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Abstract

:

This paper introduces a model to aid decision-makers in answering many of the important questions regarding how best to operate a cancer center. This study aims to allocate the available cancer center capacity to different cancer types to minimize the deviation in patient demand satisfied from desired supply targets across multiple cancer types. A stochastic chance-constrained model is proposed to consider uncertainties in new and returning patient demand. The proposed model determines the optimal specialization mix for oncologists based on the distribution of demand by cancer type, preventing potential mismatches. Additionally, it aims to balance workloads among oncologists and individual clinics and indirectly reduce support service costs by limiting their clinic days. Numerical results are presented using historical data collected from our collaborating cancer center to demonstrate the usefulness of the model. The results confirm that the ability to satisfy patient demand increases as oncologists become more flexible. In addition, the results show that even having a small number of highly flexible oncologists is sufficient to achieve strong patient demand satisfaction. Moreover, restricting the allowable workload difference among oncologists achieves an acceptable trade-off between workload balance and satisfying patient demand.
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1. Introduction


Capacity planning is a vital aspect of offering the best clinical care possible to cancer patients. However, due to the increasing number of new cancer patients and their subsequent return visits, capacity planning has been a challenge for cancer centers and, therefore, a field of interest to many researchers [1]. Capacity planning problems are categorized into capacity design and capacity allocation. Capacity design problems focus on determining the optimal level of resources required to meet the target patient wait time. Resource allocation, on the other hand, attempts to allocate the limited available capacity to patient demand to optimize performance measurements such as oncologist utilization and patient wait time. This study addresses a resource allocation problem, where the objective is to allocate the existing capacity to patients with different cancer types such that the deviation in patient demand satisfied from the desired supply target is minimized.



In cancer clinics, patients with different cancer types and wait time tolerances request to see oncologists. Providing cancer patients with timely access is crucial for achieving better outcomes and reducing patient anxiety [2,3]. Once new patients complete their first visits, they become returning patients and return to cancer centers at regular time intervals depending on their treatment protocols. Returning patient treatment plans must be followed as prescribed, and a lack of capacity leads to either long wait times for new patients or noncompliance with the treatment for returning patients.



Studies show that long wait times for diagnosis and treatment initiation are among the main concerns in healthcare systems [4,5]. One of the primary causes of long patient wait times to see oncologists is the mismatch between patient demand and available oncologist capacity. Although hiring additional physicians might seem to be the obvious solution, it is not a viable option for many healthcare organizations because of the limited availability of oncologists and financial constraints in today’s healthcare sector. Thus, clinics need to find solutions to make better use of the capacity of their existing oncologists. Oncologists specialize in treating specific cancer types based on their academic background and professional development. Therefore, clinic capacity may not necessarily match with new and returning patient demand for different cancer types. The mismatch between oncologist specialization and patient demand results in treatment delays for patients and underutilized capacity for some oncologists. This implies that there are opportunities to efficiently manage the available capacity at both the tactical level (capacity planning and resource allocation) and the strategic level (hiring an oncologist) to provide cancer patients with timely access.



Oncologists’ specialization mixes differ depending on specialty, subspecialty, and clinical interests. Some oncologists are more flexible regarding the variety of cancer patients they can treat, while some specialize in one cancer type. Also, based on our cancer center collaborators, some oncologists choose to see one or a limited number of cancer types even though they are capable of serving multiple cancer diseases, which negatively impacts resource utilization and patient access. This study aims to determine oncologists’ optimal specialization mixes considering their preferences and academic backgrounds in order to respond to demand uncertainty. Moreover, we define several flexibility levels and study how the oncologist specialization mix affects meeting patient demand. In the context of this study, flexibility refers to the ability of oncologists to treat multiple cancer types. To the best of our knowledge, this is the first study investigating the impacts of the flexibility level on resource utilization and demand satisfaction in cancer centers.



We determine the optimal specialization mix of oncologists, considering oncologists’ preferences and academic backgrounds to meet new and returning patient demands and guarantee patient care continuity. We also investigate the impact of oncologists’ flexibility (specialization mix) on capacity allocation.



Moreover, in this study, we seek to balance the workload across oncologists as well as their clinic sessions simultaneously. Oncologist workload optimization is one of the main performance metrics in healthcare organizations. If clinic capacity is not appropriately allocated, some oncologists may end up treating more patients than others, which leads to dissatisfaction among oncologists. Therefore, outpatient clinics such as cancer centers try to allocate the available capacity such that the workload across oncologists is balanced.



Furthermore, some cancer patients require support services such as speech therapists, dietitians, and care managers as a part of their treatments. However, because providing these support services is costly, cancer centers seek ways to reduce the operational costs of these support services [6]. One way to decrease costs is to limit the number of days the support services are required to be available. Therefore, in this study, we also attempt to allocate the clinic capacity to different cancer types such that the cost of support services is reduced.



The remainder of this paper is organized as follows. A comprehensive literature review is provided in Section 2. In Section 3, the problem is described in more detail, and a chance-constrained stochastic model is developed. The usefulness of the model is demonstrated by showing numerical results and evaluating the effect of changing different operational parameters in Section 4. Conclusions and opportunities for future research are discussed in Section 5.




2. Literature Review


2.1. Capacity Allocation in Outpatient Clinics


In a healthcare system, capacity allocation is an important but challenging problem due to high variability in patient demand and requirements. Reference [7] present a method to dynamically allocate incoming patient demand to available capacity such that a wait time target is achieved cost-effectively. They model the problem as a Markov Decision Process (MDP) and solve the equivalent linear program through approximate dynamic programming. Reference [8] propose a dynamic model to allocate oncologist capacity in a primary care clinic to maximize clinic revenue. They consider variations in patient choices to have same-day and future appointments. They propose several metaheuristic algorithms to solve the problem and show that having more variability in same-day demand can deteriorate clinic performance. Reference [9] investigate resource allocation optimization by proposing analytic approaches to determine the optimal number of open-access appointment slots to match demand and capacity. The objective is to maximize the expected number of patients seen while reducing variability in the number of patients consulted by each physician in each clinic session. Reference [10] expand the [7] model and formulate an MDP and its equivalent linear programming model to allocate patient arrivals to available capacity in a cancer agency in British Columbia. They aim to minimize the cost of patient wait time and oncologist overtime as well as postpone some of the booking decisions over a finite planning horizon. Reference [11] propose a model to assign a set of predefined time slots to different classes of patients to minimize the total expected weighted waiting time. They use a bulk service queuing model to obtain the expected wait time of patients and use that as the input of the proposed optimization model. They develop a step-wise heuristic to solve large-size problems. Reference [12] propose a finite-horizon MDP model to optimize the walk-in patient admission policy in clinics with high no-show and/or high late cancellation rates. They suggest several heuristic admission policies and compare their performance under different clinic settings. Reference [13] develop a capacity allocation model for integrated care, where multiple oncologists serve multiple types of patients. The objective is to smooth workloads and guarantee access delay targets for new and returning patients with different urgency levels. They formulate the problem as queuing network optimization and transform the model into a deterministic mixed-integer model for tractable optimization. Reference [14] study two decision levels in appointment scheduling, including the number of slots to assign to walk-in and scheduled patients and how to assign scheduled patients to appointment slots to minimize lead time. They consider seasonal demand for both walk-in and scheduled patients and use discrete event simulation to test the combination of different access and scheduling rules. As discussed, most of the studies in the outpatient capacity allocation literature focus on minimizing the cost of waiting time, idle time, and overtime, minimizing the number of unused slots, and maximizing the revenue from patients seen. However, to the best of our knowledge, this is the first study that addresses minimizing the maximum deviation in the patient demand satisfied versus the supply target. This formulation leads to minimizing the variability in the portion of lost patients in each group (cancer type).




2.2. Deterministic and Stochastic Optimization in Outpatient Clinics


Operational Research (OR) methods play a crucial role in addressing complex healthcare issues. Reference [15] provide a comprehensive review of OR studies that focus on decision-making in various aspects of healthcare, specifically in cancer centers. They highlight that successful OR modeling has led to notable improvements in cancer care services.



Deterministic optimization techniques are widely used in healthcare across various areas such as capacity allocation, treatment planning, and supply chain management. Specifically, in resource allocation, deterministic models help with tasks such as scheduling operating rooms [16,17,18], patient appointments [19,20], and staff shifts [21,22,23]. This methodology has also been applied in cancer centers. For example, reference [24] address the Master Chemotherapy Planning problem in a shared cancer center, focusing on scheduling patient appointments with oncologists before drug infusion. They formulate the problem as a lexicographic multiobjective optimization problem and solve it using a sequence of MIP models. Moreover, they propose a rolling horizon approach to tackle a long planning horizon of up to one year, aiming to keep the changes in weekly plans from one month to the other as small as possible. Reference [25] propose a multi-criterion mixed integer programming (MCMIP) model for scheduling drug administration appointments in outpatient chemotherapy, where nurses serve multiple patients simultaneously. It integrates task scheduling with appointment scheduling in offline scheduling to adjust nurse FTEs based on appointment requests and performance criteria, ensuring high nurse utilization and workload control despite variations. The model focuses on appointment and task scheduling for drug administration, considering strict time requirements and objective criteria for patients, nurses, and the clinic. Because of the problem’s size, a three-stage heuristic is developed to find criterion points with the minimum weighted average deferring time of appointments for a chosen number of nurse FTEs.



Although deterministic methods have been widely used in the literature, they do not account for uncertainties such as changes in patient demand or resource availability. Stochastic optimization is commonly used to address issues faced by outpatient clinics, such as capacity planning, appointment scheduling, determining panel sizes, and setting access policies. This method is essential for addressing uncertainties in the healthcare system, like variations in patient demand, preferences, and appointment lengths [26,27,28,29,30]. Single-stage and two-stage stochastic programming are two of the most common stochastic modeling methods used for addressing these problems in outpatient settings. Reference [31] address the patient scheduling problem in outpatient clinics, assuming that the appointment duration probability distributions are unknown. They aim to determine the planned starting time of each appointment such that the expected total underage and overage costs due to the mismatch between allocated and realized durations are minimized. They propose a single-stage stochastic model and develop a sampling-based approach to solve the problem. Reference [32] develop a two-stage stochastic integer program to minimize the trade-off between expected patient wait times and expected total time required to treat patients. They show that solving this problem requires excessive computational time, and they find approximate solutions by developing a heuristic algorithm.



Some other studies use stochastic dynamic programming to allocate patients to servers/resources, decide patient acceptance/rejection, and determine appointment day/time. For example, Markov Decision Processes and simulation have been used in determining appointment days [33,34], scheduling chemotherapy and proton therapy appointments [35,36], selecting patients from a waiting list in each period [37,38], and capacity allocation [39,40].



Moreover, some studies utilize stochastic modeling to develop and improve patient scheduling and planning in outpatient chemotherapy centers. For example, reference [41] developed three mean-risk stochastic integer programming (SIP) models, referred to as SIP-CHEMO, to specify patient and resource schedules. They consider the risks of deviation from physicians’ recommended chemotherapy starting dates as well as the risks associated with treatment duration, acuity levels, and nurse availability. The results show that SIP models generate more efficient schedules in terms of patient wait time, nurse overtime, and patient throughput. Reference [42] formulate a two-stage stochastic mixed-integer programming (TSMIP) model for the daily scheduling of chemotherapy patients and nurse assignments based on patient acuity levels. They consider uncertainties related to infusion duration and aim to minimize the mean weighted sum of excess acuity, waiting time, and nurse overtime. They also propose a novel algorithm called scenario bundling-based decomposition (SBBD) to solve the model and evaluate the effectiveness of their proposed approach. Some of the other studies that develop stochastic models to schedule chemotherapy patients in cancer centers include [43,44,45,46].



A chance-constrained methodology has been used in other industry settings [47,48]. However, the application of chance-constrained methods in outpatient capacity planning problems has not been thoroughly investigated. Reference [49] develop a bilevel fuzzy chance-constrained model to solve the hospital outpatient appointment scheduling problem based on revenue management. Reference [50] are one of the first to use chance constraints in healthcare capacity planning problems. They propose a stochastic linear optimization model to determine the maximum required capacity for a re-entry system with uncertain arrivals. While reference [50] address a capacity design problem, our research is one of the very few studies that use a chance-constrained method in a capacity allocation problem in cancer centers.




2.3. Other Factors Considered in Patient Scheduling in Cancer Centers


When scheduling patients in cancer centers, it is essential to consider oncologists’ specialization mixes and their current panel sizes. Specialization mix, which is one of the critical tactical decisions in cancer centers, refers to the cancer types that an oncologist can treat. Patient/specialization mix optimization in oncology centers is a relatively new research area in the literature [35]. To the best of our knowledge, there is only one paper that studies capacity allocation in cancer centers considering oncologists’ preferences. Reference [51] propose a deterministic mixed-integer programming model to find a specialization mix to meet new patient demand. However, their study does not account for returning patients or uncertainty in patient demand. In contrast, our model incorporates returning patients into the analysis.



Resource workload significantly impacts the quality of healthcare services, prompting the healthcare system to seek balanced workloads for nurses and physicians [52,53]. Several studies address this issue. For example, reference [54] proposed a two-phase approach to design a weekly scheduling template in a women’s clinic, aiming to balance oncologists’ workload and minimize patient waiting time, oncologist idle time, and overtime. Reference [55] focused on improving productivity and efficiency in a cancer clinic by incorporating mental workload as a constraint in the mathematical model for patient scheduling, resulting in successful optimization despite a potential 50% increase in patient demand. Additionally, reference [56] formulate a mixed-integer programming model to balance workload across physicians in a hospital. While these papers focus on balancing the workload among providers, our proposed model enhances the literature by allocating clinic capacity to ensure the simultaneous balance of workload among oncologists and across oncologists’ clinics.



In summary, this study provides insights into capacity planning in cancer centers and makes significant contributions to the literature in the following key areas.




	
This study innovatively aims to minimize the maximum deviation between patient demand and supply targets, thereby reducing variability in lost patients, including both new and returning patients.



	
The proposed model ensures a balanced workload among oncologists and across clinics simultaneously, thereby improving efficiency.



	
The proposed model seeks to decrease the cost of the support services that are required for treating cancer patients by limiting the number of cancer types assigned to each clinic session.



	
The proposed model can also be used to help a cancer center choose among different oncology candidates to be able to provide timely access to patients if they are expanding.










3. Model Formulation


In this section, we present a stochastic chance-constrained model to allocate oncologists’ capacities to new and returning patients with different cancer types. We then develop the deterministic equivalent of the model and solve the resulting mixed-integer linear program. While the primary objective of the proposed model is to minimize the deviation in the satisfied patient demand from the supply target, we also consider additional goals such as finding the optimal specialization mix of oncologists, balancing workload, and reducing the cost of support services.



Since oncologists are expensive resources to hire and there is a limited supply of them, cancer centers cannot guarantee to satisfy all patient demands. Instead, cancer centers try to utilize their existing resources effectively by determining a supply target and then attempting to hit that goal to provide timely patient access. Therefore, capacity allocation plays a crucial role in accomplishing cancer care delivery goals. Moreover, a mismatch between oncologists’ specialization mixes and patient demand distribution by cancer type results in failure to evenly meet patient demand for different cancer types. This implies the importance of creating an optimal specialization mix to meet patient demand.



Cancer patients follow various treatment regimens that require different numbers of visits. Some cancer types require more treatment visits than others. Therefore, assigning the same number of new patients to each oncologist does not necessarily lead to equal workloads. Unbalanced oncologist workloads create several difficulties, including dissatisfaction among the oncologists, and can impact the patient treatment process and patient safety. This highlights that workload balance across oncologists considering treatment requirements is a crucial factor in capacity planning [57]. Our proposed model considers this factor, which is achieved by restricting the utilization difference across oncologists as well as their clinic sessions.



Furthermore, the proposed model decreases the cost of support services by limiting the number of cancer types assigned to each clinic. Some support services such as pain management and diet counseling are common among cancer types. However, certain cancer types may require additional care depending on the nature of the cancer. For example, head and neck patients may need speech therapy. Having such cancer-dependent support services available in all clinics is costly. Therefore, our proposed model restricts the number of cancer types assigned to each half-day clinic to reduce the cost of support services while the deviation in the patient demand satisfied versus the supply target is still minimized and oncologists have high utilization.



The oncologists’ patient mixes can change due to different reasons such as hiring a new oncologist, changes in the preferences of the oncologists in terms of cancer types they would like to treat, changes in supply (i.e., adding/dropping clinics), patient demand, etc. Therefore, the planning horizon of the proposed model is flexible to give cancer centers the ability to update the specialization mix of oncologists in response to potential changes. A one-week planning horizon was used for our computational tests because our collaborating cancer center focused on developing scheduling templates that were used each week.



The sets, parameters, and variables used in the proposed mathematical model are as follows:




	
Sets



	
P: Set of oncologists (P = 1,2,…, p).



	
C: Set of cancer types (C = 1,2,…, c).



	
T: Set of half-day clinics (T = 1,2,…, t).



	
Parameters



	
    a   p    : Current specialization mix of oncologist   p  .



	
    d   c   N    : Random demand of new patients with cancer type   c  .



	
    d   c   R    : Random demand of returning patients with cancer type   c  .



	
    η   c   N    : Target quantile of new patient demand satisfaction for cancer type   c  .



	
    η   c   R    : Target quantile of returning patient demand satisfaction for cancer type   c  .



	
    U   p    : Maximum number of specializations assigned to oncologist   p .  



	
    L   p    : Minimum number of specializations assigned to oncologist   p  .



	
    O   c    : Minimum number of oncologists assigned to cancer type   c  .



	
    S   p t    : Number of available slots in clinic   t   of oncologist   p  .



	
    S   p t   ′   ,     S   p   t   ′     ′    : Binary input having a value of 1 if oncologist   p   is holding clinic   t   and     t   ′    , and 0 otherwise.



	
    h   p    : Maximum number of new patients oncologist   p   can see in each clinic.



	
    Φ   m a x    : Maximum number of cancer types assigned to clinics across all oncologists.



	
  ε  : Workload difference among the clinics of individual oncologists.



	
  δ  : Workload difference across oncologists.



	
    γ   c    : Returning to new demand ratio for cancer type   c  .



	
  M  : a big number.



	
Variables



	
    x   p c    : Binary variable taking a value of 1 if cancer type   c   is assigned to oncologist   p  , and 0 otherwise.



	
    n   t c    : Binary variable taking a value of 1 if cancer type   c   is assigned to clinic   t  , and 0 otherwise.



	
      y   p t c     N    : Integer variable for the number of slots assigned to new patients with cancer type   c   in clinic   t   of oncologist   p  .



	
      y   p t c     R    : Integer variable for the number of slots assigned to returning patients with cancer type   c   in clinic   t   of oncologist   p  .



	
    r   p   ,     r     p   ′      : Utilization of oncologist   p   and oncologist     p   ′     across all clinics.



	
    q   p t   ,   q     p   ′   t    : Utilization of oncologist   p   and oncologist     p   ′     in clinic   t  .



	
    w   c   N    : Deviation ratio from supply target for cancer type   c   for new patients.



	
    w   c   R    : Deviation ratio from supply target for cancer type   c   for returning patients.



	
    z   N    : Maximum deviation from supply target across new patients.



	
    z   R    : Maximum deviation from supply target across returning patients.








The model is formulated as follows:


    min  ⁡    z   N   +   z   R      



(1)







Subject to:


    ∑  p      ∑  t      y   p t c   N       ≥   d   c   N   ,       ∀   c ∈ C  



(2)






    ∑  p      ∑  t      y   p t c   R       ≥   d   c   R   ,       ∀   c ∈ C  



(3)






  2   ∑  c      y   p t c   N     +   ∑  c      y   p t c   R     ≤   S   p t   ,       ∀   p ∈ P ,   ∀   t ∈ T  



(4)






    ∑  t      y   p t c   R     ≥   γ   c     ∑  t      y   p t c   N     ,       ∀   p ∈ P ,   ∀   c ∈ C  



(5)






    ∑  t      y   p t c   R     ≤ M   ∑  t      y   p t c   N     ,       ∀   p ∈ P ,   ∀   c ∈ C  



(6)






    ∑  c      y   p t c   N     ≤   h   p   ,       ∀   p ∈ P ,   ∀   t ∈ T  



(7)






  2   ∑  t      ∑  c      y   p t c   N       +   ∑  t      ∑  c      y   p t c   R       =   r   p       ∑  t      S   p t     ,       ∀   p ∈ P  



(8)






  2   ∑  c      y   p t c   N     +   ∑  c      y   p t c   R     =   q   p t       S   p t   ,       ∀   p ∈ P ,   ∀   t ∈ T  



(9)






    ∑  t        y   p t c     N     ≤ M   x   p c   ,       ∀ p ∈ P , c ∈ C  



(10)






    ∑  t        y   p t c     N     ≥   x   p c   ,       ∀ p ∈ P , c ∈ C  



(11)






    x   p c   ≤   a   p   ,       ∀   p ∈ P ,   ∀   c ∈ C  



(12)






    ∑  p      y   p t c   N     +   ∑  p      y   p t c   R     ≤ M   n   t c   ,       ∀   t ∈ T ,   ∀   c ∈ C  



(13)






    ∑  c      n   t c     ≤   Φ   m a x   ,       ∀   t ∈ T  



(14)






    w   c   N   =     1     η   c   N           η   c   N   −   ∑  p      ∑  t      y   p t c   N         ,         ∀   c ∈ C  



(15)






    w   c   R   =     1     η   c   R           η   c   R   −   ∑  p      ∑  t      y   p t c   R         ,       ∀   c ∈ C  



(16)






    ∑  c      x   p c     ≥   L   p   ,       ∀   p ∈ P  



(17)






    ∑  c      x   p c     ≤   U   p   ,       ∀   p ∈ P  



(18)






    ∑  p      x   p c     ≥   O   c   ,       ∀   c ∈ C  



(19)






    q   p t   −   q     p   ′   t   ≤ ε +   1 −   S   p t   ′     +   1 −   S   p   t   ′     ′     ,       ∀   p ∈ P , ∀   t ∈ T ,   ∀     t   ′   ∈ T ,   t ≠   t   ′   ,   p ≠   p   ′    



(20)






    r   p   −   r     p   ′     ≤ δ ,       ∀   p ∈ P ,   ∀     p   ′   ∈ P , p ≠   p   ′    



(21)






    n   2 t c   +   n   2 t − 1 c   ≤ 1 ,       ∀   c ∈ C ,   ∀   t ∈ { 1 , … ,   ( p − 1 )  /  2 }    



(22)






    z   N   ≥   w   c   N   ,       ∀   c ∈ C  



(23)






    z   R   ≥   w   c   R   ,       ∀   c ∈ C  



(24)






    x   p c   ∈   0,1   ,       ∀   p ∈ P ,   ∀   c ∈ C  



(25)






    n   t c   ∈   0,1   ,       ∀   t ∈ T ,   ∀   c ∈ C  



(26)






    y   p t c   N   ≥ 0 ,       ∀   p ∈ P ,   ∀   t ∈ T ,   ∀   c ∈ C  



(27)






    y   p t c   R   ≥ 0 ,       ∀   p ∈ P ,   ∀   t ∈ T ,   ∀   c ∈ C  



(28)







Throughout the detailed model description N and R are used to denote variables and parameters associated with new and returning patients, respectively. The objective function (1) minimizes the deviation in the maximum satisfied new (    d   c   N    ) and returning patient demand (    d   c   R    ) from the supply target that is pre-defined by the decision-makers. The demand deviation for each cancer type is defined as the percentage of potentially unsatisfied demand. Because providing care for treating all cancer types is considered equally important, the objective function guarantees that the rate of unsatisfied patient demand for new and returning patients is balanced across cancer types. Constraints (2) and (3) define the supply target for meeting new and returning patient demand, respectively. Constraint (4) ensures that the capacity of each clinic is not exceeded. This constraint assumes that new patients require two slots for their first visit. Constraint (5) guarantees that adequate capacity is assigned for the returning patients of each oncologist to maintain care continuity, i.e., make sure patients can see the same oncologist every time they return to the cancer center. In this study, we collected three years of data from our collaborating cancer center to obtain the average ratio of the number of returning patients to the number of new patients for each cancer type (    γ   c    ). Constraint (6) ensures that returning patient slots for cancer type   c   are assigned to oncologist   p   only if new patient slots for that cancer type are already assigned to that oncologist. Constraint (7) specifies a maximum number of new patients that can be assigned to the oncologists’ clinic sessions. The oncologists’ overall and individual clinic utilizations are calculated in constraints (8) and (9), respectively; the terms that are multiplied by 2 represent the new patient slot required capacity as new patients require two slots. Constraints (10) and (11) link the specialization and slot assignments and establish that     y   p t c     can have a positive value only if cancer type   c   is assigned to oncologist   p  . The oncologist’s current specialization mix is considered in constraint (12), which ensures that only those cancer types that oncologists are specialized in can be assigned to oncologists. Constraint (13) relates the     y   p t c     and     n   t c     variables. Constraint (14) reduces the cost of support services by specifying the maximum number of cancer types that can be assigned to clinic   t  . Demand deviations from the desired supply targets are calculated in constraints (15) and (16), respectively. This deviation cannot be negative as the supply target is set equal to the   α  -quantile of demand defined in constraints (29) and (32) later in this section. Constraints (17) and (18), respectively, specify a lower bound and an upper bound for the number of specializations (cancer types) assigned to each oncologist. The minimum number of oncologists assigned to cancer type   c   is set in constraint (19). Constraint (20) calculates the workload difference between all pairs of an oncologist’s clinics and sets an upper bound (  ε  ) for this difference to provide a balanced workload across the clinics of an oncologist. Similarly, the overall workload between different oncologists is balanced in constraint (21). Constraint (22) ensures that when cancer type   c   is assigned to more than one clinic session, the assigned clinics cannot be in one day. The reason for this constraint is that new patient access will be adversely impacted if clinics assigned to cancer type   c   are not spread across the different days of the week. Constraints (23) and (24) define the maximum satisfied demand deviation from the supply target (unsatisfied demand to supply target ratio) for new and returning patients across all of the cancer types, respectively. Constraints (25)–(28) are integer restrictions and non-negativity constraints. Since new and returning patient demand is random, we replace constraints (2) and (3) with the following individual chance constraints, which place restrictions so that constraint violations, i.e., deviation from the supply target, are not too frequent:


  P     ∑  p      ∑  t      y   p t c   N       ≥   d   c   N     ≥   α   c   N   ,       ∀   c ∈ C  



(29)






  P     ∑  p      ∑  t      y   p t c   R       ≥   d   c   R     ≥   α   c   R   ,       ∀   c ∈ C  



(30)







Our selection of a stochastic chance-constrained model is based on the risk management perspective inherent in healthcare operations. Utilizing the chance-constrained approach, which is characterized by its risk-averse nature, enables us to impose probabilistic constraints individually on each demand point. By adopting a risk-averse approach, the chance-constrained method empowers decision-makers to account for demand uncertainty and mitigate risk by excluding more precarious scenarios based on their aversion level [58,59,60]. Constraints (29) and (30), respectively, imply that the slots assigned for new and returning patients with cancer type   c   should be at most the amount needed to satisfy the   α  -quantile of demand. Since these constraints are computationally intractable, a natural course of action is to replace these constraints with a tractable approximation using the method proposed by [61] to construct the deterministic equivalent constraints of (29) and (30). Since the probability distribution of patient demand is known, constraints (29) and (30) can be transformed into linear constraints by using the inverse of the cumulative distribution function as noted below:


    ∑  p      ∑  t      y   p t c   N       ≥   F   c   − 1       α   c   N     ,       ∀   c ∈ C  



(31)






    ∑  p      ∑  t      y   p t c   R       ≥   F   c   − 1       α   c   R     ,       ∀   c ∈ C  



(32)




where     F   c   − 1   (   α   c   N   )   and     F   c   − 1   (   α   c   R   )   are the   α  -quantile of the new and returning patient demand for cancer type   c  , respectively, which can be obtained from the corresponding demand probability distribution functions. Replacing constraints (2) and (3) with their deterministic equivalent constraints results in a mixed-integer linear programming model.




4. Numerical Experiments


This section illustrates many of the important cancer center operating questions that can be answered using the proposed model. To demonstrate the significance and usefulness of the model, we solve the model using data from a cancer center that we have collaborated with during the last several years. For model validation purposes, the proposed model was reviewed by our collaborating cancer center to ensure that the model accurately represents the system and achieves the intended objectives.



4.1. Cancer Center Background and Parameter Setting


We collected three years of data (2017–2019) from our collaborating cancer center for this study. Table 1 shows the new and returning patient demand distribution for each cancer type (    d   c   N     and     d   c   R    ). The current specialization mixes of the seven oncologists (    a   p   )   in the cancer center is considered as an input to find the optimal specialization mix (see Table 2). Depending on the oncologists’ full-time equivalence status for clinical duty, the number of clinics for each oncologist varies from three to five clinic sessions per week, and the number of planned slots for each clinic varies between 8 and 12 slots. The oncologists’ current weekly schedules and capacities are shown in Table 3. The numbers in this table show the number of available slots in each clinic (    S   p t   )  .



Based on discussions with the decision-makers in the collaborating cancer center, the values of   ε   and   δ   (maximum workload variability among the clinics of individual oncologists and across oncologists, respectively) are both set to be 0.1 and     Φ   m a x     is set to be 4. Also, the cancer center desires to satisfy patient demand for both new and returning patients at the 95th percentile (  α = 0.95  ). Moreover, the minimum and maximum number of specializations assigned to each oncologist varies between one and three to reflect the collaborating cancer center’s preferences (see Table 4). Since the cancer center does not have any requirements regarding the minimum number of cancer types assigned to each oncologist,     O   c     is set equal to 1 for all the oncologists. Furthermore, the maximum number of new patients that each oncologist is supposed to see in each clinic (    h   p   )   is set to two patients.



The model is solved in GUROBI on an Intel® Core i7 processor with 4.2 GHz CPU and 32 GB of RAM.




4.2. Sample Results from Model Application in the Cancer Center Context


This section presents the solution of the proposed resource allocation problem for the inputs described in Section 4.1. The proposed model offers an optimal weekly template for oncologists, which contains the number of slots assigned to each cancer type for new and returning patients across the oncologists’ weekly clinic sessions. The results are presented in Table 3, Table 4, Table 5 and Table 6.



Because all cancer types are considered to be equally important, the model minimizes the maximum deviation ratio (loss ratio) to decrease the variability in the loss ratio across cancer types for new and returning patients separately. The loss ratio is defined as the number of unserved patients divided by the amount of the   α  -quantile of the demand. The objective function value obtained for the cancer center under study is 0.37, which is the sum of the maximum deviation from the supply target for new (0.33) and returning (0.04) patients, as presented in Table 5. One reason for the larger variation in new (    w   c   R    ) versus returning (    w   c   N    ) patients is the integrality of     y   p t c   N    . Since the number of new patients each week is relatively small, even a deviation of one patient represents a percentage difference of 14 to 33 percentage points. The same argument holds for returning patients, but because the demand for returning patients is higher, the integrality of     y   p t c   R     does not impact the value of (    w   c   R    ) as much since a deviation of one patient only represents about 3 to 4 percentage points. Overall, the results suggest that the cancer center requires more capacity to meet the desired levels of new and returning patient demand.



Table 6 presents the optimal specialization mix for each oncologist. The results suggest that although oncologists may be able to serve patients from multiple cancer types, it might not be optimal to see patients within all their possible specialties. For example, oncologist 6 is specialized in seven cancer types, but the results suggest that to minimize patient loss and balance workload across the oncologists, this oncologist is only required to see patients within four of the cancer types that he is specialized in.



Table 7 presents the utilization among the oncologists as well as across the clinics of individual oncologists. The results show that the proposed model creates a balanced workload across the oncologists. Similar to demand deviation, the small variation in the oncologists’ utilization is due to the integrality of       y   p t c    . Based on the results, one of the oncologists experiences equal workload across his clinics, and the variability across the clinics is 8–9% for the other oncologists. However, this variability among the oncologists’ clinics is modest and, combined with the more important overall utilization balance, represents an effective workload balance. Moreover, the overall clinic capacity utilization is 0.89. However, capacity utilization increases when different factors such as the desired workload balance, the current specialization mix of the oncologists, and care continuity are relaxed. However, care continuity has the greatest impact on utilization because the model ensures that new patients can be scheduled with an oncologist only if the oncologist has enough capacity to accommodate the subsequent returning visits. This means that there may appear to be additional capacity to schedule more new patients, but because there is not enough capacity for the following returning visits, more new patients cannot actually be scheduled.



An additional benefit of the proposed model is that it can help cancer centers when they are hiring new oncologists to identify the primary specializations that a new hire should be able to treat in order to better meet patient demand. To use the model to find the required specialization mix for a new oncologist for this new hire scenario, the model is solved in two stages. We first solve the model to obtain the optimal specialization mixes of the existing oncologists and then use the obtained optimal specialization mix as input and solve the model to find the specialization mix for any new oncologist(s). Table 8 shows the specialization mixes obtained by the model for five different cases that are defined by a minimum and maximum number of cancer types that a new oncologist should see (represented by [L, U]). This allows the cancer center to evaluate the patient service impacts of hiring different new oncologists from a group of candidate oncologists based on the number and type of specialties the different oncology candidates can treat.




4.3. Evaluation of Cancer Center Parameters


This section provides an evaluation of changing three key cancer center operating parameters considered in the model as follows: the total number of cancer types assigned to each clinic session (    Φ   m a x    ), the flexibility levels of the oncologists (    a   p    ), and workload balance across the oncologists (  δ  ). Quantitative analyses are performed to show the impacts of each of these operating parameters and how the results can drive cancer center operating strategies and practices.



4.3.1. Impact of the Total Number of Cancer Types Assigned to Each Clinic Session


Some cancer types require support services such as lung navigators, pulmonologists, breast navigators, dietitians, speech therapists, etc., as a part of the patient treatment plan. However, due to the significant cost of these support services, cancer centers try to reduce the number of clinics requiring these services, i.e., the number of cancer types assigned to each clinic session, to decrease operational costs. In this study, we investigate the impact of the maximum number of cancer types that are assigned to each clinic session (    Φ   m a x    ) on the objective function value (the sum of the deviation in the maximum satisfied new and returning patient demand from the supply target) and capacity utilization (see Figure 1). If we desire to maintain a tight workload balance among the clinics of individual oncologists (  ε = 0.1  ), the problem becomes infeasible when     Φ   m a x   = 1   and     Φ   m a x   = 2  . The reason is that because of the number of cancer types, new and returning patient demand, and the distribution of oncologists’ clinics throughout the week in the collaborating cancer center, it is not feasible to assign one or two cancer types to each clinic session and simultaneously balance the workload among the clinics of individual oncologists. Therefore, we relax constraint (20) of the model for the results presented in this section.



The results show that as     Φ   m a x     increases, clinic capacity is more utilized, and the maximum demand deviation from the supply target is reduced for both new and returning patients because more patients (with different cancer types) can be scheduled in clinic sessions. The improvements are most significant when     Φ   m a x     changes from 1 to 2; the sum of the maximum demand deviation decreases by 63%, and the capacity utilization increases by more than 50%. When     Φ   m a x     rises to 3, the maximum deviations from the 95th percentile demand decrease by 37%, and capacity utilization improves by almost 5%. When     Φ   m a x   = 4  , the system performs only slightly better than the case where     Φ   m a x   = 3  ; capacity utilization increases by less than 1%, and demand deviation for new patients of only one cancer type halves. In both cases, all returning patient demand is satisfied, which leads to higher patient satisfaction, and clinic capacity is highly utilized. However,     Φ   m a x   = 3   results in a reduction in the operational cost of support services because at most three cancer types can be treated in each clinic session. Therefore, for the cancer center under study,     Φ   m a x   = 3   provides a better capacity allocation. Detailed results for the deviation from the supply target across the cancer types for different values of     Φ   m a x     are provided in Table 9. The results confirm that fewer demand types deviate from their supply targets as     Φ   m a x     increases.




4.3.2. Impact of Specialization Mix Flexibility


Specialization mix refers to the cancer types that each oncologist can treat. In this study, we investigate the impact of multiple specialization flexibility levels, as defined in Table 10. Flexibility levels 1–6 are based on the current specialization mix of the oncologists. For flexibility level 7, the current specialization mix is relaxed, and oncologists can treat any cancer type.



The results in this section and the next section are obtained by setting     Φ   m a x   = 3   based on the results presented in Section 4.3.1. Furthermore, similar to the argument made in Section 4.3.1, constraint (20) is relaxed to avoid potential infeasibility issues. The results presented in Figure 2 confirm that the more oncologists are flexible in their specialization mixes, the smaller the maximum deviation from the supply target. Moreover, as expected, the clinic capacity is more utilized at higher levels of flexibility. When oncologists are in the lower flexibility levels (levels 1–4), there is a mismatch between supply and demand, impacting patient access and overall capacity utilization. For example, in the cancer center under study, only one oncologist, who happens to be the most flexible one, sees patients with head and neck cancer (see Table 6). Since the demand for head and neck patients is relatively low, the oncologist’s capacity is not efficiently utilized at lower flexibility levels resulting in more cancer patients experiencing high wait times to see an oncologist. Interestingly, the results show that the oncologists’ current specialization mix is relatively flexible, as the satisfied demand deviations from the supply target are the same in levels 6 and 7 for both new and returning patients and the clinic capacity utilization is roughly equal. In the collaborating cancer center, there are only two oncologists who are highly flexible in the cancer types they can treat, while other oncologists treat two to three cancer types. This suggests that cancer centers do not need all of their oncologists to be highly flexible in terms of the cancer types that they can treat; even having a small number of highly flexible oncologists is sufficient to provide the flexibility needed to meet patient demand. This is an important finding because many oncologists prefer to focus on treating a limited number of cancer types. This result shows that a cancer center can provide high service levels by having most of their oncologists able to focus on serving two to four cancer types and only having one or two oncologists that can see many different cancer types.



Table 11 provides detailed results for the demand deviation for new and returning patients of each cancer type for different levels of specialization flexibility.




4.3.3. Simultaneous Impact of Workload Balance and Specialization Flexibility Level


Specialty care clinics try to balance the workload across resources to avoid workload dissatisfaction among oncologists. In most cancer clinics, oncologists are specialized in more than one cancer type. Therefore, adjusting the patient mix of oncologists can create a more balanced workload across oncologists. In this study, we consider five values for   δ   (workload difference across oncologists) to analyze its impact on demand deviation from the supply target and capacity utilization. Figure 3 and Figure 4 represent the simultaneous impact of workload balance and specialization mix flexibility level on deviation from the supply target and overall capacity utilization, respectively. The results confirm that, as concluded in Section 4.3.2, for each workload difference across oncologists (  δ  ), as oncologists become more flexible in terms of the cancer types they treat, deviation from the supply target and capacity utilization improves. Moreover, the results reveal that there is a correlation between the workload difference across oncologists and deviation from the supply target as well as capacity utilization; the more balanced the oncologists’ workloads are, the higher the demand deviation and the lower the overall capacity utilization. However, the results for both demand deviation and capacity utilization converge at higher levels of flexibility. The results also highlight that the impact of clinic flexibility on deviation from the supply target is greater than the impact of the allowable workload difference.






5. Conclusions


This study contributes to the sparse literature on capacity allocation in cancer centers. Oncology centers are trying to enhance their strategic, tactical, and operational policies to cope with the increasing number of cancer cases. Effective capacity allocation is one critical tactical decision that can help provide timely and high-quality care for patients. We propose a chance-constrained stochastic optimization model to allocate clinic capacity to patients with different cancer types considering uncertainties in new and returning patient demand. The objective of the model is to minimize the deviation in the patient demand satisfied versus the desired supply target. We develop the deterministic equivalent of the model and solve the resulting mixed-integer linear program to meet patient demand at a pre-defined quantile. The ability to use this model to answer important questions regarding how best to operate a cancer center is demonstrated by solving the model using data from our collaborating cancer center, which represents a medium-sized problem based on the data from [62], which show that 90% of oncology clinics have 12 or fewer oncologists. It is important to note that we applied our proposed model to a relatively small-scale cancer center. This allows us to solve the model using exact methods with a relatively small computational time (10.4 s on average). However, considering larger cancer centers, the application of heuristic algorithms to reduce computational complexity becomes more crucial. In addition, while our current approach emphasizes equitable treatment and resource allocation across all patient types, it is essential to recognize that certain cancer centers may prioritize one patient category over another. Therefore, future improvements to our methodology could benefit from considering different weightings for new and returning patient types to better align with the varying priorities of healthcare centers.



One goal of the proposed model is to find how much oncologist specialization flexibility is required to respond to patient demand uncertainty effectively. This could help a cancer center determine the optimal specialization configuration of oncologists based on their academic background and professional development. It could also help cancer center decision-makers identify the required specialization mix of a new hire to both reduce hiring costs and provide timely care for cancer patients. We investigate the impact of multiple specialization flexibility levels on demand deviation and capacity utilization. The results confirm that the ability to satisfy patient demand increases as oncologists become more flexible, and it is highest when all of the oncologists can treat any cancer type (an idealized context). A key insight related to this is that we show that not all oncologists need to be able to see a broad range of cancer types. Even having a small number of highly flexible oncologists is sufficient to achieve strong patient demand satisfaction. This is an important finding because, in practice, most oncologists prefer to treat only two to four cancer types, and these results confirm that most oncologists can do that and still result in high clinical efficiencies.



A second goal is to determine the effect of limiting the number of cancer types assigned to each clinic session as a way to reduce the costs of support services. A key insight that the results highlight is that the satisfied patient demand deviates less from the target level as more cancer types are assigned to clinic sessions. More specifically, the results show that assigning only one cancer type to each clinic hinders the ability to effectively meet care delivery goals. Therefore, assigning at least two and likely three cancer types to each clinic session is essential to meet patient demand at high levels. The benefit accrued from increasing from an upper limit of two to permitting three cancer types per clinic session would vary by cancer center setting, but for our collaborating cancer center, the benefits warrant shifting to three. Future research could develop a model primarily focused on minimizing the cost of support services that are required for treating each cancer type.



A third goal is to balance the workload across oncologists and their clinic sessions and see how balancing the workload interacts with providing good patient access. The proposed model balances the workload across oncologists and their clinic sessions by setting hard constraints on the maximum utilization differences across oncologists as well as among their clinics. Although it is important to balance the workload among oncologists, providing care for patients cannot be sacrificed significantly. The evaluation of workload differences among oncologists shows that there is a trade-off between workload balance and the patient demand that is satisfied. Cancer centers risk losing more patients as they try to create a more balanced workload. Thus, a key insight that the results highlight is that restricting the allowable workload difference among oncologists can achieve an acceptable trade-off between the two aforementioned factors; cancer centers can provide a satisfactory workload balance without compromising demand satisfaction very much. However, the number of unserved patients also depends on the flexibility level of the oncologists. A second key insight is that the results show that oncologist specialization flexibility plays a more important role than workload balance in the ability to satisfy patient demand targets. Thus, if we have a modest level of oncologist specialization flexibility, then it is easier to achieve better workload balance among the oncologists and achieve good patient access.



One main motivation of this study is to address the patient access issue that cancer centers are facing considering increasing patient demand. Cancer centers are constantly trying to improve resource utilization and modify their capacity to respond to demand uncertainties. In this study, we consider uncertainties in new and returning patient demand categorized by cancer types. However, we did not consider uncertainties related to no-shows and cancellations. Therefore, to improve the applicability of the model further, a future extension of the proposed model could be to consider no-show and cancellation uncertainties. Another limitation of the proposed model is that it does not include new patients’ oncologist choices. Some patients may request to see a particular oncologist for different reasons, such as the oncologist’s reputation and skills. Therefore, the proposed model can be further developed in the future to account for patients’ preferences. Another extension to the proposed model may include incorporating overbooking strategies. Moreover, future work can be performed to develop a model that considers the cost of having oncologists with different specialization mixes as well as the cost of specialized support services for specific cancer types.



As another future work, process mining could be applied to uncover patterns and bottlenecks in the scheduling processes. By analyzing event logs related to scheduling activities such as appointment requests, booking confirmations, rescheduling, and cancellations, healthcare systems could benefit from improved resource allocation and capacity planning. This could ultimately lead to more timely treatments for cancer patients.
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Figure 1. Impact of     Φ   m a x    . 
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Figure 2. Impact of flexibility level. 
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Figure 3. Simultaneous impact of workload balance and flexibility level on demand deviation. 
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Figure 4. Simultaneous impact of workload balance and flexibility level on capacity utilization. 
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Table 1. Weekly demand distribution across cancer types.






Table 1. Weekly demand distribution across cancer types.





	Cancer
	New Patients
	Returning Patients





	Benign hematology
	Poisson (9.45)
	Binomial (40, 0.82)



	Blood
	Poisson (2.31)
	Binomial (36, 0.84)



	Breast
	Poisson (2.58)
	Binomial (28, 0.81)



	Colon
	Poisson (3.58)
	Binomial (28, 0.75)



	Genitourinary
	Poisson (0.80)
	Binomial (25, 0.82)



	Head and neck
	Poisson (1.61)
	Binomial (17, 0.75)



	Lung
	Poisson (1.26)
	Binomial (25, 0.80)



	Skin
	Poisson (0.28)
	Poisson (0.81)










 





Table 2. Oncologists’ current specialization mixes.






Table 2. Oncologists’ current specialization mixes.





	Oncologist
	Specialization Mix





	1
	Benign hematology, blood, breast, colon, genitourinary, lung, skin



	2
	Benign hematology, blood



	3
	Benign hematology, blood, colon



	4
	Breast, colon



	5
	Benign hematology, genitourinary, lung



	6
	Benign hematology, genitourinary, head and neck, lung, skin



	7
	Breast, colon










 





Table 3. Oncologists’ weekly schedules and capacities.
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Clinic

	
Mon

AM

	
Mon

PM

	
Tue

AM

	
Tue

PM

	
Wed

AM

	
Wed

PM

	
Thu

AM

	
Thu

PM

	
Fri

AM




	
Oncologist

	






	
1

	
No Clinic

	
7

	
8

	
7

	
No Clinic

	
8

	
8

	
No Clinic

	
7




	
2

	
No Clinic

	
No Clinic

	
No Clinic

	
13

	
No Clinic

	
No Clinic

	
13

	
13

	
No Clinic




	
3

	
13

	
13

	
No Clinic

	
No Clinic

	
13

	
No Clinic

	
No Clinic

	
No Clinic

	
No Clinic




	
4

	
No Clinic

	
No Clinic

	
No Clinic

	
12

	
13

	
No Clinic

	
No Clinic

	
12

	
No Clinic




	
5

	
No Clinic

	
13

	
No Clinic

	
No Clinic

	
13

	
No Clinic

	
No Clinic

	
13

	
No Clinic




	
6

	
13

	
No Clinic

	
13

	
No Clinic

	
No Clinic

	
13

	
No Clinic

	
No Clinic

	
13




	
7

	
No Clinic

	
No Clinic

	
12

	
No Clinic

	
No Clinic

	
No Clinic

	
12

	
No Clinic

	
12











 





Table 4. Number of specializations assigned to each oncologist.
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	Oncologist
	      L   p      
	      U   p      





	1
	1
	3



	2
	2
	2



	3
	3
	3



	4
	2
	2



	5
	3
	3



	6
	1
	3



	7
	2
	2










 





Table 5. Patient loss and demand deviation from the supply target.
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Cancer

	
New Patients

	
Returning Patients




	
Num. of Unserved Patients

	
      w   c   N      

	
Num. of Unserved Patients

	
      w   c   R      






	
Benign hematology

	
4

	
0.286

	
1

	
0.027




	
Blood

	
1

	
0.200

	
1

	
0.029




	
Breast

	
1

	
0.200

	
1

	
0.038




	
Colon

	
2

	
0.286

	
1

	
0.040




	
Genitourinary

	
1

	
0.333

	
1

	
0.043




	
Head and neck

	
1

	
0.250

	
0

	
0.000




	
Lung

	
1

	
0.333

	
1

	
0.043




	
Skin

	
0

	
0.000

	
0

	
0.000











 





Table 6. Optimal oncologist specialization mix.






Table 6. Optimal oncologist specialization mix.





	Oncologist
	Specialization Mix





	1
	Blood, genitourinary, lung



	2
	Benign hematology, blood



	3
	Benign hematology, blood, colon



	4
	Breast, colon



	5
	Benign hematology, genitourinary



	6
	Benign hematology, head and neck, lung, skin



	7
	Breast, colon










 





Table 7. Clinic utilizations.
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Clinic

	
Mon

AM

	
Mon

PM

	
Tue

AM

	
Tue

PM

	
Wed

AM

	
Wed

PM

	
Thu

AM

	
Thu

PM

	
Fri

AM

	
      r   p      




	
Oncologist

	






	
1

	

	
0.857

	
0.857

	
0.857

	

	
0.857

	
0.857

	

	
0.857

	
0.857




	
2

	

	

	

	
0.846

	

	

	
0.917

	
0.923

	

	
0.895




	
3

	
0.846

	
0.923

	

	

	
0.923

	

	

	

	

	
0.897




	
4

	

	

	

	
0.917

	
0.833

	

	

	
0.909

	

	
0.886




	
5

	

	
0.917

	

	

	
0.917

	

	

	
0.846

	

	
0.892




	
6

	
0.917

	

	
0.833

	

	

	
0.917

	

	

	
0.917

	
0.896




	
7

	

	

	
0.909

	

	

	

	
0.909

	

	
0.818

	
0.879











 





Table 8. Required specialization mix for a new hire.






Table 8. Required specialization mix for a new hire.





	Case
	[L, U]
	Specialization Mix





	1
	[1, 2]
	Blood, breast



	2
	[1, 3]
	Blood, breast, skin



	3
	[1, 8]
	Blood, breast, skin



	4
	[2, 3]
	Blood, genitourinary, skin



	5
	[2, 4]
	Blood, genitourinary, skin










 





Table 9. Impact of     Φ   m a x     on patient loss and demand deviation from the supply target.






Table 9. Impact of     Φ   m a x     on patient loss and demand deviation from the supply target.





	
Cancer

	
      Φ   m a x     =   1    

	
      Φ   m a x     =   2    

	
      Φ   m a x     =   3    

	
       Φ   m a x     =   4     




	
       w   c   N       

	
      w   c   R      

	
      w   c   N      

	
      w   c   R      

	
      w   c   N      

	
      w   c   R      

	
      w   c   N      

	
      w   c   R      






	
Benign Hematology

	
0.786

	
0.622

	
0.286

	
0.000

	
0.286

	
0.000

	
0.286

	
0.000




	
Blood

	
0.800

	
0.618

	
0.400

	
0.088

	
0.200

	
0.000

	
0.200

	
0.000




	
Breast

	
0.800

	
0.615

	
0.400

	
0.000

	
0.200

	
0.000

	
0.200

	
0.000




	
Colon

	
0.714

	
0.480

	
0.286

	
0.000

	
0.286

	
0.000

	
0.143

	
0.000




	
Genitourinary

	
0.667

	
0.565

	
0.333

	
0.130

	
0.333

	
0.000

	
0.333

	
0.000




	
Head and Neck

	
0.750

	
0.600

	
0.250

	
0.000

	
0.250

	
0.000

	
0.250

	
0.000




	
Lung

	
0.667

	
0.522

	
0.333

	
0.000

	
0.333

	
0.000

	
0.333

	
0.000




	
Skin

	
0.000

	
0.500

	
0.000

	
0.000

	
0.000

	
0.000

	
0.000

	
0.000











 





Table 10. Investigated flexibility levels.






Table 10. Investigated flexibility levels.





	Flexibility Level
	Description





	1
	Oncologists can see at least one cancer type



	2
	Oncologists can see at most two cancer types



	3
	Oncologists can see at most three cancer types



	4
	Oncologists can see two to three cancer types



	5
	Oncologists can see two to four cancer types



	6
	Current specialization flexibility



	7
	Fully flexible specialization mix










 





Table 11. Impact of flexibility level on patient loss and demand deviation from the supply target.
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Cancer

	
Level 1

	
Level 2

	
Level 3

	
Level 4




	
     w   c   N     

	
     w   c   R     

	
     w   c   N     

	
     w   c   R     

	
     w   c   N     

	
     w   c   R     

	
     w   c   N     

	
     w   c   R     




	
Benign hematology

	
0.500

	
0.000

	
0.357

	
0.000

	
0.500

	
0.189

	
0.500

	
0.081




	
Blood

	
0.400

	
0.265

	
0.400

	
0.118

	
0.400

	
0.176

	
0.400

	
0.088




	
Breast

	
0.400

	
0.231

	
0.600

	
0.154

	
0.400

	
0.077

	
0.400

	
0.077




	
Colon

	
0.429

	
0.320

	
0.429

	
0.240

	
0.286

	
0.000

	
0.429

	
0.080




	
Genitourinary

	
0.667

	
0.304

	
0.667

	
0.261

	
0.333

	
0.174

	
0.333

	
0.087




	
Head andneck

	
0.500

	
0.333

	
0.500

	
0.200

	
0.500

	
0.200

	
0.500

	
0.067




	
Lung

	
0.333

	
0.000

	
0.333

	
0.000

	
0.333

	
0.000

	
0.333

	
0.000




	
Skin

	
0.000

	
0.000

	
0.000

	
0.000

	
0.000

	
0.000

	
0.000

	
0.000




	
Cancer

	
Level 5

	
Level 6

	
Level 7

	




	
     w   c   N     

	
     w   c   R     

	
     w   c   N     

	
     w   c   R     

	
     w   c   N     

	
     w   c   R     

	

	




	
Benign hematology

	
0.500

	
0.027

	
0.286

	
0.000

	
0.286

	
0.000

	

	




	
Blood

	
0.400

	
0.059

	
0.200

	
0.000

	
0.200

	
0.000

	

	




	
Breast

	
0.400

	
0.000

	
0.200

	
0.000

	
0.200

	
0.000

	

	




	
Colon

	
0.429

	
0.000

	
0.143

	
0.000

	
0.143

	
0.000

	

	




	
Genitourinary

	
0.333

	
0.000

	
0.333

	
0.000

	
0.333

	
0.000

	

	




	
Head and neck

	
0.500

	
0.067

	
0.250

	
0.000

	
0.250

	
0.000

	

	




	
Lung

	
0.333

	
0.043

	
0.333

	
0.000

	
0.333

	
0.000

	

	




	
Skin

	
0.000

	
0.000

	
0.000

	
0.000

	
0.000

	
0.000
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