unique optimum

for the market segmentation problem:

44

Reproduced with permission of the copyright owner. Further reproduction prohibited without permission.



Proposition 7 Let f(x) > O forall x € [0, 1] and 8’ be the solution to

1
- - ) — 2 e =
(RO — Cs) (. — k)(u — L) — Akq(6)) 2n k=K c=0.

Then the optimal 8 = 0* is found as: 0* =60" if 0<0' <1, 6* =1 if¢’ > 1.

The optimal cut-off point for the market segmentation problem, 6* equates the expected
marginal revenues from offering extended service to a customer with success probability 4, to
the cost of expected congestion with that definition of the high-type segment. So for a customer
with success probability p = 8*, we are indifferent between offering standard service and
extended service.

Then the long run average profit rate would be as follows:

E[I1|0*]1 = 2q(0™)(pu(®")R — Cs) — AcW (67) (14)

The optimality condition implies that for Cg > 0, § = 0 would never be optimal. In
other words, it is never optimal to offer extended service to all customers. There is always
some portion of customers, for whom even the direct cost of effort would not be paid off if
the extended service is offered. This implies that the strategy of targeting all customers is only
possible in settings where you have the type of server that has Cg = 0. In a setting where
the value creation activity being pursued is cross-selling, this implies that an optimized cross-
selling initiative has to be targeted. The common approach of attempting a cross-sell on all
customers is clearly not supported when servers show the slightest disutility with respect to the
sales activity. On the other hand, a very large unit congestion cost ¢ or a very high utilization

rate A/ u satisfies the following condition and makes 6* = 1.

((u =R —1)% _

R= ) om—k—mrk =€

(15)
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If the condition given in (15) is satisfied then the standard policy becomes optimal.

Next, we provide some comparative statics results for the optimum.

eqe . . . A . ae* He*
Proposition 8 a)Optimal 6 increases with k, and G be, Gr > 0 and Fmike 0
b) Given two customer pools X, Y with densities of success probabilities f(p), g(p),

fX>uY (ie, 1 = F(p)=1—~G(p)Vp € [0, 1] ) then 6% = 0% .

This proposition shows the environmental conditions that would affect the optimal
market segmentation decision 6*. In the first part, we show that an increase in the complexity
of the extension task, and an increase in system utilization would increase 8*. This is an
intuitive result given that both factors would increase the load on the system and thus would
make the extended service more difficult to offer for the customers with low revenue generation
potentials.

The second part of the proposition shows the effect of the customer profile, represented
by the success probability distributions. We compare two customer pools, one with more
concentration on the high-end compared to the other. This result shows that for the high-
end markets, the definition of a high-type customer will be up-graded, i.e., one would be more
‘picky’ selecting the customers to offer service extension. The intuition behind this result comes
from the issue of resource allocation among the customers. The customers with high success
probabilities would be given the priority when allocating the scarce service time. When there
are many customers at the high end, the targeted high-type market size is filled with high-end
customers and this results in selectiveness in defining customer types.

Another implication of this result is that if we consider a firm with constant capacity that

could operate in two markets under the conditions stated in proposition 8b, the congestion level
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in the high-end market is expected to be higher compared to the low-end market. Increasing
selectiveness increases the marginal revenues expected from a high type customer, so the
manager can afford to face the costs of higher congestion levels in the system. This result has
implications on the customer experiences in different markets. For any customer with a given
value of success probability p, being in a low-end market would be preferable to being in a
high-end market for two reasons. First, the expected waiting time is lower. Second, the cut-off
level of success probability, 6, to receive a higher service level is lower so that there is a higher
chance to receive high level service in a low-end market. Hence we show the importance of

one’s relative position in the population with respect to the service received.

2.9 Summary of Model Findings-Concluding Remarks

A stylized model that captures the key levers for value creation strategy choice is presented and
analyzed. The model is unique in that it combines value creation and process related issues,
thereby providing a coherent framework to analyze sales initiatives like cross-selling or service
level differentiation strategies. The analysis characterizes under what conditions a firm would
choose to remain as it is or to attempt value creation. The latter choice is further elaborated
in terms of a choice between a differentiation strategy and one of “targeting all customers”.
Value creation strategies are favored by moderately loaded systems where the extension task’s
complexity does not push capacity utilization to a maximum and where the expected revenue
from the extension task is high enough to compensate for the extra costs of congestion. When
unit congestion cost is relatively high compared to revenues, service level differentiation is
preferred to targeting all customers.

For integrated firms that optimize 6, service level differentiation is the optimal choice.
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High congestion costs, high task complexity for the extension task, or high system utilization
lead to the status quo choice where no value creation is pursued. Unless servers experience no
disutility for the extension task, “targeting all customers” is never optimal, even if congestion
cost is low. Firms that would like to pursue this strategy would need to select employees who
enjoy the extension task, or provide additional automated support to their employees in an
effort to reduce this disutility.

The analysis of market segmentation makes two important points. The first one is that
a change in market segmentation () can imply a change in policy choice. Thus we can talk
about better € choices that lead to higher profitability. More specifically we find that choosing
and sustaining a service level differentiation strategy may hinge on the market segmentation
decision. Firms that can operate in the integrated mode, where for example marketing and
operations jointly optimize 6, are shown to be clearly better off in terms of achieving this
profitability. The second point is that the optimal market segmentation decision depends on
the distribution of revenue generation in the customer base. This in turn implies that actions
that change the underlying customer profitability distribution shape, like better targeted sales
for example, can instigate a shift in policy. Thus, emphasizing the need for a prospective
type of analysis as opposed to the currently prevailing retrospective analysis in customer value
estimation.

The analysis herein uses the probability of revenue generation from a specific extension
task as the measure of customer profitability. The parameter k, on the other hand, captures the
difference in needs (in terms of service extension to create value) between the H and L-type
customers. As a result, the 6 choice discussed in Section 2.8.1 can be seen as a segmentation

decision that combines value and customer needs concerns. Our analysis demonstrates how
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one can perform value coupled with needs based segmentation, where the 8§ choice allows
one to make a trade-off between customer profitability and needs. This type of segmentation
decision is in line with the recommendations in [28] and [53], who critique pure customer
profitability based segmentation schemes.

The market segmentation analysis clearly illustrates that even if firms have very reliable
individual customer data and can effectively estimate individual customer value, unless the
aggregation decision which determines the segmentation scheme is done correctly, value cannot
be maximized. As shown by the analysis, a correct aggregation decision needs to make the
trade-offs between operational performance, the breadth of the value creation activity (i.e.,
segment size), and the depth (i.e., profitability potential) of these types of activities. An
organization, that acts as what we labeled as the functional organization, will not be able to
reap all the benefits of a value creation initiative. In other words, functioning as an integrated
firm is essential to success.

Once a strategy choice is made, we illustrate how the desired strategy can be imple-
mented through the design of appropriate incentive contracts. For the setting where 6 is not
optimized, a set of optimal linear incentive contracts are explicitly characterized for each strat-
egy. We show that when the two tasks being considered have opposite performance effects
(like the standard service and extension activities are assumed to have in this analysis), then op-
timal linear contracts may involve punishments, i.e., disincentives for one of the dimensions.
Furthermore, we find that incentive payments for these two tasks (for example service and
sales) depend on each other, and providing incentives for only one dimension, as is frequently
observed with sales based incentives, can lead to undesirable behavior. In the setting where

we have a sophisticated manager and server who optimize the market segmentation decision,
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we show that there is a unique optimal linear contract. This contract is clearly a function of
0, illustrating the close ties between market segmentation, process design, and incentives in
value creation initiatives.

The model illustrates that success in implementation of a service level differentiation
program depends on proper incentive contract design, which requires good parameter esti-
mation. The policy implementation is particularly susceptible to misunderstanding employee
preferences (characterized here by effort cost) and are not robust in settings where distinctly
different customer segments cannot be formed. While our analysis assumes that there are
only two customer segments (H and L), this last result suggests that as companies increase
the number of segments that they define for their service level differentiation strategies (for
example cases with three and five segments can be found in retail banking), implementations
will become less robust. For integrated firms, the uniqueness of the optimal incentive contract
illustrates the high sensitivity of these types of value creation initiatives to incentive design.

A final remark can be made for firms that plan to initiate cross-sell type of value cre-
ation programs without re-configuring their capacity. Considering the fact that a customer’s
experience (in terms of waiting time and service level in our setting) will impact their satisfac-
tion, one can expect firms that have targeted a higher end customer pool to experience more
customer dissatisfaction associated with their value creation initiatives if the service capacity
is kept the same. This suggests that firms with relatively higher end customer pools should be
more careful in implementing programs like cross-selling or add-on sales, and points out the
importance of considering the capacity implications of these programs. Future research should

focus on explicitly modeling the customer experience in value creation initiatives.
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2.10 Appendix to Chapter 2

Problem Formulations and Solutions for Incentive Contract Problems of Policies 1 (Stan-

dard) and 3 (Extension):

Policy 1: Standard

A
max E[TNF (a1, a2)] = —a;— — AT (0, 0)
7

(a 1 ,012)

S.z.

a1

— =0 dR)
u
a) o
——— 4+ opRpy — Cs <=L (ICH)
m—k ”
(2 4] o
—— +apRpy — Cs < (ICL)
m—k H
a, <1

C
(XT=O O(;G [O’R_pS;]

w8 = (wy, wr) = (0, 0)

E[IT*(r1, @2)1(0, 0)] = —AT (0, 0) = E[I17%|(0, 0)]

Policy 3: Extension

A
Max EINIY (@1, 02)] = A(1 — a2)R(gpr + (1 — @)pL) — oy — AT, 1)
(@1,02) uw—k
s.z.
o)

Py +aRgpr + A —q)p) —Cs =0 (IR)

2 L wRpy—Cs =% (ICH)
n—k H
o +a2Rpr, — Cs =% (ICL)
n—k H

ay <1
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ot € (= (R(gpr + (1 — q)pL) — Cs) (o — k) , —qCy 3 BATBLIRTOL )

o = Cs —a* 1 .
2 R(gpu+(1—q)pL) 1 (u~k)R(gpa+(1—q)pL)’

wf® = (wy, wL) = (Cs, Cs)

E[IT*M (o1, a2)|(1, D] = gRpu + (1 —@)Rpr — Cs — T(1, 1) = E[IIFB|(1, 1)]

Proof of Proposition 2:

Differentiation is preferred to extension only if:

qRpy —qCs —T(1,0) > gRpy + (1 —g)Rp, — Cs —T(1, 1),

which is equivalent to

ra,H-771,00=1-g)(RpL —Cs) . (16)

This condition compares the costs and profits obtained by offering extended service to low
type customers. Below, we re-write condition (16) with some new notation. We also use

T(.) = cW(.) as defined in the model. Let

AW, =Ww({,D-W(1,0) , AT, =T(1,1H—-T1,0) ,and AR, = (1—-¢)(RpL—Cs) .

Then we can rewrite (16) as AT, = cAW;, > ARy , which is equivalent to:

. ARy . _ (1—-g)(Rpr — Cs)
T AWL —(2u+2qu+k+xr—gr—qk)A

x
(w=A~k)p (u2—pk—Ap+rk—Agk)

After simplification, we get

c

«_ B p—k—=2) (e — A —k)
A

k=2 (RpL — Cs)( - Ag) .

Selection between differentiation and standard policies is done in a similar way, this
time comparing the costs and profits of offering extended service to the high type customers.
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The condition to determine the critical unit congestion cost ¢** is gRpy — qCs — T(1,0) >

—T(0, 0), orequivalentlygRpy—qgCs > T (1, 0)—T (0, 0) . This inequality can be represented

as a comparison of marginal gains (ARg) and losses (ATy),i.e ARy > ATy = cAWgy.
Thus the breakeven value of unit congestion cost ¢** that makes us indifferent between

the two policies differentiation and standard is found as follows:

o — ARy . q(Rpy — Cs)
T ATy 2u—i—k
Ho Agk (W2 —pk—Apu+rk—rqk) (L—k)(L—2)
(mw—k) (u—2 (L —A)(u — k)
o= R - C — Aq].
c : (Zu—k—k)( pH [ k ql

Proof of Proposition 4
In this proof, we use the two basic assumptions stated below, which imply profitability

of all customers considering direct costs only and stability for all policies.

i) Rpp—Cs > 0 a7

ii) —— < 1 (18)

Define k£* and £** implicitly as follows:

v(O,k) = ¢*O@,k)—c=0 for k=k"

¢, k) c*0,k)—c=0 fork=k*

First we show that ¢ (0, k) and ¢ (0, k) are strictly decreasing in k:

202k — durk — 2uP+2uk + SAu?—4r%u + A3+Agk?
A2 (=20 + k + 2)?

a
V0 %) = u* (Rp — Cs)

o u ==k
2(u— A —k—
—(Rpy — Cgy (PLW—) k= by (19)

A2 QRu—k—21)
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It is easy to see that the above expression is negative since (Rpy, — Cs) > 0by(17), and

u? W= p—k) __ u? =M=k _
also for both terms, A(2u—k—k)2( 3 Aq) > Oand A(2u—k—k)2( 2 rq) >0

hold by (18).

Similarly %i’k) < 0 as the expression found below is negative by our assumptions.

30, k) _ (—u+ 1) (Rpy — Cs) (uAkP+22qk* 422k + 2t =20k — 3p % 4+ A2 — A2 k2 —prg
8k e (—2u + k + 1)
22(u — k) — A — A) + Ak (u — A) (1 —
=—(M—A)(RpH—Cs)M((“ ) =MD —A) (w—-1d—q) _

0
A2 (=20 + k + A)2

(20)

Now we can show the results in the Proposition:

Part I: £** > k* for any given 6.

This follows from the fact that ¢ (9, k) > (@, k) and both ¢ (@, k) and ¥ (O, k) are
decreasing in k£ (as shown in (19) and (20)). Then the solution of ¢ (6, k) = ¢ must be greater
than the solution of (8, k) = c.

Part II: £**and k* are increasing in 6.

Recall that k* is implicitly defined by the equation ¥ (9, k) — ¢ = 0. So we use implicit

differentiation to find %%* :

ok* 3B, k) —o) 3(Y®O.k) —0)
50 = 50 ( 2 I et 2D

The first part of (21) is found to have a (—) sign as shown below.

(¥, k) — o)

Oy (6, k)dq  ay O, k) dpL
96 g w0t "o 90

dq 00 aprL 06

d
==V O.R) = - ) <0 (22)

To see that (22) holds, we check all the terms as follows:

1-First term of (22) is (+) since %‘;") < 0 (by Prop. 3) and 34 < 0 by definition of
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2-Second term of (22) is (+) since % > 0 (by Prop. 3) and %L > 0 by definition
of pr.
The second part of (21) has a (—) sign also as shown in equation (19). So, %):C—) <

0. Therefore,

ok _AWOK =) IO,k o

-1
50 50 k 1 =k > 0 by eqn.(19) and (22) 23)

The same analysis is repeated to show that %";—* > 0:

0¢(0,k)dq 3y (0, k) dpu

dqg 036 opy 00
oK™ 3(9(0, k) — Cs)[3(¢(9, k) — Cs)
00 96 k

d
—5@. 5 = >0 (24)

17 kei=> O by egn. (20) and (24) (25)
Proof of Proposition 6

Given f(p), g(p), 6 such that

1 1 1 1
qg= fo F(pydp = fe g(p)dp and Jaws.t. f of (p)dp = f g(p)dp , Yo =0,

w

(Pa®)N* > (prO)Y (26)

is true. Then since

— = —C —k <0

opm S = R e apm + kg0 + 05 — Ok

dao q

— = C — k)k 0

opH s ) R(—kgpy + kqb + 0 — 6k)? ~
a&X) < aEY) and agx) > ozgy) follows from 26.

Proof of Proposition 7
The necessary condition for optimality is found as follows:

0 20—k — A cAk
S(EITTD = f ) (—(RO — Cs) + Sl )¢ ) =0

2
(=B =) = M fy f (x) dx)
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For f (0) > 0, it reduces to the condition stated in proposition. So 8’ is a local optimum.

Moreover,
0 ’ 0 ’

Thus we conclude that 6’ is a global maximum. If 8’ > 1, then %(E [TIDlg=1 > O and
the optimum is at the boundary, i.e., 8* = 1.
Proof of Proposition 8

For a given density f(.) of success probabilities, define

1
Qu — k — M)Ak

1
gf(e) =(RO—-Cs)((u—k)(u — 1) — Ak f f(x)alx)2 — ¢ = Qat optimum.
6
(27)

We use the following four results in the proof:

06,0 _((u—K)(u —2) — 2kl = FON)R((n —b)(n — A) — 2k(1 — F(6)+21kf (8)(R6 — Cy)) N

(

90 Qu —k — MDAk
(28)
1—-F@)21=-G®) = §70) = §,0) (29)
8§8fk(.) < 0 as shown in proof of Proposition 4 30)
98 ()
=S 31
a(A/u) Gb

a) The results follow easily taking the derivatives using the implicit function theorem

as follows:
90*  0E,() [OE ()
S Tk [ 50 L.—_e*zo by (28) and (30)
90* € £ () [85 f(.>]"1
_— = = 0 by (28 d (31
B0/ DG |90 Jyge =0 DY D NICD
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b) Given X, Y with densities f(x), g(x), and X >, Y definedas 1 — F(@) > 1 — G(8) for

allg € [0, 1], i.e., F(O) = G(0) VO € [0, 1]. We can re-write the optimality condition for

any customer pool as follows:

1
k— M)Ak

—\2
£©) = (RO = C3) (=B = 1) = MF @) 55— c=0 (32

If 0% is optimal for Y, £ ,(63) = O by the optimality condition, stated in (32). We know

that § ((0) < §,(0) (by 29). Equivalently,

§r(0y) <§,007) =0. (33)

Then, 8% > 67} since 6 should increase to make & f(H}}) = 0, given the results § f(O*{,) <0
(by (33)) and %0 > 0 (by(28)).
The objective function for any @ is then found as:(let py (8) = py, g(0) = q for ease

in exposition)

E[I16] = (1 — a2)Rpu(0)q(0) — a1(n — kq(©)) — cW(0)

Cs “ pH — 0
=1 - (= DRpug — (—qC
R 10 +ka(pn — o) KPHe = 4SS g o = 0)

Y —kq) —cW ()

guCspu — q0uCs + kq?0Cs — kQZCSPH+Rq9MPH — gquCspu — Rkq*0py + Rkq?p%,

Ou — kqb + kqpn Ou —kq0 + kqpy

1
Oun —kqb +kqpr)q(Rpy — Cs) — cW(0) = qg(Rpa — Cs) — cW(6)

~ O — kg0 + kqpu
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3 Breast Cancer Screening Services: Trade-offs in Quality,

Capacity, Outreach, and Centralization

3.1 Introduction

Breast cancer is the most common cancer among women, and the second leading cause of
cancer related deaths after lung cancer. The World Health Organization (WHO) estimates that
more than 1.2 million people were diagnosed with breast cancer worldwide in 2001 [60]. The
American Cancer Society (ACS) estimated that breast cancer would be diagnosed in 211,300
women, and 39,800 would die from the disease in 2003 in the U.S. [3]. The value of mass
screening and the ages at which it is appropriate are currently in dispute [105]. However most
developed countries have organized screening programs to pro-actively detect breast cancer
[69], as early diagnosis of most types of breast cancer is very effective. The 5 year survival rate is
98% with early stage breast cancer treatment [3]. This chapter contributes to the understanding
of factors that influence breast cancer screening effectiveness.

While many have examined breast cancer screening in operations [75, 90, 73, 111],
statistics [33, 115, 36, 114], and health [69, 88, 22, 31, 55, 17], this paper appears to be the
first to include aspects of all of the following interacting effects in the same model: (i) disease
progression, (ii) the link between service quality and the volume of mammogram screens
provided by the health care provider, (iii) participation levels in the health care program,
(iv) factors influencing the participation in a mammogram screening program, and (v) limited
service capacity and the potential effect of the utilization of service resources on patient waiting

and an increased potential for poor health outcomes due to late diagnosis. Accounting for
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system dynamics can strongly influence model-based health policy decisions ([29, 30], others
below), so we do so here. The first of four model-based experiments in this chapter assesses
the cost implications for two approaches to improving early detection: outreach and quality
improvements. The second studies interactions between participation levels and the potentially
deleterious health effects of waiting due to stochastic effects and highly utilized capacity. The
third and fourth examine interactions between service decentralization, access, and screening
quality. The analysis shows that increasing outreach without improving quality and maintaining
capacity may result in less beneficial results than predicted by standard models due to the
interactions of these effects.

Critical factors for breast cancer screening program success include two quality mea-
sures, sensitivity (the probability of detecting cancer in a patient with the disease) and specificity
(the probability of a negative result in a patient without the disease), as well as acceptability,
the extent to which those for whom the test is designed have access to and agree to partici-
pate in testing [89]. Figure 3 summarizes some interactions between these factors: quality,
access, system capacity, and health outcomes. Screening quality is influenced by radiologist
experience, the annual volume of readings, and film quality standards, among other factors.
The popular press [82] recently highlighted problems with screening quality in the U.S. and
the importance of the experience of radiologists who read mammograms. One potential cause
identified is low minimum accreditation standards: 480 mammograms readings per year [6]
compared with 3,000/year in British Columbia, Canada and 5,000/year in the U.K. [65]. Some
argue that radiologists should read a minimum of 2,500 mammograms per year to stay sharp
[65]. While imperfect reading quality is perhaps inevitable, the lack of quality incurs system

costs. False positives add extra cost and consume service capacity for follow-up tests, incur
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Figure 3: Mammogram Screening System Performance Is Influenced by Several Interacting

Effects

the potential for unnecessary treatment, and can burden patients [40]. False negative results
decrease the chances of survival by missing the opportunity for early detection and treatment.

For acceptability/access, the WHO [89] recommends that mammography should not
be introduced for breast cancer screening unless the resources are available to ensure effective
and reliable screening of at least 70% of the target age group, women over the age of 50
years. Factors that influence participation include the availability of local health care services,
trust in health care providers, and the level of governmental or private health care coverage.
This chapter does not examine the human and political factors that may significantly affect
acceptability, but does model operational factors such as the dynamics of capacity and waiting,
as well as the relationship between the proximity of service facilities and the likelihood of
participating in a screening program [41]. While not all regions experience problems with
waits, some do, and limited service capacity or scheduling are operational issues that can cause

waits of even 3-6 months [46, 1].
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Delays in the screening and diagnosis system [104, 80, 26, 27] can reduce survival
rates by delaying the stage of disease at diagnosis [96]. Increasing the minimum annual
screening volume for accreditation may aggravate the capacity problem by reducing the number
of radiologists willing or eligible to provide the service, thereby reducing accessibility. On the
other hand, increasing the number of readings would increase the accuracy for communities
that are still served. The dynamic interactions of reading volume and quality, access, delays in
service and health outcomes, among other complications, present a challenge for health care
service system design.

This chapter presents a system dynamics model of screening services that combines the
interactions described above, and uses the model to analyze the impact of different interventions
on the system performance in terms of health outcomes and costs. The general modeling
framework is applicable to preventive health care services in general and is aimed at contributing
to a better understanding of health care system design. Section 3.2 identifies papers that
have studied some aspects of these important determinants of mammogram screening program
success, but no paper seems to account for all of these potential interactions at once. It then
presents a mathematical model of these interactions. The model is validated with data from
published studies where possible, and simulation experiments in Section 3.3 are motivated by
policy issues that arise in the U.S. and French health care contexts. A system dynamics model
with deterministic differential equations might seem appropriate at first glance, but the model
employs stochastic dynamics so that waiting can be more adequately described. Section 3.4

discusses implications and limitations of the model, as well as further research directions.
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3.2 Problem Formulation

We view breast cancer screening provision as a problem of matching the supply (screening
service) and demand (participation in the program, screening frequency) while ensuring suffi-
cient quality (high sensitivity and specificity of the test). The objective is to reduce the breast
cancer deaths, keeping system costs in mind.

There are several related health care service delivery papers in the operations manage-
ment literature. Location models [73, 111] help situate screening facilities, but model neither
the waiting list and health outcomes nor the documented relationship between screening vol-
ume and quality. [66] is unique in that it considers the deleterious health effects of waiting due
to constrained health care service capacity. Their deterministic differential equation model is
appropriate for the short-term transient dynamics of their application (smallpox control) but is
less appropriate for assessing the long run performance of a continuously operating health care
service. [116] models the interrelationship of service levels and system capacity, costs, and
health outcomes (for renal disease), and obtains structural results with a fluid model. Those
papers do not include the stochastic effects and waiting that we model. [103] is related in that
it models the deleterious health effects of delayed health service provision in the context of
kidney transplant. That work applies more to sequential stochastic assignment problems, but
does not model programs with repeated screening.

Several studies of breast cancer screening in the operations research literature focus on
modeling the disease progression to optimize the screening schedules for an individual [115,
68, 99, 11]. Their goal is similar to one of ours: to evaluate performance of different screening

policies to find one maximizing the health outcomes and/or minimizing the costs. Among
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different objectives of these models are minimizing costs associated with screening and the
disease [99, 11, 112], minimizing detection delay given a number of screens [68] or more
general utility functions related to detection time [115]. A limitation of these studies is that
they do not consider the system-level constraints such as limited service capacity or delayed
arrivals of women with a demand for screening. Moreover, they model the quality of screening
test as a constant or as a function of tumour size, but do not incorporate the effect of radiologist
experience. Our model addresses these points, while it takes the screening frequency as a given
parameter.

Section 3.2.1 describes our choice for breast cancer disease progression and mammo-
gram program service delivery structure models. Section 3.2.2 does th¢ same for the relation-
ship between screening volume and quality, and describes assumptions about acceptability.

Section 3.2.3 gives cost assumptions.

3.2.1 Disease Progression and Service System Structure

We model two types of service (both screening tests and follow-up diagnostic tests), a finite
service capacity, and the potential of waits due to finite service capacity and randomness
associated with patient scheduling. There are n parallel servers (radiologists) that serve ¢
queues (facilities).

Figure 4 depicts a system with ¢ = 1 facility. A fraction & of individuals that reach
the target screening program age (say, 50 year old women) join the screening program, the
remainder are considered to be unenrolled. Enrolling individuals have an early stage cancer
with probability p. With frequency f, enrollees attempt to obtain a screening mammogram

(a type t = s job) but wait in queue if all servers are busy. The service time for screening

63

Reproduced with permission of the copyright owner. Further reproduction prohibited without permission.



Non-enrollees
In Target @

r
N 1
Population ~ |1 :
t=s - @ 1
1-h v i 1 ¢=d @ :
i, mz 1 +
@ L @ @ kB
e 111 A e
h Enrollees | f = i (6) t=d - +
- “m;,mz ®) :
A @ t=5

Mammogram Facility

death
(birth) | cured

/)
7
Q)

Service rate for mammogram:

psift=s,u,ift=d

treatment

Figure 4: Operational Service System View for Screening

mammogram is an exponential random variable with rate pg. The service rate represents the
bottleneck resource in the facility. If the screening mammogram result is positive, a diagnostic
test is required. This means a ¢ = s job will return to the queue as a type ¢ = d job with
a probability that depends on the health state of the patient and sensitivity and specificity
of the screening. Diagnostic test flows, represented with dashed lines, have a service rate
Wp = ng/a, ahigher sensitivity than screening mammograms, and incur greater costs than
screening mammograms. If cancer is detected after completion of diagnosis, the woman goes
under treatment. Otherwise she goes back to the target population. To reflect exogenous
sources of detection such as self-exam and general practitioner referral, diagnostic tests may
also be requested directly without a screening mammogram (with rate m; and m; respectively
for women with early and late stage cancer). Unenrolled individuals may enroll in the program
later, with rate y.

The numbers in Figure 4 identify the state of progress through the health service system,
(1) unenrolled, (2) enrolled but not yet scheduled for a screening, (3) waiting for a screening
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mammogram, (4) getting a screening mammogram, (5) waiting for a diagnostic test, (6) getting
a diagnostic test, or (7) undergoing treatment for cancer. We do not model treatment capacity
explicitly, so a woman diagnosed with breast cancer begins treatment immediately.

We assume a three-stage health model like many others [75, 115, 68, 112]: (1) healthy,
(2) preclinical, or early stage, breast cancer (3) clinical, or late stage, breast cancer. The
number of individuals in health status j = 1, 2, 3 and service system state i = 1,2,...,7 1is
denoted X; ;. The service capacity constraint limits the number being served at any given time,
Z?‘:l X4,; + X6,j < n.

Patient flows through the health system are represented vertically in Figure 5, and
changes in health status are illustrated with horizontal flows from compartment to compartment.
Table 1 gives the default values of the parameters that determine the flows, including parameters
introduced above as well those that describe screening quality introduced below. A description
of how their values were validated relative to published data and statistical information from
national agencies can be found in the Appendix. We assumed a fixed accuracy level for
diagnostic follow-up tests, while the accuracy of screening mammograms is calculated as a
part of the model, as described in the following section. The parameter values give good fit
with incidence and breast cancer death data from Statistics Canada [2].

We model two causes of death, disease specific mortality and all-cause mortality [21].
Noncancer related deaths occur at rate g and may affect women in all compartments (arcs for
these transitions are not shown in the figures for clarity). Cancer-related deaths are assumed
to affect only women with late stage cancer (X; 3) or women undergoing treatment (X7, ;). A
constant population size is assumed (a new individual enters the target population as a death

occurs). Conclusions from results below are robust over a reasonable range of g.
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Table 1: Summary of Default Values for Parameter Estimates

parameter description

g =0.04 death rate/person/year for reasons other than breast cancer (implied conditional life
expectancy is 75 years: 50 years upon entry to target population, plus 1/g = 25 years)

y = 0.01 screening program enrollment rate/person/year for unenrolled

p = 0.0055 probability of having cancer at the entry to the target population

bz = 0.0915 probability of death from late stage cancer when not having treatment/person/ year

b3 = 0.0915 death rate/person/year from late stage cancer during treatment

b7; = 0.0081 death rate/person/year from early stage cancer during treatment

s12 = 3.0122x10™3  rate/person/year of acquiring preclinical cancer

sy3 = 0.585 rate/person/year of cancer advancing from preclinical to clinical stage
([113] also shows fit with exponential distribution)

m; = 0.01 rate/person/year for self-referral for diagnosis, from preclinical stage

0.95 specificity of diagnostic test

0.90 sensitivity of diagnostic test for preclinical stage

0.99 sensitivity of diagnostic test for clinical stage

mo =4.13 rate/person/year for self-referral for diagnosis, from clinical stage [96]

ro = 100 treatment completion rate/person/year after a false diagnosis

ri =0.2 treatment completion rate/person/year after early diagnosis

rp = 0.2 treatment completion rate/person/year after late diagnosis

d=1 sensitivity of screening for late cancer

a=1.5 service effort for diagnostic test / screening mammogram

p1 =0.05 probability of recurrence after treatment of an early stage cancer

p2 =0.15 probability of recurrence after treatment of a late stage cancer
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Figure 5: Stochastic Compartmental Model View for Service System and Health Status

For a given sensitivity and specificity, the dynamics of disease progression, program
enrollment, and screening outcomes are assumed to be Markovian. In addition to the X;, j» the
state includes information about the volume of screening mammogram readings of the servers,
which influences the reading quality, as described in Section 3.2.2. Quality influences the
system dynamics model in Figure 5 via the flows on the thick arrows that are associated with
false positive (X4,1 to Xs5,1 and X¢ 1 to X7 1) and false negative (X4,2 and X¢ 2 to X2 >, and

Xe,3 to X2 3) test results.

3.2.2 Volume-Quality Relationship and Acceptability

Many factors influence the quality of readings [17, 40, 87], and acceptability (measured here
by the fraction of women that enroll in a breast cancer screening program). Here we focus on
the relationship between volume and quality. The quality-volume relationship is uncertain and
complex, and its accuracy is questioned by some articles [14, 39]. We rely on the literature
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that supports this relationship [65, 42] to provide a model for quality of mammogram reading.
‘We then describe a simple model for acceptability.

Sensitivity and specificity increase as the average reading volume increases [65, 42]. We
assume a logistic relationship between volume and quality that embodies qualitative features

from empirical observations [42].

0.95

1+ 0.5393¢-00021v
0.95

1 + 0.158¢—0-0024v

sensitivity = o(v) =

specificity = Bw) =

where v is a monthly reading volume. These functions are plotted in Figure 6.

There are several choices for modeling the volume of readings per server. We chose
to measure the screening volume for fixed-length time periods and base quality during one
time on the volume in the preceding time period. Specifically, if vol(t) is the total number of

completed mammogram readings up to time ¢ years, then the volume of readings during the

_ [12¢] {12¢]
v(t)—vol( P )—vol( B —1).

An alternative approach to model quality-volume relationship could be a discrete state Marko-

previous month is

68

Reproduced with permission of the copyright owner. Further reproduction prohibited without permission.



vian model (with knowledge measured by the number of readings recalled and that are effective
for quality output, v(¢) € {0, 1, 2, ...}, with transition v — v + 1 upon service completion,
and v — v — 1 with forgetting rate v, where 1/« is the ‘half life’ of recalling a screen).
This approach leaves a memory of readings that is highly volatile. A similar continuous state,
continuous time model for v(#) might also be easier to study analytically, but also neglects the
issue of regulatory checks which count readings in specific fixed length time periods. Formally,
our choice to measure volume in fixed-length time periods changes the stochastic process in
Section 3.2.1 from a Markov chain to a generalized semi-Markov process. We use simulation
for the analysis, a standard tool for studying this class of processes.

Acceptability, measured by the probability # that a woman initially enrolls in a screening
program, is simplified here to depend upon the distance from the nearest facility. We set A
to match national enrollment statistics in some experiments. In others that test the effect of
distributed facilities versus a centralized facility (requiring longer travel), we assume the odds
ratio of enrolling drops by 3% for each additional 8km traveled, as in an empirical study [41].
This distance-enrollment relation oversimplifies a complex set of effects, but like the quality-
volume relationship, it is probably the best we can use on the basis of research now available.

Other factors that involve screening quality and acceptability can be modeled similarly.

3.2.3 Cost Assessment

The economic costs of screening, diagnostic follow-up tests and treatment in Table 2 are based
on values taken from the literature and converted to 2003 U.S. dollars using the consumer price
index for medical services where necessary. The cost of follow-up diagnosis tests is based on

a weighted average of the costs of diagnostic mammogram, sonography, fine needle aspiration
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Table 2: Assumed Cost Structure (all in 2003 US$, [97])

Screening mammogram $145
Diagnostic test $471

Estimated Treatment Cost per Case of Preclinical and Clinical Stage Breast Cancer

Stage % at Diagnosis Est. Discounted Long-term Cost [45]
Preclinical: local 65% $ 54,013
Clinical: regional 30% $ 70,066
Clinical: distant 5% $ 59,463

and biopsy reported in [97]. Long term discounted costs of treatment and continuing care are
based on a three stage model for breast cancer classification [45]: local, regional or distant
cancer. Local cancer corresponds to our preclinical stage. Both regional and distant stages
correspond to our clinical stage. We therefore use a weighted average late treatment cost for
the regional and distant stages, $68, 551 = ($70, 066 x 0.3 + $59, 463 x 0.05)/0.35. This
lets us use incidence data to calculate the expected costs of breast cancer cases. While the cost
conclusions below are based on data available from one HMO, some generality is preserved
because the relative costs of different tests and treatment at different stages are more relevant
for our purposes than the absolute figures, and cost comparisons with other previous studies
do not indicate a sizable difference [45].

Like [97, 22, 55], we do not explicitly account for the cost of increasing program
enrollment, service capacity, or changing screening standards. Those costs are likely to be
highly dependent upon the target population. [5, 98] illustrate how to include such costs.
We also vary the program enrollment probability over a wide range for sensitivity analysis.
Realistically it may be expensive or even impossible to achieve very high, or even very low,

enrollment levels.
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3.3 Analysis

This section presents four analyses motivated by issues in the U.S. and French health systems
in three subsections. The first experiment assesses the cost implications for two approaches to
improving early detection, either through outreach or through quality increases due to increas-
ing the minimum screening volume standards. The second experiment examines interactions
between quality and the potentially deleterious health effects of waiting in the presence of
insufficient capacity. The last two examine the interactions of service decentralization, access,
and screening quality. Since the model is not easy to analyze in closed form, simulation ex-
periments were used to estimate long run averages with batch means [74] for health outcomes
and annual costs. Tests for stationarity with the Heidelberger and Welch [56] test led us to
remove 20 years of ‘warm-up’ from the beginning of each simulation of 400-520 years for

each parameter setting.

3.3.1 Increasing standards or expanding outreach

The National Cancer Institute (NCI) recommends mammography screening every one to two
years for American women over 40 [61]. The General Accounting Office [108] estimates that
2/3 of the mammography machine capacity is utilized and that 64% of the target population
had a screening mammogram in 2000, less than the 70% recommended by the WHO. Waiting
is not significant on the whole, although waits of several months occur in some metropolitan
and rural areas. The U.S. FDA currently requires radiologists to interpret a minimum of 480
screenings per year [6]. If participation increases to 70%, more cancers will be detected early
both because more women are being screened and because screening quality improves with
an increased volume per radiologist. On the other hand, an increase in demand along with
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Table 3: Parameter Values for Numerical Experiments in Section 3.3.1

Parameter Values Set for Experiments
Probability of enrollment (&) 0.55, 0.60, 0.65, 0.70, 0.75
Volume standard (std) 480, 2500
Screening service rate (ug) 1000, 5000
Number of servers (n) 30,6

recent decreasing trends in capacity [108] may exacerbate waiting and lessen the ability to
detect cancers early. An alternative to increasing participation directly is to improve screening
quality, and therefore health outcomes, by increasing the minimum annual screening standard
from 480 to 2, 500 (the figure recommended by [65]).

This section examines the following questions. What health benefits can be gained by
increasing outreach and what would be the impact for the capacity requirements? What are
the benefits of increasing the minimum screening volume to 2, S00 per year? What are the
implications on capacity requirements?

We simulated a target population of 25, 000 women. Since readings are typically not
the only service provided [14], we simulated both the 480 base-level screening standard and
increased reading standard of 2, 500/year by presuming that the maximum rate of readings
would be about twice the standard level (so ug = 1, 000 for base-level screening, and ug =
5, 000 for the increased level). Initially, the fraction enrolling immediately is # = 0.55, so that
the long run participation in the screening program roughly matches the empirical 64% value
[108] (some women enroll later spontaneously or upon noticing symptoms). To evaluate the
effect of increasing outreach and acceptability, we checked multiple # from 0.55 to 0.75 for
both scenarios. The number of radiologists is set so that 30, 000 mammogram screenings per
year can be done. Table 3 summarizes the parameters used in the experiments.

Health Outcomes. Figure 7 shows that the average number of early diagnoses per
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Figure 7: Annual Cases Diagnosed Early as Function of Participation for Two Levels of Reading
Volume Standards (480 and 2500/year). Error Bars Show 95% Confidence Intervals

year increased when the reading standards were increased to 2, 500 from 480, regardless of

the level of participation in the screening program. This was a direct result of the improved

sensitivity and specificity of readings at higher volumes. Figure 7 also shows that for a given

volume standard, increased participation levels resulted in increased early detection. This was

a compound effect due to more women being screened and higher quality of readings due to a

higher volume per radiologist.

An increase in the number of early diagnoses was reflected in a decrease in the breast

cancer mortality results. Increasing the reading volume standard to 2, 500 at 65% participation

level had approximately the same effect on the breast cancer death rate as increasing the

participation to 69% (a 2-3 % decrease in the number of breast cancer deaths). In order to

understand the relative costs and benefits of increasing outreach versus increasing quality, we

compared these two specific options. Table 4 summarizes the parameters for the numerical

experiments, and Table 5 reports the results (intervals represent 90% confidence intervals).

With both options, an equivalent improvement in health outcomes was achieved.
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Table 4: Current Situation and Two Improvement Options
Option Description

0 Current situation: participation=65%, std = 480
1 Increase participation: participation=69% std = 480
2 Increase minimum accreditation standards: participation=65% std = 2500

Table 5: Comparison of Health Outcomes for Current Situation and Improvement Options
from Table 4

# Breast Cancer # Early # Late # Screening # Diagnostic
Option Deaths Diagnoses  Diagnoses Mammograms Mammograms Treatments
0 17.04+£0.3 2594+0.25 549+4+059 16,182+10 2,765+9.84 133+0.44
1 16.6 0.3 27.4+0.25 5334059 17,132+£10 2,909+9.82 141+0.44
2 16.6 £ 0.16 27.84+0.26 53.5+0.19 16,176+ 12 2,107 L5 101 £0.75

Cost of Screening and Treatment. Table 6 summarizes the costs of each program,
combining the screening and diagnostic tests and treatment costs from Section 3.2.3 and the
outcomes in Table 5, assuming the cost of treating after a false positive is the same as the cost
of treatment after early diagnosis. For example, the estimated total annual cost of screening
and treatment for option 1 included the costs of screening mammograms, diagnostic follow-up
tests, and treatment for early and late stage cancers, and false positive diagnosis: 17, 132 x
$145 42,909 x $471 4+ 27.4 x $54, 013 + 53.3 x $68, 551 + 133 x $54, 013 = $16.0 x 10°.

Increasing the reading volume standards (Option 2) resulted in costs $2,600,000 less
than option 1, while providing equivalent health outcome benefits because of two effects. An
improvement in specificity decreases the unnecessary diagnostic procedures. An improvement
in sensitivity increased the chances of detecting an actual tumor. These quality improvements
are desirable for both costs and health outcomes. On the other hand, increasing outreach while

Table 6: Cost Summary (USS$) for Scenarios in Table 4
Estimated Total Annual Cost
Option  of Screening and Treatment

0 16.0 x 10° + 0.1 x 10°

1 16.6 x 10° 4 0.1 x 10°

2 14.0 x 10 +0.14 x 10°
74
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Figure 8: Average Number of False Positive Test Results per Year

keeping the standards the same (Option 1) increased costs by increasing the total screening
costs and the number of unnecessary diagnostic mammograms in order to achieve comparable
health benefits (Figure 8 compares the number of false positive test results). The combined
impact of these options 1 and 2 would be a further reduction in breast cancer deaths (4.7%), with
an estimated total cost of $14.3 x 10°. The marginal cost increase due to increased outreach
is therefore lower when quality standards are higher ($16.6-16.0 = $0.6 > $14.3-$14.0=$0.3)
because there are fewer unneeded diagnostic tests.

The costs of achieving these improvements are not included in calculations, since
they depend on the specific health care context and require capacity investment. Increasing
participation to 69 — 70% may be expensive. Small improvements on both participation and
quality will be preferable to increasing one or the other if improvement costs are convex.

This result is not a call for not increasing the outreach of screening programs, but a
warning for the costs of low quality screening. Increasing outreach provided substantial health
outcome benefits and is desirable in order to provide an egalitarian public health service. If

the quality of the screening test were low, by expanding outreach there would be excess waste
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in the system and the costs would increase unproportionally with the health outcome benefits.
Further, the benefits from screening more women were not fully realized when the standard
(that is, the quality) was low, since a high percentage of the early stage cancers were missed
among the ones screened.

Capacity Requirements. The simulation results did not indicate a problem with insuf-
ficient capacity and waiting up to a participation rate of 81%. Waiting times were not significant
and did not affect health outcomes. Comparing the capacity requirements of the two options
reinforced the benefits of increasing reading volume standards (Option 2). The higher quality
due to the higher standards level reduced the load on the system that resulted from diagnostics
required to resolve false positive results (Figure 8). Consequently, when the quality was low,
the utilization level was always higher due to that indirect effect on the system load, so increased
capacity requirements are a more serious problem with lower quality readings. The degree to
which increased waits may negatively affect health outcomes is explored in Section 3.3.2. The
greater the resource needed for diagnostic tests (larger a), the greater the capacity constraint
effect caused by false positives. Decoupling screening from diagnostic mammogram capacity
would reduce that effect.

The above comparisons are based on the costs of screening, diagnosis and treatment.
They do not include patient-related costs like anxieties associated with false positives, or the
effects of false positive results and long waiting lists on the willingness of women to request
screening. If those additional factors were considered, the advantage of the option of improving
quality over the option of increasing outreach would be even more significant.

These observations require some caveats. We focused on the effect of increasing the

standards for reading volume on quality in our experiments. There can be some other conse-
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Table 7. Parameters for the Numerical Experiments in Section 3.3.2
Parameter Value
Screening interval (1/f) 2 years
Number of trained radiologists (n) 4
Max #readings/year/radiologist (1g) 2, 500

Initial enrollment probability (k) (0.35,0.4,0.45, 0.5, 0.55, 0.65, 0.75, 0.85, 0.95)
Resource need for diagnostic test (a) 1.5
Target population size 25, 000

quences of increasing the standards. Fewer doctors may be willing to dedicate a significant
proportion of their time to mammogram reading with higher demand levels. As the number of
eligible doctors decreases, participation may decrease too since the transportation times will
increase. Section 3.3.3 explicitly accounts for the participation and distance effect in a separate
experiment. Finally, increasing outreach improves the chance of early detection to a broader

cross-section of women, and may influence program design decisions on ethical grounds.

3.3.2 Limited Capacity, Waits, and Delayed Detection

Capacity crises may occur if demand increases and/or capacity decreases. While this may not
be the case globally, waits occur in some areas [108], and many countries plan to increase
participation. In the UK, women aged between 50-64 are screened, but work is being carried
out to extend invitations to women up to age 70 by 2004 [107]. France intends to improve
breast cancer screening participation to 80% of the target population by 2007 [62]. While these
extension plans are implemented, capacity implications should be considered carefully, since
capacity may be slower to influence because of extensive training required.

We ran simulations with the input parameter values in Table 7 to explore the relationship
between capacity, utilization, waiting, and health outcomes. The recommended screening

interval differs from country to country. Here we set it to 2 years.
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Figure 9: Breast Cancer Deaths First Decrease, then Increase with Increasing Participation
Rates when Waits Become Significant

Figure 9 shows how insufficient capacity counteracts the benefits expected from increas-
ing participation. This happened when the additional demand was not met and long waiting
lines were observed. Figure 9 shows that there was a decrease in the number of cancer deaths
as participation increased to 65% (corresponding to a utilization of 99%). Additional demand
increased congestion and women had to wait to get regular screening mammograms. The
output is given in Table 8. In this experiment, when participation is 96%, the average waiting
time is 8.5 months (average waits by Little’s Law are 6873/9670 = 0.71 year). Capacity con-
straints or other causes for several months delay beyond a two-year screening interval can lead
to poorer health outcomes due to fewer early detections. These deleterious health effects can
be mitigated by improving quality for two reasons. First, each test is more accurate, improving
detection. Second, a reduced burden due to less frequent follow-up diagnostic tests can free
up capacity to further reduce waiting.

Additional runs with no service burden due to diagnostic tests (¢ = 0.001) indicated

qualitatively the same result, with a small twist. A decrease in mammogram resource require-
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Table 8: Simulation Results for Limited Capacity Scenario

% % Total # Breast Cancer
h Participating Screened  Demand Waiting Util. Deaths
0.35 50 45+0.8 7222 +20 24+0.0 0.77 203+04
0.4 54 53+0.8 7446 + 18 3+0.1 0.83 20.3+0.4
0.45 57 57+0.8 8263 +20 6+0.1 0.88 194+04
0.5 61 614+0.8 8773+15 134+0.4 0.94 194 £0.4
0.55 65 64 +0.8 9280410 76 +6.7 0.99 192 +0.4
0.65 73 65+0.7 9450+10 1629+20.6 1.00 19.8 +£0.4
0.75 81 66+09 9530411 33854215 1.00 20.4+0.5
0.85 88 66 +0.8 9600478 51284235 1.00 21.5+0.4
0.95 96 6609 9670198 6873166 1.00 223+0.5

ments for diagnostic tests increases the optimal participation rate. The minimum breast cancer
death rate was obtained at 81% utilization.

Our results suggest that waiting would affect health outcomes only when there is a
severe capacity problem. Although screening mammograms are planned and scheduled, there
is a tendency to stretch out the screening intervals, a phenomenon called "slippage" ([44]
reported in [1]). Waiting cannot be avoided completely even when there is organized screening
and scheduling in place. It is therefore important to consider the stochastic aspects of the
demand for screening and the fact that schedules may not be implemented as intended. When
capacity is insufficient, the problem will be aggravated and will have adverse effects on health

outcomes.

3.3.3 Decentralization Decision / Learning From Peers

This section models one factor that influences participation: the use of decentralized facilities
to reduce the distance traveled to the nearest facility [41], operationalized by mobile clinics
or putting equipment in the facilities of more primary care providers, and modeled by the
distance/access relationship in Section 3.2.2. Decentralization may have a positive effect

in that improved participation offers more chances of early detection, and increases volume

79

Reproduced with permission of the copyright owner. Further reproduction prohibited without permission.



and quality. On the other hand, more facilities implies lower volume per facility. If quality
is improved in centralized facilities because outlier results can be shared with peers, this
effectively improves the volume that each colleague sees. Reading quality in a centralized
facility will be somewhere in between the quality that corresponds to the volume seen working
alone, and the total volume of a centralized facility. As a result, decentralization may have
mixed effects on reading quality while increasing the participation rates. The net effect is
unknown [109].

We consider four cases with respect to two factors: (1) the effect of decentralization on
quality (with learning from peers in a centralized facility, or without learning) and (2) capacity
(sufficient capacity exists or not). If there is learning with centralization, we assume the best
possible case, that the quality of each individual radiologist is based on the total volume of
readings at the facility. Without learning, quality is modeled as before, as a function of the
individual reading volume.

We assume that 60,000 women are evenly distributed over 100km, and go to the nearest
of ¢ = 1, 2, 4 or 8 facilities, assumed to be evenly distributed. The facilities house a total of
8 radiologists, each of whom serves at a rate of p¢ = 5000/year. To model the sufficient
and insufficient capacity cases, we set the maximum enrollment probability (with no travel) to
ho = 0.35 and kg = 0.75 respectively. Participation rates ranged from 44 —49% for hg = 0.35
(sufficient capacity) and from 77 — 80% for hy = 0.75 (insufficient capacity). With learning
from peers, the volume associated with a fully centralized facility (¢ = 1) corresponds here
to a sensitivity and specificity of about 0.95, which represents an upper bound quality level.
When there is no learning, average sensitivity ranges in 0.78-0.83 while specificity is about

0.89.
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Learning With Centralization. When quality is attenuated because centralization is
associated with better reading performance, then Figure 10 indicates that the value of decen-
tralization depends upon whether there is sufficient capacity to meet demand or not. If the
system is already under-capacitated, then the fraction of the population actually screened may
decrease, in spite of the fact that more people seek screening. Decreased reading quality in
a decentralized setting increased demand for follow up tests due to false positives, reducing
the effective capacity for screening mammograms. On the other hand, if there was sufficient
capacity, then decentralization increased the ability to screen more women. The right panel of
Figure 10 indicates that the net effect on annual breast cancer deaths was more complicated.
Initially, decentralization reduced cancer deaths, due to early detection for more women. The
benefits of increasing participation outweighed the losses in quality and pooling efficiency. But
too much decentralization decreased reading quality and missed early stage cancers. More-
over, a loss of pooling advantage further increased waiting times and decreased the chance of
early detection, so breast cancer deaths started to increase again. For the fully centralized (1
facility) and fully decentralized (8 facilities) cases, the number of breast cancer deaths were
at about the same level. This suggested that learning in a centralized facility (which increased
the sensitivity from 0.77 to 0.94) could provide the same benefits as decentralization, which
increased participation from 44% to 49%. When there was insufficient capacity, the results do
not suggest that decentralization decreased breast cancer deaths in the same way.

No Learning with Centralization. If quality is not affected by decentralization, we
observed less impact of decentralization on the percent population screened, because the ‘false
positives effect” was weaker. By increasing the number of facilities, the percent of the popu-

lation screened remained constant when there was insufficient capacity. The fraction screened
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Figure 10: Learning with Centralization: Percentage of Target Population Screened (left) and
Annual Breast Cancer Deaths per 60,000 (right)

60 b 41T
= 581" 1 I I I o
% 56 I i 1 -1 i:; 40
4 =Y
S 54 @ .
= 39 L ~
£ 52 g | |
g "
& 48 £ \ I
o 46 A 037 'f _______ I
(5] . - et
go | ~*=Sufficient Capacity 18 G feient G ; T
S % NotSufficentCapacty | | B 36 et Sfion Capnity |
e 42 %
12 4 8 12 4 8
# of Facilities # of Facilities

Figure 11: No Learning with Centralization: Percentage of Target Population Screened (left)
and Annual Breast Cancer Deaths per 60,000 (right)

increased when there was sufficient capacity (left panel of Figure 11). The effect on annual
breast cancer deaths followed a similar pattern: Since there is no loss in quality, when there
is sufficient capacity the death rate decreased. Decentralization had no statistically significant
effect on death rates when there was insufficient capacity because resources were already fully
utilized (right panel of Figure 11).

The model suggests that fixed costs aside, decentralization is advantageous up to the
point where screening quality drops significantly. If quality can be maintained in decentralized

facilities, decentralization is beneficial as long as there is enough capacity to meet the increased
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demand. If decentralization is not an option for other reasons, then instituting practices that
enhance learning in centralized facilities can provide most of the reduction in cancer deaths

that decentralization can provide.

3.4 Discussion

Our stochastic system dynamics model includes several factors that have not yet been considered
all at once in the mammogram screening literature. Simulations here illustrated the system
behavior, health outcomes and costs for some aspects of breast cancer screening programs due
to public policy actions like improving enrollment rates or quality standards for radiologist
certification.

A similar approach can be useful in other applications like colorectal cancer screening,
where volume and quality; demand and the degree of facility decentralization; or capacity,
service delays and outcome quality are interrelated. Colonoscopy is widely viewed as the most
accurate screening test for colon cancer, and demand for colonoscopy has surged so much
in recent years that patients may wait for months or be turned away [70]. Service design
issues for colonoscopy also include the use of multiple screening policies with different costs,
sensitivities and specificities.

The experiments here highlight the importance of the sensitivity and specificity dimen-
sions of screening quality. Low quality results in additional follow-up tests that waste system
capacity. The U.S., France and other countries have plans to increase adherence to regular
screening by decentralization or other means, and many regions are experiencing a decline in
service capacity. Any increase in participation should be accompanied both by an assurance
that sufficient capacity will be established, and a maintenance or increase in screening quality
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to insure that delays due to system dynamics do not decrease or reverse the anticipated pub-
lic health benefit. Low reading volume standards reduce the quality of readings and increase
screening costs by increasing the workload due to follow-up tests. Health outcomes could dete-
riorate because of a decreased effectiveness of screening and potential delays that might result
in a late diagnosis. Decentralization of screening service to increase participation in screening
is found beneficial only if the quality of screening tests can be maintained. These interactions
between volume, quality, capacity and waiting influence health outcomes and system costs in
ways that have not fully been accounted for in previous studies.

These aggregate conclusions should be understood relative to the limitations of the
model. The homogeneous population assumption ignores risk factors involving age, genetic
disposition, and environmental effects. Scheduling can ideally reduce waiting times but cannot
prevent waiting completely because of the compliance issues discussed in Section 3.3.2, so we
did not consider it here. Since health effects are primarily deleteriously affected by waiting
times when capacity is insufficient, the value of scheduling would appear to be a second-order
effect. The three-stage health model does not focus on tumor growth dynamics and patient-to-
patient variability, but is consistent with a number of other papers. Quality was assumed to be
a function of screening volume alone here. Adjustments can be made to handle other features
[40, 101], like age and variability in reading quality between doctors, other skill factors, film
quality, and controllable trade-offs between specificity and sensitivity in reading assessments,
but we did not do so here.

Screening and treatment costs are included, but not the cost of the improvement options.
Those must be added based on the specific health care environment to obtain a full cost-benefit

analysis and to better inform controversy over the real value of breast cancer screening. Our
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aggregate level model did not focus on the incentives of each actor in the health care system.
The incentives of patients, providers and payers also play a role in determining service capacity
and participation rate figures. Poor insurance coverage decreases the willingness of women
to participate. Low reimbursement rates and high certification standards may decrease the
willingness of the radiologists to provide service, in favor of other more profitable tasks. These

issues could be explored with suitable data.

3.5 Appendix to Chapter 3: Parameter Estimates, Model Validation and

Transition Rates
3.5.1 Parameter Estimates and Model Validation

Table 1 summarizes the default values for parameters. They were estimated from medical
journal articles or national statistical publications wherever possible to improve model validity.
Where that was not possible, we made reasonable assumptions (b3, b72, b73) or fit parameters
(g, 71, p1, 2, P2, ¥, my, 8, a) so that the simulation output was of the same magnitude as
corresponding country statistics taken from Canadian Cancer Surveillance On-Line [2] (Table
9). [96] reports delay data for the time to apply for diagnosis after developing symptoms. We
used the aggregate data to obtain an average delay of 2.9 months, or my = 4.13/year. The
probability of developing cancer per year is 2.5% for ages 50 — 59, 3.1% for ages 60 — 69,
and 3.3% for ages 70 — 79 (NCI of Canada [84] for 1998). We averaged the instantaneous
rates of developing cancer for these age ranges to get s12 := 0.0030122. The 5 year survival
probabilities for different cancer stages are taken from ACS data [3] in Table 10, so b7y =

0.0081 and b3 = b73 = 0.0915 are weighted averages from the regional and distant categories.
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A wide range of estimates for p, has been proposed, and precise estimates of r;, pj,
rp are not yet available. We therefore set the default values of these parameters to match
flows. Death rate estimations are done using 5-year mortality figures, so we set | = 1/5 and
p1 = 0.05 to get a recurrence rate of r1p; = 0.01 from early stage treatment. We assumed
the recurrence rate tripled after treatment for late stage cancer, with r; = 1/5, p» = 0.15,
so that r,p, = 0.03. That same product r,p, is obtained if , = 0.05, p, = 0.6. Runs
with the latter values would place a slightly higher screening load on the mammogram facility
and a slight increase in waiting times, but wait times were not a significant deleterious factor
in Section 3.3.1, so the results would differ litte with those parameter values. The rate rg of
treatment completion after a false positive diagnostic was set very high to model the continuing
potential for the onset of preclinical cancer.

We assumed that the probability of joining the program later, and of asking for a
diagnosis out of the screening schedule at an early stage of cancer, are small, sowesety = m| =
0.01. Diagnostic follow up tests may include one or more of the diagnostic mammogram, fine
needle aspirations, sonography, or biopsy [97]. Sensitivity estimates are 0.858 for diagnostic
mammogram [12], 0.95 for fine needle aspiration [91], and 0.97 for biopsy [110]. As an
average, sensitivity and diagnostic follow-up tests were set to 0.90 for preclinical cancer. In
some rare cases, diagnostic tests may miss cancers, so we set the sensitivity of diagnostic test
to 0.99 for clinical cancer. Specificity of diagnostic test is set to 0.95. The probability of
having cancer at the entry to the target population is estimated using the data from Canadian
Organized Breast Cancer Screening Program: cancer detection rate at first screen is 4.4 /1000.
With a sensitivity of 0.80 we get p = 0.0055.

Discrete changes for health status and position in the service system are essentially
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Table 9: Comparison of Country Statistics with Simulation Results (per 100,000)
Source of Estimate Incidence Breast Cancer Deaths

[2] (for 1998) 302.18 70.39
Model Estimate 324 67.8
% Error 7.2% 3.6%

Table 10: American Cancer Society [3] Survival Data
Stage Pct. at Diagnosis 5-Year Survival Rate Death Rate

local 65% 96% 0.0081
regional 30% 76% 0.0548
distant 5% 21% 0.312

Markovian in continuous time, conditional on the reading quality, which may also vary through
time. The quality-volume relationship is modeled as in Section 3.2.2. Quality, as measured
by sensitivity and specificity, influence the type of transition when a screening mammogram
is performed. Overall, there are 10 reasons for state changes and each occurs with the instan-
taneous transition rates given in Table 11, where X;; represents the size of the compartment

(i, j). The rates are sums, each summand representing flows out of individual compartments.

Table 11: Event Rates

Event Rate
Ask for screening mammogram ¢, = f Z:;:l Xo;+y Zi‘:l Xy
Ask for diagnostic mammogram o = m Z?:] Xi2 +my Zle Xi3
Screening mammogram completion 3 = Ug 23=1 Xy
Diagnostic mammogram completion by = Up>o_ 1 Xej
Develop preclinical breast cancer bs = sy, X
Progress from preclinical to clinical stage P = 523 Z?:l X
Treatment completion with preclinical stage ¢; = rXs
Treatment completion with clinical stage ¢ = 12X
Cancer death ¢9 = b3 Z?=1 X3+ b2 X792 + b3 X373
Other death b0 = 8Xim Xgm1 Xij
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4 A Model for Disease Screening: Quality Decision Under

Competition

4.1 Introduction

This chapter looks at disease screening and treatment services in different industrial organiza-
tion settings. The main question of interest is a comparison of the decision about quality levels
in a setting where a social planner provides these services versus a setting where private health
care service providers compete given reimbursements from a social planner. The motivation
comes from breast cancer screening services, which was discussed in Chapter 3, and recent
questions raised about the quality of screenings and the complaints of private providers about
reimbursement levels [82]. We consider a health care system in a public-contract model [35]
for the competitive setting, i.e. the social planner (public policy maker) pays private providers
for the health service, as in the case of Medicare and Medicaid programs in the US. In this
chapter we do not consider a separate payer like an insurance company.

We focus on screening test quality in this model. More specifically, the quality of the
testis represented by a single variable, «, sensitivity of the screening test. There is evidence that
many factors affect sensitivity (machine quality, radiologist training and experience, number of
readings per year etc.) [14], and a provider can increase sensitivity by improving these factors.

We account for the following elements of the problem in this model, which we will

describe in more detail later in section 4.3:
» The decision variable is quality level «, a measure of sensitivity.

* People have a preference to get the test from the provider with the higher quality level
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and quality levels can be observed.

» People may have a disutility for getting the test, including social distrust for program,
difficulty with access, other personal factors or distance to facility. We aggregate all

these factors under the general term travel distance as also done by [38].

* Detecting the disease early results in lower treatment costs compared to late detection.

We present three models, starting from an overly-simplified model and changing one
assumption at a time in order to capture more of the above mentioned points. Section 4.2
briefly discusses the related work in the health economics literature. Model assumptions and
research questions are stated in Sections 4.3 and 4.4. Sections 4.5, 4.6 and 4.7 present and

analyze the three models. Finally in Section 4.8 we conclude.

4,2 Literature Review

There are several articles in the health economics literature that model the health services in
a competitive environment and investigate reimbursement mechanisms to improve social wel-
fare and control decisions taken by profit maximizing providers. [38] analyzes three provider
strategies, with respect to how they treat patients with different severities of illness: Creaming
(over-provision of services to low severity patients), skimming (under-provision of services to
high severity patients), and dumping (the explicit avoidance of high severity patients). The
social optimum is compared with the private Cournot-Nash solution under different reimburse-
ment schemes. They show that cost based reimbursement results in over-provision of services.
In the operations literature, [34] models how system congestion and customer valuations may
influence over-provision of services, where health care services is an example. [20] models
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the provision of two services by two providers, with customers that value the screening service
of each provider differently. They investigate market structures where the two services are
bundled or separated. We model two services as well, screening and treatment, and examine
cases where customers value the screening service differently. In our model, the second ser-
vice is not demanded by all the consumers, in contrast with the model in [20]. [15] studies a
model similar in spirit to ours, a hospital’s choice of quality and competition being the central
issue. However, that paper focuses more on the effects of asymmetric information about costs
and models the hospital’s choice of quality. We do not have asymmetric information in our
model, and verifiability of quality is assumed not to be an issue for the reimbursement scheme
decision. In our model, reimbursements are not based on quality itself, but the outcomes of it,
observed in terms of the early detection of disease. [77] models effects of cost reimbursement
and prospective payment systems in the health care industry, on the cost and the incentives for
quality , and shows that the latter can be used to give efficient quality and cost reduction efforts.

One common assumption in the above studies is that the type of service in question is
a treatment. This implies the service is desirable in itself and a high quality of that service
has direct influence on the patient welfare, hence also on the social welfare. The difference in
our model comes from the fact that there are two services explicitly modeled; screening and
treatment, and the first service is good only if it leads to a more appropriate delivery of the
second. Provision of screening-type public health services by private providers has not been
studied before to our knowledge.

There is a vast literature on disease screening in medical, operations and public health
literatures. A review focusing on research on breast cancer screening is given in Chapter

3. Disease screening has been studied mostly from a public health or policy control and
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optimization points of view, while the effects of leaving this public health service to profit

maximizing providers was not yet questioned.

4.3 Assumptions

We examine three models, presented in the order of increasing complexity. The basic assump-

tions are common for all the three models, except when mentioned otherwise.

* A target population of size N is uniformly distributed in a linear city of length 1. There
are two providers at the edges of the city. This is a very common assumption in health
economics literature [38, 20, 15]. The transportation cost is ¢ per unit distance. With
the transportation cost, we model the cost of access in general, which represents patient
disutility from getting the screening service. But throughout this chapter we will use the
distance interpretation. In the first model, we assume ¢ = 0, in the second and third, we

assume ¢ > 0.

* Patient willingness to get screened is modeled by a utility for screening determined by
their valuation of the screening test, which is increasing in the quality of the test. Utility
for a screening test of quality « (0.5 < o < 1), at distance x from the facility is modeled
as:

ule, x) = v —tx. (34)
Patients get screened if u(c, x) > O and choose the facility with highest u(.) if more

than one facility is viable.

» Patients can be in one of three stages: healthy with probability pg, have the disease at
early stage with probability p;, and have the disease at late stage with probability p,.
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* The cost of a screening test is cg per test.

» Two services are offered by each provider: screening and treatment. The provider which
detects the disease does the treatment as well, i.e. patients do not switch providers for

treatment.

* All people with late stage disease will be treated even if they were not screened. This
assumption is consistent with the assumption of a fully insured population, and it helps
to write the benefits of early detection as a difference of the costs early and late stage

treatment.

» The only decision variable is screening test quality, as represented by sensitivity, «. The
cost of quality is a convex increasing function of o, C(«). Quality can be improved
with more training or hiring more experienced radiologists, using better technology, or
having more than one radiologist check the test results. We do not explicitly model how
the quality is improved here. We model the cost of quality as a cost scaled with the
population size. Since it is fixed with respect to the demand observed, we refer to it as
“fixed cost”. Fixed quality cost is a common assumption in economics literature [106].
This is motivated from the assumption of facilities having ample capacity. We assume
that the capacity of both providers is enough to serve to the whole population, N. The
investment in quality will be a fixed cost for that supply, no matter how many people are
served. If there were no effort on quality, a sensitivity of « = 0.5 would be achieved
at zero cost (we assume specificity of 1 (no false positives, due to presence of highly

specific follow-up tests). We set
5 1
Ci(x) = Nci(a® — Z)
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for facility i = 1, 2, and restrict « to be at least 0.5. The feasible set for quality is

o € [0.5,1].

* We assume a prospective payment system, i.e. the reimbursement is not based on the

actual costs. Instead, a reimbursement rate is identified for each service provided.

* In the analysis the decision of a social planner and the decision of profit maximizing

providers are investigated. We make the following assumptions for each case:

~ Social planner: The social planner owns both facilities. The objective is to max-
imize social welfare, i.e. benefits from treating the disease at early stage (this is
from reduced treatment cost as well as the gains in life years), minus the costs of
screening and quality. The benefits and costs of screening and treatment services

for the social planner are as follows:

* by : Benefits of early treatment for the social planner (per treatment). This
includes treatment cost reduction and the increase in life expectancy by early

detection. In other words,
by =y,—y;+ Al 35)
where y; and y, are the cost of early and late stage treatment and A/ is the

value of life years gained by early detection.
* cg : Cost of screening test (per test).
— Private providers case: We assume duopoly competition on quality; two providers
want to maximize profits. A social planner reimburses the providers for each

screening and treatment, which determines the cost benefit structure for the private
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providers. Given the reimbursement levels, the net profit per each service provider

is determined by:

* ro: Netrevenue from screening, per screening = Reimbursement + Co-payment

per screening test - cost per screen. Le.

rg =rs — <o (36)

where r; is the reimbursement per screen (co-payment is normalized to zero).

* r1 : Net revenue of early detection = Revenue increase for every correctly

diagnosed and treated early stage disease + treatment cost reduction by early
detection. lLe.

ri=ra—re+v,—¥Yi (37)

where r;; and r;, are the reimbursements per early and late stage treatment

respectively (co-payment is normalized to zero).

* In practice, net reimbursement levels rg and r; need not be the same as b; and cg. b1, the
benefit of early detection for the social planner, includes the long term benefits from in-
creased life expectancy, Al, which is typically not directly reflected in the reimbursement

levels.

¢ All parameters are common knowledge.

* Quality levels are observed. This assumption may seem strong at first sight since it
would be difficult to observe the exact quality levels in reality. On the other hand, there
is a regular certification process for mammogram facilities that signals the quality level.
In general health care setting, a good example of how quality levels can be reported
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is given in the Shouldice Hospital Case [58]. For screening services, the experience
of radiologists and machine technology are easily observable factors that effect quality.

Hence, we can argue that it is a reasonable first order approximation.

* Social welfare is defined as the sum of total profits for the two providers and the total
utility for the patients (from increased life expectancy) minus the costs for the social
planner. The utility of patients for screening defined in (34) is not included in the social
welfare calculation. For social welfare calculation purposes, patient utility is only the
increase in life time expectancy, and is valued as Al per early detection. Thus the social
welfare for both the social planner case and private provider are equal to the following,

as shown in the Appendix, where D, and D, are the demands for facilities 1 and 2 :

157 = Dy (b p1a1 — co) + D2(b1p1aa — co) — Ci(a1)) — C2(a2) (38)

When there are two private providers, each maximizes its own profits. The profit for provider
iis:
IT; = Di(a1, a2)(pire; + ro) — Cia;) (39)

where D; (o1, cr2) is the demand for provider i, given quality levels of both providers.

4.4 Research Questions

The basic questions we are interested in are: What is the effect of competition on the social
welfare and the quality levels set for a screening service? Can we get profit-maximizing health

care providers to offer a quality level that is socially optimal, i.e. that maximizes social welfare,

or is it better to have the social planner provide this public health service? How do disease and
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population characteristics (in terms of the disease prevalence and willingness to get screening
test) effect the optimal quality levels in different health systems?

Section 4.5 analyzes the basic model where there is no access cost and everyone in
the population has the same valuation for screening test quality. Section 4.6 adds a trans-
portation cost, which creates differentiation between the two providers. Section 4.7 presents a

preliminary model for the case of heterogeneous valuations for quality in the target population.

4.5 Case I: No transportation cost

In this section, we analyze the optimal quality selection of a social planner (maximizing social
welfare), and the decision of two competing private providers (maximizing profits), for given
reimbursement rates, for the model without transportation costs (zr = 0).

Utility of patients: The utility of a patient at a distance x; from provider i for getting screening
from provideri is u(«;) = ve; and ¢; is the quality level of provideri. Since thereis no disutility
of screening when ¢ = 0, all customers are willing to get screened.

Demand: The provider with higher quality would attract all the patients since there is no
access cost to differentiate the providers. We assume that when the quality levels are the same,
patients choose one of the two providers randomly. Demand for provider 1 given the quality
levels for both providers, 7 and a5 is:

N if o1 >ar

Di(@,a2) =y X if o=y (40)

2

0 if o) <o

L

The demand for provider 2 is Dz (1, o2) = N — Di(a1, «2). This is a typical winner-takes
all demand allocation.
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4.5.1 CaseI: Social Planner’s Decision

For the social planner, the objective is to maximize social welfare, i.e. the benefits from early
detection minus costs of screening and quality investment for both facilities. Note that the
benefits of the social planner per early detection, &; also include the utility of patients in terms
of life expectancy.

The Socially Optimal quality levels o1, a2 maximize IT5” in equation 38. If the quality for
both providers were the same, then the demand would be shared equally. Otherwise, the facility
with the highest quality would attract all the demand. We analyze these two cases separately
to find the optimum:

i) If ¢ = ay = « then:

1 1
max (HSP = N(p1b1ax — cg) — Ncq (a® — Z) — Neg(a? — Z))

[0

SP
First order condition ( f.o.c.) : Ja = bip1 —2cia + 2c00 =0
. bipi
SP
= 0.5, — 1
= o max( mln(zc1 20 ))

ii) a; > oy = Di(a1,ar) =N, Dy(ai,az) =0 = ar = 0.5; then

1
max (HSP = N(p1o1b1 — cp) — NCl(a% - Z))
o

drs?
do

f.o.c. = p1b1 — 2c1x1 =0

b
= P — (max(O.S, min( 221,
2C1

1), 0.5)

Proposition 9 When there is no transportation cost, the social optimum is to make all of

the investment in quality in one facility, i.e. a3f = max(0.5, min(%‘c%, 1)) at the optimum.

Operating two facilities is inefficient.
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Proof. If the cost of a given quality level is fixed regardless of demand, it is suboptimal
to invest in two facilities. This is because the net benefits from screening would be the same,
since the whole population is served in either case, whereas the total quality cost would be

higher if there is investment in both facilities. m

Remark 10 The optimal quality level increases as the prevalence of the disease (p1) increases.

4.5.2 Case I: Profit Maximizing Providers’ Decision

The demand function is the same as in a typical Bertrand type competition, i.e. a provider can
get the whole market by setting its quality level slightly above its competitor, so each provider
will want to increase the quality above the competitor’s quality level [106]. However, there
is a limit to the point up to which they can increase their quality level without making losses.

The optimization problem for provider i, given the competitor’s quality is:
max IT; (@1, a2) = Di(a1, 02)(ro + piriai) — Ci(a:) 4D

s.t.

o; € [0.5,1]

We define two reference quality levels to facilitate the discussion of equilibrium. Let
oelN be the profit maximizing quality level that provider i would set when its demand is N.
N,0 .

a7 " is the maximum quality level that provider i would set without making losses, when its

demand is N. These quality levels are found by examining first order optimality conditions

and taking into account the constraint «¢; € [0.5, 1]:

N dIl;

o pPiri
1 - dal 2

1
=0 for Dy =N, af = max(, min(Z =, 1) (42)
1
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1
aiv’o : N(ro+ pierr)) — Nei(ad — Z) =0
e 22 2
N max (0.5, min (461 (2p1r1 + 2\/(p1r1 + 4crg + cl)) : 1)) 3

max (0.5, min (% (2p1r1 - 2\/(17%"12 +4cro + C%)) , 1))

The same arguments apply for provider 2:

o = max(o.S,min(-I-’lf‘-, 1))
2¢;)

No a0 = max (O.S, min (Zi‘_z (2p1r1 + 2\/(1’%"12 +4crg + c%)) , l))

oy “é‘;’o — max (0.5, min (t (2p1r1 — 2\/(p]2ri2 +4crg + c%)) , 1))

There are two solutions for aév ’0, where alzvl’o > 0/2\’2’0. For the equilibrium discussion,

only the larger point, a,i,vl’o will be valid. We analyze the equilibrium in two cases:

i) Identical Providers:ci = ¢c; = ¢

Ifc; =c =c, thena) =af =a¥, and aiv’o = aév’o = a™'0. Consider provider
1’s actions given provider 2’s decision a3: If ap < aV, then provider 1 could set a1 = al, to

serve the whole population and maximize profits. If provider 2 increases its quality such that
ay > oV, provider 1 increases its quality too in order to beat provider 2 and attract patients.
As soon as a3 reaches the maximum quality level -9, it is not profitable for provider 1 to
continue competition and increase its quality, since if provider 1 sets «; = a’V*0, they would
share the market, and both would make negative profits. Setting «r; greater than «2, i.e. setting
a1 > o™9 is not profitable for provider 1 either, given that "0 is the maximum affordable
quality level. So, if provider 2 sets oy = «”, provider 1 will prefer to set @; = 0.5 and
make zero profit. However, this is not an equilibrium, since if provider 1 sets ;3 = 0.5,
provider 2 would prefer to decrease its quality and set ap = o” (note that oV is the profit

maximizing quality and &% > o > 0.5). These reactions would start again, which leads us
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Figure 12: Reaction Functions for Case 1. Two providers are assumed to be identical (c; = ¢3).

to the conclusion that an equilibrium cannot be reached when two providers are symmetric and
quality costs are fixed regardless of the demand. Figure 12 illustrates the lack of equilibrium
in this system, since the reaction functions never intersect.

The reaction functions explored in the above discussion are summarized below and

illustrated in Figure 12, for two identical providers, i.e. ¢; = ¢2 = c.

-

max (0.5, min(&L, 1)) for aj < B =N
® =1 max (0.5, min(ej +&,1)) for aﬁv’o —e>a; > 40
0.5 for a; > (xllv’o —¢

L

Remark 11 When the quality investment should be done for the whole population regardless
of the demand (i.e. cost of quality is fixed), then there is no pure strategy equilibrium for the

two firms competing on quality.

ii) Non-identical Providers: ¢; > ¢
The reaction functions for non-identical providers are shown in Figure 13. The result is
the same as the identical provider case, i.e. there is no pure strategy equilibrium. The analysis
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0.5

Figure 13: Reaction functions for non-identical providers (c2 > ¢1).

of this case shows that having two providers is not a viable policy if both have enough capacity
to meet the demand from the whole market, and there is no difference between them except for
their quality from the patients’ perspective (i.e. no transportation cost in our model). Indeed,
from the social planner’s perspective, having two facilities at the same location while one has
enough capacity is suboptimal (as in section 4.5).

The result suggests that two providers competing on quality cannot co-exist in a market,
when the cost of quality is scaled with the capacity and not with the demand. The assumption
of not having any differentiation except for quality is a strong one which drives this result.
In practice, factors other than quality would create differentiation between providers, such as
agreements of insurance companies or individual preferences for doctors in different facilities.

If we change the assumption that both facilities invest for the whole market and instead
assume that the quality investment is a variable cost, then we can achieve an equilibrium
as shown in the Appendix. In that case, we find that there is a unique equilibrium quality

level, where both providers make zero profits. This is also analogous to the classical Bertrand
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competition result. For disease screening problem, we interpret the quality investment as a
fixed cost for the existing capacity (for e.g. hiring a more experienced doctor or buying a more

advanced equipment).

4.6 Case II: Transportation cost t > 0

In this section we change the basic model discussed in Section 4.5 by assuming a positive
transportation cost, ¢ > 0. This reflects customers preferences between the two providers for
factors other than quality. We then follow a similar analysis to compare the optimal quality
levels.

The patient utility from getting screening from provider i is u; (¢;) = vo; — tx;, where
v and ¢ are positive constants and x; is the distance to provider ¢, x; € [0, 1]. We look at
two cases: (1) Both facilities are owned by the social planner, and (2) Facilities are owned by
competing private providers.
Demand. A patient at a distance x; to provider 1 accepts to get a screening test if and only
if his/her utility from getting screening from provider 1 or provider 2 is non-negative. We
assume initially that all the population is willing to get the screening test from at least one of

the providers, i.e.:

max(vay — tx1, vay — (1 —x1)) =0 (Assumption 1)

Remark 12 If Assumption 1 is not true, then there will be some patients in the middle of the
linear city, who will not get screening test from either of the firms, and there will be no real
competition (each will behave like a monopolist for patients in their catchment area). Since

we are interested in the effect of competition, we analyze only the case with assumption 1 here.
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Since the minimum quality allowed is 0.5, Assumption 1 implies v > t.
Provider 1 is preferred to provider 2 if and only if:
vy — tx1 = voy — (1 — x1) 44)

Then the value of x; that leads to equality in inequality (44) determines the demands for both
providers: Di(x1) = Nxj and Dy(a2) = Nx5 = N(1 — x}) with:

1 v(xr —a3)
oo 4 21702 45
e 2T T “3)
1
2

+ v(az —ay) 46)

£
2 = 2t

Equations (45) and (46) assume that transportation cost # is sufficiently large so that
x{ € [0, 1] is in the interior of the unit city. (Otherwise, for sufficiently small ¢, the provider
with greater quality would serve the whole population. The limiting case of 1 — 0 was

analyzed as Case I in Section 4.5, so we do not discuss it here).

4.6.1 Case II: Social Planner’s Decision

The social planner’s objective is to maximize total welfare, I15P, i.e. the sum of total net

benefits from services of the two facilities:

1 l aj—«
ns? = N(—+—v—1—t——2) (b1p1ay — cg) — C1(x1)

2 2
1 1 ar—«
+N (5 + zv———")(b1p1e2 — co) — Ca(@z)

From first order optimality conditions we find the optimal values as:

1 cat — bypv

sP

— 0.5, =b !

o max(0.5, min(5 WP itcs — bipves — c1bi pv )
1 t—>b

as? = max(0.5, min(=b;p - - D)

2 2c1tcs — by pvey — c1bipv’
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If the two facilities are identical (c; = ¢ = ¢), then

&SP = 3P = max(0.5, min(1, l—’;ﬂ))
C

The objective function is concave if:

bip1v
>
2t

47)
If (47) does not hold, the solution would be at the upper-bound, 1. If we assume (47) holds,
then we know that min(1, bh—lc’l) = b—}‘ﬁ—‘, and there are 2 possible optima for a social planner
operating two identical facilities, with symmetric costs:

1 : (@, a5F) =(05,0.5)

bip1 bipi
2+ (@SP oSPy = (2P
(@™, e3") ( 4c 4c

)

The first optimum (¢; = o1 = 0.5) refers to a case in which benefits from early
detection and the prevalence of the disease are so low compared to the cost of quality that it
is not worth making any effort for screening test quality. The second optimum is the interior
solution (1 = a2 € (0.5, 1)), where the optimal level of quality is determined by the ratio
of marginal benefits over marginal costs of screening quality. The cost of screening does not
affect the results, because everyone gets screened by assumption and the screening cost is a
sunk cost for the social planner.

If the two facilities were owned by a monopolist who wants to maximize profits given
reimbursements (as opposed to a social planner who wants to maximize social welfare), then
the quality level chosen by the monopolist would be ™ = o™ = “LEL. This is found by using
r1 and rp in place of b1 and —cg for the profit function found in (47). Note that difference
between a profit maximizer and a social planner comes from the difference in their utility
functions, a monopolist only considers the revenues and not life gains.
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4.6.2 Case II: Profit Maximizing Providers’ Decision

Private providers each maximize their own profits which consist of net revenues from screening

and treatment and the cost of providing a certain quality level for the population N.

1 1 a—« 1

C 1 2

Iy = N(E—*_Ev—t——*) (Vo+71p1a1)-N01(a%—Z) (48)
1 1 a—« 1

N = N(s+sv—=—")@¢o+ripiaz) — Nea@@ — 5) (49)

2 2 t 4

Second order optimality conditions are satisfied if
¢ > ”é’t‘” for i=1,2 (50)

We assume (50) is true. Then the reaction functions of the two firms, given the decision of
their competitor, are found by solving for the first order optimality conditions for maximizing

profits given above for each firm:

ai(@) = max (0.5, min (1, ZHHRL — L NBLLg,))) 51
2 max (0.5, min (1, a; — B1c2)) (52)
az(o)) = max (0.5, min (1, 42‘;;’3;1’;1:1) - 4cztrlglri)p1va1)) (53)

£ max (0.5, min (1, az — Bra1)) (54)

and the q;, B; are defined by Equations (52) and (54). Figures 14 and 15 show the reaction
functions for two cases (one with stable equilibrium), if the coefficients in the linear term of
the reaction functions, 8, and 8, are different. Figures 14 and 15 assume parameter values
which ensure that the equilibrium quality levels stay in the feasible range [0.5, 1],

where

a a rov +r i1
1>a1,a2>05 and 1> L2 _lovrnpl

= = > 0.5
B1 B2 ripLv
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Figure 14: Reaction Functions of two firms when 8, B8, < 1, given by the solid lines. Equi-
librium E is stable.

4.6.3 Stability of Equilibria

In this section, the stability of equilibria is investigated. To better interpret the conditions, we

first define quality elasticity of demand:

Definition 13 Quality elasticity of demand shows how sensitive the demand is to a change in

quality and is equal to:

proportionate change in demand % + W - (% + P-gﬁ%-@) v

proportionate change in quality o] — a’l 2t
If the reaction functions intersect at an interior point, then stability is ensured by the

condition 8, B, < 1, i.e. 2¢; > 3r1p1-2”—t and 2¢; > 3r1p121t, as shown by Proposition 14.

Proposition 14 If (af, af) is an interior equilibrium point then it is asymptotically stable if

and only if 2cy > 3r|p1% and 2¢2 > 3r1p1 5.

Proof. The evolution of decisions o« = (&1, a2) given by equations (52) and (54) can
be represented by the following dynamic system: «(k + 1) = B(k)a(k) + A where
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Figure 15: Reaction Functions of two firms when 8; or 8, > 1., given by the solid lines.

Equilibrium E3 is not stable.

—B1 0 a1 . .
B(k) = and A = , assuming the decisions evolve in the

0 =5 az
interior of («1, &2) € [0.5, 1]%. The eigenvalues of B are equal to — 8, and —f,. The system

is asymptotically stable if and only if both eigenvalues have magnitude less than 1 [76], i.e. if

and only if 2¢; > 3r1p12% fori =1, 2.

rip1v v
= — 1 2 3 — 55
A1 4cit — 2rip1v <1=ca > r1p12t (55)
rnpaw )]
——— 1 2 3 — 56
B2 dcrt — 2rip1v <1=sa=snp 2t (56)

The stability conditions given in equations (55) and (56) compare the marginal cost of
quality with the marginal revenues of quality, scaled with the elasticity factor. The conditions
are satisfied for a high cost, low elasticity, and low marginal revenue. A high quality cost ¢; or
a low elasticity o- reduces incentives of the two providers to increase quality and try to serve to
the whole market. In that case two providers would co-exist and share the market. On the other
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hand, if the quality can be improved at low cost (low ¢;) or if the demand is highly sensitive to
changes in quality (high elasticity), then having two competing providers is not a sustainable
solution.

Figure 14 illustrates the stable equilibrium case, where the only candidate for equi-
librium is the point (af, «5), denoted by “E”, where the two lines intersect. Stability of this
equilibrium is illustrated by arrows in the figure. These arrows show evolution of reactions
triggered by a deviation of firm 1 from the equilibrium point, and the two firms’ decisions
eventually converge to E again. However this point is an equilibrium only if it satisfies the
feasibility conditions. Then the equilibrium quality levels would be:

(4cat — 3rip1v) (rov + rip1t)

a7 = max(0.5, min 1

1 ( (1662’201 — 8catrip1v — 8ripyvert + 3ry piv? )
4c1t — 3 t

oS = max(0.5, min( (e r1p1v)(rov + r1p1t) )

16¢2t%2¢y — 8catr p1v — 8riprveit + 3r1p%v2’
If the cost of quality is the same (c; = ¢2 = c¢) for both firms, then the equilibrium is

symmetric (cxlc = cxg ) with

p rol 4 M2
of = o = max(0.5, min(C TP 1) — max(0.5, min(—2Z"2_ 1)) (57)
4ct —rip1v 2c—r1p1§

In equation (57), for the interior solution, we can see each factor affecting the result
explicitly: - represents the quality elasticity of demand, rp; is the marginal revenues of
quality increase and 2c¢ is the marginal cost of quality increase. This shows, the competitive
quality level would increase with an increase in reimbursement for screening test, or early stage
treatment, as well as the prevalence of the disease. On the other hand increasing cost of quality
would decrease the equilibrium quality level, as expected.

If the condition given in Proposition 14 is not satisfied (8 or 8, > 1), then the interior
equilibrium is not stable and the reaction functions can look like Figure 15. In this case, the
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reaction functions can intersect at three points, E1, E2 and E3. The arrows in Figure 15
indicate the reactions triggered by a deviation from point E3 illustrating that E3 is not a stable

equilibrium. The system stabilizes either at point E1 or E2. The possible equilibria are:

t
@€, aS) = (0.5, max(0.5, min(—X TPy (58)
dct — 2rip1v
t
or@S, o) = (max(0.5, min(—LTTIPL 1)) o) (59)
4ct — 2r1p1v

This implies that at most one firm would invest in quality if 2¢; < 3rp15;, i.e. if the cost of

quality and transportation were small compared to the potential benefits of it.

4.6.4 Discussion

Assume that the socially optimal quality level is bj‘% > 0.5 (that social optimum was analyzed

in section 4.6.1). The social welfare for private providers is less than the optimal social welfare,
if the quality levels set by the private providers at equilibrium is different than the socially
optimal quality level. If the following condition holds, then it is best to offer the screening
service as a public service rather than letting private providers do it, since the socially optimal
quality level would not be reached in competition:

oSP — bipi > o€ = oY + ripit
4c dct — ripjv

(60)

This condition holds if there is a big gap between the social benefits b1 and the net
revenue for treatment r1, and when the valuation of patients for screening quality, v is small.
Since b1 includes the long run benefits of an increased life time, a social planner would not pay
this amount as a reimbursement increase for each early detection, which suggests that b; > ry.
Depending on how much value a social planner assigns for the life years, the gap can be big,
in which case public provision of screening should be preferred.
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Screening costs and net reimbursements for screening (7o) also play a role in private
providers’ decision for a quality level. The social planner should make sure that the reimburse-

ment for the screening test is high enough to make %}% equal to the socially optimal level

b}‘g L. This shows the interaction between the two services offered: While the first one (screen-

ing) contributes to the costs, the benefits from the second service (treatment) compensates for
these costs, and the reimbursements should ensure the right balance of the costs and benefits
in order to achieve the desired quality levels. If the screening test cost is reimbursed fully, i.e.

ro = O (defined in (36)), then the condition in (60) is satisfied if and only if rl—l — % > %. Le.

1 1 vp1 sP c
If(———)> th 61
(7‘1 bl) ) en o’ >« (61)

Other factors that may potentially create a difference between the social planner solution
and private provider solution are the valuation of patients for quality (v) and the access cost
(¢): With competition, providers have more incentive to increase their quality if v is high and ¢
is low, i.e. if demand is more sensitive to quality differences, then competing providers would
achieve equilibrium at a higher quality level. On the other hand for the social planner we do
not observe this elasticity effect since the whole population is served anyway. This result is

stated in proposition 15:

22 . .
Proposition 15 Ift > 0, ¢c1 = ¢ = ¢, ro > :{Cp L, and ¢; > ™£1%, then the equilibrium

C __ rovtripit

=3 increases with v and decreases with t. That
Ct—r1 P11V

quality level under competition, o

is, quality under competition increases in “quality elasticity of the demand”, 2%

Proof. Given the assumptions stated in the proposition,

d rov +ripit) 1 4roc+r12p% —rlzp%
= 2(

] >0 if rg >
d(z%) 4ct — r1p1v 2c—r1p1%% 4c
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Proposition 15 suggests that a policy maker can ensure higher quality levels by in-
creasing the sensitivity of population to screening test quality when they choose between the
two providers. This can be done by increasing awareness, or decreasing the transportation
costs. However, there is a limit to this intervention without disturbing stability. If the demand

ces . . . v 2c . P . .
becomes too sensitive to quality (i.e. if 57 > 3r11171 ), then in equilibrium, only one provider

would invest in quality. Moreover, the condition rg > # should be satisfied to guarantee
that reimbursement for screening is high enough for the providers to make nonnegative profits
by offering the screening service.

The discussion so far was based on given parameters of the utility for the private
providers and the social planner (rg, r1, &1 and cp). A social planner should solve the following

program to find the optimal reimbursement levels:

max : 157 (62)
0,71
s.t. (63)
nc > o (Individual Rationality)
o = of (Incentive Compatibility)

The first constraint in the above program is the participation constraint, i.e the providers should
make non-negative profits. The second constraint shows incentive compatibility, i.e. optimal
competitive quality level should be equal to the socially optimal quality. The optimal r¢ and

r1 should satisfy:

ro 1 _ pibi(b1 —2r1)

T 64

2 + 4 — 16¢ ©4)
bipy _ rov+ripit 65)

4c  4ct —riprv
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The solution of equations 64 and 65 is found as:

b1 =p0 (66)

1  —4dpct + prip1v + 4tric
ro=—=p1 P prip 1 67)
4 cv

where there are two possible p values:

z == (2r1p1v + 8pict — 2p%rv + 2\/(r12pfv2 —2r2pv? + 16 p?c2t? — 8pictriv + piriv? + 4v2plc))

Z =g (2r1p1v + 8pict — 2piriv — 2\/(r12p%v2 — 2r2p3v? + 16 pc?t? — 8pictriv + piriv: + 4v2plc))

We leave a more involved discussion of reimbursement schemes for future work.

4.7 CaseIIl: Patients are not Homogeneous in Their Utility from Screen-
ing

In this section we add one additional feature to the model in case II: A customer’s valuation

of screening, v is assumed uniform in [0, 1]. Then the linear city of length 1 in the previous

section becomes a unit square, with N people uniformly distributed on (v, x) € [O, 11?2 (as also

used in [38]).

Unlike case II, there will now be some customers who do not want to get screening
from any provider since their valuation is not large enough to compensate for the burden of
travel. The region marked “O: No screening” represents those people in Figure 16. We denote
the demand for provider i with D;, as a shorthand notation of D; (o1, @2), where D1+ D, < N
(in Cases I and II, the assumption was D + Dy = N). We define Dg = N — Dy — D3, the
number of people that do not want to get screening from either provider.

Let the quality for the two providers be o7 and «2. At any point x € [0, 1] between
provider 1 and 2, the demands are determined by the customer valuations. A customer at

112

Reproduced with permission of the copyright owner. Further reproduction prohibited without permission.



distance x; to the provider 1 is willing to get screening if the utility of getting screening from

at least one of the providers is greater than zero, i.e.:

max{(ve; —txy, vy —t (1 —x1)) >0

(68)

If the utility for both providers is positive, then a customer at point x; prefers provider 1 for

values of v that satisfies:

vy —tx1 = vy —t(1 — x1)

If @1 = « then customers at points x; < 0.5 prefer provider 1. If @y > o then customers

who prefer provider 1 have valuations

2t t
v = X1 —
o) — o Q) — o

(69)

The preferences of customers on the unit square, where the x axis is the distance and y axis is

the valuation of screening are shown in Figure 16. The demands are determined by three lines,

dy2, dio and dyg. Figure 16 is drawn assuming oz > «;. When o] and «» are equal, the line

di2 becomes a straight line passing from x = 0.5, and D; = D».

For given quality levels «; and o2, the demands D;, D;, Dy for a uniformly distributed

population equal the area of the respective regions in Figure 16:
ifo) < oy

t

Dy = — N
0 2(a1 + @2)
toq
D — -
! Z(a%—a%)
2(a?2 — a?) — aot
D> (062 2051) . 2 N
2(as —af)
If ¢; = @y == « then
t 4o — 1t
0= 2 * 1=58=—
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v:valuation of screening

¢
t
Xy —a —_—
2 1 v// a )
dy, pd
2: Demand for 2
t - e ’//
@, 1: Deman d /“/ ,,,,,
for 1 T\
1 \‘
N
dig AN d,,
iNo \s»cireening
Provider 1 N 1Provider 2
@, 0 a, 0.5 a,

o, +
Figure 16: Demands for providers for given quality levels, as > o)

Demands for each provider increase in their own quality and decreases in the competitor’s
quality. Number of people who do not get screened (Dg) decreases as the quality of screening
tests increases, and as the transportation cost decreases.

If a continuum of values of « are used, the analysis of optimal decisions given the
demand structure is not analytically tractable, since there are many special cases for different
« values. We make an assumption of having two levels of quality, high, o/ and low, o’ for
the rest of the analysis. The assumption of having discrete (high and low) quality levels is
a reasonable one. Although the screening test sensitivity would have continuous values, the
quality measure in this model should be seen as an expected value. In practice, sensitivity
values for screening tests would be around a high value if a certain investment is made, while
it would be around a low value otherwise. For example, for breast cancer screening, hiring
an experienced radiologist would provide an expected sensitivity value of 0.80 while with an

experienced radiologist the sensitivity could take values around 0.65 [42].
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Set

afl —at = A (74)

u(w) = va—tx 75)

We assume ¢ < A and A > 0 so that the demand functions given in equations (70-72) are
nonnegative. There can be four solutions, defined as the quality levels chosen by the two

providers (o1, ), which are: (L,L), (H,H), (L,H) and (H,L).

4.7.1 Case III: Social Planner’s Decision

The Social planner’s objective is to maximize social welfare as in the previous sections. Assume
c1 = ¢z = ¢, hence C;(a) = C(«), and so(L,H) and(H,L) are equivalent. We only consider
the cases (L,L), (L,H) and (H,H). We denote the contribution of provider i to social welfare for
(@1, @2) = (a*, &™) by T

1.(L, L) : If (a1, a2) = (%, L), then the social welfare is 2IT{L = 2T14% where

4ol — ¢

l—[LL — I-ILL =N

(b1p1al — co) — C@h)
2.(H, H) :If (a1, a2) = (¥, af?), then the social welfare is 2IT# ¥ = 2T1J/# where

4o —¢
(b1 p1afl — co) — C@™)

mHH — HH — N

3.(L, H): If (@i%, a5%) = (at, af?), then the social welfare is [T¥H + TTL# where

OlL

Ntz(aH)Z _ 2(aL)2
2?2 — 2(al)? — taf
2(aH)2 — 2(al)?

l'[f‘H == (blplaL - CQ) — C(C(L)

rnz# (brp1a™ — co) — C (aff) (76)

The conditions for each solution to be the optimum are found by comparing the social welfare
in each of the three cases.
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4.7.2 Case III: Profit Maximizing Providers’ Decision

We denote the profit of provider i for the solution (ozlc, a2C ) = (af, af) by I'IiLL and likewise
for the other solutions. Assume ¢; = ¢2 = ¢, hence C;(«) = C(«). The profits of the two
providers for each of the four cases are:

1.(L, L) : If (a1, a2) = (@, al), then profits are:

LL _ LL_N4°‘L—’ L _ L
l'Il "‘HZ = —_SaL (rlpla +l”0) C(Ol )
2.(H, H) : (a1, a2) = (@, o).
4o — ¢
e — it — N SaH ~(rip1efl 4+ rg) — Ca®)

3.(L, H) : (a1, a2) = (@, a¥), there are two cases, t < Aand ¢t > A.If r < A then

ak

tz(aH)z — Z(aL)2
2(af)? — 2(at)? — tafl
2(aH)2 — 2(al)?

ngf = (ripra + ro) — C@™)

I'[%H (rlplaH + rO) —C (aH) a7

Remark 16 Itis always true that: TI5 > TP H and TTFL > TIEH. A provider always prefers

its competitor to have a low quality level.

The analysis of this model will involve finding conditions for each of the four decisions for
both social planner’s and private providers case and finding cases when they coincide and when

they do not coincide.

4.8 Summary of Results and Concluding Remarks

In this chapter, we introduced a model to investigate the impact of different industrial organiza-
tions for public health services provision, in the context of disease screening. Motivated from
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the results of Chapter 3, we focused on the sensitivity of screening tests as the main decision

variable.

We analyzed two models and introduced a more complex third model. The analysis of
the third model and extensions to optimal reimbursement are areas for further research. The

results presented in this Chapter are summarized in Table 12 and 13 (for the case of identical

providers for simplicity in exposition):

Case | Basic Assumption | Social Optimum
I t=0,v>0 aSP = (@f?, a5F) = max(0.5, min(l’—;g—l, 1)
I [t>0v>0 aj? = a5 = max(0.5, ZEL)

Table 12: Summary of Analysis and Conclusions for the Social Planner Case

Case Basic Assumption | Competitive Solution Condition

I =0,v>0 no equilibrium no equilibrium
II t>0,v>0 af = af = max(0.5, min(jGLLL 1)) if ¢ > p1v
I |t>0,v>0 (@f, af) = (0.5, max(0.5, min(GREREL 1)) | if ¢ < L

Table 13: Summary of Analysis and Conclusions for the Competitive Case

For the analysis completed to date, here is a summary:

* If the cost of screening quality is a fixed cost (that is a cost scaled with the total population

size as opposed to the demand) and there is no patient disutility for participation, then a

social planner operating two facilities is inefficient. The optimal decision is to invest in

only one facility.

» If the cost of screening quality is a fixed cost and if there is no cost of access (or
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other differentiation between the firms), then duopoly competition does not have an

equilibrium. Competition ensues and collaboration is required to obtain profits.

» A high disease prevalence increases the optimal quality level for both the social planner

and competitive models.

» When the two facilities are located in separate locations, the decision for the quality level,
given competition, is affected by the net reimbursements for screening and valuations
of patients, which are factors that do not affect the social planner’s decision. Therefore,
optimal reimbursements should provide a balance between screening costs and treatment

revenues in order to provide the right incentives for the private providers.

* A high elasticity of demand for quality increases the quality under competition. That
is, if customers have a high valuation for screening quality and low transportation costs,
there will be harsher competition for attracting demand between the two providers. This
result is not valid for the social provider, who cares only for the total demand for both

facilities.

 If the marginal cost of quality is very low, then the equilibrium with two providers in
competition is not stable. One of the providers would be driven out of competition and

only one provider will make investment for quality in equilibrium.

In this chapter, we focused on points that were ignored in Chapter 3, including com-
petition between two providers. The comparison of optimal quality levels depends on the
valuation of the social planner for life gains from early detection and the reflection of this

on reimbursements. In order for competition to be realized, certain conditions regarding the
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relative costs of quality and transportation are necessary.

Chapter 3 showed that increasing quality or increasing outreach of screening results
in improved health outcomes, while increasing quality is more beneficial in terms of reducing
system costs (screening and treatment costs). In Chapter 4, an interaction between these two
dimensions, quality and outreach, is shown: a higher quality would increase outreach too, since
people would be more willing to get screened. This means that the benefit of increasing quality

is even stronger than that estimated in Chapter 3.

4.9 Appendix to Chapter 3

Social Welfare calculation
For a population of size N, the total benefit of screening and treating when screening
quality is « is found as; the cost of screening minus cost of treatment in case of early and late

treatment plus the value of increase in life expectancy minus the cost of quality:

M7 = N(—co— pray; — p1(1 — @)y, + p1adl — pay,) — C(a)

= N(pia(y, —yy1+68l) —yo) — Cla) — Ny,(p2 + p1)

1
= N(bipias — co) — Ne(@? — Z) — Nca(p2 + p1)

By assumption that everyone is treated when they have the disease at late stage, the benefits of
screening can be written as the marginal gains by early detection. The last terms is a constant
which does not affect quality decision, so we drop it from the analysis, normalizing to zero.

Analysis of Case II with Variable Cost for Quality Let the total cost of quality equal the
realized demand times the cost of quality, i.e. let C;(a) = D;c, (a% — %). We look at only the
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case with identical providers in this section.

Socially Optimal o maximizes IT57, for the whole population N, which is.

b
«5P = max(0.5, min(Z1PL,
2c¢

1)) (78)

This is the same solution as when only one facility serves the whole demand, when the
quality cost was scaled for the whole population

Profit Maximizing Providers’ Decision (Variable Quality Cost)

The demand is the same as in Section 4.5.2. We have the Bertrand-type of competition
again, where the quality level is escalated until the point where provider have zero profits
and cannot increase the quality any more since they make losses. In the Bertrand model,
the equilibrium is achieved if price equals marginal cost. For our model the result is similar.

Equilibrium is achieved at quality level that results in zero profit, «*.

Proposition 17 Given the assumptions of this section, the only competitive equilibrium is

achieved at:

1
a® = max(0.5, min(1, 2 (2p1r1 + 2\/(p%r12 + 4crg + cz))))

Proof. The quality level that results in zero profits for each provider (a’V-0) is the
solution to g + prar; — c(a? — %) = 0, provided that it is in the feasible range [0.5, 1]. There

are two potential solutions: equation:
af = % (2p1r1 + 2\/(p%r12 + 4crg + cz))

af = 41—C (2p1r1 — 2\/(p%r12 + 4dcrg + cz)>

af =

In the absence of competition, it is optimal to set « = £, which is greater than oeg , SO azc
cannot be an equilibrium. If one firm sets @ = ag , the other one can set o = 571 > ozg ,
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Figure 17: Reaction functions when quality cost is variable for population served and two

providers are identical.

get all the market, and gain the maximum profit. Hence the only competitive equilibrium is
ole,provided it is feasible. If it is not feasible, one of the boundaries will be the equilibrium.
Note that azc is not necessarily negative since we do not restrict rp to have a positive value. m

By settinga; = oy = «C, both firms make zero profit, but they do not have an incentive

to deviate from this equilibrium. The reaction functions are shown in Figure 17.

Remark 18 Quality levels under quality competition (given in proposition 17) are higher than
the socially optimal level (given in equation 78), if all the costs and benefits of the social

planner are transferred to the private providers, i.e. if r1 = by and ro = —cy.

Remark 19 If social planner transfers all benefits and costs to the private providers as reim-

bursements (r1 = by and ro = —cq.), then the total social welfare under competition will be
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less than the maximum social welfare under social planning because there will be an over-

investment on quality.
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5 Conclusion

The thesis presented three essays, in three chapters, to analyze problems in service operations,
specifically in the call center and the health care service contexts. The common theme in all
the problems was to decide on a good match between different service levels and the needs
of a heterogenecous customer base, which brought up the importance of the role of the front-
line employee. We discussed two necessary conditions for the service employee to be able to
accomplish this role (given the directions of the manager): the ability to detect the customer
characteristics and decide on an appropriate service level, and the incentive to provide that
service level.

In each of the chapters only one of these conditions were incorporated in the broader
context of the specific problem studied: In Chapter 2, the server incentives were analyzed while
customer characteristics were assumed to be observed perfectly by the server, in Chapter 3, the
hypocratic oath in principle eliminates the incentive issue, but the ability to detect the customer
characteristics (existence of the disease) depended on the system design and was not perfect.
In Chapter 4, we considered the incentives of a service provider to invest in the ability of the
employees to recognize customer characteristics. In the disease screening context, this essay
investigated the effects of competition on public health services.

We used different methodologies throughout the thesis. In Chapter 2, a stylistic model
was built using queuing and principal agent theory. In Chapter 3, a fairly complicated stochastic
compartmental model was built and simulation experiments were used for its analysis. Param-
eters were estimated using country statistics and published data wherever possible. Chapter

3 and 4 focused on the same service context, public health care services. While Chapter 3
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analyzed a specific problem, breast cancer screening, Chapter 4 modeled the disease screening
problem for a general disease. Although stylistic in approach, the model captured elements
(competition, effect of quality on willingness to get screened) that were ignored in Chapter 3
and in that sense complemented it.

The analysis for the call center context illustrated the importance of accounting for the
system costs and server incentives in starting a value creation initiative. Moreover, it included
the market segmentation as an endogenous decision in the value creation strategy determination,
which was an improvement over existing practice. For the disease screening problem, main
result was the importance of screening test quality on health outcomes and system costs. We
showed that contrary to the anxiety about the waiting times for mammogram service in many
countries, waiting is a less significant concern for health outcomes than participation and
screening quality, unless there is a severe capacity problem. The analysis of disease screening
delivery with competition showed that when there were no transportation costs, having two
facilities do the screening was suboptimal for a social planner and was unsustainable for the
private providers. When there was a transportation cost, elasticity of screening demand to
quality was an important factor for the incentives of profit maximizing providers to invest on
quality.

This elasticity effect on the quality levels show that public authorities have a lever to
influence the quality provided by private health providers, other than reimbursement mech-
anisms. Increasing public awareness for importance of quality, and reducing transportation

costs would increase incentives of private providers to invest in quality.
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5.1 Limitations and Further Research Directions

The models in this dissertation present and define several service operations problems formally
for the first time. They provide a model of interacting dimensions of service delivery systems;
they are simplistic in certain respects, and these limitations provide avenues for further research.

The model analyzed in Chapter 2 is stylistic and is a first step in bridging market
segmentation, incentives and operational performance. It does not model repetitive interactions
with customers, which is an important consideration for customer relationship management
(CRM) initiatives. Increasing customer profitability can happen in two ways: by increasing
the number of transactions, or by increasing the value of each transaction. We looked at only
a single service interaction. Moreover, the policy that determines the service level for each
customer type is static in Chapter 2. A dynamic policy that considers the congestion level in the
system could improve the performance: when there are few customers in the system it might
be profitable to try to cross sell to low potential customers. When it is highly congested it may
not be profitable to try it for even high potential customers. Modeling repetitive interactions
and dynamic policies with dynamic incentive schemes would be the next step to develop this
research.

Another interesting issue that we have not discussed in the first essay is the information
structure and its effects on the server behavior and incentives. It was assumed that servers
have perfect information on customer characteristics, and the information on queue length
was irrelevant. It would be interesting to see if there is a specific information structure that a
manager should prefer, in terms of what to let the servers know about the customers and the

system state. The result should depend on how server behavior is affected by the information
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set. The psychology of servers as well as the incentive structure would play a role in their
behavior, so the analysis of this problem requires an investigation of behavioral implications
of different information sets for the employees.

The model in Chapter 3 does not include a cost-effectiveness analysis, mainly because
of the difficulty in assessing the costs of achieving specific changes in quality and outreach
dimensions. Although the model incorporates many aspects of breast cancer screening service
delivery and health status dynamics, it does not consider the fact that different age groups
would have different characteristics in terms of prevalence and mortality. The model assumes
homogeneous compartments and Markovian dynamics for transitions between compartments.
Another limitation comes from the complexity of the model and the methodology chosen to
analyze it. The model is descriptive, and simulation analysis is done to compare the impact
of different interventions, but there is no optimization analysis. We took the screening test
frequency as a parameter of the model, while in reality it is a decision variable for the policy
makers.

Three dimension for extending the analysis in Chapter 3 are: (1) Making a more complex
dynamics model to more accurately represent health, (2) Getting a better handle on the costs
and effects of health program interventions, and (3) Simplifying the model in parts to enable
optimization. To this end a deterministic differential equation model, rather than a stochastic
model could be used, since the variability leading to waits seems to have a second-order effect
on health outcomes.

Finally in Chapter 4, a simplified model and a basic analysis is presented. The next step
should be to fully analyze the case with heterogeneous valuations. The analysis can be taken

further by investigating different reimbursement schemes. The model assumed full insurance
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for all the target population and normalized the co-payments from the patients to zero. Letting
the private providers decide on the co-payment amounts would introduce a second dimension
for competition (in addition to quality) to capture another important dimension of the problem.
Also, the current model looks at sensitivity of the screening test as the only factor, while
specificity is assumed to be perfect (i.e. no false positives). Looking at the false positives as
well as false negatives would make the model more realistic. The model currently considers a
single period and does not consider the disease progression and the effects of policies on the
future health states of the population. A multi period model can help completing the picture
by incorporating the disease progression dimension.

The subject of how to organize public health services in the broader context of health
services poses interesting questions for further research. Disease screening services should
not be considered in isolation. Health care providers usually have to allocate budget between
several health services. From a social planner’s perspective, allocating resources between
public health care and acute health care can be explored in the disease screening context.
Similarly, for profit maximizing providers, the quality of treatment can be another investment
opportunity, and if patients can switch providers for different services the problem becomes
even more challenging and interesting. The model introduced in Chapter 4 can be a starting

point to this end.
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