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Objective: Multi-morbidity contributes to mortality and hospitalisation in COPD, but it is 
uncertain how this interacts with disease severity in risk prediction. We compared contribu
tions of multi-morbidity and disease severity factors in modelling future health risk using UK 
primary care healthcare data.
Methods: Health records from 103,955 patients with COPD identified from the Clinical 
Practice Research Datalink were analysed. We compared area under the curve (AUC) 
statistics for logistic regression (LR) models incorporating disease indices with models 
incorporating categorised comorbidities. We also compared these models with performance 
of The John Hopkins Adjusted Clinical Groups® System (ACG) risk prediction algorithm.
Results: LR models predicting all-cause mortality outperformed models predicting hospita
lisation. Mortality was best predicted by disease severity (AUC & 95% CI: 0.816 (0.805– 
0.827)) and prediction was enhanced only marginally by the addition of multi-morbidity 
indices (AUC & 95% CI: 0.829 (0.818–0.839)). The model combining disease severity and 
multi-morbidity indices was a better predictor of hospitalisation (AUC & 95% CI: 0.679 
(0.672–0.686)). ACG-derived LR models outperformed conventional regression models for 
hospitalisation (AUC & 95% CI: 0.697 (0.690–0.704)) but not for mortality (AUC & 95% 
CI: 0.816 (0.805–0.827)).
Conclusion: Stratification of future health risk in COPD can be undertaken using clinical 
and demographic data recorded in primary care, but the impact of disease severity and multi- 
morbidity varies depending on the choice of health outcome. A more comprehensive risk 
modelling algorithm such as ACG offers enhanced prediction for hospitalisation by incor
porating a wider range of coded diagnoses.
Keywords: COPD, UK primary care, CPRD, hospitalisation, mortality, multi-morbidity

Introduction
Chronic obstructive pulmonary disease (COPD) is a prevalent long-term condition 
associated with premature mortality, morbidity and healthcare cost.1 Hospitalisation 
for an exacerbation of COPD is an important risk indicator as subsequent two-year 
mortality after hospitalisation is approximately 30%.2 In most healthcare systems, 
COPD is predominantly managed in primary care, but patients with more advanced 
or complex disease who are at greater risk of premature mortality or hospitalisation 
may require more intensive, specialist care. Assessing future health risk is therefore 
of value in assisting clinicians make shared decisions with patients about their care 
needs and helping health policy-makers develop services with appropriate capacity 
to ensure patients’ planned and acute care needs can be met.
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Several COPD risk stratification scores have been eval
uated mostly relying on measures of COPD-specific disease 
severity.3,4,5,6 Often these incorporate a limited number of 
variables in the scoring system or are unsuitable for risk 
stratification in primary care populations because they 
include indices not routinely recorded in primary care. It is 
now appreciated that pattern and burden of pulmonary and 
non-pulmonary comorbid conditions has an important 
impact on symptoms and future health risk.7 

While evidence exists that such multi-morbidity (usually 
defined by the presence of two or more chronic 
conditions)8,9 influences long-term health risk, COPD risk 
stratification models based on clinically coded comorbid 
conditions are lacking and it is unknown how they might 
compare with models incorporating COPD-specific disease 
severity indices in predicting risk or indeed whether stratifi
cation models combining disease severity and multi- 
morbidity would enhance prediction performance.

The Johns Hopkins Adjusted Clinical Groups (ACG) 
system is a well-established, multi-morbidity-based algo
rithm providing risk adjustment and predictive modelling 
capabilities and is widely used to support population health 
analysis (see Supplementary Appendix S1). It has been tested 
in numerous health systems in the UK and worldwide10,11 

including in primary care studies in COPD.12,13 ACG inte
grates primary and secondary care data to summarise multi- 
morbidity by incorporating all ICD-coded and Read-coded 
diagnoses that are recorded and thereby estimates future 
healthcare utilisation risk. However, ACG considers an 
ICD-10 coded condition such as COPD as a unitary entity 
regardless of disease severity and it is unknown how the 
predictive power of ACG compares with disease-specific 
stratification methodologies, or methodologies where dis
ease-specific indices are combined with patterns of multi- 
morbidity. Moreover, the utility of the ACG algorithm in 
predicting mortality is unknown.

We addressed these questions by interrogating primary care 
data from the UK Clinical Practice Research Datalink (CPRD) 
together with linked outcome databases of UK Hospital 
Episode Statistics (HES), the Office for National Statistics 
(ONS) and English 2015 Index of Multiple 
Deprivation (IMD).

We aimed to

● Use validated COPD codes to estimate the preva
lence of COPD across a range of severities in relation 
to demographics, COPD-specific indices and multi- 
morbidity.

● Develop statistical models predicting all-cause mor
tality and all-cause hospitalisation within 12 months, 
assessing the relative value of models incorporating 
COPD-severity indices vs multi-morbidity indices.

● To derive and compare similar models to that above 
but using ACG, in order to further determine the 
relative value of a comprehensive multi-morbidity- 
based risk-profiling algorithm.

We derived and compared area under the curve (AUC) 
statistics between different outcome prediction models to 
derive insight into their relative performance for risk 
stratification.

Methods
Study Design, Participants, and Setting
This was a longitudinal cohort study using routinely collected 
healthcare data provided by the Clinical Practice Research 
Datalink (CPRD); the largest source of electronic primary 
care data representative of patients in the general UK 
population.14,15 Linked pseudonymised mortality data from 
the ONS was provided for this study by CPRD for patients in 
England. Data is linked by NHS Digital, the statutory trusted 
third party for linking data, using identifiable data held only by 
NHS Digital. Selected general practices consent to this process 
at a practice level, with individual patients having the right to 
opt-out. Hospital admission data were gathered from HES, and 
deprivation quintiles from the IMD (see Supplementary 
Appendix S2). Ethics approval was obtained from the 
Independent Scientific Advisory Committee overseeing 
CPRD (Protocol No. 18_138R).

The study population were patients over the age of 35 
years with COPD, and alive and registered between the 
study-interval from 1 January 2009 to 31 July 2017 with 
linkage eligibility to HES and ONS databases. Patients 
must also have had at least one-year history of GP con
sultations, and a COPD diagnosis at least 7 days prior to 
the end of the study-interval (Figure 1). Patients who had 
an unusually high proportion of missing data for covariates 
were also excluded (see Supplementary Appendix S4). All 
patients analysed in the study had a coded COPD diag
nosis determined using pre-specified medcodes and vali
dated definitions16 (see Supplementary Appendix S3).

Outcomes
All-cause mortality from ONS and hospitalisation from 
HES. ONS derives the underlying cause of death from 
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death certificates and is coded using ICD-10.17 Similarly, 
HES derives hospital admissions for patients using ICD-10 
codes.

Covariates
Table 1 lists and describes candidate variables which were 
assigned to demographic, COPD-specific or comorbidity 
groups together with predicted outcomes. COPD-specific 
covariates were quantitative, whereas comorbidities were 
binary and related the presence or absence of conditions.

Read-coded variables were assigned to the COPD- 
specific group based on their known relationship to 
COPD severity or risk of exacerbation/mortality in pre
vious literature.3,4,5 Acute Exacerbation of COPD 
(AECOPD) was expected to be a key predictor for mor
tality and hospitalisation and we therefore recorded these 
events in the 12 months prior to case ascertainment, 
defined using a combination of diagnostic and therapy 
codes that have been shown to be valid.18 Based on GP 
records, we therefore defined AECOPD as any of the 
following:

● antibiotic (ABX) and steroid (OCS) prescriptions 
prescribed for 5–14 days,

● 2/3 symptoms from (cough, sputum, breathlessness) 
and (ABX or OCS for 5–14 days),

● a lower respiratory tract infection, or from hospital 
data COPD as primary diagnosis.

Read-coded comorbid conditions were categorised and 
incorporated into the analysis as outlined in Table 1. 
Categorisation and grouping of comorbidities was based 
on their relevance to clinical outcome and health status 
from previous studies.6,7,19,20,21 Categories included car
diac disease, diabetes mellitus, hypertension, anaemia, 
psychological disorder (interpreted as one or more of 
anxiety, depression or dementia), a cancer diagnosis, 
frailty (one or more of malnutrition, poor vision, incon
tinence, a history of falls, Social Services involvement), 
a musculoskeletal condition (one or more of rheumatoid 
arthritis, osteoarthritis, osteoporosis) and gastroesophageal 
reflux disorder (GERD) (Table 1). These comorbidities 
were identified using a combination of medcode lists of 
recorded GP diagnoses matched against CPRD and hospi
tal diagnoses found by ICD-10 codes on HES files.

Statistical Analyses
Binomial logistic regression (LR) for each of the outcomes 
was the main basis for our comparisons. For all-cause 

Figure 1 Study index period and the start of follow-up. A) gives an example timeline for case enrolment to the cohort. Eligibility was determined by the presence of 
a previous COPD medcode and at least 1-year history of GP consultations. This is illustrated using a red circle and covariate values used within regression models are 
established as closely as possible to the point of case enrolment. In this case, the medcode was a new entry but for many cases in the cohort, the code for COPD was 
present at the onset of the CPRD cohort. The example shows a period of 1-year prior and a month after enrolment within which values were accepted. Outcomes of all- 
cause hospitalisation and mortality were recorded 12 months after the point of enrolment. (B) illustrates that the timespan of analysable patient data is highly variable 
depending on whether COPD was present at the onset of the CPRD cohort or diagnosed later during follow-up and whether the patient left the cohort (eg due to leaving 
the practice or death.
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mortality and all-cause hospitalisation, patients were rando
mised into 70% training and 30% test subsets. LR models 
incorporating COPD-specific variables (together with demo
graphic data) were compared against models incorporating 

comorbidity variables, and then a combination of both 
COPD-specific and comorbidity variables. To supplement 
LR, we used Cox regression proportional hazards models to 
quantify risk at a point in time and discover whether 

Table 1 Candidate Predictive Variables and Outcomes Used for Standard Regression Models

Name Group Description

Patid Reference Patient ID; the final 3 digits refer to the practice
Sex Demographic Gender

Age Demographic Age rounded to the nearest year at model start date

IMD Demographic Index of Multiple Deprivation quintile (1=least deprived, 5=most deprived)
Highmiss Demographic Yes/No; Relatively high degree of missing data on key variables

Smoking COPD-specific Yes, No; Ex-smoker or missing

MRC COPD-specific Medical Research Council breathlessness scale 1–5; 19% missing; imputed
FEV1pp COPD-specific FEV1% predicted; 28% were missing and imputed

BMI COPD-specific Body mass index (kg/m2); 20% missing; imputed
DOSE COPD-specific DOSE index based on MRC, FEV1pp, smoking and exacerbations in prev year

Haemoglobin COPD-specific Units g/dL; 25% were missing and imputed

Eosinophil COPD-specific Units 109/L; 27% were missing and imputed
N_exacs COPD-specific Number of exacerbations in previous year

Exacs COPD-specific Yes/No; Any exacerbations in previous year?

Hosp_days COPD-specific Days in hospital due to AECOPD in previous year
Hosp_admns COPD-specific Number of AECOPD-related hospital attendances (all recorded)

NNIV COPD-specific Yes/No; Non-invasive ventilation required during previous year

Oxy COPD-specific Yes/No; Home oxygen therapy in previous year or long-term oxygen use
NIVoxy COPD-specific Yes/No; Either or both of the above

Immun COPD-specific Yes/No; Immunisation for flu/pneumonia in previous year

Med COPD-specific Yes/No; Steroid and/or antibiotic prescription in previous 90 days
Diabetes Comorbidity Yes/No; Diabetes diagnosis prior to model start date

Hyp Comorbidity Yes/No; Essential hypertension

Liver Comorbidity Yes/No; Severe liver disease
Kidney Comorbidity Yes/No; Kidney disease

Anaemia Comorbidity Yes/No; Anaemia

Psych Comorbidity Yes/No; Any of the following three
Anx Comorbidity Yes/No; Treatment for anxiety

Dep Comorbidity Yes/No; Treatment for depression

Demen Comorbidity Yes/No; Diagnosis of dementia
Frail Comorbidity Yes/No; Any: malnutrition, poor vision, incontinence, falls, Social Services

Asthma Comorbidity Yes/No; Asthma

Cancer Comorbidity Yes/No; Cancer
Lungc Comorbidity Yes/No; Lung cancer

CVD Comorbidity Yes/No; Any of the following four

HF Comorbidity Yes/No; Heart failure
Stroke Comorbidity Yes/No; Stroke

MI Comorbidity Yes/No; Myocardial infarction

AF Comorbidity Yes/No; Atrial fibrillation
Mskel Comorbidity Yes/No; Musculoskeletal, any of the following three

RA Comorbidity Yes/No; Rheumatoid arthritis

OA Comorbidity Yes/No; Osteoarthritis
Osteop Comorbidity Yes/No; Osteoporosis

GERD Comorbidity Yes/No; Gastro-oesophageal reflux disease

Mort_all12 Outcome All-cause mortality within 12-months (6.3%)
Hosp_all12 Outcome Hospitalisation within 12-months (37.6%)
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coefficients, hazards ratios and predictive strength were 
comparable. Data cleaning and modelling procedures can 
be found in Supplementary Appendix S5, and to inform 
covariate selection in regression modelling graphs were 
used to determine interactions between variables in predict
ing association (see Supplementary Appendix S6).

The following models were generated:
Mortality (M)

● M_COPD (12-month all-cause mortality with demo
graphic and COPD-specific predictors only)

● M_COPDcom (12-month all-cause mortality with demo
graphic, COPD-specific predictors and multi-morbidity)

● M_com (12-month all-cause mortality with comor
bidity predictors only)

Hospitalisation (H)

● H_COPD (12-month all-cause hospitalisation with 
demographic and COPD-specific predictors only)

● H_COPDcom (12-month all-cause hospitalisation 
with demographic, COPD-specific predictors and 
multi-morbidity)

● H_com (12-month all-cause hospitalisation with 
comorbidity predictors only)

Input to ACG (see Supplementary Appendix S1) consists 
of age, sex, resource usage indicators, hospital admission 
details, and all ICD-coded diagnoses and prescriptions in 
the previous year. From this data the patient is assigned to 
a single Adjusted Clinical Group (ACG) from which 
a hospitalisation risk estimate is provided and resource 

utilisation can be predicted. In addition, ACG produces 
a number of intermediary “grouper outputs” which provide 
diagnostic and risk categorisation information to supple
ment the ACG assignment.22 These grouper outputs (sum
marised in Supplementary Appendix S7) were used to 
generate the tailored ACG regression models as outlined 
below.

Two modelling approaches were followed for ACG 
analysis (Figure 2):

● Standard (std) ACG method. The ACG system provides 
standardised estimates of the hospitalisation risk within 
12-months for each test case. Therefore, this value was 
compared with the known outcome and an ROC AUC 
generated.

● Tailored (tld) ACG method. ACG provides a wide 
range of derived grouper outputs (see 
Supplementary Appendix S1) for each patient on 
the training dataset. Therefore, the second model is 
a LR with hospitalisation as dependent variable and 
ACG outputs, which include the risk score from the 
standard ACG regression as independent variables. 
After a model has been built, an ROC AUC is 
derived based on the test data.

The ACG software does not provide a specific mortality 
risk estimate and so the tailored regression approach was 
also used to predict all-cause mortality. The following 
models were calculated:

● M_acgtld (ACG, 12-month all-cause mortality, tailored 
(tld) regression using derived ACG grouper outputs)

Figure 2 Production of ACG prediction performance measures for 12-month all-cause hospitalisation. Area Under the Curve (AUC) statistics are found as shown above for 
comparison against those for standard regression. Using patient details, healthcare usage, long-term conditions and prescriptions, the ACG grouper produces, for each 
patient, a list of outputs (Table 2). This is done separately for the training and test datasets. The standard ACG method only uses the test data; it combines ACG’s risk 
estimate for hospitalisation with the known binary outcome to produce an ROC curve and AUC. The ACG-tailored method uses all the ACG outputs. Treating them as 
independent predictive variables, a logistic regression model is derived on training data with the known outcome as the dependent variable. This is tested on the test data, 
producing an ROC and AUC.
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● H_acgstd (ACG, 12-mth all cause hospitalisation, 
standard (std) ACG model using single risk measure 
on test set)

● H_acgtld (ACG, 12-month all-cause hospitalisation, tai
lored (tld) regression using derived ACG grouper 
outputs)

For all regression modelling, a step-by-step approach was 
used where candidate covariates were grouped by type and 
groups considered in sequence. This staged approach (see 
Supplementaty Appendix S7) was combined with Akaike 
Information Criterion (AIC) based backward-elimination 
and factors considered were p-values, covariate coeffi
cients, AIC and AUC on training data (see 
Supplementary Appendix S7).

Results
We identified 75,022 patients with COPD who met the 
inclusion and exclusion criteria (Figure 3), of whom 
52.6% were male, with mean age 69.7 years (SD = 11.2) 
and mean body mass index (BMI) 27.5kg/m2 (SD = 6.2) 
(Table 2). Summary statistics are shown in Tables 2 and 3. 
Mean FEV1% predicted was 63.0 but with wide variation 
(SD = 22.9), confirming a broad range of disease severity. 
About a third had experienced at least one AECOPD in 
the year prior to model start date.

Table 3 provides mortality and hospitalisation compari
sons within 12-months of COPD diagnosis. The four most 
prevalent comorbidities among those who died within 12- 
months were hypertension (56%), CVD (54%), asthma 
(38%) and cancer (33%). Of three-way interactions, the 
most prevalent was (hypertension, asthma, musculoskeletal, 
n = 4795, 12-month all-cause mortality = 10%) but (hyper
tension, kidney disease, musculoskeletal, n = 3,745, 12- 
month all-cause mortality = 21%) predicted the highest 
mortality.

Regression Methods for Mortality (M) 
and Hospitalisation (H)
Figure 4 and Table 4 compares AUC statistics between the 
LR models tested (full model details for regression output 
can be seen in Supplementary Appendix S7). AUCs and 
95% CIs for all the models are summarised here and also 
provided in tabular form in the supporting information 
(Supplementary Appendix S7).

ROC areas under curve with 95% confidence intervals 
for all mortality and hospitalisation models (see Figure 4).

Mortality (M). The M_COPD model performed well 
in comparison to M_com. The combination of multi- 
morbidity and COPD-specific/demographic predictors 
(M_COPDcom) resulted in comparable risk prediction 
to that of COPD-specific/demographic factors alone 
(see Table 4 and Figure 4). CVD, hypertension, diabetes, 
liver and kidney disease, asthma, anaemia, psychological 
disorder frailty, cancer and GERD all had p-values under 
the significance threshold of 0.05, deeming them compa
tible between the data and entire model in the univariate 
analysis due to differences from the hypothesis 
prediction,23 but not musculoskeletal disorders. The tai
lored ACG regression-based mortality model (M_acgtld) 
was comparable to both the model using only demo
graphic and COPD-specific predictors (M_COPD) and 
also the model combining COPD-specific and multi- 
morbidity predictors (M_COPDcom).

Hospitalisation (H). AUCs for hospitalisation predic
tion models were broadly lower than those for mortality. In 
contrast to mortality, the AUC for the model incorporating 
COPD-specific/demographic predictors (H_COPD) was 
lower than the model using multi-morbidity predictors 
only (H_com). Combining both the COPD-specific predic
tors and multi-morbidity predictors (H_COPDcom) 
resulted in improved prediction performance. For hospita
lisation, the standard ACG regression model (H_acgstd) 
achieved an AUC higher than the combined COPD- 
specific and multi-morbidity-based prediction model 
(H_COPDcom), although the CIs overlap. The tailored 
ACG model (H_acgtld) performed comparably to the stan
dard ACG model.

Survival Analysis
The Cox regression proportional hazards model (see 
Supplementary Appendix S7) were analogous to LR, contain
ing almost all key predictors but with the addition of IMD for 
hospitalisation prediction. Multi-morbidity were valid predic
tors for hospitalisation but not musculoskeletal disorder for 
mortality. Differences between survival curves were more 
pronounced for mortality, then hospitalisation and S-curves 
are convex for mortality and concave for hospitalisation (see 
Supplementary Appendix S7) reflecting the comparatively 
longer-term nature of mortality compared to hospitalisation.

Discussion
This study demonstrates that the performance of risk stratifica
tion models for patients with COPD managed in primary care 
differs depending on the outcome in question (hospitalisation 
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Table 2 Descriptive Statistics of Patient Cohort with COPD

Full COPD Cohort (n = 75,022)

n %

Age (years), mean ± SD 69.7 ± 11.2

Male 39,475 52.6

Body mass index (kg/m2), mean ± SD 27.5 ± 6.2

Underweight (<18.5) 2641 4.40

Normal (18.5–24.9) 19,300 32.3
Overweight (25.0–29.9) 19,676 32.9

Obese (≥30) 18,215 30.4

Smoking status

Current smoker 25,516 35.5

Ex-smoker 37,342 52.0
Non-smoker 8,967 12.5

Index of Multiple Deprivation
1 – least deprived 11,693 15.6

2 14,243 19.0
3 15,046 20.1

4 16,468 22.0

5 – most deprived 17,538 23.4

FEV1% predicted (pp), mean ± SD 63.0 ± 22.9

MRC dyspnoea score

Grade 1 11,306 18.7

Grade 2 23,493 38.8
Grade 3 15,124 25.0

Grade 4 8,603 14.2

Grade 5 2,061 3.4

Exacerbations in the last year

0 47,480 63.3
1 17,307 23.1

2 6,043 8.1

3 2,304 3.1
4 9,74 1.3

5 465 0.6

6 243 0.3
7+ 206 0.3

AECOPD days in hospital in the last year
0 72,262 96.3

1–7 1,738 2.3

8–14 564 0.8
15–21 212 0.3

22–28 96 0.1

29+ 150 0.2

NIV in the last year 106 0.1

Home oxygen therapy 784 1.0

(Continued)
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or mortality) and whether disease-specific characteristics or 
patterns of multi-morbidity are included as predictor variables. 
We show that LR models broadly performed better in predict
ing mortality than hospitalisation and that the incorporation of 
categorised multi-morbidity indices to such models did not 
enhance prediction performance. However, the ACG-tailored 
regression model (which incorporates the full range of derived 
grouper outputs from the algorithm (see Supplementary 
Appendix S1 and S7) performed comparably to the COPD- 
specific model in predicting mortality, suggesting that a more 
comprehensive incorporation of Read coded and other clinical 
data may assist with risk stratification. Overall predictive per
formance was lower for hospitalisation, but in contrast to 
mortality models, multi-morbidity-based models performed 
at least as well as COPD-specific models and the best predic
tion performance was provided by the tailored ACG regression 
model (see Supplementary Appendix S7).

Our observation of overall better prediction perfor
mance for mortality likely reflects the primacy of biologi
cal/pathophysiological factors predicting death. Our 
findings suggest that for mortality prediction, the severity 
of the reference condition (COPD) is a key indicator, as 
the addition of clinically important and prevalent multi- 
morbidity did not further enhance predictive power. 

However, the regression model including derived grouper 
outputs from the ACG grouper algorithm (see 
Supplementary Appendix S7) performed comparably to 
our disease-specific model in predicting mortality. ACG 
does not incorporate indices of individual disease severity, 
for example FEV1 or MRC score, but would have 
included ICD-codes that are surrogates for severity, for 
example the presence of respiratory failure if recorded 
and drug prescription data, and this might explain its 
enhanced performance. We categorised Read-coded multi- 
morbidity in conventional disease groupings (based on 
previous literature; see Table 1 and Supplementary 
Appendix S3) for the purposes of LR and this might 
have not detected the influence of rarer multi-morbidity 
that have an important impact and might have been repre
sented in the ACG-tailored model. The pattern of multi- 
morbidity may also have an influence.

Our data suggests that hospitalisation is less easy to predict, 
presumably because hospital admission is influenced by 
a number of factors which may not be recorded in primary 
care records, for example social circumstances, family support 
and accessibility of local health care services. For hospitalisa
tion, multi-morbidity regression models performed compar
ably to demographic and COPD-specific models. Combining 

Table 2 (Continued). 

Full COPD Cohort (n = 75,022)

n %

Comorbidities
Asthma 29,452 39.3

Essential hypertension 29,061 38.7

Musculoskeletal (RA/OR/osteoporosis) 18,060 24.1
Cancer 14,827 19.8

Diabetes mellitus 12,655 16.9

Kidney disease 12,380 16.5
CVD (previous heart failure, stroke, MI) 11,072 14.8

Anaemia 8,176 10.9

Psychological disease (anxiety, depression, dementia) 7,488 10.0
GERD 7,003 9.3

Frailty (malnutrition, vision, falls, use of Social Services) 3,539 4.7

Liver disease 2,071 2.8

Outcomes

12-month all-cause mortality 4,761 6.3
12-month all-cause hospitalisation 28,208 37.6

Notes: Presented for all patients in the cohort with COPD. Categorical data are presented as count (percent). Percentages may not sum up to 100 due to rounding. Patients 
may present multiple comorbidities. 
Abbreviations: FEV1pp, forced expiratory volume in 1 second percent predicted; MRC, medical research council; AECOPD, acute exacerbations of chronic obstructive 
pulmonary disease; NIV, non-invasive ventilation; RA, rheumatoid arthritis; OR, osteoarthritis; MI, myocardial infarction; CVD, cardiovascular disease; GERD, gastroeso
phageal reflux disorder.
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morbidity and disease-specific factors enhanced prediction 
performance and the tailored ACG, which offers the most 
sophisticated model incorporating a range of ACG grouper 
outputs provided a further, modest improvement.

COPD varies widely in clinical phenotype and disease 
severity, and there is a body of literature investigating 
whether these characteristics have prognostic value for 
hospitalisation or mortality. The patient populations in 
which these proposed prognostic models have been vali
dated have variously been drawn from research cohorts, 
acute and secondary care services and primary care.3,5,24 

Likewise, the clinical measurements/characteristics incor
porated into prognostic models has varied, often in relation 
to the setting and purposes for which data were originally 
collected. Initial prognostic scores such as the BODE 
(body mass index, FEV1, dyspnoea, and exercise capacity) 
index focused on an assessment of COPD severity to 
predict outcomes of all-cause mortality.3 More recently, 
evidence for the importance of multi-morbidity in COPD 
has accumulated and subsequent studies have suggested 

the number and pattern of comorbid conditions (cate
gorised according to perceived clinical relevance) has 
a significant influence on clinical outcome.7,19,20,21 

However, validated comorbidity risk prediction scores 
applicable to COPD populations (particularly those mana
ged in primary care) are lacking and indeed the Charlson 
index, a risk score designed and validated 30 years ago is 
often cited to summarise the burden of multi-morbidity in 
COPD cohorts.25 To date, comparisons of risk prediction 
models including indices of the burden of multi-morbidity 
compared with disease severity in COPD have been lim
ited. The CODEX index that includes comorbidity has 
been shown to improve model performance over and 
above other prediction models including ADO, DOSE 
and BODE using CPRD primary care data.20 The BARC 
(blood results (B), age (A), respiratory variables (airflow 
obstruction, exacerbations, smoking) (R) and comorbid
ities (C)) prediction model was also validated and derived 
within a CPRD population and has shown to perform 
better than previously published prediction scores without 

Figure 3 Flow chart of patient inclusion and exclusion. Medcode diagnoses16 were applied to the CPRD population to identify those with COPD during the time interval (n 
= 184,724). The filtering process of the patient data where cases missing essential links to HES, ONS and IMD were excluded, as were those without a COPD diagnosis or 
less than a year of GP consultation history. Finally, patients missing three or more key variables of FEV1pp, MRC, haemoglobin and eosinophil were removed. The lower part 
of the figure shows data censoring of patients that had <12 months follow-up and no outcome of hospitalisation or mortality, and randomisation prior to modelling.
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Table 3 Mortality and Hospitalisation Group Comparisons

n = 68,370 
Survived 12 

Months

n = 4,761 Died 
Within 12 Months

p-value n = 45,560 No Hosp 
in 12 Months

n = 28,206 Hosp in 
12 Months

p-value

Age, mean ± SD 69.2 ± 1.1 77.1 ± 9.8 <0.0005 68.6 ± 11.1 71.5 ± 11.1 <0.0005

Male, n (%) 35,733 (52.3) 2,744 (57.6) <0.0005 23,683 (52.0) 15,124 (53.6) <0.0005

Smoking, n (%)
Current 23,543 (34.4) 1,266 (26.6) <0.0005 16,283 (35.7) 8743 (31.0) <0.0005

Ex 33,997 (49.7) 2,478 (52.0) 0.0020 22,130 (48.6) 14 53 (51.9) <0.0005
None 8127 (11.9) 596 (12.5) 0.2016 5380 (11.8) 3431 (12.2) 0.1508

FEV1% predicted 
(pp), mean ± SD

62.8 ± 20.6 54.1 ± 16.9 <0.0005 63.1 ± 20.8 61.0 ± 20.0 <0.0005

MRC, median [Q1, 
Q3]

2 [2, 3] 3 [2, 4] <0.0005 2 [2, 3] 3 [2, 3] <0.0005

BMI, mean ± SD 27.6 ± 5.7 25.8 ± 5.7 <0.0005 27.5 ± 5.6 27.4 ± 5.8 0.0574

IMD, median [Q1, 

Q3]

3 [2, 4] 3 [2, 4] 0.1294 3 [2, 4] 3 [2, 4] 0.0895

N exacerbations, 

mean ± SD

0.6 ± 1.0 1.1 ± 1.5 <0.0005 0.5 ± 0.9 0.8 ± 1.2 <0.0005

Haemoglobin, mean 

± SD

138.0 ± 14.4 128.1 ± 19.2 <0.0005 138.9 ± 13.8 134.9 ± 16.4 <0.0005

Eosinophil, mean ± 

SD

0.2 ± 0.2 0.2 ± 0.2 <0.0005 0.2 ± 0.2 0.2 ± 0.2 0.0136

Asthma*, n (%) 26,983 (39.5) 1,789 (37.6) 0.0103 17,065 (37.5) 11,972 (42.4) <0.0005

Essential 

hypertension, n (%)

25,475 (37.3) 2,683 (56.4) <0.0005 14,844 (32.6) 13,677 (48.5) <0.0005

Musculoskeletal, 

n (%)

15,918 (23.3) 1,533 (32.2) <0.0005 8,916 (19.6) 8,804 (31.2) <0.0005

Cancer, n (%) 12,831 (18.8) 1,569 (33.0) <0.0005 7,266 (15.9) 7,318 (25.9) <0.0005

Diabetes mellitus, 
n (%)

11,149 (16.3) 1,078 (22.6) <0.0005 6,748 (14.8) 5,646 (20.0) <0.0005

Kidney disease, n (%) 10,201 (14.9) 1,543 (32.4) <0.0005 5,846 (12.8) 6,127 (21.7) <0.0005

CVD, n (%) 13,340 (19.5) 2,150 (45.2) <0.0005 7,475 (16.4) 8,196 (29.1) <0.0005

Anaemia, n (%) 6,698 (9.8) 1,248 (26.2) <0.0005 3,565 (7.8) 4,484 (15.9) <0.0005

Psychological, n (%) 7,705 (11.3) 923 (19.4) <0.0005 4,695 (10.3) 4,108 (14.6) <0.0005

GERD, n (%) 6,266 (9.2) 435 (9.1) 0.9689 3,512 (7.7) 3,321 (11.8) <0.0005

Frailty, n (%) 2,920 (4.3) 464 (9.7) <0.0005 1,605 (3.5) 1,855 (6.6) <0.0005

Liver disease, n (%) 1,723 (2.5) 234 (4.9) <0.0005 927 (2.0) 1,089 (3.9) <0.0005

Notes: Mortality and hospitalisation group comparisons with 2-tailed p-value based on t-tests, Mann–Whitney U and Chi-square (with Yates’ correction) statistics. Measures 
used are mean (SD), n (%) and median [Q1, Q3] for continuous variables, prevalence and categorical variables, respectively. *Mortality comparison for asthma, survival is 
more prevalent group. Comparisons are made after removal of censored cases, for example, those with less than 12-months follow-up without a mortality (Figure 3). 
Respective totals (training and testing cohorts combined) for mortality and hospitalisation are 73,131 and 73,766.
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comorbidities.24 By contrast, our data suggest there is 
a differential influence of multi-morbidity and disease 
severity in predicting 12-month all-cause mortality and 
hospitalisation when a broader assessment of disease 
severity and comorbidity burden is incorporated than 
such previously reported risk scores. Importantly, we 
have demonstrated this differential effect using routinely 
collected primary care data in a cohort representative of 
clinical practice in the UK. Our comparison of perfor
mance of ACG regression models with our own models 
also highlights that the methodology used to group, count 
and incorporate multi-morbidity clusters into regression 
models may have an important impact on prediction 
performance.

We recognise limitations to the interpretation of our 
findings. In keeping with other studies using routinely 
collected data in primary care, missing data from the 
primary care record and outcome linkage was frequent 
(see Supplementary Appendix S4). However, we have 
used robust and consistent methods to manage missing
ness, including censoring cases where the proportion of 

missing data was too high and using multiple imputation. 
Likewise, clinically coded data in primary care in the UK 
is known to be subject to measurement and recording 
error, and we recognise that the indices included in our 
prognostic model are representations of the patient char
acteristics in the clinical record rather than confirmed 
clinical findings for each individual. For example, 
a significant proportion (around 40%) of patients in our 
COPD cohort were also coded for asthma. This might 
represent genuine clinical overlap between these condi
tions or misdiagnosis. However, such inaccuracy is likely 
to apply across the analysis and is therefore unlikely to 
detract from the comparison of risk stratification meth
odologies we have undertaken. As our findings specifi
cally refer to 12-month all-cause mortality and 
hospitalisation, it cannot be assumed that longer-term 
outcomes would be predicted in the same patterns. 
While we included age in our predictive models, we 
recognise that differences might exist in the performance 
of such models (in particular the impact of multi- 
morbidity) in different age strata.

Figure 4 Model comparison. A graphical comparison of model classification on test cohort using the area under receiver operating characteristic (ROC) with 95% 
confidence intervals. x-Axis states which model has been used (see details below); y-axis identifies AUC (95% CI). Twelve-month all-cause mortality models, blue; 12-month 
all-cause hospitalisation predictors, red; ACG predictors, green. 
Abbreviations: M_COPD, mortality (disease specific); M_COPDcom, mortality (disease specific plus comorbidities); M_com, mortality (comorbidities only); M_acgltd, 
mortality (ACG-tailored regression); H_COPD, hospitalisation (disease specific); H_COPDcom, hospitalisation (disease specific plus comorbidities); H_com, hospitalisation 
(comorbidities only); H_acgstd, hospitalisation (ACG standard model); H_acgtld, hospitalisation (ACG-tailored regression).

International Journal of Chronic Obstructive Pulmonary Disease 2021:16                                                https://doi.org/10.2147/COPD.S303202                                                                                                                                                                                                                       

DovePress                                                                                                                       
1751

Dovepress                                                                                                                                                          Groves et al

Powered by TCPDF (www.tcpdf.org)Powered by TCPDF (www.tcpdf.org)

https://www.dovepress.com/get_supplementary_file.php?f=303202.docx
https://www.dovepress.com
https://www.dovepress.com


Increasing attention is being directed to the stratifica
tion of clinical populations based on future health risk in 
order to identify populations at risk of adverse outcomes to 
plan services and therapeutic interventions accordingly. It 
is recognised that the identification and management of 
multi-morbidity presents a challenge to health care service 
provision because of the disease focused organisation of 
most healthcare systems. Our findings demonstrate 
a differential impact of multi-morbidity and disease sever
ity on the performance of risk profiling methodologies in 
a long-term condition such as COPD and indicate that the 
relative importance of multi-morbidity and disease sever
ity will depend on the health outcome in question. The use 
of complex multi-morbidity based risk profiling methodol
ogies such as ACG in combination with disease severity 
indices may assist in the prediction of healthcare utilisa
tion. Although our findings principally have implications 
at a population level, understanding future health risk in 
relation to disease severity and multimorbidity may 
directly enhance patient care through better identification 
and prioritisation of present and future health needs for 
individuals with COPD based on clinical characteristics. 
The prognostic importance of disease and multi-morbidity 
indices highlights the importance of accurate coding of 
such clinical characteristics during routine clinical prac
tice. If applicable to other long-term conditions, our find
ings have the potential to enhance the ability of health 
systems to understand clinical risk for the populations they 
serve and thereby plan primary, acute and community 
services accordingly for people with COPD and chronic 
diseases.
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Model Description AUC and 95% CI
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M_COPDcom Demographic, COPD-specific and multi-morbidity predictors 0.829 (0.818–0.839)
M_com Multi-morbidity predictors only 0.717 (0.704–0.731)

M_acgtld Tailored regression using derived ACG grouper outputs 0.816 (0.805–0.827)
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H_COPD Demographic and COPD-specific predictors only 0.644 (0.636–0.651)

H_COPDcom Demographic, COPD-specfic and multi-morbidity predictors 0.679 (0.672–0.686)

H_com Multi-morbidity predictors only 0.654 (0.647–0.661)
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