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Abstract

Objective: To develop and evaluate an evidence-based tool for predicting the likelihood of emergency admission to hospital of older people aged 75 years and over. 

Study design and setting: Prospective cohort study of older people registered with 17 General Practices within Halton Primary Care Trust in the North West of England.

Method:  A questionnaire with 20 items was sent to older people aged >75 years.  Items for inclusion in the questionnaire were selected from information gleaned from published literature and a pilot study.  .  The primary outcome measurement was an emergency admission to hospital within 12 months of completing the questionnaire.  A logistic regression analysis was carried out to identify those items which predicted emergency admission to hospital.  A scoring system was devised to identify those at low, moderate, high and very high risk of admission, using the items identified in the predictive modelling process.

Results:  83% (3032) returned the questionnaire. A simple, six-item tool was developed and validated – the Emergency Admission Risk Likelihood Index (EARLI).  The items included in the tool are as follows: Do you have heart problems? (Odds Ratio (OR) 1.40, 95% CI 1.15 to 1.72), Do have leg ulcers? (OR 1.46, 95% CI 1.04 to 2.04), Can you go out of the house without help? (OR 0.60, 95% CI 0.47 to 0.75), Do you have problems with your memory and get confused? (OR 1.46, 95% CI 1.19 to 1.81), Have you been admitted to hospital as an emergency in the last 12 months? (OR 2.16, CI 1.72 to 2.72), Would you say the general state of your health is good? (OR 0.66, 95% CI 0.53 to 0.82). A high score (>20) identified 6% of older people, 55% of whom had an emergency admission in the following 12 months. A low score (≤10) identified 75% of the older population of whom 17% were admitted.

Conclusion:  In this study we have developed and validated a simple-to-apply tool for identifying older people in the UK who are at risk of having an emergency admission within the following 12 months.  EARLI can be used as a simple triage screening tool to help identify the most vulnerable older people, and in testing the effectiveness of different preventive interventions. By identifying high-risk cohorts for improved management and support in primary care, the demand on hospital services will be reduced. .   
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1. Introduction

A major pressure on the National Health Service (NHS) is the rise in emergency hospital admissions. An emergency admission is neither booked nor planned and results from trauma or the acute onset of clinical features requiring assessment, investigation and/or treatment.1 Emergency admissions to hospital have been rising.  Although people aged 65 and over make up only 16 per cent of the population, they occupy almost two thirds of general and acute hospital beds, and account for half of the recent growth in emergency admissions.2 Several studies have shown that many unplanned admissions of older people are avoidable.3,4,5,6 However, a review of older people admitted as emergencies has shown that once an acute emergency has occurred, most (86 per cent) do need admission to an acute hospital.5 If emergency admissions are to be reduced, or at least contained, the incidence of acute episodes needs to be reduced by better management of any underlying chronic diseases, combined with support to maintain independence.   

The introduction of ‘community matrons’ in the UK applies these principles to people with long-term medical conditions7. The idea is derived from work carried out in America, most notably by Evercare8 and Kaiser,9 and the UK, including the Castlefields programme, which is one large practice in the North-West of England,10 the London Older People’s Programme11 and others12,13. All these studies identify older people thought to be at risk of having an emergency admission.  However, the evidence-base for selection of appropriate older people is not robust and there have been calls for further research in this area14, Four American studies have proposed evidence-based methods of identifying high risk people and have developed predictive screening tools15,16,17,18.  Although the tools are not generalisable to the UK healthcare setting, the findings were used to inform this study.  One additional European study19 produced a six-point postal questionnaire, the Sherbrooke questionnaire.  However, this study’s endpoint was a decrease in functional ability rather than an emergency admission to hospital. A literature review of the main databases, including Medline, Cinahl and Embase, did not reveal a similar study in the UK.  Two studies on predisposing factors for emergency admissions in the elderly did not develop predictive models.5,20
If programmes to reduce the demand on hospital acute admissions in the UK are to succeed, there is a need to identify people at risk of an admission in order to ensure that resources are focused on individuals who will get maximum benefit.  The aim of this study was to develop and validate a new evidence-based tool for use to identify older people at high risk of an acute admission to hospital in the UK.

2. Method

Setting

The study took place in Halton, a health district covering the towns of Runcorn and Widnes. It is the twenty-first most deprived health district with high mortality rates ranking fourth highest in the country 21 (All cause SMR of 120).  The total population size for people aged 75 years of age and over was 7140.  The proportion of the population from an ethnic minority is very small, 1.2%. All seventeen GP practices within the PCT were recruited to participate in the study. 

Pilot study

One practice (Castlefields) was selected to act as a pilot to obtain information and test out relevant items for inclusion in the questionnaire and to gain initial estimates for a sample size calculation. Castlefields already had a track record of proactive management of people with long term conditions22 and Read-coded all clinical encounters, including hospital episodes and some social factors.  

A retrospective analysis of twelve months’ unplanned hospital admissions of the Castlefields 75 year olds and over was carried out.  The practice database was interrogated for likely pre-disposing risk factors.  Nine factors appeared to be independently associated with unplanned admissions in older people aged over 75 years: male gender, history of fall/s in the previous twelve months, ischaemic heart disease, respiratory disease, atrial fibrillation, cancer, having leg ulceration, living alone without help and having difficulty with mobility. 

Development of the questionnaire

The factors found in the pilot study were combined with criteria from the American literature15-18 to produce a simple self-completed questionnaire.  The questionnaire (Figure 1) consisted of twenty yes/no questions with no option for ‘don’t know’.  The questionnaire complied with seven of the thirteen factors described by Edwards et al23 as being conducive to improving return rates. The questionnaires were posted to all those aged 75 years and over. They were accompanied by a personalised letter from each person’s GP and a fact sheet as to the purpose of the research.  A prepaid envelope was provided along with contact details of the research team.  There were no financial incentives.

Selection of sample

The Health Agency’s database was used to identify potential participants. Of the 7140 people aged 75 years and over, 6951 people registered with 16 practices were available to participate. The pilot practice (Castlefields) was excluded as it had been used to generate the items on the questionnaire. Sample size for a logistic regression was calculated using the formula given in Hseih (1998)24. Using estimates from a logistic regression in the pilot study, and allowing for non-response of up to 25%, and clustering of people within GP practices, measured by an intra-class correlation coefficient, the final sample size was 4000. A stratified random sample of 150 males and 150 females were sampled from each practice; all males and females were included if fewer than 150 males and/or females were available. The rationale for the design of the study including the sample size calculation is described in more detail in Lancaster et al (2005)25. 
Administration of questionnaire

Two research assistants double-checked the list of people to be included in the sample with appropriate practices to avoid the unfortunate circumstance of sending a questionnaire to someone who had died recently and to ensure that age and postcodes fitted the selection criteria.  The general practitioners were given the option to exclude anyone from the study whom they felt was unsuitable, such as someone in the terminal phase of cancer or suffering with a severe mental illness.   

Two reminder letters were sent out at three week intervals.  When requested, the research assistants visited nursing homes to help complete the questionnaire.  All the returned questionnaires were scanned via an optical reader into an Access database.   

Monitoring for Admissions or Deaths within the Time Period

All unplanned hospital medical admissions were observed for twelve months following the date of return of the questionnaire for each participant using Hospital Episodes Statistics (HES) data covering the monitoring period 22nd March 2002 to 26th November 2003.  Records extracted from HES were linked to the questionnaire records using patient NHS numbers (Appendix 1). Where an NHS number was missing, matches were made using surname, forename and date of birth.  Records in the study sample were also linked to the Public Health Mortality File, which holds details of all deaths.   

Statistical analysis

Univariable associations between the emergency admission outcome and the twenty binary (yes/no) questionnaire items were assessed using logistic regression models. The associations were modelled while controlling for stratification by using fixed GP practice and gender effects. A p-value ( 0.20 was used to assess statistical significance of the effects for inclusion in a multivariable logistic regression. Multivariable logistic regression models were then fitted using a forward stepwise selection procedure, controlling for fixed practice and gender effects. Model calibration was assessed using the Hosmer-Lemeshow goodness-of-fit statistic26. Residual and diagnostic plots were examined to check the validity of the fitted model27 and a sensitivity analysis was carried out to investigate the robustness of the model by omitting influential points identified in the plots. The discriminative ability of the model was assessed using the area under the Receiver Operating Characteristic (ROC) curve and estimates of sensitivity (percentage of emergency admission cases correctly identified by the model) and specificity (percentage of non-emergency admissions correctly identified by the model) derived. 

The final model was validated in two ways, firstly using bootstrap validation to assess internal bias in model discrimination28, and secondly, the model was externally validated using a split-sample approach by first developing a model using data from one half of the district (Widnes), and then applying it to data from the other half (Runcorn).  Sensitivity analyses were carried out to assess the effect of missing data on the final model. The final model scores were used to divide people into very high, high, moderate, and low risk groups for emergency admission, and an algorithm for adoption in general practice is suggested based on the positive predictive value of the model (percentage of true emergency admission cases identified by the model). 

Two subgroup analyses were also performed to investigate what factors affected the likelihood of having an emergency admission if a person had already been admitted within the previous 12 months, and to determine whether risk factors for death were similar to those for predicting an emergency admission.

3. Results

Of the 6951 eligible participants, using the sampling system described earlier, 3999 people were selected.  A total of 350 individuals were removed because of the following reasons:  187 had died, 77 had an ineligible age or postcode, 71 had left the area and 15 were removed on the advice of GPs.    

A total of 3649 questionnaires were sent out over a nine month period. 302 (8.3%) people declined to participate and 305 (8.4%) did not respond, even after a second reminder. 3032 people (83%) completed and returned the questionnaire.  

A total of 696 individual patients (23%) in the study sample had at least one emergency admission to hospital during the 12 months following completion of the questionnaire.  Some patients were admitted more than once during the relevant period – giving a total number of 1050 emergency admissions for study patients. Within the monitoring period 246 patients in the study sample died, of these 169 had also had at least one emergency admission.  

The results of the univariable analysis are given in Table 1, and show that fifteen of the twenty items were significantly associated with having an emergency admission (p<0.05).  Of these fifteen predictors, six were included in the multivariable model (Table 2). Sensitivity analysis omitting an influential group of 61 subjects who had answered favourably on the six items in the fitted model, did not substantially affect the parameter estimates. 

In the final model, out of 3032 returned questionnaires, 395 (13%) had to be excluded because of missing data on one or more of the questionnaire items. However, a missing data analysis using simple imputation methods indicated that the missing data did not affect the overall results or discriminative ability of the model and so the original model was retained.  The Hosmer-Lemeshow goodness-of-fit statistic showed that the model fit was acceptable (Chi-squared = 9.47 on 8 d.f., p = 0.304). The area under the ROC curve (AUC) was 0.695 (95% CI 0.671 to 0.719) indicating that the model gave acceptable discrimination26. The bootstrap estimate of the optimism in the AUC was 0.0045, giving an internally valid estimate of the AUC of 0.690, indicating that the model had minimal internal bias which might result in an over-optimistic performance29. 

The model was then developed using data from one half of the health district (Widnes) only. The stepwise selection procedures obtained the same predictive factors on the Widnes data as for the model fitted to the full dataset. When this model was tested on the data from the other half of the district (Runcorn) the external estimate of the AUC was 0.669 (95%CI 0.630 to 0.709). 

Having had an emergency admission in the previous 12 months was the strongest predictor in the model.  To investigate the risk factors for readmission in this susceptible subset of 552 patients who reported a previous admission, an additional model was fitted. The selected factors differed from those for the model in Table 2 in that leg ulcers and memory problems no longer made a significant contribution, but living alone (OR 1.63, 95% CI: 1.09 to 2.44), male gender (OR 1.56, 95% CI: 1.03 to 2.38) and having a bereavement within the last 6 months became important risk factors (OR 1.74, 95% CI: 0.96 to 3.16).

When death was considered as the outcome (including deaths after an emergency admission) the most significant factors were male gender (OR 2.04, 95% CI: 1.50 to 2.82) and not being able to get out of the house without help (OR 2.54, 95% CI: 1.71 to 3.77). Other factors predicting death that did not predict emergency admission were breathing problems (OR 1.53, 95% CI: 1.11 to 2.10), not having a flu vaccination the previous winter (OR 1.50, 95% CI: 1.08 to 2.07), regularly taking four or more prescribed medicines (OR 1.53, 95% CI: 1.08 to 2.16) and not being able to bath or shower without help (OR 1.57, 95% CI: 1.07 to 2.32).  Heart problems were not a significant predictor of this outcome.

Scoring and prediction

Optimal sensitivity and specificity were explored to find a classification rule for emergency admission. A probability cut-off of 0.21 optimised both sensitivity (63.4%, 95% CI, 59.5% to 67.1%) and specificity (63.8%, 95% CI, 61.7% to 65.9%).  Using this cut-off, a predicted probability >0.21 classified a patient as an emergency admission. The probability of emergency admission in the following 12 months, constructed for all combinations of the six predictive factors, is given in Table 3. 

A simplified scoring scale was constructed from the coefficients of the final model. The score is calculated starting with a Score = 10. The score is then adjusted accordingly if the answer is ‘Yes’ to any of the following questions:

Do you have heart problems? +3 

Do you have leg ulcers? +4 

Can you go out of the house without help? -5

Do you have problems with your memory and get confused? +4

Have you been admitted to hospital as an emergency in the last 12 months? +8

Would you say the general state of your health is good? - 4

If the answer is ‘No’ or ‘Don’t Know’, no change is made to the score. 

The lowest possible score is 1 and the highest 29. The starting score of 10 is to avoid the possibility of a minus score. 

Using this scale, a binary cut-off score of 6 optimised both sensitivity and specificity. A scoring system of 1 to 10, 11 to 15, 16 to 20 and 21 to 29 usefully categorised subjects into low, moderate, high and very high risk groups, as illustrated in Table 4. Table 4 shows that the very high-risk group had a positive predictive value of 55% and accounted for a substantial proportion (18%) of the subsequent admissions. An Excel macro is available from the authors for making the score and probability calculations for a given set of patient characteristics. 

4. Discussion

A number of initiatives to reduce emergency admissions to hospital have been undertaken but an evidence-based method for selecting elderly people at most risk has been lacking. Our study has taken a systematic approach to identifying important risk factors that have been combined into a simple tool, the Emergency Admission Risk Likelihood Index (EARLI – figure 2). The factors considered here were chosen from the literature and previous pilot work and were therefore evidence-based. Of the six predictive factors left in the final model, two related to clinical outcomes, one each to general health, social problems, mental health and previous emergency hospitalisation.

EARLI is self-completed and, therefore does not use precise medical terms and the response depends on the perception of the individual answering the questions. Heart disease is well recognised as a frequent cause for emergency admissions2,3,15-19  In EARLI ‘Heart Disease’ becomes ‘Heart Problems’ which potentially includes Coronary Heart Disease, Heart Failure, Valve Disease and Dysrhythmias. The selection of ‘leg ulcers’ into the model is interesting. One possible reason is the potential concurrent deterioration of or increased severity of underlying diseases, such as diabetes. Although diabetes itself was not found to be independently related to an emergency admission, it may be that those with leg ulcers are more vulnerable. The standard treatment for venous leg ulcers is the application of compression bandages.30 However, large variability in the way the bandages are applied and the pressures achieved have been observed.31 So, poor quality of care is another possible explanation. ‘Can you get out of the house without help?’ relates to an individual’s mobility and independence. It makes sense that someone answering ‘Yes’ is less likely to experience a subsequent emergency admission. Many people with dementia are at an increased risk of being admitted as an emergency and  some because there are no suitable alternatives32. A previous emergency admission was the most important factor as has been reported in many previous publications.15-19 The general health question has also previously been cited as an indicator for future emergency admission33,34. 

Two other items, ‘being able to take a bath or shower without help’ and ‘being prescribed four or more medicines’ were also possible contenders for the model particularly when missing data were imputed as ‘favourable’. The former was correlated with the other social variable ‘get out of the house without help’ and the latter was not considered to be as relevant today as it once might have been because people with long-term conditions can now take many multiple medicines. Since inclusion of these two variables did not substantially affect the parameter estimates for the other six variables or affect the discriminatory ability of the model they were not considered further.

Implications for policy and practice

The decision to choose four rather than three distinct risk groups was to enable practices to decide the prioritisation of resources. In this way the tool selects a small proportion (6%) of the total population at very high risk (55%) of emergency admission. Scarce resources, such as the community matrons7 or the Advanced Primary Nurses of Evercare,8 could then first of all be deployed to these people with greatest risk. If resources permit the high-risk group could then also be targeted, where approximately 1 in every 2 people will become an emergency admission.

The tool consists of medical elements, social elements and the individual’s opinion about their current state of health. It does not require a retrospective, time-consuming trawl through hospital and primary care databases which are often incomplete and out-of-date.  Moreover, it is very simple to apply. It can be posted to patients for them to self-complete, or completed whilst patients are sitting in waiting rooms, queuing for their flu vaccination, or during a consultation with any health professional. At six questions long and with a simple scoring system, it would take up only a few moments, a not too daunting prospect for even the most hard-pressed general practitioner.

There are admission avoidance interventions that can be made for specific disease areas, eg, heart failure35 and Chronic Obstructive Pulmonary Disease36. The King’s Fund have recently published the Patients at Risk of Re-hospitalisation (PARR) case-finding tool37 which identifies patients who have already had an admission and cross-matches their inpatient data with primary care and other data on utilisation of care to predict future risks. The analysis requires skill at scrutinising different datasets, is retrospective and is focused only on those who have had an admission. EARLI uses real time data to help identify high-risk patients and is not resource intensive or require the interrogation of several databases.  

Community matrons7 and the Evercare model8 are focused on patients with a ‘high risk’ of a subsequent acute hospital admission rather than being disease specific. In the absence of a tool such as the one described in this study, the criteria have largely been limited to patients with multiple admissions in the previous twelve months. Unfortunately, this criterion has its limitations. Roland et al14 showed that, over time, a cohort of patients with a high number of admissions regress to the mean. In addition, Lyratzopoulos et al38 demonstrated that patients were most frequently readmitted in the early period after discharge, one third within 28 days and over half within 3 months. An editorial by Morrison39 concluded that there is a clear need for better ways to identify patients at high risk of admission other than simply their previous admission history.  

EARLI complements disease specific approaches as it can be applied to large numbers of people easily and gives a real-time prediction of the risk of admission in the next twelve months. It is also a simple way to identify ‘high risk’ patients for case management. The 6% identified at very high risk in EARLI account for 18% of the total subsequent admissions (Table 4). If admissions can be reduced by a third in this group alone, then the Public Service Agreement target40 for reductions in acute admissions will be achieved. 

Implications for research
EARLI may be adopted in randomised controlled trials to test admission avoidance schemes by providing control and intervention groups of those at high and low risk of having an admission. 

Further work needs to be done to validate the tool. The tool was designed using only a survey of people aged over 74 years old. It needs testing to ensure it is applicable to a younger age range, in particular 65 to 74 years old. It was also developed in Widnes and Runcorn, which are almost uniformly deprived and with a small ethnic minority. The tool therefore needs to be validated in a variety of settings to check its generalisablility.

Conclusion

In this study we have developed and validated a tool for identifying older people in the UK who are at risk of having an emergency admission within the following 12 months.  The tool is evidence-based, easy to complete and can be used in a variety of settings.  It facilitates selection of older people for targeted invention that could help achieve the PSA targets and reduce demand on hospitals.  It could also be used to identify a cohort of people to test different interventions in future research projects. 

What is already known about this topic

No evidence-based tool currently exists for identifying older people at risk of having an emergency admission to hospital, despite several initiatives to target such individuals being currently undertaken eg. Evercare.  People are currently identified by criteria relating to multiple admissions in the previous 12 months.

What this study adds

An evidence-based tool consisting of six items has been developed and validated to use in identifying older people at increased risk of admission.

The tool can be used in research to target these individuals for appropriate intervention, and in general practice to target resources.
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Appendix

Fields that were collected from PHMF

· Master Id – key identifier field to match to research database

· GP Practice code

· Monitoring Period Start Date

· Monitoring Period End Date

· Primary Diagnosis Code – ICD 10 code identifying reason for admission

· Spell Start Date 

· Discharge Date 

· Discharge Destination Code – identifies where patient was discharged to or if patient died

· Specialty Code – identifies the Hospital Specialty the patient was admitted to.

Table 1

Univariable associations between Emergency Admissions (EA) within next 12 months and predictive items (modelled with practice fixed-effect and controlling for sex):

	Questionnaire item


	Number out of total EA
	Number out of total non-EA
	Odds Ratio 

(95%CI)
	p-value

	Q1: Diabetes

       
	103/668
	265/2240
	1.360 

(1.062 to 1.743)
	0.0150

	Q2: Lung or breathing problems

       
	289/667
	683/2250
	1.727 

(1.443 to 2.067)
	<.0001

	Q3: Heart problems

       
	309/673
	725/2252
	1.766 

(1.479 to 2.107)
	<.0001

	Q4: Stroke

       
	128/662
	271/2222
	1.741 

(1.380 to 2.197)
	<.0001

	Q5: Cancer (excl skin cancer)


	63/661
	181/2213
	1.177 

(0.869 to 1.594)
	0.2911

	Q6: Depression

       
	156/664
	357/2201
	1.618 

(1.304 to 2.006)
	<.0001

	Q7: Bladder/Water problems

       
	326/676
	847/2251
	1.565 

(1.314 to 1.865)
	<.0001

	Q8: Leg ulcers

       
	81/659
	132/2199
	2.213

 (1.649 to 2.971)
	<.0001

	Q9: Lives alone

       
	309/682
	1046/2298
	0.991 

(0.829 to 1.184)
	0.9169

	Q10: Help if ill

         
	571/677
	1899/2286
	1.116 

(0.881 to 1.413)
	0.3643

	Q11: Get out of the house without help

         
	412/682
	1817/2295
	0.375 

(0.310 to 0.454)
	<.0001

	Q12: Bath or shower without help


	406/683
	1784/2298
	0.408 

(0.339 to 0.491)
	<.0001

	Q13: Eyesight interferes with life

        
	226/677
	527/2280
	1.667 

(1.380 to 2.014)
	<.0001

	Q14: Problems with memory

       
	256/675
	565/2258
	1.856 

(1.544 to 2.232)
	<.0001

	Q15: Flu vaccination last winter

        
	483/686
	1655/2314
	0.943 

(0.780 to 1.140)
	0.5436

	Q16: Regularly take four or more medicines

        
	461/685
	1189/2295
	1.957 

(1.632 to 2.346)
	<.0001

	Q17: Emergency admission last 12 months

        
	222/680
	330/2288
	2.872 

(2.353 to 3.504)
	<.0001

	Q18: Fallen to floor within last 3 months 

        
	157/683
	333/2288
	1.775 

(1.432 to 2.200)
	<.0001

	Q19: Bereavement within last 6 months

        
	75/678
	209/2279
	1.228 

(0.927 to 1.626)
	0.1519

	Q20: State of health is good

        
	360/671
	1651/2252
	0.420 

(0.350 to 0.502)
	<.0001


Table 2

Logistic regression of multivariable associations between Emergency Admissions (EA) within 12 months and predictive items (modelled with practice fixed-effect and controlling for sex):

	Questionnaire item


	Number out of total EA
	Number out of total non-EA
	Odds Ratio 

(95%CI)
	p-value

	Q3: Heart problems

       
	276/614
	608/2023
	1.404 

(1.147 to 1.718)
	0.0010

	Q8: Leg ulcers

       
	71/614
	115/2023
	1.458

(1.042 to 2.040)
	0.0278

	Q11: Get out of the house without help

         
	371/614
	1609/2023
	0.596

(0.474 to 0.750)
	<0.0001

	Q14: Problems with memory

       
	234/614
	480/2023
	1.464

(1.186 to 1.807)
	0.0004

	Q17: Emergency admission last 12 months

        
	199/614
	274/2023
	2.164

(1.723 to 2.719)
	<0.0001

	Q20: State of health is good

        
	329/614
	1512/2023
	0.657

(0.527 to 0.818)
	0.0002


TABLE 3

	Probability of Emergency Admission in next 12 months (95%CI)
	Emergency Admission in last 12 months = Y


	EA in last 12 months = N

	
	Need help to get out = Y


	Need help to get out = N


	Need help to get out = Y


	Need help to get out = N



	
	Poor health = Y


	Poor health = N


	Poor health = Y


	Poor health = N


	Poor health = Y


	Poor health = N


	Poor health = Y


	Poor health = N



	Memory problems = Y
	Heart problems = Y
	Leg ulcers = Y


	.71

(.56 to .83)
	.62

(.44 to .77)
	.59

(.42 to .75)
	.49

(.31 to .67)
	.54

(.39 to .69)
	.44

(.28 to .61)
	.41

(.26 to .58)
	.32

(.19 to .49)

	
	
	Leg ulcers = N


	.63

(.48 to .75)
	.52

(.37 to .67)
	.50

(.35 to .65)
	.40

(.25 to .56)
	.45

(.32 to .58)
	.35

(.23 to .49)
	.33

(.21 to .47)
	.24

(.15 to .37)

	
	Heart problems = N


	Leg ulcers = Y


	.64

(.48 to .77)
	.53

(.37 to .69)
	.51

(.34 to .67)
	.41

(.25 to .58)
	.46

(.32 to .61)
	.36

(.23 to .51)
	.34

(.21 to .49)
	.25

(.14 to .40)

	
	
	Leg ulcers = N


	.54

(.41 to .67)
	.44

(.30 to .59)
	.42

(.28 to .57)
	.32

(.20 to .47)
	.37

(.26 to .49)
	.28

(.18 to .40)
	.26

(.17 to .38)
	.19

(.11 to .29)

	Memory problems = N
	Heart problems = Y


	Leg ulcers = Y


	.63

(.47 to .76)
	.52

(.36 to .68)
	.50

(.34 to .66)
	.40

(.24 to .57)
	.45

(.31 to .60)
	.35

(.22 to .50)
	.33

(.20 to .48)
	.24

(.14 to .38) 

	
	
	Leg ulcers = N


	.53

(.40 to .66)
	.43

(.29 to .58)
	.41

(.27 to .55)
	.31

(.19 to .46)
	.36

(.25 to .48)
	.27

(.17 to .39)
	.25

(.16 to .36)
	.18

(.11 to .28)

	
	Heart problems = N


	Leg ulcers = Y


	.54

(.39 to .69)
	.44

(.29 to .60)
	.41

(.27 to .58)
	.32

(.19 to .48)
	.37

(.25 to .50)
	.27

(.17 to .41)
	.26

(.16 to .39)
	.18

(.11 to .30)

	
	
	Leg ulcers = N


	.45

(.33 to .57)
	.35

(.24 to .48)
	.33

(.22 to .46)
	.24

(.15 to .37)
	.28

(.20 to .38)
	.21

(.14 to .30)
	.19

(.13 to .28)
	.13

(.08 to .21)


TABLE 4

Number (%) of emergency admissions in following 12 months within each risk group defined by EARLI index

	
	
	Those with no emergency admission
	Emergency admissions in following 12 months

	EARLI Score
	Risk group
	Number (%) of people
	Number (%) of people
	Number (%) of admissions

	0-10
	Low
	1621
	(83%)
	335
	(17%)
	442
	(48%)

	11-15
	Moderate
	226
	(70%)
	98
	(30%)
	156
	(17%)

	16-20
	High
	105
	(53%)
	94
	(47%)
	153
	(17%)

	21-29
	Very high
	71
	(45%)
	87
	(55%)
	171
	(18%)

	Total
	-
	2023
	(77%)
	614
	(23%)
	922
	-
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