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Abstract

Background COVID-19 has had a significant impact on people’s mental health and mental health services. Dur-
ing the first year of the pandemic, existing demand was not fully met while new demand was generated, resulting
in large numbers of people requiring support. To support mental health services to recover without being over-
whelmed, it was important to know where services will experience increased pressure, and what strategies could be
implemented to mitigate this.

Methods We implemented a computer simulation model of patient flow through an integrated mental health ser-
vice in Southwest England covering General Practice (GP), community-based ‘talking therapies' (IAPT), acute hospital
care, and specialist care settings. The model was calibrated on data from 1 April 2019 to 1 April 2021. Model param-
eters included patient demand, service-level length of stay, and probabilities of transitioning to other care settings.
We used the model to compare ‘do nothing’ (baseline) scenarios to ‘what if (mitigation) scenarios, including increasing
capacity and reducing length of stay, for two future demand trajectories from 1 April 2021 onwards.

Results The results from the simulation model suggest that, without mitigation, the impact of COVID-19 will be

an increase in pressure on GP and specialist community based services by 50% and 50—-100% respectively. Simulating
the impact of possible mitigation strategies, results show that increasing capacity in lower-acuity services, such as GP,
causes a shift in demand to other parts of the mental health system while decreasing length of stay in higher acuity
services is insufficient to mitigate the impact of increased demand.

Conclusion In capturing the interrelation of patient flow related dynamics between various mental health care set-
tings, we demonstrate the value of computer simulation for assessing the impact of interventions on system flow.
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Background

The COVID-19 pandemic has had a significant impact
on people’s mental health and mental health services.
During the pandemic, difficulties in accessing services
have suppressed existing demand while new demand has
been generated by the social and financial consequences
of lockdown, bereavement, virus anxiety, and trauma in
healthcare workers. Evidence from the early stages of
the pandemic suggests a rise in the levels of stress, anxi-
ety and depression in the general population [1, 2] and
this was found to be more common in younger people,
women and in individuals who identified as being in rec-
ognised COVID-19 risk groups [3].

Consequently, as mental health services re-open, a
surge in demand is expected [4]. In the 12 months since
the first national lockdown, a UK-based mental health
helpline, for advice and information on mental health
services, reported an increase in demand, with twice the
usual volume of calls on several days [5]. Not being able
to access the right care and support when it is needed
increases the risk of deterioration in individuals’ mental
health. According to [6], “the mental health sector has
seen a surge in demand during the pandemic, with levels
of need vastly increasing from 2020 to 2022. According to
[6] approximately 1.6 million people in England, or one
person in 35, are currently on the NHS waiting list for
specialised treatment, and a further eight million people,
or one person in seven, would benefit from support” For
mental health services to recover from the pandemic and
meet demand, knowing which components of a service
will experience increased pressure is essential, alongside
whether changes in service design could mitigate such
effects.

Computer simulation, a digital model that replicates
real-life processes, has a proven track record in inform-
ing and improving the management of health services [7].
Simulation models, such as Discrete Event Simulation
(DES), can be used to understand relationships, feed-
back pathways and processes across multi-organisation
systems, and assess how these would behave if a change
occurred. As they are both safer and cheaper than con-
ducting experiments in a real-world setting, they are use-
ful for testing the potential impact of changes in service
design. [8]. DES has been used to model sexual health
services, controlling for various outcomes [9]. Findings
show that the provision of self-testing kits for sexual
transmitted infections could be beneficial in reducing
patient waiting times (88 vs 128 min). Mohiuddin et al.
demonstrate the importance of DES for understanding
the complexities of how to cut costs and meet waiting
time targets in a health service.

Simulation modelling has been under-used in men-
tal health service planning and development, compared
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to other clinical disease pathways [10]. While existing
studies have implemented system dynamic modelling for
improving mental health services during the pandemic
[11, 12], simulation has only previously been applied to
decision-making in treatment evaluation, cost-effective-
ness analysis and epidemiological studies [10].

In this study, we use a Discrete Time Simulation (DTS)
model to evaluate the impact of the COVID-19 pandemic
on mental health services. Using the model, we assess
where the pandemic-related surge in demand will lead
to increased pressure, and the effect of possible mitiga-
tion strategies to reduce this pressure. Our study demon-
strates how simulation modelling can be used to inform
decisions regarding changes to capacity and the structure
of mental health pathways, and to best meet the needs of
patients on recovery from the pandemic and beyond.

To address these questions, we first described the flow
of patients across multiple mental health services in the
system by developing a schematic representation of the
mental health pathways using linked electronic patient-
level data up to 1 April 2021, the time of the study. The
pathway maps resulting from this ‘process mining’ exer-
cise were used to configure the structure of the DTS,
in terms of the mental health services covered—GP,
Improving Access to Psychological Therapy (IAPT) care,
acute hospital, and specialist care settings—and the vari-
ous parameters relating to patient flow between these
services: arrival rates, lengths of stay, and transition
probabilities. The model also captures the effect of esca-
lating need should demand not be met in a timely man-
ner. With the model calibrated on data to 1 April 2021,
this study then explores the potential effects of two dif-
ferent scenarios relating to future mental health demand
on recovery from the Covid-19 pandemic; first on a ‘do
nothing’ (baseline) basis, and then through consider-
ing service-level mitigatory measures through a ‘what if’
(intervention) analysis. In addition, baseline and inter-
vention scenarios can be compared in terms of whether
needs are adequately met for each patient, which can
be evaluated by looking at patients exiting the pathway
without having received treatment.

Methods

Study setting

Bristol, North Somerset, and South Gloucestershire
(BNSSG) Integrated Care System (ICS) is a health-
care system in southwest England, with a population of
approximately one million residents. As with other NHS
systems, BNSSG ICS is a network of healthcare provid-
ers covering primary, secondary, mental health, com-
munity, and social care. The healthcare system serves a
mixture of metropolitan areas and rural and coastal loca-
tions. The large metropolitan area of Bristol contains a
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higher proportion of younger individuals and is culturally
and ethnically diverse. Rural and coastal areas contain a
greater proportion of older individuals and pockets of
severe deprivation [13].

Population

The study population included all patients aged 18 years
and over referred to mental health services in BNSSG
between 1 April 2019 to 1 April 2021. Patients were
excluded if they were in community mental health ser-
vices for children, as some patients starting treatment in
children’s mental health services continue with these ser-
vices despite being over 18 years old.

Data

Analysis was conducted using the BNSSG System Wide
Dataset (SWD) from 1 April 2019 to 1 April 2021. The
SWD provides patient-level linkable primary, second-
ary and community health data for the BNSSG popula-
tion [14]. Primary Care data is obtained via a bespoke
extract from general practitioners, collated by OneCare,
which is a General Practice (GP) federation operating
in BNSSG. Sourced from EMIS GP administration sys-
tems, the extract contains data on GP attendances and
prescriptions. Secondary Uses Service (SUS) contains
information on all NHS acute trust outpatient consulta-
tions, inpatient admissions, and emergency department
attendances, with detailed data on date of attendance,
ward specialty and clinical indications. The Community
Services Data Set (CSDS), maintained by NHS Digital,
includes intermediate care admissions and patient vis-
its to and from community service teams. Mental health
data, covering consultations and admitted stays, is avail-
able from the Mental Health Services Data Set (MHSDS)
also maintained by NHS Digital. A full specification of
the System Wide Dataset is publicly available [14] includ-
ing the data dictionary. To mitigate any risks associated
with the holding of patient identifiable data, all records
are pseudonymised by the regional Commissioning Sup-
port Unit before being added to the SWD. The dataset
contains no patient names or full addresses.

The SWD contains two data tables: attributes and
activities, linkable using the pseudonymised patient iden-
tifier. The attribute table is a monthly data flow of social
demographic factors (i.e., sex, age, LSOA, ethnicity) and
clinical factors from patients registered to participating
GPs within BNSSG. The activity table contains infor-
mation on date of medical appointment, prescription
and the specific healthcare service that the patient had
appointment for.

The SWD was linked to IAPT care data. The IAPT pro-
gramme is a large-scale England-wide initiative that aims
to greatly increase the availability of National Institute for
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Health and Care Excellence (NICE) [15] recommended
psychological treatment for depression and anxiety disor-
ders within the NHS. It offers a range of talking therapies
in addition to those that the NHS can offer. This includes
interpersonal therapy, couples therapy, and counselling
for depression. Before the pandemic, approximately one
million individuals per year start IAPT treatment in Eng-
land [16]. A full description of measures and conditions
treated under IAPT services can be found via the IAPT
manual [17].

Derived variables

Clinical severity

Using the attribute table within the SWD, we define men-
tal health severity using 3 categories: severe, moderate
and mild. A patient’s mental health severity is catego-
rised as severe if they are suffering from a chronic men-
tal health condition, such as depression, post-traumatic
stress disorder or an eating disorder. A patient without
a diagnosis of a mental health condition, but living with
an associated condition, such as drug or alcohol depend-
ency, autism, or ADHD, is categorised as moderate.
Patients without any specific mental health or associated
diagnoses are categorised as mild.

Level of care

To enable mental health clinical pathways to be mapped
across the system, services were grouped into six lev-
els according to clinical need (Fig. 1), defined by clini-
cal, managerial, and analytical stakeholders from across
the BNSSG mental health system. Level 1 represents the
lowest level of care required and 6 the highest. Of the six
levels of care identified, only services in levels 2-5 were
included in the study. Level 1 services (community sup-
port) were excluded as they cover a very broad array of
services. It was not possible to recover reliable data for
level 6 services.

Process mining

Patients experience mental health care pathways as caus-
ally linked sequences of activities. However, in the data,
these activities are recorded separately as discrete events.
To reconstruct patient pathways from the SWD and
IAPT data, we implemented process mining, a technique
commonly used for extracting clinical pathways from
administrative data [19].

The mental health pathway in BNSSG, obtained
through process mining, is displayed as a network map in
Fig. 2. Here, nodes represent services within the pathway
and directed edges represent possible routes a patient can
take between services. Using the reconstructed pathways,
we calculated arrival rates, lengths of stay, and transi-
tion probabilities between levels of care and services to
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Setting Means of Access

Level 3 Refer from any level or
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5&55 to Physiological therapy.

Greater service intensit

(routine)
Start of the Mental health system

Primary care Self-referral * |APT Assessment
(advanced) * |APT Therapy
* IAPT Social Prescribing
Level 2 Refer from any level or Sequence of consultation with general practice (GP) or other clinician
Primary care Self-referral * GP initial (not possible to retrieve that in the given dataset)

* GP long term low intensity
* GP long term high intensity

Level 1 Self-directed or referred
Community Support by level 2 services.
(Not NHS)

Interactions with Volunteers and or community groups.

Fig. 1 Description of six'levels of need’for mental health services in the healthcare system studied, detailing the setting, means of access,

and type of resource. The colours represent the level of intensity of care services, where the lighter colours represent the least intensity. * More
information of the classification of the levels (1 to 6) and services are given in Additional file 1: Table S1. GP: general practice. IAPT: Improving Access
to Physiological Therapy. MHP: Mental Health Provide. AWP: Avon and Wilshire Mental Health Partnership NHS Trust

be used as parameters of the DTS. We also calculated the
waiting time for each service and the reneging’ rate—i.e.,
the rate at which patients leave the waiting list for a spe-
cific service without treatment and are transferred else-
where—as additional DTS parameters.

Computer simulation

A DTS model, developed by Murch et al. [20], was used
to simulate patient flow across the reconstructed men-
tal health pathway. The DTS models a patient’s pathway
through the mental health service as a series of events.
Both the time between two events, and the next event
in a patient’s pathway, are determined by sampling from
probability distributions. The probability distributions
are parameterised by the arrival rates and lengths of stay
for each service, and transition probabilities between ser-
vices, obtained from the reconstructed pathway. For a
technical description of the DTS methodology see Murch
et al. [20].

Events simulated in the DTS include: a patient previ-
ously not known to mental health services presenting
with a mental health condition; a patient moving from
one service to another; a patient queuing for capacity in
a service. Patients enter the model when there is avail-
able capacity in a service. The time a patient remains in a
service is sampled from the length of stay distribution for
that service. After a patient’s length of stay has elapsed,
they move to a different service. The service a patient
moves to is determined using the transition probabili-
ties between the service they are in and all other services.
Patients leave the model if they are either successfully

treated or are referred to another service for ongoing
care. To capture patient deconditioning associated with
long waits incurred during the pandemic, after a speci-
fied amount of time waiting for a service, patients can
‘renege’ from the queue they are in and join the pathway
of a higher-level service or discharge themselves from the
pathway without treatment.

Using the DTS, patient events were simulated for each
day within the post-lockdown study period (Fig. 3). For
each simulated day, the number of patients in each ser-
vice, the number of patients waiting for each service, and
the number of patients that reneged were recorded. This
resulted in a time series for each of these measures over
the study period.

As daily arrivals at each service, lengths of stay, and
service transitions are sampled from distributions, one
simulation of the study period represents only one way
in which events could pan out. To capture the range of
possible outcomes over the study period, 35 replications
of the simulation were performed, each using a different
random seed. Results from each simulation were aver-
aged over all replication and the 2.5% and 97.5% quantiles
were taken, for use in deriving 95% confidence intervals.

Scenarios

The DTS was used to evaluate scenarios to mitigate wait-
ing time and capacity at different mental health services
after lockdown. Four scenarios were modelled: two base-
line and two interventions. Baseline scenarios represent
hypothesised changes to patient flow post-lockdown
(from April 2021), as described in the literature [21, 22].
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Fig. 2 Figure and online schematic representation [18] of a sample of 10,000 entries of the mental health services to be modelled. Service nodes
were aligned to the six considered levels of need as detailed in Fig. 1. GP: General Practice; IAPT: Improving Access to Psychological Therapies; MHP:
Mental Health Provider. GP: general practice. IAPT: Improving Access to Physiological Therapy. MHP: Mental Health Provide. AWP: Avon and Wilshire
Mental Health Partnership NHS trust. The darker arrows and nodes represent busier paths. (%) are relative frequency, e.g.; L2_hight intensity
represents 71.60% of the total activity. Number in weeks represents the median number of weeks between activities

Pre Lockdown During Lockdown Post lockdown
04/2019 04/20 04/2021 Simulated Baseline scenarios: “do nothing “ 04/2024
Week 1 Week 156 Week 208 Week 364
1Years 1Year 3 Years
1 T
\ Y ]
Mental health data Simulated Intervention Scenarios: “What if” >

Fig. 3 Scenario Timeline. The study used data for the pre and during lockdown periods (from 1 April 2019 to 1 April 2021, representing week 1
to week 207 of the study period) to obtain model parameters, and simulated baseline and intervention scenarios for the post lockdown period
(from 1 April 2021 to 1 April 2024, from week 208 to week 364 of the study period assumed for this study)

The demand profiles (i.e., external arrival rates) in the may form, as they recover from the pandemic. For each
DTS were adjusted according to each baseline scenario  baseline scenario, a plausible intervention scenario was
to model the different problem(s) that mental health simulated to estimate the impact of possible measures
services might encounter, such as where large queues to mitigate pressure (Table 1). The DTS was used to
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Table 1 The four simulation scenarios considered in this study (two baseline scenarios and two intervention scenarios)

Scenario Demand

Intervention

Baseline A: based on Tojesen

This scenario predicted a doubling in demand from April 2021
21 for GPs, crisis and inpatient levels 2, 3 and 5, followed by drop
to pre pandemic levels in Oct 2021. In addition, IAPT Assess-

Intervention A involved increasing capacity in GP
primary care (Level 2) by 30%, as well as reducing
length of stay in IAPT therapy (level 3) by 20%

ment will experience a decrease in demand of 20% in April 2021
and a subsequent increase of 25% from April 2022, before returning

to pre pandemic levels in Oct 2022

Baseline B: based on Hood
etal. [22]

The NHS-based Strategy Unit predicted that demand for pri-
mary mental health (IAPT, GP, primary mental health team) will
increase by 22% in 2020/2021, by 20% in 2021/2022 and by 12%
in 2022/2023 compared to before the pandemic. Secondary care
service will experience a 25% increase in demand in 2020/2021,
24% in 2021/2022 and 14% in 2022/2023. Whereas the secondary
care crisis service will have a 13% increase in demand esti-

mated in 2020/2021, 12% in 2021/2022 and a 7% in 2022/2023.

Intervention B extended Intervention A by:
increasing capacity at community general

and specialist (level 4) by 20% and 30% respec-
tively; reducing of length of stay in community
specialist by 70 weeks instead of 78 weeks;
increasing flow rates from community specialist
care (Level 4) to general mental health services
and crisis (Level 4) by 30%

Finally, specialist inpatient will experience a small increase of 1%

in 2021/2022 and none by 2022/2023

Baseline scenarios were obtained from literature. The two intervention scenarios were related to the results of the two simulated baseline scenarios

simulate demand trajectories from the 1 April 2021 to
April 2024 (Fig. 3) for each scenario.

The DTS was used to simulate baseline scenarios and
assess the impact of increased demand on patient waiting
times, service occupancy, and reneging rate. Estimates of
demand in each service (mean and 95% confidence inter-
vals (CI)) were obtained from 35 replications of the DTS.
Estimated demand profiles were scaled by true demand
in each service on 1 April 2021, allowing future demand
to be assessed relative to this timepoint.

Intervention scenarios (Intervention A and B, Table 1)
were used to investigate the impact of increasing capac-
ity, reducing length of stay or re-routing patients to dif-
ferent services, on service occupancy, waiting times and
reneging rate.

Results

Data

There were 289,666 attendances by 188,682 patients
recorded in the mental health pathway between 1 April
2019 and 1 April 2021 (Table 2). Of the attendances,
254,208, (88%) were in primary care level 2 and level 3,
33,830, (12%) were in secondary care outpatient level 4
and 1% were in AWP inpatients level 5. 100,915 (35%)
of the patients within the pathway were referred during
April 2020 to April 2021. The cohort was predominately
female (61%) and white (85%) and aged 40—59-year-old
(30%). Those who needed the highest level of service (lev-
els 4 and 5) were from the most deprived groups: 26%
of level 4 patients and 32% of level 5 patients are in the
lowest socioeconomic status quintile. Almost 90% of the
patients waiting at level 5 inpatients have experienced at
least one moderate mental health condition and 26% of

those had experience at least one severe mental health
condition.

Baseline simulation modelling

Results from using the DTS to model waiting list size,
service occupancy and reneging rates under Baseline
Scenarios A and B are displayed in Fig. 4. Simulation
results suggest the waiting list size (Fig. 4, top row), when
compared to pre-pandemic size, will increase in level 2
services (GP) by up to 50% for both baseline scenarios.
Under Scenario B, results suggest there will also be mod-
erate increases in waiting list size for level 3 services
(IAPT) and increases of 50—150% in community based
(level 4) mental health services. As a result, the occu-
pancy of these specific services tends to increase (Fig. 4,
second row), creating blockages because the services
do not have the capacity to handle the sharp increase in
demand post-lockdown. Due to increased waiting times
and high service occupancy in community services,
results suggest an increased tendency to renege from
these services under both scenarios (Fig. 4, third row).
Both baseline scenarios showed an increase in reneg-
ing to GP services, whereas only Scenario B showed an
increase in reneging to MHP crisis (Fig. 4, bottom row).

Intervention simulation modelling

Table 3 shows the results from using the DTS to simulate
two intervention scenarios for mitigating increased pres-
sure following lockdown. To estimate the effectiveness
of each intervention, we report the percentage change in
the mean and maximum values of waiting list size, ser-
vice occupancy and reneging rates compared to the base-
line scenarios.
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Table 3 Summary of the impact of Interventions A and B on mental health system performance from 1st April 2021

Service node Measure Intervention A Intervention B

change

in Waiting list (%) Service Renege Renegeto (%) Waiting list (%) Service Renege Renege to (%)

occupancy from occupancy from
(%) (%) (%) (%)

L2 GP High Max -5 6 - - -4 0 - -
intensity

Mean -7 1 - - -5 0 - -
L2 GP Low Max 0 8 - 20 0 1 - 0
intensity

Mean 0 1 - 3 0 - -10
L3 IAPT Assess- Max 0 =2 - 0 0 -
ment

Mean 0 0 0 - 0 0 -
L3 IAPT Social Max 0 -4 - 0 0 14 -
prescribing

Mean 0 0 -2 - -1 0 5 -
L3 IAPT Therapy ~ Max 69 2 9 - 19 2 20 -

Mean 44 3 17 - 17 2 -5 -
L4 MHP general ~ Max 205 16 - - 194 4 100 -

Mean 109 16 - - 43 3 2 -
L4 MHP specialist  Max 29 2 —43 - -20 -1 -50 -

Mean 37 2 0 - -34 -4 -14 -
L4 MHP Crisis Max 136 18 - 0 81 18 - 0

Mean 11 7 - 0 20 9 - 0
L4 MHP Triage Max 215 63 - - 160 40 - -

Mean 17 8 - - 11 4 - -
L5 AWP Inpatients Max -2 -2 - - 0 -4 - -

Mean 0 -3 - - -4 3 - -

Results represent the maximum and mean percentage change between baseline and intervention scenarios

GP: general practice. IAPT: Improving Access to Physiological Therapy. MHP: Mental Health Provide. AWP: Avon and Wilshire Mental Health Partnership NHS trust

Given the large increase in waiting times for GP (level
2) services post-lockdown under Baseline Scenario A,
Intervention A focusses on increasing capacity in GP ser-
vices to reduce waiting times and decreasing length of
stay in IAPT therapy and level 4 services. The purpose of
decreasing length of stay in these services is to prevent
demand being shifted from level 2 services because of
increased capacity. To simulate Intervention A using the
DTS, capacity in level 2 services was increased by 30% for
the period April 2021 to October 2022 and length of stay
in IAPT therapy and level 4 services was decreased by
20% for the period April 2022 to October 2022.

Results from the DTS show that increasing GP capacity
would lead to waiting list size for high intensity GP ser-
vices decreasing by an average of 7% compared to Base-
line Scenario A and service occupancy would increase
by only 1% (Table 3). However, despite decreasing length
of stay in IAPT therapy and level 4 services, simulations
show demand would still be shifted: waiting list size
would increase by over 10% in all of these higher level
services (Table 3, Additional file 1: Fig. S1). This suggests

that reducing length of stay by 20% is insufficient to
absorb the extra demand on these services generated by
increased capacity in level 2. Results from the DTS show
increased capacity in level 2 does, however, have a posi-
tive impact on reneging: decreasing waiting times for GP
services leads to fewer patients reneging compared to
Baseline Scenario A (Table 3).

Intervention B was an extension of Intervention A, to
mitigate the impact of both the increased demand due
to lockdowns, and the shifts in demand from level 2 to
level 4 services following Intervention A. To decrease the
waiting times for services that were blocked as a conse-
quence of the mitigations in Intervention A, Interven-
tion B additionally involved: increasing capacity at MHP
community general and specialist services by 20 and
30% respectively; decreasing length of stay by 10% in
the MHP community specialist; increasing patient flow
by 30% from MHP community specialist to MHP gen-
eral mental health and crisis services. These additional
interventions were simulated for the period April 2021 to
October 2022.
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Using the DTS to simulate Intervention B, results show
a decrease in waiting list size, occupancy, and reneging
rate for the MHP specialist service compared to Baseline
Scenario B (Table 3, Additional file 1: Fig. S2). Compared
to Intervention A, the additional measures are successful
in mitigating some of the pressure on the IAPT therapy
service, however both waiting times and service occu-
pancy are greater than Baseline Scenario B (Table 3).

Discussion

Our work demonstrates how simulation modelling may
be used to assess the impact of interventions on men-
tal health service pathways. We used process mining to
develop a schematic representation of mental health
pathways using linked electronic patient-level data up
to April 2021. The resulting pathway maps were used to
obtain parameters of a DTS model, in terms of mental
health services covered (GP, IAPT) care, acute hospi-
tal, and specialist care settings and patient flow between
these services (arrival rates, lengths of stay, and transi-
tion probabilities). The model also captures the effect of
escalating need should demand not be met in a timely
manner (reneging). We calibrated the model with data
to April 2021, and used it to assess the impact future
demand may have on mental health services under differ-
ent scenarios; first on a ‘do nothing’ basis (Baseline Sce-
narios A and B), and through considering service-level
mitigatory measures through a ‘what if’ analysis (Inter-
vention scenarios A and B).

To model mental health service demand following the
pandemic, we used two different baseline scenarios influ-
enced by existing literature [21, 22]. This allowed us to
forecast demand at each service during a time when the
true impact of COVID on mental health services was
unknown and to derive realistic intervention scenarios
to mitigate the impact of this demand. On comparing
the intervention scenarios with baseline projections, we
found that the intervention scenarios considered in our
study are not sufficient for mitigating pressure due to
increased demand on mental health services following
lockdown. Instead, we found that while pressure may be
reduced in one service, the consequence is an increase
in pressure in other services. These results suggest that
isolated capacity increases in particular parts of a men-
tal health pathway do not necessarily benefit the system:
changes in capacity can unblock part of a pathway, allow-
ing unserved demand to flow into other services, increas-
ing utilization and queueing. Our results highlight the
need for strategic decision making around changes to
service capacity, to ensure that improvements in one ser-
vice do not have a negative impact on other services and
wider system flow.
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For both intervention scenarios, we found that increas-
ing capacity in level 2 would reduce waiting list size and
service occupancy for these services. As this change to
the pathway had a negative impact on higher level ser-
vices (IAPT Therapy and level 4 services, Table 3), one
extension to the interventions considered would be to
increase capacity in these services in addition to level
2. However, in the local system the plausibility of this
increase is unrealistic: simulations of baseline scenarios
suggest a 50—150% increase in demand for level 4 services
without any changes to level 2 capacity (Fig. 4). Increas-
ing existing capacity in higher level services to meet this
increased demand is therefore not a plausible interven-
tion, and as with increases to GP capacity, changes may
result in blockages further along the pathway requiring
further capacity increases.

Our work demonstrates the potential value of com-
puter modelling and simulation for supporting strategic
service planning within mental health care. Highlight-
ing the benefits of simulation, the approach contained in
this paper may serve as a blueprint for conducting simi-
lar modelling exercises in other healthcare systems. With
regards to system recovery following the pandemic, we
have demonstrated the potential of simulation as an aid
to strategic decision making and service planning: mod-
elling realistic scenarios for local healthcare systems can
provide useful and potentially actionable insight to cli-
nicians and managers on the ground at a time crucially
important for effective future planning.

Limitations

A key assumption of the DTS used in this study is that
a patient can only be in one service at any given time.
While this assumption allows us to model mental health
services using DTS, it is also a limitation of the approach:
in mental health systems patients can simultaneously be
in receipt of care from multiple services at any one time.
A further assumption of the model is that patients queu-
ing for a service are seen on a first-come first-served
basis. However, when patients are referred to a mental
health service, they are assigned a priority which deter-
mines the order in which they are seen: patients are not
seen in the order in which they are referred [23]. In the
future, the DTS framework implemented in this study
could be extended to relax these assumptions. Extending
the framework in this way would improve the accuracy of
simulations and ensure results are representative of the
way in which mental health services operate.

A further limitation of the DTS used in this study
is that it does not account for differences in patient
characteristics across mental health services, and the
impact of mitigation strategies on existing health ine-
qualities. Our data demonstrates that patients with a
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lower socioeconomic status require higher levels of
care, and Black and Asian patients are most likely to
require inpatient (level 5) treatment, compared to other
services (Table 2). Future work extending the DTS such
that transition probabilities, wait times and reneging
rates are sampled from distributions specific to these
patient groups will allow for the impact of mitigation
strategies on existing inequalities to be assessed.

In the UK, the use of simulation modelling for men-
tal health service design and delivery is limited by the
availability of high-quality data [24]. Data capture and
linkage across services means there are often large gaps
and inconsistencies in patients’ pathways. As this data
was required for validating the model, for our study the
help of system stakeholders with expert knowledge of
service delivery was necessary for parameterisation of
the model. This highlights the need for improvements
in data capture and linkage with healthcare systems:
incentives to improve data quality in local systems will
ensure computational techniques, such as simulation
modelling, can be utilised for service improvement.

Conclusion

In this study, we have demonstrated the value of sim-
ulation modelling for assessing the impact of changes
in service delivery on mental health pathways. Our
results have informed decisions regarding the resourc-
ing and restructuring of capacity and pathways in the
local mental health service, to best meet the needs of
patients during the pandemic and beyond.
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