
Understanding drivers of emergency admissions for ambulatory care-sensitive conditions 

 

Summary 

The analysis undertaken has explored different approaches to modelling emergency admissions 

for ambulatory care-sensitive conditions and has explored data for two different years – 2011/12 

and 2012/13. Across the different models developed, the factors that are important in determining 

the level of ACSC emergency admissions are fairly consistent and correspond with those identified in 

the literature looking at this topic. In order to quality assure this work we asked external academics 

to peer review our work and suggest further areas we could explore in future work. Therefore we 

are confident that the variables identified as being important drivers are the key ones. The work 

identified two policy variables/internal factors identified as having an impact on rate of emergency 

admissions which GPs and CCG could influence, these were: 

 The proportion of people who said they found it ‘very easy’ to get through to somebody at 

their GP surgery on the phone 

 The proportion of people who stated that they could ‘always or almost always’ see their 

preferred GP if they had one and had tried to make an appointment with them 

 

Conceptual framework: Our model is based on Martin Roland’s (2013) description of the pathway to 

emergency admission, and is similar to that described in NHS England’s recent Urgent and 

Emergency Care Review publication. Box 1 shows how we have adapted the pathway to include 

factors outside of the NHS’s control 
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Aims of the analysis: Our analysis aims to unpick the relative contributions of internal and external 

factors as outlined above, in determining the rate of emergency admissions for ACSCs. In doing so, 

we hope to be able to advise CCGs as to which parts of the pathway they should focus on when 

trying to reduce avoidable emergency admissions. 

We focus in particular on primary care interventions, which we expect to be effective for the set of 

conditions identified as being ambulatory care sensitive. We define ‘internal factors’ as those which 

are predominantly under the control of NHS agents, and ‘external factors’ as those which are not. 

We acknowledge that this differentiation is complicated by factors which are only partly affected by 

the NHS, such as the health consequences of deprivation and socio-cultural norms. 

 

Analytical methodology: We have used a multivariate regression model to analyse the importance 

of different factors in explaining the rate of emergency admissions. As will be outlined in the section 

of the paper looking at independent variables, there does appear to be several explanatory factors 

which need to be included in the model. The interaction between these factors, which is also 

outlined in this later section suggests that bivariate modelling is not appropriate, so we use a 

multiple regression analysis framework to analyse the data. We observed that it was likely that there 

was some endogeneity in the model, as some of the explanatory factors we included in the 

multivariate analysis were influenced by the rate of emergency admissions for ACSCs, this means 

that our estimates of the parameters of the model could be biased. 

In order to try to correct for this issue, we looked at using instrumental variable estimation. We 

outline later in the technical annex which instrumental variables we used and how they were 

selected. The will also outline how and why we finally decided on the model we used to identify the 

policy variables CCGs and GPs can influence and how the information gathered using these different 

modelling approaches informed the choice of final model. 

 

Unit of analysis:  We have chosen GP practices as our unit of analysis, as the emergency admissions 

we are analysing are amenable to primary and community care. Therefore, variation in care between 

practices provides the richest available source of information about the relationship between NHS 

services and our dependent variable. 

 

Variables and data sources: The table below sets out the data sources we have used to assemble as 

many variables of interest as possible given constraints on data availability. The right-hand column 

sets out our hypothesis for the relationship between the variable set and emergency admissions for 

ACSCs. We initially carried out the analysis using data for 2011/12 GP Patient Survey, but we 

repeated the analysis with data from 2012/13. Annex 1 includes a comprehensive list of variables 

collated for the present analysis. 

 

 



Table 1 – Variables and data sources 

Variable Set Variable Definitions Data Source Hypothesis 

Emergency 

admissions for 

ACSCs 

The standardised rate per 1000 practice 

population of emergency admissions for 19 

ACS conditions. 

NHS Comparators/HES 

2011/12 and 2012/2013 

(Level of detail: GP 

Practice-level) 

N/A 

Deprivation Proportion of children aged 0–15 years living 

in income deprived households as a 

proportion of all children aged 0–15 years; 

Adults aged 60 years or over living in pension 

credit (guarantee) households as a proportion 

of all those aged 60 years or over. 

 

Proportion of adults in full-time and part-time 

employment. 

PHE Public Health 

Profiles 2012 

(Level of detail: GP 

Practice-level) 

 

 

 

GP Patient Survey 

(GPPS) and 2012/2013 

(Level of detail: GP 

Practice-level) 

Deprivation leads to more 
risky behaviour, higher 
prevalence and poorer 
community and primary 
care. 
 
(+ve association) 

Demographics Proportion of practice population aged 0-4, 5-
14, 65+, 75+, 85+; 
Proportion of practice population male. 

PHE Public Health 
Profiles 2011 
(Level of detail: GP 
Practice-level) 

Very young children and 
older people are at higher 
risk of emergency 
admission for an ACSC. 
(+ve association) 

Need Prevalence of smoking; Mean EQ-5D score GP Patient Survey 

(GPPS) 2011/12 and 

2012/13.  

(Level of detail: GP 

Practice-level) 

Practices with more need 
will have a higher rate of 
admission. 
(+ve association) 

Informal care Provision of informal care amongst adults GP Patient Survey 

(GPPS) 2011/12 and 

2012/13 

(Level of detail: GP 
Practice-level) 

We use this as a proxy for 
need for support. However, 
it may also be that informal 
care acts as a substitute for 
formal (hospital) care, 
meaning a negative 
association. 
(ambiguous net 
association) 

Social care 

resources 

Total net current expenditure on adult social 

care, per needs-weighted population. Data 

imputed for 3 local authorities. 

% total net current expenditure on adult social 

care spent on different need/age groups. 

PSSEX1 out-turn, HSCIC 

2011/12 and 2012/13 

(Level of detail: Local 

authority) 

Practices in Las with more 
social care expenditure are 
able to better manage 
ACSCs in the community. 
(-ve association) 

Institutional 

care 

Rate of permanent admissions to care homes, 

per needs-weighted head of population 

ASCOF, HSCIC 2011/12 

and 2012/13 

(Level of detail: Local 

Ambiguous. More 
admissions may proxy for 
greater need. However, 
those in institutional 



authority) (particularly nursing home) 
care may be less likely to 
be admitted to hospital. 

Primary care 

access 

Variables capturing ease with which people 

are able to get through to their GP surgery on 

the phone; the helpfulness of receptionists at 

the surgery; how satisfied patients are with 

opening hours; and whether people were able 

to book an appointment on their preferred 

day, with their preferred GP and using their 

preferred method. 

GP Patient Survey 

(GPPS) 2011/12 and 

2012/13 

(Level of detail: GP 

Practice-level) 

Improved access to primary 
care reduces emergency 
hospital admissions for 
ACSCs. 
(-ve association) 

Primary care 
support 

Variables capturing how supported patients 
feel to manage any long-term conditions and 
how confident they feel to manage their own 
health. 

GP Patient Survey 

(GPPS) 2011/12 and 

2012/13 

(Level of detail: GP 

Practice-level) 

More supported patients 
are less likely to be 
admitted to hospital in an 
emergency. 
(-ve association) 

Primary care 
out-of-hours 

Variables reflecting how easy it is to contact a 
GP practice’s out of hours service, and the 
quality of this service in terms of its 
timeliness, how confident patients are in the 
care and their overall experience of the 
service. 

GP Patient Survey 

(GPPS) 2011/12 and 

2012/13 

(Level of detail: GP 
Practice-level) 

Patients who are 
supported by out-of-hours 
services are less likely to be 
admitted to hospital in an 
emergency. 
(-ve association) 

GP quality Variables which capture patients’ ratings of 
their GP in terms of the GP giving them 
enough time, listening to them, explaining 
tests and treatments, involving the patients in 
decisions about their care and treating them 
with care and concern. 

GP Patient Survey 

(GPPS) 2011/12 and 

2012/13 

(Level of detail: GP 
Practice-level) 

Higher quality GPs will 
prevent their patients from 
being admitted to hospital 
in an emergency for an 
ACSC. 
(-ve association) 

Nurse quality Variables which capture patients’ ratings of 
their nurse in terms of the GP giving them 
enough time, listening to them, explaining 
tests and treatments, involving the patient in 
decisions about their care and treating them 
with care and concern. 

GP Patient Survey 

(GPPS) 2011/12 and 

2012/13 

(Level of detail: GP 
Practice-level) 

Higher quality nurses will 
prevent their patients from 
being admitted to hospital 
in an emergency for an 
ACSC. 
(-ve association) 

Primary care 

resources 

Number of GPs, per needs-weighted 

population 

HSCIC 2011  

(Level of detail: GP 

Practice-level) 

More primary care 
resources improves 
identification and 
management of ACSCs in 
the community, and less 
emergency hospital 
admissions 
(-ve association) 

 

Notable omissions from the conceptual framework include: 

 Socio-cultural norms: This is an important but inherently difficult set of variables to quantify. 

To some extent norms will be captured by demographic factors (including age and ethnicity), 

deprivation and will vary in line with other public health factors. 



 Triage expertise: We have not analysed the rate at which A&E attendances are converted 

into emergency admissions for two reasons. First, we aim to focus on primary care 

interventions, which we hypothesise will be most important for ACSCs. Second, we have not 

had time to extract A&E attendances for these conditions from HES. The closest proxy that is 

readily available would be total A&E attendances, which may not vary in line with A&E 

attendances for ACSCs. 

 

Data collation and cleaning: Data available at practice-level were automatically merged based on 

their practice code. Local authority variables were merged into the individual-level GPPS dataset. In 

turn, practice-level GPPS and local authority variables were created by collapsing individual-level 

data into practice means or proportions, using survey weights included in the dataset. 

For three local authorities, total net social care expenditure was missing for 2011/12. We imputed 

these values as predictions from the regression of 2011/12 total net social care expenditure on 

2012/13 expenditure. When data was missing in 2012/13 we used values from 2011/12, which was 

available for these local authorities. 

The diagram below sets out our approach to cleaning the practice-level dataset using the 2011/12 

GP Patient Survey data numbers as an example of how this affected the number of observations in 

the analysis. 

 

 

 

 

 

 

 

 

 

 

 

 

Box 2 – Data cleaning 

We have included descriptive statistics for dropped and retained GP practices at the point in the 

process with the most dropped observations. In the first step 1,835 (18%) observations for which we 
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have emergency admissions data but no GP workforce data were dropped. 98.5% of these 

observations reported zero emergency admissions for the year 2011/12. We believe these 

observations are a combination of discontinued practices and non-practice codes (for example 

Practice Code - B82634, Practice Name – Compass Selby (drug and alcohol service)). These practices 

do not feature in our other datasets, and we have not used them in the multivariate analysis. 

Dependent variable: Figure 1 shows the distribution of emergency admissions for ACSCs at GP 

practice (using 2011/12 data), before and after the data cleaning (note different y-axis scale), with 

the normal distribution overlaid. 

Figure 1 – Histogram of emergency ACSC admission rate, before (above) and after (lower) data 
cleaning 

 

 

The data retain a right-skew but the concentration at zero has disappeared. Therefore, we use as our 

dependent variable the natural log of the standardised emergency admission rate at GP practice-

level, illustrated in Figure 2. 

 



Figure 2 – Histogram of natural log of emergency ACSC admission rate 

 

Independent variables: Scatter graphs of each independent variable against our dependent variable 

are shown in Annex 2. Given the complexity of our conceptual framework and our large sample size 

it is unsurprising to see relatively limited bivariate associations. Table 2 shows the six variables with 

the strongest bivariate relationships with our dependent variable. These associations are intuitive 

but we outline some references in the literature below which posit some causal mechanism to 

explain these findings. 

Table 2 – Bivariate relationships 

Variable Definition R2 from 
Bivariate 

Regression 

Total Net Current Social Care Expenditure (per needs-weighted person) 0.095 (-) 

% of population aged 0-4 0.120 (+) 

% of population who report being regular smokers 0.258 (+) 

Mean EQ-5D score 0.309 (-) 

Income deprivation amongst children 0.321 (+) 

Income deprivation amongst older people 0.331 (+) 

 

 Deprivation - Tian, Dixon and Gao (2012) show that the Index of Multiple Deprivation (IMD) 
is very strongly associated with the rate of emergency admissions for ACSCs at Lower Super 
Output Area (LSOA) level. The authors suggest that the association may be caused by a 
higher prevalence of long-term conditions in more deprived areas, poorer access to primary 
care and preventive interventions in deprived areas and because people from these areas 
exhibit higher prevalence of risky behaviours (e.g. smoking). Our bivariate analysis also 
shows a strong association between emergency ACSC admissions and deprivation at GP 
practice-level.  



We have not used the IMD because the index includes a health domain, which in turn 
includes an emergency admission measure, leading to a degree of circularity1. Instead, we 
use two measures of income deprivation published at GP practice level in the National 
General Practice Profiles2. Both are very strongly associated with the rate of emergency 
admissions for ACSCs. 

 

 Age profile - Data published in the NHS Outcomes Framework and presented in Figure 3 also 

supports the finding that very young children are one of the groups at highest risk of an 

emergency admission for an acute or chronic ACSC. Interestingly, the proportions of people 

aged over 65, 75 and 85 are less strongly associated with emergency admission rates for 

ACSCs. For this reason we include the four age variables as controls in subsequent analysis. 

Figure 3 – Age and emergency admissions for ACSCs 

 

 Smoking rates - The proportion of people who report smoking regularly is also strongly 

associated with the rate of emergency admissions for ACSCs. Again, this intuitive result is 

supported by the literature (see, for example, Sims, Maxwell and Gilmore (2013)). However, 

as noted above, there is a very strong positive correlation between deprivation and smoking, 

so unpicking the marginal effect of each of these variables requires multiple regression 

analysis. 

 Social care expenditure - Need-weighted expenditure on adult social care is perhaps the 

most unexpectedly strong bivariate association. The finding implies that increasing 

expenditure on adult social care leads to lower rates of emergency admissions to hospital for 

ACSCs. However, there are likely to be various factors at work, including the adequacy of the 

need adjustment. 

                                                           
1
 See 

http://webarchive.nationalarchives.gov.uk/20120919132719/http://www.communities.gov.uk/documents/co
mmunities/pdf/733520.pdf 
2
 See http://www.apho.org.uk/PRACPROF/.  
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 EQ5D - An inverse relationship between health-related quality of life (mean EQ-5D score) 

and emergency admissions for ACSCs is also intuitive. 

 

Model specification: Given the framework in Box 1 and the data limitations described above, we 

begin with the linear additive specification in Equation 1.  

Equation 1 

                                                                    

                                            

                                                      

                     

where        8036 denotes GP practice. 

OLS: We start by estimating the model using OLS, and report various specifications in Table 3. Model 

1 is the comprehensive OLS model, with all of our explanators included. In Model 1.1 we drop 

several variables which we suspect may be endogenous. Endogeneity is explored in greater detail 

below. In Models 1.2-1.4 we drop clusters of insignificant variables, where clustering is defined by 

likely multi-collinearity. The clusters were F-tested as multiple exclusions. 

A summary of variable names and definitions is shown in Annex 1 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



Table 3 – OLS estimates (using 2011/12 data) 

Variable Model 1 Model 1.1 Model 1.2 Model 1.3 Model 1.4 Model 1.4a 

Carer1     -0.293*** 
    

  

EQ_5D     -1.775***           

EnoughSupp1    0.104** 
    

  

ConfManHealth1      0.028           

age04     2.125*** 1.764*** 1.744*** 1.712*** 1.670*** 1.674*** 

age514   -0.053 0.231 0.256 0.281 0.340* 0.376** 

age6574      0.039 0.565** 0.594** 0.613** 0.659** 0.772** 

age7584   -0.893** -0.887** -0.889** -0.900** -0.906** -0.911** 

age85plus     1.076* 0.766 0.770 0.796 0.700 0.663 

Male1     0.209*** 0.240*** 0.238*** 0.241*** 0.206*** 0.211*** 

EmpFTWork    0.155** -0.143** -0.139** -0.138** -0.146** -0.159** 

EmpPTWork   -0.276** -0.598*** -0.590*** -0.586*** -0.588*** -0.579*** 

TakeTimeFmWk1   -0.226*** -0.318*** -0.322*** -0.320*** -0.316*** -0.308*** 

Rural2    -0.142** -0.166** -0.171** -0.174** -0.178** -0.182** 

Rural3     -0.058*** -0.071*** -0.072*** -0.073*** -0.178*** -0.072*** 

Rural4    -0.049 -0.081** -0.084** -0.087** -0.081** -0.081** 

Rural5    -0.098*** -0.121*** -0.123*** -0.125*** -0.117*** -0.119*** 

Rural6    -0.171*** -0.207*** -0.208*** -0.208*** -0.199*** -0.200*** 

Rural7    -0.084** -0.097** -0.099** -0.101** -0.106** -0.105** 

Rural8   -0.227** -0.274** -0.278** -0.284** -0.261** -0.263** 

idaci     0.337*** 0.455*** 0.458*** 0.447*** 0.412*** 0.401*** 

idaopi     0.718*** 0.775*** 0.773*** 0.776*** 0.805*** 0.841*** 

Smoke1    -0.074 -0.276*** -0.276*** -0.280*** -0.309*** -0.309*** 

Smoke4    0.915*** 1.142*** 1.148*** 1.142*** 1.156*** 1.171*** 

OOHEasy1     0.032 0.044** 
   

  

OOHEasy4    -0.051 -0.049         

OOHLong2    -0.024 -0.020 
   

  

OOHConf1   -0.015 -0.010         

OOHConf3    -0.022 -0.022 
   

  

OOHExp1     0.001 -0.008         

OOHExp5     0.015 -0.006 
   

  

PhoneAccess1    -0.103** -0.160*** -0.161*** -0.165*** -0.156*** -0.173*** 

PhoneAccess4     0.214** 0.249** 0.251** 0.250** 0.275** 0.242** 

RecepHelp1   -0.095** -0.092** -0.092** -0.091** -0.045   

RecepHelp4     0.026 0.049 0.015 0.005 0.002   

SatOpenHours1     0.181*** 0.235*** 0.241*** 0.240*** 0.285*** 0.323*** 

SatOpenHours5    0.058 0.135 0.110 0.104 0.089   

ConvOpenHours1    0.040 0.092 0.096 0.099 0.101   

AblePrefBkMeth    0.043 0.146** 0.144** 0.147** 0.154**   

AbleBkPrefDay    -0.014 -0.019 -0.018 -0.017 -0.014 -0.027 

AbleBkPrefGP   -0.171*** -0.182*** -0.180*** -0.171*** -0.160*** -0.163*** 

GPTime1   -0.030 0.047 0.049       



GPListen1   -0.114 -0.138 -0.139 
  

  

GPExplain1    -0.116 -0.131 -0.137       

GPInvolve1    -0.120 -0.131 -0.124 
  

  

GPTreat1    0.195** 0.227** 0.222**       

GPConfidence1    0.134** 0.131* 0.138** 
  

  

NurseTime1    -0.124 -0.114 -0.106 -0.110     

NurseListen1    -0.121 -0.126 -0.138 -0.159 
 

  

NurseExplain1      0.098 0.116 0.115 0.090     

NurseInvolve1    0.343** 0.364*** 0.367*** 0.339** 
 

  

NurseTreat1    0.015 -0.002 0.008 0.037     

NurseConf1    -0.011 0.019 0.019 0.068 
 

  

gprate     29.925*** 32.657*** 32.714*** 32.212*** 32.002*** 30.515*** 

totexppop   -0.601*** -0.750*** -0.753*** -0.755*** -0.793*** -0.751*** 

totexp65plus   -0.391** -0.424*** -0.418*** -0.410** -0.428***   

totexppsd     -1.505*** -1.680*** -1.689*** -1.700*** -1.747*** -1.416*** 

totexpld    -0.434*** -0.388** -0.381** -0.366** -0.370**   

totexpmh  -0.192 -0.254 -0.236 -0.222 -0.271 0.199 

instcareads1864    -21.573 -29.429 -30.446 -29.295 -28.421 -40.278* 

instcareadms65plus     52.269*** 58.343*** 60.234*** 59.865*** 64.067*** 62.949*** 

_cons     4.591*** 3.052*** 3.029*** 3.031*** 3.127*** 2.890*** 

N 7979 7979 7980 7980 7980 7980 

F 151.66 148.58 168.98 191.58 219.23 267.46 

r2 0.5389 0.5167 0.5159 0.5151 0.512 0.5106 

Legend:* p<.1; ** p<.05; *** p<0.001 

The majority of the coefficients have the expected signs under Model 1. Notable exceptions include 

the ‘Enough Support’ variable and the proportion of people in full-time employment. Under all 

models reported in the table, the RESET tests lead us to reject the null of no model misspecifications. 

We understand that this is not uncommon in this type of cross-sectional analysis. 

Several policy variables appear to explain variation in emergency admissions for ACSCs under the 

assumptions of the OLS model. Of particular note are the negative coefficients on very good phone 

access (PhoneAccess1), very helpful receptionists (RecepHelp1), and the ability to see one’s 

preferred GP (AbleBookPrefGP). Perhaps the most surprising finding is that the strong association 

between total social care expenditure per person (totexppop) and emergency admissions for ACSCs 

persists in the multiple regression analysis. This is particularly surprising given that we only have 152 

observations (local authorities) for social care data. One peer reviewer suggested that the strong 

association may be due to inadequate control for deprivation. The rate of permanent admissions to 

institutional social care amongst older people also appears to be positively associated with our 

dependent variable. 

Dropping the potentially endogenous variables in Model 1.1 has a modest but intuitive impact on 

coefficients for the remaining regressors. Overall, the goodness of fit is encouraging and its stability 

across Models 1.1-1.4 illustrate the insignificance of the dropped variables. 



We replicated this analysis using GP Practice and social care data for 2012/13 and the results 

appeared to be fairly consistent. 

Table 4 – OLS estimates (using 2012/13 data) 

Variable Model 1.1 Model 1.2 Model 1.3 Model 1.4 Model 1.4a 

age04 1.562*** 1.559*** 1.507*** 1.449*** 1.405*** 

age514 0.287 0.322* 0.351* 0.461** 0.574** 

age6574 0.445 0.452 0.480* 0.590** 0.747** 

age7584 -1.078** -1.063** -1.076** -1.055** -1.056** 

age85plus 1.198** 1.149** 1.151** 0.986* 0.910* 

Male1 0.214*** 0.205*** 0.207*** 0.166** 0.165** 

EmpFTWork -0.198*** -0.194*** -0.195*** -0.207*** -0.233*** 

EmpPTWork -0.603*** -0.609*** -0.609*** -0.619*** -0.608*** 

TakeTimeFromWork1 -0.315*** -0.316*** -0.315*** -0.308*** -0.303*** 

Rural2 -0.238** -0.238** -0.238** -0.230** -0.233** 

Rural3 -0.076*** -0.078*** -0.079*** -0.076*** -0.078*** 

Rural4 -0.128*** -0.133*** -0.135*** -0.127*** -0.132*** 

Rural5 -0.122*** -0.124*** -0.126*** -0.120*** -0.124*** 

Rural6 -0.210*** -0.210*** -0.210*** -0.200*** -0.214*** 

Rural7 -0.120** -.0124** -0.127** -0.125** -0#.127** 

Rural8 -0.188* -0.199* -0.202* -0.199* -0.198* 

idaci 0.567*** 0.563*** 0.557*** 0.508*** 0.499*** 

idaopi 0.545*** 0.546*** 0.546*** 0.587*** 0.600*** 

Smoke1 -0.319*** -0.330*** -0.330*** -0.363*** -0.373*** 

Smoke4 1.112*** 1.102*** 1.097*** 1.119*** 1.135*** 

OOHEasy1 0.077** 
   

  

OOHEasy4 -0.069*         

OOHLong2 -0.005 
   

  

OOHConf1 0.013         

OOHConf3 0.052 
   

  

OOHExp1 -0.019         

OOHExp5 -0.062 
   

  

PhoneAccess1 -0.220*** -0.220*** -0.218*** -0.215*** -0.213*** 

PhoneAccess4 0.208** 0.214** 0.222** 0.232** 0.126** 

RecepHelp1 -0.087** -0.083* -0.079* -0.028   

RecepHelp4 -0.138 -0.151 -0.154 -0.169   

SatOpenHours1 0.214*** 0.223*** 0.229*** 0.289*** 0.355*** 

SatOpenHours5 -0.084 -0.121 -0.123 -0.146   

ConvOpenHours1 0.080 0.084* 0.087 0.082   

AblePreferBookMeth 0.302*** 0.307*** 0.306*** 0.318***   

AbleBookPrefDay -0.095** -0.095** -0.093** -0.085** -0.095** 

AbleBookPrefGP -0.146*** -0.147*** -0.136*** -0.126*** -0.124*** 

GPTime1 0.197** 0.194**       

GPListen1 -0.161 -0.170* 
  

  



GPExplain1 -0.079 -0.075       

GPInvolve1 -0.042 -0.034 
  

  

GPTreat1 0.046 0.054       

GPConfidence1 0.069 0.072 
  

  

NurseTime1 -0.154 -0.144 -0.135     

NurseListen1 -0.011 -0.011 -0.034 
 

  

NurseExplain1 0.003 0.009 -0.006     

NurseInvolve1 0.470*** 0.467*** 0.472*** 
 

  

NurseTreat1 -0.206* -0.208* -0.195*     

NurseConfidence1 0.205** 0.206** 0.228** 
 

  

gprate 39.801*** 39.085*** 39.327*** 39.996*** 39.437*** 

TotExpPop 
-

1106.852*** -1116.058*** 
-

1119.714*** -1172.86*** -1148.901*** 

TotExp65plus -0.134 -0.105 -0.099 -0.119   

TotExpPSD -1.086*** -1.035*** -1.033*** -1.060*** -1.015*** 

TotExpLD -0.011 0.018 0.025 0.032   

TotExpMH -0.626** -0.584** -0.570** -0.685** -0.672*** 

InstCareAdms1864 -196297.5** -209** -208** -219383.3*** -218983.1*** 

InstCareAdms65plus 24991.32** 29766.91** 30185.16** 34432.5*** 34506.03*** 

_cons 2.816*** 2.795*** 2.794*** 2.930*** 3.158*** 

N 7964 7964 7964 7964 7964 

F 138.16 156.5 177.65 201.92 245.51 

r2 0.499 0.4972 0.4967 0.4919 0.4897 

 

Endogeneity: It is likely that several of the explanatory variables are influenced by the rate of 

emergency admissions for ACSCs. In particular, endogeneity appears to be an issue for the following 

variables: 

1. Informal care: An incident that requires an emergency admission may lead family/friends to 

provide more support. This means that coefficients on informal care variables are likely to be 

misestimates of the true impact of informal care (as a proxy for need) on emergency 

admissions. 

2. EQ-5D: An effective hospital admission should, all else equal, improve health-related quality 

of life. Therefore, the coefficient on mean EQ-5D score will underestimate the true inverse 

impact of variation in health-related quality of life on emergency admissions for ACSCs. 

3. Primary care support variables (EnoughSupp1 and ConfManHealth1): Holding constant the 

level of support prior to admission, a person who was admitted to hospital in an emergency 

may be less likely to report feeling supported by their local services than a person who did 

not have an emergency admission. A similar argument could be made with regards to how 

confident people feel to manage their health. Therefore, coefficients on primary care 

support variables are likely to be overestimates of their true impact in dampening 

emergency admissions. 

To try to deal with the potential endogeneity issues, we looked at using instrumental variables. 

Where possible we have focussed on lagged independent variables, or similar. The typical rationale 



behind this strategy is that future admissions are unlikely to drive endogenous variables one and two 

years earlier. However, there is likely to be a high degree of stability in these variables, suggesting 

that 2009/10 and 2010/11 values will be good predictors of 2011/12 values. If this is correct, the lags 

should be valid and relatively strong instruments for our suspected variables. 

There is a risk, however, that 2010/11 values for our explanatory variables should be included in the 

structural equation (Equation 1). For example, in 2010/11 an individual’s health may be poor but not 

poor enough to lead to an emergency admission in that year. In 2011/12, if the person’s health 

continues to deteriorate and they may be admitted to hospital (perhaps even before they complete 

the 2011/12 GP Patient Survey). Then the 2010/11 health status would be a valid explanatory 

variable for our model of 2011/12 emergency admissions.  In this case, the instruments would be 

invalid (i.e. correlated with the error term from the structural model). Therefore, ex ante, we prefer 

the 2009/10 values over the 2010/11 values. 

We have also included GP and nurse quality variables as possible instruments for the informal care, 

and support variables. The rationale is that GPs and nurses who inspire trust will lead to patients 

who feel supported and are confident to manage their condition in the long-term. There is a risk, 

however, that these variables should also be included in the structural model; we explore this issue 

below. 

Table 4 shows the variables we have considered as instruments. 

Table 5 – Available instruments 

Endogenous Variable Potential Instrument(s) 

Informal care variables 

2009/10 and 2010/11 answers to the question ‘Do you 
have carer responsibilities for anyone in your household 
with a long-standing health problem or disability?’; 
confidence and trust in GP and nurse. 
 

EQ-5D 

2009/10 and 2010/11 answers to the question ‘In 
general, would you say your health is…? (a) Excellent; (b) 
Very good; (c) Good; (d) Fair (e) Poor. 

Primary care support variables 
2009/10 and 2010/11 values of the endogenous variable; 
confidence and trust in GP and nurse. 

Table 5 shows the gross correlation coefficients for our potentially endogenous explanators, 

dependent variable and possible instruments. Notably the lagged health status variables appear to 

have significant associations with all of our endogenous variables. 

 

Table 6 – Excluded instrument correlation coefficients 

  

ln(Emergency 
ACSC 

Admission 
Rate) 

Mean EQ-
5D Score 

% who report 
no caring 

responsibility 

% who report 
enough support 
to manage their 

condition 

% who report 
being very 

confident in 
managing their 

health 



2009/10 

% who report 
enough support to 

manage their 
condition 0.0324* -0.1344* -0.1487* 0.1971* 0.0875* 

% who report 
'excellent' health -0.3138* 0.3692* 0.1769* 0.0907* 0.1962* 

% who report 'very 
good' health -0.5004* 0.4981* 0.0275 0.2994* 0.2730* 

% who report 
'good' health 0.0209 -0.0065 -0.0337* -0.1053* -0.1539* 

% who report 'fair' 
health 0.5198* -0.5766* -0.1366* -0.2080* -0.2504* 

% who report 'poor' 
health 0.4664* -0.4646* -0.0136 -0.1965* -0.1491* 

% who report a 
caring responsibility 0.3995* -0.4637* -0.1786* -0.1564* -0.1714* 

2010/11 

% who report 
enough support to 

manage their 
condition -0.0179 -0.0759* =-0.1515* 0.3195* 0.2052* 

% who report 
'excellent' health -0.3286* 0.3999* 0.1410* 0.1174* 0.2056* 

% who report 'very 
good' health -0.4894* 0.5218* 0.0621* 0.2988* 0.2900* 

% who report 
'good' health 0.0156 0.01 -0.0216 -0.1483* -0.1361* 

% who report 'fair' 
health 0.5240* -0.6069* -0.1397* -0.1925* -0.2547* 

% who report 'poor' 
health 0.5641* -0.6302* -0.0538* -0.2239* -0.2402* 

% who report no 
caring responsibility 0.3993* -0.4660* -0.2006* -0.1463* -0.1828* 

2011/12 

% who report 
confidence and 
trust in their GP -0.1908* 0.0564* -0.2210* 0.6064* 0.4395* 

% who report 
confidence and 

trust in their nurse -0.1453* -0.0250 -0.2682* 0.5743* 0.3843* 

 Legend: * p<0.01 

 

We have run various specifications of the instrumental variable model, initially using the two-stage 

least squares (2SLS) estimator. We begin by considering various permutations of the potential 

instruments, with coefficients from the estimated structural equation presented in Table 6 and 

details of the relevant first-stage equations presented at Annex 3. Table 6 presents estimates from 

five specifications: 

 Model 1 is the comprehensive OLS model, with all explanators assumed to be exogenous. 

 Model 2 includes as instruments 2009/10 and 2010/11 values of the potentially endogenous 

regressors (or similar – see Table 4). 

 Models 3 and 4 include only the 2009/10 and 2010/11 values respectively. 



 Model 5 includes both years of lagged variables, along with the nurse and GP confidence and 

trust variables described in Table 4. 

A summary of variable names and definitions is provided at Annex 1. 

Table 7 – OLS and IV estimates 

Variables Model 1 Model 2 Model 3 Model 4 Model 5 

Carer1 -0.293*** 1.678 4.665 1.514 1.678 

EQ_5D -1.775*** 
-

7.158*** 
-

8.880*** 
-

6.133*** 
-

7.158*** 

EnoughSupp1 0.104** 1.384* 1.684 0.881 1.384* 

ConfManHealth1 0.028 -1.209 -1.668 -2.156 -1.209 

age04 2.125*** 1.974** 1.113 1.956** 1.974** 

age514 -0.053 0.530 1.687 0.26 0.530 

age6574 0.039 -0.546 0.333 -0.517 -0.546 

age7584 -0.893** -0.446 0.348 -0.492 -0.446 

age85plus 1.076* 1.449* 1.231 1.154 1.449** 

Male1 0.209** -0.077 -0.290 -0.105 -0.077 

EmpFTWork 0.155** 1.062*** 1.300*** 1.039*** 1.062*** 

EmpPTWork -0.276** 0.839*** 1.256** 0.778*** 0.839*** 

TakeTimeFromWork1 -0.226*** -0.076 -0.107 -0.131 -0.076 

Rural2 -0.142** -0.147 -0.163 -0.157 -0.147 

Rural3 -0.058*** -0.040** -0.046** 0.037** -0.040** 

Rural4 -0.049* -0.009 -0.032 -0.025 -0.009 

Rural5 -0.098*** -0.038 -0.023 -0.045* -0.038 

Rural6 -0.171** -0.078 -0.067 -0.105 -0.078 

Rural7 -0.084** -0.039 -0.033 -0.026 -0.039 

Rural8 -0.227** -0.133 -0.127 -0.176 -0.133 

idaci 0.337*** -0.025 -0.209 -0.008 -0.025 

idaopi 0.718*** 0.721*** 0.830*** 0.69*** 0.721*** 

Smoke1 -0.074 0.586*** 0.752** 0.494*** 0.586*** 

Smoke4 0.915*** 0.266** 0.083 0.252* 0.266** 

OOHEasy1 0.032 0.015 0.028 0.03 -0.139 

OOHEasy4 -0.051 -0.094 -0.150 -0.112 -0.104 

OOHLong2 -0.024 -0.029 -0.018 -0.02 -0.129 

OOHConf1 -0.015 -0.054 -0.072 -0.038 -0.098 

OOHConf3 -0.022 0.041 0.082 0.036 0.113 

OOHExp1 0.001 0.056 0.060 0.055 0.108 

OOHExp5 0.015 0.083 0.113 0.088 -0.219 

PhoneAccess1 -0.103** 0.083 0.103 0.083 -0.144 

PhoneAccess4 0.214** 0.292** 0.378 0.22 0.173 

RecepHelp1 -0.095** -0.099 -0.098 -0.048 0.203 

RecepHelp4 0.026 0.122 0.185 0 0.098 

SatOpenHours1 0.181** 0.042 0.095 0.252 -0.099 

SatOpenHours5 0.058 -0.086 -0.050 0.006 0.015 



ConvOpenHours1 0.040 -0.063 -0.088 -0.054 -0.094 

AblePreferBookMeth 0.043 -0.131 -0.017 -0.176 -0.029 

AbleBookPrefDay -0.014 -0.027 0.001 -0.018 -0.054 

AbleBookPrefGP -0.171*** 
-

0.189*** -0.215** -0.179** 0.041 

GPTime1 -0.030 -0.139 -0.148 -0.072 0.056 

GPListen1 -0.114 -0.104 -0.070 -0.136 0.083 

GPExplain1 -0.116 -0.129 -0.146 -0.091 0.083 

GPInvolve1 -0.120 -0.098 -0.093 -0.041 0.292** 

GPTreat1 0.195* 0.113 0.088 0.134 -0.099 

GPConfidence1 0.134* 0.108 0.137 0.205 0.122 

NurseTime1 -0.124 -0.219 -0.245 -0.147 0.042 

NurseListen1 -0.121 -0.144 -0.172 -0.226 -0.086 

NurseExplain1 0.098 0.173 0.273 0.175 -0.063 

NurseInvolve1 0.343** 0.203 0.105 0.300* -0.131 

NurseTreat1 0.015 0.098 0.148 0.106 -0.027 

NurseConfidence1 -0.011 -0.099 -0.119 -0.045 
-

0.189*** 

gprate 29.925* 7.919 1.350 8.731 7.919 

totexppop -0.601*** -0.302** -0.357 -0.428** -0.302** 

totexp65plus -0.391** -0.232 -0.248 -0.232 -0.232 

totexppsd -1.505*** -0.905** -0.926* 
-

1.182*** -0.905** 

totexpld -0.434** -0.389** -0.351 -0.404* -0.389** 

totexpmh -0.192 0.113 -0.077 -0.078 0.113 

instcareadms1864 -21.573 -7.458 -2.605 -6.920 -7.458 

instcareadms65plus 52.269*** 33.779** 31.476 46.236** 33.779** 

_cons 4.591*** 6.745*** 5.421** 6.652*** 6.745*** 

            

N 7979 7864 7864 7864 7864 

F 137.02         

r2 0.5389         

            

Robust DWH Test Stat (F) na 91.23 42.72 64.64 91.1 

OIR Test Stat (chi2) na 8.67 3.45 2.7 10.45 

S-Y Test Stat (F): Carer1 na 10.61 10.4 16.021 9.13 

S-Y Test Stat (F): EQ-5D na 74.78 51.63 123.44 64.56 

S-Y Test Stat (F): EnoughSupp1 na 4.4 2.34 6.25 11.13 

S-Y Test Stat (F): ConfManHealth1 na 9.32 9.16 15.79 10.53 

Legend:* p<.1; ** p<.05; *** p<0.001 

 

The Durbin-Wu-Hausman statistics from all IV models lead us to firmly reject the null hypothesis of 

exogeneity for our suspected regressors, so we may be confident that the OLS estimates are biased. 

The overidentification tests fail to reject the null hypothesis of instrument validity. Therefore, under 



the test’s assumption that at least one of our excluded restrictions is valid, we may tentatively infer 

that the sets of instruments are valid in all four IV models. 

Stock-Yogo tests suggest that the 2009/10 lagged variables are weak predictors of the 2011/12 

variables under consideration, for all but the mean EQ-5D score variable. Unsurprisingly, the 

2010/11 variables in Model 4 appear to be stronger instruments, exceeding the rule of thumb cut-off 

of 10 for all but the ‘Enough Support’ variable3. However, recall that the latter year may also have a 

direct impact on errors from our structural equation. One may counter that if the 2009/10 values are 

valid instruments, and given the small OIR test statistic from the model with both years of values 

acting as instruments (Model 2), then the 2010/11 values should also be valid instruments. 

Model 5 uses all of the lagged independent variables as excluded instruments, as well as two 

variables measuring the confidence and trust that people place in their GP and Nurse. The latter 

appear to be very strong predictors of the ‘Enough Support’ variable, with the Stock-Yogo F-stat far 

exceeding the rule of thumb cut-off. 

As expected, all four IV models are less efficient than the OLS model (as illustrated by estimated 

standard errors being many times larger). Moreover, the relatively weak instruments in (at least) 

models 2-4 lead to coefficients with unexpected signs and far fewer significant explanatory variables 

than Model 1. For example, the proportion of people who report never smoking (Smoke1) is 

positively associated with emergency admissions for ACSCs under the IV models. 

Despite the apparent shortcomings of the model, several coefficients appear to be remarkably stable 

between specifications. These include coefficients on the rate of permanent admission to social care 

institutions amongst older people, total expenditure on social care, and the proportion of people 

who are able to book an appointment with their preferred GP. Amongst our suspected endogenous 

variables, coefficients on mean EQ-5D score and the proportion of people who are confident to 

manage their health move in the expected directions under the IV models compared to the OLS 

model. The proportion of people who report being carers loses any statistical significance, probably 

due to the consistently weak instruments. Puzzlingly, under Model 5 the ‘Enough Support’ variable 

becomes strongly positively associated with emergency admissions for ACSCs. 

Overall, instruments in Model 5 are the strongest predictors of our endogenous variables. However, 

counter-intuitive coefficient signs suggest some remaining misspecification issues. 

Table 7 shows variants of Model 5, using 2009/10 and 2010/11 values of the endogenous variables 

and the 2011/12 nurse and GP confidence variables as instruments. We drop clusters of insignificant 

variables in sequence, where the clustering is driven by likely multi-collinearity. 

 

 

 

 

                                                           
3
 It should be noted that critical values for the Stock-Yogo test statistic are not those from the standard F-

distribution. See Cameron and Trivedi (2010) for details. 



Table 8 – Model 5 variants 

Variable Model 5 Model 5.1 Model 5.2 Model 5.3 

     

Carer1 1.558 1.51 1.853 1.805 

EQ_5D -7.115*** -6.992*** -6.884*** -7.030*** 

EnoughSupp1 1.511** 1.456** 1.062* 1.103* 

ConfManHea~1 -1.236 -1.582 -1.799 -1.602 

age04 2.032*** 1.997*** 1.800*** 1.849*** 

age514 0.486 0.524 0.583 0.573 

age65plus -0.638 -0.653 -0.448 -0.523 

age75plus 0.119 0.175 0.116 0.181 

age85plus 1.972 1.767 1.508 1.488 

Male1 -0.065 -0.079 -0.111 -0.098 

EmpFTWork 1.053*** 1.075*** 1.100*** 1.096*** 

EmpPTWork 0.824*** 0.839*** 0.864*** 0.857*** 

TakeTimeFr~1 -0.076 -0.091 -0.101 -0.096 

Rural2 -0.15 -0.158 -0.153 -0.153 

Rural3 -0.041** -0.039** -0.039** -0.040** 

Rural4 -0.008 -0.011 -0.024 -0.019 

Rural5 -0.039 -0.036 -0.038 -0.035 

Rural6 -0.075 -0.073 -0.085 -0.078 

Rural7 -0.04 -0.032 -0.029 -0.036 

Rural8 -0.133 -0.135 -0.156 -0.135 

idaci -0.007 -0.034 -0.061 -0.066 

idaopi 0.722*** 0.763*** 0.750*** 0.763*** 

Smoke1 0.596*** 0.601*** 0.567*** 0.576*** 

Smoke4 0.282* 0.264* 0.225 0.238 

GPTime1 -0.129 -0.097   

GPListen1 -0.091 -0.102   

GPExplain1 -0.115 -0.098   

GPInvolve1 -0.097 -0.072   

GPTreat1 0.139 0.139   

NurseTime1 -0.247 -0.242 -0.205  

NurseListen1 -0.162 -0.177 -0.18  

NurseExpla~1 0.151 0.148 0.159  

NurseInvol~1 0.202 0.228 0.233  

NurseTreat1 0.063 0.078 0.105  

OOHEasy1 0.016 0.02 0.025 0.025 

OOHEasy4 -0.092 -0.09 -0.101 -0.098 

OOHLong2 -0.028 -0.027 -0.027 -0.026 

OOHConf1 -0.057 -0.057 -0.045 -0.046 

OOHConf3 0.042 0.042 0.037 0.036 

OOHExp1 0.057 0.065 0.067 0.062 



OOHExp5 0.079 0.088 0.099 0.101 

PhoneAccess1 0.085    

PhoneAccess4 0.304*    

RecepHelp1 -0.105    

RecepHelp4 0.146    

SatOpenHou~1 0.033    

SatOpenHou~5 -0.077    

ConvOpenHo~1 -0.057    

AblePrefer~h -0.139 -0.223* -0.169 -0.177 

AbleBookPr~y -0.031 -0.024 -0.011 -0.018 

AbleBookPr~P -0.189*** -0.206*** -0.192*** -0.197*** 

gprate 6.784    

totexppop -0.295** -0.310* -0.365*** -0.352*** 

totexp65plus -0.229 -0.206 -0.187 -0.192 

totexppsd -0.875** -0.910** -1.019*** -0.969*** 

totexpld -0.383* -0.364* -0.351 -0.354 

totexpmh 0.154 0.157 0.066 0.075 

instcar~1864 -9.118 -9.666 -5 -5.188 

instcaread~s 32.649** 34.919** 38.433*** 37.125*** 

_cons 6.779*** 6.889*** 6.652*** 6.729*** 

     

N 7864 7864 7864 7864 

F     

r2 0.211 0.2 0.204 0.209 

     

Robust DWH Test Stat (F) 91.1*** 91.5*** 93.79*** 94.59*** 

OIR Test Stat (chi2) 10.45 10.06 8.48 8.86 

S-Y Test Stat (F): Carer1 9.13 9.98 11.04 11.44 

S-Y Test Stat (F): EQ-5D 64.56 68.66 68.75 69.67 

S-Y Test Stat (F): EnoughSupp1 11.13 12.74 51.46 102.73 

S-Y Test Stat (F): ConfManHealth1 10.53 12.51 33.07 67.07 

     

Legend: * p<.1; ** p<.05; *** p<0.001 

 

Whilst several variables continue to have counter-intuitive signs (for example, the proportion who 

never smoke (Smoke1)) the majority of coefficients are robust to changes in the model setup in 

Models 5.1-5.3. Moreover, once the GP and nurse quality variables (e.g. spending enough time in 

consultations etc) are dropped from the model, the GP and nurse confidence instruments become 

much stronger, presumably due to multi-collinearity between the two sets. Based on the rule of 

thumb, we reject the null of weak instruments for all four endogenous variables in Models 5.2 and 

5.3. 



Further work: We are planning to commission further work from external researchers to explore 

other analytical techniques to understand the causal factors behind emergency admission for ACS 

conditions. When more data becomes available this could look at using a panel data approach to 

look at potential fixed and random effects, or at using alternative IV estimators (e.g. GMM or LIML), 

or using conditional hypothesis testing to account for the weak instruments. This work may also help 

understand quantifying the impacts of the policy variables identified as important in the multivariate 

analysis. 

 

Peer review: We asked some experts to peer review an earlier version of this paper. We have taken 

on board their comments and undertaken further analysis where possible in the time available – for 

example testing the models with another year’s data and on the interpretation of variables. Their 

advice suggested that we could be reasonably confident of the nature of the relationship between 

significant independent variables and ACSC admissions (i.e the direction of the relationship) as a 

result of the analysis undertaken so far. However they suggested further work should be undertaken 

to be assured about the size of the impact of the independent variables. 

 

Final Model: Given the issue with the instrumental variable approach and the relatively stable 

nature of the significance of variables across models and the two years tested, at this stage we have 

chosen the OLS model as out preferred model. However in deciding upon the model we finally used 

(1.4a)  we decided to drop the variables which consistently appeared to be statistically insignificant 

and the variable looking at the proportion or people who feel their GP opening hours are 

convenient. Intuition states that this variable should be negatively related to higher emergency 

admissions, but the statistical results always show a positive relationship using data from both years. 

We would prefer to have a better understanding of this relationship before including this factor in 

the model. 

 

Summary: This note set out our approach to analysing variation in emergency admissions for 

ambulatory care-sensitive conditions. We discussed a conceptual framework, data collection and 

collation, descriptive statistics and regression analysis. Overall, the models presented here require 

more work before we can be confident in our parameter estimates. However, our preliminary results 

suggest some interesting and relatively stable relationships between policy and outcomes, 

particularly in terms of the continuity of GP services and social care expenditure. The relationships 

identified using the 2011/12 GP Patient Survey data are confirmed by analysis using the 2012/13 

data and are consistent when using an instrumental variable approach to modelling the drivers 

behind ACSC admissions. 



Annex 1: List of variables 

Variable Description Source 

lnacsc Natural log of Emergency ACSC Admission Rate NHS Comparators/HES 

acsc Emergency ACSC Admission Rate, per 1000 population NHS Comparators/HES 

Male1 % Male GPPS 

age04 % Aged 0-4 PHE Public Health Profiles 

age514 % Aged 5-14 PHE Public Health Profiles 

age6574 % Aged 65-74 PHE Public Health Profiles 

age7584 % Aged 75-84 PHE Public Health Profiles 

age85plus % Aged 85+ PHE Public Health Profiles 

idaci Income Deprivation - Children PHE Public Health Profiles 

idaopi Income Deprivation - Older People PHE Public Health Profiles 

TakeTime % Able to Take Time from Work to See GP GPPS 

EmpFTWork % in Full-Time Employment GPPS 

EmpPTWork % in Part-Time Employment GPPS 

LTCProp1 % with LTC GPPS 

Acute1 % with Severely Limiting Recent Illness or Injury GPPS 

Acute2 % with Moderately Limiting Recent Illness or Injury GPPS 

Acute3 % with No Limiting Recent Illness or Injury GPPS 

Smoke1 % who never smoke GPPS 

Smoke1 % who smoke regularly GPPS 

Smoke1 % who never smoke GPPS 

EQ_ Mean EQ-5D Score GPPS 

Carer1 % who Do Not Provide Care GPPS 

Carer2 % who Provide 1-9hrs Care GPPS 

Carer3 % who Provide 10-19hrs Care GPPS 

Carer4 % who Provide 20-34hrs Care GPPS 

Carer5 % who Provide 35-49hrs Care GPPS 

Carer6 % who Provide 50+hrs Care GPPS 

PhoneAccess1 % who Find Getting Through to Someone on the Phone 'Very Easy' GPPS 

PhoneAccess4 % who Find Getting Through to Someone on the Phone 'Not at all 
Easy' 

GPPS 

RecepHelp1 % who Find GP Practice Receptionists 'Very Helpful' GPPS 

RecepHelp4 % who Find GP Practice Receptionists 'Not at all Helpful' GPPS 

AblePreferBookMeth % who Are Able to Book an Appointment in Using Their Preferred 
Method 

GPPS 

AbleBookSameNextDay % who Are Able to Book an Appointment on the Same or Next Day GPPS 

AbleBookPrefDay % who Are Able to Book an Appointment on Their Preferred Day GPPS 

AbleBookPrefGP % who Are Able to Book an Appointment with Their Preferred GP GPPS 



GPTime1 % who Rate Their GP as 'Very Good' at Giving Them Enough Time GPPS 

GPListen1 % who Rate Their GP as 'Very Good' at Listening to Them GPPS 

GPExplain1 % who Rate Their GP as 'Very Good' at Explaining Tests and 
Treatments 

GPPS 

GPInvolve1 % who Rate Their GP as 'Very Good' at Involving Them in Their 
Care 

GPPS 

GPTreat1 % who Rate Their GP as 'Very Good' at Treating Them with Care 
and Concern 

GPPS 

GPConfidence1 % who Definitely Have Confidence and Trust in Their GP GPPS 

GPConfidence3 % who Have No Confidence or Trust in Their GP GPPS 

NurseTime1 % who Rate Their Nurse as 'Very Good' at Giving Them Enough 
Time 

GPPS 

NurseListen1 % who Rate Their Nurse as 'Very Good' at Listening to Them GPPS 

NurseExplain1 % who Rate Their Nurse as 'Very Good' at Explaining Tests and 
Treatments 

GPPS 

NurseInvolve1 % who Rate Their Nurse as 'Very Good' at Involving Them in Their 
Care 

GPPS 

NurseTreat1 % who Rate Their Nurse as 'Very Good' at Treating Them with Care 
and Concern 

GPPS 

NurseConfidence1 % who Definitely Have Confidence and Trust in Their Nurse GPPS 

NurseConfidence3 % who Have No Confidence or Trust in Their Nurse GPPS 

EnoughSupp1 % who Report Having Definitely Had Enough Support from Local 
Services to Manage Their LTC 

GPPS 

EnoughSupp2 % who Report 'To Some Extent' Having Had Enough Support from 
Local Services to Manage Their LTC 

GPPS 

EnoughSupp3 % who Report Not Having Had Enough Support from Local Services 
to Manage Their LTC 

GPPS 

ConfManHealth1 % who Feel Very Confident That They Can Magage Their Own 
Health 

GPPS 

ConfManHealth1 % who Feel Not At All Confident That They Can Magage Their Own 
Health 

GPPS 

OOHCalled % who Report Having Tried to Call OOH in the Past 6 Months GPPS 

OOHKnow1 % who Report Knowing How to Contact OOH GP Services GPPS 

OOHEasy1 % who Report That Contacting OOH GP Services by Telephone was 
'Very Easy' 

GPPS 

OOHEasy4 % who Report That Contacting OOH GP Services by Telephone was 
'Not At All Easy' 

GPPS 

OOHLong2 % who Report That OOH GP Services Took Too Long to Provide 
Care 

GPPS 



OOHConf1 % who Report Having Definitely Had Confidence in the OOH 
Clinician They Saw or Spoke To 

GPPS 

OOHConf3 % who Report Having Had No Confidence in the OOH Clinician 
They Saw or Spoke To 

GPPS 

OOHExp1 % who Described Their Experience of OOH GP Services as 'Very 
Good' 

GPPS 

OOHExp5 % who Described Their Experience of OOH GP Services as 'Very 
Poor' 

GPPS 

SatOpenHours1 % who Report Being 'Very Satisfied' with Their GP Surgery's 
Opening Hours 

GPPS 

SatOpenHours5 % who Report Being 'Very Dissatisfied' with Their GP Surgery's 
Opening Hours 

GPPS 

ConvOpenHours1 % who View Their GP Surgery's Opening Hours as Convenient GPPS 

gprate Number of GPs/Standardised Practice List Size PSSEX1 

totexppop Total Net Current Social Care Expenditure PSSEX1 

totexp65plus % Total Social Care Expenditure Spent on Older People PSSEX1 

totexppsd % Total Social Care Expenditure Spent on 18-64 Year Olds with 
Physical Disability or Sensory Impairment 

PSSEX1 

totexpld % Total Social Care Expenditure Spent on 18-64 Year Olds with 
Learning Disabilities 

PSSEX1 

totexpmh % Total Social Care Expenditure Spent on 18-64 Year Olds with 
Mental Illness 

PSSEX1 

instcareadms1864 Rate of Permanent Admission to Care Homes (Age 18-64) ASCOF 

instcareadms65plus Rate of Permanent Admission to Care Homes (Age 65+) ASCOF 

 

 

 

 

 

 

 

 

 

 

 

 



 

 

 

 

Annex 2: Scatter Graphs 

























 


