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Glossary of terms/abbreviations

Case m anagement T coordination of health and social care  services on

behalf of a patient

CPM 1 Combined predictive model or "combined model": a predictive risk
model that uses a combination of inpatient, outpatient, A&E and GP data to
identify individuals at high risk of an unplanned hospital admission in the

next 12 months

Community matron - a specialist nur se providing case management

DPM - Devon predictive model - alocal variant of the combined model that
has been weighted for Devon data

DH i Department of H ealth

EMIS - Egton medical informations  ystems limited (a primary care software

provider)

Emergency admission iwe use the termgofie-tmbegéenvedo
and Aunplannedo admissions interchangeably,
admissions from this definition

Exeter data - database of all patients registered with a GP practice in

England

GP 1 General p ractitioner

HES 1 Hospital episode s
secondary care data)

tatistics (a research database of pseudonymous

HESIid 1T Hospital episode statistics identifier ( a unique, pseudonymous
identification number of all patients with a Hospital Episode Statistics

record )

IC - NHS Information Centre for heal th and social care

INR - International normalised ratio - a blood test measuring the degree of

anticoagulation

LTC - Long term condition or chronic disease

NHS - National Health S ervice

NHS number - unigue identification number for NHS patients in England

Non -elective admission

-we use the terms fHeméegénuvgo,

and Aunplannedodo admissions interchangeably,
admissions from this definition

ONS i1 Office for National S tatistics
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PARR 1 Patients at Risk of Readmission: a predi ctive risk model that uses
SUS data to identify individuals at risk of an unplanned hospital admission
in the next 12 months

PCT 1 Primary Care T rust

PPV i Positive predictive v alue (percentage of at  -risk patients identified by
a predictive model who  experience an unplanned admission to hospital)

Predictive modelling T models based on routine data that identify
individuals in a population who are at high risk of a certain future event

Prognostic matching T a method for identifying controls based on sim ilar
risks of experiencing a future outcome such as unplanned hospitalisation

Propensity matching - a method for identifying controls based on similar
likelihood of receiving an intervention such as admission to a virtual ward

Pseudonymous data i data from which personal identifiable fields have
been removed or collapsed, and in which the unique identifier has been
replaced by a unique but meaningless pseudonym

Read code data T data from primary care electronic medical record that
have been coded using a syst em developed by Dr. James Read

ROC curve i Receiver operating ¢ haracteristics curve that illustrates the
trade - off between true positives (sensitivity) and false negatives (1 T
specificity) for a predictive model

Risk stratification I assigning risk of a par ticular outcome (e.g. future
unplanned hospital admission) to each person in a population

Sensitivity - percentage of people who experience an unplanned
readmission to hospital who are correctly identified by the model as being
at risk

SHA 1 Strategic Health A uthority

STROBE - Strengthening the reporting of observational s tudies in
epidemiology (guidelines for reporting observational studies )

SUS 1 Secondary Uses S ervice

Unplanned admission iwe use the terms feméeegéenevgo,
and funpl amissiernd interchangeably, having excluded maternity
admissions from this definition

Virtualw ards 1 aform of preventive hospital -at-home for patients at high
predicted risk of unplanned hospital admission
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Executive Summary

Background

Health care systems in many developed countries are  currently under
financial strain because of ageing populations, the rising prevalence of
various chronic disease s, and budgetary constraints  resulting from  the
global economic do wnturn.

The costs of providing health care are highly skewed across the population,

with a small number of patients accounting for a large proportion of

expenditure . Since u nplanned hospital admissions account for a high
proportion of costs,  considerable resources could potentially be invested in
providing preventive care for a relatively small number of costly patients

and yet still potentially yield net savings overall from averted future hospital
costs. In practice, however, such savings have been diff icult or impossible

to demonstrate.

One reason why preventive interventions may be unsuccessful at reducing
demand is if they are offered to patients who are at insufficiently high risk
of future unplanned hospital admission. In 2005, the Department of H ealth

commissionedtwo fic as e f itoolsiforimproving the identification of

high -risk patients inEngland . Known as fAPARRO and the ACombi i
these predictive risk tools are now used in many parts of the country to

select which  high -risk patient s should be offered a hospital -avoidance

intervention

One such interventi on iThismodetofcdarei udesithd war do.
staffing, systems and daily routines of a hospital ward to deliver preventive

care to patients in their own homes in the aim of mitigating the ir risk of

unplanned hospitalisation . Whilst virtual wards have been introduced in

many parts of the UK and overseas, their efficacy and cost - effectiveness

has yet to be determined.

Aims

The purpose of this study was to assess t he extent to which
multidisciplinary case management in the form of virtual wards led to
changes in the use of health care and social care by patients at high

predicted risk of future unplanned hospital admission.

Our primary aimwas to determine whether  virtual ward s have led to
changes in rates of unplanned hospital admission compared to matched
controls, and if so at what cost.  Our secondary aims wereto  assess the
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impact of the intervention on rates of A&E attendance, social care provision,
GP practic e visits, and the use of community health services.

Methods
We studied a hospital avoidance intervention
sites in England, namely Croydon, Devon and Wandsworth. We compared
the health care and social care use of patients who received the intervention
to those of matched controls.  We used a range of matching techniques
including prognostic matching and propensity score matching to draw
controls from (a) national, and (b) local, individual -level pseudonymous

administrative  data. National data included  Hospital Episode Statistics

(HES) , and mortality data from the Office for National Statistics (ONS).

Local data included  Secondary Uses Service (SUS) data, primary care
clinical data from GP electronic systems, community health  services data
and social care data from local operational systems

We control led for the observed differences between VW patients and control
patients by selecting one or more control patients for each VW patient on

the basis that they were similar in t erms of a range of observed

characteristics prior to the start of the intervention. The primary endpoint s
for this study were the comparative rates between VW patients and controls

of unplanned hospital admission and mortality. The secondary endpoints

were the rates and cost of A&E attendances, cost of social care provision,

rates and cost of GP visits, and cost of community health services.

We determined the costs of establishing and running virtual wards in the
three study sites  from the perspectives of t he NHS and local authorities
using a combination of administrative data, interviews and diaries.

The study was designed to test the pooled r esults from all sites. However :
the sample studied was  highly unbalanced with  the vast majority ~ of cases
coming fro m one site, Croydon.

Results

We found that each of the study sites had implemented variants o n the
virtual ward model as originally described . In Croydon, which was by far
the largest of our  three study sites, multidisciplinary preventive care was
only offered during a short initial pilot period before changing to standard
case management by community matrons . Our findings are therefore
predominantly related to patients  who received fistandard 0 case
management by a community matron rather than mult  idisciplinary case
management from a virtual ward team

It is important to remember that the pooled analysis may mask different
results at the level of individual sites. The relatively small number of cases
we were able to stu  dy in Devon and Wandsworth m eant that it was not
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possible forusto determine any statistically significant changes at the
individual study site level

We found difficulties in identifying sufficient matched  controls from within

the local study areas, therefore our conclusions on imp act are based on our
analyse s using controls derived from national data. Compared with  these
matched controls , we found no evidence of a reduction in emergency

hospital admissions for patients who received this type of care in the six
months after start ing the intervention . N or did we find evidence of a

reduction in ambulatory care sensitive hospital admissions in this period,

nor in mortality.

We did , however, observe areductionin  elective hospital admissions and in
out patient attendances in the si x months after start  ing the intervention

Both of these findings were significant at the p<0.05 level . However, we
found no evidence of a  noverall reduction in hospital costs.

The direct cost s of the intervention s varied considerably between the three
sites, ranging from  approximately £3 per patient -day in Croydon and Devon
to £ 17 per patient -day in Wandsworth, reflecting the heterogeneous nature

of the interventions being studied. Over the 6 month  follow up period  of
analysis these direct costs were of the order of £510 -£2,890 per patient
These costs are approximations and the intervention in  Wandsworth
include d a wider range of inputs to care , in particular in terms of GP
support.

Conclusions
Whilst all three sites used the n a mevirtdal wards 0 for their interventions ,
in fact most patients  in this study received case management from a single
provider undertaking standard case management activities. For this type of
intervention, o ur principal conclusion is that we were not able to detect the
anticip ated reduction in unplanned hospital activity over a six-month period.

The significant reduction we did observe in outpatient attendances within
the six-month timeframe could be attributable to better coordination of care
for patientsona  virtual ward. Similarly , the relative reduction we observed

in elective admissions could reflect the fact that services were being
undertaken by the virtual ward staff where ordinarily they would have
required the patient to attend hospital. Alternatively , patients might have

been making better informed choices where there was a degree of
discretion over the  need for an elective  admission. Or a nother possibility is

that the reduction in outpatient attendance s might have lessened the use of
inpatient services by stemming t he so -called 'diagnostic -therapeutic
cascade' .!

Using linked dataset s, we wer e able to look at the broad range of services
used by patients  across the health and social care economy. The largest
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service costs were associated with emergency hospital admi ssions, and so
the lack of a reduction in these admissions mean t that overall , there was
nota net reduction inthe health and social care  service use of patients  who
received the intervention

It is important to note that in our analysis of national data, the controls

were drawn from matched areas of England . While we were careful to
ensure that these matched areas did not have a virtual ward intervention or
equivalent in place during the study period , our analysis shows th at
emergency admission rates were declining for matched control patients in
the se matched areas as we Il as for cases , having adjusted for the predicted
risk score and other  characteristics of the individual s concerned . This overall
decline in admission rat  es suggests that there might have been other
interventions  or initiatives  in place at the matched areas occurring atthe
same time as our study . Itis therefore important to be cautious about
interpreting the  neutral findings in our analysis  with regardto  unplanned
hospital activity

The largest contributor of cases to our study was Croydon where, other

than during an initial pilot period, the virtual wards delivered standard case
management rather than multidisciplinary case management. One oft he
lessons for the health  service from this evaluation  therefore isthat short
term reductions  in unplanned hospital admissions may not be amenable to
reduction through  standard case management. For areas Devon and
Wandsworth we are aware that this initi ative has also undergone some
changes i particularlyin  Devon where the intervention has since expanded
and consolidated . Thereis therefore a strong case to revisit some of our
analyses with more recent and larger sample sizes.

Policymakers are attracted by the possibility that case management may
generate net savings from averted unplanned hospital admissions whilst
improving the quality of life for high -risk patients. This study forms part of a
growing body of evidence that realising these benefits pres ents a major
challenge. Further research may be needed to determine the characteristics

of individual patients who are particularly amenable to preventive care and

to tailor different preventive interve ntions to such characteristics - so-called
"impactibil ity modelling"
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The Report

Note that we have structured this report according to the STROBE
statement of items that should be included in reports of observational
studies. *

1 Introduction and background

Approximately 35 per cent of hospital admissions in England are classified
as emergency admissions, costing approximately £11 billion a year. 3
Emergency admission rates in England have been rising relentlessly for

many years but now there is an acute need to reduce emergency admission

rates because oft he combined pressures of rising health care costs, an

ageing population, the increasing prevalence of various chronic d iseases
and a tightening of health ca re budgets .*

The costs of hospital care are highly concentrated in the population, with

5% of inpati ents in England accounting for 49 per cent of inpatient bed
days.” If admission rates could be reduced for these very costly patients
then large net saving s might be possible, even if the costs of the preventive

care were high .° However, some disappointi  ng results from government -
funded trials of hospital avoidance schemes, such as the UK Evercare pilots

and the Partnerships for Older People Pilots , and the US Medicare Health
Support Experiment and the Medicare Coordinated Care Demonstration, are

aremind er of how difficult it can be to make these potential savings 8910

One reason why hospital avoidance interventions may fail is if they are

offered to patients who are not truly at high risk of emergency admission.

For example, the UK Evercare programme, which involved a comprehensive
assessment and ongoing monitoring, was offered to patients aged 65 and

older who had experienced two or more hospital admission s in the
preceding twelve months .** However , t odcast@atentd itendito
have ma rkedly lower average costs and markedly fewer unplanned
admissions in the future even without intervention . Thisis dueto the
phenomenon of firegr es.s’ilodeedtamandlybieofthee a WK
Evercare programme by Gravelle and colleagues showed that there was
actually no reduction in admission rates above what would have happened
anyway due to regression to the mean .7 More recently, an evalua tion of
the Partnerships for Older People Pilots (POPPs) reached a similar
conclusion, again because of regression to the mean. 10

As the Evercare study and the POPPs study illustrate, hospital -avoidance
programmes may best be offered according to the risk of future
hospitalization rather than being offered to patients who are currently
experiencing m ultiple hospital admissions  .** One way to identify patients at
risk of future hospi talization is to use a predictive risk model A4 10 2004,
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the English Strategic Health Authorities and the Department of Health

commissioned two such models for the NHS in England: the Patients at Risk

of Rehospitalisation tool (PARR) and the Combined Predictive Model 1817 The
ways in which these models are used in practice varies across the country.

In many areas , they have been used to find patients for community

matrons or other case managers to work with . Elsewhere , they have been
used to select which patients should be offered telephone -based health
coaching and advice. In some areas , they have been used to id entify

patients who are offered multidisciplinary integrated care in the form of
ivirtual war®so (VWs)

1.1 Policy background

Integrated care has been described as,

fa term that reflects a concern to improv
achieve greater efficiency a  nd value from health delivery systems.

The aim is to address fragmentation in patient services, and enable

better coordinated and more continuous care, frequently for an

ageing population which has increasing incidence of chronic

di sed’seo

Stronger co -ordi nation and collaboration between the primary, community

and social care sectors is regarded as essential f or the provision of high

quality, saf e and efficient services to people living with complex, long -term

health and social care needs  .%%:?1%2:2.24 Ppreyjou s studies have identified a

range of O6essenti al ingredients' for the deli
care.®®* Rosen and Ham classify these as fimacr o0
regulatoryenvi r onment ), fAmesod (organisational and c
processes), and fAmicr oo ( pdiffarentendividudlsmnder act i ons

teams) levels of integration ~ .%

The current study  used the example of virtual wards ~ ,?>'*® which aimt o
integrate primary, community and so cial care atthe meso (service delivery)
and micro (clinical) levels. We explored the efficacy of this type of
integrated, multidisciplinary case management in reducing emergency

hospital admissions for patients at high predicted risk, as well as any impact

on social care services. As Goodman and colleagues explain, case

management is a Acoll aborative process which
co-ordinates, monitors and evaluates the options and services required to
meet an indiviodual 6s needs

The original model for virtual wards was described by Lewis in 2006 (see

Figure 1).% Virtual wards seek to improve integration through a number o f
strategies, including a shared record, multidisciplinary team meetings

("ward rounds") and an automated alert system for informing virtual ward
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staff when a patient accesses another care service, such as attending local
accident & emergency department. Another strategy for promoting

integration was to include a social worker as  a core member of the virtual
ward staff. In this regard , it could be argued that virtual wards are an
adaptation of the public health model of chronic disease management

described by Kendall and colleagues  but rather than  integrating health and
education, virtual wards instead aim to provide patients with a well -
organised and coordinated service that crosses the health care and social

care sectors .%’

1.2 Existing evidence

As reported by  Gravelle and colleagues ,” a systematic review of home -
based support for  older people found no overall impact of such care on
hospital admission  rates, whereas a review of integrated care pilots for

older people suggested that they can reduce admission rates and costs of
care, but that the effects are highly dependent on the system concerned .*
Two other reviews concluded that there is limited evid ence that case
management reduc  es the use of health services, but bo th reviews

suggested that the results of individ ual studies may not be
generalis able .%°"%

Moreover, there is little evidence to date on the optimal configuration of

community -based hospital avoidance initiatives. In Eng land, the
Department of Health issued guidance recommending that community
matrons should have a caseload of 50 -80 patients .** However, it is unclear
what evidence supports this being the optimal number of patients in terms

of quality and effectiveness. An analysis of the caseloads of 46 case

managers concluded that higher case loads were associated with more

reactive care and with increased hospital admissions .3 This finding
suggests that any intervention designed to reduce hospital admissions may
be rendered ineffective if the caseloads are too large. However, whilst in

general, smaller caseloads would be expected to increase the quality of a

service, this incre ased quality might not be cost -effective when the
opportunity cost s are taken into consideration . Clearly, then, the caseload -
versus -quality trade -off is of critical importance to case management, and it
depends centrally on the types of patient seen, i.e . the "case mix" of

patients. This suggests that an index for caseload targets needs to be
developed .*

1.3 Virtual wards

The Chronic Care Model ** summaris es the prerequisites for improving care
in health systems at the community, organization, practice and pa tient
levels. Most chronic care interventions tend to work on a hub -spoke model
of care wher e a central case manager, suchasac ommunity matron or a
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guidedcarenurse ,*acts as the patientédés point of cont
of the team & drawing on specia lities as required and communicating with

each. For example the NHS Improvement Plan % describes the role of the

community matron as being,

i...one person who acts as both provider
takes responsibility for ensuring all health and social care needs are
met . O

Hospital avoidance interventions appear to be most successful with the

highest -risk patients .*"** However a feature of high  -risk patients is that

they are typically older, with multiple chronic conditions that are often

couple d with psychological and social problems 1617 Because of these

interacting, complex needs, a flexible team -based approach i n a community
setting, such as virtualw  ards, might be preferable to a hub  -spoke model for
preventing emergency h  ospitalisation .*® Virtual wards (VWs) build on a long

tr adition of hospital -at-home schemes, which may be defined as services
that provide

factive treatment by health care professi
home, of a condition that otherwise would require acute hospital in -
patient care, always for a |limited period

A Cochrane review in 200 5 concluded that there was insufficient evidence of

so-cal |l ed fAear |l y di-atehhoammegoe sheorsvpiicteasl bei ng cheap
inpatient care, and recommended that future research should focus on

fiadmi ssi on avoi d-atrhoreeschémes p'i A kayldifference

bet ween Atradi tiabhomd soherhes d md virtaal wards is that

the former are typically designed to provide reactive care following a

hospital admission, whereas virtual war ds seek to provide proactive,
Aupsame care aimed specifically at hospital a\y
Potential virtual ward patients are identified using a predictive risk model,

which identifies the individuals in a registered population who are at high

risk of a futur e unplanned hospital admission. In other words, rather than
waiting for such people to be admitted to hospital as an emergency, virtual
wards instead aimto take the coordination of a multidisciplinary hospital
ward team out to the patient in advance in order to deliver multidisciplina ry,
coordinated , preventive care in the community.

The virtualward model was first developed at Croydon Primary Care Trust
(PCT) in South London in response to the introduction of the NHS Combined
Predictive Model and the instigation of a public service agreement requiring

all PCTs in England to appoint community matrons and to reduce

emergency bed -days for their population. *2 Figure 1 sets out the core
components of the  virtual ward model as it was originally designed in
Croydon.
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Figure 1.

Original model of v irtual wards

In 2006, Lewis described the following model of care known as 'virtual wards' 2
Each virtual ward is linked to a specific group of GP practices.

The catchment population for a virtual ward is approximately 30,000 but varies
depending on the density of high -risk patients living in an area (smaller catchment area
where there are many high -risk patients and vice versa). Roughly 0.3% of the catchment
population is cared for on a virtual ward at any given time.

A patient is offered "admission” to a virtual ward  if a risk prediction tool identifies him or

her as being at high risk of a future emergency hospital admission

Patients remain in the community during their time on a virtual ward, and receive
multidisciplinary care intended to maintain or improve their health status and reduce
their risk of unplanned hospital admission. Care is delivered in person at the patient's
home, by telephone and/or at a local clinic.

Each virtualward has a capacity for 100 pati entwrtualwarde..

These are subdivided into five "daily" beds, 35 "weekly" beds and 60 "monthly" beds,

reflecting the frequency with which different patients are revi ewed on a ward round.
Virtualward st aff can move patients between differenrn
change.

Virtual ward  staff discuss patients on office -based "ward rounds", participating either in

person or by telephone.

The composition of a  virt ual ward team will vary according to the needs of local high -risk
patients. It may include a community matron (case manager), district nurses, a ward

clerk, pharmacist, social worker, physiotherapist, occupational therapist, mental health
professional and a representative from the voluntary sector.

Certain specialist staff (e.g. tissue viability nurse) may cover several virtual ward s in the
same way that a hospital specialist nurse may visit several hospital wards.

The role of the w ard clerk is pivotal in supporting and co -ordinating the  virtual ward

team.

The virtual ward  staff share a common medical record.

Systems are put in place to ensure that local hospitals, emergency departments and out -
of-hours providers are aware of which patients are being cared for on each virtual ward
and the ward clerks' contact details are heavily publicised in order to promote integration
and avoid unnecessary hospital admissions.

When a patient has been assessed by all relevant virtual ward staff, and has been cared

for uneventfully for several mont hs in the 6mo
ward staff may feel tha  t the patient is ready to be discharged back to the care of the GP

practice.

Vitualward st aff also receive a prompt when the pat

people with highest predicted risk in that virtual ward's  catchment area according to the
Com bined Model.
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1.4 Research aims

The primary aim of this study was to assess the extent to which integrating
health care and soc ial care services by means of virtual wards led to
changes in the use of emergency hospital care and social care. We profile d

the costs of setting up and running virtual ward s and compare d these to
any change s observed in the utilisation of health and social care

Our null hypothesis was that virtual wards had no effect on rates of
unplanned hospital admission when compared wit h matched controls.

The objectives of this study were to:

1 Calculate the impact of virtual w ards on reducing rates of emergency
hospital admission and their impact on intensive social care

9 Establish the costs and savings of virtual w ards from the persp ectives
of society, the NHS and local g overnment

1 Develop an index for determining the optimal case load for case
management that accounts for the case -load versus quality of care
trade -off (which itself depends centrally on the case  -mix of patients
offered the preventive care intervention)

1 Develop an interactive cost model where users input local variables
and the model advises the user as to the optimal configuration of
virtual wards locally, taking into account the case-mix of patients
being offered the i ntervention

We acknowledge that virtual wards may have led to improvements in the
quality of life of their patients and other potential benefits ; however , these
were beyond the scope of the current study.
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2 Methods

We have previously published our research protocol for this study. * Our
analysis was divided into two streams: (a) adifference -in-difference
analysis of the effect s of virtual wards on health care and social care use,
and (b) an economic analysis on the cost of the intervention  and any
savings it generated from the perspectives of both the NHS and the local
authority. See Figure 2.

(a) After obtaining approval from a research ethics committee, we set out
to collect data from the NHS and local councils. The data we obtain ed
descri bed patterns of hospital, GP and social care use for people living in the
study areas . We identified within these data all those people who had
received care on a virtual ward, and attempted to describe the

characteristics of these people using the data we had obtained. Then we
tracked their health and social care use over time, and finally took these
characteristics and attempted to identify people who appeared similar to

virtual ward patients in the period before the latter were admitted to a

virtual ward . Essentially , these are the people that we believe would have
received virtual ward care had they lived in one of the study areas but i n
reality, the people in this '‘comparator group' did not receive virtual ward

care or an equivalent intervention . By ana lysing the data of these
comparator patients, we were able to compare their experiences against
those of people who did actually receive virtual ward care. We examined
how the two groups compare d in terms of their use of hospital and social

care services.

(b) For our economic analysis, we work ed closely with the virtual ward staff

in each study site  (i.e. the nurses, social workers, physiotherapists etc.) as

well as their managers and finance officers, to determine what  happens on
a virtual wards interms o fthe care delivered . We calculate d the costs of
running a virtual ward based on these findings. Then, u sing the 'comparator
group s' described above, we calculate d the costs for people who  were not
admitted to a virtual ward, based on information from routine data sources.

We then synthesized all of  this information in order to calculate the overall
costs or savings of running a virtual ward
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Figure 2. Key elements of the research protocol

1 Agreeme nt of permissions and approvals

1 Collection and collation of local and national data

1 Link NHS and social care data using pseudonymous NHS number or pseudony mous
constructed alternative 1D

1 Test and refine a propensity model (propensity scores reflect the likeli hood of receiving
the virtual ward intervention)

1 Compare hospital utilisation (risk -adjusted, and with subgroup analyses) between the
intervention groups and the comparator groups using a difference -in-difference

approach, and an assessme  nt of the impacto n social care
1 Sense-check the findings with the sites.
1 Derive per -patient marginal costs and fixed costs for a virtual ward  patient

9  Calculate costs for people who are not admitted to a virtual ward  (based on data of non -
admitted patients from historical health and so cial care administrative data)

I Estimate the optimal configuration of a virtual ward  in terms of the number and type of
staff per ward; number of patients per ward; number of patients in the
daily/weekly/monthly beds; and length of stay. The configuration of each virtual ward
may differ across the boroughs according to local health and s ocial care needs.

This chapter is  structured according to the STROBE statement of items that

should be included in reports of observational studies. The chapter begins
with a description of our ethical approvals and study settings and the
patients that received the intervention under study . We then describe our
method for determining the impact of virtual wards  on hospital activity and

mortality (sections 2.4 -2.9 inclusive) followed by our methods of economic
analysis (sections 2.10 -2.12 inclusive). Ther e then follows a description of
the various forms of bias that may have affected our study , a description of
the power calculation we conducted. Finally, we describe our statistical

methods and our sensitivity analysis.

2.1 Ethic al approvals

We applied for eth ical approval for this study through the Integrated

Research Application System (IRAS) and received a favou rable decision

letter dated 28  April 2010 (National Research Ethics Service reference

number 10/H0806/31) . We then appliedfor s o ¢ a Ilglbbaldnd filocal" NHS

research & development approval, which we received for all three sites. In
addition, w e applied to each of the three local authorities for permission to
conduct this research  through their research governance frameworks , and

we received approva Is from all three.  Finally , we applied for and received
letters of support from the local medicalc  ommittees (LMCs) in Croydon,
Wandsworth and Devon for the use of pseudonymous Read code data in this
project.
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The only amendment we made to our ethics  approval (substantial

amendment 1) related to t he appointment of our NIHR SDO m anagement
Fellow, expanding the approval to permit the management fellow to conduct
a programme of supplementary qualitative research (see Appendix 1). This
amendment was appro  ved on 6 June 2011.

2.2 Setting

We used a convenience sample of three virtual ward sites , hamely Croydon,
Devon and Wandsworth . At the time of our initial funding submission, we
proposed two study sites: Croydon and Wandsworth. We chose Croydon
because this wa s the original virtual ward site and had the largest number

of patients; and we chose Wandsworth because it had specifically chosen to

adopt the virtual ward model used in Croydon and because, being a

neighbouring inner  -London borough, it was likely to hav e broadly similar
demographics, case -mix and other contextual factors that made it directly
comparable to Croydon.

However, the SDO reviewers at the initial application stage commented that
Wandsworth and Croydon were likely to be so similar that it woul d be
difficultto generalise our findings to the rest of England. For this reason,

when submitting our full funding application , we chose to add an additional
study site 1 Devon T that was using the same model of virtual ward care

but in a different contex t.

According to the Office for National Statistics, Croydon is defined as a

6London saoddWMamddnvorthis def i ned as O6Lowhdream centred
Devonisa 6coastal and c o unDeavonsalsothas teweapateats

living in the most deprived quintile of lower super output areas (2%

compared with 22% for C ~ roydon and 14% for Wandsworth). Overall, t he

three study sites varied in terms of their population size and in their levels

of deprivation, but none was in the most extreme deciles of the Inde  x of

Multiple Deprivation .*

Although all three sites allused the name 'virtual w ard' for the intervention,
during the course of this study we learn ed that they had in fact developed
important differences in terms of their structure and organisation oAl
three study sites employed a full -time community matron and ward clerk on
each virtual ward, and in Wandsworth there was also a full -time GP on each
virtual ward. All other staff participating in the virtual wards did so on a

part -time basis, alongside th  eir other clinical commitments. During an initial
pilot phase at Croydon, the multidisciplinary team on each of the two pilot

virtual wards was led by a community matron. After the pilot phase,

additional virtual wards opened, and all of the virtual wards provided

stan dard case management,  where a community matron provided case
management for patients . These community matrons received

administrative support from the ir ward clerk but there were no regular
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multidisciplinary ward rounds held after the end of the pilot phase .In

Devon, the multidisciplinary team was also led by a community matron, but

the teamreceived ongoing support from a 6GP championd as
clinical input from a community geriatrician. In Wandsworth, each virtual

wardoés multidisciplinary teamtmeastualward by a de
GP (O6VWGPO6) who jointly | e.dApperdig 2wiovidestaal war d
detailed description of  the three study sites, based on the taxonomy used

by Boaden and colleagu es.™ Some of the key differences between the

three sites are summarised in Table 1.
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Table 1. Overview of the virtual ward intervention in each study site
Croydon Devon Wandsworth
Virtual community Virtual ward (VW) Virtual ward
Project name ward (VCW) (VW)
May 2006 October 2008 March 2009
Date first  virtual
ward opened
2then 8 1 4

Number of virtual
wards under
study

Croydon PCT
Funding

NHS Devon and Devon
County Council

Wandsworth PCT
and Wandsworth
Council

Croydon PCT
Commissioner

Devon PCT

Wandsworth PCT

Community matrons

Full -time staff and ward clerks

Community m atron and
ward clerk

Community
matron, virtual
ward GP, and
ward clerk

Initial Api |l ot o
Number of part - wards project :
time staff (wider pharmacist,
physiotherapist,

multidisciplinary

occupational
team)

therapist , district
nurses, health visitor
for older people ,
representative  of
Croydon Voluntary
Action

After the
phase: none

initial pilot

Vv

Social workers,
community psychiatric
nurse (CPN), CPN for
older people, staff grade
elderly care doctor,
phys iotherapist ,
occupational therapist,
voluntary sector
representative, district
nurses, GP, co mplex care
team manager (j  oint
health & social ¢ are
appointment)

Social worker,
district nurse,
physical
therapist,
occupational
therapist,
pharmacist, drug
& alcohol
therapist.

At the start of the study we were unaware of the magnitude of the

differences between the three sites. We had not propose d to evaluate the
effects of individual models of virtual wards  and our study was not powered
to do so. So, itis important to note that we pooled our analysis across the

three areas and that our findings are dominated by the largest study site -
Croydon - which was not delivering multidisciplinary case management

except during an initial pilot phase.
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2.3 Par ticipants

In Croydon and in Devon, patients were offered the virtual ward intervention if

they scored highly on the combined predictive risk model (or a local variant, the

Devon combined model). This model identifies patients who are at high risk of
unplan ned hospital admission in the next 12 months , based on prior patterns of
inpatient, outpatient, A&E and primary care use " In Wandsworth, the maj  ority
of virtual ward patients were referred by local GPs, although the PARR  predictive
model was used to identify approximately 25 per cent of patients at this site . All
three sites implemented exclusion criteria for virtual ward patients, for example

exc luding patients with a history of violence or for whom another community

service seemed more appropriate (see Table 2 for details).

The nature of the virtual ward intervention that participants received also
differed between sites  .“® Table 2 outlines some of the principal  differences.
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Table 2.

Selection of  virtual
ward patients in each
study site

Croydon

Devon

Wandsworth

Patient identification
overview

Combined Predictive Model was used to
identify patients for the virtual wards

There was a period from April 2007 T
March 2008 when the predictive model

was not run at all. Since then, the model
has been run on a quarterly basis.

Between October 2008 and the
winter of 2009, patients were solely
identified as referrals from GPs.

From the w inter of 2009 onwards,
ap proximately 85 per cent of
patients were i dentified by a
predictive risk model , with the

remainder being clinical referral S.

Between the w inter of 2009 and
March 2011, the Combined Model
was used; and from March 2011
onwards, the Devon Combined
Model (DPM) was used (a local
variant of the Combined Model,
weighted for Devon data). Both
models are run on a monthly basis.

Initially , referrals came from
clinicians only. From March 2009
onwards, the PARR++ model was
used to identify ~ a minority  of
patients, which  was run every two
to six months. However,
approximately 75 per cent of
patients are still referred by
clinicians.
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Table 2 Continued

Croydon Devon Wandsworth
Predictive model Combined predictive model Combined Predictive Model / Devon PARR++
Combined Model
Proportion of  patients identified 100 per cent 85 per cent 25 per cent

by a predictive model

AFilteringo

T known severe mental

Community matrons sometimes reject
Aii nappropriateo
Patients may be rejected if

1 the patient is already being case

managed by another professional

1 the GP states that they do not think
ctive for

case management will be effe
an individual patient

1 addiction/dependency issues

known risk to a lone worker (staff
may try to seet hem in a clinic
setting).

1 Language or social barrier that

prevents the patient from engaging
with the community matron.

high

health diagnosis

Community matrons some  times
reject fAinappropri a
Patients may be rejected if

1 they were referred by a clinician
but were low risk on the DPM
score

1 the community matron or GP
felt the patient might benefit
more from an alternative service
(e.g. a young person)

Occasionally the VWGP and
community matrons reject
fiinappropriateo hi
patients, for example if a patient
refused consent to be cared for by

the virtual ward team. Another
example would be patient with a

high PARR score due to a recent
transplant: such  a patient might
have frequent but necessary

hospital admissions and would need
care from more specialistres  ources
than the virtual ward could provide.
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Perceived characteristics of
patients as reported by virtual
ward staff

Perceived high proportion of patients with

1
1
1
1

Low socioeconomic status
Language barriers
Black and minority ethnic groups

Psychological issues

Perceived that a high proportion of
patients were

91 Older people , rural with multiple
LTCs, poor self -management,
often high anxiety or lack of
extended family, isolated.

There was a perception that a high
proportion of patients seen were
older people , soci ally isolated, and
with concurrent chronic diseases
(e.g. COPD, heart failure) with
exacerbations of at least one of
these. For many patients, the
regimen of medications they were
taking had not been optimised and
often their adherence with
medication was  low.
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The eligibility criteria for inclusion our difference -in-difference analysisw ere
based on admission to vir  tual wards in our three study sites before 30

September 2010. We excluded patients if they were admitted to a virtual ward
before the official launch date of the intervention in the particular  site. In
addition, we excluded  patients admitted to avirtualward in Croydon during
2007/8 because the  results of the predictive model in Croydon were not updated
duri ng this period . Finally , we excluded a small number of patients because

staff at the NHS Information Centre for health and social care were unable to link
the NHS number provided to them by the study site to a HESid

Table 3 shows the time periods we used to define the cohorts of patients
included in the study . The longer time period and larger size of the Croydon
project meant that it contributed the majority of cases to the pooled analyses.

Table 3. Study time period in each site
Site Period of study
Croydon 15 May 2006 1 1 September 2010
Devon 1 October 2008 1 1 September 2010
Wandsworth 1 March 2009 i 1 September 2010
We were able to follow up both cases and controls in routine databases as
follows:
1 For the analysis of national data, these included the HES and ONS

mortality databases  (although for the latter, only data relating to deaths in
hospital were available for analysis for the period after  the intervention).

I Forthe analysis of local data , these included the Exeter and SUS
databases as well as local extracts of GP Read code data, community
health services data and social care data.

2.4 Techniques for retrospective analyses

We conducted our analysis in two streams: (a) a difference -in-difference
analysis of the effect of virtual wards on health a nd social care use, which is
described in sections 2.4  -2.9 inclusive; and (b) an economic analysis on the
cost and any savings of the intervention from the perspectives of the NHS

and the local authority  , which is described in sections 2.10 -2.12 inclusive
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Our difference -in-difference analysis aimed to test whether the virtual

wards had an impact on the utilisation of health and soc ial care, such as
emergency admissions to hospital and admissions to care homes. We
compared the health and social care utilisation of virtual ward patients with

that of a control group that had been chosen retrospectively to match the
characteristics of  the virtual ward patients as closely as possible in the

period leading up to the start of the intervention.

The use of a control group is essential for estimating what might have
happened in the absence of the intervention (
particularly important in the context of hospital avoidance interventions
because typically, many of the patients offered such interventions have
previously experienced high levels of hospital use. Such patients have a
natural tendency to show reductions in hospital use over time, even in the
absence of a specific intervention. This is due to a statistical phenomenon
called fAregr essi d?nAlthoagh t theeirtual evardhd@sign
involved selecting patients on the basis of a predictive model that seeks to
take account of this phenomenon, reductions in service use over time are
nevertheless possible and need to be accounted for.

The gold -standard approach to selecting a control group is often considered

to be the randomised controlled trial. *" This is because randomisation has
the potential to balance both observed and unobserved characteristics

between different groups asymptotically. In the cur rent study, however, we
chose to evaluate the effect of the intervention on patients who had already

received the intervention, so randomisation was not possible. Instead , we
used large administrative data sources to select control groups of patients
that appeared similar to the virtual ward patients in the period pr ior to the

start of the intervention, but who did not receive the intervention

themselves. “® While this approach ensured that the groups were similar in
terms of what we could observe ,itis possible that the groups differed
systematically in ways that we could not observe, thereby threatening the
validity of our findings.

We used two methods for ensuring that the control groups were as similar
as possible to the intervention group across a di stribution of characteristics,
namely propensity score matching and prognostic matching.

1 National matching : we drew p atients fr om comparable areas of
England - the ONS Corresponding H ealth Areas ,*° having first
excluded any areas that had a virtual ward , Or equivalent , operational
during the study period . W e identified patients forinclusionas so-
called inati onal cont r ol sarangeyof varatles defivadg o0 n
from hospital data (HES), mortality data, as well as an area -level
deprivation score called the index of multiple deprivation .*

1 Local Matching . we drew p atients drawn from the same PCT area
who were not admitted to a vitualward -ourso-cal |l ed Al ocal

c ont r.oWesnatched these patients using a combination of
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variables derived from hospital (SUS) data, GP clinical data,
community health services data, social care data , index of multiple
deprivation scores, and mortality data.

We used three methods - propensity matching, pro gnostic matching and
genetic matchi ng- to ensure that the control group S were as similar as
possible to the intervention group across a distribution of characteristics
(see Figure 3 ).

Figure 3. Methods for selecting controls

A variety of analytical methods exist to select matched control groups . However, the
principle is always to select, from a larger population, a subgroup of patients who are similar

to the patients receiving the intervention with respect to variables recorded for all

individuals. We investigated three methods, propensity = matching, prognostic matching and
genetic matching , and chose the one that produced the control group thatwas more closely
matched.

The propensity score is an estimate of the probability that a given individual will be
recruited to the intervention %1 It summarises a wide range of variables such as age and
prior hospital use into a single quantity. Controls that are selected on the basis of having a

similar propensity score are thus expected to be similar in terms of the wider set of variables
reflect ed in the score, if the propensity score model is correctly specified .52 Balance can be
further improved by simultaneously matching on key variables predictive of future health and

social care utilisation along with the propensity score ,°! using a multivariate distance

measure such as the Mahalanobis distance 58

An alternative strategy for finding controls is to mat ch on the estimated probability of
experiencing the outcome (for example, an emergency hospital admission), where this is

calculated assuming that the intervention is not in place. This score is called the  prognostic
score , and the approach is called prognostic matching .>* Prognostic matching  can be
combined with matching on other variables using the Mahalanobis distance

The final method,  genetic matching , Is an iterative technique that aims to optimise balance
between groups using a genetic search al gorithm. It is a generalisation of matching using
the propensity and prognostic scores as these scores can be included in the assessment of
balance used in the search algorithm. ~ 5°

When we implemented these approaches, we used matching without replacement so that the
control group consisted of distinct individuals. We also chose to calculate propensity and

prog nostic scores on a monthly basis in order to reflect recent activity. This gave us a
choice, for a given virtual w ard patient, of whether to use th e ris k score calculated at the
month -end immediately prior to being admitted to the virtual ward, or the score calculated at
the month -end immediately following admission. Using the risk score from the month before

did not capture very recent events that occurred in the few days before bring admitted to the
virtual ward.

We assessed t he similarity of the matched control group to the group of virtual ward patients

by using the standardised difference . Thisis defined as the difference in means as a
proportion of the pooled standard deviation .56 Although th e standardised difference would
idea lly be minimised without limit, Normand and colleagues have suggested that a value
greaterthan 10  per cent is indicative of a meaningful difference between the g roups .%" Other
metrics , such as formalt -tests, are not recommended or observational data . *® We did not
conduct statistical tests to assess the similarity of the matched control group to the virtual

ward patients. As argued by Imai and colleagues ,%8 statistical tests do not form a good

stoppin g rule for matching algorithms because they are a product of the sample size. They
argue (1) that  a statistical test would therefore favour scenarios in which cases were dropped

from a matching analysis, when this wa s not in fact desirable; and (2) that statistical tests

are also inappropriate from a theoretical point of view because in this context,  similarity is a
property of the samples rather than of some hypothetical population.
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2.5 Local matching

For the local matching,  we selected controls from a list of all people aged

over 18 who were registered with a general practi ce in the virtual ward

area . T his information is recorded in the National Health Application and

Infrastructure Services (NHAIS), commonly known asytshembExet el
We excluded all i ndividuals who were admitted to a virtual ward from being

controls.

Our local matching relied on variables derived from  the following dataset s:
hospital data (SUS), GP clinical data, community health services data, social

care data, index of multiple deprivation scores, and mortality data. Using
these data, we calculate d combined m odel scores for all v irtual ward
patients and for all potential controls. For Croydon and Devon in particular,
where the combined m  odel is used as the predominant method for selecting
virtual ward patients, we expected these scores to provide a good

approximation of the risk scores used by the sites  to identify the set of
patients to offer virtual wards . We were less confident of this approach in
Wandsworth, where the majority of patients were referred by clinicians.

We aimed to select local controls who were similar to virtua Iward patients
in terms of  a range of factors including predictive risk scores, age, sex, prior
health care and social care utilisation, number of chronic health conditions,
the presence of a variety of specific health needs,  and the index of multiple
deprivation .

A key strength of the local matching was the broad range of data sources
available for analysis . However, the virtual wards were well established in
Croydon and here alarge number of  high -risk patients had been admitted.

It was therefore possib  le that too few patients might be available to act as
controls in this area. This phenomenon is known inthe literature as

Al i mited commoWeespeqgedthis t i@sue to be particularly
problematic for patients with ~ high scores on the combined m  odel, because
the majority of such individuals may have been expected to have been
admitted to avirtual ward . Moreover , itis possible thatthose high-risk
individuals who were not admitted to avirtualward  might have differ ed
systematical ly from those high -risk patients who were admitted to a virtual
ward - either dueto self-selection by patients and  /or the exclusion criteria
adopted by sites.

For these reasons, w e employed a second approach to matching , which
involved selecting controls from larger, n ational dataset s.

2.6 National matching

Rather than draw ing controls from across the whole of England, we limited

our population of potential controls to people who lived in twelve matched
areas of the country. So, for our national matching we used a two -stage
approach, where first we matched at the area level and then at the

individual person level. We limited the poo | of potential controls in this way
because hospital utilis ~ ation rates vary by area. *°®® An additional advantage
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of t his approach isthatit also greatly improved the computational ease of
finding controls. One assumption is that for areas such as Devon, the
participating practices were sufficiently similar to the county a whole.

We selecte d four potential comparator sites for each of three virtual ward

study sites , based on the Office for National Statistics (ONS) Corresponding

Health Areas .*° See Table 4. The ONS selects these sites based onthe ir

squared Euclidean distance  for a range of 42 variables related to

demographics, household composition, housing, socioeconomic factors,

employment and industry.  ®*'%2 The ONS considers health areas to be

ifextremely similaro if the squared Euclidean
2.02; Avery itsgismillesrso tihfan 5 .iDiSlessthaml Mil2;ar 6 i f
isomewhat simsl &aes8si thian 20. 24; thenSEDisBl ess si m
greater than 20.24.  *°
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Table 4. Comparator areas used for national matching

Site Period of study ONS Squared Similarity of
corresponding Euclidean corresponding
health areas Distance health area
Croydon 15 May 2006 i1 Enfield 3.39 Very similar
September 2010 Waltham Forest 4.86 Very similar
Greenwich Teaching 6.35 Similar
Redbridge 13.22 Somewhat similar
Devon* 1 October 2008 i | Somerset 1.54 Extremely similar
1 September
2010 .
Cornwall and Isles of 1.77 Extremely similar
Scilly
Shropshire County 1.78 Extremely similar
Herefordshire 1.95 Extremely similar
Wandsworth 1 March 2009 i1 | Hammersmith and 3.61 Very similar
Fulh
September 2010 uiham
Camden 10.72 Somewhat similar
Islington 12.79 Somewhat similar
Westminster 16.94 Somewhat similar

We contacted the Director of Nursing at the primary care trust in each

potential comparable area to check whether a virtual ward scheme or
equivalent was operating during the study period. Based on the responses

we received, we excluded two such areas , hamely North Yorkshire and York
PCT and Dorset PCT. Instead, we used Shropshire County PCT and
Herefordshire PCT as the third and fourth c omparator areas for Devon,
having confirmed that neither site had virtual wards or equivalent in

operation during the study period.

We excluded individual residents of the comparator sites who had

previously been resident in one of the virtual ward study sites, or who had
registered with a genera | practice in the virtual ward study sites, from being
controls. This was because such patients might have been affected
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indirectly by the operation of the virtual ward (a so -cal |l ed-ofrepiol |

effect). Allreside nts of the remaining comparator sites were eligible to be

selected as control patients  , provided they were aged over 18

Details of our approach for national matching are described in Figure 4.

Figure 4. Methods for selecting national controls

We sought to match e  ach virtual ward patient to at least one control based on
variables derived from datasets that were available to us nationwide, namely Hospital
Episode Statistics (HES) data, index of multiple deprivation scores, and a dataset from
the Office for National Statistics containing dates of death for individuals with a HES
record. We chose controls who were similar to the intervention patients in terms of
their prognostic score, age, sex, various categories of prior hospital utilisation, total

anaemia, angina, asthma, atrial fibrillation and flutter, cancer, cerebrovascular
disease, congestive heart failure, chronic obstructive pulmonary disease, diabetes,
history of falls, history of injury, hypertension, ischemic heart disease, mental
conditions, and kidney failure.

We based the prognostic score we used for the national matching on a predictive risk
model that we developed using HES data. In two of the sites (Croydon and Devon),

offered admission to a virtual ward, as the latter used a model that included GP clinical
data, which were not available nationally. In the remaining site (Wandsworth), the

PARR model was used, whi ch does not include GP clinical data.

For each study site, we developed a series of prognostic models to predict the

In building these models, we excluded any information about patients who were ever

might have been altered by the intervention 5

the accuracy of the models in terms of their positive predictive value (PPV) and
curves.
After fitting the prognostic score model, we applied the calculated beta coefficients to

the intervention group and to patients resident in the comparator sites in order to
generate the scores.

this model differed from the predictive risk scores used to identify patients who were

12 months, calibrated according to local patterns o f hospital use.  These built on

admitted at a virtual ward, because we assumed that their pattern of hospital use

number of chronic  health conditions, area  -level deprivation score ,*° as well as 15
markers of specific health needs from the inpatient hospital record in HES, namely:

health

|l ikelihood of an individual 6s experiencing

variables used in the PARR model 53 but predicted admission rather than readmissions.

We developed the prognostic models using a split -sam ple approach and we  described

sensitivity, as well as the area under their receiver -operating characteristics (ROC)

an
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2.7 Study endpoints

The primary endpoint for this study was the comparative rates of

emergency hospital admission (defined in HES as hospital admission
methods 21-28) for the virtual ward patients versus controls . We used
comparative mortality rates as a test of unobserved ¢ onfounding.

Our secondary endpoints were the comparative rates of A&E attendances,

use of local authority funded social care , rates of GP surgery visits, and
rates of community health service contacts . We also analysed notional
costs of health and social care, derived by applying hospital reimbursement
tariffs and notional costs of primary and social care provision to the
recorded levels of  activity , as well as the costs of the virtual wards
intervention

We considered using a range of primary and secondary outcome endpoints

at the individual patient level from 90 days to 360 days following admission
to a virtual ward . However in order to maximise the sample size with

sufficient follow up we focussed the analysis on changes at 180 days.

2.8 Data sources

We obtained data from a range of sources as detailed in Table 5. We asked
the study sites to render all of their data pseudonymous by : removing all
names and addresses;  replacing dates of  birth with years of  birth; replacing
postcodes with lower super output areas ; and replacing  the NHS number or
other personal identifier with a unique, secure, pseudonym in such a way

that within any one site, all data would be pseudonymised in exactly the

same way to enable  the researchersto link disparate dataset s at the
individual level %
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Table 5.

Date ranges for the data
matching in the three study sites

extracts used for local and national

Croydon Devon Wandsworth All sites
Start Start Start End
National Virtual ward Patient 15 May 2006 1 Oct 1 March 2009 30 September
data patients list 2008 2010
Hospital HES 1 April 2003 1 April 1 April 2005 31 March
activity 2005 2011
Mortality ONS 15 May 2006 1 Oct 1 March 2009 31 August
2008 2010
HES 31 August 31 31 August 31 March
2010 August 2010 2011
2010
Local data Virtual ward Patient 15 May 2006 1 Oct 1 March 2009 30 September
patients list 2008 2010
Member file Exeter 1 April 2006 1 April 1 April 2008 31 March
2008 2011
Hospital SUS 1 April 2003 1 April 1 April 2005 31 March
activity 2005 2011
Community Commun | 1 April 2004 1 April 1 April 2006 31 March
health ity 2006 2011
services health
services
data
Social care Social 1 April 2004 1 April 1 April 2006 31 March
care 2006 2011
data
Primary care GP Read | 1 April 2003 1 Nov 1 April 2006 31 March
code 2008 2011
data

For the national matching, we asked the sites to send their list of virtual
ward patients  securely to the NHS |  nformation Centre for health and social
care (IC) . This patient list included full names, dates of birth, sex,

postcodes of residence and unencrypted NHS numbers of all patients who
received the intervention, in addition virtual ward name and the dates of
admission and discharge  to the virtualward . Th e IC then matched this
information to HES, replaced the NHS number with a HESID, and removed

the identifying fields before sending the now pseudonymous patient list to

the research team for analysis.

We used the HESIDs we received from the IC to identify  virtual ward
patients within national HES dataset s. These dataset s were also supplied by
the IC and were held securely at the Nuffield Trust.
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For the local matching , we used encrypted NHS numbers as the primary

linkage field in Devon and Wandsworth. However, in Croydon , the NHS
number was not  widely available in the social care data, so in this site we

asked local analysts to create an encrypted alternative identifier based on
gender, date of birth and initials. We used this for data linkage in Croydon ,
in addition to an encrypted postcode of residence. We had used this
approach previously in a separate research project in Croydon and knew

that this method of data link ~ age performed well .%°:®

Each site supplied us with at | east one pseud
people registered with a GP in their area spanning the dates shown in Table

5. This file provided the base dataset onto which we linked all variables ,

includi ng those constructed fromthe  following pseudonymous databases:

GP read code data, community health services data, hospital data

(inpatient, outpatient and A&E activity) from SUS, and social care data

extracted from local authority systems.

We held two se minars during the course of the research in which we sense -
checked our understanding of the intervention in each site, the data
provided, and our emerging findings.

2.9 Costing care activity

We calculated t he costs of primary care (GP visits and community care
teams), secondary care (inpatient, outpatient and A&E) and social care

received by cases and controls in each site.  We considered these  costs
separately from the ¢ osts of the intervention (i.e. the co sts of delivering
virtual ward care)

Our general approach to costing was to assign normative reference costs to

units of care activity. Normative costs tend to increase over time, and so
they depend on the year in which they were assessed. To ensure that all
care costs were directly comparable throughout the study period , we used
the 20010/11 normative reference costs for all care types. Likewise, care

costs tend to vary between sites because of unavoidable differences in the
cost of providing services, such as the local labour market and land rents.

In the case of secondary care, providers increase their prices by a set
amount to account for these extra cost s. To ensure that care costs

remained directly comparable between sites , we chose not to apply this

additional factor.

2.10 Costing primary care
We categorised GP practice activity by role of staff seeing the patient (GP,
practice nurse, health visitor etc) and determined the costs of these
contacts using the PSSRU 2010 unit costs  .*" In Devon , the primar y care
data we received did not record the staff role, so we applied an average
appointment cost calculated from Croydon and Wandsworth, using activity
that had a cost greater than £0, and applied this on a per visit basis. We
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did not calculate p  rescribing costs  because of difficulties in obtaining the
necessary data

We divided ¢ ommunity care  provision for the three sites into the fo llowing
types: district nurse, community matron and nurse specialist. We mapped
these staff roles to the best matc h in the PSSRU 2010 -11 reference costs,
which reported costs per hour of client contact (all types) and per average
consultation (district nurse and community matron only).

Where hourly reference costs were available and time used for a visit was
recorde d in the data, we multiplied this  time multiplied by the hourly cost
and divided by 60. Otherwise , we used the per consultation value.

2.11 Costing secondary care

We costed a Il secondary care activity by using the 2010/11 Payment by
Results (PbR) national tari  ff.®® In cases where the secondary car e activity
did not have a tariff, we estimated costs from the 2007/08 national

reference costs ,% taking account of inflation to make them comparable with
the 2010/11 tari  ff. In thisway , we calculated costs as the cost to the
commissioner of care, rather than the actual costs of providing care. We

have used t his approach to costing in another study commissioned by the
Department of Health . ™

We established the costs ofi  npatient admissions by calculating the

Healthcare Resource Group (HRG) f or tayancbspitplat i ent 6s
We derived t he full cost using the PbR rules " to combine the HRG,

admission method and other details of t he hospital stay. This included the

unit cost of the HRG and any payments due because of an unexpectedly

long stay in hospital, or for any specialist care or additional treatments and

tests ( so-called unbundled payments). We also calculated o  utpatient and

A&E costs as recommended by the PbR rules.

We conducted the costing process separate ly for the local SUS data (for
local analysis) and then again on the national HES data (for national
matched control analysis ) in all cases for both cases and controls

2.12 Costing social care

We costed s ocial care activity by  analysing the social care data we received

from the sites in nine service groups. We costed the following per day that

individuals received the service: AResidential <careo, ANursing
ADay caredo and A Dibasedon wpeklypriecesidrasvidofrom

PSSEX1 2010/11 divide d by 7 for a daily cost .”* We assumedthat fiRespi t e 0

and Aot her ac c dadntledante costhas residential care. We

costed iHome caredo per hour, again drabastly, from PSS
wecosted AEqQui pment and adapt at i oNoseberepoepriced nst al | a
was available for this, so we calculated it based on the gross national spend

on equipment for older people ,"® the extrapolated  number of older people
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receiving equipment nationally ™ and the mean number of installations per
person receiving any  installations as recorded in the local data we received

2.13 Economic analysis

In standard economic evaluation, the outcome is measured in terms of

health improvement (mortality, quality of life, utility) whilst the cost

measures the full opportunity cost of the intervention compared to usual
care. The pro blem with undertaking an economic evaluation of virtual

wards was that the intention of the intervention was to reduce

hospitalisation. So the  objective of this research project was more narrow in
scope than usual, comparing as it did the direct cost of the intervention

against any reduction in costs of hospitalisation. In other words, we set out

to test whether the NHS as a whole saved resources from treating patients

in a community setting . For this reason, the principal aim of  the economic
evaluation was to examine the costs to a commissioner  of setting up and
running a virtual ward , and to balance these costs against the net bene fit of
any avoided utilisation of health care or social care.

Prior to undertaking the evaluation, we did not know the extent to which

the same resources were used across patients who were receiving virtual
ward care versus those who were not receiving the intervention . Therefore ,
we used a resource diary and questio nnaire to help determine the costs of
patients who were receiving virtual ward care compared to patients who

were not.

In order to establish the direct and indirect costs of running virtual ward we

collected information about staff costs. These costs to the NHS of the virtual
ward included the time spent by virtual ward staff consulting with  patients
in person and on the telephone , the time they spent attending ward rounds,
plus the time spent by non -virtual ward  staff (GPs, specialists etc  .) in

consul ting with the virtual ward staff members.
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2.14 Administrative data

We obtained financial data from the three sites that enabled us to calculate
the costs of virtual wards . Table 6 sets out the different costs that we
included in our calculations.

Table 6. Calculation of travel, capital and management costs

Type of cost Basis of calculation

Staff costs Whole time equivalent staff costs plus 25% on -
costs

Travel costs Reimbursement for public transport or mileage
paid to staff.

Land, computers and fixed Lease costs paid for these items.

capital costs

Management costs Costs of management time actively spent on
virtual ward  activity using full time equivalents
and salary bands.

We also included the  set-up costs of the virtual wards in our cost estimate s,
including the cost of generating the predictive risk scores , based on the
interview responses of  management and finance staff in each site

We ignored the pharmaceutical and laboratory costs of virtual ward patients
because of difficulties in obtaining the necessary data. We  assumed that
these costs would be broadly similar for the intervention and control
populations and we confirmed the reasonableness of this assumption during
our interviews with virtual ward clinical  staff.

2.15 Interviews, questionnaires and diaries

As well as using financial data from each site, we validated the costs of the
intervention by means of staff interviews, questionnaires and work diaries.

We aimed to identify a representative sample of the staff working on virtual

wards projec ts in each of the three sites, including clinical staff, managers
and finance staff.  Such were identified on the basis of their job title and
designation. Since the purpose of the interviews was to establish that there

were no externalised costs of savings that we needed to be concerned

about, the most important interviews were those with the finance staff.

At each site, we therefore identified and interviewed the lead budget holder
and management personnel for the virtual ward project. We also sought to
interview the manager who was responsible for commissioning the program
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at the PCT. We also requested interviews with frontline staff including GPs,
community nurses and ward clerks.

Requests for diary completion were sent in the first instance to front line
staff managers and requested to be distributed anonymously. However, the
response rates were low and our ethics committee approval only permitted

us to send one reminder.

Members of s taff were asked to provide written consent to participate in this
element of the study, and w e incorporated a number of measures in the

study designto  ensure the confidentiality of respondents . Thisincluded the
use of participant codes to ensure that the research team did not rec eive
any identifiable staff data. In cer tain cases , we rounded salary costs up or
down in order to protect confidentiality where there were small numbers of

staff involved.

Weconduct ed semi T struct ur e avithiamanhge r staff m eesh of the
three study sites, including GPs, nurses, finance department staff, and
social care worker s where appropriate

The interviews were audiolrecorded, flol I owi ng
the interviews , we sought to explore :

the interaction of  patients and carer s with the virtual ward

the patient journey through the intervention

services delive red to virtual ward patients

any cost issues (financial and otherwise) that might have been
externalis ed onto service usersor their carers.

o

The topic guides for the interviews can be found in Appendix 4.

We also invited virtual ward clinical  staff to complete questionnaires and
two -week work diaries (see  Figure 5 and Figure 6).
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Figure 5. Staff questionnaires

Clinical staff

1 Do you know that you are working with virtual ward  patients?

1 Do you have face -to-face or telep hone contact with virtual w ard patients as part of
your job?

1 Inatypical working week , how frequently do you communicate with people in the
following groups  either about patients / service user s, or about services in general:

hospital doctors, GPs, n  urse s, pharmacists, case managers, therapists, social workers,
care workers

What is your occupational group?
What is your job title?

How many hours a week are you contracted to work?

= 4 -—a -a

How many hours a week does your job rela te specifically to work on the v irtua | ward?

Figure 6. Staff diaries

We asked staff to complete a new row of their diary ever y time they saw or talked to a
virtual ward patient  or discussed a patient with a colleague.

Each row rec orded the following information:
Date
Start time
Age of patient (1 0-year bands)

1

1

1

1 Sexof patient
1 Risk score of patient (10 risk -score bands , or unknown)
1

Consultation type ( home visit, clinic appointment, telephone consultation, discussion
with another professional, ward round or team meeting, other)

Time spent with patie  nt (minutes)
Ti me spent travelling to the patientdés home,

Specific care activities ~ undertaken

= =—=a =4 -

Extra burden on carers , such as accompanying a patient to an appointment
(minutes)
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2.16 Bias

We used a number of  approaches to minimise potential sources of bias in
this study .

2.17 Selection bias

Selection bias occurs when there is a systematic difference between
members of groups that are being compared (in our case, between virtual

ward patients and control patients). In non -randomised studies, a
particular threat to validity is that the groups differed systematically in ways

that could not be observed. We aimed to minimise the risk of selection bias

by:

9 Careful selection of the areas fro m which controls were selected: Our
local matching analysis selected controls from the same areas that
offered the intervention. This meant that virtual ward patients and
controls would be expected to share the same set of contextual
factors, for example the configuration of local health care services .
The national analysis selected controls from outside the intervention
areas, but we selected the areas were to be similar to the
intervention areas in terms of demographics, household composition,
housing, socioeconomic factors, employment and industry .%*%?

1 Assembly of alarge collection of data sources: We extracted a range
of d ata so urces and linked at person level , sothat we could compare
the characteristics of virtual ward patients and the controls . The
variety of data sources collected, particularly for the local matching,
meant that we could observe the most important predictors of future
healthcare use , thereby minimising the scope for unobserved
differences.

1 Useofarange of matching methods : We used both p ropensity and
prognostic matching to construct control groups that were closely
matched on observed variables.

9 Multiple control groups: We selected t wo control groups , one local
and one national, so that our findings from the two analyses could be
compared.

1 Using d ifference -in-difference analysis: A difference -in-dif ference
analysis can remove the impact of unobserved differences between
groups, on the assumption that the impact of the unobserved variable
is constant over time (a Atinvmrei ant confounder o) .

9 Testing for the impact of unobserved variables . Following the
suggestion of West and colleagues ,” we compared an additional
endpoint between the two groups, namely mortality . Although
theoretically possible, we did not expect the virtual ward
interventions to affect mortality over 180 days, so if we observed a
difference in mortality rates between groups , this would be
sugges tive of unobserved differences - for example, thatth e virtual
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ward patients were sicker than control patients in ways that were no t
recorded in routine  dataset s. Unfortunately, for the national

matching analysis, only data relating to deaths in hospital were

available for the period after intervention, so the observed differences
could also be due to changes in the place of death. However, for the

local matching analysis, data on all deaths were available tous .

1 Sensitivity analysis to illustrate the scope for a hypothetical
unobserved confounder to influe nce the findings: = We conducted a

sensitivity analysis that hypothecated the existence of a n unobserved
confounding variable that led to unobserved differences between the
virtual ward and control groups . Although , clearly, the sensitivity

analysis cannot indicate whether such a confounding variable exists,
it did allow us to quantify the strength of confounding that would be
required for our findings to have been substantially altered.

2.18 Sample selection bias

Sample selection bias relates to differenc es between the sample of
individuals we analysed and the larger population. By using routine
dataset s, we were able to analyse a substantial proportion of the individuals
who received the  virtual wards intervention . The only exclusions we made
were relate dto non -linkage of data or to people recruited when the virtual

wards were not fully operational , as discussed above.

Another form of selection bias may occur if certain characteristics of

individuals are inversely associated with enrolment into the inter vention. In
this situation, these characteristics can be expectedto  be relatively more

prevalent in the set of people resident in the local area who did not receive

the intervention. Conversely, these characteristics may be less prevalent

among people residing in other areas. This type of bias is very difficult to

assess because the variables cannot be observed. However, on the

assumption that the unmatched prevalence rate of such variables was more

similar among the general population of the other areas than among

residents of the intervention areas who did not receive th e intervention, we

considered that we would be more likely to balance these unobserved

variables in our finational 6 matching where we
areas.

2.19 Threats to external validity

Another form of bias  relates to external validity , which refers to the
generalisability  of our findings. In other words , the degree to which the
conclusions from our study would apply to virtual wards offered in other
areas of England . Comparedto randomised studies, non  -randomised
studies have some importanta  dvantages. We were able to observe an
intervention that  had developed organically within the NHS, without altering

it by means of the techniques adopted to assess its impact. Indeed, in the
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larges t of the virtual ward projects we studied i Croydon i the majority of
patients we analysed had been recruited before this evaluation was

conceived. However, this study related to a specific set of interventions that
evolved in response to  local factors and these may not be the same as

those that would affect the development of virtual wards in other parts of

the country . Although we evaluated three different models of virtual wards

in this study, Croydon contributed the largest proportion of participants, so

our findings disproportionately reflect that model.

2.20 Attribution bias

Attribution bias s a cognitive bias that can exist in the interpretation of
research findings . It relatestothe determination of what was responsible
for the differences observed between groups. Differences in health care
and social care utilisation may not be attributable to the effect of virtual
wards if some other causal agent was acting. While it would be possible to
compare trends in hospital admission rates at the area level betwe en virtual
ward areas and other areas, hospital activity can be affected by the

operation of other interventions operating in the same area or by local

policy decisions.  Falsely attributing trends at the area level to changes in a
subset of individuals is ~ known as the ecological fallacy .”® However, the
individual -level nature of our analysis should increase the likelihood that our
findings are attributable to virtual wards, compared with analyses

conducted at the area  -level.

2.21 Residual confounding

Residual confounding can lead to a hidden bias in the estimated treatment
effect of an intervention. This phenomenon may occur in matching studies
where the intervention and control groups appear to be similar in every way
that can be observed, yet they di ffer systematically from each other
according to some other unobserved factor or factors. The possibility of
residual confounding was particularly problematic in our study because we
had no control over the range of data that were collected and made

availa ble to us for analysis.

2.22 Loss to follow  -up

For our national matching, once identified within HES, the only ways in
which a virtual ward patient or control patient could be lost to follow -up
were through migration out of England. We assume that rates of mi  gration
were low among virtual ward patients because they were on average older

people with a high burden of chronic disease
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For our local controls, a virtual ward patient or control patient could be lost
to follow -up if they re -registered with a GP pract ice outside the study area.

We included individuals in the analysis regardless of subsequent death . We
were unable to link a small number of virtual ward patients to routine

dataset s, so we compared the characteristics of cases who were linked

versus tho se who were not linked

2.23 Study size

Before conducting this study, we estimated the number of patients that we
would need to analyse in order to ensure that we had sufficient data to
determine whether virtual wards had an impact on rates of emergency
hospit al admission rates with an acceptable degree of statistical error

We thought it was reasonable to suppose that, if effective, virtual wards

might lead to a relative change in the rate of emergency hospital admission

of 20% .** We wanted to have a 90% probability of detecting this degree of

change should it have occurred (1 -Type Il error). On the assumption that a
difference in admission rates was detected, we want ed there to be no more
than a 5 per cent  probability that it was due to chance rather than dueto a
real difference between the groups (Type | error).

Based on actual data provided by one of the sites, we to ok the rate of
emergency hospital admission to be 1.65 emergency admissions per patient
with a standard deviation of 2.5 for control patients receiving usual care.
Using the formulae provided by Friedman and colleagues ,"" we calculated
that the required sa  mple size was 1,206 patients. We did not plan to
conduct any subgroup analyses and the stud y was not powered to do so.

2.24 Quantitative variables

For both the national and local matching , we constructed a set of
independent variables documenting prior hospital use in addition to
diagnostic morbidity information. The se variables were based on those

developed for the PARR predictive model 16 and the Nuffield Trust Social
Care Predictions models .°® The variables included counts o f admissions or

attendances by typ e over various periods of time ,aswellas flagsto
indicate the presence of chronic diseases and other diagnostic disease
groupings.

For the local matching we additionally created Combined Predictive Model
variables **'*" using hospital data (SUS) and GP clin ical data.

The social care data we received was structured at  the person level , linking
together events recorded in the social care record. Though different local
authorities offered similar types of services to people, they coded these

services in slightly different ways. So, for example, while one site used a
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total of 400 distinct codes to specify services and client groups, another
captured equivalent infor mation in a much simpler set of 39 descriptors.

To take account of these differences, we classified the care services into a
common typology, grouping together local descriptions under the following
headings:

residential care and nursing home

home care

residential respite care

other accommodation

equipment and adaptations

direct payments made to users

day care meals

other

To T o To I Do I Do

2.25 Statistical methods

We used a difference -in-difference approach to analyse all of the study
endpoints , w ith the exception of  mortality which is not amenable to such an
approach because cases cannot have died before the intervention started

Testing for a difference -in-difference , we examined whether rates of health
care and social care utilisation changed by a smaller or larger amount in the
virtual ward group than would have been expected given the underlying

trend suggested by the control group s. An important advantage of the
difference -in-difference approach is that if there are residual differences
between the virtual ward a nd control groups after matching due to
imbalances in unobserved variables, then some of this discrepancy may be
cancelled out by the differencing. However this assumes that the effect of
these residual balances remain ed constant over time and that the

difference -in-difference model was correctly specified.

We conducted t he difference -in-difference analysis using ordinary least
squares regression  for the following predictor  s: intervention group (virtual

ward or control), period (before or intervention) and the interaction
between intervention group and period. We did not include any other
predictors (called fAfi xed bedalise our snatghing n

approach ensured that virtual ward and control patients were similar in

terms of observed chara  cteristics. However , we did allow for the expected
correlation structure of the data by including random effects in the

regression. We includedt wo random effects : one at the site level, and one
at the | evel ocbnsistilgefnatbhedvictdalo ward and control
patients. We did not include any  effect modifiers.

The majority of analysis and data manipulation was conducted in SAS ®
with some selected elements of matching using R.7® 7

Our modelling strategy is summarised in Table 7.
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Table 7. Modelling  strategy

Outcomes /Outputs Emergency hospital admission, mortality, A&E attendances,
use of local authority funded social care, rates of GP

surgery visits, and rates of contact with community nurses
notional costs.

Exposures Whether individuals were admitted to a virtual ward or not .

Predictors Intervention group (virtual ward or control), period (before
or intervention) and the interaction between intervention
group and period.

Potential confounders Variables controlled for in the matching, including

prognostic score, age, sex, categories of prior hospital

utilisation, total number of chronic health conditions, area -
level deprivation score, and markers of specific health

needs.

In addition, fort  he local controls we matched for an
additional set of variables including prior utilisation of
primary care and social care.

Effect modifiers None

2.26 Sensitivity analysis

Although our matching algorithm aimed to reduce observed differences

between virtual ward patients and controls, it is nevertheless possible that

some systematic unobserved differences existed between the groups. In

order to estimate the effect of such a hypothetical unobserved confounder,
we performed an additional analysis by using a simulation technique

outlined by Higashi  and colleagues .%° This involved making assum ptions
about the strength of a hypothetical unobserved confounder , and then
estimating what impact con trolling for that variable would have had on the
analysis of emergency admissions

We simulated a continuous confounder based on a range of assumptions

about its correlation with emergency admissions and recruitment into the

virtual wards intervention. In each scenario, we simulated the variable
using a rejection sampling approach .81 We then incorporated the simulated
variable into the differen  ce-in-difference regressions to estimate the effect
of the intervention  whilst adjusting for the  simulated values of the
unobserved confounder.
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3 Findings: effectiveness based on local
data

This chapter describes our difference -in-difference findings based on an
analysis of local data (Chapter 4 describes our findings based on an analysis
of nationa | data). The chapter begins with a description of the patients who
received the virtual ward intervention: the numbers of patients, their length

of stay on a virtual ward, and their characteristics in terms of predictive risk
scores and other metrics. Next , we describe how closely we were able to
find matched controls. Finally, we describe the observed differences

bet ween the virtual ward patients and these

3.1 Numbers of patients under study

We received data relating to 2,008 individuals who had been admitted to
virtual wards a total of 2,056 times. Our analysis of local data focussed on
patients who were f  irst admitted to a virtual ward within specified time

periods (Table 5). We excluded patients who were admitted to a virtual
ward in Croy don between April 2007 and March 2008, because the
combined model was not refreshed in Croydon during this period.

We excluded 161 patients who could not be linked to the GP registration

data (Exeter data) that formed the basic member file for our analys is. After
applying the restrictions based on the time of admission to a virtual ward,

we were left with 1202 participants (Table 8). A further 213 participants

were excluded at a later stage in the analysis because they could not be

matched to a control. Overall, we included 989 patients in the main
analysis of local data.

Table 8. Numbers of cases selected for local matching
Croydon Devon Wandsworth All sites
Cases identified by sites 1,658 122 228 2,008
Unable to link to registration data 64 (3.9%) 27 (22.1%) 70 (30.7%) 161 (8.0%)
Not recruited in relevant period 627 (37.8%) 18 (14.8%) 0 (0%) 645 (32.1%)
Unable to find matched control 180 (10.9%) 1 (0.8%) 32 (14.0%) 213 (10.6%)
Cases included in matched 787 (47.5%) 76 (62.3%) 126 (55.3%) 989 (49.2%)
analysis
3.2 Length of stay on virtual w ards
The median length of stay on virtual w ards across all three sites was 338

days ( 11.1 months) , al tho ugh 25 per cent of individuals stayed 144 days
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(4.7 months) or
more (2 years) (Table 9).

fewer , and 25 per cent

of individuals stayed 720 days or

Table 9. Estimated length of stay on virtual wards
Croydon Devon Wandsworth All
(N=1713) (N=118) (N=225) (N=2056)
Days [95% confidence interval]
25" centile 147 [134,166] 104 [61,140] 140 [112,175] 144 [132,157]
50" centile 348 [328,372] 288 [175,336] 291 [247,373] 338 [316,357]
(median )
75™ centile 749 [694,779] 460 [391,568] 645 [518,722] 720 [668,759]

Figure 7.

Figure 7 illustrates how virtual ward stays were typically longer in Croydon than
in the other two sites.
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3.3 Characteri stics of patients admitted to virtual
w ards

Croydon and Devon used ¢ ombined predictive m odel scores to identify a
large proportion of their participants " In Wandsworth , the PARR predictive
model '° was used to identify approximately 25 per cent of patients , With
the remainder being referrals from clinicians . The availability of GP data in

our local analysis meant that we could calcula te combined m odel scores for
cases and local controls .

The information  we obtained from the sites included the date that a n
individual patient was admitted to a virtual w ard. However , the combined
m odel score used locally to identify an individual would have been
calculated at an earlier date thanthis dueto anumberof lags, including
lags in the administrative data systems , the time required to run the model,
the time takento  identify patients,  the time takento  apply any exclusion
criteria, and the time takento enrol patients. Discussions with
representatives of the sites suggested the total elapsed period was
approximately four weeks where local hospital dataset s were used inthe
combined m odel, and slightly longer where SUS data were used .

Figure 8 shows a box and whiskers plot of the median combined m  odel
scores of virtual ward patients  , together with  the inter -quartile range and
extreme values. As can be seen, the median combined m odel scores peaked
at around 0.65,  with this peak occurring about five months before
admissionto avirtualw ard. Over a quarter of participants had combined
model scores lower than 0.40, suggesting that the interventions were not
exclusively targeted at high -risk patients.

Figure 9 shows the distribution of c =~ omb ined m odel scores of virtualw  ard

participants . As can be seen, some of the selected patients had low risk

scores despite the apparent availability of patients with higher combined

model scores . S ome of these latter patients might have been un-

contactable or u nwilling to be admitted to a virtual ward or otherwise

deemed to be seméebhawlBdonfor virtual ward care
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Figure 8. Trends in the combined model risk score over time

Combined Model scores for VW patients in Croydon (N=1392 /1597)
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Figure 9. Combined model scores of Croydon virtual ward participants
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The virtual w ard patients had a mean combined m odel score of 0.6 3
compared witha mean combined m odel score of 0.06 for the rest of the
population of the study areas. Table 10 shows thatin the 12 months before

receiving the intervention, the virtual w ard patients:

1 Had a higher rate of emergency hospital admissions (2.64 per patient
compared with 0.06 for the rest of the population)

1 Had more general practice surgery visits (42.99 visits compared with
5.55 for the rest of the population)

1 Were much more likely to have been in cont act with community nurses
(68.6 per cent  of virtual ward patients had been in contact with
community nurses in the year before receiving the interven tion
compared with 1.0 per cent for the rest of the population)

1 Had 2.48 chronic health conditions recorded in their inpatient record on
average, compared with 0.07 conditions for the rest of the population

1 Were more likely than the rest of the populatio n to have had a history of
hypertension (65.1 per cent compared with 2.5 per cent) and injury
(39.6 per cent compared with 2.4 per cent)

1 Were more likely to have received social care services from the local

authority. For example, 19.3 per cent of virtual ward patients had
received home care at some point in the previous twelve months,
compared with 0.5 per cent for the rest of the population. Likewise, 4.1
per cent of virtual ward patients had received residential care in that

year compared with 0.4 per cent for the rest of the population.

Differences in social care utilisation, however, appeared to be less marked
than the differences in the use of emergency hospital services and primary
care.
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Table 10. Comparison of virtual w ard patients before matching with
other residents in the study areas
All sites
Other residents Standardised
in the difference
intervention
Intervention areas
(N= 1,202 ) (N= 1,360,375 )
Combined Model score 0.63 (0.26) 0.06 (0.07) 304.6%
Demographics
Age 73.08 (16.85) 40.85 (22.01) 164.5%
Female (%) 54.7% 50.5% 8.4%
Hospital contacts (prior year)
Emergency admissions 2.64 (2.74) 0.06 (0.31) 132.5%
Accident and Emergency visits 3.87 (4.63) 0.24 (0.87) 109.1%
Elective admissions (non day 0.30 (0.71) 0.03 (0.31) 49.7%
case)
ACS admissions 1.10 (1.65) 0.03 (0.23) 90.8%
Outpatient attendances 10.22 (12.27) 0.83 (2.50) 106.1%
Primary care contacts (prior
year)
GP surgery visits 42.99 (24.51) 5.55 (8.80) 203.4%
Community care input (%) 68.6% 1.0% 201.3%
Community care visits 16.75 (52.32) 0.14 (4.25) 44.7%
LA social care use (prior year)
Home care (%) 19.3% 0.5% 66.2%
Day care (%) 3.4% 0.3% 23.0%
Meals (%) 7.4% 0.2% 38.2%
Residential care (%) 4.1% 0.4% 25.5%
Nursing home care (%) 2.2% 0.1% 19.9%
Direct payments (%) 1.5% 0.1% 15.7%
Diagnoses from inpatient record
Number of chronic conditions 2.48 (1.65) 0.07 (0.40) 200.2%
Anaemia (%) 21.5% 0.5% 71.1%
Angina (%) 21.5% 0.6% 71.0%
Asthma (%) 19.1% 0.9% 64.0%
Atrial fibrillation and flutter (%) 25.0% 0.8% 77.7%
Cancer (%) 13.9% 1.2% 49.7%
Cerebrovascular disease (%) 16.7% 0.4% 61.0%
Congestive heart failure (%) 20.1% 0.4% 68.9%
COPD (%) 21.0% 0.3% 71.1%
Diabetes (%) 28.2% 1.0% 83.5%
History of falls (%) 20.8% 0.9% 67.8%
History of injury (%) 39.6% 2.4% 102.5%
Hypertension (%) 65.1% 2.5% 176.5%
Ischemic heart disease (%) 35.0% 1.0% 98.8%
Kidney failure (%) 11.5% 0.3% 48.9%
Mental health (%) 25.6% 0.7% 79.3%
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3.4 Factors associated with admission to avirtualw ard

Another way of illustrating the factor s associated with admission to a virtual
ward is by using a propensity model . This is a model that predicts
admissionto a virtualw ard based on prior characteristics recorded in
administrative  data.

The estimated propensity model for one study site (Devon) is shown in
Table 11, for illustration. This shows that the combined model score was
strongly predictive  of admission to a virtual w ard, but that compar edto
other people with a high combined m odel score, virtualw ard patients were
more likely to have a history of A&E admissions, falls and asthma : more
likely to be known to community services ;and less likely to have a  history
of emergency hospital admissions. Prior social care use was no t predictiv e
of admission to a virtual ward after controlling for these other factors.

Table 11. Estimated propensity model for admission to a virtual ward

in Devon

(N=77) Coefficient P value
Intercept -9.2894 <0.0001
Combined Model score (logit) 1.1405 <0.0001
Age 0.021 0.0265
Emergency admissions (180  -365 days) -0.4411 0.031
A&E medical attendances (180  -365 days) 0.3599 0.0248
Falls recorded in primary care 1.4729 <0.0001
Incontinence recorded in primary care 0.9378 0.0275
Asthma recorded in primary care 1.6604 0.0001
Increase in bronchodilators prescribed in primary care -1.5897 0.0003
Number of GP surgery visits (360 -720 days) 0.0215 <0.0001
Number of GP surgery visits (0 -360 days) -0.00527 0.0027
Community care visit (0  -360 days) 3.6953 <0.0001

Note: The p erformance of the propensity model (95% bootstrapped standard errors) was as
follows: a rea under ROC curve 0.882, PPV 71%, Sensitivity 19%.

3.5 Selection of controls

Successful matching requires a degree of overlap between the

characteristics of the intervention p atients and their potential controls - in
this case , other residents living in the same area . We found a s ubstantial
overlap in patients with low combined m odel score s, but very little  overlap
at higher risk scores. As expected,t his was particularly the case in

Croydon , where the intervention had been in operation for many years . The
degree of ov erlap was especially low for Croydon patients whose combined
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model scores were high predominantly by virtue of their having a high

number of emergency hospital admissions in the prior period
The shading in  Figure 10 represents the "saturation” of the int ervention,
defined as the proportion of different population subgroups who were

admittedto a virtual w ard. A high degree of saturation reflects a low

availability of control patients with similar characteristics to the intervention

patients. Overall, 254 intervention patients (26.2 per cent ) belonged to a
population subgroup in which over 50 per cent of people were admitted toa
virtual ward. A further 239 patients (24.6 per cent ) belongedto a subgroup
with a saturation  of between 20 and 50 per cent . W e anticipated that we
would find it difficult to identify controls for virtual ward patients in these

subgroups , and this was confirmed in the analysis that follows.

Figure 10. Availability of local controls in Croydon

Number of VA patients in Croydon by
Combined Model score and prior number of emergency hospital admissions

0 0 3 5 12 15 27 31 59 100

Saturation
Low, less than 10% (323 patients)
0 2 7 15 27 27 26 28 36 23 L] Moderate, 10:20% (154 patients)
L] High. 2050% (239 patients)

n Very high, over 50% (254 patients)

Number of emergency hospital admissions (prior yr)

Combined Model score
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We restricted our matching analysis to those virtual w ard patients who
could be matched to a control. Specifically, we required that a control
patient exist with the same age band and sex , and thatthey hada similar
combined m odel score. Note that  since we selected our controls without
replacement, matching a control for one patient meant that fewer patients

were available to be used as controls for the remaining  virtual ward
patients.

Although we investigated propensity and prognostic matching techniques,
ultimately gen etic matching resulted in the lowest standardised differences,

and so was used in the final analyses. W e were able to match 989 virtual
ward patients . The characteristics of these patients are shown in Table 12.
Compared with the characteristics of the whole of the intervention group

(see Table 10 above), the patients included in the matching analysis had:

91 Slightly lower combined model scores, with a mean score of 0.57
compared with 0.63 for the entire set of virtual ward pat ients linked
to GP registration data.

1 Slightly lower rates of hospitalisation (2.18 emergency admissions
per person per year compared with 2.64)

T Slightly lower rates of general practice visits (40.64 visits per person
per year compared with 42.99).

1 A similar prevalence of recorded health diagnoses, except in relation
to COPD, which was recorded in 14.9 per cent of the matched
patients compared with 21.0 per cent for the group of virtual ward
patients as a whole.

We assessed the performance of our matchin g by comparing the
characteristics of the included virtual w ard patients with the  ir matched
controls. The control patients  had very similar combined m odel scores
(mean 0.57, standard deviation 0.24) . However, in relation to other patient
characteristics, some of the differences between the two groups were
relatively large . M any of the standardised differences  were above the
threshold of 10 per cent, which is generally taken to suggest a meaningful
difference between groups. In particular, the p  rior use of secondary care
services , primary care services and social care was lower inthe matched
controls than in the matched virtual ward patients. Equally, the matched
virtual ward  patients had a higher  average number of recorded chronic
health conditions tha n their matched controls (2.32 conditions compared to
1.65) . However, diagnoses of cancer and COPD were relatively higher in
the matched controls.

Although the intervention patients had a higher number of chronic

conditions and consumed mor e services , mortality rates  in the six months
following intervention were substantially lower among intervention patients
than controls ( mortality of 5.6 per cent compared with 9.8 per cent for
controls ).
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Table 12. Success of local matching
All sites
(N=989 matched pairs)
Intervention Matched Standard ised
patients included in controls difference
local matching
analysis
Combined Model 0.57 (0.24) 0.57 (0.24) 1.4%
score
Demographics
Age 73.06 (16.70) 72.93 (16.49) 0.8%
Female (%) 55.9% 55.9% 0.0%
Hospital contacts
(prior year)
Emergency admissions 2.18 (2.10) 1.65 (1.86) 27.1%
Accident and 3.14 (3.33) 2.35(3.31) 23.9%
Emergency visits
Elective admissions 0.30 (0.69) 0.28 (0.68) 3.4%
(non day case)
ACS admissions 0.89 (1.27) 0.65 (1.19) 19.0%
Outpatient attendances 9.47 (11.16) 6.46 (7.77) 31.3%
Primary care
contacts (prior year)
GP surgery visits 40.64 (23.68) 31.90 (19.12) 40.6%
Community care input 67.9% 49.7% 37.6%
(%)
Community care visits 16.64 (52.12) 7.88 (27.29) 21.1%
LA social care use
(prior year)
Home care (%) 19.3% 14.3% 13.6%
Day care (%) 3.3% 2.2% 6.8%
Meals (%) 7.8% 5.6% 8.9%
Residential care (%) 4.0% 3.4% 3.2%
Nursing home care (%) 2.4% 1.6% 5.7%
Direct payments (%) 1.4% 0.4% 10.7%
Diagnoses from
inpatient record
Number of chronic 2.32 (1.59) 1.65 (1.54) 42.7%
conditions
Anaemia (%) 19.3% 10.7% 24.2%
Angina (%) 20.6% 9.9% 30.1%
Asthma (%) 15.5% 14.6% 2.5%
0, 0 0,
Atrial fibrillation and 23.5% 21.1% 5-6%
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flutter (%)

Cancer (%) 13.0% 17.2% -11.6%
Cerebrovascular 16.0% 10.2% 17.1%
disease (%)

Congestive heart failure 18.1% 13.9% 11.6%
(%)

COPD (%) 14.9% 19.5% -12.4%
Diabetes (%) 28.5% 19.3% 21.7%
History of falls (%) 19.8% 15.5% 11.4%
History of injury (%) 37.3% 28.7% 18.4%
Hypertension (%) 63.2% 47.6% 31.7%
Ischemic heart disease 33.4% 19.0% 33.1%
(%)

Kidney failure (%) 11.0% 6.7% 15.4%
Mental health (%) 23.7% 20.4% 7.8%
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3.6 Differences after intervention

Some of the differences  we observed between the virtual ward patients and
their matched controls in the period before the start of the intervention

were substantial. However, as mentioned above, the difference -in-
difference approach may be expectedto cancel out some of the effects of
these residual imbalances, on the assumption that the effect s of these

residual balances remained constant over time.

As can be seenin Table 13, in the six months after starting to receive the

virtual ward  intervention, the number of emergency hospital admissions
reduced by 0.27 per  person per six months  among intervention patients,

but reduced by 0.60 among controls . This suggests a net difference -in-
difference increase in emergency admissions of 0.33 per person per six
months (p< 0.01).Visits to accident and emergency departments also

increased by 0.38 per  person per six months  relative to controls (p<0. 01).

However, o utpatient attendances fell by 0.98 per person per six months
among the virtual ward  patients but only by ~ 0.16 among matched controls,
suggesting a net  reduction of 0.81 attendances per person per six months
(p<0.01)

GP surgery visits increased by 1.57 per person per six months  among
intervention patients but reduced by 1. 29 among matched controls,
suggesti ng a net difference  -in-difference increase in GP surgery visits of
2.86 visits per person per six months (p<0.01). Contacts with community
nurses also increased, by  8.67 per person per six months  relative to
controls. However, both of these apparent incre ases may reflect a degree
double -counting . For example, GPs were delivering virtual w ards in
Wandsworth and they recorded their  activity within routine GP data
Likewise, o ur data on community nurse contacts included contacts with
district nurses and comm  unity matrons, and these staff were delivering
virtual ward care  in all of the sites

We found no evidence of changes in social care use among virtual ward
patients relative to  their matched controls  with regard to home care and
residential or nursing home care.
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Table 13. Difference -in -difference analysis

Intervention patients Matched controls Differences
6 6 6 6
months | months Change |months months Change DID |p-value
prior post prior post
All sites (989 matched pairs)

Emergency admissions 0.96 0.69 -0.27 1.15 0.55 -0.60 0.33 0.00
A&E attendances 1.44 1.04 -0.40 1.57 0.79 -0.78 0.38 0.00
Elective admissions 0.37 0.34 -0.03 0.44 0.37 -0.07 0.03 0.61
OP attendances 4.76 3.78 -0.98 4.01 3.85 -0.16 -0.81 0.00
GP surgery visits 21.23 22.79 1.57 18.05 16.76 -1.29 2.86 0.00
Community nurse 10.41 20.60 10.19 5.28 6.80 1.52 8.67 0.00
contacts

Home care (wks) 3.11 3.21 0.10 1.80 2.30 0.50 -0.41 0.28
Residential/nursing care 0.95 1.10 0.15 0.72 1.12 0.40 -0.25 0.27
(wks)

Note thatt his study was not powered to assess the impact of virtual wards

in the three study sites separately and is somewhat dominated by the

findings in Croydon (which was not delivering multidisciplinary care except

in an initial pilot) . Nevertheless , we have included a site -specific analysis in
Table 14 to illustrate the contribution of each of the sites to the overall

result.

All three sites saw arelative increase in emergency hospital admissions and

in accident & emergency visits, although the numbers of patients in Devon
and Wandsworth  were too small for these finding s to be statistically
significant. Similarly, all three sites saw relative reductions in outpatient
attendances.

The increase in GP surgery visits was largest in Wandsworth, as would be

expected because o fthe nature of the intervention in this site, where GPs
were delivering virtual ward care . Here, GP surgery visits increased by an
additional 7.21 visits per person per six months  amongst virtual ward
patients compared with their  matched controls. Howev  er, an increase was
also seen in Croydon, albeit much smaller at 2.14 per person per six

months . All three sites saw increases in community nurse contacts,

although the difference in Devon was small and was not statistically
significant at the p<0.05 leve |I.
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Table 14.

Difference

after starting the intervention

-in - difference analysis by site for the six months

Intervention patients Matched controls Differences
6 months 6 6 6 . p-
prior months |Change moqths months |Change DiD value
post prior post
Croydon (787 matched pairs)
Emergency admissions 1.05 0.74 -0.32 1.33 0.62 -0.72 0.40 0.00
A&E attendances 1.48 1.03 -0.45 1.70 0.80 -0.90 0.45 0.00
Elective admissions 0.42 0.37 -0.05 0.49 0.43 -0.06 0.01 0.91
OP attendances 4.97 3.80 -1.18 4.05 3.83 -0.22 -0.95 0.00
GP surgery visits 23.28 23.93 0.65 19.44 17.95 -1.49 2.14 0.00
Community nurse contacts 8.32 12.69 4.38 5.16 6.38 1.23 3.15 0.03
Home care ( weeks ) 2.90 2.93 0.03 1.39 1.88 050 | -0.47 0.20
Residential/nursing care 1.13 1.26 0.12 0.61 1.12 0.50| -0.38 0.12
(weeks)
Devon (76 matched pairs)

Emergency admissions 0.13 0.08 -0.05 0.26 0.16 -0.11 0.05 0.65
A&E attendances 1.09 0.70 -0.39 0.92 0.59 -0.33 | -0.07 0.79
Elective admissions 0.20 0.24 0.04 0.21 0.12 -0.09 0.13 0.39
OP attendances 2.83 2.63 -0.20 2.17 2.03 -0.14 | -0.05 0.94
GP surgery visits 18.68 21.82 3.13 17.26 17.34 0.08 3.05 0.11
Community nurse contacts 15.67 14.59 -1.08 4.39 2.75 -1.64 0.57 0.89
Home care ( weeks) 3.85 4.02 0.17 3.74 3.76 0.03 0.14 0.92
Residential/nursing care 0.59 0.94 0.35 1.32 1.18 -0.14 0.49 0.49
(weeks)

Wandsworth (126 matched pairs)
Emergency admissions 0.89 0.76 -0.13 0.56 0.37 -0.19 0.06 0.69
A&E attendances 1.41 1.32 -0.10 1.14 0.86 -0.29 0.19 0.44
Elective admissions 0.17 0.21 0.04 0.25 0.17 -0.08 0.12 0.18
OP attendances 4.58 4.39 -0.19 4.89 5.07 0.18 -0.37 0.69
GP surgery visits 9.96 16.33 6.37 9.87 9.02 -0.85 7.21 0.00
Community nurse contacts 20.32 73.63 53.31 6.60 11.87 5.28 48.03 0.00
Home care ( weeks ) 3.99 4.48 0.49 3.22 4.04 0.83 -0.34 0.71
Residential/nursing care 0.03 0.25 0.22 1.00 1.07 0.07 0.15 0.78
(weeks)
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4 Findings: effectiveness based on national
data

This chapter, which describes the findings of our analysis of national data,

begins with a description of our matched controls and our construction of

the predictive models required for matching. We then describe the
characteristics of virtual ward patient s and their matched controls. Section
4.6 outlines the key findings of the difference -in-difference analysis, which
is followed in section 4.7 by a number of supplemental analyses that we
conducted based on our findings.

4.1 Participants and national controls

For the national matching , we used hospital data from other parts of the
country to create control groups. The major advantage of this approach is

thatit was possible to call on a wider poo | of possible controls. However,

the major disadvantage  was that matching and comparisons were limited to
information contained in dataset s that were available consistently across the
country. Inthis case , this meant the use of HES dataset s covering inpatient
admissions, outpatient appoi ntments and A&E visits.

We identified virtual ward parti cipants based on linkage undertaken by the
NHS Information Centre for health and s ocial care. A small number of
virtual w ard patients could not be linked to HES, and were therefore lost to
the analysis ( overall 0.4 percent ). Table 15 summarises the records we
received and the participants we exclud ed at various stages.

We ex cluded virtual ward patients where

1 Their basic demographic informatio n could not be linked to a HESId
This may have arisen through errors in the transcription of patient
details in the sites or ~ because individuals did not have a record of
hospital activity in England since 1997 (for example, they may have
been arecent migrant ).

i Thetime scales for the s tudy cohorts were agreed in advance with the
sites, and some patients were recruited before the agreed start dates
for each site  whilst others  were recruited too late meaning that we
would have had insufficient  data for follow up.

1 Patients who hadaHESiId but did not have a hospital inpatient
admission in the two years before admission to the virtual w ard. This
exclusion was used partly because inpatient data were our source of
health needs variables, and so we could more fully characterise
people with ar ecent inpatient admission. Further more , people
without a recent hospital admission typically have low rates of
hospital admission  in the near future , so the scope for any
intervention to reduce hospital utilisation for such patients was very
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limited. Nev ertheless , we did analyse these excluded patients

separately.

1 Forsome virtual ward patients, we were unable to find a suitable

match within the control areas.

Table 15. Numbers of cases included in the national matching analysis
Croydon Devon Wandsworth All sites
Cases identified by
sites 1,658 225 114 1,997
Unable to linkto a
HESID 2 (0.1%) 6 (2.7%) 0 (0%) 8(0.4%)
Cases rejected too 658 30(26.3 702
early or too late (40.0%) 14(5.5) %) (35.2%)
No hospital history 34 (2.1%) 17 (7.6%) 3(2.6%) 54 (2.7%)
Unable to match 17 (1.0%) 8 (3.6%) 0 (0%) 25 (1.3%)
947 81 1,208
Matched records (57.1%) 180 (80%) (71.1%) (51.5%)

4.2 Constructing predictive models on national data

Our local matching relied on the combined m

GP data which were not available for

aimed to predict future emergency hospital admissions.
these for a population

of people who

in the three years before a defined date.

We constructed models on a monthly basis (54
split - sample approach to validation. This approach allowed for changes

over time in the set of variables that were

odel scores, but these require d
our national analyses. As an
alternative , we constructed a series of models using national data that

models in total) using a

hospital admissions. An example predictive model for one of the early

months is described in Table

16. Variables derived from accident and

emergency dataset s were included for later months, when they became
available in HE S.

We constructed
had expe rienced a hospital admission

predictive of future emergency
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Table 16. lllustrative predictive model

Variable Beta Variable Beta
coeff coeff

Intercept -3.009 Other mental health 0.283

Emergency admissions (0 -30 0.670 Parkinson's Disease 0.287

days)

Emergency admissions (30 -90 0.494 Cerebrovascular disease -0.198

days)

Emergency admissions (90 -180 0.425 Angina or ischemic heart disease -0.376

days)

Emergency admissions 180 -365 0.295 Number episodes per spell 0.152

days) emergency (0 -365 days)

Emergency admissions (365 -730 0.246 Number episodes per spell 0.120

days) emergency (366 -730 days)

Emergency admissions (730  -1095 0.197 Number episodes per spell 0.111

days) emergency (731 -1095 days)

Elective admissions* (0  -30 days) 0.405 Number episodes per spell 0.104
elective (0 -365 days)

Elective admissions* (30  -90 days) 0.173 Number episodes per spell 0.053
elective (366 -730 days)

Elective admissions* (180  -365 -0.069 Number episodes per spell 0.078

days) elective (731 -1095 days)

Day case admissions (0 -30 days) 0.146 Number of chronic  conditions 0.244

Day case admissions (30 -90 days) 0.090 Outpatient attendances (0  -30 0.061
days)

Day case admissions (180 -365 0.029 Outpatient attendances (30  -90 0.027

days) days)

ACS admissions (180 -365 days) 0.068 Outpatient attendances (90 -180 0.014
days)

ACS admissions (365 -730 days) 0.037 Outpatient attendances (180 -365 0.014
days)

ACS admissions (730 -1095 days) 0.061 Outpatient attendances (730 - 0.022
1095 days)

Cancer, malignant 0.231 Qutpatient DNAs (0 -180 days) 0.156

Cancer, benign -0.103 Age 50-64 0.065

Alcohol / drugs 0.663 Age 65 -74 0.416

Hypertension -0.270 Age 75 -79 0.705

Congestive heart failure -0.284 Age 80 -85 0.939

COPD 0.207 Age 85 -89 1.208

Fractures -0.329 Age 90+ 1.396

* Excluding day cases.

4.3 Character istics of patients admitted to virtual
w ards

As would be expected, the virtual w ard patients had significantly higher risk
scores than the population of residents in the control areas , and had higher
levels of hospital use and a higher prevalence of arange of healthcare
diagnoses (Table 17).
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Table 17. Comparison  before matching of virtual w  ard patients with
residents in the selected control areas

All sites
Intervention Residents of the Stan dard ised
(N=1,208) selected control difference
areas
(N=2,081,077)
Predictive risk score 0.59 (0.24) 0.08 (0.09) 278%
Demographics
Age 71.37 (16.73) 39.87 (23.32) 155%
Female (%) 55% 55% 0%
Ethnicity (% white) 23.99 (10.87) 24.59 (11.91) 5%
IMD 2010 score
Hospital contacts
(prior year) 2.52 (2.31) 0.14 (0.56) 142%
Emergency admissions 2.86 (3.28) 0.21 (0.88) 110%
Accident and
Emergency visits 0.86 (1.8) 0.26 (0.95) 42%
Elective admissions
(non day case) 1.01 (1.38) 0.06 (0.32) 95%
ACS admissions 10.33 (12.2) 1.95 (3.72) 93%
Outpatient attendances
Diagnoses from
inpatient record 2.67 (1.63) 0.21 (0.66) 198%
Number of chronic
conditions 24.8% 1% 74%
Anaemia (%) 22.6% 1% 69%
Angina (%) 20.1% 3% 56%
Asthma (%) 26.7% 2% 7%
Atrial fibrillation and
flutter (%) 15.6% 3% 46%
Cancer (%) 19.1% 1% 63%
Cerebrovascular
disease (%) 22.8% 1% 73%
Congestive heart failure
(%) 22.9% 1% 72%
COPD (%) 29.4% 3% 78%
Diabetes (%) 24.3% 2% 69%
History of falls (%) 44.1% 7% 94%
History of injury (%) 69.1% 7% 167%
Hypertension (%) 37.3% 3% 97%
Ischemic heart disease
(%) 13.2% 1% 50%
Kidney failure (%) 29% 2% 79%
Mental health (%) 0.59 (0.24) 0.08 (0.09) 278%

4.4 Selection of controls

There were in total 1,233 records available for  our national analyses, with
the majority being from one site - Croydon ( 964).

E Queends Printer and Ca3n tThioo Wdrkewas gfoduted O Gerdint
Lewis et al. under the terms of a commissioning contract issued by the Secretary of State
for Health

72
Project 09/1816/1021



Our matching process for  the national dataset s was as follows . First, we
chose our poo | of potential controls from ONS matched comparator areas.
Then we matched individuals according to their similarity with regard to
Risk s core

Age

Index of multiple deprivation

Site

Sex

Emergency admissions in the prior quarter and prior year

Elective inpatient admission s in prior quarter and prior year
Outpatient activity i n prior year

Presence of one of a range of chronic diseases

E I I ]

Using t his process , we matched 1,082 cases each to a single control.

An analysis of the unmatched virtual w ard patients revealed that the vast
majority were cases  who had a very high predictive risk score ( >(0.85).
Such patients typically have multiple ilinesses, an d it was much harder to
find controls  for these people . Rather than simply exclude these cases ,
where possible we  chose to use a slightly less comprehensive matching
algorithm for them . This algorithm required a matched control to have a

very simila r pre dictive risk score to the virtual w ard patient, and sought to
select a control group that overall had a similar age, sex, area  -level
deprivation score, prior hospital activity and recorded diagnoses of hea Ith
conditions to the group of virtual w ard patient s. However , this algorithm
did not place as much emphasis on requiring that individual case -control
pairs were similar in terms of specific diagnoses such as cancer, diabetes

and COPD. After this second matching stage we had matched 1,208 cases

to a contr ol.

These results are summarised for a subset of t he most important variables
in T able 18. For all these variables , the standa rdised differences are below
10 per cent , which is the level  that has been suggested to describe
meaningful differences between groups.

Although the selected control s were much more similar to the intervention
group thanthe wider population of the control areas , the matches still fe I
short for a number of variables. In most cases , the intervention cases had
slightly higher value s than their controls. This indicates that the cases had
marginally more sever e illness, more complex co-morbidities or made
greater use of hospital services  in the period before the start of the

intervention . Thus , for example , for outpatient appointment s, the best
matc h that we were  able to obtain had a standardised difference that was
30 per cent lower inthe controls than inthe intervention group.
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Table 18. Summary  measures on national matching pooled across all
study sites
All sites
(N=1208 matched  pairs)
Intervention Matched Standardised
patients controls difference
included in

national

matching

analysis
Predictive risk score 0.59 (0.24) 0.58 (0.23) 4%
Demographics
Age 71.37 (16.73) 71.94 (17.66) 3%
Female (%) 55% 56.7% 4%
Ethnicity (%  white) 70.5% 73.8% 7%
IMD 2010 score 23.99 (10.87) 25.38 (10.32) 13%
Hospital contacts (prior
year)
Emergency admissions 2.52(2.31) 2.07 (2.02) 21%
Accident and Emergency 2.86 (3.28) 2.44 (3.29) 13%
visits
Elective admissions (non 0.86 (1.8) 0.63 (1.49) 14%
day case)
ACS admissions 1.01 (1.38) 0.82(1.17) 15%
Outpatient attendances 10.33 (12.2) 7.11 (8.48) 31%
Diagnoses from inpatient
record
Number of chronic 2.67 (1.63) 2.22 (1.61) 28%
conditions
Anaemia (%) 24.8% 17.7% 17%
Angina (%) 22.6% 19.5% 8%
Asthma (%) 20.1% 18.4% 4%
Atrial fibrillation and flutter 26.7% 23.9% 6%
(%)
Cancer (%) 15.6% 13.7% 5%
Cerebrovascular disease 19.1% 15.6% 9%
(%)
Congestive heart failure (%) 22.8% 17.2% 14%
COPD (%) 22.9% 14.7% 21%
Diabetes (%) 29.4% 24.9% 10%
History of falls (%) 24.3% 24.6% 1%
History of injury (%) 44.1% 45.8% 3%
Hypertension (%) 69.1% 62.1% 15%
Ischemic heart disease (%) 37.3% 32.6% 10%
Kidney failure (%) 13.2% 9.6% 11%
Mental health (%) 29% 25.6% 8%

An a nalysis of the time of year suggested that there was a similar profile of
start dates for the cases and matched control groups. This meant that any

observed differences in hospital activity in the six months following this
start date would not be biased b y one group 's having , for example , a higher
proportion of start dates in the winter months.

We only had available to us data on in -hospital mortality for all cases . This

was because the out -of-hospital data had not been released for the period
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following our end date of August 2010 at the time of analysis . We therefore
tested for differences  in the in -hospital mortality rates observed in cases

and controls. If mortality rates in the cases were significantly higher than

controls, then it  might have indicate d that confounding variables  were
presentin virtual ward patients but not in the control group - usually
because of limitations in the data collected on electronic hospital records.

Table 19 summarises the numbers of people who died in hospital in both
cases and controls in the  six months after the start date for receiving the
intervention . Inthe pooled data , there was very littt e difference between

cases (5.3 per cent) and controls (6.4 per cent ), and the direction of  this
small difference did not suggest a problem with hidden confounding

variables linked with mortality. The picture was the same for those cases
where out -of-hospital deaths were accessible.

However , there were some differences between sites , with rates in Croy don
being much lower than elsewhere . Thisis mostlikely  to be an indication of
differences between sites in the characteristics of cases admitted to  their

virtual w ards .

Table 19. Summary of mortality amongst cases and controls
Site Group In N % in hospital % all death s
hospital deaths (where data
deaths available)
Croydon Case 42 947 4.4% 7.7%
Control 56 947 5.9% 8.8%
Devon Case 7 81 8.6% 14.8%
Control 7 81 8.6% 12.3%
Wandsworth Case 15 180 8.3% 15.0%
Control 12 180 6.7% 11.7%
All Case 64 1208 5.3% 9.3%
Control 75 1208 6.2% 9.4%

4.5 Outcome data (national matching)

Figure 11 summarise s the successive quarterly observations of key output
indicators for cases and controls from the three years before starting the
interventionto  six months afterwards. As with the local data , we focussed

on the trends in the first six months in order to maximise the sample size.

The virtual ward  patients show ed atrend of high and increasing hospital
activity 1 an indication that these were agroup o fpeoplethat had serious

health problems that  were worsening over time. At its highest , the rate of
emergency admission s reached almost 0.8 admission S per person per
qguarter. As a comparison , the average population admission rate in the

control areas was 0.05  admissions per person per quarter.
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The pattern of a mbulatory care s ensitive (ACS) admissions  was almost
identical to that of the total unplanned admissions .
Figure 11. Output indicators for cases and controls
(N=1208; 1208)
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We weighted the

intervention

Quarter relative to intervention

matching proce ss towards events
to admission to a virtual ward. At periods over two
the intervention and control groups appear
However , one important observation is that the
admissions was highest 6 -9 months before the patients
. This peak occurred inall of the outcomes of interest

that occurred  just prior
years before admission
ed to be very closely matched.

rate of emergen cy
began the
. It was

also seen independently in Croydon and Devon but not in the third site -
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Wandsworth , where patients were predominantly identified by clinical
referral .

The control patients  also show ed this same characteristic peak in

emergency activity  as in the intervention group , al though in most case

s, the

rates were lower inthe controls . These lower levels of hospital activity seen

in the controls reflect the challenge of matching patient s with complex
health needs - even though control cases still displayed emergency hospital

activity levels around ten times higher than for an average population

Of all the outcomes of  interest, our matching for outpatient attendances
was the least successful, with o utpatient activity amongst the control
groups being markedly lower than for the cases.

4.6 Difference -in -difference analysis

Though we sought to match cases and controls as cl osely as possible , the

use of a difference in difference method helped to reduce the impact of

imperfect matching . Table 20 below shows the average number of

admissions and attendances per person for cases and controls in the six

month period before anda  fter starting the intervention , pooling across the

three sites. Figure 12 shows the scale of the differences and associated

confidence intervals for the various outcomes of interest

Table 20. Difference -in -difference analysis for national matching
Case s Control s
(average number per (average number per
person) person)
Measure Pre - Post - Pre - Post - DiD p
intervention intervention intervention intervention Estimate value

A&E 1.4 1.1 1.3 1.1 -0.01 0.52
attendances
ACS 0.5 0.4 0.4 0.4 -0.07 0.37
admissions
Elective 0.4 0.3 0.3 0.3 -0.13 0.02
admissions
Elective 1.9 1.2 1.1 1.1 -0.70 0.09
beddays
Non -elective 1.2 0.9 1.1 0.8 0.05 0.47
admissions
Non -elective 10.4 7.9 9.3 8.0 -1.16 0.24
beddays
OP 5.3 4.2 3.8 3.1 -0.49 0.05
attendances
Total 13.2 9.6 11.0 9.6 -2.08 0.06
beddays
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The key observations from this pooled analysis were:

T

Figure 12.

the intervention group did not exhibit a greater reduction in

emergency admissions than the control group

though there were relatively large reductions in total bed
intervention group, the probability of 0.063 indicates that
difference was not statistically significant at the p<0.05 level

There appeared to be a greater reduction in elective ad
(p=0.024) and outpatient attendances (p=0.047) in the intervention
group, both of which were significant at the p<0.05 level

Effect size of virtual wards
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, the overall pattern remained
Figure 13 shows the time series for cases and controls
showing the costs per person per quarter for each of the different



Figure 13. Trends in hospital activity for cases and controls
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Table 21 summarises the difference  -in-difference analysis based on cost per
person for different outcome measures for cases and controls in the six
months before and after starting the intervention . Figure 14 shows these
data with associated 95 per cent confidence intervals.  Though both case s
and controls showed a reduction in o verall costs, 0 nce again the costs
associated with  elective inpatient care and out patient attendances appear ed
to be lower in the intervention group. There was no detectable reduction in

the costs of emergency inpatien t care.
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Table 21.

Summary results of difference

-in - difference analysis of

hospital cost per person using national matching
Cases Controls

(average cost per person) (average cost per person)
Measure Pre - Post - Pre - Post - DiD p

intervention intervention intervention intervention Estimate value
A&E cost £109 £89 £96 £82 -£4.88 0.49
Al IP £3,311 £2,546 £3,080 £2,351 -£36.80 0.88
admissions
Elective £813 £484 £613 £513 -£228.08 0.04
admissions
Non -elective £2,414 £1,992 £2,359 £1,776 £161.03 0.42
admissions
OoP £625 £479 £399 £325 -£72.41 0.03
attendances
Total cost £4,045 £3,113 £3,575 £2,757 -£114.11 0.64

Figure 14. Summary of the difference -in - difference analysis
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This study was not powered to assess the impact of virtual wards in the

three study sites separately and is somewhat dominated by the findings in
Croydon (which was not delivering multidisciplinary care except in an initial

pilot). Nevertheless, we have in cluded a site -specific analysis in Table 22 to
illustrate the contribution of each of the sites to the overall result.

There were no significant changes in emergency hospital admissions for any

of the sites, with two showing relative increases, and the t hird showing a
fall. Consistent with the pooled analyses, significant relative reductions in

elective admissions and outpatient attendances were seen in Croydon. No
significant changes were seen for any measure in  either Wandsworth or
Devon.
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Table 22. Difference  in difference results by site based on national

matching.
Cases (average Controls (average
number per person) number per person)
Site Measure ir?treer.- ||r31(t)esrt ) ir}:treer.- ::1(t)esrt ) DD p value
A&E attendances 1.3 11 1.3 1.1 0.03 0.83
ACS admissions 0.4 0.3 0.4 0.4 -0.07 0.46
Elective admissions 0.5 0.3 0.3 0.3 -0.17 0.01
Elective beddays 2.0 1.0 1.3 1.0 -0.74 0.09
Croydon gggls’s‘g‘ﬁ;"e 11 0.9 11 0.8 0.06 0.40
Non - elective beddays 9.3 7.5 9.2 8.4 -1.04 0.35
OP attendances 5.5 4.0 3.9 3.2 -0.78 <0.01
Total beddays 115 8.5 10.9 9.7 -1.79 0.14
A&E attendances 11 0.8 0.7 0.4 -0.05 0.83
ACS admissions 0.6 0.3 0.2 0.2 -0.22 0.13
Elective admissions 0.5 0.4 0.6 0.3 0.14 0.57
Elective beddays 1.9 13 0.8 1.0 -0.78 0.44
beven :g;lsﬂzﬁge 13 0.8 08 05 -0.21 0.36
Non - elective beddays 10.3 6.0 7.7 5.2 -191 0.43
OP attendances 43 3.7 2.9 2.2 0.15 0.85
Total beddays 22.0 145 115 8.9 -4.91 0.32
A&E attendances 1.9 12 1.8 1.3 -0.23 0.35
ACS admissions 0.6 0.5 0.5 0.4 0.00 1.00
Elective admissions 0.3 0.3 0.2 0.2 -0.03 0.73
Elective beddays 17 2.4 0.2 14 -0.42 0.78
Wandsuorth Non- elective 14 1.0 12 0.7 0.08 0.61
Non - elective beddays 15.8 10.8 10.7 7.2 -1.44 0.60
OP attendances 4.8 5.0 3.7 3.1 0.73 0.34
Total beddays 17.9 13.2 115 9.1 -2.34 0.47
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4.7 Other analyses

In order to understand better the patterns observed in these pooled results
we conducted some further analyse sto examine the effects of various
subgroups of pat ients on the overall difference -in-difference analysis.

Looking at the reduction in elective inpatient admissions , we tested the
effects of an | nternational Classification of Diseases (ICD) chapter -level
interaction term within the difference models. Only one ICD chapter

showed a p value below 0.05, namely for disease s of the eye (p=0.041).
Otherwise , the reduction in activity was spread across a range of diagnostic
chapters rather than bei  ng large ly due to on e case type.

A similar analysis  we conducted, looking at outpatient specialty , suggested
that the effects were not linked with only one speciality but rather they
included a range of different case types. However ,inthis case there was a
bord erline reduction in general medicine attendances (a reduction of 0.14
attendances per person per six months, p=0.06), and a significant reduction

in clinical haematology (reduction of 0.24 attendances per person over the
same time period, p=0.03). These reductions both contributed considerably
towards the overall reduction of 0.49 attendances per person over the six
months.

We also compared rates of emergency hospital admission within subgroups

defined by the predictive risk score. As this study was powe red on the basis
of pooled analysis across all patients, these comparisons must be
interpreted with caution. The pattern in the difference -in-difference

estimat es f or me dFigure fil%),dwvithsvintualpvard gatients with a
predictive risk score of b etween 0.4 and 0.8 seeing relatively greater

reductions in emergency admissions than controls, and virtual ward patients

with scores of less than 0.4 or more than 0.8 seeing relative

increases. Although the reductions are not statistically significant wit h the
numbers of patients available for these analyses, the Figure as a whole is
suggestive of a pattern that may warrant further research with larger

sample sizes. Note that the predictive risk scores illustrated here are based

on the model that we calibr ated to national HES data, rather than the

Combined Model used by sites to recru it patients.
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Figure 15. Pattern in difference -in - difference estimates
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5 Findings from economic analysis

This chapter describes how we determined the costs of the virtual ward

interve ntion. We begin by presenting the costs of the virtual wards in the
three study sites as determined from administrative data. We then describe
how we attempted to corroborate these costs based in turn on the

interviews that we conducted, and the surveys an d work diaries that we
administered.

5.1 Administrative data

Table 23 shows a summary ofthe elements included in costing the virtual
wards as derived from administrative data for each site, together with the
estimated cost per virtual ward admission and the estimated cost per
patient day of being cared for on a virtual ward.

Table 23. Costing elements from administrative data
Site Elements included in costing Estimated cost Estimated
per virtual cost per
ward admission patient day
on virtual
ward
Croydon Staff costs, travel costs, land, computers £1,684 £3.26
and fixed capital costs, management
costs, administration costs (including costs
of the predictive model)
Devon Staff costs, travel costs, land, computers £1,833 £3.17
and fixed capital costs, management
costs, administration costs (including costs
of the predictive model)
Wandsworth Staff costs, land, computers and fixed £4,868 £16.73
capital costs, management costs

5.2 Costsofthe  Croydon virtual wards

We calculated the  cost of running a virtual ward in Croydon based on the

labour costs of the nursing and clerical staff and the actual expenditure on

ancillary items such as travel, stationery and rent. Table 24 provides the
breakdown of the se costs,whichwetook directly from Croydonés
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Unlike the other two sites, Croydon did not have weekly staff meetings or
Awar d r oedcepd slwring a brief initial pilot period. | nstead , all costs of
co-ordination of care were borne by the staff employed as part of the
"virtual ward ", namely the community matrons and ward clerks

Table 24, Costs of the Croydon virtual ward
2008 2009 2010 Average
Direct cost of VW
Nursing £440,440 £495,961 £527,861 £488,087
Clerical and
_ £82,358 £103,171 £126,352 £103,960
Admin
Travel and
o £9,726 £10,507 £8,545 £9,593
communication
Consumables
£4,950 £24,314 £9,417 £12,894
and other
TOTAL £537,474 £633,953 £672,175 £614,534
Staff costs as a
97% 95% 97% 96%
% of total cost
Nursing costs as
82% 78% 79% 80%
a % of total cost
Aggregate
Patients Days 197,748 201,652 171,531 £190,310
p.a.
Average patients
542 552 470 521
per day
Cost per
q £1,472.53 £1,736.86 £1,841.58 £1,683.66
ay
Cost per
patient £ 272 £ 3.14 £ 392 £3.26
day
To calculate the average cost of a patient per day on a Croydon virtual
ward, we used the admission and discharge dates of patients, and summed
the total number of patient -days of care delivered per year . The Croydon

virtual wards cared for an ave rage of 489 patients per day at an average
variable cost of £2.66 per patient per day , and the average variable cost per
patient 6s £%1563 .whatwfrom 2007 showed atypical costs
associated with the first year of operation of the projectin  Croydon . As
these may have been misleading , we focused onthe average of the years
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2008 -2010 to portray a more reliable picture of the routine operation  of the
intervention in this site

5.3 Costs of the Devon virtual ward

In this evaluation, we only considere d a single virtual ward in Devon
namely South Molton & Chulmleigh . Given the small number of staff
involved in this intervention , we rounded salaries up or down by £3,000 in
an attempt to preserve the confidentiality of sensitive information
The Devon v irtual ward employed a full -time community matron and a part -
time ward clerk. However, t he major cost in Devon was the weekly ward
rounds attended by a multidisciplinary team . Table 25 shows the
composition of the multidisciplinary team that attended these ward rounds .
We understand that each member of the team attended for 2 hours per
week . Using approximate salary bands, we calculate d the cost of full -time
equivalent salaries  of this group at £30,000. This yie Ided an annual cost of
£48,750 .
Table 25. Costs of the Devon virtual ward
2009 2010 TOTAL
Full Time Community Nurse £34,410 £34,410 £68,820
Ward Clerk £7,387 £7,387 £14,774
Weekly Staff Meetings £48,750.00 £48,750.00 £97,500
Travel (total - since Oct 08) £1,207.50 £1,207.50 £2,415.00
Total £91,755 £91,755 £183,509
Total Patient days 11789 15329 27118
£7.78 £5.99 £6.77
Cost per patient
admitted £1,833.87
Cost per patient
per day £3.17
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Table 26. Attendance at the Devon multidisciplinary ward rounds

Community m atron
Community psychiatricn  urse
Social care representative (social w orker)

Social care representative (community care w orker)
Social care representative (care ma nager / occupational
therapist )

Cluster manager (health and social ¢ are)
Community r ehab ilitation r epresentative (a dmin istrator )

Community rehabilitation representative (occupational t herapist)
Community rehabilitation representative (p hysiotherapist)
Community rehabilitation representative (r ehab ilitation n urse)

District nursing r epresentatives (X 2)
Voluntary sectorr epresentative
Community hospitald  octor

Ward c lerk

5.4 Costs of the Wandsworth virtual wards

The travel costs and administration costs for Wandsworth were not made
available tous. Compared with Croydon and Devon, the virtual wards in
Wandsworth  were a considerably more expensiv e intervention because they
used general p racti tioners to provide virtualward care. The large
differences seen in the costs per person -day over time are  a reflection of
the reduced activity in the start -up year . We would suggest therefore that
the values for 2010 are the better estimate of the running costs for this

model of virtual wards

Table 27. Costs of the Wandsworth virtual ward S

Wandsworth 2009 2010 TOTAL

Patient days 15889 42273 59287

Total Costs £707,250 £707,250 £1,414,500

Cost per patient day £44.51 £16.73 £23.86
Cost per £7,062.12
admitted
patient
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5.5 Additional costs

Table 21 in the previous chapter summarises the difference  -in-difference
analysis based on the cost per person for different costs measures for cases
and controls in the six months before and after starting the intervention.

This reflects additional cost  -savings that could theoretically be used to

offset the direct costs of the virtual wards.

Although both cases and controls sho wed a reduction in overall costs, the
costs associated with elective inpatient care and outpatient attendances

appeared to be lower in the intervention group but there was no detectable
reduction in the costs of emergency inpatient care. Overall, the cost of the
additional resources used by virtual ward patients was £114.11 less than

the control group, although this difference was not statistically significant at

the p<0.05 level. Given that the direct cost of virtual ward care ranged
from £1,684 to £4,868 per patient , the offsetting reduction i n other service
utilisation by virtualw  ard patients represent less than 6 per cent of costs.

5.6 Interview, survey and diary data

From the questionnaires, we were able to ascertain that the core virtual
ward staff exclu sively cared for virtual ward patients. In particular, virtual
ward and non -virtual ward patients did not share these same staff. This
means that we did not have to apportion staff between virtual ward patients
and non -virtual ward patients.

The diaries w ere intended as a contingency arrangement in case some of
the virtual ward clinical staff were treating virtual ward and non -virtual ward
patients in a way that was not separated in administrative  or budgetary
data .

Whilst we did implement the guestionnaires and diaries as a confirmatory
exercise , the response rate was very low despite sending the one reminder
permitted by our ethics approval . We were unable to ascertain whether

there were any major bias es in the sample of staff who completed the

diaries 1 although from informal discussion with staff we had the impression

that nursing staff on the virtual wards  were keen to fill out diaries in order

to establish that they were worbeinghgverihar der 0
credit for. This means  thereis a possibility that the resource diaries might

have somewhat over -stated the number of patient contacts per member of

staff per day.

5.7 Interviews

We interviewed a total of 14 members of staff, including at least one
manager, finance officer and clinic ian from each of the three study sites
(see Table 28). The interview schedules are included in Appendix 4.
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Table 28. Numbers ofi  nterview s

Manager Finance officer Clinician Total
Croydon 1 1 2 4
Devon 2 1 2 5
Wandsworth 1 1 3 5
Total 4 3 7 14

We used t he information obtained during the course of the interviews to
provide context and confirmation of the costs derived from administrative
data. We also used the information to corroborate the detailed site
descriptions recorded in Appendix 2.

5.8 Surveys

We issue d 40 surveys and diaries and our response rate was 25 per cent
Our ethics approval only permitted us to send one reminder to potential
participants , so we were unable to take further steps to increase the

number of responses  we received .
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Table 29. Surveys and  diaries distributed and received
Croydon Devon Wandsworth
Distribution
o 12 10 18
Diaries
. . ) . 4 6 5
Questionnaires (management / financial staff)
. . . 12 10 18
Questionnaires (frontline staff)
Responses received
) 4 1 1
Community matron
. 1 1 0
Ward clerk / ward  administrator
0 1 0
GP
. . 0 1 0
Allied Health Professional
5 4 1
Total

*the diaries and questionnaires were delivered on 23 June 2011 and were completed in July

2011

Prior to undertaking the project, we were concerned that staff might be
working across virtual ward and non
that virtual ward staff worked exclusively with virtual ward patients, this
was not a major issue. Indeed, a Il ten of the respondents reported knowing
that they were working with virtual war

having #Afr e gto-danetoodteleplome €ontact with virtual ward

-virtual ward patients. However, given

d patients. Six respondents reported

patients, and the remaining four respondents said that they had

foccasional 0 such

Interaction with other professionals was important to as

to which the virtual ward costs correctly reflect

to care for the patient  s.

cont act

certain the degree

ed the resources being used
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Table 30. Frequency with which virtual ward staff report ed interacting
with other professional groups

Number of responses
Never Rarely Occasionally Often Constantly

Hospital 1 1 5 3 0
doctors

GPs 0 0 2 2 4
Nurses 0 0 1 3 6
Pharmacists 2 2 3 2 0
Case 0 2 3 2 2
managers

Therapists 0 0 3 6 1
Social workers 0 1 2 5 1
Care workers 0 1 4 5 0

The high degree of interaction with other staff ~ was unsurprising given the
case management nature of their role.

In Devon, interactions occu rred formally in a weekly meeting and we
included the working time of these additional professionals in the cost of the
Devon virtual ward - altho ugh interviews with staff suggest ed that these
interactions also occur  red extensively during the day

To the extent that the professionals were using their time to discuss virtual
ward patient s rather than non -virtual ward patients , this question was

inten ded to identify the extent to which the costs of the virtual ward spilt -
over to other professionals , and therefore under -stated the cost of the
intervention

The mean number of hours that respondents were contracted to work was

35.9 hours (s tandard deviation 6.3). However, some staff undertook duties
during their working week that were unrelated to the virtual ward. This was
reflected in the fact that respondents reported working a mean of 28.1
hours (s tandard deviation  13.8) per week on virtual ward activities.
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5.9 Diaries

Six out of the ten completed diaries were from

community matrons.

We asked those staff completing a diary to record every patient contact

they made . A contact was defined as any occasion on which
virtual ward patient

member saw or talked to a
patient with one or more

the staff

, or when they discussed a

of their colleagues. The purpose was to ascertain
encies in the use of resources, for

whether there were any obvious ineffici

examples in the time spent travelling versus

the time spen t caring for

patients . If there were  any obvious inefficiencies then we would have
overstated the costs of the virtual ward compared to an optimised version

of the intervention

The total number of contacts recorded by respondents was 506. Table 31

shows thatthe average duration of
(standard deviation  24.3) . In addition,
travelling to or from the contact

This implies that travel time

was almost 30 per

on a patient in these cases

a patient contact was 23.4 minutes
where a time was recorded for
, the mean travel time was 15.8 minutes
cent of the total time spent

Diary respondents were also asked to estimate the average time burden on

informal carers for each contact, such as accompanying a
patient to an appointment. Where

average duration was 21.1 minutes

such a time burden

Table 31. Time burden for patient contacts

virtual ward

was estimated, the

Mean (minutes)

Standard Deviation

Staff time spent on the contact 23.4 24.3
Staff time spent travelling to and from 15.8 8.4
the contact

Extra burden on informal carers 21.1 24.4

Figure 16 shows the distribution of

most frequent duration of a contact was 5

approximately one third of all contacts. However
0-4 minutes and another

contact s lasted between
an hour or more.

the duration of

patient contacts. The

-29 minutes, accounting for

, over 10 per cent of
10 per cent or so lasted
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Figure 16. Duration of patient contacts
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We observed a correlation between patient s' predicted risk score and the
frequency of arecorded contact (r =0.78) (see Figure 17). There was also

a mu ch weaker correlation between risk score and the duration of the
contact (r = 0.03) (see Figure 18).

Figure 17. Frequency of contacts
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Figure 18. Duration of patient contacts by risk score
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The most frequent  consultation type, accounting for over a third of all
contacts, was a telephone call. The next most common consultation types

were home visits, informal discussion with colleagues , and discussion on
ward rounds (see  Figure 19)

Figure 19. Consultation type

Consultation type

Telephone Home visit Discussion Wyard round Other

N
=)

o
n

o
L

| T
n

=

% of contacts
o

—_
o]

Loy

L]

E Queends Printer and Ca3n tThioo Wdrkewas gfoduted O Gerdint
Lewis et al. under the terms of a commissioning contract issued by the Secretary of State
for Health

95
Project 09/1816/1021



6 Synt hesis of quantitative and economic
analysis

This chapter considers the infor mation on the costs of  establishing and
running virtual w  ards, and balances this againstthe outcomes of reduction
in hospitalisation.  Note that this comparison does not include other benefits
that might have accrue d from the intervention , such as unrecorded
improvements in  patient outcomes, patient experience , quality of life  or
other hidden resource elements.

We begin by summarising the direct costs of virtual wards and then
compare virtual ward costs to average service costs. Next, we explore two
hypothetical scenarios of virtual ward configuration (high cost and low cost)

and seek to determine the interventio n effect size that would be necessary
in the two scenarios in order for them to break -even financially.

6.1 Summary of  direct costs of virtual w ards

The previous chapter  presented the results from costing the direct resource
elements of the virtual wards our t hree study sites . There were marked
differences between the sites in terms of the resource inputs and so it is
difficult to generalise about the typical resource inputs for virtual wards
Some of the factors that differed between sites included:

1 Level of staffing

1 Types of staff used, especially GP versus nursing roles

1 Breadth of responsibilities for virtual ward  staff

1 Length of stay onthe virtual ward

With this in mind we have suggested some typical direct costs of running a
virtual ward , structured as  two alternative configurations of the intervention
(see Table 32). Note that these costs are an average of averages , and that
some individual patients will experience shorter periods on the virtual ward
with more intensive  care and therefore higher per diem costs.

E Queends Printer and Ca3n tThioo Wdrkewas gfoduted O Gerdint
Lewis et al. under the terms of a commissioning contract issued by the Secretary of State
for Health

96
Project 09/1816/1021



Table 32. Typical direct costs of different configurations of virtual

wards
Configuration Cost of delivery
Low cost scenario Nurse -led, high volume service £3 per patient day
with a mean length of stay . .
£510 per patient  over Six
of180 days
months
High cost scenario GP-led service with lower £17 per patient day
volumes of patients and a ) .
£2,890 per patient over six
mean length of stay of 180
months
days

No immediate inferences should be drawn from the relative patient costs of the

two configurations. The difference in patient costs may be offset by the total

costs generated from the number of patients recruited to a virtual ward and the
intensity of the  intervention. The selection of risk threshold used to offer virtual
wards will also have implications for the services costs incurred by these

patients. The important question from a commissioning point of view is whether

the more expensive intervention saves more in terms of reduction in hospital
utilisation.

6.2 Comparing typical virtual ward costs to average
service costs

Against this, we  may offset the cost reduction in other services. The
average service use costs per person in the six months before and after
intervention by type of service (derived from local analyses) are presented
in Table 33.
Table 33. Individual service use costs on the six months before and
after starting the intervention (n=989)
YR
co/gtw( 'trz (?r Total Cost Avg Cost pp % Total Avg Cost pp % total
poZI) Pre (£000s) pre(£) (pre) Post (£) Cost Posts
GP 92% 135 501 8.0% 538 9.0%
Community 62% 396 401 6.4% 837 14.0%
A&E 60% 748 136 2.2% 100 1.7%
Elective 26% 2,407 757 12.0% 504 8.4%
Emergency 55% 496 2,433 38.8% 1,867 31.1%
out 78% 555 561 8.9% 437 7.3%
Patients
Social Care 32% 1,473 1,489 23.7% 1,714 28.6%
Total 6 210 6,279 100.0% 5,996 100.0%
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As Table 33 shows, approximately 38 per cent of service use costs in the six
months before starting the intervention were associated with emergency

inpatient care. The next most expensive cost element was loca | authority
funded social care at  23.7 per cent per cent of costs . The community care
cost associated with virtual ward patients increased from 6.4 per cent to 14

per cent of the total. However, as noted earlier, this increase will be largely
due to double -counting of the virtual ward activity and so should be
discounted. Similarly, the pattern of primary care use seen in patients in
Wandsworth s hows the impacts of a GP led service with a very sharp
increase in GP activity. This apparent increase in primary care will be
associated with running the virtual ward and should also be discounted.

The observed differences  in secondary care utilisation u  sing national
matched controls  (Chapter 4 ) indicate d cost differences of the order of a
reduction in £918 per case for virtual ward cases against a reduction of

£818 for controls T so a net intervention effect of only £114 which was not
statically signific ant at the p<0.05 level . The observed differences in

primary care and social care utilisation suggested by local matching

(Chapter 3) would be expected to produce an intervention cost effect of the

same order.

The final effect fell some way short of the savings requ ired to match the
costs of the virtualw  ard.

6.3 What intervention effect would a low -costs cenario
need to generate to break -even?

An important question from a practical commissioning point of view is what
sort of savings in other recorded activity would be needed in order to
ensure that the direct cost of the virtual ward was recovered.

Consider the low cost scenario. Under this scenario, community nursing

contacts wil be fAdoubl e smeeitisincduded in the direct cost of the

inte rvention. T herefore we would expect the average service cost per virtual

ward patient in the 6 months following the intervention to be £5,1 22 (i.e.

£5,996 less community nursing of £837 ). Suppose further, that GP visits did

not change 1 thatis, assumethe fiprient erventiond rate of GP

£501 .

In order to break  even and recover the £510 cost of the low -cost
intervention within a six month window, the virtual ward woul d have to
generate a further 10 per cent in reduced service use.

Some scenariost hat could achieve this goal are:

1 Reduce emergency admissions by  a further 30 per cent

T Reduce emergency admissions and social care expenditure by a further
15 per cent each
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1 Reduce GP utilisation, elective admissions and outpatient attendances
by 25 percent , and reduce emergency admissions and social care by 5

per cent
6.4 What intervention effect would a high -costs cenario
need to generate to break -even?
With the high cost scenario for virtual w ards, GP utilisatio n is double -

count ed. This means that the serv ice costs should exclude the GP services
costof£538 and freeze community nursing costs at
£401 , leaving a service costof £5,022. Scenarios for breaking even with the
high cost intervention ( delivered at £2,890 per person ) include:
9 Elimination of all secondary care utilisation
1 Reduce emergency admissions, elective admissions an d social care
expenditure by 70 per cent

6.5 Would making the intervention more targeted help
the intervention break -even?

The ability to achieve reductions in ho spital activity will partly depend on

the underlying levels  of activity before  the intervention commences . Thus ,
stratifying virtual w  ard cases by risk profile before admission to a virtual
ward gives some indication of the level of differences in baselin e costs.
Table 34 breaks down the service costs in the six months prior to admission

to avirtualw ard. Values shown are expressed as costs per patient. The

different profiles of costs are shown graphically in Figure 20 and
demonstrate the importance of t he emergency inpatient costs for the high

risk patients.

For the 66 patients in the highest risk category (scores 0.9 -1), the cost of
emergency inpatient admissions averaged £5 , 719 over a six month period.
In fact , the costs of emergency inpatient care increases linearly up from

zero as the risk level increases. In contrast , the other service cost elements

stay reasonably stable
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Table 34. Service cost elements in the six months before admission to

a virtual ward (cost per person, £)
0- 0.1- 0.2- 0.3- 0.4- 0.5- 0.6- 0.7 - 0.8- 0.9- Grand
Risk band 0.1 0.2 0.3 04 0.5 0.6 0.7 0.8 0.9 1 Total
22 54 71 104 121 135 147 130 139 66
N= 989
A&E 0 14 23 73 86 132 135 191 223 317 136
Communit
y 174 782 338 425 291 358 655 279 299 372 401
Elective 110 775 -680 939 658 998 796 738 979 1379 757
Emergency 0 442 731 843 1289 1802 2726 3480 4412 5719 2433
GP 94 246 341 453 468 520 536 600 582 676 501
Out
Patients 152 281 386 363 542 632 661 631 683 702 561
Social Care 1693 1215 1970 1573 1415 1570 1593 1453 782 2300 1489
Grand 1146
Total 2224 3755 3109 4669 4750 6013 7102 7372 7961 4 6279
Figure 20. Costs of service use in the six months before starting the
intervention according to risk band
£7,000
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However , the ability to achieve a  n efficient virtual ward by focussing solely
on a certain risk categories may face some practical problems:

1 The actual costs of care for high risk patients will tend to be higher as
evidence from the resource diaries indicated

1 The interventions may requir e a minimum level of activity to occupy
the staff - so there may be a lower limit to the effective size of a
ward.
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7 Discussion and recommendations

This chapter begins with a statement of our principal findings as they relate

to the nature of the virtual war d intervention, their impact on care use and
costs, as well as the limitations of our study. We then discuss a number of
implications of our findings for the organisation and practice of health care,
followed by some recommendations for future research. Fi nally, we set out
our dissemination plans for this project.

7.1 Principal findings

The primary objective of this study was to determine whether a community -
based intervention called virtual wards had an effect on un planned hospital
admission rates, and at what cost. The original description of this model of

care consisted of two linked elements, namely (i) using a predictive model

to identify people who are at high risk of future emergency hospitalization,

and (ii) offering these individuals a period of intens ive, multidisciplinary
preventive care at home using the systems, staffing and daily routines of a

hospital ward.

7.2 Nature of the "virtual wards"

Overall we found we found that all three sites had adapted the virtual ward

intervention locally, such that it differed to a gr eater or lesser degree from

the iori ginal o model descr i® Eighre Ry outlisesviseamei n 2006
of the key differences between the study sites in terms of staff inputs, use

of risk scores, patterns of prior risk and timing of the predictive risk models.

This h eterogeneity is common in the implementation of complex

interventions . Such adaptations are a reflection of the way that changes in
service delivery inevitably reflect the local environment for care , anditis
often the case that the implementation of a ne w intervention leads to a
succession of wider changes that lead to important differences in the
models of care that are actually delivered. However, differences between
the sites makes the interpretation of our evaluation results that much more
challenging .

Moreover, the nature of the intervention changed within each site over

time. For example, in one site the use of the predictive risk model was not
applied in the same way during the study period. The other two  site s did
not initially use a predicti ve model to identify virtual ward patients . Most
importantly, however, i n Croydon there were changes made to the extent to
which the virtual ward provided multidisciplinary care . Following a brief pilot
period, a model of care evolvedthatwas much closer to standard case
management from a community matron supported by an administrative

assistant rather than full multidisciplinary care management
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Figure 21. Key distinguishing features of virtual wards in the three
study sites

Croydon began with an initial pilot tha t closely followed the original virtual wards model
described by Lewis .%> However, from 2007 onwards, patients were not in fact offered
multidisciplinary case management. Instead they received standard case management

delivered by a ¢ ommunity matron supported by an administrative assistant. After the end of
the pilot, specialist community staff could only become involved in the care of virtual ward

patients by means of normal referral processes.

In Croydon, the Combined Predictive Model was used to identify potent ial virtual ward
patients. With the exception of a 12 -month period when the predictive model was not
refreshed, the intervention was offered solely according to the most recent output of this

model. Croydon offered standard ca se management at scale over a prolonged period of
time. As such, this represented an organisational commitment and investment in preventive

care for high risk patients. Compared to the other two sites, however, the involv ement of
local GPs seemed less visible in Croydon.

The length o f stay was longer in Croydon than in the other sites. One potential reason for
this Croydon had a key performance indicator (KPI) for the virtual wards always to be case
managing at least 500 patients at a time, which may have acted as a disincentive to
discharge patients.

In Wandsworth, a radically different model of care was implemented for high -risk patients,
including the creation of the virtual ward- GP

doctors in a hospital. There are several potential theoretical advantages to the VWGP role,
including the ability to review patients rapidly, to manage uncertainty, and to take a leading

role in managing all primary and com munity care services for these high -risk patients.
However, these putative advantages need to be balanced against the additional cost of
employing a GP as part of the virtual ward team.

The virtual ward staff in Wandsworth had direct access to GP clinical systems. There was also

a clear GP champion supporting the project, and social care colleagues were closely involved.
However, the virtual wards in Wandsworth accepted clinical referral s, with only a minority of
patients being identified by the PARR model as being at risk of unplanned hospitalisation.

This pragmatic approach may have helped earn and maintain the ongoing support of GP

colleagues, but it may at the same time have potential ly lessened the impact of the project if
referred patients were not at as high risk of future unplanned admission as patients with a

high predictive risk score.

project in Devon was firmly rooted in primary care, with a clear GP champion supporting the
implementation and development of virtual wards. The virtual ward had direct access to

scope of the virtual wards project was limited in Devon initially. In this study, we only

considered one virtual ward in Devon, the virtual ward in South Molton & Chulmleigh.
However, more recently the intervention has been rolled out at scale, and there are currently
over 20 virtual wards in operation across the county.

community beds and virtual ward staff in Devon had direct access to GP cl inical systems. The

(V

intensivisto, this new rol e c¢an ybtareanalbgy of mténsieelcarno s t

In Devon, after an initial pilot, all patients were identified using a predictive risk model. The

It is unfortunate that despite our efforts, we did not uncover until the detailed
interview stage that one of the case studies had morphed into standard case
manage ment. We had held a series of meetings and visits in Croydon before

submitting the preliminary funding application to the NIHR-SDO and again when

preparing our full submission. During these meetings , we were assured by the
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then Director of Nursing and othe rs that the virtual wards were maintaining

fidelity to the virtual ward model as originally described. However, this initial

information was not subsequently corroborated in the detailed interviews with

staff that were conducted as part of the economic eva luation and by the SDO

management fellow.  That said , it could be argue d our study reflects an 6i nt ent i on
to treat o6 anodrfindings maf offeea helpful caution to those tempted

to champion oO6virtual war ds detawaofsubh@programmey si der i ng
its practical implementation , and its sustained need for a champion of

multidisciplinary case management

Although our research was not designed to address the issue of why the pilot
virtual wards in Croydon morphed into stand ard case management models, we
suspect that the following factors may have played a role:

a) Unlike in Devon and Wandsworth, there were no doctors involved in the
Croydon project beyond the pilot phase to champion the multidisciplinary
model. Indeed, the fe  edback from the interview subjects at Croydon was that
the local GPs perceived the Croydon virtual wards to be a nurse -led initiative
(in contrast to the other sites, which were GP led). As a result, GPs in
Croydon tended not to engage meaningfully with th e virtual wards. This
suggests that whilst the initial set -up of a virtual wards project was multi -
disciplinary, unless the vision of multi -disciplinary case management is
embedded in the local GP culture, the commitment to this model may fall
away overti me.

b) In Croydon, the staff were resistant to holding frequent ward rounds because
when the first virtual wards opened initially, there were relatively few patients
to discuss on ward rounds so the ward rounds were of short duration. As a
result, the staf f did not appreciably adapt their working week to fit other
commitments around ward rounds and so the culture of holding ward rounds
was not fully embedded;

c) Staff in Croydon did not face any formal repercussions for failing to attend
ward rounds, and a be  havioural shift occurred away from standard case
management towards multidisciplinary care.

d) Newly appointed senior managers did not seem to embrace the
multidisciplinary = model as well the previous managers and so the support for
the multidisciplinary teams was reduced. The community matrons were
dedicated to delivering and working with other members of the
multidisciplinary team but as time progressed, this became more challenging

for them in the absence of senior managerial support for multidisciplinary
care.

e) The transition of community services into the local acute NHS trust created
further challenges for the community matrons.

f) Anewrole hadbeen createdin health visiting in Croydon to support older
people, and the GPs in the area were able to refer dire ctly to this service. The
community matrons were very clear that referrals to virtual wards  could only

be via the risk prediction tool  and this created atension  with the GPs who
were happier with the seemingly more responsive service from the older
peopleds health visiting teams.
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7.3 Impact on care use

We derived some important insights from o ur analysis of the prior use of
health and social care services for cohorts of patients on the virtual wards.
Firstly, we note the important observation that virtual ward patients had a
high and increasing level of hospital use in the months prior to the start of

the intervention. This pattern was seen in all three sites. At their peak

before the start of the intervention, patients were havin g emergency
hospital admissions at the rate of 0.8 per quarter.

The severity of these preflecieed oy tisepropottidnofess i s al

patients who died in the six months after start ing the virtual ward
intervention. This ranged from 9 per cent to 15 per cent  of virtual ward
patients depending on the case -mix at the sites.

Finally, we were surprised to see that emergency hospital activity in virtual

ward patients was highest some months before admission to a virtual ward.
This effect was stronge st in Croydon which, being the largest sample,

tended to dominate  all of our findings. However we also observed the same
phenomenon in Devon to a certain extent. Ideally, we might have hoped to

see unplanned hospital activity and predictive risk scores t 0 be at their peak
just as patients started the virtual ward intervention. However, the

apparent lag we observed suggests that there may have been some delay

between the calculation of risk scores and the start of the intervention.

This could be duetop roblems inthe way that the combined model

calculates a risk score. Alternatively, it could be a consequence of the lag in
accessing administrative data, as well as the inevitable lags in running the

model in practice and then recruiting patients to a vir tual ward.

As a result of this lag, it appeared that on average, hospital activity was
falling for virtual ward patients before they started the intervention.
However, a subgroup analysis by predicted risk stratum suggests that this
fall did not occur f  or the highest risk group of patients.

Our main analysis was based on two different approaches to creating a

matched control group, against which we performed difference -in-difference
analyses to determine the differential use of health and social care ser vices
of cases and controls.

Our analyses using local controls benefitted from the availability of very rich
dataset s, which included records of primary care, community health care

and social care provision in addition to patterns of hospital use. Howev er,
the more limited number of individuals in these local datasets meant that
we encountered problems in identifying local controls 0 particularly for high -

risk patients, where saturation of the intervention was particularly high. For

this reason, we purpose  fully excluded high risk cases from our analyses
using local data. However, we were still left with a concern that the control
groups were not completely independent of the cases.
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Given our difficulties in identifying valid controls from the local data, our
main conclusions are therefore based on our analyses using national data.

Here, we were able to select control groups that matched the intervention

groups well in terms of age, sex, prior hospital ut ilis ation, markers of
specific health needs, total n umber of chronic health conditions, an area -
level deprivation score and a prognostic score.

As an additional check on the validity of our national matches, we compared
the changes we observed in cases and controls using a difference -in-
difference approac h. Overall, we feel that the results of the national
matching represent a more reliable picture of the impact of the virtual

wards.

Based on a comparison of activity in national data for pairs of cases and
controls, our key findings were:

1 We found no ev idence of a reduction in emergency hospital admissions
for patients admitted to the virtual wards during the six months after
starting the intervention

1 We found no evidence of a reduction in ambulatory care sensitive
hospital admissions during this period

1 We did observe a reduction in elective admis sions and, particularly, in
out patient attendances in the six months after starting the
intervention, which was significant at the p<0.05 level

T We found no evidence of a reduction in hospital costs

It is worth  reiterating that these findings are dominated by the higher number
of patients from Croydon, where the intervention consisted of standard case
management rather than multidisciplinary care.

Our study was not powered to detect any differences in health an d social care
activity at the individual study sites. We did observe some differences that
were approaching statistical significance at the p<0.05 level although of

course some degree of caution is required to take account of the problem of
multiple comparisons.

Overall, the national matching was generally satisfactory, however it was by
no means perfect and so we used a difference -in-difference method to help
make more reliable comparisons. We were encouraged by the finding that

both the interventio  n and control groups had similar patterns of mortality,

and also that the month of the start of the intervention was not related to the

outcome.

The observation that virtual ward patients did not demonstrate significant

reductions in emergency admissions w ithin the six months after starting the
intervention time period is consistent with other studies of case management,

including , for example , the evaluation of the UK Evercare pilots " Medicare
Coordinated Care Demonstration ,% Medicare Health Support Experiment % and

the Partnerships for Older People Pilots 1% Overall,a 2010 review by Purdy
found that there is insufficient evidence to support many of the hospital
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avoidance interventions currently being implemented, and concluded that

case management is not effective in reducing generic hospital admissions -

although there was  some evidence that preventive hospital -at-home might do
82

SO.

The reduction in outpatient and elective activity is a more encouraging

finding. The patterns of outpatient use may be a direct result of better care
coordination if patients are less likely to attend hospital for care deemed by
the community matron to be unnecessary or superfluous. This would be
consistent with the observation that the outpatient specialty showing the

greatest fall was haematology, for example if anticoagulation clinic

appointm ents were cancelled because the community matron was able to
monitor INR results in the community.

The observed reduction in elective activity has implications for the comparison

of costs. It did not seem to be associated with any particular diagnostic

group. One explanation may be that it was in part a consequence of  reduced
outpatient activity with fewer internal referrals. Alternatively, it may be that

the virtual ward intervention led to a different, perhaps more considered,

approach to discretionary elective care. These hypotheses would require

further analysisto  be explore d in more detalil.

OQur findings are partly determined by the defi
matched control group, and are best interpreted as being relative to other

hospital -avoidance measures being implemented elsewhere for similarly high -

risk patients.

We were only able to analyse data from a certain proportion of the people

who received the virtual ward interventions. Some virtual ward patients could
not be linked to admi  nistrative data  whilst other patients were not matched

with a control, usually because they had no inpatient admission in the prior

two years. However, such patients have limited scope for reduction in

hospital admission rates in the short term since thei r expected rates are so

low in any case. Overall, we do not believe that our exclusions biased the

results away from finding a reduction in unplanned hospital admissions.

Although possible imbalances between cases and controls are a threat to the
intern al validity of our study, our ability to observe these interventions as
they developed organically, rather than in a trial setting, may increase the
generalisability of our findings. Furthermore, since we were able to analyse

data for the vast majority of virtual ward patients with a hospital history, the
probability of examining a biased sample is low.

We conclude that we found no evidence for a reduction in un planned hospital
admissions for the intervention (which was dominated by standard case

managemen tin Croydon) , after controlling for a set of variables that is

recognised as being predictive of such admissions. However we did observe
reductions in outpatient and elective activity.
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7.4 Costs

Our analysis of the costs elements of the virtual wards in th e three study
sites revealed considerable differences in the estimated costs of running the
different interventions . These ranged from £3 to £17 per virtual ward patient
per day. These differences reflect the differences in process underlying the
operati on of the virtual wards in the different sites , particularly the staff
composition at each site . Most notably in Wandsworth, where the GP role
incurred a relatively higher cost, the intervention appears to have delivered a
more comprehensive service encomp assing the entirety of primary care and
community health services.

The costs of the virtual ward could in theory have been offset by changes in

the costs of other health and social care services used by virtual ward
patients . The analysis undertaken here gives a much more comprehensive
view of the range of health and social care services used by NHS patients.

The changes we observed in health care and social care service use was
insufficient to offset the costs of the intervention. In order to have broken

even, the virtual wards would have needed to achieve a greater reduction in
emergency admission rates in the first six months after starting the

intervention.  For the virtual wards with lower running costs , this could have
been around a 10 percent fall. Incontrast, forthe more costly models, the
fall in eme rgency activity would have needed to be much greater T up to 100
per cent .

7.5 Limitations

There were a number of limitations to our study. These related to our
methods for the local and national matchi ng, the heterogeneous nature
interventions under study, the limited range of outcomes we were able to
measure - including the timescales over which we observed any differences,
and the way in which we conducted our economic evaluation.

7.6 Local level matchin g

The major limitation in terms of local matching was the problem we
encountered in finding suitably matched controls. This was partly because
of the much smaller poo | for selecting controls: there were fewer patients to
choose from.  As aresult,a relatively large number of cases were not
matched . Further, substantial differences existed between the groups after
matching, for example in terms of the number of chronic conditions and

post -intervention mortality. Perhaps more important ~ was the potential
danger that patients in the control pool had , for some unknown reason
been considered "unsuitable " for virtual ward care - in other words, that
there was some cross over between cases and controls. The direction of

bias that comes fromt  his problem cannot be easily established. The lack of
suitable controls simply means that our quasi-experimental design  may not
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