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Abstract
Objectives To test the effect of a telephone health coaching service
(Birmingham OwnHealth) on hospital use and associated costs.

Design Analysis of person level administrative data.
Difference-in-difference analysis was done relative to matched controls.

Setting Community based intervention operating in a large English city
with industry.

Participants 2698 patients recruited from local general practices before
2009 with heart failure, coronary heart disease, diabetes, or chronic
obstructive pulmonary disease; and a history of inpatient or outpatient
hospital use. These individuals were matched on a 1:1 basis to control
patients from similar areas of England with respect to demographics,
diagnoses of health conditions, previous hospital use, and a predictive
risk score.

Intervention Telephone health coaching involved a personalised care
plan and a series of outbound calls usually scheduled monthly. Median
length of time enrolled on the service was 25.5 months. Control
participants received usual healthcare in their areas, which did not include
telephone health coaching.

Main outcome measures Number of emergency hospital admissions
per head over 12 months after enrolment. Secondary metrics calculated
over 12 months were: hospital bed days, elective hospital admissions,
outpatient attendances, and secondary care costs.

Results In relation to diagnoses of health conditions and other baseline
variables, matched controls and intervention patients were similar before
the date of enrolment. After this point, emergency admissions increased
more quickly among intervention participants than matched controls
(difference 0.05 admissions per head, 95% confidence interval 0.00 to
0.09, P=0.046). Outpatient attendances also increased more quickly in
the intervention group (difference 0.37 attendances per head, 0.16 to
0.58, P<0.001), as did secondary care costs (difference £175 per head,
£22 to £328, P=0.025). Checks showed that we were unlikely to have
missed reductions in emergency admissions because of unobserved
differences between intervention and matched control groups.

Conclusions The Birmingham OwnHealth telephone health coaching
intervention did not lead to the expected reductions in hospital admissions
or secondary care costs over 12months, and could have led to increases.
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Introduction
Facing rising costs, healthcare systems around the world are
exploring innovative ways to improve efficiency. Particular
attention has been placed on the use of technology to help
manage long term health conditions,1 including one-to-one
telephone health coaching. This involves a regular series of
phone calls between patient and health professional. The calls
aim to provide support and encouragement to the patient and
promote healthy behaviours such as treatment control, healthy
diet, physical activity and mobility, rehabilitation, and good
mental health.2 The hope is that the patient will maintain their
own health more independently, and that the professional and
patient will be in a better position to identify problems before
they become critical. In turn, admissions to hospital may be
prevented.3Avoidable hospital admissions are both undesirable
for the patient and expensive for the payer.
In a systematic review of telephone health coaching for people
with long term conditions, only nine of 34 studies investigated
effects on health service use.2 Four studies showed effects in
this area, but findings were hard to generalise because the studies
looked at a range of different health conditions, had relatively
small samples (the average sample was fewer than 360 people),
and included interventions that were heterogeneous. Five of the
nine interventions included telemonitoring of vital signs such
as blood pressure alongside telephone coaching. Since the
review, other larger studies have been conducted.
Wennberg and colleagues conducted a large randomised
controlled trial of 174 120 patients with employer based health
insurance.4 The intervention was given to patients who were at
high predictive risk (for example, of future hospital costs), with
a lower risk threshold used in one treatment group than in the
other. The researchers concluded that telephone care
management reduced hospital admissions overall and among
patients with selected long term conditions (heart failure,
coronary artery disease, chronic obstructive pulmonary disease,
diabetes, and asthma), although there was no statistically
significant effect on the subset of admissions that came through
the emergency room. Among the subgroup of patients with long
term conditions, overall medical and pharmacy costs were $51
(£33.8; €38.8) per month lower in themore aggressively targeted
group than the other. Their intervention did not include
telemonitoring, but it did include an element of shared decision
making for “preference sensitive conditions” (for example, with
regards to treatment options for arthritis of the hip). The shared
decision making could be largely responsible for the
intervention’s effect on admissions that did not come through
the emergency room.5

Further, Lin and colleagues studied telephone health coaching
for 874 US Medicaid members of working age (range 18-64
years, mean 45.3) with at least one of 10 qualifying long term
conditions and at least two acute hospital admissions or
emergency department visits within a 12 month period.6 Their
intervention relied solely on phone calls and mailed educational
materials. Health coaches provided information on conditions
and treatment options, empowered patients to self manage and
self monitor their conditions, and encouraged patients to
communicate their preferences to providers. Compared with a
matched control group, the authors found no effects on hospital
use and expenditures over one year. However, over two years,
the number of emergency department visits reduced by a smaller
amount for intervention patients than for matched controls,
leading to a relative 20% increase in emergency department
visits for intervention patients. Findings over one year were

later reproduced in a randomised controlled trial among
Medicaid patients.7

There is continued interest in telephone health coaching with
several providers, but the evidence base is unclear. As only a
limited number of large studies have examined the effects on
hospital use and have produced contradictory findings,4 6 more
information is needed to understand the elements that make up
a successful service.Wewere commissioned by the Department
of Health in 2010 to evaluate the effect of England’s largest
example of telephone health coaching (BirminghamOwnHealth)
on hospital use and associated costs. Previous evaluations of
BirminghamOwnHealth had shown that patients had high levels
of satisfaction and believed that the service reduced their need
to go to hospital.8 In addition, a study showed reductions in
levels of glycated haemoglobin (HbA1c), blood pressure, and
body mass index among a subset of patients with poorly
controlled diabetes.9 We present estimates of the effect of the
Birmingham OwnHealth service on hospital admissions and
associated costs. The service was decommissioned in 2012 after
a consultation exercise.10

Methods
In summary, a retrospective design was used to assess the effects
of an existing service. Matched controls aimed to reflect the
changes in hospital use that can occur over time even without
an intervention.11 12

Intervention, including patient recruitment
BirminghamOwnHealth was established in 2006 in a large city
with industry. This area had health inequalities and some parts
with high deprivation. Birmingham OwnHealth aimed to
improve self care strategies, improve clinical indicators, and
reduce health service use.3

The service targeted people with heart failure, coronary heart
disease, diabetes, or chronic obstructive pulmonary disease.
Inclusion criteria were all of the following:

• A recorded diagnosis of one of the targeted conditions
• A minimum level of disease severity (for example,
HbA1c>7.4 in the past 15 months)3

• Age 18 or older
• Ability to communicate on the telephone
• A recorded address and practice registration.

Potentially eligible patients were identified through analysis of
data extracts sourced from the participating general practices.
Summary files were then reviewed and ratified by general
practitioners. General practitioners applied additional clinical
judgment in determining which patients to refer into the
BirminghamOwnHealth service, based on a set of consideration
factors. These factors included comorbidities under active
treatment, personality and mental health problems, and life
circumstances such as pregnancy. General practice staff sent an
introductory letter to the selected patients, which was followed
by a phone call by a representative from Birmingham
OwnHealth.
Once enrolled, patients (who were known as “members”) were
assigned a care manager, who were specially trained nurses
employed by NHS Direct. General practice data were also
transferred onto the operational systems used by Birmingham
OwnHealth. During the programme, care managers followed
five fundamental steps: assessment, recommendation, follow-up,
ongoing management, and review.
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Care managers made regular telephone calls to patients. These
calls were usually made monthly at a predetermined date and
time to suit the user, although a minority of patients received
calls more frequently (two to four times per month) owing to
disease severity, social isolation, or severe weather. As the
number of members grew, some members were stepped down
(or “graduated”) to quarterly calls. During the telephone calls,
care managers asked patients about current health status and
symptoms, and recorded this information along with other
information such as recent test results and changes to treatment.
Care managers then gave personalised guidance and support,
aiming to build continuing relationships with patients and
provide motivation, skills, and knowledge to encourage patients
to better manage their health conditions. The calls focussed on
eight priorities in care management—namely, to ensure that
patients were able to do all of the following:

• Know how and when to get help for health and social care
problems

• Learn about their condition, and agree and set treatment
goals within a personalised care plan

• Take medicines correctly
• Get recommended tests and services
• Act to keep the condition in good control
• Learn how to make changes to lifestyle and circumstances
to reduce risks

• Build on strengths and overcome obstacles, while
strengthening personal social networks

• Follow up with specialists and appointments.
Calls were structured into modules focussing on each of these
priorities, and used screen prompted algorithms to structure the
conversation. The software prompted care managers to follow
guidelines in each priority area (for example, provide basic
information about treatment). Care managers, however, were
not constrained to follow protocols. Additional educational
materials could be sent to patients.
Care managers aimed to coordinate input across services, for
example, when developing personalised care plans, and could
refer patients onto existing services such as mental health
services and social care. General practitioners were offered
monthly phone calls and quarterly meetings with their assigned
care manager to discuss patients. The service was set up to
provide proactive calls to patients rather than act as a phone-in
service, and inbound calls were less common, comprising about
5% of calls.

Study populations
Study participants were enrolled in Birmingham OwnHealth
between the time the intervention commenced in April 2006
and December 2008. This cut-off period was chosen to ensure
sufficient time to follow-up for at least 12 months when this
study was commissioned. The service provider identified all
such patients recorded in their operational datasets, from which
we excluded those without a record of inpatient or outpatient
hospital use in the three years before enrolment. Because the
matching variables came from hospital data, we could not
accurately characterise patients without previous hospital
activity. However, we would expect these excluded patients to
have low future levels of hospital use,11 and therefore represent
little potential to reduce hospital costs over 12 months.
The large size of the service reduced the scope to find matched
controls locally, and there may have been spillover effects.
Therefore, we selected several comparable areas within England

to provide a pool of potential matched controls. Four of these
areas (Bradford and Airedale, Sandwell, Stoke, and
Wolverhampton) were drawn from a national area
classification,13 which were similar to the intervention area in
terms of demography; occupational mix; and rates of education,
occupation, limiting long term illness, and unpaid care. We also
included Walsall, which was commonly used as a comparator
by the Primary Care Trust that commissioned Birmingham
OwnHealth. We checked that a similar health coaching service
via telephone had not operated in the selected areas, using
internet searches and discussions with colleagues. As a result,
we excluded parts of Walsall from the pool.

Study endpoints and sample size calculation
Our primary endpoint was the number of urgent and unplanned
(“emergency”) hospital admissions per head over 12 months.
Our hypothesis was that the service could alter rates of
emergency admissions in either direction. Increases in
emergency admissions have been suggested by studies of other
types of interventions involving patient outreach in England.14

We performed a sample size calculation at the outset of the
study to check that we were likely to have data for a sufficient
number of patients to produce meaningful conclusions. We
thought it important to detect relative changes of 15% should
they occur, based on the level of effect judged as meaningful
in similar studies,15 at 90% power and with two sided P=0.05.
Annual admission rates for the usual care group were assumed
to be 0.25 per person with a standard deviation of 0.4.16
Calculations were performed in SAS 9.3, and assumed a
correlation of 0.15 between the number of admissions for
intervention and matched control patients. Based on these
assumptions, 2035 intervention patients were needed.
Secondary endpoints calculated over 12 months included the
number of planned (“elective”) hospital admissions, number of
hospital bed days, number of attendances for hospital based
ambulatory care (“outpatient attendances”), and costs of
secondary care.

Data sources and data linkage
The service providers had access to identifiable data for
participants, including a national patient identifier (the “NHS
number”), sex, date of birth, and postcode. These data were
transferred to the NHS Information Centre for health and social
care who used them to link participants to national
administrative data for secondary care activity (the hospital
episode statistics (HES)).16 The data linkage required an exact
or partial match on several of the variables at once. After the
data had been linked, the HES identity was transferred to the
evaluation team together with the date of patient enrolment into
Birmingham OwnHealth, year of birth, sex, and small
geographical area code. As a result, we only had access to
“pseudonymised” data in which all identifiable fields had been
removed or encrypted. The ethics and confidentiality committee
of the National Information Governance Board confirmed that
data could be linked in this way without explicit patient consent.

Variable definitions
For intervention patients, study endpoints were calculated over
12 months after the date of enrolment into Birmingham
OwnHealth. Formatched controls, we used the date of enrolment
for the corresponding intervention patient. Variables were
therefore calculated over the same period for matched pairs as
for intervention patients.
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Analysis of inpatient activity was limited to “ordinary
admissions” by excluding regular ward attendances, maternity
events, and transfers. Admissions were then classified into either
emergency or elective admissions, based on the method of
admission. Bed days included stays after emergency admission
only and excluded same day admissions and discharges.
Secondary care costs included inpatient and outpatient costs.
They were estimated by applying a set of unit costs specific to
the case mix,17 which represented the tariff amounts that
providers were allowed to charge commissioners in the United
Kingdom’s health service. We did not include adjustments for
regional differences in care costs, to allow robust comparison
of the volume of care services between intervention patients
andmatched controls.We only attached costs to activity covered
by mandatory tariffs, which excluded locally negotiated
non-tariff payments and augmented care payments associated
with critical care.
Baseline variables were derived using hospital data recorded
before the enrolment dates. The variables were based on those
used in an established predictive model for emergency hospital
admissions over 12 months.18 These variables were age band;
sex; area based socioeconomic deprivation score19; health
conditions; the number of long term health conditions; and
previous emergency, elective, and outpatient hospital use. There
were 16 health condition variables, formed from primary and
secondary codes from ICD-10 (international classification of
diseases, 10th revision) on inpatient data over three years. These
health conditions were 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,
ischaemic heart disease, kidney failure, mental health conditions,
and peripheral vascular disease.
In addition to these baseline variables, we estimated the risk of
emergency hospital admission in the subsequent 12 months.
The predictive risk models were based on the variables used in
the published model18 but reweighted to reflect patterns of
hospital use of Birmingham residents who had never been
enrolled into the service. Models were constructed using logistic
regression on amonthly basis through the enrolment period and
validated on split samples. The estimated β coefficients from
the validated models were then applied to intervention patients
and potential controls to produce the risk scores that would be
used in the matching process.

Methods to select control group
There are several methods for selecting matched control groups,
but the aim is always to select, from the wider population of
potential controls, a subgroup of patients that is similar to the
intervention group with respect to predictive baseline variables.20
The risk score was strongly predictive, so we used a calliper
approach whereby the pool of potential matches for a given
intervention patient was narrowed down to those patients with
a similar risk score (within 20% of one standard deviation).21
From within this restricted set, one control was selected for the
intervention patient based on the individual baseline variables
using the Mahalonobis multivariate distance metric.22 One
matched control was selected for each intervention patient. This
was done without replacement, so that the control group
consisted of distinct individuals.
Themain diagnostic inmatched control studies is balance, which
refers to the similarity of the distribution of baseline variables
between intervention and matched control groups. Formal
statistical tests are not recommended in the assessment of

balance, because they depend on the size of the groups as well
as their similarity.23 Instead, we assessed balance using the
standardised difference, which is the difference in means as a
proportion of the pooled standard deviation.24 Although the
standardised difference would ideally be minimised without
limit, 10% is often used as a threshold to denote meaningful
imbalance.25 The ultimate aim was to select a matched control
group that was well balanced across all of the baseline variables,
including the predictive risk score; therefore, we adapted the
set of variables included in the Mahalanobis distance until we
achieved the satisfactory balance.26

Statistical approach
After matched groups had been constructed, we estimated the
intervention effect using a difference-in-difference estimator.
Thus, intervention and matched control groups were compared
in terms of the change in the number of hospital admissions
observed from the year before the enrolment date to the year
after the enrolment date. Paired t tests were conducted on the
change scores to reflect the matched nature of the data.27

Analysis was conducted over 12 months, regardless of death.
The use of national administrative data to define variables meant
that we considered there was a limited amount of missing data,
because patients could be tracked even if they moved out of the
Birmingham area, provided that they remained within England.
We did not analyse patients who could not be linked to hospital
data or could not be matched to a control.

Efforts to avoid bias and sensitivity analysis
The analysis was designed to reduce the susceptibility of the
study to differences between intervention and control groups.
Differences in variables that are predictive of future hospital
use could result in confounding and biased estimates. The
matching algorithm removed differences in important predictive
variables and the difference-in-difference estimator was expected
to remove the effect of all confounders that are not time varying,
regardless of whether or not they were observed.
We conducted sensitivity analyses to test the robustness of our
findings to time varying, unobserved confounding.28 Firstly, we
followed the recommendation of West and colleagues29 and
compared the intervention and matched control groups in terms
of an outcome that we did not expect to be influenced by the
intervention—namely, in-hospital mortality over 12 months
(although one randomised study has reported effects of telephone
health coaching on mortality30). Secondly, we assessed the
strength of unobserved confounding that would be required to
alter our findings in relation to a dichotomised version of the
our primary endpoint. Specifically, we simulated a hypothetical
unobserved confounder and estimated the odds ratios that would
be required between this confounder and intervention status and
outcome for our findings to be altered.31The values thus obtained
were compared with estimates of odds ratios for unobserved
confounders, based on another study.9

Ethics approval
The National Research Ethics Service confirmed that ethical
approval was not required for this work, because it involved
retrospective analysis of non-identifiable data for the purposes
of service evaluation.
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Results
Study populations
Of 3525 patients enrolled during the study period, 3070 (87.1%)
were linked uniquely to one individual in the hospital data. Of
the 455 records that did not link to hospital data, 86% had
missing or incomplete personal linkage data in the service’s
operational system. Of 3070 patients linked to hospital data,
2703 (88.0%) patients had a history of inpatient or outpatient
hospital use. Matched controls were found for 2698 (99.8%) of
these patients. Data from the BirminghamOwnHealth service’s
operational system showed that the median duration of
enrolment for the included intervention patients was 776 days
(25.5 months; fig 1⇓). Telephone calls typically lasted for 15
minutes.
Predictive risk models were fitted for each of the 33 months
spanning participant enrolment and were validated in separate
samples. Themedian positive predictive value was 57.0% (range
55.6% to 58.6%) and the median sensitivity was 4.3% (3.9%
to 4.7%), calculated using a risk threshold of 0.5. The area under
the receiver operating characteristic curve had a median value
of 0.698 (range 0.688 to 0.701).
In relation to diagnoses of health conditions and other baseline
variables, intervention patients differed markedly from the
general population of the control areas (table 1⇓). For example,
intervention patients had 1.2 chronic health conditions on
average, compared with 0.3 conditions for the general
population. However, after matching, matched controls and
intervention patients had similar characteristics. For example,
both groups had 1.2 chronic health conditions on average, mean
age of 65.5 years, mean predictive risk score of 0.17, similar
prevalence of health conditions, and similar previous hospital
use (table 1, fig 2⇓). Standardised differences were much lower
than the 10% threshold, apart from diagnoses for angina (11.1%)
and mental health conditions (15.0%).

Comparing hospital use and costs
Intervention patients had more emergency admissions in the
year after enrolment than in the year before enrolment (0.38 v
0.31 admissions per head). A smaller increase was observed for
matched controls (table 2⇓, fig 3⇓). Comparing the two groups,
emergency admissions increased by 0.05 per head more among
intervention patients than among matched controls (95%
confidence interval 0.00 to 0.09, P=0.046; table 3⇓), which was
a relative increase of 13.6% (0.2% to 27.1%).
Differences between groups in hospital bed days and elective
admissions were not significant (table 3). Outpatient attendances
rose by 0.37 attendances per head more among intervention
patients than amongmatched controls (95% confidence interval
0.16 to 0.58, P<0.001), due to a fall among controls. Overall
secondary care costs increased by £175 (€203; $268) per head
more among intervention patients than among controls (£22 to
£328, P=0.025).

Sensitivity analysis for unobserved
confounding
Within 12 months of the intervention, 2.3% of patients in both
the intervention (n=63) and matched control (n=63) groups died
in hospital. Sensitivity analysis simulated a hypothetical
unobserved confounding variable and showed that, for the
apparent increase in emergency admissions to be reversed, such
a variable would need to be strongly associated with both
intervention status and outcome, with odds ratios greater than
2.8. By comparison, insulin treatment (which is one variable

we did not observe) had an odds ratio of 1.6 with intervention
status.9

Discussion
Statement of findings
Telephone health coaching aims to support patients in managing
their long term health conditions. The hope is that, by promoting
healthy behaviours and by providing a means to identify
problems before they become critical, telephone health coaching
can help prevent crises that lead to hospital admissions. We
compared a large sample of people receiving telephone health
coaching in England to a well balanced, retrospectively matched
control group using person level data. Rather than see a
reduction in hospital activity in the study group, we found that
emergency admissions increased at a faster rate among
intervention patients than matched controls, as did outpatient
attendances and secondary care costs. Therefore, there was no
evidence of reductions in hospital admissions, and no savings
were detected from which to offset the cost of the intervention.

Strengths and weaknesses
We were able to study a large number of intervention patients
with a high rate of data linkage (87%). Imperfect linkage was
mainly due to imperfect recording of individual identifiers on
the service’s operational system, because most records that did
not link had missing or incomplete personal linkage data. On
the assumption that recording omissions happened at random,
our sample was an unbiased sample from the population
receiving the intervention. Although the analysis then focussed
on patients with previous hospital use, this variable is where
the scope for savings was highest.
The use of administrative data meant that data were available
for a high proportion of patients, and avoided problems of
under-reporting by patients about how many services were
used.32 However, the quality of data was not directly under our
control. Potential problems with administrative data included
limited insight into the quality and appropriateness of care,33
and observational intensity bias if coding practices varied
between geographic areas.34

We obtained data for more patients than what our sample size
calculation suggested was needed (2698 v 2035). Therefore,
although we originally envisaged that we would only be able
to detect differences in emergency admission rates of 15% or
higher, the 13.6% increase detected was statistically significant,
and was unlikely to be the result of chance (P=0.046). A 13.6%
increase in emergency admissions is substantial for the health
service, and much more than the general increase in age
standardised rates of admission of 2.5% a year.35

The main risk to validity in this observational study was that,
although intervention and matched control groups were similar
in terms of an established set of predictors of future hospital
use, they could have differed in ways that we could not observe
(that is, there may have been unobserved confounding).
Typically, only a small proportion of eligible patients receive
complex interventions out of the hospital.36 Birmingham
OwnHealth was a relatively established service, and at least
80% of the local general practices had participating patients.
Nevertheless, there are around 9000 patients in the area with
uncontrolled diabetes,37 for example, while only around 3000
patients received the intervention in the time period chosen.
We sought to minimise unobserved confounding by careful
selection of the pool of potential controls, matching on previous
outcomes and difference-in-difference estimation. The eligibility
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criteria for the service included clinical variables such as HbA1c.
These variables were not recorded in our dataset. However, we
ensured that the prevalence of health conditions was similar
between the two groups, as were variables that are correlated
with clinical indicators, such as hospital use.38 Sensitivity
analysis showed that, although the increase in emergency
admissions could conceivably have been caused by unobserved
confounding, it is unlikely that we missed a reduction. To have
missed such a reduction, the amount of unobserved confounding
would have had to be greater than is realistic for clinical
variables. Further, it is reassuring that no differences were
observed in in-hospital mortality between the two groups. For
example, if disease control had been worse among intervention
patients, more deaths might have been expected.
Observational study designs have some advantages over
randomised controlled trials. This study looked at a population
that was selected to participate in telephone health coaching in
routine practice. By contrast, randomised controlled trials may
have poor generalisability when the patients in the trial differ
from those who would receive the intervention routinely. Such
differences might occur because of the selection of healthcare
settings or practitioners for a trial, the choice of eligibility
criteria for a trial, certain individuals preferring not to
participate, or study design.39

This study investigated effects on hospital use and associated
costs for people enrolled between 2006 and 2008. The effect of
the service might have changed over time, because the eligibility
criteria were later broadened to include chronic kidney disease,
stroke, and transient ischaemic attack from 2009; and
hypertension and older patients at risk from 2010. Although not
the focus of this study, Birmingham OwnHealth might have
affected the use of primary care or health related quality of life.
Because the median duration of enrolment was several years,
effects could have been over longer time periods than those
analysed in this study. Other work has found improvements in
clinical metrics among participants with poorly controlled
diabetes,9 as well as high levels of patient satisfaction.8

Comparison with other studies
Previous studies of the effect of telephone health coaching on
service use have generally been encouraging. Four of nine
studies identified by a systematic review found evidence of an
effect on health service use, although sample sizes were typically
small.2 A more recent, large randomised controlled trial found
reductions in hospital admissions and expenditures.4Before the
current study, the largest observational study of telephone health
coaching included 874Medicaid members, and found no effect.6
The current study supports their findings on a larger sample
drawn from England (n=2698).
One possible explanation for the apparently contradictory nature
of the findings from these studies might be subtle differences
in the design of the interventions. Aspects of intervention design
such as the frequency of telephone calls vary widely between
studies,2 although the profile of telephone calls in the current
study (usually monthly) was not out of line. The largest
randomised controlled trial4 included decision making for
preference sensitive conditions, while three of the four effective
interventions identified by the systematic review involved
telemonitoring of vital signs in addition to health coaching.
Telemonitoring could be effective at reducing hospital
admissions even when combined with automated motivational
messages and symptom questions rather than health coaching.15
This study adds weight to the conclusions suggested by the
Medicaid studies6 7 that health coaching is not effective at

reducing hospital use by itself. Further, although potentially
explained by unobserved confounding, we found evidence that
the intervention in Birmingham increased emergency
admissions. Previous evaluations of other complex interventions
out of hospital have also found indications of increases.14 One
possibility is that increases occur as a result of greater
observation. Indeed, in other settings, more intense observation
and greater use of diagnostic tests have been found to correlate
with the number of medical interventions made.40

Discrepancies between the findings of different studies could
also be due to study settings, with both the Medicaid studies
and the current study relating to a publicly insured population.
Targeting the intervention using the outputs from a predictive
riskmodel may increase effectiveness, as could better integration
with existing primary and secondary care services. Finally, the
evaluation method could affect results. Confounding is possible
in observational studies, although our study design attempted
to limit this threat to validity as much as possible.

Conclusions
We conclude that Birmingham OwnHealth did not lead to the
anticipated levels of reductions in hospital admissions or
associated costs. Based on a systematic review and subsequent
studies, including the present study, standard telephone health
coaching seems unlikely to lead to reductions in hospital use,
without the addition of other elements such as telemonitoring,
shared decision making for preference sensitive conditions, or
predictive modelling. More care coordination might also be
needed. Unless health coachers have established relationships
with other clinical staff, new interventions could prove to be
additions to existing patterns of service use, rather than create
efficiencies.
The study serves as a warning that efficacy as demonstrated by
randomised controlled trials might not imply effectiveness in
routine practice.41Because administrative datasets are regularly
updated, the methods used in the present study may be useful
to monitor new services to ensure that benefits are achieved.
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What is already known on this topic

Telephone health coaching provides support and encouragement to patients to manage long term health conditions
It is hoped that hospital admissions will be prevented as a result, creating efficiency gains for healthcare systems
However, the current evidence base is unclear; many studies have been small and interventions are heterogeneous

What this study adds

This study adds weight to the existing view that health coaching by itself is not effective at reducing hospital use over 12 months
Coaching could be coupled with other interventions such as shared decision making or telemonitoring, and the context in which
interventions are delivered might also be crucial
Efficacy of new services as demonstrated by randomised controlled trials might not imply effectiveness in routine practice
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Tables

Table 1| Differences in demographic, health or healthcare characteristics of study groups before and after matching. Data are proportion
(%) of individuals or mean (standard deviation) unless otherwise stated

Standardised difference (variance ratio)Matched controls
(n=2698)

Intervention
participants (n=2698)

Potential controls*
(n=969 677) After matchingBefore matching

0.2 (0.98)18.0 (0.28)65.5 (13.5)65.5 (13.4)41.6 (25.3)†Age

0.014.047.7 (n=1288)47.7 (n=1288)54.7 (n=522 049)‡Female (%)

1.8 (1.03)14.8 (1.21)36.8 (19.3)37.2 (18.9)34.4 (17.5)Socioeconomic deprivation score†

2.69.43.7 (n=99)3.2 (n=86)1.7 (n=16 797)Anaemia (%)

11.147.611.6 (n=314)15.4 (n=416)2.3 (n=22 092)Angina (%)

4.98.96.9 (n=186)5.7 (n=154)3.8 (n=36 971)Asthma (%)

1.719.06.5 (n=176)6.1 (n=165)2.3 (n=22 370)Atrial fibrillation and flutter (%)

7.43.58.0 (n=216)6.1 (n=165)5.3 (n=51 530)Cancer (%)

0.213.64.1 (n=111)4.2 (n=112)1.8 (n=17 807)Cerebrovascular disease (%)

0.822.45.5 (n=149)5.7 (n=154)1.6 (n=15 055)Congestive heart failure (%)

0.519.85.5 (n=149)5.6 (n=152)1.9 (n=18 217)Chronic obstructive pulmonary
disease (%)

0.772.929.3 (n=791)29.6 (n=799)4.0 (n=38 805)Diabetes (%)

4.35.12.4 (n=66)3.2 (n=85)2.3 (n=22 549)History of falls (%)

1.70.57.9 (n=213)7.4 (n=201)7.6 (n=73 450)History of injury

6.152.631.2 (n=842)28.4 (n=767)8.7 (n=84 092)Hypertension (%)

0.550.619.7 (n=532)19.9 (n=537)4.0 (n=38 799)Ischaemic heart disease (%)

0.212.52.9 (n=77)2.9 (n=78)1.1 (n=10 996)Kidney failure (%)

15.03.85.2 (n=141)2.4 (n=64)3.0 (n=28 910)Mental health conditions (%)

4.111.45.0 (n=134)4.1 (n=111)2.1 (n=20 735)Peripheral vascular disease (%)

0.7 (1.02)74.6 (3.41)1.2 (1.5)1.2 (1.5)0.3 (0.8)Number of long term conditions

0.0 (1.00)67.3 (2.15)0.17 (0.2)0.17 (0.12)0.10 (0.08)Predictive risk score

2.1 (1.14)19.7 (1.53)0.3 (0.7)0.3 (0.7)0.2 (0.6)Emergency admissions (previous
year)

3.2 (1.49)9.7 (2.37)0.03 (0.17)0.03 (0.21)0.01 (0.13)Emergency admissions (previous
month)

2.9 (1.44)4.8 (0.56)0.3 (0.9)0.4 (1.1)0.3 (1.4)Elective admissions (previous year)

0.8 (1.02)2.2 (0.81)0.03 (0.19)0.03 (0.19)0.03 (0.21)Elective admissions (previous month)

6.1 (1.24)55.5 (2.66)3.6 (4.5)3.9 (5.0)1.6 (3.0)Outpatient attendances (previous
year)

3.9 (1.07)32.8 (1.88)0.33 (0.72)0.36 (0.75)0.15 (0.54)Outpatient attendances (previous
month)

3.3 (1.70)9.5 (1.10)1.57 (6.16)1.80 (8.02)1.06 (7.64)Emergency bed days (previous year)

1.3 (1.09)15.6 (1.64)1.38 (4.58)1.44 (4.79)0.77 (3.74)Emergency bed days (previous year,
trimmed to 30 days)

*Residents of control areas with previous hospital use.
†For complete cases (n=968 659).
‡For complete cases (n= 954 282).
†Taken from the Index of Multiple Deprivation 2007.19
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Table 2| Estimated intervention effects for secondary care use

Matched controls (n=2698)Participants (n=2698)

DifferenceYear after enrolmentYear before enrolmentDifferenceYear after enrolmentYear before enrolment

0.03 (0.95)0.32 (0.88)0.29 (0.69)0.07* (0.96)0.38 (0.93)0.31 (0.74)Emergency admissions

1.00* (11.29)2.57 (10.79)1.57 (6.16)1.09* (12.86)2.90 (11.85)1.80 (8.02)Bed days (after
emergency admission)

0.04 (1.25)0.38 (1.11)0.34 (0.87)0.02 (1.20)0.39 (1.10)0.37 (1.05)Elective admissions

−0.30* (4.28)3.30 (4.91)3.61 (4.45)0.06 (4.29)3.96 (5.13)3.90 (4.96)Outpatient attendances

86 (3355)1379 (3054)1292 (2436)261* (3534)1650 (3228)1388 (2683)Secondary care costs (£)

Data are mean number or cost per head (standard deviation). *Difference=P<0.05.
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Table 3| Difference-in-difference estimate of intervention effect (per head)

P95% confidence intervalMean (standard deviation)

0.0460.00 to 0.090.05 (1.20)Emergency admissions

0.757−0.50 to 0.690.09 (15.87)Bed days (after emergency admission)

0.549−0.07 to 0.04−0.02 (1.48)Elective admissions

<0.0010.16 to 0.580.37 (5.50)Outpatient attendances

0.02522 to 328175 (4592)Secondary care costs (£)

No commercial reuse: See rights and reprints http://www.bmj.com/permissions Subscribe: http://www.bmj.com/subscribe

BMJ 2013;347:f4585 doi: 10.1136/bmj.f4585 (Published 6 August 2013) Page 10 of 12

RESEARCH

http://www.bmj.com/permissions
http://www.bmj.com/subscribe


Figures

Fig 1 Length of time spent enrolled in the Birmingham OwnHealth service. Solid line=best estimate; shaded area=95%
confidence interval

Fig 2 Differences between 2698 coached patients and 2698 matched controls at the start of intervention. HD=heart disease;
CHF=congestive heart failure; COPD=chronic obstructive pulmonary disease; CVD=cerebrovascular disease; PVD=peripheral
vascular disease. *Score of 10=most deprived; tenths were defined on the basis of national data for the Index of Multiple
Deprivation 200719
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Fig 3 Comparison of rate of emergency admissions
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