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a pragmatic difference‑in‑differences evaluation
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Abstract 

Background:  This study evaluates the effectiveness of a targeted telephone-based case management service that 
aimed to reduce ED attendance amongst frequent attenders, known to disproportionately contribute to demand. 
Evidence on the effectiveness of these services varies.

Methods:  A 24-month controlled before-and-after study, following 808 patients (128 cases and 680 controls (41 
were non-compliant)) who were offered the service in the first four months of operation within a UK ED department. 
Patients stratified as high-risk of reattending ED within 6 months by a predictive model were manually screened. 
Those positively reviewed were offered a non-clinical, nurse-led, telephone-based health coaching, consisting of care 
planning, coordination and goal setting for up to 9 months. Service effectiveness was estimated using a difference-
in-differences (DiD) analysis. Incident rate of ED and Minor Injury Unit (MIU) attendances and average length of stay in 
intervention recipients and controls over 12 months after receiving their service offer following ED attendance were 
compared, adjusting for the prior 12-month period, sex and age, to give an incidence rate ratio (IRR).

Results:  Intervention recipients were more likely to be female (63.3% versus 55.4%), younger (mean of 69 years ver-
sus 76 years), and have higher levels of ED activity (except for MIU) than controls. Mean rates fell between periods for 
all outcomes (except for MIU attendance). The Intention-to-Treat analysis indicated non-statistically significant effect 
of the intervention in reducing all outcomes, except for MIU attendances, with IRRs: ED attendances, 0.856 (95% CI: 
0.631, 1.160); ED admissions, 0.871 (95% CI: 0.628, 1.208); length of stay for emergency and elective admissions: 0.844 
(95% CI: 0.619, 1.151) and 0.781 (95% CI: 0.420, 1.454). MIU attendance increased with an IRR: 2.638 (95% CI: 1.041, 
6.680).

Conclusions:  Telephone-based health coaching appears to be effective in reducing ED attendances and admissions, 
with shorter lengths of stay, in intervention recipients over controls. Future studies need to capture outcomes beyond 
acute activity, and better understand how services like this provide added value.

Keywords:  Frequent attenders, Artificial intelligence, Predictive models, Case management, Telephone-based Health 
coaching
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Background
The past decade has seen a steady rise in demand on 
Emergency Departments (ED) across the UK and inter-
nationally [1]. In the UK, ED admissions increased by 
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42% from 4.2 to 6.0 million between 2006–18, averaging 
3.2% per year [2]. The largest increase has been in people 
aged 85 years or over (58.9%) [3].

It is estimated the increased demand is costing the 
National Health Service (NHS) £5.5 billion per year 
[3, 4], at a time when funding has not kept pace with 
historical investment rates [5], and placing signifi-
cant pressure on EDs. The importance of reducing ED 
admissions is now a national priority, with its own NHS 
performance indicators [6].

However, the wide variation in attendance and admis-
sions rates between sites suggests that many are avoid-
able [7]. NHS England have estimated that 40% of ED 
attendances and 24% of admissions are preventable [3, 4].

Studies suggest nearly two-thirds (61%) of ED attend-
ances have at least one long-term condition (LTC) man-
aged through continuous medication or treatment [2, 4]. 
For those attendances admitted for an overnight stay, one 
in three had five or more health conditions in 2015–16, 
up from one in 10 in 2005–06 [2, 4]. High intensity ED 
is also associated with high socio-economic deprivation 
and health inequalities and, across all age groups, it is 
linked with homelessness, unemployment, mental health 
conditions, drug and alcohol problems, criminality, and 
loneliness and social isolation [8].

One approach to reducing the rising tide of ED attend-
ances and admissions has been to develop interventions 
that focus on frequent ED attenders [9]. This includes 
ambulatory care sensitive conditions that are purported 
to be prevented through provision of effective com-
munity care and pro-active case management [6]. It is 
theorised that care coordination, education on chronic 
conditions and coaching can support life-style changes 
and reduce social isolation, enabling patients to bet-
ter self-manage their long-term conditions, as high use 
of acute and primary care services correlates with low 
patient activation [2]. Conversely, health coaching in peo-
ple with long-term conditions has been shown to reduce 
use of health and social care services [10]. Frequent 
attenders are often defined as people who have visited an 
ED five or more times in the previous 12-month period 
[11], but this definition is not consistent across studies.

Intervention context in UK
Evidence from two large Randomised Controlled Tri-
als (RCTs) in Sweden [10], targeting patients attending 
ED  at least 3 or more times in the previous 6  months 
(using an adaptive statistically-based screening strat-
egy), suggests that combining case management with 
telephone-based health coaching has the potential to 
reduce emergency, in-patient and outpatient care [12]. 
In the last-year cohort of the study, in-patient admission 
rates fell by 15% and 23% compared to controls. However, 

statistically significant differences in ED attendance 
rates (a 7% fall) were only seen in the Zelen-design RCT 
(which randomises patients prior to consent [13]), more 
accurately mimicking effectiveness in a clinical setting 
[12]. Outpatient care, on the other hand, saw no effect 
and, in the traditional RCT, rates actually increased by a 
statistically significant 7%.

In the UK, there has been considerable interest in 
this intervention as a means of reducing ED demand, 
using a predictive model primed with historic second-
ary care activity data to identify high-risk patients. Simi-
lar to the Swedish trials, patients identified as high-risk 
subsequently undergo manual case note screening and, 
if assessed to have had avoidable health care episodes 
and are eligible, are offered the telephone-based health 
coaching service [12]; primarily a non-medical interven-
tion (albeit nurse-led), with elements of care coordina-
tion, resources and support.

Torbay and South Devon NHS Foundation Trust (TSD 
NHS FT) was the first provider in the UK to commission 
this adapted service model, rather than opting to be part 
of an on-going UK-based RCT [14]. Although early non 
peer-reviewed results reported improved effectiveness on 
reducing ED activity [14], implementation of an interven-
tion in a non-randomised population [15] could signifi-
cantly reduce its effectiveness and impact [16]. This study 
sought to evaluate the effectiveness (rather than efficacy) 
of the service on ED activity in a real-world setting prag-
matically, using existing activity data as a control group.

Methods
Setting
Torbay and South Devon is a coastal and moorland area in 
South West of England, UK. Its population is 293,400 with 
a high proportion of older people compared to England (1 
in 4 residents are ≥ 65  years) with pockets of significant 
socio-economic need, particularly in Torbay.

Study design
A 24-month controlled, before and after study, compar-
ing patients electing to receive the intervention to those 
that did not (controls), followed up at 12  months after 
their service offer.

Population
Patients attending ED between 1 October 2018 to 31 Jan-
uary 2019, aged 18 years or older, who were predicted to 
be at high risk of attending ED within the next 6 months 
were defined as frequent attenders. Prediction was based 
on a risk score provided by an automated predictive algo-
rithm [16] primed with four years of historical of ED, 
in-patient and out-patient service use data as well as 
diagnosis codes, age, gender and discharge location. Risk 
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scores were manually screened and selected daily by the 
service after assessing their potential to benefit from care 
coordination and health coaching (using their electronic 
hospital record). Typically, this took place within a week 
of their ED attendance.

As in the Swedish studies [12] and the UK-based RCT 
[14] the service’s exclusion criteria were: diagnosis of 
dementia, a psychotic disorder and mental disorder 
caused by alcohol or drug misuse, or with terminal can-
cer within the past 12 months; a life expectancy of < 1 year 
based on the prediction model; recent (within six months) 
or planned major surgery; severe hearing loss, language 
difficulties or cognitive ability that either require an inter-
preter or not sufficient for receiving and responding to tel-
ephone counselling; no access to a telephone or pregnant.

Intervention
Intervention recipients were assigned a health naviga-
tor coach typically contacting them every 1–2  weeks 
by telephone and over a period of 6 to 9 months, during 
which they worked with the patient (using standardised 
templates) to optimise their medical treatment, nursing 
and care coordination, motivated them to improve their 
self-care and well-being (developing a joint plan with 
goal-setting). All members of the coaching team received 
two-day’s training, based on Reinius et al.’s [12] methodol-
ogy, and used a bespoke software system and weekly case 
conferences to ensure consistency and timeliness of the 
intervention. Coaching focused on understanding each 
patient’s medical and social problems and what matters 
to them. The five-membered coaching team was nurse-led 
and, although comprised a paramedic and a physician in 
addition to three nurses, no medical advice was given.

Data
Data was retrieved from the Trust’s ED IT system 
(Symphony) and Patient Administration System (PAS) 
between 1 October 2017 to 31 January 2020 for those 
offered the service. Extraction covered the period 
12  months before and after each individual’s service 
offer date.

Field codes included date of birth, sex and postcode (to 
link to Index of Multiple Deprivation (IMD) 2019 rank 
[17]), GP code, dates of ED attendance and admission 
and Minor Injuries Unit (MIU) attendance, admission 
type (non-elective and elective), discharge date and desti-
nation (including death where available). Diagnosis codes 
were not available.

The initial search identified 817 people as offered the 
service within the first 4  months of operation. After 
removing duplicate entries and null records there were 
808 people, 65 of whom died within 12  months of the 
service offer. Of the 808 offered the service, 128 actively 

took up the service offer after two invites, while 41 peo-
ple who initially refused the service, subsequently took 
up a second possible offer after representing to ED within 
12 months of their first offer. Therefore, in the Intention-
To-Treat (ITT) analysis population, 128 were added to 
the service user group. Of the 680 controls, 41 (non-
compliant controls) were considered to have received the 
intervention in the As-Treated analysis (see Fig. 1).

Outcomes
Follow-up periods lasted 12 months in the period prior to 
offering the service, and 12 months after. Length of stay 
(days) was calculated by subtracting the discharge from 
the admission date for each admission, and summed for 
all admissions in each 12-month period before and after 
the service offer for each individual.

The primary outcomes were average rates of ED attend-
ances and ED admissions (counts). Secondary outcomes 
were non-elective and elective admissions average length 
of stay (LOS) (days) and average rates of Minor Injury 
Unit (MIU) attendances. An MIU is a nurse-led, com-
munity-hospital based unit where highly-qualified and 
experienced nurses treat minor injuries between 8am-
8pm daily. Although not specifically identified as an out-
come by the commissioned service or the UK-based RCT 
[14], MIU data was included in the analysis as the local 
health system was promoting it as an alternative service 
for urgent non-life-threatening care.

Analysis
A Difference-in-Differences (DiD) analysis estimated the 
intervention effect, while adjusting for a time-invariant 
confounding bias between the comparison groups, using 
the 12-month period prior to each participant’s follow-up 
period [18]. Estimation of the DiD effect in a regression 
model accommodated further adjustment of age at base-
line and sex:

where outcome y for the ith individual from the period 
p was regressed on indicators, P for period p and inter-
vention T of the participant with estimated constant β0, 
in order to estimate the DiD coefficient, βDiD . As the out-
comes were count data and were zero-heavy, they were 
modelled by the negative binomial distribution, which 
also accommodated any over-dispersion. An offset mod-
elled follow-up periods that were truncated because of 
death or had an additional day in a leap year. The DiD esti-
mate for the coefficient, βDiD , of the interaction term was 
then exponentiated to be interpreted as an Incidence Rate 
Ratio (IRR). Analysis was exploratory and interpretation 
of the results through 95% Confidence Intervals (CIs). 

yi,p = �0 + �t .Ti + �p.Pi + �DiD .Ti .Pi + �age .age + �sex .sex + �i
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Variation in ED attendance rates were also presented by 
sex, age band and IMD 2019 enabling an assessment of 
potential confounding by key demographic and socioeco-
nomic characteristics. The complement of IRRs (1-IRR) 
was calculated to express effectiveness as a percentage.

Results
Table  1 shows that only 15.8% (128/808) of positively 
screened patients took up the service offer, with a slightly 
greater proportion of females (56.7%) than males offered 

the service. The average age of participants was 75 years 
with a standard deviation of 15  year and ranging from 
20 to 96 years. A greater proportion of females accepted 
the service offer (63.3%) compared to those that did not 
(55.4%). Intervention recipients were also younger com-
pared to the controls on average (mean age: 69y versus 
76y). There were no apparent differences between groups 
in the distribution of IMD quintiles with a greater per-
centage being in the first quintile, then third, then fourth. 
The largest proportion of the 41 controls, who switched 

Fig. 1  Data extraction, case categorisation and cohorts in the Intention-to-Treat and As-Treated Difference-in-Differences analyses

Table 1  Number and demographic characteristics of intervention recipients and controls

Key: IMD Index of Multiple Deprivation, sd Standard deviation

Characteristics Intervention Controls Total
recipients Intention-to-Treat As-Treated Non-compliant

N 128 680 639 41 808

Female: n(%) 81 (63.3) 377 (55.4) 357 (55.9) 20 (48.8) 458 (56.7)

Age: mean (sd) median [min, max] 69 (15) 71 [20,94] 76 (15) 79 [20,96] 76 (15) 79 [20,96] 74 (13) 77 [35,91] 75 (15) 78 [20,96]

Deprivation quintiles (IMD): n (%) 1—most 45 (35.2) 253 (37.2) 243 (38.0) 10 (24.4) 298 (36.9)

2 14 (10.9) 55 (8.1) 46 (7.2) 9 (22.0) 69 (8.5)

3 37 (28.9) 220 (32.4) 204 (31.9) 16 (39.0) 257 (31.8)

4 22 (17.2) 81 (11.9) 80 (12.5) 1 (2.4) 103 (12.7)

5—least 10 (7.8) 71 (10.4) 66 (10.3) 5 (12.2) 81 (10.0)

Deaths: n (%) 8 (6.3) 57 (8.4) 56 (8.8) 1 (2.4) 65 (8.0)
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to the intervention and were regarded as being in the 
service user group in the As-Treated analysis, were in 
the third IMD quintile. There was a slightly lower per-
centage of deaths in intervention recipients compared to 
controls (6.3% versus 8.4%) but not statistically different 
(X2 = 0.662; p = 0.415).

Table 2 shows that there were a greater average number 
of ED attendances and ED admissions among the interven-
tion recipients group compared to the controls in the ITT 
and As-Treated (AT) populations. In the “after” period 
when the service was offered to the intervention group, 
there were falls in the average numbers of ED attendances 
and ED admissions for both intervention recipients and 
controls (ITT and AT). However, these falls were larger in 
intervention recipients compared to controls. In contrast, 
MIU attendance in intervention recipients was lower in the 
prior period and increased after receiving the service.

The average length of stay for  ED  admissions was 
higher in services users for emergency ED  admis-
sions than controls by less than a day, but not for elec-
tive admissions which were similar. Length of stay fell 
after the service offer for both emergency and elec-
tive admissions, although the reduction was greater in 

intervention recipients compared to controls (ITT and 
AT).

Table  3 shows that the IRR for intervention recipi-
ents to controls from the DiD analysis of the ITT sam-
ple was 0.856 (95% CI: 0.631, 1.160) for ED attendance 
with no admission and 0.871 (95% CI: 0.628, 1.208) for 
an admission following an ED attendance. However, 
the incidence of attendance in MIU was significantly 
greater in the intervention recipients, being over twice 
that of the controls (ITT IRR: 2.638 (95% CI: 1.041, 
6.680)), having adjusted for the prior period. The con-
fidence intervals for the DiD estimates of attendances 
other than those at the MIU included the null IRR of 1, 
and so could not be considered statistically significant. 
For all DiD results for admissions and ED attendances, 
the As-Treated estimates, though marginally closer to 
the null IRR value of 1, were not markedly different 
from the ITT estimates.

According to the summary data, the mean length of 
stay (LOS) following elective ED admission were simi-
lar in the prior period, but there was a greater overall 
reduction of 0.16  days among the intervention recipi-
ents compared to the reduction of 0.05 days among the 

Table 2  Primary and secondary outcomes in Intervention recipients, Intention-to-Treat, As-Treated and non-complaint control cohorts

Key: ED Emergency Department, MIU Minor Injuries Unit, LOS Length of stay, sd Standard deviation; α = day case attendance at ED for tests, procedures, investigations 
typically admitted via the Acute Medical Unit (AMU) or Clinical Decision Unit (CDU) in ED

Outcomes Period Intervention 
recipients

Intention-to-Treat Controls Non-compliant Total

As-Treated All

N (n = 128) (n = 680) (n = 639) (n = 41) N = 808

mean (sd) median 
[min, max]

mean (sd) median 
[min, max]

mean (sd) median 
[min, max]

mean (sd) median 
[min, max]

mean (sd) median 
[min, max]

ED and MIU attend-
ances

Before 4.37 (5.28) 3 [ 0,43] 3.16 (3.62) 2 [ 0,57] 3.20 (3.72) 2 [ 0,57] 2.63 (1.51) 2 [ 0, 6] 3.35 (3.95) 2 [ 0,57]

(counts) After 2.70 (3.69) 2 [ 0,24] 2.06 (2.95) 1 [ 0,28] 2.04 (2.96) 1 [ 0,28] 2.41 (2.97) 1 [ 0,14] 2.16 (3.09) 1 [ 0,28]

Difference in means -1.67 (38.2%) -1.10 (34.8%) -1.16 (36.3%) -0.22 (8.4%) -1.19 (35.5%)

ED attendances 
(counts)

Before 4.21 (5.23) 3 [ 0,43] 2.92 (3.55) 2 [ 0,57] 2.96 (3.65) 2 [ 0,57] 2.27 (1.18) 2 [ 0, 5] 3.13 (3.89) 2 [ 0,57]

After 2.46 (3.59) 1 [ 0,24] 1.91 (2.88) 1 [ 0,28] 1.90 (2.89) 1 [ 0,28] 2.12 (2.85) 1 [ 0,14] 2.00 (3.01) 1 [ 0,28]

Difference in means -1.75 (41.6%) -1.01 (34.6%) -1.06 (35.8%) -0.15 (6.6%) -1.13 (36.1%)

MIU attendances 
(counts)

Before 0.16 (0.44) 0 [ 0, 2] 0.24 (0.75) 0 [ 0, 7] 0.23 (0.74) 0 [ 0, 7] 0.37 (0.94) 0 [ 0, 4] 0.23 (0.71) 0 [ 0, 7]

After 0.23 (0.86) 0 [ 0, 8] 0.15 (0.51) 0 [ 0, 6] 0.14 (0.49) 0 [ 0, 6] 0.29 (0.75) 0 [ 0, 3] 0.16 (0.58) 0 [ 0, 8]

Difference in means 0.07 (-43.8%) -0.09 (37.5%) -0.09 (39.1%) -0.08 (21.6%) -0.07 (30.4%)

ED admissions 
(counts)

Before 2.68 (2.41) 2 [ 0,14] 2.10 (1.80) 2 [ 0,22] 2.12 (1.84) 2 [ 0,22] 1.83 (1.02) 2 [ 0, 5] 2.19 (1.92) 2 [ 0,22]

After 1.73 (3.07) 1 [ 0,24] 1.48 (2.25) 1 [ 0,18] 1.48 (2.23) 1 [ 0,18] 1.46 (2.51) 0 [ 0,12] 1.52 (2.40) 1 [ 0,24]

Difference in means -0.95 (35.4%) -0.62 (29.5%) -0.64 (30.2%) -0.37 (20.2%) -0.67 (30.6%)

ED admissions (emer-
gency) LOS (days)

Before 3.49 (2.96) 3 [ 0,17] 2.60 (2.74) 2 [ 0,41] 2.63 (2.81) 2 [ 0,41] 2.10 (1.18) 2 [ 0, 6] 2.74 (2.80) 2 [ 0,41]

After 1.93 (3.16) 1 [ 0,24] 1.60 (2.36) 1 [ 0,18] 1.61 (2.34) 1 [ 0,18] 1.59 (2.67) 0 [ 0,12] 1.66 (2.50) 1 [ 0,24]

Difference in means -1.56 (44.7%) -1.00 (38.5%) -1.02 (38.8%) -0.51 (24.3%) -1.08 (39.4%)

ED admissions 
(electiveα) LOS (days)

Before 0.73 (1.30) 0 [ 0, 8] 0.73 (2.43) 0 [ 0,40] 0.73 (2.49) 0 [ 0,40] 0.68 (1.21) 0 [ 0, 5] 0.73 (2.29) 0 [ 0,40]

After 0.57 (1.05) 0 [ 0, 7] 0.68 (2.87) 0 [ 0,59] 0.70 (2.95) 0 [ 0,59] 0.39 (0.70) 0 [ 0, 3] 0.66 (2.66) 0 [ 0,59]

Difference in means -0.16 (21.9%) -0.05 (6.8%) -0.03 (4.1%) -0.29 (42.6%) -0.07 (9.6%)
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ITT controls. For the emergency ED  admissions the 
reduction in mean LOS was: 1.56 days for intervention 
recipients compared to 1.00 days for the controls.

The DiD analyses for LOS indicated a larger interven-
tion effect on elective than emergency ED  admissions, 
with mean LOS reduced by an estimated 21.9% (95%CI: 
58.0, -48.4) and 15.6% (95%CI: 38.1, -15.1) respectively. 
The DiD estimates for the As-Treated sample indicated a 
slightly larger effect of the intervention on LOS follow-
ing elective ED admission and a slightly weaker effect on 
LOS following emergency ED admission.

Discussion
This study presents the findings from a service evalua-
tion of a pro-active case-management intervention for 
frequent attenders in ED, using a pragmatic, controlled 
before-and-after design. It supports a growing body of 
observational and experimental evidence that case man-
agement approaches can help reduce ED attendance 
in frequent visitors to ED and associated, acute activity 
[19]. The findings show that, for this sample, the service 
appeared to reduce attendance rates at ED by 14–15% 
in services users over controls, although this impact was 
off-set slightly by an increase in MIU attendances. Inter-
vention recipients also had a relatively larger fall in ED 
admissions over controls by 12–13% with their length of 
stay also falling by 15.6% and 21.9% in relation to elec-
tive and emergency admissions respectively. However, 
these findings were not statistically significant, possibly 
due to under powering (for example, the UK-based RCT 
estimated 1,853 patients were required to detect a simi-
lar effect at 90% power and α = 0.048 [14]). MIU attend-
ances, on the other hand, saw an adjusted incidence rate 
double (statistically significant), albeit from a low prior 
rate. However, this represented a much lower number of 
attendances compared to ED. It is possible that interven-
tion recipients had adjusted their behaviour following 
the intervention i.e. attending MIU instead of ED as their 
first point of call. Although not specifically identified as 

an outcome by the service provider, this suggests that the 
intervention may have shifted some of the activity and 
costs elsewhere in the health and social care system—
an important consideration in future study design. The 
effect on admissions and LOS in emergency admissions 
were commensurate with that of ED attendances. How-
ever, as the effect on LOS for elective admissions was 
greater, this suggests the intervention was exerting an 
additional influence here.

Comparison with existing evidence
However, the estimates of effectiveness were considerably 
less than the percentage fall in rates after the service offer, 
which was typically between 30–40% in both interven-
tion recipients and controls across most outcomes. Since 
participants and their controls were selected according to 
the likelihood of future ED attendance, partly informed by 
past high ED attendance, the observed fall in the outcomes 
from the prior to the intervention period could be at least 
partly explained by regression to the mean, where treat-
ment allocation is based on extreme values in the prior 
or pre-test period. This phenomenon has been reported 
in other studies with similar study designs [19, 20]. Our 
study, nevertheless, observed a differential effect of the 
intervention that was consistent across all the outcomes, 
albeit not significant statistically.

The estimates of effectiveness in this study were simi-
lar to the Swedish RCTs [12], if not slightly larger for ED 
attendances, suggesting that predictive modelling guided 
screening may be performing better than the previously-
used adaptive, categorical-based approach to screening 
in Sweden.

Comparisons with other studies is challenging, not 
least as definitions of ‘frequent attenders’ are incon-
sistently used in studies [19, 21] ranging from 2 to ≥ 10 
attendances within six months, or within a year [11, 
22]. In this service, the identification process (a predic-
tive algorithm generated risk score, plus manual screen-
ing) predominantly identified lower frequency attenders 

Table 3  Incident Rate Ratios and effectiveness estimates for outcomes in the Intention-to-Treat (ITT) and As-Treated analyses

Key: ED Emergency Department, MIU Minor Injuries Unit, LOS Length of stay; * = statistically significant at 5% level

Outcomes Incidence Rate Ratio (95%CI) Effectiveness, % (95%CI)

Intention-to-Treat As-Treated Intention-to-Treat As-Treated

ED and MUI attendances (counts) 0.923 (0.687, 1.240) 0.980 (0.750, 1.280) 7.7 (31.3, -24.0) 2.0 (25.0, -28.0)

ED attendances (counts) 0.856 (0.631, 1.160) 0.918 (0.697, 1.210) 14.4 (36.9, -16.0) 8.2 (30.3, -21.0)

MIU attendances (counts) 2.638 (1.041, 6.680)* 2.093 (0.932, 4.698) -163.8 (-4.1, -568.0) -109.3 (6.8, -369.8)

ED admissions (counts) 0.871 (0.628, 1.208) 0.884 (0.657, 1.189) 12.9 (37.2, -20.8) 11.6 (34.3, -18.9)

ED admissions (emergency) LOS (days) 0.844 (0.619, 1.151) 0.870 (0.657, 1.153) 15.6 (38.1, -15.1) 13.0 (34.3, -15.3)

ED admissions (elective) LOS (days) 0.781 (0.420, 1.454) 0.702 (0.401, 1.229) 21.9 (58.0, -45.4) 29.8 (59.9, -22.9)
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(the median was 3.95) and slightly older than some other 
studies [12, 21, 23], but not atypical for frequent attenders 
in England [33]. The selection criteria may have played a 
role as it excluded people with mental health and alcohol 
and drug misuse diagnoses, often high users of ED with 
complex needs [7], requiring specialist input or knowl-
edge. These groups are associated with more positive 
study outcomes, although often requiring high intensity 
case management and multi-disciplinary team input [19, 
23]. Given that the proportion of all ED attenders screen-
ing positive was 4–5% (service data) and only one in six 
postives took up the service, far less than in the Swedish 
RCT [12] (the reasons for this were not clear), the scope 
of this intervention to significantly impact on overall ED 
activity might be limited.

With the exception of Australian [24] and Swedish trials 
[12], other studies assessing pro-active case management 
interventions were based in the USA, and thus operating in 
a different health system context. Nevertheless, one of these 
studies also assessed a decision support programme to help 
identify high attenders [25]. A controlled before-and-after 
evaluation showed a larger effect than in our study, despite 
the service not including goal setting or coaching [25].

Predictive modelling and artificial intelligence algo-
rithms are increasingly being used to predict high users 
of other services, for example, exacerbations in COPD 
[26] or risk of falls [27]. A recent review of case manage-
ment interventions identified access to and close part-
nerships with local healthcare providers and community 
resources as key to their success [23], with some predic-
tive models now factoring in the degree of integration of 
service providers [28], neighbourhood characteristics, 
and levels of socio-economic need [29]. Recent studies of 
ED attendance also confirm that socio-economic status, 
mental health and multiple comorbidities [2, 7, 30] often 
result in complex bio-psycho-social problems which, 
in turn, can lead to high attendance [31]. In this study, 
mortality was 8% (65/808), suggesting the algorithm’s 
prediction of life expectancy < 1  year was not strong, as 
mortality was higher than studies in Sweden (although 
not elsewhere [21]), and it may be picking up people for 
whom multiple healthcare attendances is appropriate. 
Thus, more multi-site research is required to identify 
what data may improve the specificity of identifying peo-
ple at risk of re-attending ED as well as those that stand 
to benefit most from pro-active case management. This 
would likely improve the cost-effectiveness, impact and 
potential scalability of these services.

Strengths and limitations of the study
This was a pragmatic, low cost, controlled before-and-
after evaluation [32], based on clear selection criteria, 
with a reasonably-sized cohort and length of follow-up 

period [19]. As such, it reported on the effectiveness of 
the service in a real-world setting and cohort, rather than 
what might be reported from a sample of services users 
selecting to take part in an RCT.

Nevertheless, it was small relative to the size of the 
Swedish RCTs [12]. Evaluating the service beyond the first 
four months of operation, may have improved the study’s 
precision and performance of the predictive model (which 
also experienced some set-up problems), but was not pos-
sible due to commissioning arrangements and COVID-19 
skewing outcomes data. While intervention recipients 
and controls also had slightly different characteristics in 
relation to sex and, in particular, age, a known predictor of 
ED attendance [33], these were controlled for in the analy-
sis. However, as diagnostic codes were not available it is 
possible that the differences in outcomes seen could be 
explained by differential disease profiles (type or change 
in seriousness over time) between participant and con-
trols, if the disease modifies the intervention effect [34]. 
The IRR estimates rested on the assumption that these 
and other characteristics between the two groups did not 
differ between the prior and prospective study periods. 
The DiD analysis also assumed that the trend in the inter-
vention group would have been paralleled in the controls, 
had the intervention not been applied. This is an untesta-
ble assumption, although all lengths of stay and admission 
counts both exhibited a downward trend from the prior to 
the study period. An alternative approach to data analysis 
could be afforded by considering the times between ED 
attendances, rather than the frequency of these over time, 
and adjusting for confounding using a before-and-after 
method applicable to time-to-event data, the prior event 
rate ratio method [18]. However, as well as invoking some 
extra assumptions, this would also require further data 
on event times and by having to extend this to sequential 
events, the results may offer a less intuitive insight than 
those from the DiD design used in this study. Finally, the 
analysis assumed that there are no other interventions 
being implemented concurrently that might have con-
founded the study findings.

Conclusion
Telephone-based health coaching using a predictive AI 
algorithm appears to be moderately effective in reducing 
ED attendances, admissions and length of stay, but has 
a small impact on overall ED activity. Studies and service 
evaluations need to consider historic patterns of frequent 
attendances in their design to provide realistic assess-
ments of service impact and added value. Pragmatic, 
study designs using existing service data, can be helpful in 
informing policy, practice and academia and more appro-
priately reflect the implementation of policies and services 
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under real-world conditions, albeit with the inherent limi-
tations of the data.

Acknowledgements
Thanks to the following people for which this evaluation would not have been 
possible: Jenny Turner, Devon CCG; Stephen Judd at TSDFT; Nicki Goodwin, An 
Nguyen and Joachim Werr and the rest of the team at Health Navigators Ltd.
This report is independent research supported by the National Institute for 
Health Research Applied Research Collaboration South West Peninsula. The 
views expressed in this publication are those of the authors and not neces-
sarily those of the National Institute for Health Research or the Department of 
Health and Social Care.

Authors’ contributions
This study was conceived and designed by JE, FG and SM6. Data extraction 
and collation was by SM5 and JE, statistical analysis by AD and JE, with data 
interpretation by JE, FG, AS, SM5 and SM6. Writing was by JE, FG, AS with input 
from SM5 and SM6. The authors read and approved the final manuscript.

Funding
This evaluation was funded South Devon and Torbay Clinical Commissioning 
Group (SDTCCG).

Availability of data and materials
The dataset analysed in this study is not publicly available as this was a service 
evaluation and the Caldicott Guardian (Information Governance lead) at 
TSDFT only gave permission to process the data in a secure, anonymised 
format, not to share it.

Declarations

Ethics approval and consent to participate
Ethical approval was granted by the NHS Health Research Authority on 18 
October 2017 (IRAS project ID: 208147) permitting internal service evaluations 
to be used as a secondary data source for research purposes. All methods 
were performed in accordance with the relevant guidelines and regulations. 
Individual informed consent was sought from all intervention recipients (and/
or their legal guardians) by the service team, and an information governance 
agreement facilitated data sharing for purposes of service delivery (algorithm 
feeds), improvement and evaluation, all in accordance with the General Data 
Protection Regulation (GDPR) 2018.

Consent for publication
All authors have read and approved the final manuscript and agree with its 
submission to BMC Health Services Research.

Competing interests
The authors had no competing interests.

Author details
1 Torbay and South Devon NHS Foundation Trust (TSDFT), Torbay, UK. 
2 Community and Primary Care Research Group, Faculty of Health, University 
of Plymouth, Plymouth, UK. 3 Medical Statistics, Faculty of Health, University 
of Plymouth, Plymouth, UK. 4 Institute for Epidemiology and Social Medicine, 
University of Münster, Münster, Germany. 5 Planning and Performance, Torbay 
and South Devon, NHS Foundation Trust (TSDFT), Torquay, UK. 6 Quality 
Improvement, Torbay and South Devon, NHS Foundation Trust (TSDFT), 
Torquay, UK. 

Received: 20 January 2022   Accepted: 28 July 2022

References
	1.	 Bobrovitz N, Onakpoya I, Roberts N, et al. Protocol for an overview of system-

atic reviews of interventions to reduce unscheduled hospital admissions 
among adults. BMJ Open. 2015;5(8): e008269. https://​doi.​org/​10.​1136/​
bmjop​en-​2015-​008269.

	2.	 The Health Foundation. Briefing: Reducing emergency admissions: 
unlocking the potential of people to better manage their long-term 
conditions, 2018. Available from:  https://​www.​health.​org.​uk/​sites/​defau​lt/​
files/​Reduc​ing-​Emerg​encyA​dmiss​ions-​long-​term-​condi​tions-​brief​ing.​pdf. 
Accessed 28 July 2022.

	3.	 The Health Foundation. Briefing: Emergency hospital admissions in 
England: which may be avoidable and how? 2018. Available from: https://​
www.​health.​org.​uk/​sites/​defau​lt/​files/​Reduc​ing-​Emerg​ency-​Admis​sions-​
long-​term-​condi​tions-​brief​ing.​pdf. Accessed 28 July 2022.

	4.	 NHS England. A&E Attendances and Emergency Admissions 2017–18. 
NHS England; 2019. Available from: https://​www.​engla​nd.​nhs.​uk/​stati​
stics/​stati​stical-​work-​areas/​ae-​waiti​ng-​times-​and-​activ​ity/​ae-​atten​
dances-​andem​ergen​cy-​admis​sions-​2017-​18. Accessed 28 July 2022.

	5.	 Kings Fund. The NHS budget and how it has changed. The NHS in a 
nutshell series; 2020.  Available from: https://​www.​kings​fund.​org.​uk/​proje​
cts/​nhs-​in-a-​nutsh​ell/​nhs-​budget. Accessed 28 July 2022.

	6.	 NHS England. What actions could be taken to reduce emergency admis-
sions? 2014. Available from: https://​www.​engla​nd.​nhs.​uk/​wp-​conte​nt/​
uploa​ds/​2014/​03/​red-​acsc-​em-​admis​sions.​pdf. Accessed 28 July 2022.

	7.	 National Audit Offfice. Reducing emergency admissions. Report by the 
Comptroller and Auditor General. Department of Health & Social Care, 
NHS England; 2018. Available from: https://​www.​nao.​org.​uk/​wp-​conte​
nt/​uploa​ds/​2018/​02/​Reduc​ing-​emerg​ency-​admis​sions.​pdf. Accessed 28 
July 2022.

	8.	 British Red Cross. Nowhere else to turn. Exploring high intensity use 
of Accident and Emergency services. Summary report 2021. Available 
from: https://​www.​redcr​oss.​org.​uk/-/​media/​docum​ents/​about-​us/​hiu_​
report_​nov20​21_​aw2.​pdf?​la=​en&​hash=​16A7E​F0183​AF826​14147​C3CB1​
11739​6C8C1​8CBC5. Accessed 28 July 2022.

	9.	 Jacob R, Wong ML, Hayhurst C, et al. Designing services for frequent 
attenders to the emergency department: a characterisation of this 
population to inform service design. Clin Med (Lond). 2016;16(4):325–9. 
https://​doi.​org/​10.​7861/​clinm​edici​ne.​16-4-​325.

	10.	 Sforzo GA, Kaye MP, Todorova I, Harenberg S, Costello K, Cobus-Kuo L, 
Faber A, Frates E, Moore M. Compendium of the Health and Wellness 
Coaching Literature. Am J Lifestyle Med. 2018;12:436–47.

	11.	 Royal College of Emergency Medicine. Frequent Attenders in the 
Emergency Department. Best Practice Guideline; 2017. Available from: 
https://​www.​rcem.​ac.​uk/​docs/​RCEM%​20Gui​dance/​Guide​line%​20-%​
20Fre​quent%​20Att​enders%​20in%​20the%​20ED%​20(Aug%​20201​7).​pdf. 
Accessed 28 July 2022.

	12.	 Edgren G, Anderson J, Dolk A, et al. A case management intervention tar-
geted to reduce healthcare consumption for frequent Emergency Depart-
ment visitors: results from an adaptive randomized trial. Eur J Emerg Med. 
2015;23(5):344–50. https://​doi.​org/​10.​1097/​MEJ.​00000​00000​000280.

	13.	 Zelen M. A new design for randomized clinical trials. N Engl J Med. 
1979;300(22):1242–5. https://​doi.​org/​10.​1056/​NEJM1​97905​31300​2203.

	14.	 Sherlaw-Johnson C, Jones T, Werr J. Randomised trial on AI-guided 
Urgent Care prevention First presentation of preliminary results. London: 
Health Navigators; 2019.

	15.	 Deaton A, Cartwright N. Understanding and misunderstanding rand-
omized controlled trials. Soc Sci Med. 2018;210:2–21. https://​doi.​org/​10.​
1016/j.​socsc​imed.​2017.​12.​005.

	16.	 Health Foundation. Perspectives on context. A selection of essays 
considering the role of context in successful quality improvement; 2014. 
Available from: https://​www.​health.​org.​uk/​publi​catio​ns/​persp​ectiv​es-​on-​
conte​xt. Accessed 28 July 2022.

	17.	 National Statistics. English indices of deprivation 2019. Statistics on 
relative deprivation in small areas in England. Ministry of Housing, Com-
munities & Local Government; 2019. Available from: https://​www.​gov.​uk/​
gover​nment/​stati​stics/​engli​sh-​indic​es-​of-​depri​vation-​2019. Accessed 28 
July 2022.

	18.	 Streeter AJ, Xuan Lin N, Crathorne L, et al. Adjusting for unmeasured 
confounding in nonrandomized longitudinal studies: a methodological 
review. J Clin Epidemiol. 2017;87:23–34. https://​doi.​org/​10.​1016/j.​jclin​epi.​
2017.​04.​022.

	19.	 Korczak V, Shanthosh J, Jan S, et al. Costs and effects of interventions tar-
geting frequent presenters to the emergency department: a systematic 
and narrative review. BMC Emerg Med. 2019;19(1):83.

https://doi.org/10.1136/bmjopen-2015-008269
https://doi.org/10.1136/bmjopen-2015-008269
https://www.health.org.uk/sites/default/files/Reducing-EmergencyAdmissions-long-term-conditions-briefing.pdf
https://www.health.org.uk/sites/default/files/Reducing-EmergencyAdmissions-long-term-conditions-briefing.pdf
https://www.health.org.uk/sites/default/files/Reducing-Emergency-Admissions-long-term-conditions-briefing.pdf
https://www.health.org.uk/sites/default/files/Reducing-Emergency-Admissions-long-term-conditions-briefing.pdf
https://www.health.org.uk/sites/default/files/Reducing-Emergency-Admissions-long-term-conditions-briefing.pdf
https://www.england.nhs.uk/statistics/statistical-work-areas/ae-waiting-times-and-activity/ae-attendances-andemergency-admissions-2017-18
https://www.england.nhs.uk/statistics/statistical-work-areas/ae-waiting-times-and-activity/ae-attendances-andemergency-admissions-2017-18
https://www.england.nhs.uk/statistics/statistical-work-areas/ae-waiting-times-and-activity/ae-attendances-andemergency-admissions-2017-18
https://www.kingsfund.org.uk/projects/nhs-in-a-nutshell/nhs-budget
https://www.kingsfund.org.uk/projects/nhs-in-a-nutshell/nhs-budget
https://www.england.nhs.uk/wp-content/uploads/2014/03/red-acsc-em-admissions.pdf
https://www.england.nhs.uk/wp-content/uploads/2014/03/red-acsc-em-admissions.pdf
https://www.nao.org.uk/wp-content/uploads/2018/02/Reducing-emergency-admissions.pdf
https://www.nao.org.uk/wp-content/uploads/2018/02/Reducing-emergency-admissions.pdf
https://www.redcross.org.uk/-/media/documents/about-us/hiu_report_nov2021_aw2.pdf?la=en&hash=16A7EF0183AF82614147C3CB1117396C8C18CBC5
https://www.redcross.org.uk/-/media/documents/about-us/hiu_report_nov2021_aw2.pdf?la=en&hash=16A7EF0183AF82614147C3CB1117396C8C18CBC5
https://www.redcross.org.uk/-/media/documents/about-us/hiu_report_nov2021_aw2.pdf?la=en&hash=16A7EF0183AF82614147C3CB1117396C8C18CBC5
https://doi.org/10.7861/clinmedicine.16-4-325
https://www.rcem.ac.uk/docs/RCEM%20Guidance/Guideline%20-%20Frequent%20Attenders%20in%20the%20ED%20(Aug%202017).pdf
https://www.rcem.ac.uk/docs/RCEM%20Guidance/Guideline%20-%20Frequent%20Attenders%20in%20the%20ED%20(Aug%202017).pdf
https://doi.org/10.1097/MEJ.0000000000000280
https://doi.org/10.1056/NEJM197905313002203
https://doi.org/10.1016/j.socscimed.2017.12.005
https://doi.org/10.1016/j.socscimed.2017.12.005
https://www.health.org.uk/publications/perspectives-on-context
https://www.health.org.uk/publications/perspectives-on-context
https://www.gov.uk/government/statistics/english-indices-of-deprivation-2019
https://www.gov.uk/government/statistics/english-indices-of-deprivation-2019
https://doi.org/10.1016/j.jclinepi.2017.04.022
https://doi.org/10.1016/j.jclinepi.2017.04.022


Page 9 of 9Elston et al. BMC Health Services Research         (2022) 22:1038 	

•
 
fast, convenient online submission

 •
  

thorough peer review by experienced researchers in your field

• 
 
rapid publication on acceptance

• 
 
support for research data, including large and complex data types

•
  

gold Open Access which fosters wider collaboration and increased citations 

 
maximum visibility for your research: over 100M website views per year •

  At BMC, research is always in progress.

Learn more biomedcentral.com/submissions

Ready to submit your researchReady to submit your research  ?  Choose BMC and benefit from: ?  Choose BMC and benefit from: 

	20.	 Martin C, Hinkley N, Stockman K, et al. Capitated telehealth coaching 
hospital readmission service in Australia: pragmatic controlled evaluation. 
J Med Internet Res. 2020;22(12):e18046.

	21.	 Moe J, Kirkland SW, Rawe E, Ospina MB, Vandermeer B, Campbell S, Rowe 
BH. Effectiveness of interventions to decrease emergency department 
visits by adult frequent users: a systematic review. Acad Emerg Med. 
2017;24(1):40–52. https://​doi.​org/​10.​1111/​acem.​13060.

	22.	 Shukla DM, Faber EB, Sick B. Defining and characterizing frequent attend-
ers: systematic literature review and recommendations. J Patient Cent Res 
Rev. 2020;7(3):255–64.

	23.	 Hudon C, Chouinard MC, Pluye P, et al. Characteristics of case manage-
ment in primary care associated with positive outcomes for frequent 
users of health care: a systematic review. Ann Fam Med. 2019;17(5):448–
58. https://​doi.​org/​10.​1370/​afm.​2419.​(1544-​1717(Elect​ronic)).

	24.	 Grimmer-Somers K, Johnston K, Somers E, et al. A holistic client-cen-
tred program for vulnerable frequent hospital attenders: cost efficien-
cies and changed practices. Aust NZ J Public Health. 2010;34:609–12. 
https://​doi.​org/​10.​1111/j.​1753-​6405.​2010.​00616.x.

	25.	 Navratil-Strawn JL, Hawkins K, Wells TS, et al. An emergency room deci-
sion-support program that increased physician office visits, decreased 
emergency room visits, and saved money. Popul Health Manag. 
2014;17(5):257–64. https://​doi.​org/​10.​1089/​pop.​2013.​0117.

	26.	 Arostegui I, Legarreta MJ, Barrio I, et al. A computer application to predict 
adverse events in the short-term evolution of patients with exacer-
bation of chronic obstructive pulmonary disease. JMIR Med Inform. 
2019;7(2):102–13. https://​doi.​org/​10.​2196/​10773.

	27.	 Patterson BW, Engstrom CJ, Sah V, et al. Training and interpreting machine 
learning algorithms to evaluate fall risk after emergency department 
visits. Med Care. 2019;57(7):560–6. https://​doi.​org/​10.​1097/​MLR.​00000​
00000​001140.

	28.	 Ostovari M, Yu D. Impact of care provider network characteristics on 
patient outcomes: Usage of social network analysis and a multi-scale 
community detection. PLoS ONE. 2019;14(9):e0222016. https://​doi.​org/​
10.​1371/​journ​al.​pone.​02220​16.

	29.	 Bozigar M, Lawson A, Pearce J, et al. A geographic identifier assignment 
algorithm with Bayesian variable selection to identify neighborhood fac-
tors associated with emergency department visit disparities for asthma. 
Int J Health Geogr. 2020;19(1):9. https://​doi.​org/​10.​1186/​s12942-​020-​
00203-7.​Errat​um.​In:​IntJH​ealth​Geogr​2020;​19(1):​17.

	30.	 Saini P, McIntyre J, Corcoran R, et al. Predictors of emergency department 
and GP use among patients with mental health conditions: a public 
health survey. Br J Gen Pract. 2019;70(690):e1–8. https://​doi.​org/​10.​3399/​
bjgp1​9X707​093.

	31.	 Uí-Bhroin S, Kinahan J, Murphy A. Profiling frequent attenders at an 
inner city emergency department. Ir J Med Sci. 2019;188:1013–9. 
https://​doi.​org/​10.​1007/​s11845-​019-​01964-2.

	32.	 Health Foundation, 2019. Untapped potential: Investing in health and 
care data analytics.  Available from: https://​www.​health.​org.​uk/​publi​
catio​ns/​repor​ts/​untap​ped-​poten​tial-​inves​ting-​in-​health-​and-​care-​data-​
analy​tics. Accessed 28 July 2022.

	33.	 Greenfield G, Blair M, Aylin PP, et al. Frequent attendances at emer-
gency departments in England. Emerg Med J. 2020;37(10):597–9. 
https://​doi.​org/​10.​1136/​emerm​ed-​2018-​208189.

	34.	 Daw JR, Hatfield LA. Matching and regression to the mean in 
difference-in-differences analysis. Health Serv Res. 2018;53:4138–56. 
https://​doi.​org/​10.​1111/​1475-​6773.​12993.

Publisher’s Note
Springer Nature remains neutral with regard to jurisdictional claims in pub-
lished maps and institutional affiliations.

https://doi.org/10.1111/acem.13060
https://doi.org/10.1370/afm.2419.(1544-1717(Electronic))
https://doi.org/10.1111/j.1753-6405.2010.00616.x
https://doi.org/10.1089/pop.2013.0117
https://doi.org/10.2196/10773
https://doi.org/10.1097/MLR.0000000000001140
https://doi.org/10.1097/MLR.0000000000001140
https://doi.org/10.1371/journal.pone.0222016
https://doi.org/10.1371/journal.pone.0222016
https://doi.org/10.1186/s12942-020-00203-7.Erratum.In:IntJHealthGeogr2020;19(1):17
https://doi.org/10.1186/s12942-020-00203-7.Erratum.In:IntJHealthGeogr2020;19(1):17
https://doi.org/10.3399/bjgp19X707093
https://doi.org/10.3399/bjgp19X707093
https://doi.org/10.1007/s11845-019-01964-2
https://www.health.org.uk/publications/reports/untapped-potential-investing-in-health-and-care-data-analytics
https://www.health.org.uk/publications/reports/untapped-potential-investing-in-health-and-care-data-analytics
https://www.health.org.uk/publications/reports/untapped-potential-investing-in-health-and-care-data-analytics
https://doi.org/10.1136/emermed-2018-208189
https://doi.org/10.1111/1475-6773.12993

