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Background: Current international health policy has

emphasized the importance of managing long-term conditions in the community with the aim of preventing emergency hospitalizations. Previous algorithms and rules have
been developed but are limited to those older than 65 years
and generally only for readmission. Our aim was to develop an algorithm to predict emergency hospital admissions in the whole population of those 40 years or older.
Methods: The design was a historical cohort observa-

tional study from 1996 to 2004 with at least 1 year of follow-up and split-half validation, set in the population of
Tayside, Scotland (n=410 000). Participants were 40 years
or older with a 3-year history of prescribed drugs and hospital admissions. The main outcome measure was first
emergency hospital admission in the following year, analyzed using logistic regression.
Results: A total of 186 523 subjects 40 years or older were
identified at baseline. A derivation data set (n=90 522)

R

yielded 6793 participants (7.5%) who experienced an
emergency hospital admission in the following year.
Strong predictors of admissions were age; being male;
high social deprivation; previously prescribed analgesics, antibacterials, nitrates, and diuretics; the number
of respiratory medications; and the number of previous
admissions and previous total bed-days. Discriminatory
power was good (c statistic, 0.80) and split-half validation gave good calibration, especially for the highest
decile of risk.
Conclusions: A population-derived algorithm provided the first easy-to-use algorithm, to our knowledge,
to predict future emergency admissions in all individuals 40 years or older. The model can be implemented at
individual patient level as well as family practice level to
target case management.

Arch Intern Med. 2008;168(13):1416-1422

ECENT INTERNATIONAL AND

UK health policy has emphasized the key issue of
the management of longterm conditions and the
need to anticipate future care to prevent
the increasing trend of emergency hospital admissions.1 The Scottish UK Kerr report called on

Author Affiliations:
Epidemiology and Biostatistics,
Tayside Centre for General
Practice, Community Health
Sciences (Dr Donnan) and
Diabetic Medicine (Dr Morris),
University of Dundee, Westgate
Health Centre (Dr Dorward),
and National Health Service
Tayside (Drs Dorward and
Mutch), Dundee, Scotland.

all NHS [National Health Service] Boards to put
in place a systematic approach to caring for the
most vulnerable (especially older people) with
long-term conditions with a view to managing
their conditions at home or in the community
and reducing the chance of hospitalisation1(p6)

The achievement of this goal is likely to
involve screening of individuals incorporating risk stratification to target care, better integration of services and information technology systems, and support for
self-care.1 Many predictive algorithms have
been produced in the United States to identify high risk of admission among elderly
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subjects, although these have tended to be
applied to those enrolled in mostly Medicare health maintenance organizations and
their generalizability is questionable.2-5 The
NHS of England has piloted several USinspired models of risk stratification and
case management aimed at the top 1% to
2% of patients in terms of need.6,7 However, initial objectives were limited to reducing future emergency admissions in
those who had already experienced 2 or
more emergency admissions.8 The risk
stratification model based on English admissions data has been developed by the
King’s Fund, London, England, but currently this has also been based only on predicting readmission in those who have already experienced an admission for certain
trigger conditions such as chronic obstructive pulmonary disease.9 More recent algorithms have aimed at even older age
groups,10 and all have fairly poor predictive ability, with an area under the re-
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ceiver operating characteristic curve typically less than
0.7.9-11 These algorithms clearly leave out of consideration the important group of people at high risk who are
younger than 65 years and those who have never experienced an emergency admission but are likely to experience an emergency admission in the future. Because
complications of long-term conditions tend to increase
in those older than 40 years, we chose the age range 40
to 65 years for this study. It has clearly been demonstrated that emergency admissions in those older than
65 years fall over time, partly owing to regression to the
mean but also because patients die or go into long-term
care.8 Also, the success of interventions has been variable, and identifying high-risk patients has not yet demonstrated a reduction in emergency admissions following implementation of these algorithms.12
The aim of this study was therefore to develop a more
comprehensive, robust algorithm for use by clinicians and
policy makers in predicting future emergency hospital
admissions in all individuals 40 years or older in the next
year (the Predicting Emergency Admissions Over the Next
Year [PEONY] algorithm). This work has immediate relevance to developing policy and service reorganization,
as well as informing future intervention studies of different models of case management.

by the Scottish Morbidity Record 1. The Scottish Morbidity Record 1 consists of records of each finished consultant episode
that can be contiguous to form a single admission. Each finished consultant episode contains the date of admission and
discharge, whether emergency or not, along with a set of International Classification of Diseases codes classifying the finished consultant episode. We determined the number of previous emergency admissions, using the same definition as the
Information Services of the Scottish Executive, the number of
previous admissions (planned or unplanned), total bed-days
in the previous 3 years, and mean length of stay in the previous 3 years. The demographic factors of age at baseline, sex,
and social deprivation (high/low and unknown) based on census information linked to postal code14 were also considered.
In addition, receipt of drugs, some of which are markers of longterm conditions, were constructed based on the class of medication from the British National Formulary,15 as well as the number of prescriptions of each category obtained in the previous
3 years. The classes of drugs correspond to particular chapters
so that, for example, British National Formulary 2.2 includes
all diuretics (these are listed in appendix 1; http://www.dundee
.ac.uk/hic/links/). The 23 factors were created using data from
the community-based database of pharmacist-dispensed prescriptions in Tayside held in the Health Informatics Centre as
described elsewhere.13 Hence, it is known that the patients actually received the drugs.

METHODS

The main outcome for this study was the first emergency hospital admission in the follow-up year as defined by the Information Services of the Scottish Executive based on a field in
the Scottish Morbidity Record of Register of hospitalization,
which indicates nonelective admission, the Tayside portion of
which is held in the Health Informatics Centre.13 Hence, ascertainment of events was close to 100%. Information of all
causes of death was obtained from the General Registry Office
for Scotland.

STUDY POPULATION
The study population consisted of all subjects 40 years or older
in the Tayside region of Scotland, United Kingdom (population, approximately 410 000) and who were registered with a
Tayside general practice. The Tayside population is a mixture
of urban and rural communities, with a low nonwhite population, and is considered representative of Scotland. In a dynamic population, entry into the study occurred at any time
from January 1, 1996, to March 31, 2004. To be eligible, each
individual had to have data on the history of hospital use and
drug prescribing over a 3-year period, as well as a minimum of
12 months of follow-up information. Baseline was defined after the initial 3 years and follow-up occurred over the following year. Those subjects with either less than a 3-years history
or less than 1 year of follow-up data were excluded.
In Tayside, every individual registered with a general practitioner has a unique identifier, the community health index.
This 10-digit number is used for all health encounters in the
Tayside region and enables record linkage of both primary care
and secondary care data. For the purposes of research, all data
sets are made anonymous according to Standard Operating Procedures of the Health Informatics Centre, and this study received ethical approval from the Tayside research ethics committee and from the Caldicott Guardian and will be subject to
an independent external audit.13

BASELINE RISK FACTORS
For each individual 40 years or older in the population, a baseline time point of January 1, 1996 (or date thereafter for people
entering Tayside later) was derived such that all the risk factors under consideration were present within a period of 3 years
retrospectively, and each individual had at least 1 year of complete follow-up. One group of risk factors that was assessed for
potential inclusion were previous hospital use as determined

OUTCOME

STATISTICAL METHODS
The characteristics of the study population were summarized
by means and standard deviations for continuous measurements and as percentages for categorical factors. The data set
was split in half at random into a derivation data set and a test
set. In the derivation data set, the main binary outcome of first
emergency admission in the following year was modeled using
logistic regression.16 From this model, odds ratios (ORs) and
associated 95% confidence intervals (CIs) were obtained by exponentiating the regression coefficients. Absolute risk was estimated from the linear predictor of the final model.

MODEL BUILDING
Factors for potential inclusion in the model were initially considered for inclusion with a univariate significance level of P⬍.20
and/or were judged to be of clinical importance. In total, 53
potential factors were considered initially. The multiple regression then proceeded as follows: first, stepwise regression was
implemented in both forward and backward directions, using
the standard criteria of significance at the 5% level for entry,
to assess whether the same model resulted. Tests for interactions between risk factors were performed at a P⬍.05 level of
significance.
However, with such large data sets there is a danger of adding spuriously significant factors, and so Schwarz’s Bayesian
Information Criterion was used to select the final model, which
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penalizes the likelihood heavily for large data sets as well as
large numbers of parameters in the model.17
Finally, earlier rejected variables were added again to the
final model to confirm that they were not statistically significant, clinically important, or potential confounders.

MODEL PERFORMANCE
Performance of the algorithm obtained from the derivation data
set was tested on the randomly selected test data set.18 First,
overall discrimination ability was assessed for the derived function on the derivation data itself, and second, this model was
used on the test data set. Discrimination was assessed using the
c statistic or area under the receiver operating characteristic curve
statistic, which is an estimate of the probability of assigning a
higher risk to those who have an emergency admission in the

following year compared with those who do not. This is an important criterion when ranking people by risk and is clearly essential for risk stratification. Calibration of the algorithm on
the derivation data set was also assessed by comparing observed and expected emergency admissions by deciles of predicted risk using a 2 test. Finally, the c statistic or area under
the receiver operating characteristic curve and calibration test
were also calculated for the derived algorithm applied to the
test validation data set. Sensitivity, specificity, positive predictive value (PPV), yield (1/PPV), and likelihood ratio (sensitivity/
1−specificity) were calculated for different cutoff points of the
predicted risk (⫻100) to give a percentage. In addition, using
methods derived for Framingham scores, a clinical scoring system was developed to simplify use in a clinical scenario.19 All
analyses were implemented in SAS version 9 (SAS Institute Inc,
Cary, North Carolina) statistical software.
RESULTS

Population 40 y or older;
January 1, 1996, to March 31, 2004;
Tayside, Scotland

A total of 186 523 individuals 40 years and older (80%)
were included from the 234 133 in the total Tayside population (Figure). The randomly selected derivation data
set consisted of 93 156 subjects, and after the exclusion
of 2634 subjects with less than 1 year of follow-up, 90 522
for derivation of the model remained. Table 1 gives the
characteristics of the derivation data set population. Those
who experienced an outcome of an emergency admission (7.5%) tended to be older and more likely to be from
a deprived area. They were also twice as likely to have
had previous emergency admissions, with mean total beddays 6 times greater than those who had no emergency
admission in the following year. There was little difference in practice characteristics in terms of rurality, list
size, and existence of a chronic disease management program. All British National Formulary groups of drugs as
defined in appendix 1 were more prevalent in those who

47 610 With a < 3-y
history of admissions

186 523 With a 3-y history
of admissions

Test data set
(n = 93 367)

Derivation data set
(n = 93 156)

2488 With < 1-y
follow-up

2634 With < 1-y
follow-up

Test data set
(n = 90 879)

Derivation data set
(n = 90 522)

Figure. Creation of derivation data set and test data set.

Table 1. Characteristics of 90 522 Subjects and Practices in Derivation Data Set With an Unplanned Emergency Admission
in the First Year of Follow-up Compared With Those With No Emergency Admissions
Emergency Admission
Variable
Age at baseline, mean (SD) y
Age group, %
40-49 y
50-59 y
60-69 y
70-79 y
ⱖ80 y
Sex
Men
Women
Carstairs deprivation category, 200114
Least deprived (1-3)
Most deprived (4-7)
Hospital use in prior 3 y
Previous emergency admission
Yes
No
Previous admissions, mean (SD), No.
Length of stay, mean (SD), d
Total bed-days, mean (SD)

Total
(N = 90 522)

Yes
(n = 6793)

No
(n = 83 729)

61.5 (12.5)

69.8 (12.9)

60.8 (12.2)

16.1
22.1
25.0
21.9
14.9

7.3
14.2
21.9
28.4
28.2

17.6
23.4
25.5
20.8
12.7

46.3
53.7

46.7
53.3

46.3
53.7

60.0
40.0

53.7
46.3

60.5
39.5

25.1
74.9
0.6 (1.4)
2.2 (11.7)
4.5 (20.6)
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23.2
76.8
0.5 (1.1)
1.8 (11.3)
3.3 (16.6)

Table 2. Prescribing in Previous 3 Years for 90 522 Subjects
in the Derivation Data Set With Unplanned Emergency
Admissions in the First Year of Follow-up Compared With
Those With No Emergency Admissions

Table 3. Final Model for 90 522 Subjects With Adjusted
Odds Ratios (ORs) of Emergency Admissions in the First
Year of Follow-up Associated With Demographic, Previous
Admissions, and Prescribed Drugs

Emergency Admission, %
Drug Category in Previous
3 Years a
Gastrointestinal drugs (BNF 1.3)
Diuretics (BNF 2.2)
␤-Blockers (BNF 2.4)
Antihypertensives (BNF 2.5)
Nitrates (BNF 2.6)
Anticoagulants (BNF 2.8)
Antiplatelets (BNF 2.9)
Antifibrinolytics (BNF 2.11)
Lipid regulating (BNF 2.12)
Respiratory (BNF 3)
Hypnotics and anxiolytics (BNF 4.1)
Antipsychotics (BNF 4.2)
Antidepressants (BNF 4.3)
Analgesics (BNF 4.7)
Antiepileptics (BNF 4.8)
Antiparkinsonian (BNF 4.9)
Substance dependence (BNF 4.10)
Antibacterials (BNF 5.1)
Diabetes (BNF 6.1)
Osteoporosis (BNF 6.6)
Anemia (BNF 9.1)
NSAIDs (BNF 10.1)

Yes
(n=6793)

No
(n = 83 729)

35.2
43.8
20.5
15.8
38.8
6.2
23.1
0.3
3.6
24.8
29.6
8.1
22.3
64.5
5.8
3.3
0.4
75.0
8.5
1.6
15.5
43.1

18.4
18.9
13.5
6.3
15.9
1.5
7.0
0.3
1.9
11.6
14.3
3.3
12.7
35.6
2.6
1.0
0.2
56.7
3.0
0.8
5.1
33.1

Abbreviations: BNF, British National Formulary ; NSAIDs, nonsteroidal
anti-inflammatory drugs.
a The numbers after BNF are chapter designators.

experienced emergency admissions (Table 2). For example, those who experienced emergency admissions were
4 times more likely to have been prescribed anticoagulants in the previous 3 years.
Initially, univariate logistic regression was performed considering all 53 potential variables for entry.
Of these, a total of 49 had a P value of ⬍.20, and so these
were considered for potential inclusion in multiple regression models. Both backward and forward methods
were used, with the standard P ⬍.05 significance level
for entry and removal, giving the same model with 32
parameters. Interactions were considered, and a further
7 parameters were added, giving a 39-parameter model.
Finally, factors were removed and added considering the
Bayesian Information Criterion as criteria for model fit.
This criterion penalizes large data sets and large models
and eliminates some terms significant at the P⬍.05 level,
to give a final model with 35 parameters, including the
intercept.
Table 3 gives the odds ratios for these factors in the
final model. Although there was not much evidence of
differences between men and women univariately, in the
final model, men had greater risk than women, and this
risk was attenuated by the number of previous admissions (planned or unplanned). Not surprisingly, age was
a strong risk factor, but this was also attenuated by experiencing a previous emergency admission (Table 3).
Previous emergency admissions (yes or no) also had a

OR (95% CI)
Variable
Men vs women
No previous admissions
1 Previous admission
Age at baseline (⫹10 y)
No previous emergency admissions
Previous emergency admissions
Age at previous emergency admission
55 y
65 y
Carstairs deprivation category, 200114
Deprived vs affluent
Unknown vs affluent
Mean total bed-days (ⱖ10 d)
Gastrointestinal drugs (BNF 1.3)
No previous emergency admission
Previous emergency admission
Diuretics (BNF 2.2)
No previous emergency admission
Previous emergency admission
Antihypertensives (BNF 2.5)
Nitrates (BNF 2.6)
No anticoagulants (BNF 2.8)
Anticoagulants (BNF 2.8)
Antiplatelets (BNF 2.9)
No previous emergency admission
Previous emergency admission
Drug Category (Yes vs No)
Respiratory (BNF 3)
No. of respiratory drugs (ⱖ5 BNF 3)
No. of hypnotics and anxiolytics (ⱖ5 BNF 4.1)
Antipsychotics (BNF 4.2)
Antidepressants (BNF 4.3)
Age 55 y
Age 65 y
Analgesics (BNF 4.7)
No. of analgesics (ⱖ5 BNF 4.7)
Antiparkinsonian (BNF 4.9)
Antibacterials (BNF 5.1)
No previous emergency admission
Previous emergency admission
No. of antibacterials (ⱖ3 BNF 5.1)
No. of diabetes medications (ⱖ3 BNF 6.1)
Antiosteoporotic (BNF 6.6)
Anemia (BNF 9.1)

1.57 (1.52-1.62)
1.36 (1.29-1.44)
3.78 (3.60-3.97)
3.27 (2.87-3.73)
1.13 (1.07-1.20)
1.13 (0.97-1.32)
1.02 (1.01-1.03)
1.20 (1.11-1.29)
1.04 (0.95-1.14)
1.26 (1.16-1.36)
1.07 (0.97-1.18)
1.13 (1.04-1.23)
1.28 (1.20-1.37)
0.79 (0.67-0.94)
1.48 (1.33-1.64)
1.06 (0.96-1.17)
1.18 (1.09-1.28)
1.03 (1.02-1.04)
1.022 (1.008-1.035)
1.17 (1.05-1.30)
1.48 (1.07-1.68)
1.21 (0.73-1.99)
1.31 (1.23-1.40)
1.027 (1.015-1.041)
1.32 (1.12-1.56)
1.19 (1.10-1.29)
0.92 (0.81-1.04)
1.044 (1.027-1.061)
1.034 (1.025-1.044)
0.71 (0.57-0.89)
1.18 (1.09-1.29)

Abbreviations: BNF, British National Formulary (the numbers after BNF are
chapter designators.); CI, confidence interval.

number of interactions with previous drug prescribing.
There were increased risks of emergency admission in
those prescribed gastrointestinal drugs, diuretics, antiplatelets, and antibacterials. However, in those who had
experienced a previous emergency admission, these drugs
were no longer significant markers of high risk. Indeed,
for antibacterials there was some evidence of a reduced
risk for those with previous admissions, although not
reaching statistical significance (Table 3). Independently of the other measures of hospital use, the mean
number of bed-days in the previous 3 years was a strong
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1.44 (1.35-1.54)
1.35 (1.25-1.46)

Table 4. Sensitivity, Specificity, Positive Predictive Value (PPV), Yield, and Likelihood Ratio for Different Cutoff Points
for Predicted High Risk Expressed as a Percentage and Points System

Cutoff for Identification
of High-Risk Patients, %

Cutoff in Terms of
Clinical Scoring
System, Points

No. of People 40 Years
or Older Identified as
Being High Risk in a
Family Practice of 3000

Sensitivity, %

Specificity, %

PPV, %

ⱖ60
ⱖ49 a
ⱖ28
ⱖ18
ⱖ8 b
ⱖ6

⬎50
⬎46
⬎37
⬎32
⬎23
⬎20

13
29
154
305
786
1019

4.2
7.9
27.1
42.0
68.9
76.1

99.8
99.6
96.8
92.6
77.4
69.5

67.1
59.0
40.6
31.5
19.8
16.8

a Top percentile.
b Top quartile.

risk factor for emergency admission in the following year.
Those who lived in socially deprived areas were 13% more
likely to have an emergency admission compared with
more affluent areas (Table 3). Of the other drugs prescribed, antihypertensives, nitrates, antiparkinsonian
drugs, antipsychotics, and drugs to treat anemia were
all associated with higher risk. Nitrates alone were
associated with increased risk, but in combination
with anticoagulants they showed a reduced risk of
emergency admission, which was statistically significant (Table 3). Receipt of respiratory drugs as well as
an increasing number of drugs were strongly significant markers of high risk. An increasing number of
prescriptions of hypnotics and anxiolytics, analgesics,
and diabetes medication were all associated with
increased risk. Antidepressants were associated with
higher risk but less so in more elderly subjects. Antiosteoporotic drugs were associated with a reduced risk
of emergency admission. Appendix 2 (http://www.dundee
.ac.uk/hic/links/) contains the factors required to estimate the risk of emergency admission.
The final model was then used to derive probabilities
of emergency admission in the next year and was expressed as a percentage from 0% to 100%. For clinical
purposes, we also derived a simpler points system derived from the regression coefficients, and this is shown
in appendix 3 (http://www.dundee.ac.uk/hic/links/).19 As
an example, consider a man aged 72 years and is from a
highly deprived area; has previous emergency admissions, 8 previous admissions, and 106 total bed-days in
the previous 3 years; and is in receipt of hypertension
and heart failure drugs, nitrates and calcium channel
blockers, respiratory drugs, anxiolytics, antidepressants, analgesics, and antibacterials: the absolute risk of
admission in the next year is 52.8% (in the top percentile, 47 points). In contrast, a woman aged 50 years and
is from an affluent area; has no previous emergency admissions, 1 previous admission, and 1 total bed-day; and
is in receipt of ulcer-healing drugs, diuretics, and antibacterials: the absolute risk of admission in the next year
is 2.4% (10 points).
The discriminatory power for the prediction algorithm on the Tayside data was c= 0.80, with no significant lack of calibration on the derivation data set (P=.14).
On applying the model to the random split-half test/

data set, discriminatory power was still good, with a c
statistic of 0.79. The calibration was extremely good for
the top decile of risk in the test data set, but there was
some indication of lack of fit to the ninth decile (P=.006).
Calculation of sensitivity, specificity, and PPV are given
for different cutoff points to identify high risk in terms
of percentages and points from the clinical scoring system (Table 4). In a typical family practice with 3000
people 40 years or older, a cutoff point of greater than
46 would identify 29 people for potential intervention
(Table 4).
COMMENT

This study, to our knowledge, provides the first population-derived model, for the prediction of emergency admissions in those 40 years or older and validated on a
random split-half test/data set. The estimates are based
on individual history of hospital and medication use.
Existing algorithms have tended to only deal with the
small subset of patients who have already experienced
an admission, such as the King’s Fund model,9,11 which
has a discriminatory performance of 69% compared with
the PEONY model, which has a discriminatory performance of 80%, similar to algorithms in coronary heart
disease, such as in the Framingham Heart Study.20 This
is the probability that the algorithm would correctly identify those at high risk and should be high, especially if
population risk stratification is a major goal.1 In addition, the King’s Fund model does not appear to penalize
the selection of variables because spurious significance
is likely with very large data sets and testing of large numbers of candidate factors. The superior performance of
the PEONY algorithm is probably because of the use of
community prescribing as markers of ill health and longterm conditions in particular. Although it is clear that
the majority of patients who experience emergency admissions are in the older-than-65-year age group, this is
a somewhat arbitrary cutoff since it is also clear that there
is considerable NHS resource use in those younger than
65 years. In our study, 33.7% of admissions were in this
age group, demonstrating that those younger than 65 years
are an important group and where an intervention is likely
to have greatest effect. This algorithm takes a more re-
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alistic account of this by considering those 40 years or
older as potential patients for emergency admissions. It
is sobering to consider that in some very deprived areas
in the United Kingdom, life expectancy is on average 7
years lower than in the most affluent areas.21
Age also appears to be important in relation to other
predictors of emergency admission. Factors such as previous emergency admission and antidepressant use became less strong predictors in the more elderly, suggesting that these are stronger risk factors in younger patients.
Factors also differed whether the patients had had previous admissions, either emergency or planned. Many
drug markers were stronger risk factors in those with no
history of admissions, and risk became attenuated once
admissions had occurred. The evidence from this study
also points to areas where intervention might be beneficial, for example, in younger individuals with polypharmacy who have not yet experienced an admission. Previous high intensity of hospital use is clearly a strong risk
for future admissions. The results also indicate that perhaps poor control in conditions such as asthma and diabetes (increasing number of prescriptions) are risk markers for future admissions.
When considering the practical use of the algorithm
at scores of 47 or greater to identify high risk, PPV is
good, indicating that 6 of every 10 people identified by
the algorithm would have gone on to have emergency
admissions without any intervention, although sensitivity is low (ie, most emergency admissions would be
missed). For an average practice list size of 6000 (assuming 50% are 40 years or older), this represents
about 29 people for case management. At the other
extreme, a cutoff score of 23 or greater for high risk
would give better sensitivity, but more resources would
be wasted in that only 1 of every 5 people would have
gone on to be admitted. This would represent about
790 people for case management. Where to intervene
and how intensively are clearly important and would
require judgment of the cost-effectiveness of different
forms of intervention.
One potential weakness of this algorithm is that it
does not account for other primary care factors such
as intensity of use of primary care services, and we will
be assessing this in further work funded by the Chief
Scientist Office of Scotland to improve the performance of the algorithm with detailed practice level
data. Of course, as with all predictions, the algorithm
needs to be assessed on independent data sets to assess
validity further.18
A next step is to evaluate the algorithm in practice because there are well-documented examples of the failure of prediction to alter management.22,23 Finally, interventions to case manage individuals at high risk need
to be evaluated to assess their effect on emergency admissions, 24 and evidence for any effect is still limited,25,26 although there is some evidence of success in
particular conditions such as mental health,27 chronic
obstructive pulmonary disease,28 and vaccination against
influenza.29
In conclusion, this study provides for the first time
to our knowledge a validated algorithm to predict emergency admission in the next year for all patients 40 years

or older. It provides a useful tool for the individual clinician in face-to-face consultation as well the general practice as a whole, and for health insurers, policy makers,
and planners at the health board level faced with the increasing prevalence of hospital use. This work has immediate relevance to developing policy and service reorganization, as well as informing future intervention
studies of different models of case management.
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