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ABSTRACT

Mental health services worldwide, including in the UK, face significant constraints that neces-
sitate effective resource planning for delivering high-quality care. The application of analytics
in healthcare offers the potential to enhance efficiency and improve care quality. However,
achieving this vision is particularly challenging in the context of mental healthcare. This
paper focuses on the evaluation and redesign of a Primary Care Mental Health (PCMH) ser-
vice located in Kent, UK. To address this problem, we propose an analytics-driven approach
that integrates the three stages of descriptive, predictive, and prescriptive analytics with an
optimization model. Through a comprehensive case study, we illustrate how this integrated
approach serves as a valuable tool for experimentation within the PCMH service. We expli-
citly detail how data analysis and stakeholder engagement informed model development.
The findings of our novel multi-skill multi-location model demonstrate the benefits of utilis-
ing optimised workforce planning to reduce unmet demand while ensuring equitable work-
load distribution among clinicians. We also discuss the adaptability of the analytics approach
and the potential applicability of the optimization model in mental health and other care

ARTICLE HISTORY
Received 25 August 2023
Accepted 9 June 2025

KEYWORDS

Analytics; health services;
optimization; practice of
OR; workforce planning

settings.

1. Introduction

Mental illness has a significant impact on individu-
als, society, and the economy. Primary care is now
at the forefront of the predicted increase in mental
health presentations (Park et al., 2020). Early inter-
vention in primary care reduces subsequent mental
health problems and is cost-effective (Le et al., 2021;
Van’t Veer-Tazelaar et al, 2010). In the UK, one
mental health care model of care involves distribut-
ing mental health professionals from secondary care
to primary care locations (Naylor et al., 2020).
These heterogeneous mental health professionals
work across multiple General Practitioner (GP)/pri-
mary care clinic locations in a geographic patch. In
the field of Operations Research (OR), the planning
and scheduling of healthcare workers deployed
across multiple locations have not been extensively
studied (Noorain et al.,, 2023). Only a limited num-
ber of research papers have addressed this topic (Al-
Yakoob & Sherali, 2008; Cheng & Kuo, 2016).
Moreover, multiple literature reviews investigating
the use of OR techniques in mental healthcare serv-
ices have revealed that the application of OR meth-
ods to planning mental healthcare services receives

less attention compared to other healthcare domains
(Bradley et al.,, 2017; Howells et al., 2022; Long &
Meadows, 2018; Noorain et al., 2019, 2023).

Before COVID-19, mental health services in
England were already under considerable strain.
Issues included inadequate resourcing, patients’ abil-
ity to access care and overall patient outcomes
(British Medical Association, 2020). Many of these
issues have worsened due to the pandemic (HM
Government, 2021; NHS Confederation, 2022). The
impacts of the COVID-19 pandemic on people’s
mental health and wellbeing are a significant public
health concern; while some are transient, others are
likely to be long-term (McCartan et al., 2021; Pierce
et al., 2021). Recent data shows that the number of
people contacting the NHS seeking help for mental
health problems is now at a record high (NHS
Digital, 2022). These needs arise within the context
of underfunded mental health services facing a care
backlog, waiting lists, and a stretched, exhausted,
and understaffed workforce (Valentine et al., 2024).
Workforce capacity has been a long-term concern,
and shortages represent the biggest threat to
national ambitions to improve mental healthcare
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(HM Government, 2021; NHS Confederation, 2022).
Potential solutions could be found in telemedicine,
which remains controversial, despite its efficiency in
reducing the impact of the pandemic (Omboni
et al.,, 2022; Van Der Heijde et al.,, 2024). In OR lit-
erature, studies addressing telemedicine with respect
to operational efficiency are limited (Zhou et al.,
2023).

In OR literature, optimization modelling has a
long history of supporting healthcare decision mak-
ers seeking to develop more efficient healthcare sys-
tems (Cissé et al., 2017; Goodarzian et al., 2023;
Grieco et al., 2021; Leeftink et al., 2018; Kahraman
& Topcu, 2018; Marynissen & Demeulemeester,
2019). Despite the widespread use of optimization
techniques in healthcare contexts, application in
mental healthcare is still sparse (Noorain et al.,
2023).

In this article, we consider the pressing challenge
of evaluating and redesigning a mental health ser-
vice to better serve communities. We focus on a pri-
mary care network in Kent, UK that aimed to
optimize its itinerant mental health clinician sched-
ules across multiple locations. To tackle this prob-
lem, we developed a novel multi-skill, multi-location
optimization model that assigns clinicians across
geographical sites based on demand planning. Our
model balances the dual objectives of minimizing
unmet demand and balancing workload distribution
among clinicians (Al-Yakoob & Sherali, 2008; Carter
& Busby, 2023; Cheng & Kuo, 2016; Noorain et al.,
2023).

Importantly, we explicitly detail how our explor-
ation of data and analytics directly informed the
model structure, demonstrating an iterative nature
of model building. This approach not only aligns
with current trends in healthcare analytics but
extends them by making this process explicit from
the start and providing a clear description of the
process. This contribution addresses a gap identified
in the literature, where the link between data ana-
lysis and model formulation is often not explicitly
described or is less direct in shaping the model
structure (Sir et al, 2017; Wang et al, 2021). By
providing this detailed account, we aim to contrib-
ute to recent discussions on the need for more com-
prehensive reporting of OR interventions in
healthcare (Lamé et al., 2022).

We ground our model in real-world data from
the healthcare provider. Descriptive and predictive
analytics were used to address data requirements
needed by the optimization model and enabled us
to holistically profile service needs. From a health-
care provider’s perspective, our combined optimiza-
tion modelling and data analysis approach provides
valuable managerial insights into optimizing mental
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healthcare delivery. The optimization model matches
clinician skills and availability to the changing men-
tal health needs in the community (Attia et al,
2019; Nearchou et al, 2020) while ensuring fair
workloads. This case study demonstrates how data-
driven workforce planning can reduce unmet
demand while ensuring equitable workload distribu-
tion, offering healthcare managers practical guidance
on standardizing operational procedures and making
informed resource allocation decisions. It exempli-
fies the value of using local data and customized
modelling over one-size-fits-all solutions for health-
care challenges (Carter & Busby, 2023; Lamé et al,,
2022), while contributing to the limited body of
work applying optimization modelling to mental
healthcare service planning (Bradley et al., 2017;
Howells et al., 2022; Long & Meadows, 2018).

The remainder of this article is organized as fol-
lows. In Section 2, we provide a literature review on
the various components of this study, such as the
application of OR and analytics approaches in men-
tal healthcare. We also discuss a specific body of
scheduling literature upon which our optimization
model draws. Section 3 provides contextual back-
ground on the collaboration with a PCMH service.
Section 4 describes the various elements of the inte-
grated approach. Since the novel optimization model
is a central contribution, Section 5 provides a com-
prehensive account of the prescriptive element,
including model formulation, and Section 6 exam-
ines the computational results from the scenario
analysis. Section 7 discusses the study’s contribu-
tions and Section 8 provides some conclusive
remarks.

2. Literature review

We drew on several relevant literature themes to
positioning our study. We begin by focusing on
optimization in mental healthcare, followed by a
broader examination of personnel scheduling in
healthcare, particularly on multi-skill multi-location
scheduling. We then examine the literature for stud-
ies in healthcare that have explicitly applied opti-
mization combined with analytics approaches.

2.1. Optimization in mental health

Operational Research has contributed significantly
to designing and organizing processes, optimizing
operations, and managing healthcare systems
(Hulshof et al., 2012; Rais & Viana, 2011).
Optimization for healthcare planning enables simul-
taneous consideration of multiple constraints and
sensitivity analysis to find the best solution
(Kahraman & Topcu, 2018) and has been used to
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determine resource quantity, allocate capacity,
scheduling, and allocating appointments to support
planning of emergency rooms, primary, outpatient
and home care (Cissé et al., 2017; Goodarzian et al.,
2023; Grieco et al., 2021; Leeftink et al., 2018;
Marynissen & Demeulemeester, 2019).

Despite the widespread use of optimization in
healthcare, application in mental healthcare (MH) is
only beginning (Noorain et al., 2023). MH systems
are generally composed of a diverse range of serv-
ices that comprise interrelated parts of a whole sys-
tem and primarily rely on human resources,
including a heterogeneous mix of specialists, non-
specialists, and community workers (Gask, 2005;
Gupta et al.,, 2019; Kakuma et al,, 2011). A handful
of studies have developed optimization models in
MH, such as to schedule appointments with patient
no-show predictions (Samorani & LaGanga, 2015),
allocate appointments subject to waiting times
(Pagel et al., 2012), assign staff to shifts by consider-
ing preferences (Cohn et al., 2009) and workload
balancing (Hertz & Lahrichi, 2009), schedule visits
to outreach clinic locations (Li et al., 2016) and
patients’ homes (Hertz & Lahrichi, 2009), and build
duty rosters for psychiatric nurses (Bester et al,
2007). It has been established that the strength of
optimization planning models in MH so far is that
they are developed in real world practical contexts
but had a narrow scope and used simplified
assumptions (Noorain et al., 2023).

2.2. Personnel scheduling in healthcare

In OR, scheduling problems have been studied
extensively (Van den Bergh et al, 2013). In health-
care, personnel scheduling problems have been con-
sidered for nurses (Burke et al, 2004; De
Causmaecker & Berghe, 2011; Kellogg & Walczak,
2007), and physicians (Brunner et al., 2009; Brunner
& Edenharter, 2011; Erhard et al.,, 2018; Thielen,
2018). Studies have also examined the scheduling of
patients in outpatient clinics (Ahmadi-Javid et al.,
2017; Cayirli & Veral, 2003), and operating rooms
(Cardoen et al., 2010; Samudra et al., 2016; Zhu
et al., 2019). Most nurse scheduling problems are
addressed within the context of hospitals.
Specifically, nurses are allocated to periods of work
over a planning period. Such problems consider skill
categories, shift types, coverage constraints, work
regulations, nurse preferences etc. Although phys-
ician scheduling is part of the larger field of person-
nel scheduling, specific aspects such as demand
volatility, cost-intense resource, strict adherence to
preferences differentiates it from other types
(Erhard et al., 2018). The commonality between
nurse and physician scheduling is that the schedules

are usually developed in the context of a single loca-
tion - a hospital.

2.2.1.  Multi-skill
scheduling

The literature classifies skills into two categories:
hierarchical and categorical. In hierarchical, higher-
skilled workers handle more complex tasks, while
categorical skills define specific tasks for workers
(Afshar-Nadjafi, 2021; De Bruecker et al, 2015).
Healthcare staffing and scheduling involving skills
have been extensively studied (De Bruecker et al,
2015; Respicio et al., 2018; Vermuyten et al., 2018).
However, most studies focus on single-location or
departmental scenarios (Dahmen et al, 2018;
Restrepo et al, 2017), with only limited research
addressing multi-department or multi-location situa-
tions (Attia et al., 2019; Nearchou et al., 2020).

Mental healthcare in primary care settings
presents distinct scheduling challenges compared to
other specialist services. Unlike physical health spe-
cialists who typically operate independently with
standardized appointment types, primary care men-
tal health nurses work within a hierarchical frame-
work delivering varied interventions across multiple
locations (Aurizki & Wilson, 2022; Kenwright et al.,
2024). These nurses provide a range of services
including bio-psychosocial assessments, risk man-
agement, and evidence-based treatments while
working collaboratively with GPs and other primary
care professionals (McLeod & Simpson, 2017; Price,
2024). This integration requirement and varied skill
mix create unique scheduling complexities not pre-
sent when scheduling other specialists like gynecolo-
gists or podiatrists to GP practices.

To the best of our knowledge, Franz et al. (1989)
examined the first multi-skill multi-location situ-
ation in healthcare, scheduling a hierarchically
skilled workforce across rural clinic locations while
minimizing costs and maximizing staff preference.
Later healthcare applications include studies that
scheduled different categories of nurses across hos-
pital wards with costs associated with staft shortages
(Maenhout & Vanhoucke, 2013) and centralized
scheduling of nurses in multiple departments con-
sidering both schedule desirability and costs (Wright
& Mahar, 2013).

Beyond healthcare, personnel scheduling across
multiple departments or locations has been studied
in the service industry, where models enable the
movement of employees under specific rules (Van
den Bergh et al, 2013). For instance, these studies
incorporate skills and worker movements through
transfer and labour costs (Attia et al., 2019; Bard &
Wan, 2008; Dahmen et al.,, 2020; Nearchou et al,
2020). Models have also considered fairness, worker

multi-location  personnel
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preferences, and satisfaction (Al-Yakoob & Sherali, body of work has received much attention in the lit-
2007, 2008; Cheng & Kuo, 2016; Kuo et al, 2014).  erature (Conboy et al, 2020; Petropoulos et al.,
For example, Al-Yakoob and Sherali (2007, 2008)  2024), and lately focused on how OR can derive
assigned a hierarchical workforce across gas stations  value from analytics (Vidgen et al., 2017) and intro-
while minimizing employee dissatisfaction, Kuo ducing a framework for the deployment of OR ana-
et al. (2014) scheduled multi-skilled employees Iytics (Hindle & Vidgen, 2018). When considering
across airport stations minimizing staffing shortages  the application of each of the three stages of ana-
and skills mismatches, and Cheng and Kuo (2016) lytics in healthcare, researchers have found that pre-

developed a model for scheduling food safety gictive analytics is most widely used, followed by

inspectors  with travel restrictions and fairness prescriptive and then descriptive methods (Galetsi &

considerations. o Katsaliaki, 2020; Lepenioti et al., 2020).

The heterogeneity of skills in primary care mental To investigate the integrated use of descriptive
health services presents unique c.hallenges tied lto and predictive analytics with optimization in health-
]_)Oth nursing bands and n?terventlon. types, T€QUIr™ care, we conducted a structured literature review.
ing models that balance skill-appropriate care deliv- We searched recent review and survey articles (pub-
ery with geograp hical coverage needs. Whﬂe, SOME  ished 2013-2023) for studies explicitly discussing
parallels exist with home healthcare scheduling in combining these methods. By screening articles by

rms of saflo-it asignments and locaton G " 0 Gor, o o . (020,
coverage Lisse et al, ; ar 1rseh, > Noorain et al. (2023), Ortiz-Barrios and Alfaro-Saiz

ither th del 1 Iti-locati
nerthel these mode’s TOT genera’ mutti-ocation (2020), Vazquez-Serrano et al. (2021), Vishwakarma
scheduling approaches fully address the combination
et al. (2025), Wang and Demeulemeester (2023) ,

of hierarchical nursing bands, varied intervention
5 and Yousefi et al. (2020) we identified 5 relevant

types, primary care integration requirements, and . . .
: . . research studies after removing duplicates (Elleuch
consistent geographical coverage needs specific to
mental health service delivery et al, 2021; Lee et al, 2015; Ordu et al, 2021;
Samorani & LaGanga, 2015; Sir et al., 2017).

We supplemented this with targeted keyword
2.3. Analytics driven approaches to optimization searches on ScienceDirect, yielding 10 additional

modelling in healthcare articles meeting our criteria. In total, 15 studies
Our integrated descriptive, predictive, and prescrip- ~ Were identified exemplifying descriptive and predict-
tive analytics approach notably guided model devel-  ive analytics integrated with optimization in health-
opment and provided useful insights. In OR  care. Further details of search strategies and
discourse, business analytics is concerned with ena-  screening are provided in the supplementary mater-

bling descriptive, predictive, and prescriptive model  ial. The articles identified in the literature review are
building using diverse, real-time, and “big” data  summarized in Table 1. The “descriptive” column
sources (Duan et al., 2020; Hindle et al., 2020; categorizes the studies based on how historical data
Hindle & Vidgen, 2018). The conversation in this  was utilized across three types of analysis. Firstly,

Table 1. Combined use of descriptive and predictive analytics with optimization.

Descriptive (or date processing)

Parameter

Estimation + Input Data Analysis Model
Author(s) for Predictive + Visualisation Validation Predictive Optimization Model
Ahmed and Frohn (2021) v ML MOIP
Andersen et al. (2019) v v (P) MCS ILP
Elleuch et al. (2021) v v (P+0) ANN FIM
Jang (2019) v ML RO
Lee et al. (2015) v v v (P+0) ML MINLP
Mizan and Taghipour (2022) v v (P) ML MOMILP
Moradi et al. (2022) v v (P) ML MILP
Olya et al. (2022) v v (P) ML MIP
Ordu et al. (2021) v v (P) TSF DES + IP
Samorani and LaGanga (2015) v v (0) DM SO
Sir et al. (2017) v v CART MIP
Uriarte et al. (2017) v v DM DES + SMO
Wang et al. (2021) 4 v v (0) REG + TSF MIP
Yaspal et al. (2023) v 4 v (P) ML MOMILP
Zimmerman et al. (2021) v v (0) DF MILP + DES

ANN: Artificial Neural Network; ML: Machine Learning; TSF: Time Series Forecasting; DM: Data Mining; REG: Regression; CART: Classification and
Regression Tree; MCS: Markov Chain Simulation; MIP: Mixed-Integer Programming; DES: Discrete-event Simulation; SMO: Simulation-based Multi-
Objective Optimization; SO: Stochastic Optimization; IP: Integer Programming; MOMILP: Multi-Objective Mixed Integer Linear Programming; MINLP
Mixed-Integer Nonlinear Programming; RO: Robust Optimization; FIM: Fuzzy Interval Mathematical Model; ILP: Integer Linear Programming; MOIP:
Multi-Objective Integer Programming.
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data was used as inputs for predictive analytics tech-
niques and estimating optimization model parame-
ters using summary statistics. Secondly, data was
analyzed to produce visualizations and uncover pat-
terns and trends. Thirdly, data was used to validate
either the predictive model or both the predictive
and  prescriptive  optimization models. The
“predictive” column specifies the type of predictive
method applied in each study, whilst the
“optimization model” column provides information
on the type of model developed. This categorization
allows for a clear understanding of how historical
data is leveraged in different stages of the analytics
process, from descriptive analysis to predictive mod-
elling and optimization model development and
validation.

Our literature review revealed three distinct
approaches to integrating analytics with optimiza-
tion in healthcare. The first and most basic
approach uses descriptive analytics primarily for
parameter estimation. Zimmerman et al. (2021),
Samorani and LaGanga (2015), and Ahmed and
Frohn (2021) used historical data to estimate param-
eters like arrival rates and service times. While dem-
onstrating data’s value for model inputs, these
studies do not leverage analytics to shape model
structure.

A second group of studies shows stronger inte-
gration between data analysis and model formula-
tion. Elleuch et al. (2021) and Olya et al. (2022)
used operational pattern analysis to inform both
their predictive models and optimization parame-
ters. Jang (2019) applied machine learning for pre-
dictions that fed into robust optimization. Mizan
and Taghipour (2022) used machine learning to
forecast workloads, incorporating these insights into
their model structure through probabilistic sce-
Andersen et al. (2019) utilized Markov
Chain simulation alongside descriptive analytics to
develop capacity constraints.

The third and most sophisticated approach uses
analytics to fundamentally shape model structure
and validation. Wang et al. (2021) analyzed demand
patterns using penalized distributed lag nonlinear
models, with findings directly motivating their
model constraints for handling nonstationary
demand. Sir et al. (2017) employed Classification
and Regression Trees to identify key operational
thresholds that became specific constraints. Lee
et al. (2015) combined time-motion studies and
machine learning to validate their simulation and
optimization models, though the connection
between analysis and model structure remains some-
what implicit.

Several studies demonstrate
approaches to handling data limitations. Ordu et al.

narios.

innovative

(2021) and Uriarte et al. (2017) used simulation to
bridge descriptive and prescriptive analytics. Yaspal
et al. (2023) combined time series forecasting with
multi-objective optimization. However, these studies
typically do not explicitly connect their methodo-
logical choices to findings from descriptive analysis.
Moradi et al. (2022) and Olya et al. (2022) address
validation but focus less on how analytics shaped
their initial model formulation.

This literature review reveals several important
gaps our study addresses. While optimization has
been widely applied in healthcare, its use in mental
healthcare remains limited. Personnel scheduling
research, particularly in multi-skill multi-location
contexts, has focused primarily on solution
approaches rather than practical implementation in
healthcare settings. Additionally, while analytics-
driven optimization is emerging, most studies use
analytics mainly for parameter estimation rather
than informing model construction. Our study
makes two key contributions that address these
gaps. First, we extend mental healthcare optimiza-
tion beyond narrow scheduling problems by devel-
oping a comprehensive multi-skill, multi-location
model that considers real-world complexities like
workload fairness and skill distribution. Second, we
demonstrate how analytics can systematically inform
optimization model development, from using
descriptive findings to shape constraints and objec-
tives, to employing predictive techniques for hand-
ling data limitations. This analytics-driven approach
makes explicit the often implicit connection between
data analysis and model building in existing
literature.

3. Background and problem statement

Primary care providers continue to encounter bar-
riers when referring patients to secondary mental
healthcare settings (Pomerantz et al., 2008). At the
time of the study, several change imperatives had
highlighted the need for integrating mental health
services into primary healthcare (NHS England,
2020). Several key benefits of the primary care men-
tal health model were highlighted, including the
closer integration of primary, secondary, and tertiary
mental healthcare and improved patient access to
services.

Several new models of PCMH services were in
various stages of development across the UK. There
was significant variability in the service models of
newly established PCMH services. These services
existed on a spectrum between a simple attached
specialist working within the primary care setting
and a fully integrated multidisciplinary team drawn
from primary and specialist services. The



deployment of these models represented a signifi-
cant opportunity to consider how services could be
redesigned to ensure the most effective and appro-
priate care provision.

One such PCMH service was the focus of our
study. We developed this approach in collaboration
with a real-world PCMH service provided by the
Kent and Medway Mental Healthcare Trust (KMPT)
based in Kent, UK. The service worked alongside
GP clinics and primary care partners and interfaced
with KMPT services to provide care to people expe-
riencing mild/moderate mental health conditions
who do not require secondary care mental health
services. The service offered short-term interven-
tions lasting at most six months. The clinician team
provided mental health consultations and, where
appropriate, may refer patients to external services
(such as education, housing, employment, benefits
and voluntary sector) at which point patients exit
the PCMH service. The workforce comprised 12
multi-skilled clinicians deployed to 57 GP clinic
locations to provide patient consultations across
four types of appointments (further detailed in
Appendix Figure A2: PCMHS Patient Pathway).
Stakeholders were interested in exploring appoint-
ment durations for different appointment types
offered by the clinic: Assessment (A), Follow-up (F),
Community (C), and Telephone (T). An assessment
appointment is the first encounter where a clinician
assessed a newly referred patient’s needs and risks.
Based on this assessment, the clinician determined if
the patient could be referred to other services
immediately or if a follow-up appointment was
needed. Follow-up appointments were conducted
either in person or over the telephone (dubbed a
telephone appointment). Depending on the assess-
ment outcomes, a patient could have multiple
follow-up appointments. Community appointments
were provided to patients requiring ongoing medica-
tion administration by a clinician to support their
transition from secondary care to the community.

During  problem  exploration, stakeholders
reported that the service was on the verge of expan-
sion on two fronts: expanding service capacity by
hiring more clinicians and adding more clinic loca-
tions to their service provision. These advances were
being made in response to county-level population
health forecasts’ predictions. However, stakeholders
conveyed high levels of uncertainty and a lack of
clarity around current and future capacity and
demand. Furthermore, stakeholders were aware of
differences in clinician experience and variations in
operating procedure. As such, stakeholders were
keen to wunderstand the service quantitatively,
uncover operational patterns, and explore opportu-
nities to improve service efficiency. The service was
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driven by the goal of providing the right interven-
tion, by the right professional, at the right time and
location. Stakeholders sought our help to investigate
current efficiency and consider several options for
service transformation.

At the time, the PCMH service was reporting
high-level summaries of Key Performance Indicators
(KPIs) generated from heterogeneous data sources.
The lack of integration and visualization presented
the stakeholders a disjointed view of the service.
There was tacit consensus amongst stakeholders that
service data was inadequately leveraged for better
decision-making. As such, we identified a course of
actions that interlinked three areas of investigation:
the presence and underutilization of historical data
with a potential for generating insights, elements of
uncertainty regarding future service transformation,
and the planning of a multi-skilled workforce across
multiple locations. We further describe the compo-
nents of the analytical framework in the next
section.

4. Overview of integrated optimization and
analytics approach

In this project, we developed an optimization model
through a series of facilitated workshops with the
stakeholder group. The component described in this
article was part of a modelling framework called
PartiOpt (Participative Optimization) (Noorain,
2024) which is based on Participative Simulation
(PartiSim) (Kotiadis, 2007; Kotiadis et al., 2014;
Kotiadis & Robinson, 2008; Tako & Kotiadis, 2012;
2015; 2018). The conceptual modelling that pre-
ceded the work described here is discussed in the
thesis Noorain (2024). However, we will focus on
how the analytics approach shaped the optimization
model.

Our analytics approach consisted of three main
stages: descriptive, predictive, and prescriptive
(Figure 1). In the descriptive analytics phase, we
gathered and integrated heterogeneous data from
several electronic patient record systems used by the
PCMHS to manage administrative and clinical proc-
esses. The process began by identifying sources and
transforming raw data through data linkage into a
format that enabled historical data analysis. We
identified critical components within the service,
including patient waiting times, length of stay, clin-
ician utilization, workload distribution, appointment
types and durations, and clinic location demand.
We then explored performance measures related to
these components using visualization, statistical
summaries, and drill-down tables. The data gathered
in this stage served as inputs for the predictive and
prescriptive stages.
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Figure 1. Integrated optimization and analytics approach.

The predictive analytics stage focused on the
demand for appointments. Alongside the descriptive
analysis, a monthly service level demand forecast
was generated using historical data and time series
forecasting. We forecasted demand for the entire
service. This addressed stakeholders’ concerns about
the need to hire more clinicians due to the expected
increase in service demand.

During the validation of the initial optimization
model, we identified the need for location-specific
appointment demand, as opposed to the aggregated
service-level projections from the time-series fore-
cast. However, location-specific data had issues,
such as missing values and inconsistent patterns.
Monte Carlo simulation was used to fill gaps in his-
torical data to determine monthly demand for each
clinic location. For locations with available data, a
distribution was fitted to monthly appointments,
and data was generated. For locations lacking data,
stakeholders were asked to describe appointment
patterns based on their expert experience. We then
used this information to generate simulated demand
data.

In the prescriptive analytics stage, a multi-skill
multi-location optimization model was built using
Mixed-Integer Linear Programming (MILP). Inputs
to the model were obtained from both preceding
stages of the multi-methodology. The main aim of
this stage was to use the model to compare service
performance for several alternative operational strat-
egies while ensuring both efficiency in meeting
demand and fairness in workload distribution
among clinicians. The model allocated clinicians to
clinic locations on a given day and shift based on
skills and assigns appointments to clinicians. It
uniquely balanced two objectives: minimizing unmet
demand and balancing the percentage of unassigned
hours across clinicians.

4.1. Descriptive analytics

Historical data spanning four years was extracted
from the service’s electronic patient record system
used by the PCMH service to manage administrative
and clinical processes. This data included informa-
tion about referrals made to the service, clinician
utilization, and patient appointment logs. The data
was anonymized and altered only to depict the
operational perspective of the service. We began by
performing data profiling to clarify the structure,
content, relationships, and derivation rules. We then
conducted data linkage to join records and create a
multi-dimensional integrated dataset. For this pur-
pose, data was migrated to MySQL and transformed.
The analysis was then conducted on this enhanced
dataset. During the preliminary data analysis, we
identified several gaps in information related to clin-
ician working patterns. To redress these gaps, indi-
vidual clinicians were required to provide a “Job
Plan” detailing the division of working hours to
various activities, including patient appointments,
over a four-week planning horizon.

Two defining operational guidelines of the
PCMHs service were that a patient should be
assessed within four weeks of a referral and that it
offered short-term interventions lasting at most six
months. As seen in Figure 2, the waiting time data
showed that while 486 patients (28.5%) were
assessed within the four-week target, a substantial
number of patients waited longer.

The length of stay data depicted in Figure 3
revealed a more complex pattern. While 662 patients
(27.4%) had stays of 0-1month and 986 patients
(40.9%) stayed within the target 1-6 month range,
there were significant numbers exceeding the six-
month guideline. This pattern suggested that while
clinicians were managing new referrals and assess-
ments within target times for about a quarter of
patients, they were also maintaining a substantial
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Table 2. Clinician code and band.
Clinician C1 € @ ¢4 (5 C6 C7 C8 (9 C10 C11 C12
Band B-8a B-8a B-8a B-7 B-7 B-7 B-7 B-6a B-6a B-6b B-6¢ B-6¢

number of long-term cases. This created a complex
balance between new assessments and ongoing care
that likely contributed to service delays, as evi-
denced by the high proportion of patients waiting
beyond the four-week assessment target.

Next, we looked at clinician related analytics. At
the time of this analysis, the services employed 12
multi-skilled clinicians, who were grouped into hier-
archical categories called bands. Table 2 depicts the
12 clinicians with a code (C1, C2,..., Cl12) and
their corresponding band. In addition to represent-
ing skill class, bands also provided information on
clinician employment type. There were five bands:
8a, 7, 6a, 6b and 6c. Clinicians in bands 6b and 6c
worked part-time, while all others worked full-time.

Individual clinician working patterns were
grouped and quantified based on the time clinicians
allocated to each task. Figure 4 depicts the clini-
cian’s availability for appointments. Although clini-
cians engaged in various activities, this study
focused solely on appointment planning, due to its
direct impact on service efficiency. Appointments
were the primary task that clinicians conduct
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consistently, with other activities scheduled around
these slots.

Our analysis revealed that actual time distribution
contrasted with both management and clinician
expectations. Figure 4 shows considerable variation
in appointment availability across clinicians of the
same band. For instance, band 7 clinicians (C4-C7)
show availability ranging from 40 to 65h. C8 and
C9 demonstrate the highest availability at around
70h. Given these variations, stakeholders proposed
standardizing clinician availabilities based on job
plans and historical data - suggesting five, seven,
eight, three and four weekly 3-h clinic shifts for
Band 8a, 7, 6a, 6b, and 6¢ clinicians, respectively.

We then analyzed the clinician caseload for active
patients in the service, as seen in Figure 5. The 12
clinicians conducted appointments across 57 differ-
ent clinic locations. Figure 5 shows varying distribu-
tions of clinic locations and patients among
clinicians within the same band.

For example, band 8a clinicians CI, C2, and C3
managed 11, 19, and 22 patients across 8, 11, and
13 different clinic locations respectively. The distri-
bution ratio between clinics and patients revealed an
inefficient pattern - for instance, C1’s ratio of 11
patients across 8 locations indicated they frequently
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Figure 6. Notable examples of demand-clinician allocation
mismatch.

travelled to see just one patient at a location.
Similar patterns were observed for clinicians C2 and
C5. This suggests a need for both caseload redistri-
bution and reducing the dispersal of clinics per
clinician.

A further drill-down on the distribution of clini-
cians to clinic locations based on the demand (active
referrals) was conducted, as seen in Figure 6, which
displays the distribution for a few selected locations.
The analysis showed that clinician allocation does
not necessarily correspond to demand. A striking
example was seen when comparing locations with
similar clinician staffing but vastly different referral
volumes: 144 managed approximately 27 referrals
with four clinicians, while L17 handled just 7 refer-
rals with the same number of clinicians. Similarly,
both L37 and L47 had similar referral volumes (10
referrals) but had one and four clinicians staffing
respectively. L34 had five clinicians despite having
lower demand (16 referrals) than L44 which had
four clinicians.

Although this analysis showed undesirable vari-
ation in the distribution (full distribution shown in
Appendix Figure A3), an operational decision was
made to preserve these allocations in favour of con-
tinuity of care. Stakeholders suggested that higher
clinician counts in clinics with currently low refer-
rals might reflect historically higher demand pat-
terns. This data-driven insight was corroborated
with stakeholders, where clinicians emphasized the
importance of maintaining consistent staffing for
long-term clinic relationships and managing poten-
tial future demand increases. This combination of
historical data analysis and clinician expertise
informed the decision to maintain these allocations,
even where current referral numbers appeared low.

Additionally, clinicians expressed varying prefer-
ences for appointment durations for each type, with
a belief that most appointments lasted over 60 min.
To analyze appointment durations, we analyzed the
historical data and identified two appointment dur-
ation profiles, Pa and Pb, shown in Table 3. In pro-
file Pa, we observed that 75% of all historical

Table 3. Appointment types duration distribution.

(Pa) (Pb)
Assessment (A) 60 60
Follow-up (F) 45 60
Telephone (T) 30 45
Community (C) 45 60

appointments of a specific type were completed
within or below a certain time frame. For instance,
75% of all follow-up appointments took 45min or
less. In profile Pb, we found that 90% of all histor-
ical appointments were completed within or below a
given duration.

Although we encountered some outliers, such as
appointments lasting 120 or 180 min, the overall his-
torical data contradicted clinicians’ perceptions that
most appointments went beyond 60 min. This ana-
lysis presented empirical evidence challenging the
clinicians’ perceptions and highlighted the need to
standardize appointment durations, to promote
greater efficiency and consistency.

4.1.1. Summary

The descriptive analytics provided some critical
insights about clinician capacity and utilization
drawn from a snapshot in the PCMH service time-
line. As such, the insights were specific to the
chosen period. Some of the imbalances were attribu-
ted to time-specific circumstances, such as the hir-
ing and training of new clinicians, new clinics
signing up for the service etc. Nevertheless, the
investigation did uncover inconsistencies in the dis-
tribution of clinician caseloads, variations in clin-
ician availabilities, and skewed perceptions of
appointment time durations.

These descriptive analytics findings directly
informed the development of our optimization
model. The identified inconsistencies in clinician
utilization and variations in operational procedures
were incorporated as key considerations in the
model formulation through constraints and objec-
tives. The standardized appointment durations
established from historical data analysis served as
input parameters for the model. The model’s con-
straints and objectives were then designed to
address these utilization and procedural inconsisten-
cies, aiming to create more balanced schedules that
efficiently utilize clinician skills while ensuring
equitable workload distribution.

4.2. Predictive analytics

The patient demand for the PCMH service was cap-
tured through an electronic patient record system.
The service regarded demand as being driven by
new referrals and requests for service, including
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Figure 7. Model validation on service level demand data.

Table 4. Time series modelling validation.

Method RMSE MAPE

Exponential Smoothing 79.512822 0.130677
Holt 79.512742 0.130676
Holt-Winters 71.680787 0.101342
ARIMA 72.064192 0.136005
SARIMA 62.962087 0.105795

appointments that are part of the ongoing treatment
pathway. Therefore, monthly demand values from
January 2015 to December 2020 were extracted for
time-series modelling. As seen in Figure 7, several
time series models, including Exponential
Smoothing, Holt’s, Holt-Winters, ARIMA, and
SARIMA, were fitted, and model validation was
conducted by comparing accuracy measures (see
Table 4). The SARIMA (1,1,0)(0,0,0)(12) model
emerged as the best-fitting model for the data, as
seen in Figure 8.

This SARIMA model suggested that the demand
data was differenced once to remove the trend, and the
differenced data had a non-seasonal autoregressive
component of order 1, meaning the current differenced
demand value is influenced by the differenced demand
value from one previous time step. No non-seasonal
moving average components were included. The data
exhibited a seasonal pattern repeating every 12-time
steps (eg, monthly data with an annual seasonality), but
no seasonal autoregressive, differencing, or moving
average terms were included in the model.

Having forecast monthly demand, we proceeded
to disaggregate these values to generate monthly
demand figures for 57 clinic locations across four
appointment types. For locations with sufficient
data, we fitted probability distributions to monthly
appointment demand and generated multiple sce-
narios. We illustrate this process for Location 25.
We fitted a Negative Binomial distribution to both
assessment (Figure 9) and telephone appointments

Date

(Figure 10), suggesting overdispersion and greater
variability, an approach similar to that used by Ninh
et al. (2024) in modelling patient arrivals in clinical
trials. For follow-up appointments (Figure 1), a
Gaussian Mixture model with three components
provided the best fit, implying distinct patterns of
low, medium, and high-volume months. This multi-
modal approach has been effectively used to model
elective surgery durations (Bernardelli et al., 2024).

For community appointments (Figure 12), a
Zero-Inflated Poisson distribution best captured the
data, with many zero-demand days interspersed
with Poisson-distributed appointment occurrences.
This distribution has been similarly applied to
model mental health outpatient services demand
(Wang et al., 2021). Using these fitted distributions,
we employed Monte Carlo simulation to generate
synthetic appointment data for Location 25.

For locations lacking data, stakeholders were asked
to describe referral patterns based on their expert
experience. This expertise was then used to determine
appropriate statistical distributions. These distributions
were then embedded into a Monte Carlo simulation to
generate data. We illustrate the results of 1000 simula-
tions for location 1 as an example. For instance, we
used a Poisson distribution (A=5.5) for follow-up
appointments as they made up the most appointments
(Figure 13). Assessment appointments were modelled
using a Poisson distribution with 4=0.2, reflecting
their less frequent occurrence (Figure 14).

Community appointments were represented by a
Discrete Uniform Distribution (a=0, b=2), indi-
cating an equal likelihood of 0, 1, or 2 appointments
(Figure 15). For less frequent appointments such as
telephone contacts, a Geometric distribution
(p=0.05) was employed (Figure 16). These distribu-
tions were chosen based on stakeholder input about
the typical patterns and frequencies of different
appointment types.
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5. Prescriptive analytics: Optimization model multi-location optimization model using Mixed-

Building upon insights from the descriptive and pre-  Integer Linear Programming. This model addressed
dictive analytics stages, we developed a multi-skill ~ specific challenges identified earlier, particularly
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inconsistencies in clinician utilization and variations
in operational procedures. The optimization model
is based on the following assumptions. A workforce
including 12 multi-skilled clinicians must be
deployed to 57 primary care clinic locations to con-
duct four types of appointments. Clinicians get
assigned appointments based on their skill set, as
displayed in Table 5. For instance, clinicians in
bands 8a, 7, and one 6a clinician are skilled to con-
duct appointment type “assessment”, while clinicians
6b and 6¢ cannot. Additionally, “community”
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Table 5. Clinician skill distribution.

Clinician Skill Level Assessment Follow-up Telephone Community
Band 8a v v v

Band 7 v v v v
Band 6a v* v v v
Band 6b, 6¢ v v v

appointments are conducted only by clinicians in
bands 7, 6a, 6b and 6c.

Additionally, we assumed that the service oper-
ated on weekdays (Monday to Friday) from 9 AM
until 6PM. A working week is made up of 5days,
and a clinician’s working day is split into two shifts:
AM and PM. In addition to consulting with patients
at a clinic, clinicians also carry out other activities,
as discussed in Section 4.1. Our application does
not include these activities as they were pre-
scheduled and fixed. However, these activities were
considered when determining clinician availability
in each shift. Clinicians travelled to locations split
over two geographic patches to hold clinics across
the two shifts (AM and PM).

During each shift, clinicians consulted with
patients for four different types of appointments.
The demand for each type of appointment at each
clinic location was assumed to be known for the
planning horizon. This demand data was generated
through the methods described in the predictive
analytics section. On a given working day, a clin-
ician could be assigned two shifts, either in one
clinic or in two separate clinics. A clinician could
not be assigned to two locations if the travel dis-
tance was greater than a threshold value. The model
determined the optimal allocation of clinicians to
clinics, appointments and shifts over a planning
horizon to minimize the number of unassigned
appointments.

While inspired by this real application, the model
is general in scope and can handle different num-
bers of shifts, appointment types, and skills. This
flexibility allows for potential application in other
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healthcare contexts with similar multi-skill, multi-
location characteristics.

In the context of this short-term mental health
service, continuity of care was defined as clinicians
consistently visiting their allocated clinics rather
than maintaining patient-specific continuity. This
definition aligned with the service’s role as a bridge
to secondary mental healthcare. By allocating clini-
cians to predetermined clinic locations, the service
balanced the need for consistent care with flexibility
to assign patients to the appropriate clinicians based
on their needs.

5.1. Model formulation

The model formulation used the following notation.
A notation Table is also available in Appendix
Table Al.

Objective function:

Min (ZZFZ -SYYY gg) + MaxZ

acA lel acA ceC el seS
(1)
Subject to:
Y ) X4 <FVIEL VacA )
ceC ses§
> RXG <L VeeCVIELYVseS — (3)
acA
Y>3 RX4+2Z7=H VeeC (4)
leL s€A acA
X4 <MYy VeeCVleLVseSVacA (5
Yo <Y X4 VeeCGVIELVseS  (6)
acA
ZYdsgl VieLVseS (7)
ceC
d Yy <1 VeeCVdeDVseS;  (8)
leL
D> Yu < Smx Vee€CVdED  (9)
s€Sy lel

YCIS + YCIIS' S 1
Vee C VI €L 1l 4 I&&Ty > Toas¥d  (10)
€DVss €Sy:s<s

Yys < Wy VeeCVleLVseS (11)
> Wa<N V€L (12)
ceC
> Wa<N, VceC (13)
leL

Wy <P; VeeCVlel (14)

Yoo <H, VeceCVleLVseS (15)

G <M B, VceCVleLVscSVacA (16)
MaxZ > Z_/H, VceC (17)

Yus €{0,1}S VeeCVIe€L,VseS (18)
X €Z VeeCGVleLVseSVacA (19)

Wy €{0,1} VeceCVIlel (20)
Z_.€Z VYceC (21)

The objective of the model (1) is twofold. The
primary objective is to minimize the number of
unassigned appointments, effectively minimizing
unmet demand. The secondary objective is to min-
imize the maximum percentage of unassigned hours
across all clinicians. The fact that the second object-
ive is a percentage (always less or equal one) while
the first objective is a positive integer number
ensures that minimizing unmet demand is the pri-
mary objective. Only in the case of alternative opti-
mal solutions with respect to the first objective, the
second objective is minimized. Constraints (2)
ensure that for each clinic location and appointment
type, the total number of appointments assigned to
all clinicians in all shifts does not exceed the
appointment demand for that type in that clinic
location. Constraints (3) limit the duration of
appointments assigned to each shift, ensuring that
for each clinician, shift, and clinic location, the total
duration of all assigned appointments does not
exceed the length of the shift. Constraints (4)
ensures that the total duration of appointments
assigned to each clinician across all clinic locations
and shifts does not exceed the clinician’s availability.
They also capture the unassigned hours for each
clinician through the variables Z_ .

Constraints (5) ensure that appointments can be
assigned to a clinician in a clinic location during a
shift only if the clinician has been assigned to that
clinic location in that shift (Ygs =1). To ensure
that these constraints work as intended, M can be
set equal to |Ls/R,] (ie, the maximum number of
appointments of type a that can be carried out in
shift s). Constraints (6) ensure that if a clinic loca-
tion is assigned to a clinician in a shift, then at least
one appointment must be assigned to that clinician
in the shift. Constraints (7) ensure that at most one
clinician is assigned to each clinic location in each
shift. Constraints (8) ensure that each clinician can
be assigned to at most one clinic location in each
shift within a day.

Constraints (9) limit the maximum number of
shifts per day for each clinician to a predefined
value Spax. Constraints (10) impose travel time con-
straints for shifts within a day, preventing a clinician
from being assigned to clinic locations that are too
far apart (T > Tma) In  consecutive  shifts.
Constraints (11) link the variables Y and W, ensur-
ing that a clinician can be assigned to a clinic loca-
tion in a given shift (Ygs = 1), only if the clinician
is assigned to that clinic location. Constraints (12)
limit the number of clinicians assigned to each
clinic location to a maximum of Nj. Constraints



(13) limit the number of clinic locations assigned to
each clinician to a maximum of N..

Constraints (14) enforce clinic location preferen-
ces, ensuring that a clinician can only be assigned to
a clinic location if the clinician has a preference for
that clinic location. Similarly, constraints (15)
enforce shift assignment feasibility, ensuring that a
clinician can only be assigned to a shift if the clin-
ician is available for that shift. Constraints (16)
ensure that clinician can only be assigned appoint-
ments of a specific type if they have the required
skill for that appointment type. M can be set to the
same value as in constraints (5). Constraint (17)
ensures that the variable MaxZ is greater than or
equal to a percentage of unassigned hours (Z_/H,)
for each clinician, effectively capturing the max-
imum percentage of unassigned hours across all
clinicians. This constraint allows for a fair compari-
son between clinicians with different total available
hours, as it considers the proportion of unassigned
time relative to each clinician’s capacity. Finally,
constraints (18)—(21) define the domain of the
variables.

5.2. Model validation

The verification and validation of the model with
the stakeholders took place during the COVID-19
pandemic, which brought about wide-ranging
changes in the organization of mental health serv-
ices. These changes included pausing “non-essential”
services, deploying staff to new and unfamiliar roles,
and transitioning to remote working (Liberati et al.,
2021). Due to the unprecedented nature of the pan-
demic and the complete lack of face-to-face appoint-
ments, the service decided to offer longer
appointments to patients to counteract the absence
of in-person contact. The operational policy was
modified to adapt to a potential surge in demand,
necessitating the assessment of resource utilization
and service capacity. As a result, a COVID model
variant was developed to aid in planning operations
during the pandemic.

The initial “Non-COVID” model assumed that
clinicians deliver the service as usual, while the
COVID variant assumed that all appointments were
telephone-based and removed constraints on clin-
ician travel and clinician skill requitement.
Constraints (10) and (16) were removed, and con-
straints (2)—(5) were simplified to reflect the exist-
ence of only telephone appointments. This
adaptation of the model to the unique circumstances
of the pandemic demonstrates its flexibility and
responsiveness to changing operational require-
ments, further validating its usefulness as a
decision-support tool for the PCMH service.
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6. Computational results

To evaluate the model’s performance and assess the
impact of various operational strategies, we con-
ducted a comprehensive scenario analysis using real-
world data from the PCMH service. By comparing
the model’s outputs across these scenarios, we aimed
to identify potential areas for improvement and pro-
vide actionable insights to support decision-making
and enhance service efficiency.

6.1. Inputs and scenario generation

Based on discussion with stakeholders, several alter-
native service design options were derived for sce-
nario analysis. In the descriptive stage of the
methodology, we identified problems relating to
clinic shift duration, appointment duration, and
clinician hours. We were guided by stakeholders to
explore these issues as well as an increase in
demand. Scenarios were generated using experimen-
tal model input values derived from the prescriptive
and descriptive analytics stages. For the analysis,
data from the service for a specific planning period
of 4 wk (1st to 30th of May 2021) was extracted to
compare  service improvements and model
performance.

This period was considered for its high demand
values. For appointment durations, two profiles (Pa
and Pb) discussed in Section 4.1, Table 3 were used.
For clinician availability over a 4-week planning
period, stakeholders supplied shift durations of 2.5h
for the Non-COVID and COVID scenarios, and
weekly shifts for clinicians grouped by band were
based on the discussion in Section 4.1, Figure 4.
Table 6 depicts the standardization strategy for clin-
ician availability. In practice, the service did not
have standardized specifications for appointment
durations and clinician availability, and appoint-
ments were scheduled on an ad-hoc basis by each
clinician.

6.1.1. The scenarios

We developed 16 scenarios to systematically evaluate
the impact of various operational strategies. Table 7
summarizes these scenarios. Scenarios 1-4 used the
perceived clinician availability, while scenarios 5-8

Table 6. Standardised clinician availability.
Standardised

availability

Clinician Available Shifts Weekly Available Hours
Band (4 Weeks) Shifts (2.5 hr shift)
8a 20 5 50

7 28 7 70

6a 32 8 80

6b 12 3 30

6¢ 16 4 40
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used standardized availability depicted in Table 6. In
scenarios 1, 2, 5 and 6 we used current appointment
demand, whereas scenarios 3, 4, 7, and 8 utilised an
increase demand of about 15% which was the result
of the forecasting and stakeholders’ intuition.

For COVID scenarios, each of the previous com-
binations were further combined with two appoint-
ment duration profiles (Pa and Pb, Table 3).
Scenarios 9-16 in the table were COVID-variant
counterparts of scenarios 1-8. Note that in these
scenarios, only one appointment type was offered
via the telephone. Therefore, the appointment

Table 7. Summary of scenario options.

duration for profile Pa was taken to be 45min,
while profile Pb was 60 min. These values were sup-
plied by stakeholders. Table 8 depicts scenario speci-
fication for the non-COVID model variant. The
second column has clinician available hours, the
third has the number of appointments for each type
across all locations and the last has the appointment
duration with a total duration of all appointments.

Likewise, Table 9 displays scenario specifications
for the COVID model variant.

6.2. Non-COVID model scenarios results

We evaluated the proposed optimization model’s
efficacy in scheduling clinicians by comparing its

Scenarios Clinician . . . .
available Appointment  Appointment  Outputs against the historical appointment data
Non-COVID  COVID  hours (H) ~ demand (Ff) duration (R;)  from a four-week planning period (1st to 30th of
1 9 Perceived Current Pa May 2021)'
2 10 Perceived Current Pb
3 1 Perceived Increased Pa
4 12 Perceived Increased Pb 6.2.1. Unmet demand and clinician utilization
5 13 Standardised  Current Pa . .
6 14 Standardised  Current Pb Table 10 is a summary of the scenario results, focus-
7 15 Standardised  Increased Pa ing on unmet demand and clinician utilization in
8 16 Standardised Increased P terms of unassigned hours. Specifically, the table
Table 8. Non-COVID scenario specifications.
Clinician available hours Appointment demand Appointment duration
Scenario C1 C2 €3 C4 C5 C6 C7 C8 (C9 C10 C11 C12 Total A F T C Total A F T C  Total Hrs
1 48 50 48 50 63 60 45 73 73 35 43 30 615 53 264 269 6 592 60 45 30 45 390
2 48 50 48 50 63 60 45 73 73 35 43 30 615 53 264 269 6 592 60 60 45 60 525
3 48 50 48 50 63 60 45 73 73 35 43 30 615 137 425 % 41 699 60 45 30 45 535
4 48 50 48 50 63 60 45 73 73 35 43 30 615 137 425 % 41 699 60 60 45 60 675
5 50 50 50 70 70 70 70 80 80 40 30 30 690 53 264 269 6 592 60 45 30 45 390
6 50 50 50 70 70 70 70 80 80 40 30 30 690 53 264 269 6 592 60 60 45 60 525
7 50 50 50 70 70 70 70 80 80 40 30 30 690 137 425 % 41 699 60 45 30 45 535
8 50 50 50 70 70 70 70 80 80 40 30 30 690 137 425 % 41 699 60 60 45 60 675
Table 9. COVID scenario specifications.
Clinician available hours
Total appointment  Appointment  Total appointment
Scenario C1 C2 @G G4 G 6 7 €8 9 C10 C11 C12 Total demand duration hours
9 48 50 48 50 63 60 45 73 73 35 43 30 615 592 45 444
10 48 50 48 50 63 60 45 73 73 35 43 30 615 592 60 592
1 48 50 48 50 63 60 45 73 73 35 43 30 615 699 45 524
12 48 50 48 50 63 60 45 73 73 35 43 30 615 699 60 699
13 50 50 50 70 70 70 70 80 80 40 30 30 690 592 45 444
14 50 50 50 70 70 70 70 80 80 40 30 30 690 592 60 592
15 50 50 50 70 70 70 70 80 80 40 30 30 690 699 45 524
16 50 50 50 70 70 70 70 80 80 40 30 30 690 699 60 699
Table 10. Non-COVID scenario outputs.
Unmet demand per
Unassigned hours per clinician appointment type
Total unmet
Scenario C1 C2 @3 G4 G G (7 € € C0o0 C1  C12  Total A [¢ T C demand
1 17 18 18 18 23 22 17 27 27 13 16 1 225 0 0 0 0 0
2 7 8 7 7 10 9 7 1 1 5 7 4 90 0 0 0 0 0
3 7 6 6 6 8 8 6 10 10 5 6 4 81 0 0 0 0 0
4 1 1 0 0 0 0 0 1 0 0 0 0 3 19 39 1 4 63
5 22 22 22 31 30 31 30 35 35 17 13 13 300 0 0 0 0 0
6 12 12 12 16 17 17 17 19 20 10 7 7 165 0 0 0 0 0
7 12 1 12 16 16 16 15 18 18 9 7 7 156 0 0 0 0 0
8 1.3 1 08 13 13 1.8 1.5 2 2 1 0.5 0.8 15 0 0 0 0 0




shows the number of unassigned hours for each
clinician (C1-C12) across all scenarios, as well as
the total unassigned hours for each scenario. It also
presents the unmet demand for each appointment
type (A: Assessment, F: Follow-up, T: Telephone, C:
Community) and the total unmet demand per sce-
nario. The model demonstrated strong performance
in meeting demand across most scenarios. All sce-
narios except 4 showed zero unmet demand, indi-
cating that the model could allocate appointments
efficiently to meet all service needs under various
conditions. This suggests that when optimally sched-
uled, the current workforce could generally meet
service demand without accumulating significant
waiting lists.

Scenario 4 revealed potential capacity limitations
under high-demand situations combined with longer
appointment durations. It showed 63 unmet
appointments, the majority of which (39) were fol-
low up appointments. However, scenario 8, despite
facing high demand and longer appointment dura-
tions, successfully met all appointment demands
with zero unmet appointments when standardized
availability was implemented.

In terms of clinician utilization, the model effect-
ively allocated available hours across all scenarios.
In scenarios with perceived availability (1-4), the
total unassigned hours ranged from 3 to 225h, rep-
resenting between 0.5% and 36.6% of total available
hours. Scenarios with standardized availability (5-8)
showed a range of 15-300 unassigned hours, or
2.2%-43.5% of total available hours. This higher
upper range in standardized scenarios reflects a
more structured approach to clinician time manage-
ment, providing buffer capacity for unforeseen cir-
cumstances or additional tasks.

Notably, scenario 8 achieved the highest clinician
utilization, with only 15 unassigned hours (2.2% of
total available hours) while still meeting all appoint-
ment demands. This scenario demonstrated the
model’s capability to efficiently utilize clinician time
when faced with high demand and longer appoint-
ment durations, provided standardized availability
was implemented.

6.2.2. Appointment distribution and fairness
To evaluate the model’s effectiveness in improving
demand allocation, we compared the recorded
appointment distribution data from the four-week
planning period against the model’s outputs for sce-
narios 1, 2, 5, and 6. These specific scenarios were
chosen as they consider the same demand for
appointments as the recorded data, allowing for a
direct comparison.

Table 11 reveals substantial disparities in the per-
centage of demand met by each clinician under the
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Table 11. Recorded versus model assigned appointment
distribution.

Clinician  Recorded Scenario 1 Scenario 2 Scenario 5 Scenario 6
1 6% 7% 8% 7% 7%
2 8% 8% 8% 8% 7%
3 5% 7% 8% 8% 7%
4 10% 9% 8% 1% 10%
5 2% 10% 10% 9% 10%
6 13% 9% 10% 9% 10%
7 15% 7% 7% 10% 11%
8 13% 11% 11% 11% 11%
9 12% 12% 12% 11% 12%
10 6% 7% 6% 6% 6%
1 4% 8% 7% 5% 4%
12 5% 5% 5% 4% 4%

current practice, ranging from 2% to 15%. This
wide range indicated significant imbalances in work-
load distribution and resource utilization inefficien-
cies. In contrast, the optimized model outputs
demonstrated a more balanced distribution of
demand fulfillment across all clinicians, even with-
out standardizing availabilities.

For instance, in Scenario 1, the demand met by
Clinicians C4-C7 in Band 7 ranged from 7% to
10%, a notable improvement from the recorded
range of 2%-15%. Standardizing clinician availabil-
ities (Scenarios 5 and 6) further enhanced equity
within each band, as exemplified by clinicians in
Band 7, all being assigned 9%-11% of the demand,
minimizing the 2%-15% gap in the recorded data.

6.2.3. Impact of standardization and secondary
objective

Figure 17 illustrates the impact of standardization
and the secondary objective across different sce-
narios. Each subplot represents a scenario, with
clinicians (C1-C12) on the x-axis and hours on the
y-axis. The blue bar represents the total availability
for each clinician, with the orange portion showing
model-assigned hours and the gap between the bars
representing unassigned hours. The percentage indi-
cates the proportion of available hours that
remained unassigned.

In scenarios with perceived availability (1-4), we
observed varying total availabilities across clinicians,
even within the same band. Scenario 1 showed
unassigned hours ranging from 36% to 38%, while
Scenario 2 demonstrated an expected increase in
utilization (14%-16% unassigned) due to longer
appointment durations. Despite similar percentages
within scenarios, the actual unassigned hours dif-
fered due to varying availabilities. Scenarios with
standardized availability (5-8) showed more consist-
ent total availability within bands and more uniform
percentages of unassigned hours. For instance,
Scenario 5 show 43%-44% unassigned hours for all
clinicians, with consistent total availability within
each band. Scenario 8 achieved the highest
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Figure 17. Appointment hours vs available clinician hours.

utilization, with only 2% unassigned hours across all
clinicians. The comparison between scenarios 1-4
and 5-8 clearly illustrates how standardized avail-
ability lead to more consistent total hours within
bands and a more balanced distribution of
unassigned hours across clinicians. This standardiza-
tion addressed the issue of some clinicians poten-
tially having disproportionately more or fewer
unassigned hours relative to their peers, as seen in
the scenarios with perceived availability.

6.2.4. Optimised clinician allocation schedule
Figure 18 provides a sample optimised allocation
schedule (scenario 8) generated by the model.

The full schedule can also be viewed Appendix
Figure Al. This schedule offers a clear and concise
view of the optimized resource allocation, ensuring
that the right clinician is assigned to the right loca-
tion at the right time to meet the specific appoint-
ment needs of the patients. The schedule specifies
which clinician (represented by different colours)
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D1 D2 D3 D4 D5 D6 D7 D8 D9 D10 op Type | Pattern
. Assessment /
S1|S2|(S1|S2|S1|S2|S1|S2|S1|S2(S1(S2|S1|S2|S1(S2(S1|82(S1]|S82
Follow-up |
— Teleph: \
Clinic ceo:jmzr:ty 1}
Figure 18. Sample optimized clinician allocation schedule.
Table 12. Covid model output summary.
Unassigned hours per clinician (Hours)
Total unmet
Scenario 1 Q2 a c4 c5 c6 c7 8 9 C10 Cc11 C12 Total demand
9 13 14 13 14 18 17 13 20 20 10 12 8 171 0
10 3 2 2 2 3 2 2 3 3 1 2 1 23 0
1 7 7 7 7 9 9 7 1 1 5 6 5 91 0
12 1.5 0 0.5 0 0.5 0 0 1.5 0.5 0 0.5 0 5 89
13 18 18 18 25 25 25 25 29 28 15 1 1 246 0
14 7 7 7 10 10 10 10 1 12 6 4 4 98 0
15 13 12 13 17 17 15 17 19 20 10 7 8 166 0
16 0 0 0 0 0 0 0 0 0 0 0 0 0 9

should be assigned to each clinic location on a par-
ticular day and shift (S1 for AM shift and S2 for the
PM shift). Furthermore, the type of appointment
(assessment, follow-up, telephone, or community) to
be conducted by the assigned clinician is indicated
using specific patterns (/, |,\, or ||).

In conclusion, the model’s dual focus on mini-
mizing unmet demand and balancing unassigned
hours, coupled with standardized availability,
resulted in a more equitable and efficient resource
allocation. While the model generally met demand
effectively, the results from scenarios 4 highlighted
the need for careful capacity planning when faced
with increased demand or extended appointment
durations. This demonstrated the practical value of
the optimization approach in healthcare resource
management and offered a robust tool for service
planners to maximize efficiency while maintaining
fairness among clinicians of varying skill levels and
employment status.

6.3. COVID-19 model scenarios results

The COVID-19 model scenarios, summarized in
Table 12, demonstrated the service’s adaptability
under unprecedented conditions. Table 12 presents

the unassigned hours for each clinician, along with
the total unmet demand for each scenario.

The model’s performance across these scenarios
highlighted its ability to optimize resource allocation
even under challenging circumstances. For instance,
scenario 16 shows the power of the optimization
model in identifying a solution that utilized all avail-
able capacity. Despite the model assigning 100% of
available hours across all clinicians, there remained
9 unmet appointments. This result underscores that
the model had exhausted all possible efficient alloca-
tions, providing assurance that resources had been
used to their maximum potential.

In contrast, scenarios like 13 and 14 demon-
strated how the model balanced workload when
there’s less pressure on capacity. For instance, in
scenario 13, with standardized availability and cur-
rent demand, unassigned hours across clinicians
were in the range 11-29. These values followed a
similar pattern to those seen in Table 10 for the
non-COVID scenarios, reflecting a fair distribution
of workload.

These results illustrate the model’s flexibility in
adapting to various demand and capacity scenarios
while maintaining equity in clinician utilization.
Such insights were particularly valuable for contin-
allowing to

gency planning, service managers
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understand potential trade-offs and make informed
decisions about resource allocation under different
circumstances.

7. Discussion

In this section, we discuss the key contributions of
our study, including a reflection on our multi-skill
multi-location optimization model and the value of
our integrated analytics approach. We also reflect
on the implementation challenges encountered, the
lessons learned, and the potential for future
research.

7.1. Reflecting on the optimization model

Our study advances optimization modelling in men-
tal healthcare by developing a novel multi-skill,
multi-location scheduling approach that addresses
fundamental service delivery challenges in a primary
care setting (Bradley et al., 2017; Howells et al.,
2022; Long & Meadows, 2018; Noorain et al., 2019;
2023). Unlike previous mental health optimization
studies focused on narrow scheduling problems or
simplified assumptions (Noorain et al, 2023), our
model comprehensively tackles the complex inter-
play between geographical coverage, skill distribu-
tion, and continuity of care. The model uniquely
addresses these challenges through several key
mechanisms: balancing geographical coverage with
skill-appropriate care delivery, maintaining consist-
ent service presence while optimizing resource util-
ization, and effectively handling the complexity of
hierarchical nursing bands combined with varied
intervention types.

While sharing characteristics with other health-
care scheduling applications - such as resource
coordination from multi-appointment scheduling
(Marynissen & Demeulemeester, 2019), staff routing
from home healthcare (Goodarzian et al., 2023), and
resource utilization optimization from outpatient
scheduling (Ahmadi-Javid et al., 2017) - our model
addresses a distinct combination of requirements
that sets it apart from existing approaches. Unlike
home healthcare where travel time optimization is
paramount, or outpatient scheduling focused on
single-location resource utilization, our model pri-
oritizes maintaining continuity of care while ensur-
ing appropriate skill distribution across a network of
primary care locations. This distinctive approach
proved effective in our case study, achieving more
equitable workload distribution across clinicians
while maintaining appropriate skill coverage, with
the model’s adaptation during COVID-19 further
demonstrating its flexibility in supporting service
delivery.

While developed specifically for mental health
services, elements of our model could be adapted
for other community healthcare services that need
to maintain a regular presence across multiple loca-
tions (Palmer et al., 2018). The skill hierarchies and
intervention types would need to be redefined to
match specific service requirements, but the core
approach of balancing geographical coverage with
specialized skill requirements has potential broader
applications in community healthcare service
planning.

7.2. The value of analytics-driven optimization
modelling

Our study advances healthcare analytics by explicitly
demonstrating how data analysis shapes optimiza-
tion model development (Noorain et al, 2023).
While integrated approaches exist (Galetsi &
Katsaliaki, 2020; Lepenioti et al., 2020), we detail a
systematic process that moves beyond parameter
estimation (Bernardelli et al., 2024; Ordu et al.,
2021) to fundamentally inform model formulation
through visualization, statistical analysis, time series
forecasting, and simulation.

The analytics process showed several insights that
directly shaped our model development. Historical
data analysis showed most appointments were com-
pleted within 45 min, contradicting perceived dura-
tions of over 60min. This finding led to the
implementation of standardized appointment dur-
ation parameters in the model. Additionally, clin-
analysis significant
workload imbalances within the same skill bands,
informing our model’s fairness constraints and the
development of standardized availability templates.

In our location-specific demand analysis, we
found inefficient but strategically important staffing
patterns. While some locations appeared overstaffed
relative to current demand, this arrangement served

ician utilization uncovered

important purposes: maintaining continuity of care,
preserving established GP practice relationships, and
retaining capacity for managing demand fluctua-
tions. This insight significantly influenced how we
modelled clinician-location assignments, demon-
strating the value of combining quantitative analysis
with operational context. What initially appeared as
an inefficient
through analytics to be a deliberate strategy support-
ing long-term service stability and relationships.
These findings illustrate how analytics can sys-
tematically inform optimization model development.
Our approach enabled us to develop a robust model
despite data limitations, similar to recent work using
nonlinear models for scheduling constraints (Wang

resource allocation was revealed



et al, 2021) and classification trees for threshold
identification (Sir et al., 2017).

7.3. Implementation challenges and lessons
learned

In the optimization community, implementation
encompasses computational aspects that focus on
developing efficient solution procedures balancing
solution quality and computational speed, often
involving mathematical algorithms and software
prototypes (Humagain et al., 2020). It also includes
practical implementation, where models are tested
and applied in real operational environments to
closely reflect real-world conditions (Ahmadi-Javid
et al., 2017).

While our model provided valuable short-term
insights for service improvement and workforce
planning through real data utilization (Fajemisin
et al, 2024), it was not implemented for ongoing
use by the service due to several concurrent organ-
izational changes. The service’s distributed structure
across multiple GP practices, each using different
electronic health record systems (RiO and EMIS),
created information governance challenges for data
integration. The transition was further affected by
the departure of the project champion (transform-
ation lead). Most significantly, the introduction of
the NHS Long Term Plan’s Community Mental
Health Framework (CMHF) mandated fundamental
changes to mental health service delivery, including
a shift from primary care-based to location-based
community mental health services (NCCMH, 2021).
For KMPT, this meant the dissolution of the PCMH
service that was the focus of our study. Following
the ratification of operational policies in early 2022
(KMPT, 2022), the trust began implementing these
transformational changes, with full implementation
planned between 2023 and 2026. These barriers to
long-term deployment mirror challenges identified
in other recent studies (Abuabara et al., 2022).

However, in other hard OR approaches such as
simulation modelling, implementation takes on a
broader meaning, including stakeholder learning
about complex situations (Brailsford et al., 2019;
Harper & Mustafee, 2023; Kotiadis & Tako, 2010;
Long et al., 2020). From this view, our work led to
valuable organizational learning and practical
changes. As noted by Stakeholder D: “I think to
answer your question of anything that has directly
changed since we started the study. The data that
you have explored and presented to us, we went
back to the Business Intelligence (BI) team and said
to them that these aspects are not being reported on
and should be included in the report.” The Project
Champion further emphasized the practical impact:
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And also, raising our awareness about areas where
we can do some efficiency savings in clinical time
and that is a direct impact of this work. This was
complemented by Stakeholder J's observation: “We
also saw that there are certain things we are not
capturing in the database that we should capture.”
Through the analysis, stakeholders recognized sev-
eral data collection gaps, including that patient-
related consultations with GPs conducted by band 8
clinicians were not recorded in their database sys-
tem, and using individual clinician “Job Plans” to
better understand working patterns.

The stakeholders clearly recognized the value of
the analytics-driven optimization approach. The
Project Champion noted: “So, I have connected with
the director of performance, and I am trying to
facilitate wider conversations. To make a recom-
mendation to the wider trust about the work that
this study has conducted.” This led to interest in
wider application, as evidenced by Stakeholder G:
“Personally, I would like to use the optimization
model with other services that I am working with,
but I realise this is outside the scope of this work,
but I would put it down as an aspiration.”

As ongoing collaborators with the healthcare
trust, we hope to go back and adapt and apply our
analytics-driven approach to the new service model
once the system has settled into its transformed
state, reflecting our commitment to developing flex-
ible models that can evolve with changing healthcare
delivery frameworks (Long et al., 2022).

7.4. Future research

Future research could address several promising
methodological directions. Researchers could explore
strategies for increasing workforce flexibility through
substitution and cross-training techniques (Afshar-
Nadjafi, 2021; De Bruecker et al., 2015), incorporate
stochastic demand elements using methods such as
stochastic, robust or fuzzy optimization (Dai &
Wang, 2024; Gokalp et al.,, 2024), and develop queu-
ing models that account for uncertain treatment
durations (Kim & Lee, 2021). For larger problem
instances, development of efficient solution method
including multi-objective genetic algorithms (Farughi
et al, 2020), or hybrid approaches like Variable
Neighbourhood Search-Dynamic Programming (Lan
et al, 2022) would enable the extension to more
complex scheduling scenario. In our model, fairness
in addressed by choosing the “fairest” among mul-
tiple optimal solutions based on the secondary
objective. Future research could explore alternative
approaches to fairness such as minimizing differences
between individual penalties (Wolbeck et al., 2020).
The model could also be enhanced by utilising
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strategic approaches such as location-allocation crite-
ria to improve continuity of care (Mitropoulos et al.,
2023), leading to better patient outcomes and more
efficient use of healthcare resources.

8. Conclusion

This article presents an integrated descriptive, pre-
dictive, and prescriptive analytics approach to
develop an optimization model for planning mental
healthcare services. Through a case study with a
Primary Care Mental Health service in the UK, we
demonstrate how analytics and optimization can
work together to address real-world healthcare plan-
ning challenges. Our study provides valuable
insights into the practical challenges of healthcare
optimization while offering a robust foundation for
decision-support tools that can enhance efficiency,
access, and equity. The case findings suggest oppor-
tunities for future research to explore workforce
flexibility, stochastic demand modeling, fairness
mechanisms and continuity of care.
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Appendix A

Table A1. Model notation table.

Notation Description
Sets A Set of appointment types,each with a skill requirement, indexed by a
C Set of clinicians, indexed by ¢
L Set of clinic locations, indexed by |
D Set of days in the planning horizon, indexed by d
S Set of shifts across all days in the planning horizon, indexed by s
Sd Set of shifts s € S for each day d € D (typically two shifts per day : AM&PM)
Parameters Ls Length of shift s
F! Demand for appointment type a € A in clinic location | € L
Bea 1,if clinician ¢ € C is skilled for appointment type a € A,0 otherwise
i1, Distance between clinic locations I, |, € L : |, # I,
R, Duration of appointment type a € A
P 1,if clinician ¢ € C can be assigned to clinic location | € L,0 otherwise
T max Maximum travel distance between clinics
Smax Maximum number of shifts per day
N, Maximum number of clinic locations that can be assigned to a clinician
N, Maximum number of clinicians that can be assigned to a clinic location
H, Total available hours per clinician ¢ € C
Hes 1,if clinician ¢ € C is available in shift s € S,0 otherwise
M A sufficiently large constant
Decision Variables Ys 1,if clinician ¢ € C is assigned to clinic location | € L in shift s € S 0, otherwise
X& number of appointments of type a € A assigned to clinicia € C at clinic location | € L in shift s € S
Wy 1,if clinic location | € L is assigned to clinician ¢ € C 0, otherwise
Z; Unassigned hours for each clinician ¢ € C

MaxZ maximum percentage of unassigned hours across all clinicians ¢ € C
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Figure A1. Model generated clinician assignment schedule.
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Figure A3. Clinicic demand Vs. clinician allocation plot with reference table.



