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Abstract

Multimorbidity is common among older people and presents a major challenge to health systems worldwide. Metrics of
multimorbidity are, however, crude: focusing on measuring comorbid conditions at single time-points rather than reﬂecting the
longitudinal and additive nature of chronic conditions. In this paper, we explore longitudinal comorbidity metrics and their value in
predicting mortality.
Using linked primary and secondary care data, we conducted a retrospective cohort study on adults in Salford, UK from 2005 to
2014 (n = 287,459). We measured multimorbidity with the Charlson Comorbidity Index (CCI) and quantiﬁed its changes in various
time windows. We used survival models to assess the relationship between CCI changes and mortality, controlling for gender, age,
baseline CCI, and time-dependent CCI. Goodness-of-ﬁt was assessed with the Akaike Information Criterion and discrimination with
the c-statistic.
Overall, 15.9% patients experienced a change in CCI after 10 years, with a mortality rate of 19.8%. The model that included gender
and time-dependent age, CCI, and CCI change across consecutive time windows had the best ﬁt to the data but equivalent
discrimination to the other time-dependent models. The absolute CCI score gave a constant hazard ratio (HR) of around 1.3 per unit
increase, while CCI change afforded greater prognostic impact, particularly when it occurred in shorter time windows (maximum HR
value for the 3-month time window, with 1.63 and 95% conﬁdence interval 1.59–1.66).
Change over time in comorbidity is an important but overlooked predictor of mortality, which should be considered in research and
care quality management.
Abbreviations: AIC = Akaike Information Criterion, AIDS = acquired immunodeﬁciency syndrome, CCI = Charlson Comorbidity
Index, CI = conﬁdence interval, EHRs = electronic health records, HIV = human immunodeﬁciency virus, IDI = Integrated
Discrimination Improvement, NRI = Net Reclassiﬁcation Improvement, QOF = Quality and Outcome Framework, SD = standard
deviation, SIR = Salford Integrated Record, VIF = Variance Inﬂation Factors.
Keywords: Charlson Comorbidity Index, comorbidity, multimorbidity, prognostic impact, retrospective cohort study, risk
stratiﬁcation, Salford Integrated Record, survival analysis

1. Introduction

Editor: Chunxia Cao.

In “ageing” populations the prevalence of patients with multiple
conditions increases[1,2] placing extra demands on healthcare
systems.[3,4] Population-based studies have revealed the presence of
at least one long-term condition in over a third of patients,[2,5] with
two-thirds of those aged over 65 years and three-quarters of those
aged over 85 years having at least 2 concurring conditions.[6]
Linked electronic health records (EHRs) may offer new
information about multimorbidity.[7] Some EHRs hold comorbidity scores,[8] ranging from simple summation of the number of
conditions to more complex scores that assign different weights
to diseases in respect of their prognoses.[9–13] Although EHRs
can provide rich longitudinal information most studies use the
data available at a single time-point to measure comorbidity,
which treats it as a static phenomenon when it is logically
dynamic.[14–16] Similarly in prognostic studies, only those
comorbid conditions present at baseline are commonly considered, while new conditions arising may affect the outcome of
interest.[14–16] While it is reasonable to hypothesize that those
with rising comorbidity over time may have worse health
outcomes[15] this group of patients are poorly characterized in the
literature.
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2.4. Data analysis

This study aimed to characterize the distribution, and changes
over time, of comorbidities, as measured by the Charlson
Comorbidity Index (CCI),[13] in a UK population with highquality EHRs. We also sought to investigate different ways to
account for longitudinal patterns of comorbidity in survival
analyses and see if this enhanced the prediction of mortality.

To investigate the proportion of patients experiencing changes in
comorbidities during follow-up, we calculated the difference
between patient CCI values at baseline, then at 1, 5, and 10 years.
For each follow-up period, we next calculated the overall
proportion of patients that had a CCI change and their mortality
rates. We repeated this analysis by stratifying for the CCI value at
baseline (i.e., 0, 1, 2, ≥3) and reported separately proportion of
change and crude mortality rate for CCI changes of 0, 1, 2, and ≥3.
To evaluate the prognostic importance of comorbidity burden
changes over time and the time period over which changes occur,
we performed survival analyses using Cox regression models[37]
with time to death from any cause as the outcome. We built three
different datasets by discretizing time into 3-, 6-, and 12-month
time windows (see Supplementary Figure 1 and Table 1, http://
links.lww.com/MD/B354) and implemented different models by
increasing the level of model’s complexity. The models considered:

2. Methods
2.1. Data source
Data were extracted from the Salford Integrated Record (SIR)—
an anonymized extract of linked data from all 53 primary care
providers and 1 secondary care provider in the UK City of Salford
(population in Census 2011 of ∼235k[17]). The data in SIR
includes all primary care and secondary care records (i.e., focused
on long-term conditions management) as well as all results from
biochemical testing across primary and secondary care. Data are
stored as Read codes v2 and v3.[18]
Salford is a relatively deprived area, with almost a third of
neighborhoods in the most deprived tenth for England.[19] In
terms of multimorbidity burden, Salford is in the 61st centile, as
measured by England’s primary care Quality and Outcome
Framework (QOF).[20]

(1) Age, gender, and CCI at baseline (model 1).
(2) Gender and time-dependent age and CCI (model 2).
(3) Gender and CCI at baseline as well as time-dependent age and
CCI (model 3).
(4) Gender and baseline CCI value in addition to time-dependent
age and cumulative CCI change from baseline (model 4).
(5) Gender and time-dependent age, CCI and CCI change over
consecutive time windows (model 5).

2.2. Study period and population
The study period was from April 1, 2005 to December 31, 2014.
As QOF has been proven to inﬂuence general practitioners data
recording behaviors and improve data quality on included
clinical conditions,[21–24] we focused on the period after QOF was
introduced and used its ﬁnancial years (1 April to 31 March). We
used an open cohort design and included all patients aged 18
years or older, registered in one of the SIR primary care practices.
Patients were considered as participating in the study until death
or migration out of the area.

For both the nonstratiﬁed and cardiovascular stratiﬁed
analyses, time-dependent covariates were modeled by updating
their values at the beginning of each time window (see
Supplementary Table 1, http://links.lww.com/MD/B354).
We used the Akaike Information Criterion (AIC) to assess
model goodness-of-ﬁt.[38] For each model, we also assessed
discrimination with 95% conﬁdence intervals (CIs) for the cstatistic by calculating c-index over 100 bootstrap iterations.
Finally, we calculated models’ Variance Inﬂation Factors (VIF),
which assesses collinearity between covariates, and checked the
proportional hazards assumption.

2.3. Comorbidity burden measurement: Charlson
Comorbidity Index calculation

2.5. Sensitivity analyses

We measured comorbidity burden by using the CCI[13]—a widely
used score,[8] which has different weights for 22 clinical
conditions in relation to their impact on prognosis. Although
originally developed to predict mortality risk after hospitalization, it has been shown to independently predict adverse
outcomes across a broad spectrum of conditions.[25–35]
We calculated the CCI on the basis of the work of Khan
et al,[36] who provided a list of validated Read diagnostic codes
for calculating it in UK primary care. Every time a relevant Read
diagnostic code was found for a patient, the CCI was updated
using the weights for the related disease category. Age was
modeled separately and not included in the CCI calculation.
Because of privacy restrictions on access to data about
sexual or mental health we were not able to include human
immunodeﬁciency virus (HIV)/acquired immunodeﬁciency syndrome (AIDS) and dementia in our study.
In addition to the original CCI deﬁnition, we stratiﬁed the disease
categories into cardiovascular (i.e., myocardial infarction, congestive heart failure, peripheral vascular disease, cerebrovascular
disease, diabetes mellitus, renal disease) and noncardiovascular
(i.e., peptic ulcer disease, cancer, metastatic disease, hemiplegia,
liver disease, chronic pulmonary disease) diseases. We then
repeated the process explained above and obtained 2 individual
scores (cardiovascular CCI and noncardiovascular CCI).

We performed several sensitivity analyses. First, we evaluated
possible clustering effects related to the different primary care
practices from which the data arose by repeating our main analysis
with the addition of a random intercept at practice level. Second,
since the currency of the original CCI disease weights is under
debate, we repeated all analyses with an updated version of the
CCI.[39] Third, we only considered the patients that experienced a
change in CCI during the follow-up. Fourth, we repeated all
analyses by categorizing both CCI and CCI change as 0, 1, 2, ≥3
and assessing interaction terms between CCI value and CCI
change. Finally, as c-statistic to compare different prediction
models has been criticized,[40,41] we also compared the simplest
(model 1) and most complex (model 5) of the models we tested in
terms of Net Reclassiﬁcation Improvement (NRI) and Integrated
Discrimination Improvement (IDI)[40,41] to quantify differences in
predictive ability. We based our analysis on Wong et al[42] who
calculated IDI and NRI to compare a time-ﬁxed and timedependent model in a survival analysis. Particularly, we calculated
IDI as the difference between the mean predicted risk in patients
who died and patients who did not die for both models. As in the
context of our analysis there are no clear risk categories to which
patients are assigned, we implemented a category-less NRI and
calculated the proportion of the correct (i.e., model 5 predicted
2
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higher risk than model 1 for patients who died) minus incorrect
predictions in the events plus the proportions of correct (i.e., model
5 predicted lower risk than model 1 for patients who did not die)
minus incorrect predictions for nonevents. For both IDI and NRI
values above 0 indicate better performance. We calculated 95%
CIs for both IDI and NRI for each time point over 100 bootstrap
iterations.

Table 1
Patient characteristics at baseline.
Values at entry date
Parameters
Included patients
Patients dead during study period
Follow-up (mean, SD)
Patients with increase in CCI during
study period (%)
Age (mean, SD)
Female (%)
Townsend index (mean, SD)
Ethnicity
White
Indian
Pakistani
Bangladeshi
Other Asian
Black Caribbean
Black African
Chinese
Other
Smoking
Nonsmoker
Ex-smoker
Light smoker (1–9 cg/d)
Moderate smoker (10–19 cg/d)
Heavy smoker (≥20 cg/d)
BMI (kg/m2) (mean, SD)
Cancer (%)
Cerebrovascular disease (%)
Chronic pulmonary disease (%)
Congestive heart disease (%)
Diabetes (%)
Diabetes with complications (%)
Hemiplegia (%)
Metastatic tumor (%)
Mild liver disease (%)
Mod liver disease (%)
Myocardial infarction (%)
Peptic ulcer disease (%)
Peripheral vascular disease (%)
Renal disease (%)
Rheumatological disease (%)

3. Results
3.1. Study population characteristics
A total of 357,829 patients were recorded in the SIR database
during the study period. We excluded 65,182 patients because
they were under the age of 18 years and 5188 patients because of
conﬂicting registration data (such as temporary residents). A total
of 287,459 patients were included in the analysis, with a
mortality rate of 5.7% (N = 16,452) recorded during the study
period. Table 1 shows patient characteristics at baseline. The
proportion of women was 49.3% and mean age at baseline was
38.3 years (standard deviation [SD] 18.8), with a mean follow-up
time of 7.9 years (SD 2.8). Mean deprivation as measured by the
Townsend score[43] which incorporates four variables (i.e.,
unemployment, noncar ownership, nonhome ownership, and
household overcrowding) to calculate material deprivation
within a population, was 1.9 (SD 3.4). The majority of patients
were Caucasian (85.8%). Mean body mass index (BMI) at
baseline was 25.8 kg/m2 (SD 5.7). The prevalence of CCI disease
categories at baseline varied from 0.1% to 13.2%, with chronic
pulmonary disease having the highest prevalence, followed by
diabetes (3.5%). Prevalence rates for cancer, cerebrovascular
disease, myocardial infarction, peptic ulcer disease, and musculoskeletal disease varied between 1% and 2%, whilst for all other
comorbidities prevalence rates were below 1%.
Table 2 reports trends over time of prevalence of the CCI
diseases categories (see Supplementary Figure 2 for graphical
representation, http://links.lww.com/MD/B354). Prevalence rates
for cancer, chronic pulmonary disease, and diabetes increased
during the study period, while they decreased for myocardial
infarction, peptic ulcer, and musculoskeletal disease. Renal disease
prevalence peaked in ﬁnancial years 2009/10 and 2010/11 and
then slightly decreased. All the other disease categories remained
stable.

Missing
287,459
16,452 (5.7)
7.9 (2.8)
45,779 (15.9)

None
None
None
None

38.3 (18.8)
141,794 (49.3)
1.9 (3.4)

None
None
None

144,011
2698
1775
379
2152
318
5461
2180
8820

(85.8)
(1.6)
(1.1)
(0.2)
(1.3)
(0.2)
(3.3)
(1.3)
(5.3)

119,665 (41.6)

99,303
32,378
13,938
19,458
14,097
25.8
5878
4449
37,842
2311
9152
1116
473
122
370
149
4277
3449
2126
1827
2886

(55.4)
(18.1)
(7.8)
(10.9)
(7.9)
(5.7)
(2)
(1.5)
(13.2)
(0.8)
(3.2)
(0.4)
(0.2)
(0)
(0.1)
(0.1)
(1.5)
(1.2)
(0.7)
(0.6)
(1)

108,285 (37.7)

137,931 (48)
N/A
N/A
N/A
N/A
N/A
N/A
N/A
N/A
N/A
N/A
N/A
N/A
N/A
N/A
N/A

BMI = body mass index, CCI = Charlson Comorbidity Index, N/A = not available, SD = standard
deviation.

3.2. Comorbidities change and mortality
Over the study period, we observed a change in CCI at 1 year for
5533 (1.9%) patients, with a crude mortality rate documented
within this group of 3.1%. The number of patients for whom we
observed CCI changes after 5 and 10 years were 30,025 (10.4%)
and 45,096 (15.9%), with a respective crude mortality rate of
10.0% and 19.8%. When comparing mortality between the group
of patients that had a change in CCI and those that did not we found
odds ratios of 8.8 (95% CI: 7.5–10.4), 6.6 (95% CI: 6.3–6.9), and
7.8 (95% CI: 7.5–8.0) at the 3 time points, respectively.
Table 3 reports the mortality odds ratios associated with a
change in CCI of 1, 2, and equal or more than 3 units, respectively
(see Supplementary Figures 3–5 for details about prevalence of
CCI change and related mortality, http://links.lww.com/MD/
B354). Overall, the odds ratios increased for bigger CCI changes
and decreased for longer follow-up times and higher baseline CCI
values. All comparisons were statistically signiﬁcant (P values
lower than 0.05), with the exception of some analyses for baseline
CCI 2 and 3.

3.3. Regression analyses
Table 4 summarizes covariates prognostic impact (per unit
increase), AIC, and c-statistic for the 6-month time window
analysis. These are reported separately for the nonstratiﬁed and
cardiovascular-stratiﬁed analyses.
We observed the same prognostic impact (HR 1.50, 95% CI:
1.49–1.51) in model 3 for the time-dependent CCI value and
model 4 for the CCI cumulative change over study period, which
in both cases was much greater than the baseline CCI value (HR
0.81, 95% CI: 0.80–0.82 in model 3 and HR 1.21, 95% CI:
1.20–1.22 in model 4). In addition, it can be seen that
longitudinal changes in CCI provide additional prognostic
information (HR 1.51, 95% CI: 1.48–1.54) to that provided
by the absolute CCI score (HR 1.30, 95% CI: 1.29–1.31) also
when looking at changes across different time windows (i.e.,
model 5). Interestingly, longitudinal changes in the noncardiovascular components of CCI provide a much greater hazard for
3

(3.9)
(2.3)
(15.7)
(1.3)
(5.3)
(1)
(0.2)
(0.1)
(0.3)
(0.1)
(1.9)
(1.4)
(1.1)
(4.3)
(1.3)
(3.9)
(2.4)
(15.7)
(1.4)
(5.2)
(0.9)
(0.2)
(0.1)
(0.3)
(0.1)
(2.1)
(1.6)
(1.1)
(5.1)
(1.4)

9813
5966
39,520
3415
13,133
2396
530
273
684
279
5102
3957
2882
12,340
3401

(3.9)
(2.4)
(15.7)
(1.4)
(5.2)
(1)
(0.2)
(0.1)
(0.3)
(0.1)
(2)
(1.6)
(1.1)
(4.9)
(1.4)

10,194
6028
40,766
3448
13,600
2513
555
304
758
304
5145
3959
2954
12,318
3435

(4)
(2.3)
(15.8)
(1.3)
(5.3)
(1)
(0.2)
(0.1)
(0.3)
(0.1)
(2)
(1.5)
(1.1)
(4.8)
(1.3)

10,479
6046
41,685
3473
14,046
2680
563
303
811
313
5170
3913
3048
11,965
3456

(4)
(2.3)
(15.8)
(1.3)
(5.3)
(1)
(0.2)
(0.1)
(0.3)
(0.1)
(2)
(1.5)
(1.2)
(4.5)
(1.3)

10,682
6131
42,544
3496
14,244
2772
571
305
865
319
5218
3883
3076
11,781
3498

mortality (HR 1.66, 95% CI: 1.62–1.70) than the cardiovascular
components (HR 1.17, 95% CI: 1.12–1.22).
Increasing the model complexity from model 1 to model 5 led
to a better ﬁt of the models to the data, as witnessed by a decrease
in AIC, but not a substantial improvement in the c-statistic.
Model 3 and model 4 were equivalent in terms of goodness-of-ﬁt
(i.e., same AIC value). VIF values were lower than 2 for all
included variables across all models, showing no indication of
collinearity between the covariates. Finally, there was no evidence
to reject the hypothesis of proportional hazards.
Results from the analyses with 3- and 12-month time windows
showed similar ﬁndings to those undertaken with 6-month time
windows.
Table 5 shows hazard ratios for model 5, such as the model that
obtained the best AIC values, across all the three different time
windows (i.e., 12-, 6-, and 3-month time windows). Looking at
the nonstratiﬁed analysis, CCI (per unit increase) had similar
prognostic impact across all analyses, whilst longitudinal changes
in CCI hazard ratio (per unit increase) augmented with shorter
time windows. The cardiovascular-stratiﬁed analysis showed
similar ﬁgures, whilst the noncardiovascular CCI score had
bigger prognostic impact in shorter time periods.
The sensitivity analysis that focused only on patients that
experienced CCI changes gave comparable results to the main
analysis, with the exception of an increased difference in cstatistic, for which we observed values for the 95% CI ranging
from 0.79 to 0.79 for model 1 to 0.83 to 0.84 for model 5 in the 6month time window analysis. The sensitivity analysis that
compared model 1 and 5 in terms of IDI and NRI showed that for
most time points the 2 models had the same predictive ability (see
Supplementary Figure 6, http://links.lww.com/MD/B354), with
model 5 that was slightly better in IDI and model 1 in NRI.
Sensitivity analyses, exploring variations by care provider,
disease weighting schemes and score categorizations, showed
similar results to our main analysis.

(3.7)
(2.4)
(15.5)
(1.4)
(5)
(0.8)
(0.2)
(0.1)
(0.2)
(0.1)
(2.2)
(1.7)
(1.2)
(5.2)
(1.4)

(3.8)
(2.4)
(15.6)
(1.4)
(5.1)
(0.8)
(0.2)
(0.1)
(0.2)
(0.1)
(2.1)
(1.7)
(1.2)
(5.2)
(1.4)
8923
5615
36,618
3192
12,024
1897
499
233
552
234
4986
3940
2749
12,306
3273
8416
5361
34,929
3097
11,376
1759
488
204
497
221
4928
3891
2673
11,714
3197

9396
5823
38,164
3331
12,652
2123
516
247
624
262
5047
3949
2,790
12,388
3340

Year 2014
(N = 271,007)
Year 2013
(N = 264,369)
Year 2012
(N = 257,777)
Year 2011
(N = 250,958)
Year 2009
(N = 234,904)
Year 2008
(N = 226,001)

Year 2010
(N = 243,104)

Medicine

6289
4612
29,319
2466
9095
1277
432
133
362
159
4410
3490
2259
3005
2906
Cancer (%)
Cerebrovascular disease (%)
Chronic pulmonary disease (%)
Congestive heart disease (%)
Diabetes (%)
Diabetes with complications (%)
Hemiplegia (%)
Metastatic tumor (%)
Mild liver disease (%)
Mod liver disease (%)
Myocardial infarction (%)
Peptic ulcer disease (%)
Peripheral vascular disease (%)
Renal disease (%)
Rheumatological disease (%)

6868
4817
31,069
2526
9669
1472
459
150
394
166
4533
3601
2364
8976
2972

(3.3)
(2.3)
(15.1)
(1.2)
(4.7)
(0.7)
(0.2)
(0.1)
(0.2)
(0.1)
(2.2)
(1.7)
(1.1)
(4.3)
(1.4)

7525
5059
32,827
2748
10,376
1623
472
170
430
191
4691
3737
2517
10,983
3043

(3.5)
(2.4)
(15.3)
(1.3)
(4.8)
(0.8)
(0.2)
(0.1)
(0.2)
(0.1)
(2.2)
(1.7)
(1.2)
(5.1)
(1.4)

Our population-based analysis in over a quarter of a million
people with detailed primary care records suggests that
comorbidity is a dynamic process, with 1 in 10 patients showing
a change in CCI over 5 years. This longitudinal pattern of
comorbidity was associated with increased mortality risk, where
change over time in CCI was a stronger predictor than CCI at
baseline. In addition, the more rapid changes in CCI posed a
greater mortality risk.
This study conﬁrms that as populations “age,” a signiﬁcant
proportion of patients will experience comorbidity changes over
time, and that longitudinal uses of metrics like CCI hold important
prognostic information. Speciﬁcally, using Cox regression models
with time-dependent CCI and including CCI-change provides
additional prognostic information that should be considered when
studying long-term outcomes in EHRs.
Regarding the choice of variables and how they are included in
a regression model, we did not observe much variation in terms
of discriminatory ability, with models 2 to 5 being almost
equivalent. To increase the contrasts between models we
restricted the discrimination comparison to the 15.9% of the
population with comorbidity changes, however, the differences
did not greatly increase. Similar predictive performance between
models was also found in the IDI and NRI sensitivity analysis.
Since many of the comorbidities comprising the CCI score are
heterogeneous, we stratiﬁed our analysis by 2 broad condition

QOF = Quality and Outcome Framework.

(3.2)
(2.3)
(14.7)
(1.2)
(4.6)
(0.6)
(0.2)
(0.1)
(0.2)
(0.1)
(2.2)
(1.8)
(1.1)
(1.5)
(1.5)

Year 2005
(N = 199,043)

Year 2006
(N = 206,392)

Year 2007
(N = 214,911)

4. Discussion

Diseases

Table 2

Charlson Comorbidity Index disease categories trend over the study period (on QOF ﬁnancial years, such as 1st of April to 31st March of the next year) in terms of number of patients affected
and prevalence.
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Table 3
Odds ratio of mortality for group of patients that had a change in Charlson Comorbidity Index (CCI) and the patients that did not have it for
different baseline CCI values across the study.
Baseline CCI
0

1

2

≥3

CCI change
1
2
≥3
1
2
≥3
1
2
≥3
1
2
≥3

1-y follow-up,
odds ratio [95% CI]

5-y follow-up,
odds ratio [95% CI]

10-y follow-up,
odds ratio [95% CI]

6.35
18.18
70.12
7.59
10.68
12.73
∗
0.59
1.91
7.93
∗
1.69
∗
1.27
5.54

3.58
10.34
17.58
2.88
5.82
8.42
∗
1.12
1.69
2.24
∗
1.09
1.22
1.37

3.68
11.31
19.33
3.24
7.26
9.34
1.24
2.19
2.85
1.29
1.96
1.88

[4.33, 9.32]
[13.09, 25.25]
[36.98, 132.95]
[4.95, 11.65]
[7.1, 16.07]
[3.94, 41.18]
[0.19, 1.87]
[0.96, 3.77]
[2.75, 22.86]
[0.92, 3.08]
[0.62, 2.63]
[1.87, 16.4]

[3.16, 4.05]
[9.42, 11.34]
[15.45, 20.01]
[2.43, 3.42]
[5.17, 6.55]
[7.24, 9.78]
[0.89, 1.39]
[1.44, 1.98]
[1.83, 2.74]
[0.86, 1.37]
[1.03, 1.45]
[1.08, 1.74]

[3.41, 3.97]
[10.64, 12.02]
[17.98, 20.78]
[2.91, 3.61]
[6.67, 7.91]
[8.51, 10.25]
[1.07, 1.44]
[1.94, 2.48]
[2.5, 3.24]
[1.09, 1.54]
[1.7, 2.27]
[1.6, 2.21]

CI = conﬁdence interval.
∗
Value nonstatistically signiﬁcant at a 0.05 level.

Four studies have related advancing multimorbidity to worse
health outcomes,[14–16,45] and we extended the methodologies
used. Aarts et al[45] and Strauss et al,[16] used latent class analysis
to identify different multimorbid trajectories in primary care
data, and found worse self-reported health among patients with
greater (especially steeper) changes in comorbidities. Zeng
et al[15] associated steeper CCI yearly change with worse general
health in older (>65 years) patients with at least 3 comorbidities
(N = ∼15,000) over a 10-year period. Finally, Wang et al[14]
reported much greater prognostic impact for time-dependent CCI
levels compared to CCI values at baseline amongst a population
of United States Medicare patients older than 65 years (N =
50,000). Our model 3 reﬂected that of Wang et al and we found it
ﬁtted less well than the model that explicitly considered CCI
changes over different time windows, and identiﬁed baseline CCI
value as a protective factor, which is counterintuitive. These
results suggest that the explicit inclusion of CCI changes allowed
us to better capture and describe the complexity of comorbidity
burden evolution over time.
Strauss et al,[16] Lappenschaar et al,[44] and Quiñones et al[46]
have also looked at deﬁning longitudinal trajectories of
comorbidity burden. Lappenschaar et al[44] used a Bayesian
network to ﬁnd associations between diseases and health risks to
predict evolution of comorbidities over time (e.g., diabetic
retinopathy and hypertension). Quiñones et al[46] estimated
ethnicity-speciﬁc comorbidity trajectories for white Americans,
black Americans and Mexicans. These studies did not consider
the association between longitudinal comorbidity burden and
outcome, they focused on deriving trajectories that predict how
quickly patients encounter new comorbidities, which is similarly
important.
To our knowledge, this is the ﬁrst study to report the
prognostic impact of comorbidity burden evolution, as measured
by CCI, in a natural/geographical population, and to consider the
discrete contributions of cardiovascular versus noncardiovascular conditions.
Yet our analysis has several limitations. First, the SIR database
relies on clinicians’ observations and entry of relevant codes into
EHRs, which may be an incomplete or inaccurate representation
of patients’ health. Most of the conditions in CCI, however, are
recorded well in English primary care because they are part of
the QOF pay-for-performance scheme. We observed a direct

groups: with separate cardiovascular and noncardiovascular
variables. In predicting mortality: for the cardiovascular CCI,
absolute score had a greater impact than its change over time,
whilst for the noncardiovascular CCI change over time was more
predictive than absolute value. A possible explanation is that
cardiovascular diseases are yoked in common pathophysiological
mechanisms with similar progression over time and share
overlapping treatment strategies, hence longitudinal changes in
the burden of these conditions is less likely to be as important
when one already has an existing cardiovascular disorder. In
contrast, noncardiovascular CCI encompasses a heterogeneous
group of diseases such as cancer, peptic ulcers, pulmonary
pathology, or liver diseases with separate pathophysiological
mechanisms and treatment strategies whose prognostic impact is
likely to be additive hence why dynamic changes in noncardiovascular CCI has such important prognostic implications.
Although multimorbidity is often considered a static
process,[14–16] studies have analyzed 3 main aspects of longitudinal changes in comorbidities[14–16,44–46]: ﬁnding trajectories of
comorbidity evolution over time[16,44,46]; investigating the best
way of longitudinally modeling comorbidities when making
predictions[14,15]; and assessing if prognostic impact of comorbidities is temporary or persistent.[45] Comorbidities were mostly
deﬁned as counts of diseases,[16,44–46] with CCI used in just 2
studies[14,15] and no comparisons made between the cardiovascular and noncardiovascular components of CCI. Whilst CCI
“weights” clinical conditions by their prognostic impact, a simple
count of comorbidities would be confounded by the fact that
different clinical conditions will impact on prognosis differently.
Therefore, a change in the number of comorbid conditions will
have very different prognostic implications depending on which
conditions have changed.
To date, the studies of Aarts et al[45] and Strauss et al[16] are the
only ones to report the number of patients experiencing change in
comorbidities over time. Aarts et al[45] followed 1184 patients aged
24 to 81 for 6 years in a Dutch prospective study and reported that
16.4% with changes in comorbidities. Strauss et al[16] studied
24,641 people aged >50 for 3 years in a UK primary care setting
and reported 60% of these older patients had changes in
comorbidities. Our study was most comparable with that of
Aarts et al[45] as we considered similar age groups, and our results
for overall change over time in comorbidity were very similar.
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Table 4
Results for the 6-month time windows in terms of AIC and hazard ratios.
Model

AIC

c-statistic 95% CI

362,230

0.90–0.90

2

358,054

0.91–0.91

3

357,290

0.91–0.91

4

357,290

0.91–0.91

5

357,000

0.91–0.91

362,169

0.90–0.90

2

357,952

0.91–0.91

3

356,818

0.91–0.91

4

356,818

0.91–0.91

5

356,735

0.91–0.91

Nonstratiﬁed analysis
1

Cardiovascular stratiﬁed analysis
1

Variable

Hazard ratio [95% CI]

Baseline age (per year)
Gender (M vs F)
Baseline CCI (per unit)
Age (per year)
Gender (M vs F)
CCI (per unit)
Age (per year)
Gender (M vs F)
Baseline CCI (per unit)
CCI (per unit)
Age (per year)
Gender (M vs F)
Baseline CCI (per unit)
CCI cumulative change (per unit)
Age (per year)
Gender (M vs F)
CCI (per unit)
CCI change (per unit)

1.08
1.26
1.23
1.08
1.21
1.35
1.08
1.24
0.81
1.50
1.08
1.24
1.21
1.50
1.08
1.22
1.30
1.51

[1.08,
[1.22,
[1.21,
[1.08,
[1.18,
[1.34,
[1.08,
[1.20,
[0.80,
[1.49,
[1.08,
[1.20,
[1.20,
[1.49,
[1.08,
[1.20,
[1.29,
[1.48,

1.09]
1.30]
1.24]
1.08]
1.25]
1.36]
1.08]
1.28]
0.82]
1.51]
1.08]
1.28]
1.22]
1.51]
1.08]
1.26]
1.31]
1.54]

Baseline age (per year)
Gender (M vs F)
Baseline cardiovascular CCI (per unit)
Baseline noncardiovascular CCI (per unit)
Age (per year)
Gender (M vs F)
Cardiovascular CCI (per unit)
Noncardiovascular CCI (per unit)
Age (per year)
Gender (M vs F)
Baseline cardiovascular CCI (per unit)
Cardiovascular CCI (per unit)
Baseline noncardiovascular CCI (per unit)
Noncardiovascular CCI (per unit)
Age (per year)
Gender (M vs F)
Baseline cardiovascular CCI (per unit)
Cardiovascular CCI cumulative change (per unit)
Baseline noncardiovascular CCI index (per unit)
Noncardiovascular CCI cumulative change (per unit)
Age (per year)
Gender (M vs F)
Cardiovascular CCI (per unit)
Cardiovascular CCI change (per unit)
Noncardiovascular CCI index (per unit)
Noncardiovascular CCI change (per unit)

1.08 [1.08, 1.09]
1.25 [1.21, 1.29]
1.29 [1.27, 1.31]
1.16 [1.15, 1.18]
1.08 [1.08, 1.08]
1.22 [1.18, 1.26]
1.30 [1.29, 1.31]
1.42 [1.40, 1.43]
1.08 [1.08, 1.08]
1.22 [1.180, 1.26]
0.93 [0.91, 0.95]
1.34 [1.32, 1.36]
0.71 [0.70, 0.72]
1.69 [1.66, 1.71]
1.08 [1.08, 1.08]
1.22 [1.18, 1.26]
1.24 [1.22, 1.26]
1.33 [1.32, 1.36]
1.20 [1.18, 1.22]
1.69 [1.67, 1.71]
1.08 [1.08, 1.08]
1.22 [1.18, 1.26]
1.29 [1.27, 1.30]
1.17 [1.12, 1.22]
1.32 [1.30, 1.34]
1.66 [1.62, 1.70]

AIC = Akaike Information Criterion, CCI = Charlson Comorbidity Index, CI = conﬁdence interval.

example of the effect of QOF in our dataset for renal disease.
Particularly, prevalence in the Salford population raised from
1.5% in 2005 to 4.3% in 2006, and this is likely to be related to
the introduction of renal disease in QOF during that year. Some
cases will remain undiagnosed but this would be unusual given
the serious nature of the CCI conditions, also dissent rates (i.e.,
refusal of assessment or treatment by the patient) in this context
are low.[47] Second, like most other investigators we considered
CCI as a “rolling” measure, cumulating comorbidity burden until
death. However, a limited number of the CCI disease categories
(i.e., peptic ulcer or cancer) might be cured (a state not recorded in
our EHR). Third, due to data-reuse restrictions, we did not have
information about 2 CCI disease categories: sexual and mental
health. We note, however, that HIV and dementia prevalence in
our population is 4 in 1000[48] and less than 1%, respectively.[49]

Given that the included data cover most of the disease burden of
the population and the principal determinants of their outcomes
we do not feel that the inclusion of sexual and mental health data
would lead to substantially different ﬁndings. Fourth, general
practices in Salford use 2 different EHRs, which can have a small
inﬂuence over the data captured,[50] but this is unlikely to be
substantial for given the incentivized data capture for the CCI
conditions. Finally, although our analyses focused only on the
city of Salford, our cohort was composed of ∼280,000 patients
and the data were collected from all 53 primary care practices in
Salford. It is true that almost a third of neighborhoods in Salford
are in the most deprived tenth of England. However, in terms of
multimorbidity Salford is in the 61st centile. Therefore we expect
that our results would be generalizable to other areas in England
and UK.
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Table 5
Hazard ratios for model 5 across the different time windows analyses.
Model 5

Variable
Nonstratiﬁed analysis
Age (per year)
Gender (M vs F)
CCI (per unit)
CCI change (per unit)
Cardiovascular stratiﬁed analysis
Age (per year)
Gender (M vs F)
Cardiovascular CCI (per unit)
Cardiovascular CCI change (per unit)
Noncardiovascular CCI (per unit)
Noncardiovascular CCI change (per unit)

12-mo time windows,
hazard ratio
[95% conﬁdence interval]
1.08
1.22
1.28
1.41

[1.08,
[1.20,
[1.26,
[1.38,

6-mo time windows,
hazard ratio
[95% conﬁdence interval]

3-mo time windows,
hazard ratio
[95% conﬁdence interval]

1.08]
1.26]
1.29]
1.44]

1.08
1.22
1.30
1.51

[1.08,
[1.20,
[1.30,
[1.48,

1.08]
1.26]
1.31]
1.54]

1.08
1.21
1.33
1.63

[1.08,
[1.18,
[1.32,
[1.59,

1.08]
1.25]
1.34]
1.66]

1.08 [1.08, 1.08]
1.21 [1.17, 1.25]
1.28 [1.270, 1.30]
1.12 [1.09, 1.16]
1.26 [1.24, 1.28]
1.60 [1.56, 1.63]

1.08
1.22
1.29
1.18
1.32
1.66

[1.08,
[1.18,
[1.28,
[1.12,
[1.30,
[1.62,

1.08]
1.26]
1.30]
1.22]
1.34]
1.70]

1.08
1.21
1.29
1.32
1.38
1.68

[1.08,
[1.17,
[1.28,
[1.25,
[1.36,
[1.64,

1.08]
1.25]
1.30]
1.39]
1.40]
1.72]

CCI = Charlson Comorbidity Index.

[12] Von Korff M, Wagner EH, Saunders K. A chronic disease score from
automated pharmacy data. J Clin Epidemiol 1992;45:197–203.
[13] Charlson ME, Pompei P, Ales K, et al. A new method of classifying
prognostic comorbidity in longitudinal studies: development and
validation. J Chronic Dis 1987;40:373–83.
[14] Wang CY, Baldwin L-M, Saver BG, et al. The contribution of
longitudinal comorbidity measurements to survival analysis. Med Care
2009;47:813–21.
[15] Zeng C, Ellis JL, Steiner JF, et al. Assessment of morbidity over time in
predicting health outcomes. Med Care 2014;52:S52–9.
[16] Strauss VY, Jones PW, Kadam UT, et al. Distinct trajectories of
multimorbidity in primary care were identiﬁed using latent class growth
analysis. J Clin Epidemiol 2014;67:1163–71.
[17] Ofﬁce for National Statistics (UK), Census 2011 (2011).
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deprivation 2015 (2015).
[20] Roland M. Linking physicians’ pay to the quality of care—a major
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[21] Sutton M, Elder R, Guthrie B, et al. Record rewards: the effects of
targeted quality incentives on the recording of risk factors by primary
care providers. Health Econ 2010;19:1–3.
[22] Taggar JS, Coleman T, Lewis S, et al. The impact of the Quality and
Outcomes Framework (QOF) on the recording of smoking targets in
primary care medical records: cross-sectional analyses from The Health
Improvement Network (THIN) database. BMC Public Health 2012;12:
329.
[23] Olier I, Springate DA, Ashcroft DM, et al. Modelling conditions and
health care processes in electronic health records: an application to severe
mental illness with the clinical practice research datalink. PLoS ONE
2016;11:e0146715.
[24] Kontopantelis E, Reeves D, Valderas JM, et al. Recorded quality of
primary care for patients with diabetes in England before and after the
introduction of a ﬁnancial incentive scheme: a longitudinal observational
study. BMJ Qual Saf 2013;22:53–64.
[25] Reyes C, Estrada P, Nogués X, et al. The impact of common comorbidities (as measured using the Charlson index) on hip fracture risk in
elderly men: a population-based cohort study. Osteoporos Int 2014;
25:1751–8.
[26] Huang Y, Gou R, Diao Y, et al. Charlson comorbidity index helps predict
the risk of mortality for patients with type 2 diabetic nephropathy. J
Zhejiang Univ Sci B 2014;15:58–66.
[27] Ng ACC, Chow V, Yong ASC, et al. Prognostic impact of the Charlson
Comorbidity Index on mortality following acute pulmonary embolism.
Respiration 2013;85:408–16.
[28] Wu C-C, Hsu T-W, Chang C-M, et al. Age-adjusted charlson
comorbidity index scores as predictor of survival in colorectal cancer
patients who underwent surgical resection and chemoradiation.
Medicine (Baltimore) 2015;94:e43.
[29] Dias-Santos D, Ferrone CR, Zheng H, et al. The Charlson age
comorbidity index predicts early mortality after surgery for pancreatic
cancer. Surgery 2015;157:881–7.

Comorbidity burden is a dynamic process, with 1 in 10 patients
in our study of British adults experiencing at least 1 change in
comorbidity as measured by the CCI over a period of 5 years.
Longitudinal models that include time-dependent CCI level and
CCI change appear to be the most successful in capturing the
effect of comorbidity burden on mortality and should be
considered in survival analyses using EHR data—for research
or for care quality management.
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