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Abstract
Outpatient chemotherapy clinics face rising demand and growing patient dissatisfaction,
creating pressures to improve efficiency while sustaining quality care. This study uses an
agent-based simulation of a National Cancer Institute (NCI)-designated cancer center’s infu-
sion clinic to evaluate the effectiveness of three proposed operational changes: setting up
an on-site laboratory, adapting nurse staffing based on anticipated demand increases, and
balancing appointment scheduling via simulation optimization. The model, calibrated with
historical data, tracks patient visit length and nurse utilization. Our study shows that com-
bining an on-site lab with optimized scheduling reduces average visit length by about 75–90
minutes (approximately 30%) under various demand levels, smoothing workflow peaks. The
study also shows that modest increases in nursing staff ensure timely patient throughput with
7–10% decreases in nurse utilization. Joint implementation of these operational changes out-
performs individual changes, highlighting important synergies and the value of an integrated
operations strategy. Overall, the study demonstrates a generalizable simulation-based frame-
work to guide oncology process redesign and strategic decisions such as capacity expansion
or facility relocation.

Keywords Healthcare process redesign · Oncology · Process improvement · Simulation
optimization

1 Introduction

The increasing prevalence of cancer worldwide has sparked a surge in demand for oncology
services, including the Outpatient Chemotherapy Process (OCP), a critical component of
cancer treatment. In 2018, an estimated 9.8 million patients required first-course chemother-
apy annually, which is expected to increase to 15 million by 2040 (Wilson et al., 2019). This
indicates a 53% demand surge for chemotherapy services, corresponding to roughly a 2%
annual increase in demand, with many of these patients residing in low-income or middle-
income countries (Wilson et al., 2019). Chemotherapy requires intricate coordination and
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management due to its profound physical and psychological impacts on patients (Dollinger,
1996; Meaney et al., 2017; Todres and Wojtiuk, 1979), as well as operational challenges like
the variability in treatment times, different cancer types, various chemotherapy protocols, and
limited resources such as the availability of pharmacists and nurses (Heshmat and Eltawil,
2017; Mustapha et al., 2016). The challenge is further complicated by the need to coordinate
across multiple departments, such as the administration of chemotherapy drugs in the phar-
macy and blood tests in the laboratory, thus necessitating the improvement of operational
efficiency for cancer care (Corsini et al., 2023; Heshmat et al., 2022; Lamé et al., 2016).

Existing research efforts have focused primarily on achieving operational objectives, such
as minimizing waiting times, reducing idle time, and improving resource utilization (Zhan
et al., 2017). Mathematical modeling and optimization methods have been employed for
scheduling and resource allocation in healthcare settings, guided by well-defined objectives
and constraints (typically linear), and underscore the value of optimization in improving
oncology clinic operations (Liang et al., 2015). However, some empirical research highlights
that delays in outpatient chemotherapy are propelled by three structural drivers: volatile
appointment scheduling, misaligned resource allocation, and fragmented process design.
These weaknesses manifest as slow registration and insurance checks, lengthy laboratory
turnaround, drug-compounding queues, nurse shortages, and constrained chair capacity
directly erode patient satisfaction (Hendershot et al., 2005). Since these three drivers interact
in unpredictable, highly dynamic, and nonlinear ways, mathematical optimization models
can become intractable formany practical problems (Chen et al., 2023; Jarrett et al., 2020). As
a result, simulation has emerged as a useful tool for accurately representing these dynamics
over time and providing detailed and exploratory insights (Goswami et al., 2024; Jalalimanesh
et al., 2017).

Simulation models have demonstrated their effectiveness as analytical tools in health-
care operations, aiding in exploring operational dynamics and patient flow within oncology
settings (Alvarado and Ntaimo, 2018; Corsini et al., 2023). However, existing simulation
studies typically evaluate policies under fixed and steady-state conditions, sidestepping the
realities of demand growth and ongoing process drift. This reveals gaps in strategic planning
for future demand and operational adjustments, suggesting that more adaptive and forward-
looking simulation models can be developed to ensure that oncology clinics meet changing
healthcare needs without sacrificing quality or efficiency (Woodall et al., 2013). Another lim-
itation is to capture human behavior and interactions during simulation. Recent studies have
combined agent-based simulation (ABS) with traditional discrete event simulation (DES)
by modeling each patient and caregiver as an autonomous entity whose decisions evolve
with system state (Corsini et al., 2023). A third limitation lies in the what-if analysis used
in simulation studies to evaluate the impact of various changes on a system’s performance.
Such analyses often focus on a limited number of hypothetical scenarios, leaving many other
potential situations unexplored. This can restrict the comprehensiveness of the analysis and
potentially overlook interactions of different components of the system (Hadid et al., 2022).

To address these gaps, we develop an ABSmodel of an academic oncology infusion clinic
that captures patient flow and resource interactions. The model is calibrated using empirical
operational data and validated against it. We further embed simulation-based optimization to
explore appointment patterns under prospective demand growth and utilization constraints.
Unlike prior work that isolates scheduling, staffing, or process redesign, our approach eval-
uates these components jointly to uncover interaction effects and operational trade-offs. The
methodology used to evaluate efficiency and process improvements, along with the recom-
mendations drawn from the case study, offer valuable insights for other oncology outpatient
clinics experiencing increased demand in the coming years.
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The rest of this paper is organized as follows. Section 2 provides a review of literature
on oncology process optimization, highlighting the gaps in current research and the need
for improved simulation analysis. Section 3 details the development and specification of our
simulation model, including the processes at the Rutgers Cancer Institute of New Jersey and
model validation. Section 4 presents experimental settings, the findings of our simulation
study, and their implications for improving the operations of oncology outpatient units.
Finally, Section 5 concludes the paper, discussing the limitations of our study and suggesting
directions for future research.

2 Literature review

There is an extensive body of literature on the use of simulation in healthcare operations.
Given that this paper focuses on oncology clinics with unique characteristics, we limit our
review to simulation studies on outpatient chemotherapy.

Table 1 illustrates that while simulation research on outpatient chemotherapy has grown
steadily, the studies are dispersed across various topics. Researchers have employed what-
if analysis to explore improved appointment schedules, optimized staffing plans, and more
efficient day-to-dayworkflows. However, few studies have simultaneously examined all three
components holistically and used simulation optimization techniques to search for optimized
system designs, particularly in the context of rising patient demand. In the following sections,
we review the literature for each component individually.

Appointment Scheduling. Scheduling of chemotherapy appointments is a complex puz-
zle, as clinics juggle patient preferences, varying treatment durations, and downstream tasks
(labs, pharmacy) that precede each visit. The objective is to create appointment timetables that
maximize the utilization of chairs and staff whileminimizing patient waiting time.Most stud-
ies on this topic use mathematical models to optimize schedules, while simulation remains
the principal means to evaluate same-day scheduling rules under real-world variability. His-
torical data have been used to test alternative templates and recommend a balanced mix of
long and short infusions Ahmed et al. (2011). Staggering start times and capping simultane-
ous arrivals increased throughput and were implemented in practice Woodall et al. (2013). A
hybrid study first optimized a timetable and then simulated infusion-time uncertainty, identi-
fying schedules that remained effective under randomness Liang et al. (2015). Heuristics are
assessed in the same way: “longest infusion first” rule performs well under random defer-
rals but is sensitive to pharmacy delays Garaix et al. (2020), whereas sequencing patients
by decreasing infusion length raises efficiency only when arrivals and drug preparation are
perfectly on time Suss et al. (2018). In all of these cases, simulation functions mainly as
an evaluation stage, validating pre-specified rules rather than driving an iterative search for
optimal schedules.

Resource Allocation. Simulation models are widely used to pinpoint bottlenecks in
nurses, pharmacists, infusion chairs, and ancillary spaces and then test ways to relieve them.
Early work showed that increasing chair–nurse dyads steadily reduces waiting, but with
diminishing returns Matta and Patterson (2007). A comprehensive study of a cancer agency
demonstrated that the availability of nurses, chairs, and physicians jointly govern delays,
yet the greatest leverage came from rebalancing existing resources rather than adding new
capacity Santibáñez et al. (2009). At the Duke Cancer Institute, simulation identified nurse
unavailability as the dominant bottleneck; coupling a mixed-integer scheduling model with
the simulation improved flow without adding additional staff Woodall et al. (2013). Similar
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Table 1 Representative simulation-based studies in oncology clinic operations (2005–2025)

Study (Year) Scheduling Resource Process Demand Method

Matta and Patterson (2007) ✓ ✓ DES

Santibáñez et al. (2009) ✓ ▲ ✓ DES

Ahmed et al. (2011) ✓ ▲ DES

Lu et al. (2012) ✓ DES

Masselink et al. (2012) ✓ DES

Yokouchi et al. (2012) ✓ ▲ DES

Woodall et al. (2013) ▲ ✓ ✓ DES+OPT

Liang et al. (2015) ✓ ✓ ▲ DES+OPT

Baril et al. (2016) ✓ DES

Alvarado and Ntaimo (2018) ✓ ✓ DES+OPT

Suss et al. (2018) ✓ DES

Liu et al. (2019) ▲ ✓ ✓ DES

Baril et al. (2020) ✓ DES+DOE

Lamé et al. (2020) ✓ DES

Heshmat and Eltawil (2021) ✓ ✓ DES+OPT

Slocum et al. (2021) ✓ DES

Hadid et al. (2022) ✓ ✓ ▲ DES+OPT

Corsini et al. (2023) ✓ ✓ ▲ ABS+DOE

✓ indicates that a topic is explicitly addressed in the paper; ▲ indicates that a sensitivity or minor test is
conducted in the paper
DES = discrete-event simulation; ABS = agent-based simulation; DOE = design of experiment;
OPT = optimization

scenario tests revealed that simply hiring more nurses was less effective than adjusting arrival
patterns Ahmed et al. (2011), underscoring the interaction between staffing and scheduling.
Hybrid optimization–simulation frameworks push the analysis further: one study balanced
chair utilization across heterogeneous regimens by jointly choosing schedules and resource
mixes Liang et al. (2015); another DES-based model re-assigned nurses dynamically to
raise effective capacity Alvarado and Ntaimo (2018). Design-of-experiments map perfor-
mance across nurse-to-chair ratios and offer robust staffing rules Baril et al. (2020), while a
capacity-planning tool links nurse–pharmacist mixes to service targets as demand grows Liu
et al. (2019). Recent multi-objective studies combined simulation with meta-heuristics or
stochastic optimization to simultaneously minimize waiting time, overtime, and cost Hesh-
mat and Eltawil (2021); Hadid et al. (2022). These studies confirm that smart rostering and
judicious capacity additions can accommodate high volumes more effectively than simple
staffing increases, yet mostmodels still evaluate pre-set resource scenarios rather than search-
ing the full design space iteratively.

Process Redesign. Beyond scheduling and staffing, process redesign interventions target
the structure and sequence of tasks in the chemotherapy visit. Real-time pharmacy–clinic
coordination and parallel tasking reduce the overall length of stay Lamé et al. (2020).
Pharmacy batching and pre-mix policies further compress compounding time and smooth
workload peaks Lu et al. (2012); Masselink et al. (2012). Lean-oriented studies show that
co-locating services and removing redundant steps accelerate patient flow Baril et al. (2016);
Santibáñez et al. (2009). An agent-based model demonstrates that synchronizing external
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pharmacy deliverieswith chair availabilitymarkedly lowerswaiting timeCorsini et al. (2023).
Additional redesigns, installing an on-site pharmacy, dedicating pre-treatment nurses, and
resequencing lab-consultation-infusion activities also expedite throughput Suss et al. (2018).
These studies show that altering task sequencing, information flow, or physical layout can
yield substantial, clinic-wide performance gains, yet they are typically evaluated in isolation
from scheduling and staffing decisions, highlighting the need for integrated analysis.

Despite the progress summarized above, two main research gaps continue to limit the
practical relevance of simulation studies. First, most simulation studies optimize only one
operational componentwhile treatingothers asfixedparameters.A fewpapers hint at the value
of a broader view, such as evaluating schedules alongside nurse capacity Santibáñez et al.
(2009), co-optimizing slotting and nurse assignment Alvarado and Ntaimo (2018), or jointly
tuning slot patterns and staffing in a multi-objective scheme Hadid et al. (2022). In addition,
global forecasts anticipate a sustained increase in chemotherapy volume over the coming
decadesWilson et al. (2019); nevertheless,mostmodels tune parameters to current attendance
levels and report gains that may erode as caseloads grow. To our knowledge, no existing work
integrates all three components while also assessing robustness under increasing demand.

Second, most studies use what-if analysis to evaluate limited scenarios, while some adopt
an optimization-then-simulation sequence: a heuristic or mathematical program proposes a
schedule, which is further validated through simulation Ahmed et al. (2011); Masselink et
al. (2012); Slocum et al. (2021). Only a few papers embed optimization inside the simulation
loop, and even then, the search space remains narrow: one calls a mixed-integer model
while keeping resources fixed Liang et al. (2015), and another optimizes start dates before
simulation refines daily slots Heshmat and Eltawil (2021). As a result, few studies have
attempted to realize the full potential of simulation optimization, which can search a large-
scale design space and explore multi-objective trade-offs among waiting time, overtime, and
cost, particularly subject to prospective demand scenarios.

These omissions are notmerely academic: hospital leadersmust choose portfolios of inter-
ventions that will hold up under future growth and shifting workflows. To fill this gap, the
present study develops an ABSmodel with detailed operational data from the Rutgers Cancer
Institute and searches for optimized system designs using simulation optimization. By cap-
turing agent-level interactions and testing policy bundles under demand growth scenarios, the
study provides a comprehensive, demand-aware evidence base for outpatient chemotherapy
management and offers actionable guidance on which combinations of components deliver
resilient improvements.

3 The simulationmodel

In this section, we will present the general process for studying efficiency and process
improvement in oncology clinic settings, illustrated through the case study at Rutgers Can-
cer Institute. We first introduce the background of this case study and then present the three
simulation model development steps.

3.1 Background and general approach

The Rutgers Cancer Institute, affiliated with RWJBarnabas Health (RWJBHealth), is part
of the Robert Wood Johnson Medical School. It is one of the nation’s 57 National Cancer
Institute-designated Comprehensive Cancer Centers and the only one inNew Jersey. Through
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its affiliation with RWJBHealth, the Rutgers Cancer Institute provides adult and pediatric
patients access to the most advanced cancer treatment options, including clinical trials, pre-
cision medicine, immunotherapy, complex surgical procedures, and sophisticated radiation
therapy techniques. This partnership ensures that patients across the RWJBHealth network
can benefit from the Rutgers Cancer Institute’s specialized oncology services. It manages
over 100,000 patient visits annually, reflecting its significant role in cancer care in the region.

The Rutgers Cancer Institute has experienced significant growth over the past several
years in terms of patient visits and treatments. Such growth trends are expected to continue
in the coming years as the center transitions into New Jersey’s first freestanding cancer
hospital in a new 12-story, 510,000-square-foot pavilion. However, current service lines face
challenges in operational inefficiencies, which lead to long waiting times, understaffing, poor
care coordination, and a lack of access to timely appointments. The utilization of resources
(e.g., clinic room utilization and infusion chair turnover) has also not reached its potential.
To improve patient experience, the Rutgers Cancer Institute leadership, including leading
physicians, chief nursing officers, and vice presidents, has recognized that existingworkflows
are incapable of addressing variations in visit length across providers and service units.
They have also recognized the pressing need for standardized operations and compliance
with procedures, such as signing chemo orders and lab requests. As a result, the Rutgers
Cancer Institute teampartneredwithRutgersBusinessSchool (RBS) to identify bottlenecks in
clinical workflows, aiming to enhance resource utilization, reduce waiting time, and improve
the overall patient experience.

We followed a structured approach in developing the simulation model, encompassing
three stages: process study, model development, and model validation Abdou et al. (2012).
The process study stage identifies specific issues and defines the key processes that the model
will simulate. The model development stage involves the creation of the simulation model,
which includes the design of the environment’s layout and the definition of agents and their
communication mechanisms to ensure realistic interactions and behaviors. Finally, the model
validation phase involves rigorous validation, comparing themodel’s output against empirical
data or theoretical standards to confirm its fidelity to the real-world phenomena it aims to
model. Later sections will systematically dissect each phase, detailing our approach to model
development.

3.2 Process study

The study focuses on the busiest location at the Rutgers Cancer Institute, the ambulatory
unit in East Tower, where all hematologic malignancy and stem cell transplant patients
are managed. Our goal is to improve patient treatment processes, evaluated using two key
performance metrics: daily patient visit length (abbreviated as patient visit length for the
remainder of this paper) and daily nurse utilization (abbreviated as nurse utilization).

• Patient visit length is defined as the time from a patient’s check-in to check-out, and the
daily average visit length is the mean of all patient visits within a day.

• Nurse utilization is calculated as the total time nurses spend serving patients divided
by the total available nurse-hours in a day. Each nurse’s available hours are determined
by their working hours multiplied by the maximum number of patients they can serve
simultaneously. For example, if nine nurses work eight hours each and can serve two
patients at a time, the total available nurse-hours for the day is 9 × 8 × 2 = 144.
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Fig. 1 Flowchart of the patient visiting processes

Note that these metrics specifically measure performance for infusion (chair) visits and
standalone lab visits, as they directly impact the quality of patient care and operational
efficiency of oncology clinics.

To obtain an accurate picture of patient flows, the RBS team worked closely with the
Rutgers Cancer Institute team and spent three months conducting on-site observations and
data collection. Specifically, a groupof graduate studentsworkedwith nurses and the associate
chief nursing officer to observe and log patient flows from June to August 2022. They also
collectedfirst-hand information onmajor concerns frompatients and feedback fromnurses. In
addition, theRBS team analyzedRutgers ElectronicHealthRecord (EHR) data to supplement
the field study. Through cross-validation based on the two data sources, we first developed
the process flow map. Figure 1 depicts the processes captured for each patient category, as
well as resources seized in certain processes (color coded).

As seen from Figure 1, the patient journey begins at the front desk, where staff record
patient information and validate insurance details. Two main categories of patient visits
are identified: those involving chemotherapy infusions (termed “routine” visits) and those
involving other clinical services without chemotherapy (termed “clinical” visits). Clinical
visits refer to appointments for non-chemotherapy care (e.g., consultations or other treatments
with physicians), whereas routine visits involve regular chemotherapy infusions or related
treatments (such as blood transfusions) administered in chemotherapy chairs. Patients must
pass blood tests to prepare for the upcoming chemotherapy. Based on these requirements, we
can categorize patients into three groups, where their specific processes are described below
with nodes marked by square brackets ([ ]) corresponding to those in Figure 1:

• Infusion patients (chair visits) who undergo blood tests and chemotherapy on chemo-
chairs. As shown in Figure 1, these patients proceed from [Check-in] to [Vital-signs
Collection] for assessment. If patients have not completed their blood test prior to the
visit, they will proceed with the [Blood Draw&Offsite Lab] step. During this step, blood
samples are collected and sent to the hospital laboratory affiliatedwith theRutgers Cancer
Institute for off-site processing. Nurses are notified of the lab results upon completion
and verify if the patient is ready to proceed to therapy. To ensure quality care and patient
satisfaction, each nurse is assigned a maximum of two patients. If blood test results
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Table 2 Summary statistics of
the EHR data from the Rutgers
Cancer Institute

Patient Category October November December

Chair Visits 851 893 887

Lab Visits 223 231 318

Total Visits 1,074 1,124 1,205

Unique Patients 545 565 620

Resource Pool Numbers

Technicians 2

Nurses (on average) 9

Chemotherapy Chairs 21

Lab Rooms 4

indicate that infusion is contraindicated, patients will not proceed to the therapy step.
Instead, they exit the queue via [Check-out], and any previously allocated infusion slot,
as well as the nursing and chair resources, are released. If the patient is ready for therapy
and when a therapy chair becomes available, the patient then proceeds to the [Chemo
Administration] step, where the assigned nurse will collect the prescribed chemotherapy
treatments from the pharmacy and administer them to the patient on the assigned therapy
chair.

• Infusion patients (lab visits) who only require lab procedures and do not occupy chemo-
chairs, such as blood draws or injections, without additional treatments on the same
day. This includes patients who come for blood tests for future chemotherapy sessions
or routine activities like injections. These patients follow the path [Check-in] → [Lab
Processing]→ [Check-out]. They are free to leave immediately after their lab procedures.

• Consultations patientswho receive clinical services fromproviders, excluding chemother-
apy. They visit doctors for comprehensive assessments and consultations in specific labs
or procedure rooms, following a path of [Check-in]→ [Vital-signs Collections]→ [Con-
sultation] or [Lab Processing] → [Check-out], different from an infusion visit after the
department check-in.

To supplement our observations and refine the learned process, we further extracted
patient-level timestamps from the institute’s electronic health record (EHR) database for
all ambulatory encounters between October and December 2022. Table 2 summarizes the
numbers of visits related to infusions (chair visits) and standalone lab visits. Note that vis-
its consisting solely of provider consultations (with no infusion or lab procedure that day)
are excluded, as the focus of this study is on the infusion clinic workflow, and consultation
patients utilize a distinct set of resources separate from those used for infusion and lab visits.
Table 2 also reports the availability of key resources, such as chemotherapy chairs and lab
rooms. Specifically, the data reveals that the clinic handled a growing number of monthly
patient visits, with 1,074 visits in October, 1,124 in November, and 1,205 in December. The
unique patients also increased from 545 in October to 620 in December. Additionally, the
clinic was supported by 4 lab rooms and 21 chemotherapy chairs throughout the period. On
average, the clinic’s daily operations were facilitated by 9 nurses and 2 vital clinicians.

Based on input from the clinical team of the Rutgers Cancer Institute, chair visit-
s/chemotherapy treatments were the main bottleneck in clinic operations. Following their
insights, we mapped the EHR data onto the process flow outlined in Figure 1. Specifically,
we calculated the distribution of patients across three service categories and the correspond-
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ing length of stay. The analysis confirmed that chair visits/chemotherapy treatments account
for 45% of total patient encounters and have the longest average length of stay of about 250
minutes. In comparison, lab visits only account for 29% of total patient encounters, with
a shorter average length of stay of less than 170 minutes. The distribution of service cate-
gories underscores the importance of simulating patient flow and clinic operations for chair
visits/chemotherapy patients.

3.3 Model development

Based on the flowchart and data learned in the process study, we proceeded to develop a
simulation model in AnyLogic. AnyLogic is a versatile simulation software that supports
agent-based, discrete event, and system dynamics modeling. It facilitates the creation of
complex models with a user-friendly interface and provides powerful tools for visualizing
and analyzing simulation results.

Our AnyLogic model creates a nurse agent pool, where each nurse can handle up to 2 con-
current patients. If all nurses are fully occupied, incoming patients wait in the queue. Chairs
are modeled as resources with the pool size of chairs limited to 21. When a patient completes
labs or vital checks, the model checks nurse and chair availability before proceeding to the
infusion stage. If resources are unavailable, the patient enters a queue until a nurse agent and
a chair resource both become available. In practice, once a pharmacist verifies the order and
prepares the chemotherapy, a nurse physically collects the medication and proceeds with the
patient’s infusion. We therefore incorporate the pharmacy compounding and pick-up time
into one combinedmeasure labeled “chemo administration.” This composite duration reflects
both drug preparation and nurse infusion activity. Preliminary observations and discussions
with clinical staff indicated that pharmacy was not the primary bottleneck in this particu-
lar study: nurses typically collected medications without significant queuing. In addition,
pharmacy delays are treated as an exogenous factor: they may influence our results, but they
are not an operational level that the clinic can directly change or control. However, should
future demand shifts or operational data reveal that pharmacy is a distinct constraint (e.g.,
limited compounding hoods or increased complex regimens), the model can be extended to
treat pharmacy as an independent resource pool with capacity parameters. Such an extension
might reveal additional optimization opportunities, particularly if pharmacy delays interact
with nurse scheduling during peak hours.

Figure 2 shows a 3-dimensional (3D) view of the simulation developed, illustrating the
patient flow through various stages of the healthcare process, including registration, waiting,
consultation, and discharge. Note that the figure is a schematic representation; in the actual
facility, the functional areas are distributed across separate rooms. The nurse station, which
serves as the coordination hub for caring staff, is also depicted in the model. This 3D visual-
ization helps stakeholders better understand the system dynamics and identify potential areas
for improvement.

To ensure the reliability and validity of simulations, it is essential to select appropriate
probability distributions with accurately estimated parameters to drive the simulation. This
is particularly important in systems characterized by significant randomness or uncertainty.
For this study, we employed the Python 3 fitter library to determine the time distributions
for each random process described in Figure 1. The fitter package, which leverages SciPy’s
suite of statistical functions, automates the fitting process by comparing multiple candidate
distributions using the following metrics:
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Fig. 2 3D view of the Rutgers Cancer Institute simulation model. Note: Labels indicate the key stages of
the patient flow: check-in, vital-signs collection, waiting area, lab rooms, infusion chairs, nurse station, and
check-out

Table 3 Fitted distributions and test statistics for selected processes in simulation

Process Distribution SSE (×10-5) Kolmogorov–Smirnov test

Vital-signs Collection Burr1 1.40 D = 0.033, p = 0.179

Blood Draw & Offsite Lab Double lognormal2 0.70 D = 0.031, p = 0.184

Chemo Administration Weibull3 2.10 D = 0.044, p = 0.443

1 Burr (c = 2.18, d = 1.06, loc = 0.00, scale = 13.32)
2 Double lognormal (w = 0.65, s1 = 0.68, λ1 = 42.31, s2 = 0.24, λ2 = 69.42)
3 Weibull (c = 1.17, loc = 1.68, scale = 148.17)

• TheAkaike Information Criterion (AIC). AICmeasures the relative quality of a statistical
model for a given set of data, assessing the trade-off between the model’s goodness of fit
and complexity Akaike (1974).

• The Bayesian Information Criterion (BIC). BIC is similar to AIC but includes a stronger
penalty for models with more parameters, which helps select simpler models with better
predictive performance Schwarz (1978).

• Kolmogorov-Smirnov (KS) goodness-of-fit test. The KS test evaluates how well the
observed data conforms to the expected distribution, ensuring they fit well and remain
robust in their predictive capabilities.

We evaluated awide range of distributions for each randomprocess.We randomly selected
about 60% of unique dates from historical data for parameter fitting (training), constituting
1,549 patients for chair visits. The remaining data are used as the testing group in the model
validation in Section 3.4. The best-fit distribution was chosen based on combined AIC/BIC
rankings and KS goodness-of-fit tests. When these metrics have different rankings, priority is
given to the KS test results, as they provide the most direct measure of the model’s accuracy.

Table 3 presents the best-fit distributions for three key processes in the simulation, along
with their goodness-of-fit statistics. Specifically, for each fitting, the SSE (Sum of Squared
Errors) and the D-statistic are small, with p-value exceeding 0.05, indicating a strong fit to
the data. Figure 3 illustrates the fitted probability density functions along with their corre-
sponding empirical distributions, visually confirming the high quality of the fit. Note that
we specifically included bimodal distributions for the Blood Draw & Offsite Lab process
because its empirical data showed two distinct modes, reflecting delays in both blood draws
and offsite lab processing. A double lognormal distribution was selected as the best fit.
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Fig. 3 Empirical distributions and fitted probability density functions for three key processes

Fig. 4 Distributions of visit lengths: empirical data vs. simulated data

3.4 Model validation

In a simulation study,model validation is critical to assess howaccurately themodel represents
the real-world system. We conducted simulations over the testing group (40% of the data) to
validate the model. Patient visit length is selected as the primary metric in this study, defined
as the total time elapsed from a patient’s arrival at the front desk to its departure from the
system.

To examine the similarity between the simulation results and empirical data in the testing
group on patient visit length, we first performed a visual check of the distributions. Figure 4
provides a side-by-side comparison of the probability density function (PDF) and cumulative
density function (CDF) for patient visit lengths from the test set and the simulated data. This
visual representation illustrates the close agreement between the two distributions, offering
a straightforward demonstration of the model’s ability to replicate real-world behavior.

Next, we statistically compared the patient visit lengths produced by the simulation with
the empirical data. Table 4 summarizes the descriptive statistics (mean and standard deviation
(SD)) of both samples, as well as the results of a Welch t-test (with test statistic t) and a
Kolmogorov–Smirnov (KS) test (with test statistic D), both conducted at a significance level
of 0.05.

More specifically, it is observed from Table 4 that the mean and SD computed using
the simulated data are very close to the counterparts computed using the empirical data. A
Welch t-test shows that t = −0.674 with p = 0.501, indicating that we fail to reject the
null hypothesis that two samples have equal means. Further, the 95% confidence interval
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Table 4 Comparison of empirical and simulated patient visit lengths

Statistic Empirical Simulated

Mean (min) 253.2 258.3

Standard deviation (min) 127.1 128.2

Goodness-of-fit

Welch t-test t = −0.674, p = 0.501

95% CI for mean difference (min) [−19.74, 9.74]
Kolmogorov–Smirnov test D = 0.052, p = 0.426

for the difference of means is [−19.74, 9.74], indicating that any practically meaningful
deviation is unlikely. Additionally, we employed a two-sample KS test to compare whether
two samples (empirical and simulated) come from the same distribution. The results show
that the maximum absolute vertical distance between two empirical CDFs, captured by D,
is relatively small, with D = 0.052. Further, the p-value of 0.426 exceeds the chosen
significance level of 0.05, indicating that we fail to reject the null hypothesis that the two
samples originate from the same underlying distribution. Collectively, these findings show
that there are no statistically significant discrepancies between the simulated and empirical
data.

In summary, the distribution visualization and statistical analysis results confirm that the
simulation model developed models well patient flow at the Rutgers Cancer Institute. The
close agreement between the simulated data and the real-world observations demonstrates
the model’s fidelity in capturing the essential characteristics of patient visit lengths, thereby
providing a robust foundation for further analysis and optimization.

4 Simulation analysis andmanagerial insights

This section presents our experimental settings, the primary simulation results, and the asso-
ciated managerial insights.

4.1 Methodologies

We employed both what-if analysis and simulation optimization for the simulation analysis.
What-if analysis is used to simulate and compare a limited number of scenarios, which is a
typical approach in simulation studies. However, what-if analysis can become overwhelming
for complex situations involving multiple independent variables (e.g., hourly visitor arrival
rates), where the design space to be tested and compared is large. To this end, simulation
optimization techniques can search for the optimal design from a large design space, signif-
icantly enhancing the depth and breadth of the analysis. This method helps to understand
potential outcomes better and validates a larger space of independent variables, resulting in
a more comprehensive and robust analysis. It is necessary to use it in this study since we
aim to understand and explore the interactions among several components in the oncology
settings, as introduced earlier. By simulating different combinations of variables, simulation
optimization provides insights into the best actions to take under uncertainty.
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To solve the simulation optimization problem, we used OptQuest, developed by OptTek
Systems Inc. OptQuest is a commercial implementation of scatter and tabu search, providing
starting points for any gradient-based local solver for nonlinear programming (NLP) prob-
lems Ugray et al. (2007). These techniques have been identified as outperforming traditional
methods such as genetic algorithms and simulated annealing Egea et al. (2009); Zúñiga et al.
(2020). By integrating OptQuest within our scheduling model, we can explore and optimize
appointment schedules more effectively than the current arrival schedule for the schedule
balancing dimension.

Our study applied analysis across three dimensions: process redesign, resource level,
and schedule balancing. The assumed improvement strategies included: 1) process redesign:
establishing an on-site lab to enhance the blood work process and improve visit length perfor-
mance; 2) resource level: increasing the number of nurses to improve resource availability;
and 3) schedule balancing: adjusting the appointment schedule to balance the arrival rate
between morning and afternoon hours.

Four factors are controlled and varied in the simulation studies:

1. Time Distribution of Blood Test Processing (α): This factor assesses whether each phase
of the blood test process should maintain the current off-site time distribution (Level A)
or transition to a new on-site time distribution (Level B). The objective is to evaluate the
impact of changing the current process on patient time allocation.

2. Number of Nurses per Day (β): This pertains to the daily count of healthcare workers,
presently set at 9 (Level A). The aim is to analyze performance changes when considering
a variation in the number of nurses. The hospital seeks to understand the effects of adding
one nurse (Level B) or two nurses (Level C) at the required time and assess the benefits
of altering the healthcare team composition.

3. Schedule Balance (γ ): This dimension addresses whether to maintain the current appoint-
ment capacity per hour (Level A) or adjust to an optimized number of individuals per hour
at the optimized visit time through simulation optimization (Level B). Hospitals aim to
understand the impact of schedule balancing and assess the necessity of enhancing this
mechanism.

4. Daily Outpatient Volume (δ): This factor encompasses the daily appointment capacity,
currently set at the 100% demand level (Level A), as well as 110% (Level B) and 120%
(Level C) for demand increases. Considering anticipated demand growth, the hospital
will evaluate the effects of process re-engineering and resource realignment in response
to higher appointment volumes.

We conducted 500 simulation replications for each scenario to ensure robust statistical
analysis using different random seeds to simulate distinct days. The above factors used in
the design of experiments are shown in Table 5.

4.2 Simulation results and analysis

We now present the detailed setup of our experiments and analyze the simulation results.
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Table 5 Factor levels applied in the design of experiments

Factor Level A Level B Level C

Blood Draw & Offsite Lab Time Distribution (α) Double lognormal1 Triangular2 –

Number of Nurses (β) 9 10 11

Schedule Balance (γ ) Current Optimized –

Daily Outpatient Volume (δ) 100% 110% 120%

1 Double lognormal (w = 0.65, s1 = 0.68, λ1 = 42.31, s2 = 0.24, λ2 = 69.42)
2 Triangular (min = 5, mean = 10, max = 20)

4.2.1 Impact of on-site laboratory

Our data analysis and the Rutgers Cancer Institute practices have identified variability and
inefficiencies in blood draw and processing times, primarily caused by the current practice
of sending blood samples for off-site processing. Currently, the process involves collecting
patient samples at the Rutgers Cancer Institute, sending them to an external laboratory for
analysis, and then receiving the results back. Specifically, the historical data show that the
service time for the “Blood Draw & Offsite Lab” step at the patient flowchart in Figure 1
has an empirical mean of 59.5 minutes and a standard deviation of 36.7. In other words,
patients wait close to 60 minutes on average for the blood test results before proceeding to
the chemotherapy in a chair. Such a long and inconsistent waiting time can delay subsequent
treatment steps of this patient, as well as remaining patients assigned to the same chair. Thus,
the Rutgers Cancer Institute has been seeking a more streamlined process to reduce the blood
test turnaround times to resolve this bottleneck. Under consideration, one potential solution
is to explore the feasibility of establishing an on-site blood lab to increase processing speed
and reduce overall patient flow time rather than outsourcing blood lab work. Therefore, we
use our simulation model to test the effectiveness of an on-site lab compared to the current
practice of an outsourced lab.

More specifically, we tested two scenarios in the simulation: one based on the current off-
site lab setup and the other on a proposed on-site lab setup. The off-site setup is characterized
by the service time distribution shown in Table 5. For the on-site lab, the Rutgers Cancer
Institute team anticipates that the proposed on-site process will offer faster turnaround times
and more streamlined workflows than the current off-site process. The time duration of the
proposed on-site process follows a triangular distribution (5, 10, 20), where 5 is the minimum
time, 10 is the most likely time, and 20 is the maximum time. This distribution reflects the
anticipated variability, with most process times expected to be around 10 minutes.

We used the aforementioned service time distributions to drive the simulation experiments
for two scenarios. Since the Rutgers Cancer Institute is interested in evaluating performance
based not only on current patient demand but also on anticipated future demand surges, we
conducted the simulation under three different levels of daily outpatient volume (δ): 100%
(current patient arrival levels), 110%, and 120%. The latter two are achieved by increasing the
current hourly average visit rate by 10% and 20%, respectively. Evaluating average patient
visit length and nurse utilization under different demand levels is practically significant for
hospital operations, as it helps ensure that our strategies remain effective under future high-
demand conditions.

The simulation results are presented in Table 6. It is seen from the table that the on-site
blood test processing strategy significantly reduces average patient visit length compared to
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Table 6 Simulation results: off-site vs. on-site lab

α δ

Level A (100%) Level B (110%) Level C (120%)

Avg. Nurse Avg. Nurse Avg. Nurse
Visit Len. Util. Visit Len. Util. Visit Len. Util.
(min) (%) (min) (%) (min) (%)

Off-site lab 256.35 54.13% 266.13 59.30% 280.87 65.53%

On-site lab 214.32 52.90% 224.61 57.92% 238.35 64.01%

Sensitivity Analyses for On-site Lab Triangular Distribution Parameters (min, mode, max)

(4.5, 9, 18) 212.69 52.73% 224.71 58.15% 237.70 63.51%

(5.5, 11, 22) 214.08 53.10% 226.56 58.59% 237.25 63.69%

(5.5, 10, 18) 211.39 53.05% 221.71 58.31% 234.17 63.25%

(4.5, 10, 22) 212.52 52.83% 222.29 58.21% 234.00 63.18%

the off-site strategy. Concerning nurse utilization, it marginally decreases from off-site to
on-site labs, as the nurse resources are only seized by the patient after the lab results become
available (see Figure 1). Notably, both off-site and on-site labs show increases in nurse
utilization as outpatient volume increases from 100% (Level A) to 120% (Level C). Nurse
utilization rises from 52.90% to 64.01% with on-site lab, an increase of 11.11%, whereas it
jumps from 54.13% to 65.53% with off-site lab, an 11.40% increase.

While off-site lab time distribution was derived from empirical data, the on-site lab pro-
cessing time uses a triangular distribution with parameters (5, 10, 20), as provided by the
Rutgers Cancer Institute team. To test the robustness of our findings, we performed a sen-
sitivity analysis on these parameters using four alternative settings: (1) shifting the entire
distribution left by 10%: (4.5, 9, 18); (2) shifting the entire distribution right by 10%: (5.5,
11, 22); (3) widening the distribution by 10%with a fixedmode: (4.5, 10, 22); and (4) narrow-
ing the distribution by 10% with a fixed mode: (5.5, 10, 18). The results of these sensitivity
analyses, provided in Table 6, confirm that the outcomes are comparable to those with the
default parameters, demonstrating the robustness of the model.

Regarding average patient visit length, the on-site strategy consistently outperforms the
off-site approach across all levels of outpatient volume. The data reveal that, on average,
patient visit length decreases bymore than 15%with on-site blood testing compared to off-site
testing. This advantage remains stable regardless of changes in outpatient volume, indicating
that the demand changes did not significantly influence the advantage of transitioning to
on-site blood testing. The predicted average visit length reduction between the on-site and
off-site strategies is consistent across all three demand levels.

The data strongly suggest that replacing off-site blood testing with an on-site strategy at
the Rutgers Cancer Institute would enhance operational efficiency and offer patients a bet-
ter overall visit experience. The consistent reductions in patient average visit length across
varying demand levels indicate that the on-site strategy is well-suited to efficiently man-
age increased patient volumes. Given the upcoming move of the Rutgers Cancer Institute
to a new free-standing cancer pavilion location, the transition to an on-site blood testing
model presents an opportune moment to update workflow processes with relatively low ini-
tial implementation difficulty. This proactive change is especially important as the Rutgers
Cancer Institute anticipates operational challenges associated with increasing demand. By
integrating on-site blood testing into the new facility’s design and processes, the Rutgers
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Table 7 Simulation results: varying nurse levels

β δ

Level A (100%) Level B (110%) Level C (120%)

Avg. Nurse Avg. Nurse Avg. Nurse
Visit Len. Util. Visit Len. Util. Visit Len. Util.
(min) (%) (min) (%) (min) (%)

9 256.35 54.13% 266.13 59.30% 280.87 65.53%

10 255.97 48.72% 265.02 53.37% 279.44 58.98%

11 255.95 44.29% 264.84 48.52% 279.17 53.62%

Cancer Institute can better accommodate a growing patient load, streamline patient care, and
reinforce its commitment to delivering high-quality, patient-centered services.

4.2.2 Impact of increasing nurse level

Under the current operational configuration, each nurse can attend to a maximum of two
patients simultaneously. However, the average number of on-duty nurses daily is nine, with
twenty-one treatment chairs available. This discrepancy indicates that the existing chair needs
to have more nursing staff during peak patient volume periods. Consequently, this can lead to
significant waiting times, where patients receive their blood test results but may experience
delays in subsequent care due to a lack of available nursing staff. This observation is supported
by feedback from the nurses, who have reported experiencing excessive workloads during
peak periods.

Excessive workloads prolong the overall service delivery process and may also detrimen-
tally impact the quality of care provided. In anticipation of the Rutgers Cancer Institute’s
relocation to a new facility and the expected increase in patient demand, the hospital has pro-
posed testing the feasibility of increasing the nursing staff size. This investigation assesses
whether an expanded nursing team can alleviate the anticipated process delays and enhance
nurse utilization. To this end, we used the simulation model to vary the number of nurses
available each day, allowing us to test and compare the effects of different nursing team
sizes on patient visit lengths and nurse utilization. Specifically, we developed three primary
scenarios based on varying nurse staffing levels: 9, 10, and 11 nurses. We examined three
patient demand levels within each staffing level scenario: 100%, 110%, and 120% of the
current demand, similar to the setting in Section 4.2.1.

Table 7 highlights the effects of increasing the number of nurses on visit length and
utilization under varying outpatient demand levels.

The simulation results show that at the current demand level (100%), increasing the number
of nurses from9 to11 results in insignificant averagevisit length improvements and significant
utilization drops.We tested the system’s performancewhen patient demand increased by 10%
and 20%. The results indicated that as patient demand increased, adding more nurses yielded
consistent outcomes across different demand levels. That is, increasing the number of nurses
generally decreases utilization while barely mitigating the adverse effects on average visit
length as patient demand increases. In addition, the analysis underscores that higher demand
amplifies nurses’ need to maintain efficiency and utilization. It is important to note that the
current nurse levels, ranging from 9 to 11, can adequately meet the current demand, even if it
slightly increases. However, if the nurse levels drop to 8 or 7, they will become a bottleneck

123



Annals of Operations Research (2026) 362:457–482 473

resource, when we anticipate a noticeable increase in both nurse utilization and the average
length of visits (to be further discussed in Section 4.3).

4.2.3 Impact of balancing the schedule

Currently, the Rutgers Cancer Institute schedules patients in the morning to complete daily
tasks more quickly and avoid overtime. However, our observations and data indicate that
this scheduling approach leads to a high demand for nurses and treatment chairs around
noon. This results in significantly longer waiting times for patients arriving around that time.
To address the issue of overly concentrated scheduling, the hospital is seeking a potential
solution to distribute the number of visits more evenly throughout the day.

Our approach focuses on balancing the schedule to optimize patient flow and nurse work-
load, aiming to minimize patient visit length while maintaining nurse utilization within a
reasonable range. The Rutgers Cancer Institute team recommends that anticipated nurse
utilization should be maintained below 60% for current and 110% of increased outpatient
demand levels, and should not exceed 65%as demand increases to 120%.This ensures that the
quality of treatment remains high even with increased demand. To achieve this, we propose
distributing patient appointments more evenly throughout the day, instead of concentrating
them during specific periods. This approach aims to minimize peaks and valleys in patient
arrivals, resulting in a smoother workflow and better resource management. By distributing
appointments evenly, we ensure that nurses are consistently utilized throughout their shifts,
which reduces idle time and prevents overburdening during peak hours.

Given the large size of the design space for this problem, we formulated a simulation opti-
mization problem to find the optimal arrival rates across the operating hours, such that the
patient’s visit length metric is minimized. Specifically, we consider the operating periods in
the set T = {8, 9, . . . , 15}, where each member of T is the start time of a 1-hour period. Our
goal is to determine the optimal patient arrival rates xt for each hour t ∈ T to maximize effi-
ciency while meeting service constraints. The visit length of patient i , observed in replication
j of the simulation with arrival rate x, is denoted by Li, j (x), where each replication simulates
a day of operations. The nurse service duration of patient i , observed in replication j of the
simulation with arrival rate x, is denoted by Di, j (x). We must ensure that the expected daily
nurse utilization does not exceed the threshold U , and that the number of patients served is
the daily outpatient arrival-rate load C . Our optimization model incorporates these factors to
find the best x values that satisfy all constraints while accounting for the variability in service
times. The notation used in the model is summarized in Table 8.

The respective simulation optimization problem can be expressed mathematically as fol-
lows:

min
x

E

[∑n j
i=1 Li, j (x)

n j

]
(1)

s.t. E

[∑n j
i=1 Di, j (x)

Wtotal

]
≤ U (2)

∑
t∈T

xt = C (3)

0 ≤ xt ≤ 8 ∀t ∈ T (4)

Constraint (2) ensures that the expected nurse utilization does not exceed the given thresh-
old. Constraint (3) ensures that the sum of total patient arrival rates equals daily outpatient
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Table 8 Notation for the simulation optimization model

Notation Description

T = {8, 9, . . . , 15} Set of time periods, representing one-hour operating periods from 8 AM

to 3 PM

x = (x8, x9, . . . , x15) Decision variable; a vector of patient arrival rates during each operating

hour t ∈ T

n j Number of patients observed in the j-th replication of the simulation

Li, j (x) Visit length of the i-th patient observed in the j-th replication of the

simulation, given decision variable x

Di, j (x) Nurse service duration for the i-th patient observed in the j-th replication

of the simulation, given decision variable x

Wtotal Total daily available nurse-hours, representing the total capacity of onsite

nurses, where each nurse’s available hours are their working hours times

the maximum number of patients they can serve simultaneously.

C Daily outpatient arrival-rate load; C = C0 representing the current daily

patient arrival (i.e., the summation of current hourly arrival rates)

U Utilization threshold

arrival-rate load C . Note that C equals the current daily outpatient arrival rate C0 when
δ = 100%, and C = δC0 as we increase δ. Constraint (4) limits the hourly patient arrival
rate to the maximum hourly slot in the hospital appointment system. These constraints col-
lectively ensure a balanced workload, controlled arrival rates, and adherence to the system’s
daily capacity.

To develop balanced schedules, we solved the simulation optimization problem using
OptQuest in AnyLogic. Note that the solution space for x is inherently large because xt can
take on any continuous value in the range of [0, 8], making the simulation-optimization prob-
lem computationally challenging. To reduce the computational complexity, we discretized
the solution space of each xt in increments of 0.1 within [0, 8]. A finer granularity could be
used to further refine the results, although this would increase computational complexity.

Table 9 compares the results of the optimized schedule with the current schedule. The
optimized patient scheduling scenario resulted in more consistent and optimized average
visit length and nurse utilization across scenarios without adding nurses while using an off-
site lab. Specifically, in the optimized schedule, the average visit length was significantly
reduced from 256.35 minutes to 225.78 minutes, and nurse utilization dropped from 54.13%
to 51.87%. This strategy optimizes resource allocation and efficiently handles varying levels
of demand, making it an effective solution for improving patient flow and nurse workload
management. Table 10 presents the optimized outpatient appointment schedule driven by the
hourly arrival rate, which shows a more balanced patient arrival schedule compared to the
previous schedule.

In addition to the results presented for δ = 100%, we further optimized the arrival rates
for δ = 110% and δ = 120%. Specifically, we first simulated the system by increasing the
current hourly arrival rate according to each value of δ, and then ran the simulation-based
optimization model (1)–(4) by setting C = δC0. The last two columns in Table 9 present
the simulation results for 110% and 120% demand levels. As seen, similar trends have been
observed at 110% and 120% demand levels compared to that at the current demand level.
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Table 9 Simulation results: current vs. optimized schedule

γ δ

Level A (100%) Level B (110%) Level C (120%)

Avg. Nurse Avg. Nurse Avg. Nurse
Visit Len. Util. Visit Len. Util. Visit Len. Util.
(min) (%) (min) (%) (min) (%)

Current 256.35 54.13% 266.13 59.30% 280.87 65.53%

Optimized 225.78 51.87% 228.54 57.33% 232.93 62.37%

Table 10 Hourly arrival rates
from simulation optimization

Time Current (patients/hr) Optimized (patients/hr)

8am 7.6 5.5

9am 8.6 3.3

10am 7.0 4.6

11am 5.3 5.2

12pm 3.3 2.3

1pm 1.8 2.9

2pm 1.7 6.5

3pm 0.9 5.9

Total 36.2 36.2

This approach reduces expected visit length and ensures more consistent use of nursing
resources throughout the day. As a result, the nurses’ workload becomes more manageable,
reducing burnout and enhancing job satisfaction. In addition, this strategy is highly cost-
effective because it utilizes existing resources more efficiently without incurring additional
costs from hiring more staff or restructuring an on-site lab. By optimizing existing resources,
the Rutgers Cancer Institute can improve patient care and operational efficiency, making it a
sustainable and cost-effective solution formanaging patient flow and resource allocation. The
results suggest that the Rutgers Cancer Institute should consider implementing a balanced
strategy to inform scheduling and resource allocation.

4.3 Managerial insights

In this study, our research team applied simulation models to evaluate the effectiveness
of setting up an on-site lab, increasing nurse staffing, and balancing patient scheduling in
addressing ongoing operational challenges and anticipated demand increases at the Rutgers
Cancer Institute. The analysis provides insights for the Rutgers Cancer Institute on how to
leverage existing resources to improve its operational efficiency and patient experience.

Currently, as part of the RWJBHealth system, the Rutgers Cancer Institute is using an
external lab located in a neighboring RWJBHealth hospital to process all patients’ blood
samples. Sharing the lab across healthcare facilities might sound economically viable to
the healthcare system; combining blood samples from the ambulatory unit of the Rutgers
Cancer Institute with those from the inpatient-based hospital, however, creates a bottleneck
as patients have to wait for the lab results before proceeding with chemotherapies. Our
simulation results show that setting up an on-site lab significantly reduces average patient
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visit length, suggesting that shifting from a shared lab to a designated lab helps address the
bottleneck at the Rutgers Cancer Institute. This approach also demonstrates a more stable
response to increasing outpatient demand, indicating a robust system capable of handling
fluctuations in patient volume without overburdening resources. Our analyses suggest that
healthcare systems should reevaluate their resource-pooling strategies. While such strategies
may helpmaximize resource utilization at the system level, they could also lead to undesirable
outcomes for local clinical units.

Traditionally, healthcare providers plan to staff more nurses to address increasing patient
demand with the hope of reducing visit length and increasing patient turnover. While it is
logical to assume that adding labor and other resources helps speed up patient flow, such
a relationship is not guaranteed. Our study compares multiple scenarios and shows that
the strategy helps reduce utilization, yet is less effective in reducing patient visit length.
Specifically, increasing the number of nurses appears to be least effective when switching
from 10 to 11 nurses in our simulation. Adding one nurse only decreases waiting time by
less than one minute across all three scenarios, suggesting that staffing more nurses can be
ineffective in reducing waiting time or improving patient experience. Hospital administrators
must evaluate the cost/benefit tradeoff of alternative staffing strategies and choose the optimal
strategy per their performance objective (e.g., reducing utilization and shortening visit length
are likely to require different strategies).

Currently, the Rutgers Cancer Institute schedules most patient visits in the morning to
ensure sufficient buffer time to complete all visits within the same day. While this approach
appears accommodating and patient-friendly, it createsmultiple issues. First, it creates unnec-
essary crowding as patients have to wait extra time due to the above-mentioned resource
constraints in the morning. Based on the team’s observation, the clinic is busiest between 9
am and 12:30 pm. The clinic appears to have minimal patient visits after 3 pm on weekdays.
The imbalance in patient scheduling also creates challenges in staffing. Since nurses work
on a shift basis, most are scheduled for the morning shifts, leaving the afternoon time slots
underutilized. Our simulation suggests that the Rutgers Cancer Institute should adopt a bal-
anced patient schedule, which involves distributing appointments more evenly throughout
the day rather than concentrating them in the morning. This approach offers significant ben-
efits, including reduced flow time and improved nurse utilization. By maintaining consistent
and optimal visit length and nurse utilization across different scenarios, the balanced sched-
ule strategy proves to be more economical and easier to implement, requiring no additional
investment or extra nurses, provided there is cooperation among staff.

The optimal strategy for maximizing performance involves combining the on-site strategy
with the updated, balanced schedule, which consistently outperforms merely applying the
on-site strategy with the existing schedule at all demand levels—100%, 110%, and 120%
(see Table 11). This strategy saves 75.32 minutes of average visit length and slightly reduces
nurse utilization at the current demand (100%).When the updated patient schedule is accepted
at the current demand level (100%), it further enhances performance by reducing average
visit length by an additional 33.29 minutes, representing a 15.5% improvement compared to
relying solely on the on-site strategy. As demand increases, the time savings become even
more substantial: 39.30 minutes at 110% demand and 48.35 minutes at 120% demand. This
indicates that the proposed approach is not only the best choice at current demand levels
but also becomes increasingly valuable as demand escalates. The more significant average
visit length reductions under higher demand scenarios highlight that this strategy is better in
managing the rising number of patient visits, offering a more robust solution for handling
patient surges effectively.
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Interestingly, Table 11 also suggests that merely increasing the number of nurses, while
decreasing nurse utilization by 5–7%, does not significantly enhance visit length metrics
when integrated with these two strategies at various demand levels. Specifically, at 100%
demand, adding one nurse only reduces the average visit length by 0.07minutes, representing
a negligible improvement. Similarly, at 110%and 120%demand levels, the reductions remain
negligible at 0.24 and 0.49 minutes, respectively. This challenges the traditional perception
that adding nurses necessarily yields the greatest marginal gains in reducing waiting times,
suggesting instead that under certain constraints, other strategies (e.g., on-site lab, balanced
scheduling) may be more effective in achieving the desired operational outcomes. However,
while increasing nurse levels may not substantially improve efficiency under current demand
conditions, it could become a critical factor in optimizing performance as patient demand
increases beyond current capacity or nurse level drops below current levels of nine. To support
this argument, we conducted additional experiments by reducing the number of nurses from
nine to seven. As a result, the average visit length increased by 5.71, 8.50, and 10.45 minutes
across the three demand levels. This indicates the presence of a critical threshold below
which nurses become the primary system bottleneck. At this point, jointly optimizing all
three factors becomes essential.

This unintuitive finding underscores the complexity of oncology operations, where high
levels of interaction between different departments result in intricate personnel dynam-
ics. Conventional assumptions may not fully address these complexities, highlighting that
judgments based merely on experience are insufficient to improve the actual workflowmean-
ingfully. In such settings, staff from various specialties must coordinate closely to manage
patient care, often leading to situations where changes in one area, such as increasing nurse
staffing, do not yield straightforward improvements in efficiency. Instead, these interactions
can produce unexpected outcomes, as the workflows of nurses, doctors, and other healthcare
professionals are deeply intertwined. This further emphasizes the necessity of simulation-
based studies in tackling the challenges of OCP management.

TheRutgersCancer Institutewas highly receptive to our recommendations, and in linewith
the gleaned insights, the clinic has already begun trialing the first phase of improvements by
focusing on laboratory efficiency. In particular, the simulation model runs and the associated
data outputs revealed that laboratory services were a prominent pain point. Due to this, a
new “fast track” system was developed to expedite laboratory services for patients during
their ambulatory visits, which often include infusion of anti-cancer agents in addition to
oncology provider visits. The associated intervention led to a significant reduction in patient
waiting time, with more than 30% improved productivity for this complex care component
at the cancer center. The Rutgers Cancer Institute is evaluating other recommendations for
implementation in the future, particularly as the Rutgers Cancer Institute will be transitioning
to the new location. Thismovewill provide an opportunity to introduce a balanced scheduling
strategy and make further adjustments as operations stabilize, ensuring that the clinic can
continue to meet increasing patient demands efficiently and effectively.

5 Conclusion and future research

This study addressed critical issues in process optimization and resource allocation effi-
ciency at the Rutgers Cancer Institute, providing specific improvement strategies through
a systematic design of experiments approach. By analyzing factors such as size of nursing
staff, appointment schedule balancing, and patient arrival rates, we identified the effective-
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ness of individual factors and the optimal combination of these factors, considering their
interrelationships and synergistic effects.

Unlike previous studies, our approach did not focus solely on the impact of individual
factors on process improvement. Instead, we explored potential optimal configurations of
factor combinations. Additionally, we tested these recommendations under multiple demand
scenarios to ensure the robustness and long-term efficacy of the strategies, verifying that the
proposed improvements are effective across different operational settings. Specifically, by
implementing on-site lab work, adjusting nursing staff levels, and balancing the appointment
schedule, we proposed operational improvements for the Rutgers Cancer Institute. These
measures are designed to enhance process efficiency, reduce patient visit length, and main-
tain nurse utilization within an optimal range, ultimately improving patient satisfaction and
reducing operational costs without compromising quality.

Although we incorporated relevant operational factors and process flows into the simu-
lation and subsequent optimization, we acknowledge that other elements, such as physician
preferences, patient preferences, and chemotherapy treatment plans, could potentially influ-
ence our results.Ourmodel assumes relatively homogeneous treatment protocols and does not
explicitly capture physician-specific or patient-specific preferences that may affect schedul-
ing and service times. In practice, treatment plan complexity varies across patients (e.g.,
multi-drug regimens versus single-agent therapies), and some patients may have preferences
for specific nurses or time slots. Incorporating such heterogeneity could reveal additional
scheduling constraints or opportunities. For instance, clustering complex cases in off-peak
hours might reduce average visit length for routine patients while ensuring adequate atten-
tion for high-acuity cases. Future extensions could integrate patient acuity scores or regimen
complexity indices as model parameters. However, this information was not readily available
during our study period or was restricted due to Health Insurance Portability and Account-
ability Act (HIPAA) considerations.

While our optimization framework focuses on minimizing average visit length subject to
nurse utilization constraints, healthcare operations involve broader trade-offs. Reducing visit
length generally improves patient satisfaction by decreasing time spent in clinical settings;
however, aggressive scheduling optimization could increase staff workload stress, potentially
affecting care quality and employee retention. Cost considerations also interact with these
metrics: on-site laboratory integration reduces visit length but requires capital investment and
ongoing operational expenses. Similarly, adding nursing staff decreases nurse utilization but
increases labor costs. A comprehensive implementation would benefit from multi-objective
optimization that explicitly models these trade-offs, allowing decision-makers to explore the
Pareto frontier of solutions balancing efficiency, cost, staffwell-being, and patient experience.

Additionally, while pharmacy mixing processes can significantly impact patient flow in
many oncology clinics, the leadership at the Rutgers Cancer Institute reported adequate phar-
macy resources, with multiple compounding hoods and pharmacists on shift. In the current
state, the pharmacy was not identified as a critical bottleneck. Preliminary observations and
discussions with clinical staff indicated that nurses typically collected medications without
significant queuing. However, as volume increases or if operational changes shift workflow
timings, pharmacy delays could becomemore prominent. Future expansions of our simulation
will explicitly model pharmacy compounding steps and resource constraints to capture their
potential effect on overall patient cycle times. Such an extension might reveal additional
optimization opportunities, particularly if pharmacy delays interact with nurse scheduling
during peak hours.

Furthermore, the findings from this study are not only relevant to the Rutgers Cancer Insti-
tute but also have broader implications for oncology departments and healthcare institutions
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worldwide. Many of the challenges identified–such as managing possible patient demand
surges, improving resource utilization, and reducing waiting times–are shared across oncol-
ogy clinics, irrespective of geographic location. The ABS model used in this research can be
adapted to various healthcare environments, making it a valuable tool for different oncology
clinics, regardless of size or resource level. In settings with limited infrastructure, strategies
like balanced scheduling and optimized resource allocation can provide significant improve-
ments without requiring substantial financial investments.

Beyond oncology departments, the principles outlined in this study can also be applied
to other areas of healthcare, such as outpatient clinics, emergency departments, and surgical
units, where similar operational inefficiencies and resource management challenges exist. By
strategically managing resources and patient flows, healthcare administrators can improve
service delivery and patient outcomes in various medical environments.
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