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Abstract

Acuity-based Performance Evaluation and Tactical Ca-

pacity Planning in Primary Care

Nazanin Aslani, Ph.D.
Concordia University, 2019

Effective primary care requires timely and equitable access to care for patients as well as

efficient and balanced utilization of physician time. Motivated by a family health clinic in

Ontario, Canada, this research proposes ways to improve both of these aspects of primary

care through tactical capacity planning based on acuity-based performance targets.

First, we propose a new metric based on acuity levels to evaluate timely access to primary

care. In Canada, as well as other participant countries in the Organization for Economic

Co-operation and Development (OECD), the main metric currently used to evaluate access is

the proportion of patients who are able to obtain a same- or next-day appointment. However,

not all patients in primary care are urgent and require a same- or next-day appointment.

Therefore, accurate evaluation of timely access to primary care should consider the urgency

of the patient request. To address this need, we define multiple acuity levels and relative

access targets in primary care, akin to the CTAS system in emergency care. Furthermore,

current access time evaluation in the province is mostly survey-based, while our evaluation

is based on appointment data and hence more objective. Thus, we propose a novel, acuity-

based, data-driven approach for evaluation of timely access to primary care.

Second, we develop a deterministic tactical capacity planning (TCP) model to balance

workload between weeks for each family physician in the specific primary care clinic in this

study. Unbalanced workload among weeks may lead to provider overtime for the weeks

with high workload and provider idle time for weeks with low workload. In the proposed

TCP model, we incorporate the results from access time evaluation in the first study as
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constraints for access time. The proposed TCP model considers 11 appointment types with

multiple access targets for each appointment type. The TCP model takes as input a forecast

of demand coming from an ARIMA model. We compare the results of the TCP model based

on current access time targets as well as targets resulting from our acuity-based metrics.

The use of our proposed acuity-based targets leads to allocation of time slots which is more

equitable for patients and also improves physician workload balance.

Third, we also propose a robust TCP model based on the cardinality-constrained method

to minimize the highest potential physician peak load between weeks. Therefore, the devel-

oped robust TCP model enables protection against uncertainty through providing a feasible

allocation of capacity for all realizations of demand. The proposed robust TCP model con-

siders two interdependent appointment types (e.g., new patients and follow ups), multiple

access time targets for each appointment type and uncertainty in demand for appointments.

We conduct a set of experiments to determine how to set the level of robustness based on

extra cost and infeasibility probability of a robust solution.

In summary, this dissertation advocates for the definition and subsequent use of acuity-

based access time targets for both performance evaluation and capacity allocation in primary

care. The resulting performance metrics provide a more detailed view of primary care and

lead to not only more equitable access policies but also have the potential to improve physi-

cian workload balance when used as input to capacity planning models.
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Chapter 1

Introduction

1.1 Motivations

Primary care is the first point of contact between the patient and the healthcare system. Due

to the discernible influence of primary care on promoting health and consequently preventing

illness and death, strong primary care leads to a strong healthcare system (Starfield et al.,

2005) and a healthier population. A strong primary care system ensures that access to

care is timely and matches the urgency of patients’ health concerns while minimizing costs

(Starfield, 2008).

According to the results of the Commonwealth Fund’s latest survey (Commonwealth

Fund, 2017), Canadian patients are experiencing longer access times compared to other par-

ticipant countries in the Organization for Economic Co-operation and Development (OECD)

(Commonwealth Fund, 2017). Access time is defined as the interval between the arrival of

the appointment request and the scheduled time of appointment. Longer access time is due

to the scarcity of physician services in Canada compared to most other OECD countries that

provide universal health insurance coverage. According to the report of Statistics Canada, in

2017, roughly 4.7 million Canadians aged 12 and older, or approximately 15.8% of Canada’s

12 and older population, reported that they did not have a regular medical doctor (Statistics

Canada, 2019). Of these, an estimated 2.5 million indicated they did not have one because

doctors were not taking new patients, or that doctors were retiring and leaving the area, or

simply that no doctors were available where they lived (Globerman et al., 2018). Therefore,

reform strategies were developed in the early 2000s to improve timely access to primary care

in Ontario through managing the scarce supply of physicians. The main goals behind the

reform strategies were having a primary care with a higher level of timely access to care,
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health promotion, disease prevention, chronic disease management and setting up teamwork

between primary care providers (Hutchison and Glazier, 2013).

1.1.1 Reforms in Ontario Primary Care

With more than 14 million people in 2018, Ontario is the most populous province among the

thirteen provinces and territories in Canada (Singh et al., 2019). Ontario has the highest

pace among the provinces in Canada in terms of developing reform strategies in primary care

(Hutchison and Glazier, 2013). From 2002 to 2007 the Ministry of Health and Long-Term

Care in Ontario launched new care delivery and primary care practice models to improve

access to care and quality of care in Ontario (Hutchison and Glazier, 2013). The main

considered elements in the proposed practice models are team work between groups of family

physicians, interdisciplinary collaboration of primary care providers, formal definition of the

physician-patient relationship and mixed payment mechanisms (Hutchison et al., 2011). The

objectives of these reforms were increasing family physician availability through team practice

and improving long-term coordination of care, especially for patients with chronic conditions

through patient enrollment with a primary care clinic (Wranik et al., 2019).

Family Practice Models Before Reforms The vast majority of existing family practice

models in Ontario before realization of primary care reforms were solo, in which a single

family physician runs her/his own clinic. Physicians in solo family practices are funded

based on a fee-for-service (FFS) system, where payment to a practice is based on delivered

services and type of care (Graber-Naidich, 2015). There also exist a few other practice models

such as Community Health Center (CHC) where an interdisciplinary team of providers such

as family physicians, nurse practitioners, nutritionist and social workers deliver care to the

regions with high proportion of homeless and lower income people (Sweetman and Buckley,

2014). Physicians in a CHC are paid based on salaried funding where payment is fixed and is

not based on delivered services and number of patients served (Graber-Naidich, 2015). Some
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solo family practice and CHCs still exist after the reforms; however, many have converted

to new types of family health practices, as described below.

Family Practice Models After Reforms The cornerstone of new family practice models

proposed by the primary care reform strategies is patient rostering which is considered to be

the main factor for improving access to care in primary care in countries such as Canada,

Australia, the Netherlands, Norway, New Zealand (Tiagi and Chechulin, 2014). Patient

rostering defines a formal relationship between patient and family physician through an

official agreement between them. Through this agreement, patients agree to only visit their

rostered family physician for primary care services except the times patients are travelling

or their needed care is an emergency. In return, the family physician agrees to provide

comprehensive care which promotes responsibility of family physicians toward patients (The

College of Family Physicians of Canada, 2012). Patient rostering leads to ongoing access to

the same family physician over time and results in improving continuity of care for patients

(Tiagi and Chechulin, 2014). Some benefits of increasing continuity of care are enhancing

patient health status, increasing patient satisfaction, improving coordination of specialist

care, reducing emergency department use, and decreasing overall healthcare costs (Christakis

et al., 2003; Blewett et al., 2008; Kim et al., 2012; Maarsingh et al., 2016).

The requirements for practicing based on patient rostering models are team work of a

group of physicians and providing extended clinical hours (Singh et al., 2019). Collaboration

of team of family doctors can alleviate the limitations of family physician availability (Chand

et al., 2009). In other words, when a patient from the roster of a family doctor requests an

appointment due to a new health concern and the doctor is unavailable, the patient will

be seen by the first available doctor in the team. Therefore, family doctor teamwork, or

resource pooling, results in responding to patient demand variability, reducing access time.

The patient-rostering-based family practice models which were introduced in Ontario in

early 2000s are Family Health Group (FHG), Family Health Network (FHN) and Family
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Health Organization (FHO). The primary care clinics with FHNs and FHOs practice models

can apply to the Ontario Ministry of Health and Long Term Care (MOHLTC) to become

a Family Health Team (FHT) (Laberge et al., 2017). These models are described in more

detail below:

Family Health Group (FHG): In FHGs a group of three or more family physicians have

committed to providing after-hours care in addition to being available during regular

hours. For after-hours care requirement, each family physician in an FHG needs to

provide one to five times of three-hour clinic sessions in evening or weekend per week.

Patient enrollment is not mandatory in FHG practice model. Family physicians are

paid based on enhanced fee-for-service which consists of regular fee-for-service for non-

enrolled patients and a combination of regular fee-for-service and monthly care fee for

each enrolled patient.

Family Health Networks (FHN): In FHN, the same as FHG model, groups of three

or more family doctors are working as a team to provide care during regular and

after hours. However, in contrast to FHG, patient enrollment is mandatory in FHN

practice model. If a patient receives care in another clinic, the government reduces the

access bonus of the FHN clinic. Physician payments in the FHN model are based on

blended capitation funding which includes both capitation funding and fee-for-service.

Capitation funding which is characterized as annual fixed care fee for visits of enrolled

patients as well as 15% of regular fee-for-service, is related to the defined basket of

services by government for FHN. However, for services which are not defined in the

FHN basket, physicians are paid fully based on regular fee-for-service system.

Family Health Organizations (FHO): FHO practice model is very similar to the FHN

model but has extended services in its basket, some of which requires more extensive

procedures or additional training. An example of extended service in the basket of

FHO is Epistaxis–nasal cauterization (Ontario Medical Association, 2015) defined as
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a procedure to prevent nosebleeds. In this procedure, practitioner makes the inside of

nose numb include the usage of chemical swab or an electric current to cauterize the

inside of the nose (Healthwise Staff, 2018). Family physicians at FHO receive higher

amounts of annual fixed care fee in the capitation funding.

Family Health Team (FHT): An FHT is an inter-professional team of health care

providers consisting of family doctors, nutritionists, social workers, and other profes-

sionals who provide comprehensive care to patients enrolled within the FHT. Clinics

associated with an FHT offer different healthcare services, such as pharmacies, dia-

betes management and mental health services. Each FHT has a different set of services.

Primary care clinics based on FHN or FHO practice models can apply to become an

FHT. If they are successful in transitioning into an FHT, they can receive funding to

bring multidisciplinary care providers to the team.

Table 1.1 presents the comparison between all the existing primary care practice models

after reforms.

Attributes of Primary Care Practice Models
Practice
Model

Resource
Pooling

Mandatory
Enrollment

Interdisciplinary Reimbursement based

Solo fee-for-service
CHC ! ! salaried
FHG ! enhanced fee-for-

service
FHN ! ! blended capitation
FHO ! ! blended capitation
FHT ! ! ! blended capitation

Table 1.1: Existing primary care practice models after reforms

In this dissertation, two chapters (Chapter 2 and 3) consider a particular family health

team, namely the Health For All team in Markham, Ontario, Canada.

5



Outcomes of Reforms By 2012, the funding that Ontario spent to support the reform in

Ontario was more than $1 billion per year in the new models of primary care which include

200 FHTs providing services to two million provincial residents. Since patient enrollment

with a primary care provider in Ontario is voluntary, the growth in such enrollments from

600,000 in 2002 to 9.5 million in February 2011 (72 percent of the provincial population)

indicated effectiveness of reform strategies (Hutchison et al., 2011). However, provincial

decision-makers were becoming increasingly concerned about the growing cost of the re-

forms. Moreover, the decision-makers believed the government did not receive the value

for money invested since Canadian patients still have longer access time compared to most

other participant OECD countries (CIHI, 2018). Moreover, there does not exist any per-

formance measurement approach to evaluate access to primary care following the reform

strategy (Marchildon and Hutchison, 2016). Therefore, for having an accurate evaluation of

the reform strategy, there is a need for a systematic approach to primary care performance

measurement which can provide feedback to decision makers on a regular basis (Haj-Ali

et al., 2017). To develop such an approach, there is a need for data regarding analyzing the

performance of primary care to track the effectiveness of reform strategy and its relative sig-

nificant investments (Haj-Ali et al., 2017). In the following, we explain the current approach

in Ontario to measure performance of primary care in terms of timely access to care.

1.1.2 Current Performance Evaluation of Ontario Primary Care

Based on the literature in primary care, there exist two general methods to assess timely

access to care. One method is based on developing a survey for patients. Another method

is based on retrieving data from electronic medical record (EMR) of the clinic (Jones et al.,

2003).

Current methods to evaluate performance in Ontario are survey-based. There exist two

main validated surveys to evaluate access to care based on patient perceptions, which are

Primary Care Assessment Survey (PCAS), and Primary Care Assessment Tool-Short Form
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(PCAT-S). The existing surveys in Ontario either use one of these two surveys or a combi-

nation of them. For example, Quality and Costs of Primary Care (QUALICOPC) Patient

Experiences Survey contains First-Contact Access subscale from PCAT-S survey as well as

Organizational Access sub-scale from PCAS survey (Premji et al., 2018). First-Contact Ac-

cess subscale in PCAT-S survey consists of the following four questions: likelihood of being

seen same day; getting advice over the phone when clinic closed, having a phone number

to call and likelihood of being seen by doctor during the night. In addition, Organizational

Access sub-scale in PCAS survey includes six questions regarding rating doctor’s office based

on location, hours, usual wait for an appointment, usual wait at the clinic and ability to visit

the doctor’s office or to speak to doctor by phone (Haggerty et al., 2011).

However, as observed from the above listed questions, survey-based assessment of access

to care is subjective, as also alluded to by Haggerty et al. (2011). Furthermore, the urgency

of requested appointment is not taken into account (Haggerty et al., 2007).

1.2 Proposed Solutions

The current approach in Ontario for evaluating performance of primary care in terms of

timely access to care does not consider the clinical severity of the requested appointment.

As it is also mentioned in the study of Haggerty et al. (2007), one of the main measurable

terms to evaluate the strength of primary care in Canada is “the ease with which a person

can obtain needed care (including advice and support) from the practitioner of choice within

a time frame appropriate to the urgency of the problem”. Therefore, there is a need to define

the notion of equitable timely access to care that captures whether or not timely access to

care matches the urgency of patients’ health concerns. In the following, we are first going to

explain the definition of equitable access in primary care. Thereafter, we are going to discuss

how to evaluate performance of primary care in terms of equitable timely access to care.
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1.2.1 Equity and Equitable Access in Primary Care

Equitable access to primary care services can be analyzed from two perspectives. One

perspective is fairness in access to primary care by equitable distribution of family physicians

based on geographic and socioeconomic factors (Graber-Naidich, 2015). Inequitable access

from this first perspective means family physician distribution is represented by insufficient

numbers of physicians in some areas and surpluses in other (Graber-Naidich, 2015).

From the second perspective, which is the focus of this dissertation, equitable access to

primary care means fairness in managing access time in terms of clinical equity (urgency

or acuity level) (Hador et al., 2000). One of the approaches to achieve equitable access is

acuity-based allocation of physician time to requests. Therefore, inequitable access from the

second perspective means there is not any prioritization system that patient with greater

or more urgent needs receive care ahead of those with less urgent needs (Noseworthy et al.,

2003). In Canada, the chance of a patient receiving needed primary care services in a timely

manner based on clinical urgency is not guaranteed. This is due to the lack of a reliable

tool to evaluate the relative priority of patients before booking their requests (Hador et al.,

2000). Therefore, current performance evaluation of timely access to care in Canada does

not include any equitable access measure.

1.2.2 Objective Assessment of Primary Care Performance

To provide an objective assessment, access to care should be measured based on appointment

system data (Jones et al., 2003). The existing objective assessment methods in the literature

to measure access to care are as follows.

Oldham (2001) developed a method to find monthly access score through recording the

number of days to the third available routine appointment for each clinician and calculating

a median to represent an access score for the specified week. Over a month, the average

of four median values was taken to find the monthly access score. In another study, Elwyn

et al. (2003) developed another method to find Access Response Index that was developed
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as an easy calculable measure of organizational access. This index is derived by counting

the number of days until the next available routine appointment, with any clinician, once

during every normal working day.

This dissertation is based on the idea that performance of primary care in terms of timely

access to care should be assessed objectively and based on data from appointment system.

Moreover, this evaluation should present whether or not timely access to primary care is

equitable because the demand for primary care exceeds the availability of family physicians,

and an increase in access times leads to deterioration in life quality of population (Déry et al.,

2019). We recognize that objective assessment requires availability of data, which may not

always be possible in a healthcare setting; however, with the advancement of medical health

records and appointment systems, we hope there will be more healthcare data available (in

this dissertation, we use data from a particular family health team in Markham, Ontario).

In the following section, we are going to focus on the approach which is applied in this

dissertation to match family physician time to demand in such a way that access time is

equitable.

1.2.3 Tactical Capacity Planning

Tactical capacity planning is a key element of planning and control decisions in healthcare

settings, focusing on the allocation of a clinic’s resources to appointments of different types.

One of the essential elements for addressing physician scarcity and long access times is tactical

capacity planning (TCP). TCP involves making tactical-level decisions, i.e., medium-term

planning decisions for a group of patients instead of individual ones (Hulshof et al., 2012;

Ahmadi-Javid et al., 2017). In TCP, the booking decision regarding the number of reserved

time slots for each appointment type is made in advance of demand realization. If demand

considered as a known value in TCP model and the realization of data is different from the

one expected, the resulting solution may not be feasible. Due to variability and uncertainty

in demand for appointments, it is difficult to provide an exact match between the scheduled
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physician availability and appointment requests. In this dissertation, we use two approaches

for TCP, which are: (1) a forecasting model followed by a deterministic optimization model

for balancing the load of one physician in the presence of multiple acuity levels, and (2) a

robust optimization model for the case of two appointment types with uncertainty in the

demand for one of them.

1.3 Dissertation Overview

There are five chapters in this dissertation.

Chapter 1: Introduction This dissertation begins with the current introductory chapter,

which includes the background and practical motivation of our study regarding con-

cerns of the Ministry of Health and Long-Term Care in Ontario (MOHLTC) regarding

the effectiveness of the reform strategies in helping to maintain better control over

access time for appointments.

Chapter 2: Acuity-based access time evaluation in primary care: a case study

of an Ontario clinic Chapter 2 focuses on developing a preliminary measure for

equitable access to primary care. The developed measures are translated into five

acuity levels in primary care. These five acuity levels prioritize patients based on the

access time target relative to the urgency of requested appointment. Thereafter, we

propose a scale for objective evaluation of equitable access to primary care based on

the data from appointment system (electronic medical record). This study is based on

the Health for All family health team located in Markham, Ontario, Canada.

Chapter 3: Improving Physician Workload Balance and Timely Access to Pri-

mary Care Chapter 3 presents an optimal equitable capacity reservation plan mo-

tivated from the major concerns in the Canadian primary care clinics which are in-

equitable access and family physician scarcity. The developed model provides equi-

table access time through prioritizing more urgent patients to get served earlier, based
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on the acuity levels and access times defined in Chapter 3. In addition, the devel-

oped model addresses physician scarcity through increasing utilization by balancing

physician workload between weeks. The model is able to reserve appointment slots

in advance based on a forecasting model to determine the demand value to capture

variability rather than assuming known demand value. Considering demand forecast

provides a data-driven optimal capacity reservation plan. This study is based on the

Health for All family health team located in Markham, Ontario, Canada.

Chapter 4: A Robust Optimization Model for Tactical Capacity Planning in an

Outpatient Setting Chapter 4 focuses on a robust tactical capacity planning (RTCP)

model via cardinality-constrained robust optimization which explicitly considers the

number of patients who may need to be scheduled in a subsequent planning hori-

zon. The RTCP model protects against uncertainty in the demand per time period.

Due to the presence of the uncertain demand parameter in the right-hand side of

two constraints, i.e., individual demand per period and aggregated demand over all

the periods in the arrival horizon, formulating the robust tactical planning model

required the use of both primal and dual constraints in the robust model. Through

employing cardinality-constrained robust optimization, we showed how to control over-

conservatism through analyzing the trade-off between the budget of uncertainty and

feasibility of the robust plan based on different bounds of the uncertainty set. We

also analyzed the price of robustness, i.e., the trade-off between feasibility and cost of

robust plan for different budgets of uncertainty and bounds of uncertainty set. The

findings of this study provide insight for decision makers how a chosen budget of un-

certainty and bounds of uncertainty set impact feasibility and the cost of a tactical

capacity plan.
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1.4 Summary of Contributions

1. We make a step toward the development of a preliminary framework for prioritization of

patients based on their acuity in primary care to evaluate equitable access in Ontario

primary care. Following that framework, we are the first to propose an objective

assessment tool which is an acuity-based, data-driven indicator for evaluation of timely

access to primary care.

2. We develop a novel data-driven TCP approach for an individual physician in primary

care for all urgent and multiple non-urgent appointment types (such as chronic disease

management and routine appointments), motivated by the main challenges in Cana-

dian primary care which are shortage of family physicians, insufficient appointment

slots for urgent requests and lack of equitable timely access to care. This approach

consists of a forecasting model to determine the demand and an optimization model

that allocates time slots to patient requests of different priority. The developed tactical

capacity plan is based on a mixed integer linear model which determines the optimal

number of appointment slots to reserve per week for each appointment type during a

12-week planning horizon. The model also tracks the unmet demand for each appoint-

ment type per week which should be scheduled in the subsequent planning horizon.

Our approach results in developing a weekly planning template for a specific physician

in a family health team taking into account the needs and preferences of both patients

and family physicians.

3. We provide a multi-objective TCP model for a specific physician in a primary care

clinic which balances the physician workload between weeks based on the acuity level

of the patient request and prioritizing appointment slots with same/next week access.

We therefore address the current limitation of improving access to primary care from

the literature through equitable allocation of physician time that prioritizes access

based on the acuity level of the patient request rather than considering two general
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categories of urgent and non-urgent requests.

4. We apply our proposed framework to the case study of a physician in the Health for All

family health team in Markham, Ontario, to determine the capacity reservation plan

which can provide workload balance and equitable access distribution. Our empirical

results show that appointments can be reserved in such a way that the demand is met

within the access targets for each of the acuity levels, and that more urgent demands

are prioritized to being served earlier (i.e., same day or same week). In addition, access

time distribution for more urgent demand is shifted toward left.

5. We develop a robust TCP model for the case when the demand is uncertain and diffi-

cult to forecast. We propose a robust TCP model based on the cardinality-constrained

method to minimize the highest potential physician peak load between weeks. There-

fore, the developed robust TCP model enables protection against uncertainty through

providing a feasible allocation of capacity for all realizations of demand. The pro-

posed robust TCP model considers two interdependent appointment types (e.g., new

patients and follow ups), multiple access time targets for each appointment type and

uncertainty in demand for first-visit appointments. Our experiments demonstrate how

to set the level of robustness based on extra cost and infeasibility probability of a

robust solution.
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Chapter 2

Acuity-based Access Time Evaluation in Primary Care:

a Case Study of an Ontario Family Health Team

Abstract1 Measuring access to primary care is complicated due to a variety of perspec-

tives. In Ontario, Canada, one of the main metrics currently used to evaluate access is

the proportion of patients who are able to obtain a same- or next-day appointment with

a primary care provider. However, this metric does not accurately reflect patients who do

not medically require same- or next-day access. In this study, we demonstrate the need

for developing more detailed metrics which capture the urgency of needed care via a case

study of an Ontario primary care clinic. Our results show that using the standard metric,

the clinic’s performance appears unsatisfactory, while using the more detailed acuity-based

metrics, the clinic is shown to be performing well for non-urgent requests.

2.1 Introduction

Primary care has been considered as a main element of a high-performing health system from

the beginning of the 20th century (Bitton et al., 2017). Hence, it is important to evaluate

access to primary care, but this evaluation is difficult as access can be viewed and measured

in multiple ways (Premji et al., 2018). In Ontario, Canada, the main method for evaluation

of access to primary care is through surveys, such as the Commonwealth Fund International

Health Policy Survey and the Quality and Costs of Primary Care (QUALICOPC) Patient

Experiences Survey (PES). However, these methods have two limitations. First, due to
1This chapter is published as a conference paper: Nazanin Aslani, Fariborz Fazileh, Donatus Mutasingwa,

and Daria Terekhov. Acuity-based access time evaluation in primary care: a case study of an Ontario clinic.
In Proceedings of the 4th International Health Care Systems Engineering Conference (HCSE’19), 2019.
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being survey-based, they are influenced by respondent perceptions and biases. Evaluating

access only from patient perception can be misleading due to the weak relationship between

care accessibility and patient perception of access (Llanwarne et al., 2013). Second, current

metrics calculated from survey data, most notably the number of patients who obtain a

same-day or next-day appointment, do not consider the urgency of the patient request.

However, given the scarcity of healthcare providers in Canada (Globerman et al., 2018),

knowing the urgency of the patient could lead to more equitable and effective allocation

of available physician time. The need for prioritization of patients in the setting of scarce

resources is well-known in medical environments outside of primary care, such as emergency

departments (Iserson and Moskop, 2007); it has also recently been examined in the context

of non-emergency settings, such as physiotherapy or rehabilitation services (Harding and

Taylor, 2013).

Our focus is the evaluation of access time, which is defined as the interval between the

arrival of an appointment request and the scheduled time of appointment (CIHI, 2018). To

address the above limitations, we argue for the evaluation of access time a) through clinic

data in order to overcome the potential subjectivity resulting from surveys, and b) based on

detailed metrics related to the various patient groups that primary care serves, akin to how

emergency care performance is measured through different access time targets for patients

of different acuity. While the first argument has already appeared in previous literature, see

e.g., Rao et al. (2006), we provide further evidence that there exist discrepancies between

performance evaluation from objective data and patient surveys. Our second argument builds

on work by Haggerty et al. (2007), whose definition of accessibility considers the appropriate-

ness of access time “to the urgency of the problem”, and by Premji (2018), who demonstrates

a limitation of the most-prominent metric used for evaluation of Ontario primary care, i.e.,

the percentage of patients able to obtain a same-day or next-day appointment. Motivated

also by the use of prioritization in other medical contexts with scarce resources, we propose

to categorize patients in primary care according to the urgency of their request, a proposal

15



which, to the best of our knowledge, has not been explored in the literature.

Our argument is illustrated by a case study of the Health for All (HFA) clinic, located

in Markham, Ontario, Canada. Using a comprehensive data set of patient records from

September 2017 to September 2018, we compute both the standard same-day/next-day ac-

cess metric as well as the proportion of patients obtaining care with access times within

targets appropriate to their level of acuity. Our results show a discrepancy between the two

evaluation approaches: for non-urgent patients, using the standard metric, the clinic’s per-

formance appears unsatisfactory, while using the more detailed metrics, the clinic is shown

to be performing well.

2.2 Current Performance Evaluation in Ontario Primary Care

Health Quality Ontario (2018) evaluated performance of primary care in Ontario, Canada,

based on the Primary Care Performance Measurement framework, which evaluates nine

domains, including access. The specific criteria used to evaluate access by Health Quality

Ontario (2018) include, among others, timely access at regular place of care. Prior to 2017,

Health Quality Ontario focused on the percentage of patients with same-/next-day access to

a primary care provider, based on the question “The last time you were sick, how quickly

could you see any doctor, nurse practitioner or physician assistant in this clinic?” In 2017,

the latest year for which the performance report is currently available, a distribution of

access times is presented, showing that 39.9%, 26.5%, 19.2% and 14.5% had access times

of < 2 days, 2-3 days, 4-7 days, and ≥ 8 days, respectively. The percentage of people

waiting for ≥ 8 days ranged from 5.6% in the Central West region to 40.7% in the North

West. At the same time, 67.6% of the respondent Ontarians reported that their wait for

an appointment was “about right”, 18.3% said “somewhat too long” and 14.1% said “much

too long”, with a range of 10.2% (Toronto Central) to 23.6% (North East) in the “much too

long” category. Interestingly, the regions with the highest proportion of appointments with

high access times are not necessarily the ones with the highest percentage in the “much too
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long” wait category. This observation supports our investigation: first, it demonstrates the

impact of patient perceptions and expectations; second, it does not capture how many of

the appointments were obtained within medically-warranted time frames.

The Quality and Costs of Primary Care (QUALICOPC) Patient Experiences Survey

(PES) is a framework for evaluating care quality and outcomes in primary care (Wong et al.,

2015). For evaluating timely access to care, QUALICOPC-PES asks: “How many days did

you wait for this visit from the time that you tried to make an appointment? For patients

who had made an appointment for today’s visit: Was it easy to get the appointment? Were

you able to arrange an appointment with the doctor as soon as you wanted to?” For data

collected between 2013 and winter 2014, 32% (of 1379) respondents said that they obtained

a same-/next-day appointment; surprisingly, 87% (of 1536) said they were “able to arrange

an appointment as soon as [they] wanted to” (Laberge et al., 2014). These differing statistics

again motivate the need for further research into performance evaluation: for instance, were

the complaints of patients who did not get a same-/next-day appointment and yet were

satisfied less urgent than the ones who were dissatisfied?

The Canadian Institute for Health Information Commonwealth Fund Survey (Canadian

Institute for Health Information, 2017) in 2016 reports that “only 43% of Canadians were

able to get a same- or next-day appointment at their regular place of care last time they

needed medical attention”. Furthermore, the study shows the statistic provided for patients

who say they could get a same- or next-day appointment for 2016 is 43% while the statistic

provided for “primary care physicians who say most (at least 60%) of their patients can get

a same- or next-day appointment” is 53% in 2016. The difference between the statistics

reported for patients and physicians is a representation of the difference in their perception

of who needs same- or next-day appointment as well as the existence of bias in surveys.
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2.3 Literature Review

Primary Care Performance Evaluation Jones et al. (2003) state that there exist two

main approaches to evaluating primary care performance: appointment-data-based and

survey-based. However, to the best of our knowledge, all existing studies in Canada are

survey-based. Haggerty et al. (2007) consulted primary healthcare (PHC) experts across

Canada to formulate operational definitions of PHC attributes that should be evaluated in

the Canadian primary healthcare setting. Importantly, the definition of first-contact ac-

cessibility as “the ease with which a person can obtain needed care (including advice and

support) from the practitioner of choice within a time frame appropriate to the urgency of

the problem” received a high level of physician consensus. We highlight in their definition

the need to define a “time frame appropriate to the urgency of the problem”: for acute

patients, the appropriate time frame might indeed be same-day or next-day, but for patients

requesting a periodic health exam, obtaining an appointment within several weeks of their

requests is reasonable. Similarly, by analyzing the data from the QUALICOPC PES, Premji

et al. (2018) determined that the same-day/next-day access to primary care indicator does

not match patients’ perceptions of access to primary care.

Patient Classification in Primary Care The aim of patient classification is to prioritize

patients objectively based on equitable criteria to ensure that patients with more urgent

needs receive services first (Déry et al., 2019). In the literature, the classification of primary

care patients into different types has been considered in the context of improving primary

care payment schemes (e.g., Starfield et al. (1991)) as well as improving patient access times.

In the latter category, Balasubramanian et al. (2010) study improving access by redesigning

a physician panel based on the patients’ age and presence of chronic disease; Ozen and

Balasubramanian (2013) use the number of simultaneous chronic conditions a patient has

to classify patients in primary care and use as a predictor of the number of visits. In the

capacity allocation literature, the majority of papers classify patients as urgent and non-
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urgent, e.g., Wang and Gupta (2011). However, based on our knowledge none of the existing

access-time-focused literature in primary care explores the idea of performance evaluation

based on acuity levels or prioritization to provide equitable access time.

2.4 The Health for All Clinic Background

The Health for All (HFA) clinic is adjacent to the Markham Stouffville Hospital, located in

the City of Markham in the Regional Municipality of York within the Greater Toronto Area

of Southern Ontario, Canada. It is located approximately 30 km northeast of Downtown

Toronto. The HFA clinic is affiliated with the University of Toronto’s Department of Family

and Community Medicine. Residents spend their final two years of training with HFA to

become family physicians; they see their own patients and go through clinical rotations at

the hospital. HFA is a family health team (FHT) – an inter-professional team of health care

providers consisting of family doctors, nutritionists, social workers, and other professionals

who provide comprehensive care to patients enrolled within the FHT.

Data We use a comprehensive data set from the HFA clinic for the period from September

2017 until September 2018. The data set contains 60682 records listing the provider name,

booking date, appointment date, appointment type, primary MD, no show, appointment

detail, scheduled time, duration, arrival time and departure time. In order to prepare the

data for analysis, we remove extra records and outliers. The records that we remove from

consideration are those with negative access time (time of appointment in data set was earlier

than the time of booking); without booking or appointment date; with doctor unavailabil-

ity; home visits; evening and Saturday clinic appointments; and records that were labeled

as “deleted” (by the administrators), which (to the best of our knowledge) corresponds to

appointments that were rescheduled for later. After removing these records, the remaining

data set consists of 39608 records. In order to choose an appropriate outlier labeling method,

we considered whether the underlying data is symmetric or skewed (Ben-Gal, 2005). His-
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tograms of access times for all appointment types in this study were found to be right-skewed.

Therefore the Adjusted Boxplot developed by Hubert and Vandervieren (2008) is applied as

an outlier labeling method. After removing the outliers using this method, we are left with

39397 records in the data set.

Current Appointment Types at HFA The appointment classification system at HFA

is based on patient complaints, i.e., the reason why the appointment has been requested.

When a patients calls the clinic, an administrative clerk asks the patient for the reason

of their request, their family doctor, their availability, etc., and suggests a time slot. To

aid this process, the HFA clinic currently classifies appointments into 14 types: 12 of these

are presented in the first column of Table 2.1, with example conditions given in the second

column. Since the focus of this study is on the access time of patients who physically

visit the clinic, we do not consider the Home-visit appointment type in our analysis. Table

2.1 also omits the New Patient category, an appointment for a patient to be introduced

to their new family physician. Another category of appointment is referred to as Blank.

The Blank appointment type encompasses appointments such as same-day and same-week

requests which are patient-driven (based on the patient perception that they need to be seen

by a family physician within the same day or same week of their request). In general, the

Blank appointment type includes all requests that cannot be considered as one of the other

13 appointment types. Some examples of the conditions typically occurring in this category

include seasonal illnesses like flu and sore throat, new issues due to current treatment for an

ongoing medical condition, any new symptom a patient experiences that cannot be clearly

classified into another category, and prescription renewals. Importantly, requests for an

appointment in the Blank category correspond to 52% of all HFA appointment requests;

anecdotally, it appears that a large proportion of Blank appointments request same-day or

same-week appointments. However, this hypothesis cannot be confirmed by the current

data set due to missing descriptions of patient conditions in the data. In other words, due to
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lack of data on which patients request same day or same week appointment, our analysis is

limited. In future work, the goal is to develop an exact list of patient conditions and collect

data on these conditions and the corresponding appointment time slot that was obtained;

obtaining this data will lead to more comprehensive analysis.
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App type Condition Example should be
seen within

Follow-up

Soft tissue infection started on an antibiotic 1 week
Sub-acute abdominal pain with blood work & imaging 2 weeks
Hypertension with recent medication change 4 weeks
Thyroid medication dose modification 12 weeks

Injection
Travel medicine injection 1 week
First visit of a patient who has not started 2 weeks
their routine immunization in their infancy
Intra-articular injection 4 weeks
Repeat intra-articular injection 12 weeks

Mental Health

Anxiety 2 weeks
Depression started on new medication 4 weeks
Mental health condition responded moderately 12 weeks
to medication change

First Pre-Natal Appt requested 1-2 weeks before week 8 of pregnancy 2 weeks
Appt requested 3-4 weeks before week 8 of pregnancy 4 weeks

Pre-Natal After week 28 of pregnancy 2 weeks
Week 12 till week 28 of pregnancy 4 weeks

Well Baby Baby should be seen in 4m,6m,9m,12m,15m,18m 12 weeks

Pre-Op Assessment request 1-2 weeks before operation 2 weeks
request more than 2 weeks before operation 4 weeks

Diabetic Management Patient should be seen every 3 months 12 weeks

Child Physical Child should be seen in 2 yr,4 yr,6 yr, 16 yr 12 weeks

Periodic Health Exam Annual visits for chronic illness and/or health issues 12 weeks

Driver’s Physical Every 5 years if < 46 y/o; 3 years if 46-64 y/o; annually
if >= 65 y/o

12 weeks

Blank

Febrile illness 1 day
Prescription renewal 1 week
New skin lesion 2 weeks
Medical forms 4 weeks
Pap test 12 weeks

Table 2.1: Appointment types, example conditions and proposed access time
bounds.
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2.5 Proposed Acuity-based Evaluation

As seen from Table 2.1, the complaints for which family medicine clinic appointments are

requested vary widely in their nature and urgency. This observation suggests that evaluation

of access time which considers the urgency of the patient request would give a more accurate

representation of the performance of primary care and lead to more equitable allocation of

appointments to patients.

For example, consider patient A who has diabetes and is calling for his/her regular three-

month appointment. In this case, as long as the access time of patient A is approximately

three months from the previous check-up, the care needs of the patient and risks of adverse

health outcomes are appropriately addressed. In contrast, consider patient B who calls for

a follow-up appointment for an eight-month-old baby with five days of fever and a possible

viral illness diagnosis. Patient B needs to be seen in the clinic on the same day to ensure

they are not at risk for significant adverse health outcomes. Table 2.1 provides additional

examples of conditions of various urgency – the third column of Table 2.1 gives potential

access time upper bounds obtained through discussions with two practitioners from HFA.

For the majority of appointments, the access time upper bounds can be defined as the

maximum time from the arrival of the patient request until the patient is seen; however,

for some periodic appointments such as physicals, or for follow-up appointments, the upper

bound is defined as the time between the previous appointment and the next one (e.g., the

time between an appointment to resolve an initial complaint and a follow-up appointment

to discuss the effectiveness of the care received).

As described in Section 2.2, current methods of primary care performance evaluation in

Ontario do not take into account the urgency of the patient request; furthermore, as shown

in Section 2.3, a detailed classification of patient urgency in primary care is done for billing

purposes or, for the purposes of appointment allocation, is usually limited to two types. Such

a performance evaluation approach in primary care is in contrast to performance evaluation

in emergency care. In emergency care, the Canadian Triage Acuity Scale (CTAS) is employed

23



to classify patients into five categories in order to “triage patients according to acuity, risk,

and care needs based on their presenting signs and symptoms” and to “ensure that the sickest

and highest risk patients are seen first when ED capacity has been exceedeed” (Canadian

Association of Emergency Physicians). In addition, ED managers can use CTAS to “capture

and analyze ED patient visit based on volume, acuity and by CEDIS presenting complaint”

(Canadian Association of Emergency Physicians).

Considering Table 2.1 and using an analogy with the CTAS system in emergency care, we

propose a five-level classification of patients in primary care based on their urgency, varying

from urgent patients that need to be seen within one day to routine patiens that should be

seen within 12 weeks, as shown in Table 2.2. In Table 2.3 we show how the current HFA

appointment types map to our proposed acuity levels.

Acuity level Description Should be
seen within

1 Same day urgent 1 day
2 Same week urgent 1 week
3 Two weeks non-urgent 2 weeks
4 Four weeks non-urgent 4 weeks
5 Routine 12 weeks

Table 2.2: Proposed acuity levels and corresponding access time targets.

Appointment type Acuity
level

Appointment
type

Acuity level

Periodic Health Exam 5 Injection 2-5
Child Physical 5 New Patient 1-5
Diabetic Management 5 Pre-Op Assessment 3,4
Driver’s Physical 5 Pre-Natal 3,4
First Pre-Natal 3,4 Well Baby 5
Follow Up 2-5 Blank 1-5
Mental Health 3-5

Table 2.3: Acuity levels per appointment type at HFA.

Given the acuity levels defined in Table 2.2, we can now evaluate the performance of
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primary care with respect to the urgency of the appointment, by calculating the proportion

of requests in each acuity category that are scheduled within the proposed access time upper

bound (referred to as access time target).

2.6 Measuring Timely Access to Care

We first analyze HFA clinic access time performance based on the indicators from the On-

tario Ministry of Health and Long-term Care (MOHLTC), followed by performance evalua-

tion based on the acuity levels defined in Table 2.2.

Evaluation based on MOHLTC indicator MOHLTC considers same-/next-day access

as one of the major access time indicators (Health Quality Ontario, 2018). Patients at HFA

reported “same-day or next-day access when they are sick” as 54% and 52% for 2016 and

2017, respectively. Calculating the same metric from appointment data, we see that only

32% (out of 38367) and 31% (out of 39608) of patients had same-/next-day appointments

for 2016/17 and 2017/18 data, suggesting that the surveyed sample consisted of patients

who need same-/next-day appointments based on patient perception. In addition, it is not

clear whether patients who are over-due to visit for a chronic condition would classify their

request as being in the category “when they are sick”. However patients who get same-

/next-day appointments based on appointment data may not need it. Therefore, in general,

there are two approaches of collecting the required data for evaluating performance of the

clinic. One approach is a survey, which may not provide an accurate evaluation for two

reasons: firstly, due to its subjectivity – it is influenced by an overall favourable perception

of patient experience at the clinic, and secondly, due to the difference in the survey sample

sizes from the physician and patient perspectives. Furthermore, the values 31% and 32%

seem to indicate sub-par performance of the HFA clinic.

In Table 2.4, we present the cumulative percentage of same-/next-day and same-week

appointments for each patient class based on our 2017/18 data set.
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Access Time
Appointment Type Total # % same d % next d % same w
Periodic Health Exam 2309 10% 13% 14%
Child Physical 910 8% 10% 12%
Diabetic Management 1906 6% 8% 9%
Driver’s Physical 38 18% 26% 55%
First Pre-Natal 136 7% 9% 13%
Follow Up 5978 19% 24% 27%
Mental Health 965 10% 13% 16%
Injection 1499 48% 53% 55%
New Patient 1470 13% 17% 18%
Pre-Op Assessment 247 19% 24% 28%
Pre-Natal 708 7% 9% 11%
Well Baby 2711 6% 9% 11%
Blank 20731 37% 42% 46%
All Types 39608 27% 31% 35%

Table 2.4: % of Requested appointment types with same-day/next-
day/same-week access time.

Looking at the percentages for the current appointment types, we see that the percentage

of same-/next-day visits ranges from 8% (Diabetic Management) to 53% (Injection), which

shows that the HFA clinic does not necessarily reserve time slots with same-/next-day access

time for the most urgent requests. Additionally, these results show substantial variability

among patient classes.

Evaluation based on acuity-based indicators Figures 2.1–2.3 show access time his-

tograms for three appointment types, Follow up, Diabetic Management and Periodic Health

Examination. Importantly, from these histograms we can observe that access time behaviour

of different appointment types is quite different. The histogram for Follow up shows a zero-

inflated distribution with a long right tail that extends beyond 120 days; the histogram for

Diabetic Management is bi-modal, with peaks at two weeks and 90 days; for the Periodic

Health Exam, the majority of appointments happen within one month, with a mode of 1

week. In addition to the differences in behaviour among the appointment types, in all three
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histograms, we see substantial variability in access times among patients within each ap-

pointment type. For Follow-up appointments, there are peaks, of diminishing magnitudes,

at the end of every week, suggesting the existence of multiple “sub-types” in the Follow-up

category, that is, patients whose follow-up appointments should be in one week, two weeks,

etc. For diabetic appointments, the peak at 90 days matches the suggested interval between

two regular visits for a patient with diabetes. For the periodic health exam, the high number

of patients being scheduled within one day and one week is particularly surprising, given that

these are non-urgent appointments.
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Figure 2.1:
Follow-up
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Figure 2.2:
Diabetic
Management
access time.
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Figure 2.3:
Periodic
Health Exam
access time.

Appointment Type Range Mean Median Mode % seen within
access target

Periodic Health Exam 0-15 3.44 3 1 98%
Child Physical 0-28 4.05 3 2 95%
Diabetic Management 0-27 5.94 4 2 91%
Well Baby 0-25 4.93 4 1 91%

Table 2.5: Summary of access times (in weeks) for acuity level 5 appointment
types at HFA.

We now focus on the appointment types identified in Table 2.3 as having a single acuity
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level of 5. For these appointment types, we present additional statistics as well as the eval-

uation of their access times according to our proposed metric in Table 2.5. In particular,

we observe that the majority of patients requesting Periodic Health Exam, Child Physi-

cal, Diabetic Management and Well Baby appointments were able to obtain them within the

suggested upper bounds on access time, demonstrating that HFA performs very well for non-

urgent appointments, which is not obvious from standard metrics, and in fact contradicts

the conclusion one would make from looking at same-/next-day metrics over all appointment

types or even for these specific non-urgent appointment types. Furthermore, we can observe

that a large number of acuity level 5 patients obtained a same-/next-day appointment, de-

spite being of low urgency. In a setting with scarce resources, this observation effectively

implies that same-/next-day appointment times are not being used effectively by the clinic,

and can inform new allocation policies.

Discussion A limitation of our study is that we could not evaluate the performance of the

clinic for appointment categories with multiple acuity levels (see Table 2.3) due to the lack

of data regarding patient complaints. Furthermore, we note that the acuity level definitions

proposed in Table 2.2 constitute a proposal that we expect will be refined by researchers

and practitioners in future work. Given these (or refined) acuity level definitions, the list

of conditions and corresponding access time targets would require substantial work from

clinicians, similarly to the work involved in defining and updating CTAS. We observe that

any potential implementation of our proposal in practice immediately raises the question of

triage in primary care. However, despite the work required for formalizing a prioritization

scheme and triage procedures, doing so may lead to more equitable resource allocation in

primary care, which so far remains a setting with limited resources.
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2.7 Conclusion

In this paper, we contrasted performance evaluation of primary care using a traditional

metric and new metrics via a case study of a primary care clinic, namely the Health for All

Clinic in Markham, Ontario, Canada. Inspired by CTAS classification used in emergency

departments, we defined acuity levels for the conditions relative to each appointment type

in our case study of primary care. Future work needs to focus on developing the exact list

of conditions for different acuity levels as well as evaluation of other clinics.
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Chapter 3

Improving Physician Workload Balance and Timely Ac-

cess to Primary Care

Abstract We develop a deterministic tactical capacity planning (TCP) model to balance

workload between weeks for an individual family physician in a primary care clinic. Unbal-

anced workload among weeks may lead to provider overtime for weeks with high workload

and provider idle time for weeks with low workload. In the proposed TCP model, we incor-

porate the results from detailed access time evaluation in a prior study (see Chapter 2) as

constraints for access time. The proposed TCP model considers 11 appointment types with

multiple access targets for each appointment type. The TCP model takes as input a fore-

cast of demand coming from an ARIMA model. We compare the results of the TCP model

based on the distribution of workload among weeks and access time for different appointment

types. The results show that the proposed multi-objective model leads to a capacity reser-

vation plan which balances physician workload for a specific physician, provides equitable

access to patients, and prioritizes appointment slots with same/next week access.

3.1 Introduction

Primary care is the first point of contact between the patient and the healthcare system.

Primary care is responsible for providing a variety of health services such as same-day ap-

pointments for patients who perceive their issue as urgent, chronic disease management,

routine visits such as periodic health exams, as well as coordination of care to specialists and

follow-ups. One of the essential elements to provide timely access to care in the presence

of family physician scarcity is tactical capacity planning (TCP). TCP addresses the prob-
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lem of allocating available capacity to different patient classes in an outpatient setting such

as primary care (Hulshof et al., 2012; Ahmadi-Javid et al., 2017). Efficient TCP ensures

that a sufficient number of physician time slots are allocated to both urgent and non-urgent

appointment requests while taking physician availability into account.

The task of allocating capacity is complicated due to the need to consider the (potentially

conflicting) preferences and needs of patients and family physicians. Patient needs can be

expressed by means of access time, which is defined as the interval between the arrival of the

appointment request and the scheduled time of appointment. To ensure patient satisfaction,

TCP should provide equitable access time, which means providing patients with care within

access times that are appropriate to their level of urgency. To the best of our knowledge,

among the literature focusing on improving access to primary care, Aslani et al. (2019) is the

only primary care study which, instead of using just two general categories of urgent and non-

urgent, classifies patients based on five acuity levels to provide equitable access (see Chapter

2); this is the study we use to define access time targets in the current paper. On the other

hand, due to demand variability between weeks, the workload for family physicians varies

substantially and can become unbalanced. The presence of unbalanced workload among

weeks may in turn lead to overtime for the weeks with higher workload and idle time for the

weeks with lower workload. Thus, balancing physician workload between weeks is necessary

to ensure higher levels of physician satisfaction.

In this paper, we consider both aspects, proposing an approach which starts by forecasting

the demand for patients with different acuity levels, followed by solving an optimization

model which considers the access time targets of patients of different acuity while balancing

physician workload. Our approach is illustrated through the case study of a primary care

organization in Ontario, Canada, namely the Health for All (HFA) family health team which

is located in the City of Markham and is a teaching unit affiliated with the University of

Toronto’s Department of Family and Community Medicine.
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Assumptions As mentioned in Chapter 1, in a family health team setting, a team of family

physicians are working together in an effort to provide more available time slots for patients

who prefer to be seen within the same or next day of their request. However, due continuity

of care concerns, it is still preferable, both from the patient and the provider perspectives, for

the physicians to mainly see patients from their own roster. Thus, in this study, we focus on

determining the optimal number of reserved time slots for a single physician, i.e., determining

how much capacity should be reserved for each patient type in order for the physician to be

able to take care of her/his roster appropriately; in fact, if this goal can be achieved, the

resource pooling among physicians would be needed only occasionally. Therefore, we assume

that at HFA a developed TCP model for a family physician is independent of other family

physicians at HFA. Future work will require looking at resource pooling and the effect of

resource pooling on the tactical capacity plan.

An additional assumption of this study is that same-day and same-week appointment

types are considered as one category since the time unit used for modelling is a week, and

the allocation of slots is weekly. In future work, we will develop a daily TCP model which is

based on the developed weekly TCP model in this study to consider same-day and same-week

appointment types as two separate categories.

We also assume that a forecasting approach that results in a specific forecasted demand

value is accurate enough for us to use deterministic optimization models. In the future, we

can consider the effect of noise or uncertainty in demand within the optimization models.

Contributions The specific contributions of this work are:

• We develop a novel data-driven TCP approach for an individual physician in primary

care motivated by the main challenges in Canadian primary care which are shortage

of family physicians, insufficient appointment slots for urgent requests and lack of

equitable timely access to care. This approach consists of a forecasting model to

determine the demand and an optimization model that allocates time slots to patient
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requests of different priority. The developed tactical capacity plan is based on a mixed

integer linear model which determines the optimal number of appointment slots to

reserve per week for each appointment type during a 12-week planning horizon. The

model also tracks the unmet demand for each appointment type per week which should

be scheduled in the subsequent planning horizon.

• We provide a multi-objective TCP model for a specific physician in a primary care

clinic which balances the physician workload between weeks based on the acuity level

of the patient request and prioritizing appointment slots with same/next week access.

We therefore address the current limitation of improving access to primary care from

the literature through equitable allocation of physician time that prioritizes access

based on the acuity level of the patient request rather than considering two general

categories of urgent and non-urgent requests.

• We apply our proposed framework to the case study of a physician in the Health for All

family health team in Markham, Ontario, to determine the capacity reservation plan

which can provide workload balance and equitable access distribution. Our empirical

results show that appointments can be reserved in such a way that the demand is met

within the access targets for each of the acuity levels, and that more urgent demands

are prioritized to being served earlier (i.e., same day or same week). In addition, access

time distribution for more urgent demand is shifted toward left.

The paper is organized as follows. Section 3.2 describes recent work in tactical capacity

planning in primary care to improve access. Section 3.4 describes the problem and steps

to provide an optimal equitable tactical capacity plan in primary care that meets the needs

of both patients and providers. Three optimization models are proposed. The first model

focuses only on balancing workload based on the acuity level of appointments. The second

model aims to ensure an individual physician’s workload balance and equitable access time for

patients. Finally, the third model is multi-objective and aims to achieve workload balance,
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equitable access and an equitable workload distribution. In Section 3.7, we conduct an

extensive set of experiments and discuss the results. Section 3.8 concludes the paper.

3.2 Literature Review

The literature review covers the literature on three topics: patient classification, tactical

capacity planning in outpatient setting and tactical capacity planning in primary care.

3.2.1 Patient Classification

Papers focusing on planning and scheduling in outpatient settings classify patients based

on features such as service time variability, no-show rate, patient preferences, priority lev-

els, first-time or returning patients, pre-scheduled or same-day patients, and combination of

appointments for a specific treatment (Wang and Gupta, 2011; Ahmadi-Javid et al., 2017).

These studies can be divided into two categories based on two performance indicators: wait-

ing time (direct waiting time) and access time (indirect waiting time). The terms that are

used in this document are waiting time and access time. Waiting time is the difference be-

tween a patient’s scheduled time of appointment and the time when the patient is actually

served by the service provider. Access time is the interval between the arrival of the ap-

pointment request and the scheduled time of appointment (Gupta and Denton, 2008). The

literature with access time as an indicator mainly used priority levels, first-time or returning

patients, pre-scheduled or same-day patients, and combination of appointments for a specific

treatment as the features for patient classification (Dobson et al., 2011; Gupta and Wang,

2008; Ahmadi-Javid et al., 2017). In this study we focus on the impact of reserved capacity

through classifying patients based on the defined priority levels in chapter 2 for primary care

based on our knowledge the literature with the focus on tactical capacity planning in pri-

mary care only classifies patients into the two categories of urgent and routine appointment

types. However, considering more detailed patient prioritization will lead to more equitable

allocation of physician time (Déry et al., 2019). The literature with the focus on tactical
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capacity planning in outpatient setting are explained in the next section.

3.2.2 Tactical Capacity Planning in Outpatient Setting

As already mentioned in Section 3.1, TCP is a key element of planning and control decisions

in outpatient settings. TCP focuses on how to allocate the available capacity of a clinic’s

resources among different patient classes (Hulshof et al., 2012; Ahmadi-Javid et al., 2017).

Table 3.1 presents some of the recent studies with the focus on TCP in outpatient settings.

Attributes of TCP for multiple patient groups
reference outpatient

clinic setting
TCP patient group equitable

access
physician
preference

Qu et al. (2007) primary care static urgent&pre-
scheduled

– –

Gupta and Wang
(2008)

primary care dynamic urgent&pre-
scheduled

– –

Patrick et al.
(2008)

diagnostic dynamic priority levels ! –

Qu et al. (2011) primary care static urgent&pre-
scheduled

– –

Qu et al. (2012) primary care static urgent&pre-
scheduled

– !

Balasubramanian
et al. (2012)

primary care static urgent&pre-
scheduled

– –

Hulshof et al.
(2013)

integrated care static multiple appt ! –

Qu et al. (2013) women’s clinic static specific equipment – !
Balasubramanian
et al. (2014)

primary care dynamic urgent&pre-
scheduled

– –

Gocgun and Put-
erman (2014)

chemotherapy dynamic priority levels ! –

Nguyen et al.
(2015)

urology static first visit, revisit ! –

Wiesche et al.
(2017)

primary care static urgent &pre-
scheduled

– !

Table 3.1: Summary of literature in tactical capacity planning for multiple
patient groups in outpatient setting

Generally, TCP approaches are either static or dynamic. Static TCP provides a tactical
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plan based on the demand over a few months through deterministic allocation of capacity to

different patient groups (Hulshof et al., 2013). However, dynamic approaches result in plans

through considering daily variability in demand for capacity allocation (Vermeulen et al.,

2009). Static TCP is a prerequisite for an effective dynamic TCP. In other words, static

TCP provides a tactical rule at the beginning of the planning horizon by determining an

optimal number of reserved time slots for each patient class (Hulshof et al., 2013). Dynamic

TCP adjusts the optimal number of reserved time slots for each patient class in response to

the variability in demand or/and resource availability in each period of the planning horizon

(Hulshof et al., 2016).

As presented in Table 3.1, the TCP models developed in some of these studies considered

equitable access. In the current literature, to achieve equitable access patients are classified

either based on priority levels, or access target(s) are defined for a specific percentile of

patients in a particular patient class (Patrick et al., 2008; Hulshof et al., 2013; Gocgun and

Puterman, 2014; Nguyen et al., 2015). As an example of classifying patients based on acuity

levels, Patrick et al. (2008) classified patients based on multiple priority levels to allocate

capacity of CT-Scans based on the urgency of the request. Patrick et al. (2008) considered

an access target for each priority level and defined class-specific costs for late booking while

the relative access target for a patient class is not achieved. Therefore, the developed TCP

model in Patrick et al. (2008) aims to book patients in a particular urgency class prior to a

specific target date, which is similar to what we propose in this study.

Gocgun and Puterman (2014) extended the developed model in Patrick et al. (2008)

by defining priority levels through considering both access target and tolerance limit. For

example, the tolerance limit (2,0) corresponds to a tolerance limit of 2 days before and 0 day

after the specific access target date. The reason is that there are some requests which cannot

be booked too early due to the required interval between patient visits for the treatment

process. As future work, we plan to extend the defined patient classification for primary care

in Chapter 2 based on our inspiration from the study of Gocgun and Puterman (2014); we
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further discuss this idea in Chapter 5.

In terms of defining access target(s) for a particular patient class, Hulshof et al. (2013)

developed a TCP model for an integrated outpatient setting in which a patient should

visit more than one outpatient clinic and therefore book multiple appointments to complete

her/his treatment. Hulshof et al. (2013) considered each outpatient clinic as a stage and de-

fined a specific access target to provide equitable access for patients in each stage. Nguyen

et al. (2015) classified patients based on the attribute of re-entry systems. This re-entry

system considers the fact that any first visit may lead to multiple revisits in an outpatient

setting. Nguyen et al. (2015) developed a TCP model with equitable access through restrict-

ing the probability distribution of access time for first visit patient class, and limiting the

variation of access time for revisit patient type.

As it is presented in Table 3.1 the literature with the focus on primary care did not

incorporate equitable access to develop a TCP model. In Section 3.2.3, we elaborate on the

studies with the focus on developing TCP model in primary care.

The last attribute that is presented in Table 3.1 is physician preference, which is con-

sidered in only a few studies. There exist two main metrics in the literature to calculate

physician preferences: the average number of consulted patients in each period and the

variation in the number of consulted patients between periods in the planning horizon. We

elaborate more on physician preferences in Section 3.2.4.

3.2.3 Tactical Capacity Planning in Primary Care

TCP in primary care mainly considers two appointment types: same-day appointments,

which are booked as calls come during the workday and pre-scheduled appointments, which

are booked in advance of a given workday. The main challenge which is addressed in the

literature is providing an optimal percentage of same-day and pre-scheduled appointments.

Some studies (Qu et al., 2007, 2011; Dobson et al., 2011) focus on finding an optimal number

of same-day and pre-scheduled appointments which is the fixed for different days of a week.
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Other studies (Balasubramanian et al., 2014; Wiesche et al., 2017) consider demand variation

for different days of a week and therefore the optimal number of time slots reserved for same-

day and same-week varies in a daily basis.

In terms of fixed number of reserved time slots for same day and pre-scheduled appoint-

ments, Qu et al. (2007) describe the conditions for the optimal percentage of same-day

appointments and propose an analytical formulation to find the percentage of same-day to

maximize the expected number of patients seen. The presented formulation is based on the

ratio of average demand for same-day appointments to provider capacity and the ratio of

the no-shows for the prescheduled and same-day appointments. Gupta and Wang (2008)

consider the effect of patient choice on developing a TCP model in a primary-care clinic

where patients may have preference for physician and date of service. Patients are divided

into those that request same-day service and those that seek an advanced appointment. Al-

though a penalty function is included to penalize the clinic if it cannot meet the request of

a patient, the model is not designed to track patient access time. Qu et al. (2011) address

the challenge of lack of enough time slot for same-day appointment due to pre-scheduled

appointments by proposing two time horizons for open access scheduling. If the correlation

coefficient of historical requests for pre-scheduled and open appointments in each session is

high and positive, two time horizons for open access scheduling is advised. Qu et al. (2012)

extend the preceding analytical model of Qu et al. (2007) by reducing variability in addi-

tion to increasing the average number of patients seen through developing a mean variance

model.

For the studies with the focus on varied number of same-day and pre-scheduled appoint-

ments per day, Balasubramanian et al. (2014) present a mathematical model for dynamic

allocation of same-day demands into multiple physicians in a primary care. This allocation

decision is made in presence of dynamic arrivals of same-day requests over a workday, incom-

plete information for same-day demand and presence of pre-scheduled demand. This study

shows the policy regarding the location of time slots assigned to prescheduled appointments
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significantly impact the number of time slots allocated to same-day appointments. Through

evaluating different policies, the one which books prescheduled appointments in two blocks of

early morning and early afternoon works very well. Balasubramanian et al. (2014) assumes

fixed number of time slots for pre-scheduled appointments and only find optimal number of

same-day appointment which varies over different days of a week. However, Wiesche et al.

(2017) additionally determine the optimal capacity for pre-scheduled appointment on each

day, due to varying patient requests throughout the weekday. Wiesche et al. (2017) in-

clude both patient and provider preferences in their studies. The measure to address patient

preference is number of patients with same-day access and provider preference is time slot

utilization.

These papers provide significant insights for tactical capacity planning in primary care

through taking into account only same-day and prescheduled appointment types with the

main goal of increasing number of reserved time slots for same-day requests. However,

prescheduled appointment types include a broad spectrum of conditions such as chronic

disease (i.e. diabetes, hypertension), mental health and pre-natal, which have different acuity

levels and access time targets. In this study, we propose tactical capacity planning for both

urgent and multiple types of non-urgent appointments. Moreover, in previous studies, the

demand for non-urgent appointments is daily based and should be scheduled within a week

(Balasubramanian et al., 2014; Wiesche et al., 2017). However in this study, the demand

for non-urgent appointments should be scheduled within 2-12 weeks. Therefore, we consider

a 12-week planning horizon. Due to the presence of longer planning horizon, we provide a

weekly number of time slots that should be reserved for each appointment type.

3.2.4 Physician Preferences in Primary Care

According to the existing literature, physician preferences in primary care are mainly de-

termined based on the two factors of physician revenue and utilization (Qu et al., 2012;

Wiesche et al., 2017). Based on our knowledge, there are only two studies with the focus on

39



physician preferences in developing TCP models in primary care. Current studies used two

main metrics to evaluate physician preferences which are the average number of patients con-

sulted in each session, as well as the variation in the number of consulted patients between

clinic sessions (Qu et al., 2012; Wiesche et al., 2017). Variation in the number of consulted

patients results in an unbalanced workload among weeks and leads to provider overtime for

weeks with high workload and provider idle time for weeks with low workload (Qu et al.,

2012). Physician preferences should be evaluated in association with patient needs (Wiesche

et al., 2017). For example, considering only physician preferences for high utilization will

lead to consulting a large number of patients per day that provides higher revenue. However,

it might result in longer patient access as well as insufficient capacity for urgent requests

(Wiesche et al., 2017).

In this study, we consider variation in the number of consulted patients as a metric for

physician preferences. However, consideration of physician preference in association with

patient needs in this study is different from previous studies since patient needs are defined

based on five acuity levels. In particular, access targets for appointments with acuity levels

1 and 2 are less than one week; thus, we aim to evenly distribute the appointments of acuity

levels 1 or 2 among the weeks of the planning horizon. On the other hand, access targets for

appointments with acuity level 3, 4 and 5 exceed one week. Therefore, the flexibility in access

time of these appointments may lead to variability in the scheduled appointments among

weeks. Apart from flexibility, appointments with lower acuity place a heavy burden on a

physician’s workload since acuity and physician workload do not have a direct relationship.

Low acuity appointments are usually scheduled for conditions that are chronic in nature; for

such conditions, to make a diagnosis, prescription or recommendation, the physician has to

spend a longer time reviewing a patient’s medical history, as compared to an acute condition.

For example, for diabetes, the physician needs to review what the patient has experienced

over three months and elicit relevant information from it, versus in the case of, e.g., a patient’s

appointment due to a common cold, when the patient’s experienced symptoms have been
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going on for days (most likely up to a maximum of one week), even if the patient has some

chronic condition in addition to the cold. From a physician’s perspective, appointments

with lower acuity take more energy so they prefer to have a limit on the number of such

appointments per week. Provided with such a limit, a physician schedule will have an

even distribution of appointments with lower acuity in between weeks which will improve

his/her workload balance. The advantage of having a balanced physician workload from the

perspective of the clinic is its consistency due to the same total number of appointments per

week which makes operational level planning more convenient.

3.3 Problem Description

A capacity reservation plan determines the number of appointment slots that should be

reserved per appointment type in each week for a specific physician (Ahmadi-Javid et al.,

2017). Figure 3.1 depicts the schematic view for the basic structure of capacity reservation

plan in primary care. The filled circles represent the weeks. We define the first 𝑆 weeks

as the arrival horizon, and we define an index set 𝒮 = {1, … , 𝑆}. It is assumed that 𝐷𝑝,𝑡

requests for appointment type 𝑝 arrive at the start of each week 𝑡 in the arrival horizon 𝒮.

In this study we consider multiple appointment types and each appointment type may have

single or multiple acuity levels. Therefore, we define the index set 𝒦 = {1, … , 5} for the

defined acuity levels in primary care from our prior study (Aslani et al., 2019). We introduce

the index set 𝒫𝜅 for all appointment types with acuity level 𝜅. Let the set 𝒫 include all

appointment types with all acuity levels which means 𝒫 = 𝒫1 ∪𝒫2 ∪𝒫3 ∪𝒫4 ∪𝒫5. It should

be mentioned that Figure 3.1 does not represent the details regarding appointment types and

their relative acuity levels. A desired level of demand for each appointment type should be

met and scheduled in 𝑇 weeks. Due to the variation in access time of patients with different

acuity levels, we defined the term planning horizon which is an extension of arrival horizon

and we introduce an index set ℋ = {1, … , 𝑇 }. All the given weeks in the planning horizon

has the fixed physician time availability of {𝜙1, … , 𝜙𝑇 }. Our goal in this study is to develop
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a capacity reservation plan for the demand of appointment type with acuity levels from the

defined set 𝒫𝜅 for a specific family physician to address two general goals. One objective is

minimizing the imbalance in the physician workload between weeks based on acuity level of

appointment. The second objective is prioritizing requested appointment in such a way to

provide equitable timely access to care based on acuity level of appointments.

Arrival Horizon Arrival Horizon 

1      S       

Planning HorizonPlanning Horizon

S+1        T        

Demand for appointment

% of demand from week [i] 
scheduled at week [j]

i j

Figure 3.1: Schematic view of arrival and planning horizon, adapted from
Figure 3 by (Nguyen et al., 2015)

3.4 Overall Approach

An optimal capacity reservation plan takes into account both the needs of patients and

the preferences of primary care providers. We present an optimization model for capacity

reservation for both urgent and non-urgent appointments in primary care to deliver care in

a timely manner. The novelty of this study is developing an efficient linear optimization

approach that tackles the main concern in the Canadian primary care clinics: developing a

tactical capacity plan to achieve equitable access based on the acuity level of patient needs
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in such a way that physician time is utilized efficiently. The optimization model distributes

the reserved appointment slots in a manner to balance physician workload between weeks

of a planning horizon. Therefore, appointment slots for patients with lower acuity level are

reserved on weeks when the demand high-acuity appointments is lower.

To be able to reserve appointment slots in advance, we should find the realized weekly

demand, 𝐷𝑝,𝑡 for each appointment type. Therefore, we develop an individual forecast model

for each appointment type to predict the demand. Considering the demand forecast provides

a data-driven optimal capacity reservation plan which is more accurate than considering a

known demand value due to capturing variability. To ensure of obtaining equitable access

time, we incorporate the access targets developed by Aslani et al. (2019) (see Chapter 2) as

access time constraints for each appointment type. Since family physicians at HFA clinic

prefer to take care of their own patients (rosters, panel), we focus on a single family physician.

In the following we introduce the basic structure we consider to develop a tactical capacity

plan. Thereafter, we elaborate the steps to forecast demand and finally we describe how we

develop a model to find an optimal capacity reservation plan.

3.5 Forecasting Model

We apply time series analysis to forecast demand for all appointment types. To do so, we first

pre-process data for all appointment types to get weekly demand value for each appointment

type. Thereafter, we test time series stationarity. Finally, we fit multiple forecast models and

select the best model based on various goodness-of-fit metrics. By pre-processing, we mean

deleting the extra information that we do not consider in our model, finding and removing

the outliers, as well as reformatting the required data in such a way as to get weekly demand

value for each appointment type.

To build a forecast model, the time series should be stationary which means the mean,

variance and covariance of the series should not be a function of time (Box et al., 2015;

Abraham and Ledolter, 2009). To evaluate stationarity of time series, we apply augmented
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Dickey Fuller test (ADF) which is a statistical test with null hypothesis of “the tested time

series is not stationary”. Thereafter, we propose multiple forecast models to the stationary

time series based on ARIMA or seasonal ARIMA analysis method (Holt, 1957; Winters,

1960). ARIMA model is described by the three factors of (p, d, q) where ‘p’ represents

order of the autoregressive model; ‘d’ represents the order of difference; and ‘q’ represents

the order of moving average model. Seasonal ARIMA model is explained by (p, d, q)(P,

D, Q)[S] in which (P, D, Q) represents the seasonal part and S represents the length of the

seasonality. In this study we compare goodness-of-fit based on Akaike information criterion

(AIC). AIC estimates the relative amount of information lost by a given model: the less

information a model loses, the higher the quality of that model. In estimating the amount

of information lost by a model, AIC deals with the trade-off between the goodness of fit of

the model and the simplicity of the model. In other words, AIC deals with both the risk of

overfitting and the risk of underfitting. In addition, we compared accuracy of models based

on Mean Absolute Error (MAE). MAE is applied in terms of comparing forecast models

based on single time series.

3.6 Optimization Models

This section develops a modeling approach to determine the optimal reserved capacity for

each appointment type in the determined planning horizon. The challenges of fixed avail-

ability of a family physician as well as equitable access time for multiple types of urgent and

non-urgent appointment types are addressed. The details of the optimization model vary

for the designed objective based on the complexity of the addressed challenges. In the fol-

lowing we provide three variations of optimal capacity allocation model: 1) optimal capacity

reservation to balance workload, 2) optimal capacity reservation to provide balanced work-

load and equitable access, and 3) optimal capacity reservation to provide balanced workload

and equitable access distribution. In particular, model 1 allocates physician time to differ-

ent appointment types in a way to minimize the disbalance in the physician workload of
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family physician between weeks based on acuity level of appointment. In model 2, along

with providing physician workload balance, we also ensure equitable timely access through

incorporating the obtained access targets from our prior study (Aslani et al., 2019) (Chapter

2) as constraints for access time. In model 3, in addition to the features in model 2, more

urgent requests are prioritized to have lower access time. Therefore, model 3 provides both

equitable timely access to care which is based on acuity level of requested appointment type

individually as well as equitable distribution of access time which is based on prioritizing

appointment types by comparing their acuity levels.

3.6.1 Model 1: Optimal Capacity Reservation Plan to Balance Workload

Due to the fixed weekly availability of family physicians in the clinic and from our experi-

ence through collaborating with HFA clinic, family physicians prefer their workload be as

consistent as possible between weeks. Inconsistent distribution of workload among weeks

may lead to family physician overtime for the weeks with high workload and provider idle

time for the weeks with low workload. Therefore, in this study we define the term “workload

balance” as a representation of the family physician preferences. We say that a workload

is fully balanced when the total number of planned appointments for the physician is the

same among weeks of the planning horizon. We measure the weekly workload of a family

physician by calculating the total number of reserved appointment slots to serve demand for

appointment types with different acuity levels. To this end, we define a decision variable

𝑥𝑝,𝑗 as the number of time slots reserved for appointment type 𝑝 in week 𝑗.

Let 𝛼𝑝 be a desired level of demand for each appointment type 𝑝 that should be met

and scheduled in 𝑇 weeks, i.e., we want to ensure ∑𝑗∈ℋ 𝑥𝑝,𝑗 ≥ 𝛼𝑝 ∑𝑡∈ℋ 𝐷𝑝,𝑡. We define

the number of unmet requests for appointment type 𝑝 at the start of week 𝑗 as 𝑤𝑝,𝑗, so

that ∑𝑇
𝑗=𝑡 𝑥𝑝,𝑗 + 𝑤𝑝,𝑡 = 𝐷𝑝,𝑡. Due to the fact that the required number of time slots to

serve demand varies based on the requested appointment type, we introduce the parameter

𝜏𝑝 to link the required number of appointment slots to the required number of 15-minute
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time slots. Let 𝜏𝑝 be the required number of time slots to serve appointment type 𝑝. As an

example, the Periodic health exam appointment type in HFA requires two 15-minute time

slots (𝜏𝑝𝑒𝑟𝑖𝑜𝑑𝑖𝑐−ℎ𝑒𝑎𝑙𝑡ℎ−𝑒𝑥𝑎𝑚 = 2) versus the Well baby appointment at HFA requires one 15-

minute time slot (𝜏𝑊𝑒𝑙𝑙−𝑏𝑎𝑏𝑦 = 1). To match weekly family physician availability to the total

number of reserved appointment slots, ∑𝑝∈𝒫 𝜏𝑝𝑥𝑝,𝑗 ≤ 𝜙𝑗 has to hold true for all 𝑗 ∈ ℋ.

We also define 𝛾𝑝 which is a no-show rate for appointment type 𝑝 similarly to Qu and Shi

(2009). Due to the presence of acuity level, “workload balance” should be defined further in

detail which is explained in the following.

Dependence of Workload Balance on Acuity Level The definition of workload bal-

ance for the appointments that should be scheduled within a same day/week (acuity levels

1 & 2) is different from the appointments with other acuity levels. This is due to the defi-

nition of appointments with acuity levels 1 & 2 that requires sufficient number of reserved

time slots in each week to avoid any risk to patient health (see Chapter 2). In other words,

having an insufficient number of reserved time slots for an appointment in this class cannot

be “cancelled out” with excessive reserved time slots of other appointments. Therefore, a

fully balanced workload for appointments with acuity level 1 or 2 means the same number

of each appointment type is scheduled each week.

On the other hand, a fully balanced workload for appointments with acuity levels 3, 4 and

5 means that the total number of reserved time slots for these appointment types is the same

among weeks. In other words, the excessive number of reserved slots for an appointment

type can cover for an insufficient number of other appointment types in the same week.

The developed formulation in this study to measure workload is based on calculating

the total number of reserved appointment slots to serve demand for appointment types.

Thereafter, the value for workload balance is obtained by finding the absolute value of

deviation of number of reserved appointment slots between any two weeks in the planning

horizon. This absolute value is calculated for any two weeks in the planning horizon. In
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the following we explain the difference between workload measurement for different acuity

levels.

Formulation of measuring workload for appointments with acuity level 3 & 4 & 5

In case of having appointments with acuity levels 3 & 4 & 5, we calculate the absolute value

for deviation of number of reserved appointment slots for all appointment types between

any two weeks in the planning horizon because there is no need to have a consistent number

of weekly reserved appointment slots for each appointment type with acuity levels 3 & 4

& 5. The following equation represents the difference between the total number of planned

appointment slots with acuity levels 3 & 4 & 5 for a physician among weeks of the planning

horizon:

𝑇 −1
∑
𝑗=1

𝑇
∑

𝑗′=𝑗+1
∣ ∑

𝑝∈𝒫3∪𝒫4∪𝒫5

(1 − 𝛾𝑝)𝜏𝑝(𝑥𝑝,𝑗 − 𝑥𝑝,𝑗′ ) ∣ (3.1)

As it is seen, Equation (3.1) is nonlinear. Therefore, we introduce two new variables to make

it linear. One variable is 𝑢𝑗,𝑗′ for the cases that deviation of all the reserved appointment

slots for all the appointment types between weeks 𝑗 and 𝑗′ is positive. The other variable

is 𝑜𝑗,𝑗′ for the cases that the deviation of all the reserved appointment slots for all the

appointment types between weeks 𝑗 and 𝑗′ is negative.

𝑢𝑗,𝑗′ =
⎧{
⎨{⎩

∑𝑝∈𝒫3∪𝒫4∪𝒫5
(1 − 𝛾𝑝)𝜏𝑝(𝑥𝑝,𝑗 − 𝑥𝑝,𝑗′ ), if ∑𝑝∈𝒫3∪𝒫4∪𝒫5

(1 − 𝛾𝑝)𝜏𝑝(𝑥𝑝,𝑗 − 𝑥𝑝,𝑗′ ) ≥ 0

0, otherwise
(3.2)

𝑜𝑗,𝑗′ =
⎧{
⎨{⎩

− ∑𝑝∈𝒫3∪𝒫4∪𝒫5
(1 − 𝛾𝑝)𝜏𝑝(𝑥𝑝,𝑗 − 𝑥𝑝,𝑗′ ), if ∑𝑝∈𝒫3∪𝒫4∪𝒫5

(1 − 𝛾𝑝)𝜏𝑝(𝑥𝑝,𝑗 − 𝑥𝑝,𝑗′ ) ≤ 0

0, otherwise
(3.3)
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As a result, the linear format of workload measure for appointments with acuity levels 3 &

4 & 5 is as follows:

𝑇 −1
∑
𝑗=1

𝑇
∑

𝑗′=𝑗+1
(𝑢𝑗,𝑗′ + 𝑜𝑗,𝑗′ ). (3.4)

Formulation of measuring workload for appointments with acuity level 1 & 2

In case of having appointments with acuity levels 1 & 2, we calculate the absolute value

for deviation of number of reserved appointment slots for each appointment type in this

category individually between any two weeks in the planning horizon because it is needed to

have consistent number of weekly reserved appointment slots for each appointment type with

acuity levels 1 & 2 due to their urgency. The following equation represents the difference

between total number of planned appointment slots with acuity levels 3 & 2 for a physician

among weeks of the planning horizon:

𝑇 −1
∑
𝑗=1

𝑇
∑

𝑗′=𝑗+1
∑

𝑝∈𝒫1∪𝒫2

∣ (1 − 𝛾𝑝)𝜏𝑝(𝑥𝑝,𝑗 − 𝑥𝑝,𝑗′ ) ∣ . (3.5)

Equation (3.5) is nonlinear. Therefore, we introduce two new variables to make it linear.

One variable is 𝑣𝑝
𝑗,𝑗′ for the cases that deviation of all the reserved appointment slots for

appointment type 𝑝 between weeks 𝑗 and 𝑗′ is positive. The other variable is 𝑙𝑝𝑗,𝑗′ for the

cases that the deviation of all the reserved appointment slots for appointment type 𝑝 between

weeks 𝑗 and 𝑗′ is negative.

𝑣𝑝
𝑗,𝑗′ =

⎧{
⎨{⎩

(1 − 𝛾𝑝)𝜏𝑝(𝑥𝑝,𝑗 − 𝑥𝑝,𝑗′ ), if (1 − 𝛾𝑝)𝜏𝑝(𝑥𝑝,𝑗 − 𝑥𝑝,𝑗′ ) ≥ 0

0, otherwise
(3.6)

𝑙𝑝𝑗,𝑗′ =
⎧{
⎨{⎩

−(1 − 𝛾𝑝)𝜏𝑝(𝑥𝑝,𝑗 − 𝑥𝑝,𝑗′ ), if (1 − 𝛾𝑝)𝜏𝑝(𝑥𝑝,𝑗 − 𝑥𝑝,𝑗′ ) ≤ 0

0, otherwise
(3.7)
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As a result, the linear format of workload measure for appointments with acuity levels 1 &

2 is as follows:

𝑇 −1
∑
𝑗=1

𝑇
∑

𝑗′=𝑗+1
∑

𝑝∈𝒫1∪𝒫2

(𝑣𝑝
𝑗,𝑗′ + 𝑙𝑝𝑗,𝑗′ ) (3.8)

Therefore, the idea of allocating physician time to different appointment types (or reserving

appointment slots for different appointment types) to minimize unbalanced workload of the

family physician is modeled as below:

𝑀𝑖𝑛
𝑆−1
∑
𝑗=1

𝑆
∑

𝑗′=𝑗+1
∑

𝑝∈𝒫1∪𝒫2

(𝑣𝑝
𝑗,𝑗′ + 𝑙𝑝𝑗,𝑗′ ) +

𝑇 −1
∑
𝑗=1

𝑇
∑

𝑗′=𝑗+1
(𝑢𝑗,𝑗′ + 𝑜𝑗,𝑗′ ) (3.9)

𝑣𝑝
𝑗,𝑗′ − (1 − 𝛾𝑝)𝜏𝑝(𝑥𝑝,𝑗 − 𝑥𝑝,𝑗′ ) ≥ 0 ∀𝑝 ∈ 𝒫1 ∪ 𝒫2 ∀𝑗, 𝑗′ ∈ ℋ (3.10)

𝑙𝑝𝑗,𝑗′ + (1 − 𝛾𝑝)𝜏𝑝(𝑥𝑝,𝑗 − 𝑥𝑝,𝑗′ ) ≥ 0 ∀𝑝 ∈ 𝒫1 ∪ 𝒫2 ∀𝑗, 𝑗′ ∈ ℋ (3.11)

𝑢𝑗,𝑗′ − ∑
𝑝∈𝒫3∪𝒫4∪𝒫5

(1 − 𝛾𝑝)𝜏𝑝(𝑥𝑝,𝑗 − 𝑥𝑝,𝑗′ ) ≥ 0 ∀𝑗, 𝑗′ ∈ ℋ (3.12)

𝑜𝑗,𝑗′ + ∑
𝑝∈𝒫3∪𝒫4∪𝒫5

(1 − 𝛾𝑝)𝜏𝑝(𝑥𝑝,𝑗 − 𝑥𝑝,𝑗′ ) ≥ 0 ∀𝑗, 𝑗′ ∈ ℋ (3.13)

∑
𝑗∈𝒮

𝑥𝑝,𝑗 ≥ 𝛼𝑝 ∑
𝑡∈𝑆

𝐷𝑝,𝑡 ∀𝑝 ∈ 𝒫1 ∪ 𝒫2 (3.14)

∑
𝑗∈ℋ

𝑥𝑝,𝑗 ≥ 𝛼𝑝 ∑
𝑡∈𝑆

𝐷𝑝,𝑡 ∀𝑝 ∈ 𝒫3 ∪ 𝒫4 ∪ 𝒫5 (3.15)

∑
𝑗∈𝒮

𝑥𝑝,𝑗 = ∑
𝑡∈𝒮

(𝐷𝑝,𝑡 − 𝑤𝑝,𝑡) ∀𝑝 ∈ 𝒫1 ∪ 𝒫2 (3.16)

∑
𝑗∈ℋ

𝑥𝑝,𝑗 = ∑
𝑡∈𝒮

(𝐷𝑝,𝑡 − 𝑤𝑝,𝑡) ∀𝑝 ∈ 𝒫3 ∪ 𝒫4 ∪ 𝒫5 (3.17)

𝑇
∑
𝑗=𝑡

𝑥𝑝,𝑗 + 𝑤𝑝,𝑡 ≥ 𝐷𝑝,𝑡 ∀𝑝 ∈ 𝒫 ∀𝑡 ∈ ℋ (3.18)

∑
𝑝∈𝒫

𝜏𝑝𝑥𝑝,𝑗 ≤ 𝜙𝑗 ∀𝑗 ∈ ℋ (3.19)
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𝑥𝑝,𝑗, 𝑤𝑝,𝑗, 𝑣𝑝
𝑗,𝑗′ , 𝑙𝑝𝑗,𝑗′ ∈ ℤ ∀𝑝 ∈ 𝒫 𝑗, 𝑗′ ∈ ℋ ∀𝑛 ∈ 𝒩 (3.20)

𝑢𝑗,𝑗′ , 𝑜𝑗,𝑗′ ≥ 0 ∀ 𝑗, 𝑗′ ∈ ℋ ∀𝑛 ∈ 𝒩 (3.21)

The designed model allocates physician time to different appointment types in a way to

minimize the disbalance in the physician workload of family physician between weeks (3.9).

Constraint (3.10) calculated positive deviation of total reserved appointment slots with any

access time between any two weeks for a specific appointment type in class of acuity level 1

& 2. Constraint (3.11) calculated negative deviation of total reserved appointment slots with

any access time between any two weeks for a specific appointment type in class of acuity

level 1 & 2. Constraint (3.12) calculated positive deviation of total reserved appointment

slots with any access time for all the appointment types in class of acuity level 3 & 4 & 5

between any two weeks. Constraint (3.13) calculated negative deviation of total reserved

appointment slots with any access time for all the appointment types in class of acuity level

3 & 4 & 5 between any two weeks.

Constraints (3.14) and (3.17) ensure that the desired service level, 𝛼𝑝, of serving patients

with different acuity within their access target is achieved. Constraints (3.16) - (3.18) track

the unmet demand for appointment types with different acuity levels in each week. To match

weekly family physician availability to total number of reserved appointment slot equation

(3.19) has to hold true. The domains of the decision variables are described in (3.20) and

(3.21).

The results support the decision maker to know for a specific family physician how

many patients with a specific appointment type they allow to schedule each week while the

physician preference is met. Through running the model, we get poor results of workload

balance (shown and discussed further in Section 3.7.3.1). This is due to the fact that the

model does not have any information regarding the access time for each appointment type.

The former decision variable 𝑥𝑝,𝑗 is not suitable when it comes to reflecting patient influence

on the planning decision. In addition, the model does not consider any priority to allocate
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appointment slots to demand. However, as it is mentioned in Aslani et al. (2019) (Chapter

2), allocation of physician time should be based on the acuity of requested appointment. In

other words, allocation of physician time to demand should provide equitable access. In the

next section, we modify the proposed basic model in Equations (3.9)-(3.21) in such a way

that we ensure the reserved time slot realized after arrival of demand request. Therefore,

model 1 is considered as a relaxed version of the developed model in the next section (model

2). As a result, model 1 provides a lower bound for optimal physician workload balance in

model 2 because model 2 also address equitable timely access to care.

3.6.2 Model 2: Optimal Capacity Reservation Plan to Provide Balanced Work-

load & Equitable Access

Ministry of Health and Long Term Care in Ontario (MOHLTC) requires primary care clinics

to maintain better control over access time for appointments and report performance of the

clinic. As a result, allocation of physician time to demand should also consider access time.

Therefore, we introduce a decision variable 𝑥𝑛
𝑝,𝑗, which is the number of reserved appointment

slots to serve appointment type 𝑝 in week 𝑗 with access time of 𝑛 weeks. As a result the

formulation of workload balance (3.9) should be updated based on the new defined decision

variable 𝑥𝑛
𝑝,𝑗.

Updated formulation of measuring workload for appointments with acuity level 3 & 4 & 5

The following equation represents the difference between total number of planned appoint-

ment slots with acuity levels 3 & 4 & 5 for a physician among weeks of the planning horizon:

𝑇 −1
∑
𝑗=1

𝑇
∑

𝑗′=𝑗+1
∣ ∑

𝑛∈𝒩
∑

𝑝∈𝒫3∪𝒫4∪𝒫5

(1 − 𝛾𝑝)𝜏𝑝(𝑥𝑛
𝑝,𝑗 − 𝑥𝑛

𝑝,𝑗′ ) ∣ . (3.22)

To make Equation (3.22) linear we will take the same process as the previous section. There-

fore, we introduce two new variables to make it linear. One variable is 𝑢𝑗,𝑗′ for the cases that
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deviation of all the reserved appointment slots for all the appointment types between weeks

𝑗 and 𝑗′ is positive. The other variable is 𝑜𝑗,𝑗′ for the cases that the deviation of all the

reserved appointment slots for all the appointment types between weeks 𝑗 and 𝑗′ is negative.

𝑢∗
𝑗,𝑗′ =

⎧{{{
⎨{{{⎩

∑𝑝∈𝒫3∪𝒫4∪𝒫5
(1 − 𝛾𝑝)𝜏𝑝(∑𝑗−1

𝑛=0 𝑥𝑛
𝑝,𝑗 − ∑𝑗′−1

𝑛=0 𝑥𝑛
𝑝,𝑗′ ), if ∑𝑛∈𝒩 ∑𝑝∈𝒫3∪𝒫4∪𝒫5

(1 − 𝛾𝑝)𝜏𝑝(𝑥𝑛
𝑝,𝑗 − 𝑥𝑛

𝑝,𝑗′ ) ≥ 0

0, otherwise
(3.23)

𝑜∗
𝑗,𝑗′ =

⎧{{{
⎨{{{⎩

− ∑𝑝∈𝒫3∪𝒫4∪𝒫5
(1 − 𝛾𝑝)𝜏𝑝(∑𝑗−1

𝑛=0 𝑥𝑛
𝑝,𝑗 − ∑𝑗′−1

𝑛=0 𝑥𝑛
𝑝,𝑗′ ), if ∑𝑛∈𝒩 ∑𝑝∈𝒫3∪𝒫4∪𝒫5

(1 − 𝛾𝑝)𝜏𝑝(𝑥𝑛
𝑝,𝑗 − 𝑥𝑛

𝑝,𝑗′ ) ≤ 0

0, otherwise
(3.24)

As a result, the linear format of workload measure for appointments with acuity levels 3 &

4 & 5 is as follows:

𝑇 −1
∑
𝑗=1

𝑇
∑

𝑗′=𝑗+1
(𝑢∗

𝑗,𝑗′ + 𝑜∗
𝑗,𝑗′ ) (3.25)

Formulation of measuring workload for appointments with acuity level 1 & 2

In case of having appointments with acuity levels 1 & 2, we calculate the absolute value

for deviation of number of reserved appointment slots for each appointment type in this

category individually between any two weeks in the planning horizon because it is needed

to have consistent number of weekly reserved appointment slots for each appointment type

with acuity levels 1 & 2.

∑
𝑛∈𝒩

𝑇 −1
∑
𝑗=1

𝑇
∑

𝑗′=𝑗+1
∑

𝑝∈𝒫1∪𝒫2

∣ (1 − 𝛾𝑝)𝜏𝑝(𝑥𝑛
𝑝,𝑗 − 𝑥𝑛

𝑝,𝑗′ ) ∣ (3.26)
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As it is seen, Equation (3.26) is non-linear. Therefore, we introduce two new variables

to make it linaer. One variable is 𝑣𝑝
𝑗,𝑗′ for the cases that deviation of all the reserved

appointment slots for appointment type 𝑝 between weeks 𝑗 and 𝑗′ is positive. The other

variable is 𝑙𝑝𝑗,𝑗′ for the cases that the deviation of all the reserved appointment slots for

appointment type 𝑝 between weeks 𝑗 and 𝑗′ is negative.

𝑣𝑝
𝑗,𝑗′ =

⎧{
⎨{⎩

(1 − 𝛾𝑝)𝜏𝑝(∑𝑗−1
𝑛=0 𝑥𝑛

𝑝,𝑗 − ∑𝑗′−1
𝑛=0 𝑥𝑛

𝑝,𝑗′ ), if ∑𝑛∈𝒩(1 − 𝛾𝑝)𝜏𝑝(𝑥𝑛
𝑝,𝑗 − 𝑥𝑛

𝑝,𝑗′ ) ≥ 0

0, otherwise
(3.27)

𝑙𝑝∗
𝑗,𝑗′ =

⎧{
⎨{⎩

−(1 − 𝛾𝑝)𝜏𝑝(∑𝑗−1
𝑛=0 𝑥𝑛

𝑝,𝑗 − ∑𝑗′−1
𝑛=0 𝑥𝑛

𝑝,𝑗′ ), if ∑𝑛∈𝒩(1 − 𝛾𝑝)𝜏𝑝(𝑥𝑛
𝑝,𝑗 − 𝑥𝑛

𝑝,𝑗′ ) ≤ 0

0, otherwise
(3.28)

As a result, the linear format of workload measure for appointments with acuity levels 1 &

2 is as follows:

𝑇 −1
∑
𝑗=1

𝑇
∑

𝑗′=𝑗+1
∑

𝑝∈𝒫1∪𝒫2

(𝑣𝑝
𝑗,𝑗′ + 𝑙𝑝𝑗,𝑗′ ) (3.29)

In addition access time should be equitable to match the acuity of the requested appoint-

ment. To ensure equitable allocation of physician time to demand for appointment types, we

incorporate the obtained access targets from our prior study Aslani et al. (2019) (Chapter

2) as constraints for access time. Due to the presence of multiple access targets for some

appointment types, we define an access rule through considering multiple access constraints

for each appointment type which could control the distribution of access within the relative

access targets for each appointment type. To this end, we introduce 𝛼𝑝,𝑘 as a desired level

of demand for appointment type 𝑝 with acuity level 𝜅. Therefore, we included access time

into the capacity reservation model through incorporating access time into the decision vari-

able (𝑥𝑛
𝑝,𝑗) and service level (𝛼𝑝,𝑘). Therefore, the developed model to address the trade-off

53



between the physician workload balance and patient equitable access time is as follows:

𝑀𝑖𝑛 (
𝑆−1
∑
𝑗=1

𝑆
∑

𝑗′=𝑗+1
∑

𝑝∈𝒫1∪𝒫2

(𝑣𝑝
𝑗,𝑗′ + 𝑙𝑝𝑗,𝑗′ ) + (

𝑇 −1
∑
𝑗=1

𝑇
∑

𝑗′=𝑗+1
𝑢∗

𝑗,𝑗′ + 𝑜∗
𝑗,𝑗′ ) (3.30)

𝑣𝑝
𝑗,𝑗′ − (1 − 𝛾𝑝)𝜏𝑝(

𝑗−1
∑
𝑛=0

𝑥𝑛
𝑝,𝑗 −

𝑗′−1
∑
𝑛=0

𝑥𝑛
𝑝,𝑗′ ) ≥ 0 ∀𝑝 ∈ 𝒫1 ∪ 𝒫2 ∀𝑗, 𝑗′ ∈ ℋ (3.31)

𝑙𝑝𝑗,𝑗′ + (1 − 𝛾𝑝)𝜏𝑝(
𝑗−1
∑
𝑛=0

𝑥𝑛
𝑝,𝑗 −

𝑗′−1
∑
𝑛=0

𝑥𝑛
𝑝,𝑗′ ) ≥ 0 ∀𝑝 ∈ 𝒫1 ∪ 𝒫2 ∀𝑗, 𝑗′ ∈ ℋ (3.32)

𝑢∗
𝑗,𝑗′ − ∑

𝑝∈𝒫3∪𝒫4∪𝒫5

(1 − 𝛾𝑝)𝜏𝑝(
𝑗−1
∑
𝑛=0

𝑥𝑛
𝑝,𝑗 −

𝑗′−1
∑
𝑛=0

𝑥𝑛
𝑝,𝑗′ ) ≥ 0 ∀𝑗, 𝑗′ ∈ ℋ (3.33)

𝑜∗
𝑗,𝑗′ + ∑

𝑝∈𝒫3∪𝒫4∪𝒫5

(1 − 𝛾𝑝)𝜏𝑝(
𝑗−1
∑
𝑛=0

𝑥𝑛
𝑝,𝑗 −

𝑗′−1
∑
𝑛=0

𝑥𝑛
𝑝,𝑗′ ) ≥ 0 ∀𝑗, 𝑗′ ∈ ℋ (3.34)

∑
𝑗∈𝒮

𝑎
∑
𝑛=0

𝑥𝑛
𝑝,𝑗 ≥ 𝛼𝑝,𝑘 ∑

𝑡∈𝒮
𝐷𝑝,𝑡 ∀𝑝 ∈ 𝒫1 ∪ 𝒫2 ∀𝑘 ∈ 𝒦 ∀𝑎 ∈ 𝒩 (3.35)

∑
𝑗∈ℋ

𝑎
∑
𝑛=0

𝑥𝑛
𝑝,𝑗 ≥ 𝛼𝑝,𝑘 ∑

𝑡∈𝒮
𝐷𝑝,𝑡 ∀𝑝 ∈ 𝒫3 ∪ 𝒫4 ∪ 𝒫5 ∀𝑘 ∈ 𝒦 ∀𝑎 ∈ 𝒩 (3.36)

𝑆
∑
𝑗=𝑡

𝑥𝑗−𝑡
𝑝,𝑗 + 𝑤𝑝,𝑡 = 𝐷𝑝,𝑡 ∀𝑝 ∈ 𝒫1 ∪ 𝒫2 ∀𝑡 ∈ 𝒮 (3.37)

𝑇
∑
𝑗=𝑡

𝑥𝑗−𝑡
𝑝,𝑗 + 𝑤𝑝,𝑡 = 𝐷𝑝,𝑡 ∀𝑝 ∈ 𝒫3 ∪ 𝒫4 ∪ 𝒫5 ∀𝑡 ∈ 𝒮 (3.38)

∑
𝑛∈𝒩

∑
𝑝∈𝒫

𝜏𝑝𝑥𝑛
𝑝,𝑗 ≤ 𝜙𝑗 ∀𝑗 ∈ ℋ (3.39)

𝑥𝑛
𝑝,𝑗, 𝑤𝑝,𝑗, 𝑣𝑝

𝑗,𝑗′ , 𝑙𝑝𝑗,𝑗′ ∈ ℤ ∀𝑝 ∈ 𝒫 𝑗, 𝑗′ ∈ ℋ ∀𝑛 ∈ 𝒩 (3.40)

𝑢∗
𝑗,𝑗′ , 𝑜∗

𝑗,𝑗′ ≥ 0 ∀ 𝑗, 𝑗′ ∈ ℋ ∀𝑛 ∈ 𝒩 (3.41)

Objective function (3.30) minimizes the deviation of total reserved appointment slots be-

tween weeks to minimize unbalanced workload for a specific physician. The deviation is
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measured differently for acuity levels of 1 & 2 compared to the other acuity levels. The

deviation is calculated individually for all appointment types with acuity levels of 1 and 2.

However, for the appointment types with acuity levels of 3, 4 & 5, the deviation includes

all the appointment types. Constraint (3.31) calculated positive deviation of total reserved

appointment slots with any access time between any two weeks for a specific appointment

type in class of acuity level 1 & 2. Constraint (3.32) calculated negative deviation of total

reserved appointment slots with any access time between any two weeks for a specific ap-

pointment type in class of acuity level 1 & 2. Constraint (3.33) calculated positive deviation

of total reserved appointment slots with any access time for all the appointment types in

class of acuity level 3 & 4 & 5 between any two weeks. Constraint (3.34) calculated negative

deviation of total reserved appointment slots with any access time for all the appointment

types in class of acuity level 3 & 4 & 5 between any two weeks. Constraints (3.35) and (3.36)

ensure that the desired service level, 𝛼𝑝,𝜅, of serving patients with different acuity within

their access target is achieved. Constraints (3.37) and (3.38) ensure appointments are sched-

uled after demand arrival and unmet demand for appointment types with different acuity

levels in each week are tracked. Constraint (3.39) ensures physician availability in each week

matches total reserved appointment slots (𝜏𝑝𝑥𝑛
𝑝,𝑗) for all appointment types. Constraints

(3.40) and (3.41) describe the domains for the decision variables.

The results of the proposed model in Equations (3.30)-(3.41) provides the reserved ca-

pacity for each appointment type per week for a specific physician while both physician

and patient preferences are met. Thus, the output of the model in Equations (3.30)-(3.41)

supports the decision makers to make complex trade-offs between meeting care accessibil-

ity targets for patients and balancing physicians’ work load between weeks. In this model,

equitable access is addressed through planning appointment within the determined access

target relative to the acuity of appointment. Therefore, the model in Equations (3.30)-(3.41)

ensures patient access time does not exceed their acuity level. However, there can exist mul-

tiple equivalent solutions that meet all access targets and therefore Model 2 does not achieve
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full prioritization of appointments based on urgency. For example, if there exists an avail-

able same-week time slot, the model might assign this slot to an acuity 4 appointment even

though there may be acuity 2 and 3 demand, as long as the access targets are met.

3.6.3 Model 3: Optimal Capacity Reservation Plan to Provide Balanced Work-

load & Equitable Access Distribution

To have equitable distribution of access time, we minimize the weighted maximum number of

total reserved appointment slots with same week, next week and two week access for acuity

5. Therefore, we introduce three new decision variables of 𝑧0
𝑝, 𝑧1

𝑝 and 𝑧2
𝑝 which are defined

as the maximum number of total reserved appointment slots to serve appointments with

acuity 5 with same week, next week and two weeks access time. The new model is multi-

objective. We define 𝜔1 as the weight for minimizing unbalanced workload and 𝜔2, 𝜔3 and

𝜔4 as the weights for minimizing inequitable distribution of access time. In particular, 𝜔2 is

the weight relative to minimizing same-week access allocation to appointments with acuity

level 5; 𝜔3 is the weight relative to minimizing next week access allocation to appointments

with acuity level 5; and 𝜔4 is the weight relative to minimizing two week access allocation

to appointments with acuity level 5. The updated model is as follows:

𝑀𝑖𝑛 𝜔1(
𝑆−1
∑
𝑗=1

𝑆
∑

𝑗′=𝑗+1
∑

𝑝∈𝒫1∪𝒫2

(𝑣𝑝
𝑗,𝑗′ + 𝑙𝑝𝑗,𝑗′ +

𝑇 −1
∑
𝑗=1

𝑇
∑

𝑗′=𝑗+1
𝑢∗

𝑗,𝑗′ + 𝑜∗
𝑗,𝑗′ )+

𝜔2 ∑
𝑝∈𝒫5

𝑧0
𝑝 + 𝜔3 ∑

𝑝∈𝒫5

𝑧1
𝑝 + 𝜔4 ∑

𝑝∈𝒫5

𝑧2
𝑝

(3.42)

s.t. (3.31) − (3.34) (3.43)

∑
𝑗∈𝒮

𝑥0
𝑝,𝑗 ≤ 𝑧0

𝑝 ∀𝑝 ∈ 𝒫5 (3.44)

∑
𝑗∈𝒮

𝑥1
𝑝,𝑗 ≤ 𝑧1

𝑝 ∀𝑝 ∈ 𝒫5 (3.45)
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∑
𝑗∈𝒮

𝑥2
𝑝,𝑗 ≤ 𝑧2

𝑝 ∀𝑝 ∈ 𝒫5 (3.46)

s.t. (3.35) − (3.39) (3.47)

𝑥𝑛
𝑝,𝑗, 𝑤𝑝,𝑗, 𝑣𝑝

𝑗,𝑗′ , 𝑙𝑝𝑗,𝑗′ ∈ ℤ ∀𝑝 ∈ 𝒫 𝑗, 𝑗′ ∈ ℋ ∀𝑛 ∈ 𝒩 (3.48)

𝑢∗
𝑗,𝑗′ , 𝑜∗

𝑗,𝑗′ ≥ 0 ∀ 𝑗, 𝑗′ ∈ ℋ ∀𝑛 ∈ 𝒩 (3.49)

Objective function (3.42) include two parts. One part aims to minimize unbalanced physician

workload which is similar to the objective function of the proposed model in section 3.6.2

and the other part focus on minimizing inequitable distribution of access time. Constraints

(3.31)-(3.34) which are obtained from the proposed model in section 3.6.2 calculate positive

and negative deviations of total reserved appointment slots with any access time between any

two weeks in the planning horizon for appointment with different acuity levels. Constraint

(3.44) finds the total number of reserved appointment slots with same week access time

for appointment with acuity level 5. Constraint (3.45) determines the total number of

reserved appointment slots with next week access time for appointment with acuity level

5. Constraint (3.46) shows the total number of reserved appointment slots with two weeks

access time for appointment with acuity level 5. Constraints (3.31)-(3.34) are also obtained

from the proposed model in section 3.6.2. Constraints (3.35) and (3.36) ensure that the

desired service level, 𝛼𝑝,𝜅, of serving patients with different acuity within their access target

is achieved. Constraint (3.37) and (3.38) ensure appointments are scheduled after demand

arrival and unmet demand for any appointment type in each week is tracked. Constraint

(3.39) ensures physician availability in each week matches total reserved appointment slots

(𝜏𝑝𝑥𝑛
𝑝,𝑗) for all appointment types. Constraints (3.48) and (3.49) describe the domains for

the decision variables.
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3.7 Experimental Results

We evaluate the above models in the context of the Health for All family health team (further

referred to as HFA) located in Markham, Ontario, Canada. HFA is a teaching unit affiliated

with the University of Toronto’s Department of Family and Community Medicine. The team

of family physicians at HFA includes 12 faculty and 24 residents. Planning and scheduling

decisions at HFA are made by five administrators who must make complex trade-offs between

meeting care accessibility targets for both urgent and non-urgent patients and balancing

physicians’ workload between weeks in the absence of planning/scheduling software. The

task of planning is even more challenging in the presence of multiple non-urgent appointment

types and access time targets for each appointment.

3.7.1 Data

Administrative data was retrieved from the comprehensive data set from HFA for the period

from September 2017 until September 2018. The data set contains 60,682 records listing the

provider name, booking date, appointment date, appointment type, primary MD, whether

the patient was a no-show, appointment detail, scheduled time, duration, arrival time and

departure time. In order to prepare the data for analysis, we remove extra records and

outliers. The records that we remove from consideration are those with negative access

time (i.e., when the time of appointment in the data set was before the time of booking);

with no booking or appointment date; with doctor unavailability; home visits; evening and

Saturday clinic appointments; and records that were labeled as “deleted”, which generally

corresponded to an appointment that was rescheduled for later.

In this study, we assume arrival horizon is 𝒮 = {1, … , 10} and the planning horizon

is ℋ = {1, … , 12}. All the given weeks in the planning horizon have fixed physician time

availability of {30, 30, 60, 60, 60, 60, 60, 60, 60, 60, 30, 30}, for each of the weeks respectively.

We intentionally consider lower capacity in the first and last two weeks of the planning

horizon to reflect a more realistic, dynamic setting which would include multiple planning
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horizons. Through considering lower physician availability in the first two weeks, we assume

that we do not have an empty system and some proportion of appointment slots in the

first two weeks are already reserved for the requests from the previous planning horizon. In

addition, by considering lower physician availability in the last two weeks, we reserve some

appointment slots for the requests with acuity levels 1 and 2 in the next arrival horizon.

The number of appointment slots that should be reserved for the next planning horizon is

calculated based on the values in Tables 3.4 and 3.7. As presented in Table 3.2 appointment

types with acuity levels 1 and 2 are Blank, Follow-up and Injection. Table 3.4 shows that

68% of requests for Blank have acuity level 1 and 2, 52% of requests for Follow-up have

acuity level 2 and 71% of requests for Injection have acuity level 2. Moreover, as presented

in Table 3.7 (which shows the forecasted demand over the arrival horizon for a particular

family physician at HFA) the maximum demand for Blank is 31, for Follow-up is 14 and for

Injection is 3. Therefore, we calculate the value of reserved time slots for the next planning

horizon as (0.68×31)+(0.52×14)+(0.71×3) = 30.48. Based on this approximation, in this

study we reserve 30 time slots for the arriving requests in the subsequent planning horizon;

however, sensitivity analysis based on changing this value should be conducted in future

work. The acuity level of appointments is obtained from the study presented by Aslani et al.

(2019) (Chapter 2). Table 3.2 shows the acuity levels for all 11 appointment types at HFA.

Table 3.3 describes the corresponding access targets for the defined acuity levels at HFA.

Appointment type Acuity
level

Appointment type Acuity
level

Periodic Health Exam 5 Injection 2-5
Child Physical 5 New patient 5
Diabetic Management 5 Pre-Op Assessment 3,4
Mental Health 3-5 Pre-Natal 3,4
Blank 1-5 Well Baby 5
Follow-up 2-5

Table 3.2: Acuity levels per appointment type at HFA.
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Acuity level Description Should be
seen within

1 Same day urgent same week
2 Same week urgent 1 week
3 Two weeks non-urgent 2 weeks
4 Four weeks non-urgent 4 weeks
5 Routine 12 weeks

Table 3.3: Proposed acuity levels and corresponding access time targets.

Due to the fact that some appointment types have multiple acuity levels, we define 𝛼𝑝,𝑘

as the proportion of demand for appointment type 𝑝 with acuity level 𝜅. Therefore, for an

appointment type with multiple acuity levels, 𝛼𝑝,𝑘 defines proportion of demand that should

be meet within the access target of acuity level 𝜅. Table 3.4 presents the values we assume

for 𝛼𝑝,𝑘, based on approximation of percentages falling into the respective categories in the

data; more accurate calculation of 𝛼𝑝,𝑘 would require knowing the true conditions of the

patients in the dataset.

Acuity level
1 2 3 4 5

Periodic Health Exam - - - - 93%
Child Physical - - - - 93%
Diabetic Management - - - - 93%
Follow-up - 52% 67% 84% 99%
Mental Health - - 48% 85% 99%
Injection - 71% 79% 90% 99%
New Patient - - - - 93%
Pre-Op Assessment - - 76% 99% -
Pre-Natal - - 52% 99% -
Well Baby - - - - 93%
Blank 46% 68% 79% 95% 99%

Table 3.4: Desired level of demand per appointment type per acuity level

Some of the current appointment types include patients of multiple acuity levels – again,

due to lack of data on the actual patient conditions, we have to make an assumption. In
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particular, we classify the appointments into acuity levels as shown in Table 3.5, with some

appointment types corresponding to two acuity levels.

Acuity level Appointment type
1, 2 Blank, Follow-up, Injection
3, 4 Mental Health, Pre-Op Assessment, Pre-Natal
5 Well baby, New Patient, Diabetic Management, Periodic

Health Exam, Child Physical

Table 3.5: Approximation of acuity levels for appointment types

3.7.2 Forecasting Demand for Appointment Types

As stated in Section 3.5, we use ARIMA modelling for forecasting the demand for various

appointment types. Here we first provide an example for how we apply the forecasting

approach to the Blank appointment type. Implementation and analysis of forecasting models

was done using R Studio Version 1.1.456 (RStudio Team, 2016) with the dplyr (Wickham

et al., 2019), the ggplot2 (Wickham, 2016), the tseries (Trapletti and Hornik, 2018), the

univOutl (D’Orazio, 2018), and the robustbase (Maechler et al., 2018) packages.

Demonstration of the Forecasting Approach for Blank Appointment Type We

took the following three steps to pre-process demand data for the Blank appointment type:

1) counting demand value for each booking date, 2) aggregating daily demand value into

weekly, and 3) testing time series stationarity. Through applying the ADF test, we found

out the time series is non-stationary and we therefore applied differencing. In Figure 3.2,

the first figure from left presents the original time series of Blank demand which is non-

stationary and has a non-constant variance. Therefore, we took the logarithm of the data

in order to stabilize the variance. Thereafter, due to the presence of seasonality we took

first-order seasonal difference of data with lag 8. We then applied the ADF test again, which

this time showed that the time series is stationary. In Figure 3.2, the first figure from right

presents stationary time series for Blank demand. Figure 3.3 presents the examination of the
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diagnostics of ARIMA (1,0,0)(0,1,2)[7] which shows all the residual assumptions (normality

and independence) are satisfied. The residuals are uncorrelated because the Box-Ljung plot

shows all p-values are significantly above the 0.05 level, indicating that the residuals are

white noise. However, the normality assumption is not completely satisfied because the

QQ-plot displays the residuals that do not fully follow the QQ-line. Therefore, we propose

another ARIMA model which can verify normality assumption.
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The new suggested model is ARIMA (1,1,1)(0,1,2)[7]. Figure 3.4 presents the examina-

tion of the diagnostics of this model which shows all the residual assumptions (normality

and independence) are satisfied. The residuals are uncorrelated because the Box-Ljung plot

shows all p-values are significantly above the 0.05 level, indicating that the residuals are

white noise. In addition, the normality assumption is also satisfied because the QQ-plot

displays the residuals follow the QQ-line.
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Goodness of Fit and Forecast Accuracy For Blank Appointment Type Table 3.6

presents the comparisons between the proposed ARIMA model for Blank appointment type

based on goodness of fit in terms of AIC and based on accuracy in terms of MAE.

Blank ARIMA model AIC MAE
ARIMA (3,1,0)(0,1,1)[7] -20 0.054
ARIMA (3,1,1)(0,1,1)[7] -19.36 0.051
ARIMA (2,1,1)(0,1,1)[7] -20.29 0.053
ARIMA(1,1,1)(2,1,0)[7] -21.29 0.042
ARIMA (1,1,1)(2,1,1)[7] -19.77 0.041
ARIMA (1,1,1)(0,1,2)[7] -23.35 0.032

Table 3.6: Goodness of fit and forecast accuracy for Blank

The model with the lowest AIC and MAE is selected. Therefore ARIMA (1,1,1)(0,1,2)[7]

is selected to forecast weekly demand for Blank appointment type. Figure 3.5 presents

forecasts for all the 11 appointment types.
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Forecasts from ARIMA(1,1,1)(0,1,2)[7]
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Figure 3.5: Forecast for different appointment types
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Based on the forecast, the demand for the next 10 weeks, specifically September 2, 2018

to November 24, 2018 for each appointment type is presented in Table 3.7 as follows:

Weeks
1𝑠𝑡 2𝑛𝑑 3𝑟𝑑 4𝑡ℎ 5𝑡ℎ 6𝑡ℎ 7𝑡ℎ 8𝑡ℎ 9𝑡ℎ 10𝑡ℎ

Periodic Health Exam 2 4 4 5 3 5 2 3 3 2
Child Physical 1 4 1 3 3 1 1 1 4 1
Diabetic Management 5 6 6 3 3 2 3 5 5 3
Follow-up 10 10 11 14 12 10 5 7 8 7
Mental Health 2 2 3 2 3 3 2 2 3 2
Injection 2 3 1 2 2 2 2 3 2 2
New Patient 0 5 2 4 2 3 1 2 1 4
Pre-Op Assessment 2 1 1 1 2 2 2 1 1 2
Pre-Natal 2 3 2 2 3 2 2 2 2 3
Well Baby 4 3 2 3 2 3 5 3 4 3
Blank 26 29 23 13 30 25 22 26 31 25

Table 3.7: Forecast of demand for appointment types at HFA

3.7.3 Comparison of Capacity Reservation Plans

In this section, we compare the obtained results for capacity reservation plans from the

three proposed models based on workload distribution, access time distribution and unmet

demand. We refer to the obtained results from models 1,2 and 3 as capacity reservation plan

1, capacity reservation plan 2 and capacity reservation plan 3 respectively.

3.7.3.1 Workload Distribution

Figure 3.6 presents the workload distribution based on the model proposed in Section 3.6.1

in which access time is not considered.
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Figure 3.6: Workload Distribution Over the Planning Horizon for Capacity
Reservation Plan 1.

As observed in Figure 3.6, appointment slots are reserved for New Patient in the 1𝑠𝑡

week of planning horizon. However, as it is seen in Table 3.7, there is not any request for

New Patient in the 1𝑠𝑡 week of planning horizon. There exist the same trend for other

appointment types such as Mental Health and Well Baby. It means there is a possibility

that capacity reservation plan 1 becomes infeasible due to the mismatch in allocation of

physician time to the demand forecast. Figure 3.6 shows appointment slots for New Patient

which has acuity 5 are reserved in the 1𝑠𝑡 week. However, the first two weeks of planning

horizon should be mainly dedicated to more urgent appointment types (mainly to acuity

level 1 & 2). The reason is that the decision variable 𝑥𝑝,𝑗 cannot link the day that patient

request arrive and scheduling date. Therefore, Model 1 does not prioritize patients in terms

of access time.

Figure 3.7 presents workload distribution based on the proposed model in section 3.6.2

in which access time is considered.
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Figure 3.7: Workload Distribution Over the Planning Horizon for Capacity
Reservation Plan 2.

As observed in Figure 3.7, appointments are distributed in such a way that demand are

met within the relative access target to the acuity level of appointment. Figure 3.7 presents

appointment slots in the first two weeks of planning horizon is also allocated to appointment

with acuity level 5. Therefore the model only consider the demand met within the relative

access target to the demand acuity. However the proposed model in section 3.6.2 does not

prioritize more urgent demand to be served earlier.

Workload distribution based on the proposed model in section 3.6.3 is presented in Figure

3.8. Figure 3.8 shows appointments are reserved in a way that demand are met within

the relative access target to the acuity level of appointment and more urgent demand are

prioritized to be served earlier.
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Figure 3.8: Workload Distribution Over the Planning Horizon for Capacity
Reservation Plan 3.

As it is observed in Figure 3.8, appointment slots are reserved after realization of de-

mand. In addition, the reserved appointment slots in the first two weeks is not assigned to

appointment type with acuity level 5 which proves the model prioritize demand based on

the relative acuity level. The main proportion of reserved appointment slots in the first two

weeks is assigned to Blank, Follow-up and Injection (more urgent requests). In addition,

distribution of workload between Blank, Follow-up and Injection appointment slots are in a

balanced way between week 1-10 of planning horizon.

Table 3.8 presents compares the resulted values for the workload balance and optimality

gap between the three proposed capacity reservation plans. Plan 1 provides a lower bound

for capacity reservation plan 2 since it is relaxed version of plan 2.

Capacity reservation plan
1 2 3

Workload balance 634.22 645.02 662.1
Optimality gap 0.01% 0.72% 0.01%
Run time 1 hr 1 hr 7 min
Solution status code 11 11 102

Table 3.8: Comparison of the three proposed capacity reservation plans

CPLEX concludes feasibility and optimality of solution in terms of “solution status code”.

The “solution status code” for capacity reservation plan 1 & 2 is equal to 11 which means
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“Aborted due to a time limit”. The “solution status code” for capacity reservation plan 3

is equal to 102 which means “Optimal solution within epgap or epagap tolerance found”

(ILOG, 2002).

3.7.3.2 Access Time Distribution

In this section, we compared the obtained access time distribution from the proposed models

in sections 3.6.2 and 3.6.3 based on acuity level of appointments obtained from Aslani et al.

(2019).

Figure 3.9 provides the comparison for access time distribution of appointments with

acuity level 5. As it is observed, the resulted access time distributions for model 3 is more

shifted toward right. It can be interpreted, model 3 does not prioritize appointment types

with acuity 5 to get appointment slots with same/next week access time.
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Figure 3.9: Access time distribution for appointments with mainly acuity
level 5

Figure 3.10 provides the comparison for access time distribution of appointments with

acuity levels 3 & 4. As it is observed, the resulted access time distributions for model 3 is

more shifted toward left. In other word, the proportion of appointments with same-week

access are increased in model 3. It can be interpreted as model 3 prioritize appointments
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with acuity levels 3 & 4 to get same week appointment slots.
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Figure 3.10: Access time distribution for appointments with mainly acuity
level 3 & 4

Figure 3.11 provides the comparison for access time distribution of appointments that

mainly include acuity levels 1,2 & 3. As it is observed, the resulted access time distributions

for model 3 is more shifted toward left. In other word, the proportion of appointments with

same/next week access are increased in model 3. It can be interpreted as model 3 prioritize

appointments with acuity levels 1,2 & 3 to get same/next week appointment slots.
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Figure 3.11: Access policy for appointments with mainly acuity level 1 & 2

One of the main messages through comparing access time distribution between capacity

reservation plans 2 and 3 is the shift in same/next week allocation to different acuity levels.

Therefore we present a comprehensive comparison in terms of same week allocation in Tables

3.9.

Table 3.9 compares same week allocation for different acuity levels between capacity

reservation plans 2 & 3. For example to calculate percentage of same week allocation for

appointments that are approximated to have acuity level 1 and/or 2, we consider the relevant

appointment types from Table 3.5.
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Appointments with mainly acuity level
# same week allocation 1,2 3,4 5
Model 2 73%(265/363) 45%(28/62) 49%(72/142)
Model 3 78%(282/363) 82%(51/62) 0

Table 3.9: Evaluating same week allocation based on capacity reservation
plans 2 & 3

Same week allocation for appointment with: acuity level 5 decreases to zero, acuity level

3,4 increase by 45%, and acuity level 1,2 increase by 9%. The results show mainly prioritize

more urgent request to get same week allocation. Same week allocation for appointment

with acuity levels 3,4 is higher than acuity levels 1,2 since workload should be balanced in

arrival horizon for acuity level 1 & 2.

Another message through comparing access time distribution is the gap between access

target and realized access time for appointments with different acuity levels. To calculate

this gap, we use 𝛼𝑝,𝑘, which is defined as the proportion of demand for appointment type

𝑝 with all the feasible acuity level 𝜅. Therefore we analyzed the gap between 𝛼𝑝,𝑘 and the

realized number of reserved appointments with access time relative to acuity level 𝜅. Table

3.10 presents the realized access time for each appointment types in capacity reservation

plan 2.
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Acuity level
1 2 3 4 5

Periodic Health Exam - - - - 94%
Child Physical - 95% - - -
Diabetic Management - - - 95% -
Follow-up - 76% 81% 90% 100%
Mental Health - 100% - - -
Injection - 81% 90% 90% 100%
New Patient - - - 96% -
Pre-Op Assessment - - 93% 100% -
Pre-Natal - - 61% 100% -
Well Baby - - - 94% -
Blank 80% 88% 90% 99% -

Table 3.10: Realized access time in capacity reservation plan 2

Table 3.11 presents the realized access time for each appointment types in capacity reser-

vation plan 3.

Acuity level
1 2 3 4 5

Periodic Health Exam - - - - 94%
Child Physical - - - 95% -
Diabetic Management - - 95% -
Follow-up - 83% 83% 100% -
Mental Health - 100% - - -
Injection - 95% 100% - -
New Patient - - - - 96%
Pre-Op Assessment - 100% - - -
Pre-Natal - - 91% 100% -
Well Baby - - - 94% -
Blank 82% 89% 97% 98% 99%

Table 3.11: Realized access time in capacity reservation plan 3

3.7.3.3 Unmet Demand

We also compare the three proposed capacity reservation planes based on the magnitude

and distribution of unmet demand. The magnitude of unmet demand for proposed plans is

presented in Table 3.12.
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Appointment
types

Total unmet demand

Capacity reservation
plan 1

Capacity reservation
plan 2

Capacity reservation
plan 3

Periodic health exam 2 2 2
Child Physical 1 1 1
Diabetic Management 2 2 2
Follow-up 0 0 0
Mental Health 0 0 0
Injection 0 0 0
New Patient 1 1 1
Pre-Op Assessment 0 0 0
Pre-Natal 0 0 0
Well Baby 2 2 2
Blank 2 2 2

Table 3.12: Total unmet demand for capacity reservation plans 1,2,3

As we see, the magnitude of unmet demand is the same between all the three planes.

The distribution of unmet demand in the three proposed planes is presented in Figure 3.12 -

3.14. The highest peak for unmet demand between week is 6 in capacity reservation plan 1,

4 in capacity reservation plan 2 and 3 in capacity reservation plan 3. In other word, unmet

demand in model 3 is more distributed which is the result of having most balanced workload

distribution between the three proposed plans.
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3.8 Conclusion

In this study, we develop an optimal capacity reservation plan in the presence of multiple

non-urgent appointment types and multiple access time targets that takes into account the

needs of both patients and primary care providers. The novelty of this study is developing

an efficient linear optimization approach that tackles the main concern in the Canadian

primary care clinics which are: shortage of family physicians, insufficient appointment slots

for urgent request and lack of equitable criteria. The developed TCP model has multi-

objective which balance physician workload for a specific physician between weeks based on

acuity level of appointment, provide equitable access and prioritize appointment slots with

same/next week access. The optimization model distribute the reserved appointment slots

in a manner to balance physician workload between weeks and achieve equitable access .

Therefore appointment slots for patients with lower acuity level are reserved on weeks with

lower patient demand for higher acuity level. To be able to reserve appointment slots in

advance, we develop an individual forecast model for each appointment type to predict the

demand. Considering demand forecast provides data driven optimal capacity reservation

plan which is more accurate due to capturing variability. This study improve access to

primary care through equitable allocation of physician time that prioritize patient access

based on acuity level of patient request obtained from Aslani et al. (2019) rather than

considering two general category of urgent and non-urgent requests. The developed model

in this study, incorporate the obtained access targets from Aslani et al. (2019) as an access

time constraint for each appointment type. The developed TCP model can also deal with

dynamic aspect of multiple planning horizon through tracking patients who may need to be

scheduled in the subsequent planning horizon and considering the demand from previous and

next planning horizon to determine phyisicin weekly availability. To make this reservation

plan as a decision making support for schedulers, as a future work, we should also develop

another optimization model to distribute the obtained weekly reserved time slots between

half-days of a week that the family physician is available.
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Chapter 4

A Robust Optimization Model for Tactical Capacity Plan-

ning in an Outpatient Setting

Abstract1 Tactical capacity planning is a key element of planning and control decisions

in healthcare settings, focusing on the allocation of a clinic’s resources to appointments of

different types. One of the most scarce resources in healthcare is physician time. Due to

uncertainty in demand for appointments, it is difficult to provide an exact match between

the scheduled physician availability and appointment requests. Our study, therefore, uses

cardinality-constrained robust optimization to develop tactical capacity plans which are ro-

bust against uncertainty, providing a feasible allocation of capacity for all (or the majority

of) realizations of demand. Our approach takes into account multiple appointment types

and multiple access time targets. We experimentally evaluate our approach and its practical

implications under different levels of conservatism. We show that we can guarantee 100%

feasibility of the robust tactical capacity plan while not being fully conservative, which will

lead to the clinic saving money while being able to meet demand despite uncertainty. We

also show how the robust model helps us to identify the critical time periods (weeks) which

contribute to worst case physician peak load, which could be valuable to decision-makers.

4.1 Introduction

According to the 2018 Canadian Institute of Health Information report (CIHI, 2018), physi-

cian services in Canada are scarce compared to most other participant countries in the
1This chapter is submitted to the Health Care Management Science journal as: Nazanin Aslani, Onur

Kuzgunkaya, Navneet Vidyarthi, Daria Terekhov. A Robust Optimization Model for Tactical Capacity
Planning in an Outpatient Setting, Submitted September 2019.
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Organization for Economic Co-operation and Development (OECD). Therefore, Canadian

patients have longer access time, defined as the interval between the arrival of the appoint-

ment request and the scheduled time of appointment (CIHI, 2018). One of the essential

elements for addressing physician scarcity and long access times is tactical capacity planning

(TCP). TCP involves making tactical-level decisions, i.e., medium-term planning decisions

for a group of patients instead of individual ones (Ahmadi-Javid et al., 2017). TCP deals

with two related questions: resource allocation and capacity design. The aim of resource

allocation is the allocation of known capacity (e.g., total number of available physician

hours) to different patient classes (Hulshof et al., 2013). The focus of capacity design, on

the other hand, is to determine the resource capacity required to meet certain performance

targets (e.g., access time targets) (Nguyen et al., 2015). In practice, the two questions are

inter-dependent, since resource allocation is based on the available capacity while capacity

requirements are influenced by the effectiveness of resource allocation.

In this paper, we focus on the capacity design problem combined with resource allocation

in order to address the concerns of physician scarcity and long access times in outpatient set-

tings, i.e., those in which care delivery happens without overnight hospitalization. We study

an outpatient setting with the following characteristics: two appointment types, correspond-

ing to appointments for new patients and follow-up visits; dependence between appointment

types, since the number of follow-ups depends on the number of new patients; and access time

targets for each appointment type. This setting was first described and studied by Nguyen

et al. (2015) in the context of an outpatient clinic of an urology department. This study can

also be applied for primary care setting in which appointments are classified into the two

categories of new patient (new complaint) and follow-ups. Nguyen et al. (2015) developed a

deterministic model for finding the total required physician time and its allocation to each

patient type to meet access time targets. Our work builds on Nguyen et al.’s in two ways.

First, we modify their model in order to control the total number of appointments sched-

uled in the given planning horizon. Second, more importantly, we address uncertainty in
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demand by developing a robust optimization model which determines the required physician

capacity and distributes it among patient types and is robust against uncertainty, providing

a feasible allocation of capacity for all (or the majority of) realizations of demand. Thus, the

contributions of this paper are focused on extending the previous work in order to make the

resulting models more applicable in practice. Specifically,

• We address two limitations of an outpatient tactical capacity planning approach from

the literature (Nguyen et al., 2015): we extend their model to deal with demand un-

certainty and explicitly consider the number of patients who may need to be scheduled

in the subsequent planning horizon.

• We develop a robust TCP model based on the cardinality -constrained method of

Bertsimas and Sim (2003). We make a general assumption that there is uncertainty in

new patient demand, without knowledge of the exact time period in which uncertainty

occurs.

• We conduct an extensive set of experiments to determine the level of robustness based

on cost and infeasibility probability of a robust solution. We also use our approach to

identify the most critical time periods in the planning horizon.

The paper is organized as follows. Section 4.2 describes recent work in robust optimization

in healthcare planning and scheduling. Section 4.3 describes the problem, presents the

deterministic model of Nguyen et al. (2015) and discusses their limitations. Section 4.4

focuses on the development of two cardinality-constrained robust optimization models to

address demand uncertainty. The first model optimizes the maximum required physician

capacity over the planning horizon, while the second is a multi-objective model which allows

to evaluate the trade-off between capacity and the number of patients left unscheduled in the

current time period. In Section 4.5, we conduct an extensive set of experiments and discuss

the results. In section 4.6, we discuss the three key observations from our study. Section 4.7

concludes the paper.
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4.2 Robust Optimization in Healthcare Planning and Scheduling

One of the major challenges in the development of planning and scheduling models for

healthcare environments is data uncertainty. If data uncertainty is overlooked during the

model development process, and the realization of data is different from the one expected,

the resulting solution may not be feasible. This issue can be addressed by providing a

robust solution which remains feasible when (specific) model parameters deviate from their

nominal values via robust optimization (RO) (Ben-Tal et al., 2009; Soyster, 1973). In this

approach, the distribution of the uncertain parameter is unknown but its value is assumed

to belong to an uncertainty set. The quality of a robust approach is evaluated based on

two criteria: remaining feasible despite changing parameter values and the cost of doing so.

The cost of a robust solution is attributed to potential over-conservatism and is measured

by evaluating a trade-off between the robustness and the optimal objective value. Robust

optimization, in contrast to other approaches to addressing uncertainty such as stochastic and

chance-constrained programming, does not require knowledge of the probability distribution

of uncertain parameters which in fact may not be available in practice (Birge and Louveaux,

2011; Henrion, 2004). Nguyen et al. (2018) extended their previous paper (Nguyen et al.,

2015) to address demand uncertainty through formulating a stochastic linear optimization

model with chance constraints, assuming either full or partial knowledge of the uncertainty

in each period of the planning horizon. In contrast, in our paper, we do not assume any

knowledge of the probability distribution and develop a robust tactical capacity planning

model based on a particular robust optimization method: cardinality-constrained RO.

In cardinality-constrained robust optimization over-conservatism is avoided through defin-

ing a polyhedral uncertainty set in which the level of conservatism is controlled through

defining budget of uncertainty (Jalilvand-Nejad et al., 2016). If the budget of uncertainty

is zero, the decision-maker is not conservative at all. However, if the budget of uncertainty

is equal to the number of constraints in which the uncertain parameter exists, the decision

maker has the highest level of conservatism; the decision-maker can prevent being overly con-
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servative by defining a budget of uncertainty between zero and highest level of conservatism

where the cardinality of the parameters permitted to change is constrained (Bertsimas and

Sim, 2003, 2004). Cardinality-constrained RO has the advantages of providing a computa-

tionally tractable model as well as simplicity that makes it simplicity that is appealing to

decision-makers; it has therefore been successfully applied in many areas, including logis-

tics and production systems (Hazır and Dolgui, 2013), tactical planning in supply chains

(Sanei Bajgiran et al., 2017) and healthcare management problems (Addis et al., 2015).

Cardinality-constrained RO in healthcare has mainly been applied in inpatient settings.

For example, Denton et al. (2010) apply cardinality-constrained RO for allocating surgery

blocks to operating rooms to deal with uncertainty in surgery duration. A surgery block is

defined as one or more consecutive surgeries which are performed by a specific surgeon in the

same operating room during an eight-hour period. Denton et al. (2010) apply cardinality-

constrained RO to deal with the mentioned uncertainty due to the limitation in data avail-

ability for surgery durations as well as the capability of decision makers to provide reasonable

estimates for the lower and upper bounds for surgery durations. The objective of their model

is to allocate surgery blocks to operating rooms to minimize the worst possible over-time

cost for all realizations of surgery block durations within the defined range. Tang and Wang

(2015) develop an RO model for allocating operating room time to different sub-specialty

of surgeries to deal with uncertainty in demand for surgeries, considering both elective and

emergency cases. The developed RO model is based on implementor/adversary algorithm of

Bienstock (2007), which decomposes the original problem into a master problem (implemen-

tor) and a sub-problem (adversary). The sub-problem chooses a value for uncertain demand

which deviates from its nominal value and controls the maximum number of uncertain de-

mands based on the cardinality-constrained RO method. The master problem minimizes the

revenue loss for the shortage of operating rooms as well as a penalty cost for idleness of oper-

ating rooms for the generated demand from the sub-problem. Geranmayeh (2015) develops

a cardinality-constrained RO model to allocate blocks of operating rooms to each surgeon to
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deal with uncertainty in the number of referrals to the inpatient ward. The number of re-

ferrals cannot be estimated via an average because doing so would force the surgeon to have

same number of inpatients per surgery block. However, the decision for referral can be made

only after the surgery is done. Geranmayeh (2015) applies cardinality-constrained RO since

the distribution for the number of referrals is not known, but the range can be estimated.

The objective of the developed RO model is protecting the hospital against congestion in

the inpatient ward due to the highest possible number of referrals to the inpatient unit.

On the contrary, cardinality-constrained RO has been rarely applied in outpatient set-

tings. We found only two such papers in outpatient settings. Pour (2016) develops a

cardinality-constrained RO model to schedule patients from a radiotherapy waiting list to

deal with uncertainty in treatment duration and treatment time. The goal of their model is

maximizing the number of scheduled patients from the waiting list for the worst possible sce-

nario of treatment durations. Mirahmadi Shalamzari (2018) applies cardinality-constrained

RO method to develop an admission planning model for multi-priority independent patients

for magnetic resonance imaging (MRI) exam in the presence of patient arrival uncertainty.

The aim of their model is to minimize weighted patient waiting time for the highest possible

demand for MRI exams. Among the studies described above, Mirahmadi Shalamzari (2018)

is the only one that focuses on uncertainty that arises in the right-hand side parameter of

a constraint. In our study, similar to Mirahmadi Shalamzari (2018), we consider demand

uncertainty that happens in the right-hand side of two constraints. However, in our study,

patient types are dependent and we explicitly consider demand uncertainty only in one ap-

pointment type which implicitly impacts the demand for the other type of appointment.

Furthermore, in the current study we control the level of conservatism for both the total

demand in the planning horizon as well as the demand in a single period.
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4.3 Problem Background

In this section, we describe the problem of interest, the previous work of Nguyen et al. (2015)

and some of the limitations of that work. Throughout most of the paper, we adopt and,

where necessary, extend the notation of Nguyen et al. (2015).

4.3.1 Problem Description

This study focuses on the same outpatient clinic setting as described in Nguyen et al. (2015).

This clinic follows a re-entry appointment system based on which patient appointments are

classified into the two general categories of first-visit (FV) and re-visit (RV) patients. The

outpatient clinic is looking for an appointment system which can guarantee the availability

of physician capacity to match the uncertain patient demand to reduce the difficulty of

accessing care. In this study, care accessibility is evaluated based on access time, which

is the interval between the arrival of the request and the scheduled appointment. It is

assumed that 𝑓𝑖 requests for FV appointments arrive at each period 𝑖 of the arrival horizon,

𝒮 = {1, … , 𝑆}. The requests for both FV and RV appointments should be scheduled in the

planning horizon, 𝒯 = {1, … , 𝑇 }, which is defined as the extension of arrival horizon and

should be long enough to cover the maximum access time allowed for the last arriving FV

and RV requests from the arrival horizon.

Furthermore, the two appointment types, FV and RV, are dependent: FV patients may

need to revisit the outpatient clinic for completing their care, therefore at their next visit

they are considered as RV patients. If FV patients make their appointment requests after

the end of the current arrival horizon, 𝑆, they will be considered as FV patients for the next

arrival horizon. In addition, RV patients who cannot be scheduled in the current planning

horizon will be postponed to the next planning horizon, which is modeled by scheduling them

in period 𝑇 +1. Therefore, we define index set 𝒯 ′ = {1, … , 𝑇 + 1}. In this study, we denote

the total number of postponed RV patients (“scheduled” at 𝑇 + 1) as Ψ and assume that

these become pre-scheduled RV patients for the next planning horizon. Unlike in previous
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work on this problem, we treat Ψ as a parameter that controls the trade-off between the

number of patients seen in the current planning horizon (for which the access targets are

enforced) and the number of patients postponed until the next planning horizon. Figure 1

represents the schematic view for the re-entry appointment system explained above.
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Figure 4.1: Schematic view of re-entry appointment system, adapted from
Figure 3 of the paper by Nguyen et al. (2015).

The focus of the problem is therefore on planning the required physician time for FV and

RV patients that arrive in the arrival horizon so as to meet the access time targets.
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4.3.2 Deterministic Tactical Capacity Model of Nguyen et al. (2015)

Nguyen et al. (2015) presented a mixed-integer programming model for the deterministic ver-

sion of the above problem. The goal of our deterministic tactical capacity planning (DTCP)

model is minimizing the maximum required physician time between weeks subject to ensur-

ing weekly demand for appointments is satisfied and access time targets are met. Maximum

required physician time can also be seen as physicians’ peak load. The mathematical formu-

lation of the DTCP model is presented in equations (4.1)–(4.22). The model is based on a

network flow model with two sets of nodes, one set for arrival periods of FV patient requests

and the other set for the scheduled periods for RV patient requests. There are four general

sets of constraints: conservation of flow between FV nodes, conservation of flow between RV

nodes, access time targets and finally required capacity for each patient type. The notation

for the model is defined as follows.

Decision Variables

𝑧𝑖,𝑗

𝑥𝑖,𝑗

𝑦𝑖,𝑗

𝑑𝑟
𝑗

𝐶𝑓
𝑖 , 𝐶𝑟

𝑖 , 𝐶𝑖

𝑞

Number of FV patients who make a request in the 𝑖𝑡ℎ period and have their

appointment scheduled in the 𝑗𝑡ℎ period.

The number of FV patients who make a request in the 𝑖𝑡ℎ period and have

appointment in the 𝑗𝑡ℎ period, and still remain in the system as RV patients

after their appointment in the 𝑗𝑡ℎ period.

The number of RV patients who have an appointment in the 𝑖𝑡ℎ period and

have their next appointment in the 𝑗𝑡ℎ period, and still remain as RV patients

after the 𝑗𝑡ℎ period.

The number of RV patients who are discharged after their appointment in

period 𝑗.

Capacity in the 𝑖𝑡ℎ period (minutes) for FV, RV, and both patient types,

respectively.

The maximum required capacity per period (minutes).
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Parameters

𝑢𝑚,𝑢𝑝,

𝑢100

[𝑎, 𝑏]
̄𝑎

𝜏𝑓 ,𝜏𝑟

𝛼,𝛽
𝑟𝑓

𝑗 ,𝑟𝑟
𝑗

Appointment lead-time targets (number of time periods) for median, 𝑝𝑡ℎ per-

centile (0 < 𝑝 < 1), and 100𝑡ℎ percentile of FV appointment requests (𝑓𝑖),

respectively.

Range of RV appointment access time target (number of time periods).

Mean RV appointment access time target (number of time periods).

Consultation times for FV and RV patients (minutes). These times are speci-

fied by the doctors.

Discharge rates for FV and RV patients, respectively (0 < 𝛼, 𝛽 < 1).
Number of pre-scheduled FV and RV patients with appointments in period 𝑗
who still remain as RV patients after their appointments.

Sets

𝑍
𝐿𝑚, 𝐿𝑝,

𝐿100

Set of all 𝑧𝑖,𝑗 ∶ 𝑗 − 𝑖 ≥ 0.

Set of all 𝑧𝑖,𝑗 ∈ 𝑍 that have 𝑗 − 𝑖 ≤ 𝑢𝑚 and set of all 𝑧𝑖,𝑗 ∈ 𝑍 that have

𝑗 − 𝑖 ≤ 𝑢𝑝 and set of all 𝑧𝑖,𝑗 ∈ 𝑍 that have 𝑗 − 𝑖 ≤ 𝑢100, respectively.

The original formulation of Nguyen et al. (2015) for the DTCP problem is presented

below.

𝑀𝑖𝑛 𝑞 (4.1)

s.t. 𝑞 ≥ 𝐶𝑗 ∀𝑗 ∈ 𝒯 (4.2)

𝑇
∑
𝑗=𝑖

𝑧𝑖,𝑗 = 𝑓𝑖 ∀𝑖 ∈ 𝒮 (4.3)

𝑇
∑
𝑗=𝑖

𝑧𝑖,𝑗 = 0 ∀𝑖 ∈ 𝒯\𝒮 (4.4)

𝑥𝑖,𝑗 − (1 − 𝛼)𝑧𝑖,𝑗 = 0 ∀𝑖 ∈ 𝒮, ∀𝑗 ∈ 𝒯 (4.5)

(𝑟𝑓
𝑗 + 𝑟𝑟

𝑗 +
𝑗

∑
𝑖=1

𝑥𝑖,𝑗 +
𝑗

∑
𝑖=1

𝑦𝑖,𝑗) − (𝑑𝑟
𝑗 +

𝑇
∑
𝑖=𝑗

𝑦𝑗,𝑖) = 0 ∀𝑗 ∈ 𝒮 (4.6)

86



(𝑟𝑓
𝑗 + 𝑟𝑟

𝑗 +
𝑗

∑
𝑖=1

𝑥𝑖,𝑗 +
𝑗

∑
𝑖=1

𝑦𝑖,𝑗) − (𝑑𝑟
𝑗 +

𝑇 +1
∑
𝑖=𝑗

𝑦𝑗,𝑖) = 0 ∀𝑗 ∈ 𝒯\𝒮 (4.7)

𝑑𝑟
𝑗 − 𝛽(𝑟𝑓

𝑗 + 𝑟𝑟
𝑗 +

𝑗
∑
𝑖=1

𝑦𝑖,𝑗 +
𝑗

∑
𝑖=1

𝑥𝑖,𝑗) = 0 ∀𝑗 ∈ 𝒮 (4.8)

𝑦𝑖,𝑗 = 0 ∀𝑗 − 𝑖 < 𝑎 ∀𝑖 ∈ 𝒯, ∀𝑗 ∈ 𝒯 ′ (4.9)

𝑦𝑖,𝑗 = 0 ∀𝑗 − 𝑖 > 𝑏 ∀𝑖 ∈ 𝒯, ∀, 𝑗 ∈ 𝒯 ′ (4.10)

𝑦𝑖,𝑗 = 0 ∀𝑗 ≥ 𝑇 + 1 ∀𝑖 ∈ 𝒮 (4.11)

𝑇
∑

𝑖=𝑆+1
𝑑𝑟

𝑖 = 0 (4.12)

∑
𝑧𝑖,𝑗∈𝐿𝑚

𝑧𝑖,𝑗 ≥ (1/2 ∑
𝑖∈𝒯

∑
𝑗∈𝒯

𝑧𝑖,𝑗) + 1 (4.13)

∑
𝑧𝑖,𝑗∈𝐿𝑝

𝑧𝑖,𝑗 ≥ 𝑝 ∑
𝑖∈𝒯

∑
𝑗∈𝒯

𝑧𝑖,𝑗 (4.14)

∑
𝑧𝑖,𝑗∈𝐿100

𝑧𝑖,𝑗 = ∑
𝑖∈𝒮

𝑓𝑖 (4.15)

𝑧𝑖,𝑗 = 0 ∀𝑖, 𝑗 ∈ 𝒯 ∶ 𝑗 − 𝑖 ≥ 𝑢100 + 1 (4.16)

𝑧𝑖,𝑗 = 0 ∀𝑖, 𝑗 ∈ 𝒯 ∶ 𝑗 − 𝑖 < 0 (4.17)

𝑇
∑
𝑗=1

𝑗
∑
𝑖=1

(𝑗 − 𝑖)𝑦𝑖,𝑗 − ̄𝑎
𝑇

∑
𝑗=1

𝑗
∑
𝑖=1

𝑦𝑖,𝑗 ≤ 0 (4.18)

𝐶𝑓
𝑗 − (𝜏𝑓𝑟𝑓

𝑗 + 𝜏𝑓
𝑗

∑
𝑖=1

𝑧𝑖,𝑗) = 0 ∀𝑗 ∈ 𝒯 (4.19)

𝐶𝑟
𝑗 − (𝜏𝑟𝑟𝑟

𝑗 + 𝜏𝑟
𝑗

∑
𝑖=1

𝑦𝑖,𝑗) = 0 ∀𝑗 ∈ 𝒯 (4.20)

𝐶𝑗 − (𝐶𝑓
𝑗 + 𝐶𝑟

𝑗 ) = 0 ∀𝑗 ∈ 𝒯 (4.21)

𝑧𝑖,𝑗, 𝑥𝑖,𝑗, 𝑦𝑖,𝑗 ′ , 𝐶𝑓
𝑗 , 𝐶𝑟

𝑗 , 𝑑𝑓
𝑖 , 𝑑𝑟

𝑗 ≥ 0 ∀𝑖 ∈ 𝒯, ∀𝑗 ∈ 𝒯, , ∀𝑗 ′ ∈ 𝒯 ′ (4.22)
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The DTCP model minimizes the maximum required capacity (physician time). Constraint

(4.2) defines a decision variable (𝑞) for the maximum required capacity which should be

greater than the total required physician time for both patient types. The first set of con-

straints which is the conservation flow at FV nodes is modeled in constraints (4.3) and

(4.5). Constraint (4.3) assures FV patient demand over each period of arrival horizon is

fully covered. Constraint (4.5) determines the proportion of scheduled FV patients who

need to revisit the clinic in the future (in other words, the number of FV patients who will

be considered as RV patients for their next visit).

The second set of constraints which is the conservation flow at RV nodes is modeled in

constraints (4.6) and (4.8). Constraint (4.6) presents the balance between inflow into and

outflow from each RV nodes. The inflow into a RV node includes the total number of pre-

scheduled RV and FV patients as well as total number of RV patients with an appointment

at the RV node. The outflow from a RV node include the total number of RV patients

who will be discharged plus the number of RV patients who will revisit again after their

appointment at the RV node. Constraint (4.8) shows the number of scheduled RV patients

whose care will be completed and discharged after their appointment at the RV node.

The third set of constraints which is designed for controlling the access time of FV

and RV patients is specified from constraint (4.9) to constraint (4.18). The targets for RV

patients accessibility are designed based on defining a restricted range as well as mean access

time. Constraints (4.9) and (4.10) assures the access time of the scheduled RV patients’

appointments belongs to the restricted range of [𝑎, 𝑏]. Constraint (4.11) forces RV patients’

appointments to be scheduled before the last date of planning horizon. Constraint (4.12)

prohibits the discharge of RV patients if their appointment is made after the arrival horizon.

This model restricts the access time of FV patients through controlling the distribution of

their access time. The three constraints of (4.13), (4.14) and (4.15) assures FV patients’

appointments accessibility based on defining three targets for median, 𝑝𝑡ℎ percentile and

100𝑡ℎ percentile of FV patient requests. Constraint (4.18) specifies mean access time for
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RV patients’ appointment meets the designed mean access time target. The last set of

constraints regarding the required capacity for each patient type and total required capacity

are presented in the constraints (4.19), (4.20) and (4.21).

4.3.3 Modifications of Nguyen et al.’s Model

In this study, we modify the adjusted model of Nguyen et al. (2015) to control the number

of scheduled RV patients in each planning horizon which prevents congestion of suspended

RV patients at time period 𝑇 + 1, which we denote by Ψ. The reason for this congestion is

the increase in the value of Ψ as the level of uncertainty increases. Therefore, we control Ψ
to serve a strategically agreed number of patients at each planning horizon which is one the

main objectives of TCP (Hulshof et al., 2013). In the original DTCP model, constraint (4.3)

ensures the total number of FV patients that should be served is equal to FV demand. Since

RV patients are a consequence of FV patients, there is currently no constraint regarding the

strategic number of RV patients that should be served. Therefore, when the demand for FV

patients becomes uncertain, we would like to be sure the extra RV patients resulting from

uncertain FV demand are also scheduled in the current planning horizon instead of being

postponed to the period 𝑇 + 1 to be scheduled in the next planning horizon. We therefore

propose to add the constraint (4.23):

∑
𝑖∈𝒯

𝑦𝑖,𝑇 +1 ≤ Ψ. (4.23)

In this case, we need to solve the TCP problem in two stages. In the first stage, we find the

value for Ψ and in the second stage we find the robust solution. In practice there may be

more than one way to determine Ψ, depending on the clinic’s goals and availability of data.

In this paper, we find this value by the solving the DTCP model (4.1)–(4.22) for a particular

demand scenario (the one used by Nguyen et al. (2015)) and then insert the obtained value

for Ψ in the right-hand side of equation 4.23. In practice, this number should be determined
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in consultation with the clinic; an alternative approach is discussed in Section 4.6.

4.4 Robust Tactical Capacity Planning Model

The DTCP model in this study is designed based on the single value of demand for ap-

pointment in each week. However, the clinic may face periods of high congestion due to

uncertainty in weekly demand. Therefore, we cannot ensure care accessibility through con-

sidering a single value for weekly demand for appointments. We need to design a TCP model

in such a way as to accommodate different ranges of demand. Among the operations research

methods, we choose robust optimization (RO) since it will allow us to minimize the required

physician time due to realization of worst case scenario for the uncertain demand which be-

longs to a fixed interval. The interval in which the uncertain parameter varies is defined as

an uncertainty set. Applying RO results in the smallest required physician time that will be

feasible regardless of what realization of demand uncertainty occurs in the uncertainty set.

The RTCP model decides the required physician time for each of the defined appointment

type for the worst case realization of demand to achieve the designated targets for the access

time of each appointment type. The RTCP model in this study will address this goal by

minimizing the maximum required physician time for the worst case realization of demand

between weeks. This is equivalent to minimizing the highest potential physicians’ peak load.

In this section, we develop the robust counterpart of the model presented in the previous

section to develop a robust tactical capacity planning (RTCP) model. The TCP model is

affected by uncertainty in the parameter 𝑓𝑖 which is the number of FV patient requests in

the 𝑖𝑡ℎ period. We use the deterministic demand values from Nguyen et al. (2015) as the

nominal demand values in this study.

4.4.1 Uncertainty Set

We assume that uncertainty in 𝑓𝑖 generally happens in the arrival horizon without the

knowledge of the specific periods of the arrival horizon that are affected. This assumption

90



matches reality since we cannot know in advance in which week the uncertainty will be

manifested. We assume that demand at each period is modeled as a non-negative, bounded

random variable ̃𝑓𝑖, 𝑖 ∈ 𝑆, which is independent of ̃𝑓𝑗, 𝑗 ∈ 𝑆, 𝑗 ≠ 𝑖. To incorporate

the uncertainty we focus on the case when the number of FV patient requests in the arrival

horizon at each period exceeds its nominal value, since our model does not have any penalties

for idleness. Specifically, we assume that each uncertain parameter, ̃𝑓𝑖, takes values in the

box uncertainty set of [0, ̄𝑓𝑖 + ̂𝑓𝑖], where ̄𝑓𝑖 is known as the nominal value and ̂𝑓𝑖 is the

maximum deviation of the uncertain parameter from its nominal value. Recall that the

uncertain parameter ̃𝑓𝑖 appears in the following constraints of the original model:

𝑇
∑
𝑗=𝑖

𝑧𝑖,𝑗 = ̃𝑓𝑖 ∀𝑖 ∈ 𝑆 (4.24)

∑
𝑧𝑖,𝑗∈𝐿100

𝑧𝑖,𝑗 = ∑
𝑖∈𝒮

̃𝑓𝑖 (4.25)

4.4.2 Budget of Uncertainty

We define a budget of uncertainty based on the assumption that uncertainty generally hap-

pens in the arrival horizon without the knowledge of the specific period(s) affected. Specif-

ically, the budget of uncertainty Γ takes values in [0, 𝑠], where 𝑠 (number of periods in the

arrival horizon) is equal to the maximum number of periods which can incorporate uncer-

tainty over the arrival horizon. In other words, the budget of uncertainty (Γ) is the degree of

freedom that the scheduler can consider regarding number of periods in the arrival horizon

𝑠 in which the number of FV patient requests (𝑓𝑖) deviates from its nominal values (Γ = 𝑠
will be the worst case).
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4.4.3 Robust Formulation of Constraint (4.15)

Protection function aims to guarantee feasibility of the constraint with uncertain parameters

through adding the following function:

𝜂(Γ) = max
{𝑃∪{𝑡} | 𝑃⊆𝑆,∣𝑃 ∣=⌊Γ⌋,𝑡∈𝑆\𝑃}

{∑
𝑖∈𝑃

̂𝑓𝑖 + (Γ − ⌊Γ⌋) ̂𝑓𝑡}. (4.26)

Let 𝜅𝑖 be the proportion of deviation of uncertain parameter ̃𝑓𝑖 from the the nominal value
̄𝑓𝑖 towards the maximum weekly demand of ̄𝑓𝑖 + ̂𝑓𝑖, with 0 ≤ 𝜅𝑖 ≤ 1, ∀𝑖 ∈ 𝑆. Before deriving

the robust equivalent, we rewrite constraint (4.15), as follows:

∑
𝑧𝑖,𝑗∈𝐿100

𝑧𝑖,𝑗 = ∑
𝑖∈𝑆

̄𝑓𝑖 + ∑
𝑖∈𝑆

𝜅𝑖 ̂𝑓𝑖 (4.27)

Below, the linear equivalent for the non-linear protection function 𝜂 is provided. The objec-

tive function of the following problem is maximizing the proportion of demand uncertainty

in each period of arrival horizon:

Maximize ∑
𝑖∈𝑆

(𝜅𝑖 ̂𝑓𝑖) (4.28)

s.t. ∑
𝑖∈𝑆

𝜅𝑖 ≤ Γ (4.29)

0 ≤ 𝜅𝑖 ≤ 1 ∀𝑖 ∈ 𝑆. (4.30)

Due to the fact that the presented equivalent model is feasible and bounded, by strong duality

theorem, its dual model is also feasible and bounded. The dual model of the above linear

program is derived by introducing the dual variables 𝜆 (constraint (4.29)) and 𝜇𝑖 (constraint

(4.30)):

Minimize 𝜆Γ + ∑
𝑖∈𝑆

𝜇𝑖 (4.31)
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s.t. 𝜆 + 𝜇𝑖 ≥ ̂𝑓𝑖 ∀𝑖 ∈ 𝑆 (4.32)

𝜆 ≥ 0, 𝜇𝑖 ≥ 0 ∀𝑖 ∈ 𝑆. (4.33)

Therefore, the linear robust formulation of constraint (4.15) is as follows:

∑
𝑧𝑖,𝑗∈𝐿100

𝑧𝑖,𝑗 = (∑
𝑖∈𝑆

̄𝑓𝑖) + 𝜆Γ + ∑
𝑖∈𝑆

𝜇𝑖, (4.34)

𝜆 + 𝜇𝑖 ≥ ̂𝑓𝑖 ∀𝑖 ∈ 𝑆, (4.35)

𝜆 ≥ 0, 𝜇𝑖 ≥ 0, ∀𝑖 ∈ 𝑆. (4.36)

4.4.4 Robust Reformulation of Constraint (4.3)

Constraint (4.3) will be protected against uncertainty if we can obtain the value for 𝜅𝑖

(proportion of deviation of ̃𝑓𝑖 from its nominal value in each period of arrival horizon). This

can be realized by including dual feasibility and strong duality conditions as follows:

𝑇
∑
𝑗=𝑖

𝑧𝑖,𝑗 = ̄𝑓𝑖 + 𝜅𝑖 ̂𝑓𝑖 ∀𝑖 ∈ 𝑆, (4.37)

∑
𝑖∈𝑆

𝜅𝑖 ̂𝑓𝑖 = 𝜆Γ + ∑
𝑖∈𝑆

𝜇𝑖, (4.38)

∑
𝑖∈𝑆

𝜅𝑖 ≤ Γ, (4.39)

0 ≤ 𝜅𝑖 ≤ 1 ∀𝑖 ∈ 𝑆, (4.40)

𝜆 + 𝜇𝑖 ≥ ̂𝑓𝑖 ∀𝑖 ∈ 𝑆, (4.41)

𝜆 ≥ 0, 𝜇𝑖 ≥ 0, ∀𝑖 ∈ 𝑆. (4.42)

We are not aware of other work that leverages the above primal-dual relationship for modeling

uncertainty in a particular time period when the budget of uncertainty is defined for the entire
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time horizon.

4.4.5 RTCP Models

We develop an RTCP model based on the chosen approach to control the number of RV

patients postponed to the next planning horizon discussed in Section 4.3.3. The RTCP

model based on considering a fixed number of postponed RV patients is as follows:

min (4.1), (4.43)

subject to (4.2) (4.44)

∑𝑇
𝑗=𝑖 𝑧𝑖,𝑗 = ̄𝑓𝑖 + 𝜅𝑖 ̂𝑓𝑖, ∀𝑖 ∈ 𝑆, (4.45)

(4.5) − (4.14), (4.46)

∑𝑧𝑖,𝑗∈𝐿100 𝑧𝑖,𝑗 = (∑𝑖∈𝑆
̄𝑓𝑖) + 𝜆Γ + ∑𝑖∈𝑆 𝜇𝑖, (4.47)

𝜆 + 𝜇𝑖 ≥ ̂𝑓𝑖 ∀𝑖 ∈ 𝑆, (4.48)

∑𝑖∈𝑆 𝜅𝑖 ̂𝑓𝑖 = 𝜆Γ + ∑𝑖∈𝑆 𝜇𝑖, (4.49)

∑𝑖∈𝑆 𝜅𝑖 ≤ Γ, (4.50)

0 ≤ 𝜅𝑖 ≤ 1 ∀𝑖 ∈ 𝑆, (4.51)

𝜆 ≥ 0, 𝜇𝑖 ≥ 0, ∀𝑖 ∈ 𝑆, (4.52)

(4.18) − (4.23). (4.53)

In the following, we will provide a numerical study to determine the level of budget of

uncertainty to protect tactical capacity planning against demand uncertainty.

4.5 Experimental Results

The RO approach of Bertsimas and Sim (2003) hedges against uncertainty such that the

proposed solution is feasible for a given budget of uncertainty. The issue is that setting the

level for the budget of uncertainty has to be done prior to the realization of uncertainty. Thus,
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we need to answer the following two questions: 1) How to ensure the feasibility of RTCP

under all demand realizations? 2) How to find a balance between the level of protection of

robust TCP and additional cost of robust TCP? In order to answer these questions, we will

provide some numerical results for the implementation of both the deterministic and the

robust model in IBM ILOG CPLEX Optimization Studio V12.6.2.0 on Lenovo ThinkPad

X260 Corei7 2.60 GHz.

4.5.1 Data

In order to answer the two questions, we set up experiments in which ̄𝑓𝑖 is based on the data

from Nguyen et al. (2015). The data set used by Nguyen et al. (2015) include the weekly

demand of FV patients over 52 weeks in arrival horizon which should be scheduled in 82

weeks in planning horizon. The data set includes available physician time in minutes in each

week of the planning horizon. For our experiments, we take the nominal demand values

from Appendix A2.2 of Nguyen (2014); these values are the actual realizations of demand

from year 2009 and 2010 in an outpatient (urology) clinic from Tan Tock Seng Hospital

in Singapore. To generate uncertain data we should define an appropriate interval as an

uncertainty set for each uncertain FV demand in each week of planning horizon. Usually the

minimum and the maximum observed data are used as the lower and the upper bounds of

an uncertainty set (Jalilvand-Nejad et al., 2016). Due to the fact that uncertain parameter

is in the right-hand of constraint, we only considered maximum observed demand to find

the maximum deviation from nominal demand value. In this study, we calculate ̄𝑓𝑖 and ̂𝑓𝑖

in three ways, based on yearly, seasonal, and monthly maximum values:

• Yearly: We use the maximum and minimum realized FV requests over the arrival

horizon (52 weeks) from Nguyen et al.’s data.

– Let 𝑓 (52)
𝑚𝑎𝑥 = max𝑖∈{1,…,52} 𝑓𝑖 and 𝑓 (52)

𝑚𝑖𝑛 = min𝑖∈{1,…,52} 𝑓𝑖.

– To calculate the nominal value, we set ̄𝑓𝑖
(52) = 𝑓(52)

𝑚𝑎𝑥+𝑓(52)
𝑚𝑖𝑛

2 for all 𝑖 = 1, … 52.

95



– To calculate the maximum deviation from the nominal, we find ̂𝑓 (52)
𝑖 = 𝑓 (52)

𝑚𝑎𝑥 − ̄𝑓𝑖

for all 𝑖 = 1, … , 52.

• Seasonal: We use the maximum and minimum realized FV requests over each 13-week

period from Nguyen et al.’s data.

– Let ℎ(13)
𝑚𝑎𝑥,𝑗 = max𝑖∈{1+13𝑗,…,13+13𝑗} 𝑓𝑖 and ℎ(13)

𝑚𝑖𝑛,𝑗 = min𝑖∈{1+13𝑗,…,13+13𝑗} 𝑓𝑖 for

each season 𝑗 = 0, … , 3.

– To calculate the nominal value, we find ℎ̄(13)
𝑗 = ℎ(13)

𝑚𝑎𝑥,𝑗+ℎ(13)
𝑚𝑖𝑛,𝑗

2 for 𝑗 = 0, … , 3.

– To calculate the maximum deviation from the nominal, we find ℎ̂(13)
𝑗 = ℎ(13)

𝑚𝑎𝑥,𝑗 −
ℎ̄(13)

𝑗 for all 𝑗 = 0, … , 3.

– We set ̄𝑓 (13)
𝑖 = ℎ̄(13)

𝑗 and ̂𝑓 (13)
𝑖 = ℎ̂(13)

𝑗 whenever 𝑖 ∈ {1 + 13𝑗, … , 13 + 13𝑗} for

𝑗 = 0, … , 3.

• Monthly: We use the maximum and minimum realized FV requests over each 4-week

period from Nguyen et al.’s data.

– Let ℎ(4)
𝑚𝑎𝑥,𝑗 = max𝑖∈{1+4𝑗,…,4+4𝑗} 𝑓𝑖 for 𝑗 = 0, … , 12 and ℎ(4)

𝑚𝑖𝑛,𝑗 = min𝑖∈{1+4𝑗,…,4+4𝑗} 𝑓𝑖

for 𝑗 = 0, … , 12.

– To calculate the nominal value, we find ℎ̄(4)
𝑗 = ℎ(4)

𝑚𝑎𝑥,𝑗+ℎ(4)
𝑚𝑖𝑛,𝑗

2 for 𝑗 = 0, … , 12.

– To calculate the maximum deviation from the nominal, we find ℎ̂(4)
𝑗 = ℎ(4)

𝑚𝑎𝑥,𝑗−ℎ̄(4)
𝑗

for all 𝑗 = 0, … , 12.

– We set ̄𝑓 (4)
𝑖 = ℎ̄(4)

𝑗 and ̂𝑓 (4)
𝑖 = ℎ̂(4)

𝑗 whenever 𝑖 ∈ {1+4𝑗, … , 4+4𝑗} for 𝑗 = 0, … , 12.

Table 4.1 presents the bound values for the three types of uncertainty sets defined above. Due

to the fact that the uncertain parameter is in the right-hand side of the constraint, we consider

only the maximum observed demand to find the maximum deviation from nominal demand

value. We employ the uncertainty set bounds to randomly generate demand scenarios. For

example, to generate one instance of a problem based on uncertainty set [ ̄𝑓 (52)
𝑖 , ̄𝑓 (52)

𝑖 + ̂𝑓 (52)
𝑖 ],
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we draw a random sample from Uniform[ ̄𝑓 (52)
𝑖 , ̄𝑓 (52)

𝑖 + ̂𝑓 (52)
𝑖 ] for each 𝑖. We note that the above

three methods of calculating uncertainty set bounds induce different levels of variability, as

the interval [ ̄𝑓 (52)
𝑖 , ̄𝑓 (52)

𝑖 + ̂𝑓 (52)
𝑖 ] is wider than [ ̄𝑓 (13)

𝑖 , ̄𝑓 (13)
𝑖 + ̂𝑓 (13)

𝑖 ], which is in turn wider than

[ ̄𝑓 (4)
𝑖 , ̄𝑓 (4)

𝑖 + ̂𝑓 (4)
𝑖 ], for each 𝑖 = 1, … , 52.

Table 4.1: Values of annual, seasonal and monthly based uncertainty sets.

Weeks Uncertainty set
Year Season 4weeks Bounds/

year
Bounds/
season

Bounds/4
weeks

w1-w52

w1-w13
w1-w4

[181 ± 67]

[162 ± 47]
[157 ± 43]

w5-w8 [186 ± 23]
w9-w12 [186 ± 22]

w14-w26
w13-w16

[189 ± 38]
[171 ± 17]

w17-w20 [185 ± 34]
w21-w24 [194 ± 13]

w27-w39
w25-w28

[190 ± 58]
[180 ± 47]

w29-w32 [181 ± 34]
w33-w36 [218 ± 30]

w40-w52
w37-w40

[200 ± 45]
[198 ± 47]

w41-w44 [213 ± 32]
w45-w48 [189 ± 17]
w49-w52 [186 ± 31]

4.5.2 Results

In this section, we provide the results of the experiment for the RTCP model presented in

Section 4.4.5, which includes two stages. In the first stage, we run the DTCP model with

the demand scenario used by Nguyen et al. (2015) to find the value for Ψ (number of RV

patients postponed to 𝑇 + 1). We find this number to be 12929 patients; we set Ψ = 12929
for all experiments. In practice, this number should be determined in consultation with the

clinic; an alternative approach is discussed in Section 4.6.

The two main goals of this experiment are analyzing the probability of infeasibility of the

robust optimal solution to control over-conservatism and evaluating the price of robustness,
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which is defined as the trade-off between cost and feasibility of the robust optimal solution.

Trade-off Between Infeasibility Probability of Robust Optimal Solution and Level

of Conservatism To calculate the empirical infeasibility probability of RO solution, we

evaluate the feasibility of robust optimal solution for different level of robustness (conser-

vatism) in the presence of randomly generated demand. To do so, we apply Monte-Carlo

simulation. Therefore, for all the values of budget of uncertainty from [0, 52], we randomly

generate 200 scenarios for uncertain demand from the uniform distributions (Sanei Bajgi-

ran et al., 2017; Mirahmadi Shalamzari, 2018) of the three defined uncertainty sets

[ ̄𝑓 (52)
𝑖 , ̄𝑓 (52)

𝑖 + ̂𝑓 (52)
𝑖 ], [ ̄𝑓 (13)

𝑖 , ̄𝑓 (13)
𝑖 + ̂𝑓 (13)

𝑖 ], and [ ̄𝑓 (4)
𝑖 , ̄𝑓 (4)

𝑖 + ̂𝑓 (4)
𝑖 ], for each 𝑖. The generated sce-

narios are the simulated values of demand. The proposed RTCP model becomes infeasible

if the available physician time is not sufficient to meet generated random demand. In other

words, for each demand scenario the optimal solution corresponding to physician capacity

from the RTCP model is inserted as a parameter into the DTCP model where 𝑓𝑖 is replaced

by generated demand scenarios. Thereafter, we calculate the empirical probability of RO

solution infeasibility by dividing the number of infeasible instances by 200 (the total num-

ber of simulated demand scenarios for each uncertainty set type). Therefore, we solve the

deterministic model 200 × 52 × 3 = 31200 times to find the trade-off between infeasibility

probability and level of conservatism (robustness).

Figure 4.2 represents the impact of the budget of uncertainty on the magnitude of infea-

sibility for the robust solution for the 200 generated demand scenarios for the three types

of uncertainty sets. Figure 4.2 shows that the budget of uncertainty required to ensure

feasibility is 35, 28, and 24 for the 52-week, 13-week and 4-week uncertainty sets.

In addition to the budget of uncertainty, another element that could control over-

conservatism in practice is the subset of data (which in our case corresponds to some period

of time) used to determine the bounds of the uncertainty set. We considered three periods

over which the bounds were estimated from the data, i.e., 52 weeks, 13 weeks and 4 weeks.
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Since ̂𝑓𝑖
(52)

≥ ̂𝑓𝑖
(13)

and ̂𝑓𝑖
(52)

≥ ̂𝑓𝑖
(4)

for every 𝑖, we see that a higher budget of uncertainty

is required to ensure feasibility in the case when the uncertainty set is estimated based on

all 52 weeks. If the variation of demand is, for instance, highly seasonal (e.g., substantially

lower demand values in the summer as opposed to winter), then the results based on ̂𝑓𝑖
(52)

will be unnecessarily conservative.
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Figure 4.2: Cost of Robustness and Infeasibility Probability for RO Solution.

Price of Robustness The price of robustness presents the trade-off between the additional

cost and the feasibility of the robust solution for different budgets of uncertainty. The extra

cost of robust solution is calculated as 𝑞𝑅−𝑞𝑁

𝑞𝑁 , where 𝑞𝑅 is the objective value of robust

optimal solution and 𝑞𝑁 is the objective value for nominal optimal solution. Figure 4.2

presents the price of robustness in terms of different budgets of uncertainty.

We can obtain from Figure 4.2 the penalty of being fully confident about feasibility of

robust solution. It can be seen that when demand variability is based on the uncertainty

set from narrower interval (i.e., uncertainty sets based on monthly deviation), the penalty

imposed by the robust model is at most 8.05%. However, when demand variability is based

on the uncertainty set from wider interval, the system should pay a higher penalty to assure

that all patient demand can be scheduled, i.e., 11.91% based on seasonal variation and
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18.42% based on yearly variation. Furthermore, we can again interpret the above results

as follows: if the variation of demand is in reality highly seasonal (e.g., substantially lower

demand values in the summer as opposed to winter) but the uncertainty set was estimated

based on 52-week data (i.e., using ̄𝑓𝑖
(52)

and ̂𝑓𝑖
(52)

), then an unnecessary cost of about 6.51%

is incurred.

Robust Solution vs. Worst-Case Solution We compare the objective value of the

robust problem (𝑞𝑅𝑂) for the budget of uncertainty for which the infeasibility probability

becomes 0 with that of the worst case deterministic model (𝑞𝑤𝑐). Table 4.2 shows that 𝑞𝑤𝑐 -

𝑞𝑅𝑂
𝑎𝑣𝑔 ≥ 0 for all the three types of uncertainty sets, implying that the robust solution protects

fully against uncertainty at a lower cost than the worst-case solution.

Uncertainty Set Interval
Objective value 4w 13w 52w

𝑞𝑤𝑐 130.262 139.290 149.330
𝑞𝑅𝑂 122.996 127.397 134.800

Table 4.2: Robust TCP vs. worst-case TCP performance for various uncer-
tainty sets.

Identification of the Critical Time Periods that Contribute to the Worst-Case

Physician Peak Load The objective of this analysis is finding the periods where realiza-

tion of demand uncertainty will lead to the worst possible maximum physician peak load.

The solution generated from the RO model provides a schedule that performs well even

when the realized demand ̃𝑓𝑖 is greater than its nominal value ̄𝑓𝑖. Having the knowledge

of which time periods are the critical ones can help decision makers in scheduling patients.

In particular, we can identify the critical weeks in the planning horizon that lead to the

worst-case physician peak load by finding the value of 𝜅𝑖 in constraint (4.43). As defined in

Section 4.4.5, 𝜅𝑖 is the proportion of deviation of ̃𝑓𝑖 from its nominal value ̄𝑓𝑖 in each period

of arrival horizon. Therefore, the periods with non-zero 𝜅𝑖 values are the critical ones.
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Figures 4.3–4.5 show the critical time periods for the 4-week-based uncertainty set. When

the budget of uncertainty Γ is equal to 4, the selected critical weeks by the RTCP model are

weeks 25, 28, 37 and 38. We think that this behaviour is due to the fact that the maximum
̂𝑓𝑖
(4)

for all 𝑖 = 1, … , 52 (see Table 4.1) is 48, which is realized over weeks 25–28 and 37–40.

For Γ = 24, six of the 4-week intervals with highest ̂𝑓𝑖
(4)

are selected, which are weeks 1–4,

17–21, 25–28, 29–32, 37–40 and 41–44. For Γ = 35, the additional selected critical weeks

compared to Γ = 24 are weeks 6–8, 33–36 and 49–52.
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Figures 4.6–4.8 show the critical time periods for the 13-week-based uncertainty set.

When Γ = 4, the critical weeks selected by the RTCP model are 27, 29, 34, 35 and 37. The

values of 𝜅 for weeks 35 and 37 are fractional. The reason for choosing these weeks as critical

is that the maximum ̂𝑓𝑖
(13)

for all 𝑖 = 1, … , 52 (see Table 4.1) is 58, which is realized over

one season in weeks 27–39. For Γ = 24, the critical weeks are chosen from the two seasons

with highest ̂𝑓𝑖
(13)

. Since 13 is not a factor of 24, 𝜅 values for some weeks are fractional.

For Γ = 35, the critical weeks are from all the weeks in the two seasons with highest ̂𝑓𝑖
(13)

and nine weeks of the season with third highest ̂𝑓𝑖
(13)

. As observed in Figure 4.8, all the 𝜅
values are integer, although 13 is not a factor of 35. We conjecture that this behaviour is

due to the fact that for seasonal-based uncertainty set, infeasibility probability of the robust

solution becomes zero for Γ = 28 < 35, and that therefore the model does not need to be
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as “careful” in choosing the critical periods once the probability of infeasibility becomes 0;

similarly, we suspect there are multiple equivalent solutions with different 𝜅 values after the

budget of uncertainty is high enough to ensure no infeasibility.
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Based Uncer-
tainty Set &
Γ = 24.
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Figure 4.8:
𝜅 Values for
13-Week-
Based Uncer-
tainty Set &
Γ = 35.

Figures 4.9–4.11 depict the critical time periods for 52-week-based uncertainty set. Due

to the fact ̂𝑓𝑖
(52)

for all 𝑖 = 1, … , 52 is the same, the selected critical weeks are not based

on the week with highest possible demand variation. As seen in Figure 4.9, for Γ = 4 the

weeks toward the end of arrival horizon are chosen due to the fewer remaining periods to

allocate available physician time to demand as well as limited physician time availability in

each period. Thereafter, for Γ = 24, the weeks from the beginning of arrival horizon are also

chosen, in addition to the weeks at the end of arrival horizon.
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Figure 4.9:
𝜅 values for
yearly based
uncertainty
set & Γ = 4.
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Figure 4.10:
𝜅 values for
yearly based
uncertainty
set & Γ = 24.
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Figure 4.11:
𝜅 values for
yearly based
uncertainty
set & Γ = 35.

As observed from Figures 4.3–4.11, identifying the critical weeks that lead to worst-case

102



physician workload is non-trivial and would be very challenging without solving a robust

optimization model.

Frequency of critical time periods that leads to worst-case physician peak load

Figures 4.12–4.14 depict the frequency of 𝜅 values over the weeks in the arrival horizon for

the three defined uncertainty sets. Having knowledge of the most critical weeks can provide

some direction to schedulers to avoid congestion.
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Figure 4.12:
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of 𝜅 for 4-
Week-Based
Uncer-
tainty Set &
Γ = 4, 24, 35.
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Figure 4.13:
Frequency
of 𝜅 for 13-
Week-Based
Uncer-
tainty Set &
Γ = 4, 24, 35.
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4.6 Discussion

Here, we further discuss three key observations from our study, namely the need to explicitly

model the existence of a subsequent planning horizon even in a static model, the importance

of considering the effect of uncertainty in particular time periods, and the necessity for careful

translation of data into uncertainty sets.

Consideration of the Next Planning Horizon First, in developing a static model for

TCP, we need to explicitly consider the number of patients that may have to be postponed

to the next planning horizon, since in reality the static model will be used in a dynamic

setting. Above, we have shown that if a guideline for the maximum number of patients that

could be postponed to the next planning horizon is either known or can be estimated from
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past data, then we recommend the use of our RTCP model. It is possible, however, that

such a guideline is not available or cannot be easily estimated from the data. In this case,

we recommend considering a multi-objective RTCP model which should be calibrated via

changing objective function weights to meet the clinic’s goals. In particular, we can modify

the objective function of both the deterministic model (4.1)–(4.23) and the robust model

(4.43)–(4.53) to min ℎ1𝑞 + ℎ2𝜏𝑟 ∑𝑖∈𝒯 𝑦𝑖,𝑇 +1, while removing the constraint (4.23). The two

terms ℎ1 and ℎ2 would represent the penalty cost associated with each unit of extra required

physician time and each extra RV patient postponed to period 𝑇 + 1, respectively. Thus, in

this model Ψ is a variable and one can evaluate the trade-off between the maximum capacity

for the current time period and Ψ.

Timing of Worst-Case Realizations Second, we have shown, as expected, that if un-

certainty in demand is not considered, then the calculated physician capacity is an under-

estimate of what is actually needed to achieve the required access time targets. We note

that in our problem, the consideration of the worst-case realization of demand is done with

respect to time; that is, our budget of uncertainty controls how many periods in the arrival

horizon are subject to uncertainty, and the solution is based on identifying those periods in

which achieving the highest potential demand would have the most impact on the maximum

capacity required. Our results show that identifying such time periods without a robust

model would have been difficult, as the determination of the timing of the worst-case real-

izations is dependent on the definition of the uncertainty sets and the budget of uncertainty,

and since the allocation of appointments is a complex process that requires consideration of

access time targets. For instance, the worst-case realizations for Γ = 4 with yearly-based

uncertainty sets occurs at the end of the arrival horizon (see Figure 4.9), since there is a

small remaining number of periods in that planning horizon (and there is a constraint on

how many patients can be allocated to the subsequent one); yet at other times, such as for

Γ = 24 with yearly-based uncertainty sets (see Figure 4.10), the worst-case realizations can
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in addition occur in the beginning of the arrival horizon since such realizations have an effect

on the entire planning horizon.

Translation of Data into Uncertainty Sets The third observation is that the step

of translating available data into an uncertainty set is important and should be carefully

considered as it can lead to substantially different results and costs. In fact, the translation

step can influence the true conservatism of a solution – an over-estimate or under-estimate in

the uncertainty set definition will lead to an over-estimate or an under-estimate, respectively,

of the resulting capacity and cost. For example, if the variation of demand is in reality highly

seasonal (e.g., substantially lower demand values in the summer as opposed to winter) but

the uncertainty set is estimated based on 52 weeks of data, then in some of our experiments

an unnecessary cost of about 6.51% is incurred. Therefore, it is important to understand

the given data prior to the development of the uncertainty set as well as to validate the

definitions of the uncertainty set with the stakeholders prior to, as well as following, the

optimization process.

4.7 Conclusion

In this study, we developed a robust tactical capacity planning model via cardinality con-

strained robust optimization which explicitly considers the number of patients who may

need to be scheduled in a subsequent planning horizon. The robust tactical capacity plan-

ning model protects against uncertainty in the demand per time period. Due to the presence

of the uncertain demand parameter in the right-hand side of two constraints, i.e., individ-

ual demand per period and aggregated demand over all the periods in the arrival horizon,

formulating the robust tactical planning model required the use of both primal and dual

constraints in the robust model. By employing cardinality-constrained robust optimization,

we showed how to control over-conservatism through analyzing the trade-off between the

budget of uncertainty and feasibility of the robust plan based on different bounds of the un-
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certainty set. We also analyzed the price of robustness, i.e., the trade-off between feasibility

and cost of robust plan for different budgets of uncertainty and bounds of uncertainty set.

The findings of this study provides an insight for decision makers how a chosen budget of

uncertainty and bounds of uncertainty set impact feasibility and the cost of tactical capacity

plan. We conducted a set of experiments to compute the feasibility and cost of robust solu-

tions for different budgets of uncertainty and different methods of estimating the uncertainty

sets. We showed that we can guarantee 100% feasibility of a robust tactical capacity plan

while not being fully conservative, which will lead to cost savings for the clinic while being

able to meet demand despite uncertainty. We also show how the robust model helps us to

identify the critical time periods (weeks) which contribute to worst case physician peak load.

Having the knowledge of critical time periods gives insight to the decision-makers about how

to avoid congestion due to demand uncertainty.
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Chapter 5

Conclusions and Future Work

In this final chapter, we summarize the work presented in the previous chapters, re-state the

major contributions of this dissertation and state directions for future work.

5.1 Summary and Contributions

The thesis focuses on a subject which has gained a lot of recent interest and funding invest-

ments, specifically, the organization and delivery of primary care. This subject has been

discussed and analyzed mainly from the health policy but not from the operations research

perspective. In this thesis, on the contrary, we focus on the use of operations research meth-

ods, including forecasting and optimization, to improve access to primary care. The major

contributions of this study can be classified into two parts.

Part 1: How should primary care access performance be evaluated?

• We make a step toward the development of a preliminary framework for prioriti-

zation of patients based on their acuity in primary care with the goal of taking

equity into account in performance evaluation.

• We are the first to propose an acuity-based, data driven metric for evaluation of

timely access to primary care that leads to more equitable and efficient allocation

of physician time.

Part 2: Given a representative performance metric, how can we improve access to primary

care through

• Being the first to develop a capacity reservation plan for an individual physician

in primary care for all urgent and multiple non-urgent appointment types (such
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as chronic disease management and routine appointments) to address the trade-

off between providing equitable access and efficient utilization of physician time.

This approach consists of a forecasting model to determine the demand and an

optimization model that allocates time slots to patient requests of different pri-

ority. The developed tactical capacity plan is based on an mixed integer linear

model which determines the optimal number of appointment slots to reserve per

week for each appointment type during a 12-week planning horizon. The model

also tracks the unmet demand for each appointment type per week which should

be scheduled in the subsequent planning horizon. Our approach results in de-

veloping a weekly planning template for a specific physician in a family health

team taking into account the needs and preferences of both patients and family

physicians.

• Developing a robust TCP model based on the cardinality-constrained method to

minimize the highest potential physician peak load between weeks for the case

when we may not be able to forecast demand accurately. Therefore, the developed

robust TCP model enables protection against uncertainty through providing a

feasible allocation of capacity for all realizations of demand. The proposed robust

TCP model considers two interdependent appointment types (e.g., new patients

and follow ups), multiple access time targets for each appointment type and

uncertainty in demand for appointments. We conduct a set of experiments to

determine how to set the level of robustness based on extra cost and infeasibility

probability of a robust solution

5.2 Future work

Future work stemming from this thesis can be divided into research extensions and imple-

mentation plan.
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5.2.1 Research extensions

We plan to extend our research as follows:

• Developing weekly planning template for all the care providers in an interdisciplinary

primary care setting that includes resource pooling

1. Optimal # of time slots reserved based on the demand forecast and data driven ac-

cess time distribution for each appointment type/week for a specific care provider

for a determined planning horizon

2. Assigning an exact time slot per half day of a specific physician to each appoint-

ment type.

• Developing online booking system based on the designed weekly planning template for

all the care providers.

• Extending the current definition of acuity levels in this study based on both access

target and tolerance limit (Gocgun and Puterman, 2014). As an example for some

cases of follow-up appointment type such as modification in medication dose, the ap-

pointment should not be scheduled too early for having enough time for the medication

to start having an effect on patient health status. 1

• Meeting patient preference by developing a multi-agent scheduling system. Each party

(family physicians, patients) represents an agent and the developed scheduling sys-

tem makes these scheduling agents to match slack time in physicians’ and patients’

schedules. In other words, each agent is aware of the preferences and limitations of its

owner. The objective of a multi-agent scheduling system is to design the agents and

the interaction rules between agents to achieve an effective schedule (Vermeulen et al.,

2007). Each agent has the ownership of their own calendars and the agents exchange

information among each other with the goal of finding an open time slot to schedule an
1Thanks to Dr. Michael Carter for bringing into my attention the necessity of considering tolerance limit.
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appointment. Finally, agents will negotiate multiple available time slots based on the

designed interaction rules to meet both patient and physician preferences (Crawford

and Veloso, 2004).2

5.2.2 Implementation plan

The focus of the implementation plan is on developing policies and tools for implementation

of equitable scheduling of appointments that takes into account the acuity level of patient

requests, described below in terms of a three-stage plan.

• Stage 1: Acuity-based access time evaluation at the Health for All (HFA) clinic.

1. Assigning acuity levels for patient conditions

(a) Meet (potentially multiple times) with physicians to present and discuss

the plan of action and preliminary findings.

(b) Survey physicians regarding willingness to participate, as well as their

current perceptions regarding patient conditions and corresponding acu-

ity levels.

(c) Perform an experiment: for each patient visit during this period, the

participating physicians define a condition and assign an acuity level for

all the visits.

(d) Analyze the data collected from the physicians: all the defined conditions

and the assigned acuity levels.

(e) Synthesize the data in order to define a preliminary patient classification

framework for HFA.

(f) Survey physicians regarding the appropriateness and accuracy of the syn-

thesized results and make any required changes to the evaluation/classi-

fication framework.
2Thanks to Dr. Ketra Schmitt for bringing the idea of multi-agent scheduling systems to my attention.
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2. Develop and validate a checklist for administrative staff to determine the ur-

gency of the current request (note: currently, the administrative staff already

does this but our proposal is to formalize this approach through standard-

ized questions and a checklist, combined with our acuity-based framework

for primary care).

3. Train the administrative staff regarding the defined acuity levels and appoint-

ment types.

4. Perform a pilot study to see the challenges for schedulers to assign acuity

levels based on the defined appointment types.

5. Meet with physicians to discuss the revision of appointment types, questions

and checklists based on any challenges reported by the administrative staff

with regards to the new system.

6. Finalize the list of patient conditions, the corresponding acuity level and the

questions/checklist to be employed by the administrative staff.

Stage 2: Development of appointment scheduling policies.

1. Meet (potentially multiple times) with physicians to present and discuss char-

acteristics of good and bad appointment scheduling policies.

2. Propose multiple candidate scheduling policies

– Propose “rule of thumb” policies based on discussions with physicians.

– Develop and test optimization models to develop “optimal” policies.

– Translate solutions to optimization models into implementable policies.

3. Build a simulation model that will allow for evaluation of the effectiveness of

various appointment scheduling policies on past data.

4. For each candidate policy determined in step 2 of the current stage, the

simulation will determine the percentage of time that access time targets are

met for each acuity class defined during Stage 1, as well as on how balanced
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the resulting schedules would be for physicians.

5. The top policies will be presented to the clinical and administrative staff of

the clinic, who will evaluate the adequacy of the policies and the feasibility

of their implementation in practice. Any new suggestions or adjustments will

be again validated using simulation. Finally, the best implementable policy

will be chosen.

6. Train administrative staff to implement the proposed policy in practice.

7. Collect data from the pilot test and evaluate true effectiveness; go back to

a previous step (redesign of the policy, consultation with staff, etc.) if an

improvement in access times is not obtained.

Stage 3: Identify a plan for periodic review of the effectiveness of the policies and

continuous improvement.

5.3 Conclusion

Motivated by the major concern in the Canadian primary care clinics which is timely and

equitable access to care due to family physicians scarcity, the central thesis of this dissertation

is based on the two following questions: 1) How should primary care access performance be

evaluated? and 2) Given a representative performance metric, how to improve access to

primary care thorough operations research methods, including forecasting and optimization.

The first manuscript addresses how to evaluate primary care access performance. It

focuses on developing a data-driven assessment tool to objectively evaluate equitable access

to care. In particular, we develop a preliminary guideline to translate clinical severity of

requested appointments into five acuity levels in primary care. These five acuity levels

prioritize patients based on the relative access time target to the clinical severity of requested

appointment.

The second and third manuscripts address how to improve access through developing

tactical capacity planning (TCP) models. The second manuscript presents the contributions
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of a TCP model for a specific physician in a family health team which results in a number

of reserved physician time slots per week for all the 11 considered appointment types before

demand realization based on demand forecast. The developed decision model is considered

as a tool to provide equitable timely access through considering the developed guideline in

the first manuscript. The developed TCP model in the second manuscript improve access for

the optimal physician workload balance between weeks. The third manuscript presents the

contribution of a TCP model when demand is uncertain to improve access for the optimal

worst case physician peak load.
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