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ABSTRACT
Introduction Adapted Diabetes Complications 
Severity Index (aDCSI) is a commonly used severity 
measure based on the number and severity of diabetes 
complications using diagnosis codes. The validity of 
aDCSI in predicting cause- specific mortality has yet to 
be verified. Additionally, the performance of aDCSI in 
predicting patient outcomes compared with Charlson 
Comorbidity Index (CCI) remains unknown.
Research design and methods Patients aged 20 
years or older with type 2 diabetes prior to January 
1, 2008 were identified from the Taiwan National 
Health Insurance claims data and were followed 
up until December 15, 2018. Complications for 
aDCSI including cardiovascular, cerebrovascular 
and peripheral vascular disease, metabolic disease, 
nephropathy, retinopathy and neuropathy, along 
with comorbidities for CCI, were collected. HRs of 
death were estimated using Cox regression. Model 
performance was evaluated by concordance index and 
Akaike information criterion.
Results 1,002,589 patients with type 2 diabetes were 
enrolled, with a median follow- up of 11.0 years. After 
adjusting for age and sex, aDCSI (HR 1.21, 95% CI 1.20 
to 1.21) and CCI (HR 1.18, 1.17 to 1.18) were associated 
with all- cause mortality. The HRs of aDCSI for cancer, 
cardiovascular disease (CVD) and diabetes mortality were 
1.04 (1.04 to 1.05), 1.27 (1.27 to 1.28) and 1.28 (1.28 to 
1.29), respectively, and the HRs of CCI were 1.10 (1.09 
to 1.10), 1.16 (1.16 to 1.17) and 1.17 (1.16 to 1.17), 
respectively. The model with aDCSI had a better fit for 
all- cause, CVD and diabetes mortality with C- index of 
0.760, 0.794 and 0.781, respectively. Models incorporating 
both scores had even better performance, but the HR of 
aDCSI for cancer (0.98, 0.97 to 0.98) and the HRs of CCI 
for CVD (1.03, 1.02 to 1.03) and diabetes mortality (1.02, 
1.02 to 1.03) became neutral. When aDCSI and CCI were 
considered time- varying scores, the association with 
mortality was stronger. aDCSI had a strong correlation with 
mortality even after 8 years (HR 1.18, 1.17 to 1.18).
Conclusions The aDCSI predicts all- cause, CVD and 
diabetes deaths but not cancer deaths better than the CCI. 
aDCSI is also a good predictor for long- term mortality.

INTRODUCTION
The global prevalence of diabetes was esti-
mated to be 5% in 2019,1 and this percentage 
has increased significantly in recent decades.2 
Diabetes mellitus and its complications result 
in enormous morbidity and mortality. In 
2019, diabetes mellitus caused 1.5 million 
deaths and 66 million disability- adjusted life- 
years worldwide.1 Extensive efforts have been 
devoted to diabetes research. Because of 
its timely data availability and large sample 
sizes, claims data have been widely used in a 
variety of clinical medical research studies, 
including the development and validation of 

WHAT IS ALREADY KNOWN ON THIS TOPIC
 ⇒ The adapted Diabetes Complications Severity Index 
(aDCSI) is predictive to mortality and hospitaliza-
tions, but its performance in predicting cause- 
specific mortality is unclear.

 ⇒ It is unknown whether the aDCSI outperforms 
Charlson Comorbidity Index (CCI) in predicting death.

WHAT THIS STUDY ADDS
 ⇒ The aDCSI outperforms the CCI in terms of diabetes 
and cardiovascular disease (CVD) mortality, but not 
cancer mortality.

 ⇒ The aDCSI is also a good predictor of long- term 
mortality.

 ⇒ Incorporating both the aDCSI and the CCI in a risk 
model yield a better performance.

HOW THIS STUDY MIGHT AFFECT RESEARCH, 
PRACTICE OR POLICY

 ⇒ The aDCSI is a reliable measure of the severity of 
diabetes and is recommended to be included in 
the predictive models of all- cause, diabetes or CVD 
mortality or in the studies where diabetes severity 
should be adjusted.
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risk models. One critical challenge in diabetes research 
using claims data is to quantify the severity of diabetes. 
Quantifying the severity of diabetes is not only crucial in 
predicting the prognosis of diabetes but also allows better 
control of its confounding effects.

The Diabetes Complications Severity Index (DCSI) is 
a commonly used severity measure based on the number 
and severity of diabetes complications using the Interna-
tional Classification of Diseases, Ninth Revision (ICD- 9) 
diagnosis and procedure codes and laboratory data, 
including urine protein and serum creatinine.3 The 
performance of the DCSI in predicting mortality and 
hospitalizations has been validated in several studies.3 
Unfortunately, because laboratory test results are not 
commonly available in most claims databases, the useful-
ness of the DCSI is limited. Chang et al proposed an 
adapted Diabetes Complications Severity Index (aDCSI) 
that is essentially the same as DCSI except for the removal 
of laboratory data to quantify the severity of diabetes.4 The 
performance of the aDCSI has been proven regarding 
the prediction of increased hospitalization4 and health-
care cost,5 and greater risk for severe hypoglycemia6 and 
macro/microvascular complications.7

Two other frequently used indicators for the severity 
of diabetes are glycated hemoglobin (HbA1c) and the 
diabetes duration. HbA1c is an index of the average 
glucose level over 2–3 months and it may fluctuate 
over time; thus, HbA1c at a single time point may not 
be adequate to fully reflect the cumulative glycemic 
exposure.8 Similarly, the diabetes duration does not 
represent the quality of glycemic control. On the other 
hand, the aDCSI is proposed to be a reasonable index 
to quantify long- term diabetes control because compli-
cations usually manifest several years after the diagnosis 
of diabetes.9

Although the validity of the aDCSI to predict all- cause 
mortality is supported by two large cohort studies,10 11 its 
correlation with the major contributors to death among 
patients with diabetes, including cardiovascular diseases 
(CVDs), diabetes and cancers, remains unclear.12 CVD 
mortality has significantly declined in recent decades 
because of improving diabetes control and effective 
management of other cardiovascular risk factors,13 while 
cancer mortality has remained stable or declined by a 
smaller magnitude.14 Since cardiovascular and cancer 
mortality are important and common endpoints in 
diabetes studies, ascertaining the relationship between 
diabetes severity scores such as the aDCSI and these 
major cause- specific mortalities is crucial.

Furthermore, because many patients with diabetes 
are elderly and likely have multiple comorbidities, the 
Charlson Comorbidity Index (CCI) may be a reasonable 
predictor of mortality in this population. The modified 
version of the CCI proposed by Deyo et al is based on 
the ICD- 9 codes and is widely used in clinical and public 
health studies.15 Although many studies using mortality 
as an endpoint have included the CCI in multivariable 
models, studies specifically assessing the role of the CCI 

in predicting mortality in patients with diabetes are 
scarce.16 17

The appropriate measurement and adjustment for 
the severity of diabetes are fundamental to assuring the 
validity of diabetes research.18 19 As the aDCSI and CCI 
are two widely used diabetes severity indices in diabetes- 
related research, this study aimed to evaluate the validity 
of the aDCSI and CCI as risk indicators of all- cause and 
cause- specific mortality.

METHODS
Data sources
The National Health Insurance (NHI) program, which 
was implemented in 1995, is a universal health insurance 
program that offers comprehensive medical coverage for 
more than 99% of the population in Taiwan.20 The NHI 
program covers inpatient, outpatient, traditional Chinese 
medicine, dental services and prescription drugs. The 
2000–2018 claims and enrollment files of the National 
Health Insurance Research Database (NHIRD) were 
used as the main data sources. Multiple Cause of Death 
Data were also used to ascertain the dates and causes of 
death.21

Study design and study population
This was a retrospective cohort study. Each identified 
patient with type 2 diabetes was followed from the index 
date to death, withdrawn from the NHI or the date of 
December 15, 2018. Since enrollment in the NHI is 
mandatory by law, no one can arbitrarily withdraw except 
for those who lose their eligibility (eg, people who give 
up their citizenship or move abroad). Two criteria were 
applied to define patients with diabetes (ICD- 9 code 250) 
prior to January 1, 2008 (the index date), from the NHI 
claims data: (1) three or more outpatient claims with a 
diagnosis of diabetes within 1 year or (2) at least one inpa-
tient claim with a diagnosis. Patients who met the criteria 
within 2 years before the index date were enrolled. The 
criteria have been demonstrated to have a high sensi-
tivity (96.9%) and positive predictive value (93.9%).22 In 
addition, patients with diagnosis codes of type 1 diabetes 
(ICD- 9 code 250.X1 and 250.X3) and age at diagnosis 
younger than 20 years were excluded. Using the above- 
mentioned flow, we included all patients with diabetes 
first then excluded patient with potential type 1 diabetes 
to identified patients with type 2 diabetes. Patients with 
gestational diabetes only was not included.

Variables
Adapted Diabetes Complication Severity Index Score
Seven types of diabetes complications (cardiovascular, 
cerebrovascular and peripheral vascular disease, meta-
bolic disease, nephropathy, retinopathy, and neurop-
athy) are included in the aDCSI.4 Each complication can 
be identified using ICD- 9 codes from the claims data. 
The severity scores of each type range from 0 to 2, except 
for neuropathy, which ranges from 0 to 1. The aDCSI is 
constructed as a 13- point scale. The individual aDCSI 
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score was calculated by summing the total score of all 
diabetes complications identified from January 1, 2000, 
to the index date (time- fixed score) or time of risk- set 
(time- varying score).

Charlson Comorbidity Index
The Deyo- adapted CCI incorporates 17 diseases. 
Different categories of diseases have different scores. 
The designated score for cerebrovascular disease, 
chronic pulmonary disease, congestive heart failure, 
dementia, diabetes without chronic complications, mild 
liver disease, myocardial infarction, peptic ulcer disease, 
peripheral vascular disease, and rheumatologic disease is 
one; that for diabetes with chronic complications, hemi-
plegia or paraplegia, malignancy including leukemia 
and lymphoma, and renal disease is two; for moderate or 
severe liver disease it is three; and the score for AIDS and 
metastatic solid tumor is six.15 Because cancer diagnoses 
are strongly predictive of deaths from cancer, cancer- 
related scores were excluded from our analysis of cancer 
mortality.

In this study, the aDCSI and CCI scores were calculated 
based on the presence of diagnostic codes at least once 
in either inpatient or outpatient data. The same defini-
tion has been used in other studies.5 23 The claims data 
from 2000 to 2007 were used for calculating the baseline 
time- fixed aDCSI and CCI scores before the index date 
(January 1, 2008). The claims data from 2000 to 2018 
were used for calculating time- varying aDCSI and CCI.

All- cause and cause- specific deaths were the main 
outcomes of interest. Cause- specific deaths of interest 
included cancer (ICD- 10 codes C00–C97), CVD (I10–I15, 
I01–I02.0, I05–I09, I20–I25, I27, I30–I52, I60–I69)24 and 
diabetes (E10–E14). A patient may have multiple causes 
of death recorded in the Multiple Cause of Death Data, 
including underlying, antecedent and immediate causes 
of death. Therefore, in this study, we acknowledged and 
analyzed multiple causes of death. For instance, when 
both diabetes and CVD are reported on the death certif-
icate, both causes of death were analyzed in this study.

Statistical analyses
Overall survival was estimated using the Kaplan- Meier 
method. Differences in survival were analyzed using the 
log- rank test. A Cox proportional hazards regression 
model was used to estimate HRs. In the Cox regression 
model, we compared three different models as follows: 
model 1 included age, sex and aDCSI as a continuous 
variable; model 2 included age, sex and CCI as a contin-
uous variable; and model 3 included age, sex and both 
aDCSI and CCI. The models were only adjusted for age 
and sex for two reasons: (1) to evaluate the performance 
of aDCSI and CCI with minimal demographic variables; 
and (2) to make the results comparable to the original 
aDCSI study4 and two following studies.10 11

In addition, we examined three methods to handle 
the aDCSI and CCI: (1) time- fixed scores, defined as 
the score each patient had at baseline; (2) time- fixed 

scores with time- varying effects, which means that the 
HRs were modeled as step functions of follow- up time, 
that is, different coefficients over different time inter-
vals25; and (3) time- varying scores, with counting process 
approach26 which drastically reduced computing time27 
and allowed scores to change at the exact time points 
a new diagnosis emerged that would change the score. 
While the time- fixed scores represent baseline character-
istics, the time- varying score reflects the dynamic nature 
of complications and comorbidities. Both methods are 
immune to immortal time bias.28 Furthermore, because 
the correlation between scores and mortality may differ 
in different age groups and sexes, subgroup analyses 
were performed. The proportional hazard assumption 
was tested using the Schoenfeld residuals test.29

For better computational efficiency, Cox regressions 
were conducted using a case- cohort design.30 All cases 
(ie, patients with death events) and a 200,000 randomly 
sampled subcohort were included in the analysis, but 
cases outside the subcohort were not weighted before 
events. Then, Cox regression with robust variance was 
performed.26 In our validation test, the speed of the case- 
cohort approach was three to five times faster than the 
full- cohort approach and the results were quite similar 
(online supplemental table 1). Model performance was 
assessed using Harrell’s concordance index (C- index) 
and Akaike information criterion (AIC).31 32 The model 
with a higher C- index and lower AIC value has a better 
model fit. Data processing and linkage were performed 
with SAS V.9.4 (SAS Institute). Statistical analyses were 
performed using R Statistical Software V.4.1.2 (www.r- -
project. org/). Statistical significance was defined as a p 
value <0.05.

RESULTS
The final cohort consisted of 1,002,589 patients (figure 1). 
The median age at diagnosis was 62.7 years, with an IQR 
of 53.8–72.3 years. The median follow- up period was 11.0 
years (IQR 7.8–11. 0). The median (IQR) CCI and aDCSI 
scores were 5 (3–6) and 2 (1–4), respectively. The top 
cause of death among patients with diabetes was CVD 
(15.06%). Details of the demographic data and the distri-
bution of the aDCSI and CCI are presented in table 1. 
The Venn diagram presenting distribution on causes 
of death is shown in online supplemental figure 1. The 
overall survival according to the aDCSI and CCI is shown 
in figure 2. Higher scores were associated with worse 
survival, with a significant log- rank test for trend for both 
aDCSI and a CCI (p<0.001). Patients with aDCSI scores 
of 0 and 1 had similar survival patterns.

Time-fixed scores
All of the HRs given below have a p value <0.001. After 
adjustment for age and sex, the aDCSI (HR 1.21 per 
score increase; 95% CI 1.20 to 1.21, model 1) and CCI 
(HR 1.18 per score increase; 95% CI 1.17 to 1.18, model 
2) were significantly associated with all- cause mortality. 
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When the aDCSI and CCI were put into the same model 
(model 3), both remained significant predictors of all- 
cause mortality, with HRs of 1.14 (95% CI 1.14 to 1.15) 
and 1.10 (95% CI 1.09 to 1.10), respectively. According 
to the C- index and AIC, model 3 had the best model fit, 
followed by model 1 and model 2.

For cancer mortality, the HRs of the aDCSI and CCI 
were 1.04 (95% CI 1.04 to 1.05, model 1) and 1.10 (95% 
CI 1.09 to 1.10, model 2), respectively. In model 3, the 
HR of the aDCSI was nearly neutral (0.98), while the HR 
of the CCI remained the same (1.11). The C- index and 
AIC showed that the model with the aDCSI (model 1) 
had worse model fit than that with the CCI (model 2). 
In contrast, the HRs of the aDCSI for CVD and diabetes 
mortality were 1.27 and 1.28, respectively, which were 
higher than those of the CCI (1.16 and 1.17). When the 
aDCSI and CCI were incorporated into a single model 
(model 3), the HRs of the aDCSI remained similar (1.25 
and 1.27 for CVD and diabetes, respectively), but the 
HRs of the CCI were nearly neutral (1.03 and 1.02). 
The C- index and AIC suggested that the model with the 
aDCSI led to a better prediction of CVD and diabetes 
mortality. The complete results are shown in table 2 and 
online supplemental figure 2.

Time-fixed scores with time-varying effects
The Schoenfeld residuals test showed a violation of the 
proportional hazard assumption (p<0.001) in all models 
with time- fixed severity scores. This was probably due 
to the large sample size in the study but also suggested 
that the effects (HRs) may vary with time. We performed 
additional analyses that divided the follow- up time into 
six intervals (0–1, 1–2, 2–4, 4–6, 6–8 and >8 years) and 
estimated the time- varying HRs of the aDCSI and CCI. 

For all- cause mortality, as the follow- up time interval 
extended from shorter than 1 year to longer than 8 years, 
the HRs decreased for the model with aDCSI (1.25, 1.23, 
1.22, 1.20, 1.19 and 1.18) and the model with CCI (1.29, 
1.23, 1.19, 1.16, 1.14 and 1.12 for CCI). In model 3 incor-
porating the aDCSI and CCI in one model, the HRs of 
the aDCSI increased with the length of the follow- up time 
(from 1.09 to 1.15), while the HRs of the CCI decreased 
(from 1.24 to 1.04). These results suggest that the CCI 
may be better at predicting short- term all- cause mortality 
and that the aDCSI may be better at predicting long- term 
all- cause mortality (figure 3).

In terms of cause- specific mortality, the HRs of aDCSI 
were very close to 1 and remained consistent over time 
(1.04), while the HRs of CCI decreased as the follow- up 
time extended from 0 to 1 to >8 years (from 1.14 to 1.08). 
For CVD mortality, the HRs of the aDCSI and CCI both 
decreased as the follow- up time extended (from 1.34 to 
1.23 and from 1.24 to 1.12, respectively). In model 3, the 
HRs of a DCSI were significantly different from 1, whereas 
the HRs of CCI were all close to 1. The patterns observed 
in all three models for diabetes- cause of death were very 
similar to those for CVD causes of death (figure 3).

Time-varying scores
When the aDCSI and CCI were treated as time- varying 
covariates, their association with mortality generally 
became more pronounced (table 2 and online supple-
mental figure 2). For all- cause mortality, the HRs of 
the aDCSI and CCI were 1.29 (95% CI 1.28 to 1.29) 
and 1.34 (95% CI 1.33 to 1.34), respectively. Among all 
three models, model 3, which incorporated both the 
aDCSI and the CCI, tended to have the best model fit 
for all- cause mortality and cause- specific mortalities. For 

Figure 1 Flow chart of this study.
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all- cause mortality and cancer mortality, model 2 (the 
model with CCI) had a better model fit than model 1 
(the model with aDCSI). On the other hand, for CVD 
and diabetes mortality, model 1 had a better model fit 
than model 2. Furthermore, for either all- cause mortality 
or cause- specific mortality, compared with those with 
time- fixed scores, the models with time- varying scores 
yielded increased HRs and an improved goodness- of- fit.

Subgroup analysis
In subgroup analyses, for all- cause mortality, the models 
incorporating time- fixed severity scores and the HRs of 
aDCSI (1.34, 1.31, 1.25 and 1.16) and CCI (1.34, 1.28, 
1.22 and 1.13) decreased with age (≤50, 50–60, 60–70 and 
>70 years, respectively). For cancer, CVD and diabetes 
mortality, decreasing trends with age were also observed. 
The HRs were similar for men and women (online 
supplemental figure 3). The models with time- varying 
scores yielded similar patterns but more pronounced 
HRs (online supplemental figure 4).

DISCUSSION
To our knowledge, this is the first population- based study 
to comprehensively evaluate the role of the aDCSI and 
CCI in predicting all- cause and cause- specific mortality in 
patients with type 2 diabetes. A long follow- up duration 
with a median of 11 years makes it feasible to test the 
validity of long- term mortality prediction. Using Multiple 
Cause of Death Data instead of the underlying cause of 
death alone allowed us to evaluate the whole burden of 
cause- specific mortality.33 When compared with the CCI, 
the aDCSI yielded an equal or slightly superior perfor-
mance in predicting all- cause mortality. The aDCSI was 
also a better predictor for CVD and diabetes death but 
only showed a weak correlation with cancer mortality. 
When the two scores were incorporated simultaneously 
in a single model, the aDCSI was no longer correlated 
with cancer mortality, whereas the CCI was not correlated 
with CVD and diabetes mortality. Nonetheless, the 
predictive capability of the model incorporating both 
severity indices was consistently better. Our work further 
demonstrates that the aDCSI is persistently associated 
with long- term mortality among patients with diabetes, 
although with a minor drop in its relative risk; thus, it is a 
reasonable index to quantify long- term diabetes control.

Several studies have analyzed the association between 
death and the aDCSI. In a study of patients with advanced 
diabetic kidney disease, Chu et al found that the baseline 
aDCSI was associated with mortality, with an HR of 1.104 
for each increment of 1 in the score.6 In another study 
involving patients with type 1 diabetes, the aDCSI, which 
was treated as a time- varying covariate, was also found 
to be positively correlated with all- cause mortality, with 
an HR of 1.30.23 In a large cohort of more than 150,000 
patients with diabetes based on claims data, the adjusted 
HRs for aDCSI scores of 1, 3 and ≥5 versus scores of 0 were 
0.91, 1.31 and 2.33, respectively.10 In a population- based 
study including 27,000 patients with new- onset diabetes, 
an HR of 1.13 was reported.11 In the studies mentioned 
above, the HRs of aDCSI for all- cause mortality ranged 
from 1.1 to 1.3, which is comparable to the HR of 1.21 
found in this study.

In contrast, a large German cohort study showed that 
the aDCSI is negatively associated with death, with an 
HR of 0.984, while it is paradoxically positively associated 
with macrovascular events, microvascular events, and 

Table 1 Baseline characteristics of patients with prevalent 
diabetes

Characteristics

n 1,002,589

Age (median (IQR)) 62.7(53.8–72.3)

Age (%)

  <=50 162,972 (16.26)

  50–60 272,514 (27.18)

  60–70 257,871 (25.72)

  70+ 309,232 (30.84)

Sex (%)

  Male 509,826 (50.85)

  Female 492,763 (49.15)

  Years of follw- up (median (IQR)) 11.0 (7.8–11.0)

  CCI (median (IQR)) 5 (3–6)

CCI (%)

  1–2 114,482 (11.42)

  3 181,716 (18.12)

  4 191,421 (19.09)

  5 163,263 (16.28)

  6 123,235 (12.29)

  7 86,801 (8.66)

  8+ 141,671 (14.13)

aDCSI (median (IQR)) 2 (1–4)

aDCSI (%)

  0 210,540 (21.00)

  1 192,923 (19.24)

  2 183,765 (18.33)

  3 135,263 (13.49)

  4 104,816 (10.45)

  5 69,586 (6.94)

  6+ 105,696 (10.54)

Cause of death (%)

  All 346,290 (34.54)

  Cancer 81,119 (8.09)

  Cardiovascular disease 151,025 (15.06)

  Diabetes 126,812 (12.65)

aDCSI, adapted Diabetes Complications Severity Index; CCI, 
Charlson Comorbidity Index.
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diabetes- related hospitalization.7 One plausible explana-
tion is that in the German study, the model adjusted for 
several variables, including systolic blood pressure, body 
mass index and HbA1c, which were not adjusted in the 
other studies. It is possible that the adjustment of these 
factors might have altered the apparent relationship 
between the aDCSI and mortality, but it cannot explain 
the paradox that the DCSI remained a significant risk 
factor for all other adverse events with the same adjust-
ment. Furthermore, our study and the German study 
concurrently included both the CCI and the aDCSI in 
one model, but the other studies did not. If both the CCI 
and the aDCSI were included in the model, the HR of the 
aDCSI would likely shift toward a lower value in both our 
study and the German study.

Diabetes is associated with hepatocellular carcinoma, 
pancreatic cancer, endometrial cancer, colorectal cancer, 
breast cancer and bladder cancer.34 Several components 
of metabolic syndrome, including abdominal obesity, 
hyperglycemia and hyperinsulinemia, are known risk 
factors of cancer.35 Nonetheless, the correlation between 
diabetes severity and cancer risk is complicated. A review 
study reported a U- shaped relationship between HbA1c 
and cancer,36 and two recent studies using UK Biobank 
data showed conflicting results.37 38 A prolonged duration 
of diabetes may be associated with an increased risk of 
liver cancer39 but not pancreatic cancer.40 41 In addition, 
poor glycemic control in patient with cancer and pre- 
existing diabetes is associated with poor survival.42 The 
aDCSI was only weakly associated with cancer mortality 
in our study and even had an HR slightly less than one 
when combined with the CCI. The association may be 
due to increased incidence of cancer and/or poorer 
survival after diagnosis of cancer. Additional studies are 

necessary to explore the existence of any causal relation-
ship between diabetes severity and cancer mortality.37 
Chronic pulmonary and liver disease are included in 
the CCI and are risk factors for several kinds of malig-
nancy. This could partially explain why the CCI may be 
a stronger predictor of cancer mortality than the aDCSI.

Although CVD mortality has declined notably over 
time,43 it still accounts for more than one- third of deaths 
in people with diabetes.44 There is abundant evidence 
showing a correlation between diabetes severity—mainly 
measured by HbA1c—and CVD mortality. However, the 
association is J- shaped rather than linear, with a slightly 
increased risk at <6%, a nadir at 6%–7%, and then 
a substantially increasing risk as the HbA1c rises.43 45 
According to our research, the aDCSI outperforms the 
CCI in terms of its ability to predict CVD mortality. Similar 
findings were found in another study that kept the aDCSI 
in their final model, whereas the CCI was dropped 
during stepwise selection.46 Moreover, the additional 
inclusion of antidiabetic medications and HbA1c only 
marginally improved its performance. Notably, our 
model performed similarly in terms of the C- index with 
only three variables compared with their model with 17 
variables. Whenever adjusting the severity of diabetes is 
required in CVD research, the aDCSI should be taken 
into account due to its good performance in predicting 
CVD mortality, especially when laboratory data are not 
available.

More specifically, the younger age group in this study 
had higher HRs of aDCSI and CCI for all- cause and 
cause- specific mortality. Similar patterns have also been 
observed in a Mexican prospective cohort, where diabetes 
duration is linked to a higher relative risk of death in a 
younger age group (35–59 years).47 These findings also 

Figure 2 Overall survival according to (A) aDCSI and (B) CCI. aDCSI, adapted Diabetes Complications Severity Index; CCI, 
Charlson Comorbidity Index.

 on A
pril 10, 2024 by guest. P

rotected by copyright.
http://drc.bm

j.com
/

B
M

J O
pen D

iab R
es C

are: first published as 10.1136/bm
jdrc-2022-003262 on 28 M

arch 2023. D
ow

nloaded from
 

http://drc.bmj.com/


7BMJ Open Diab Res Care 2023;11:e003262. doi:10.1136/bmjdrc-2022-003262

Cardiovascular and metabolic risk

coincide with the fact that the age at diagnosis of diabetes 
is inversely correlated with the relative risk of morbidity 
and mortality.48 Similar results have been reported for 
other chronic diseases.49 A plausible explanation is that 
adults who are younger at diagnosis may have a worse 
glycemic control, beta cell dysfunction and insulin resis-
tance.48 Another possible reason is that younger adults 
have a low baseline risk for mortality. Thus, a risk factor 
that causes the same absolute risk increase for both 
younger and older adults can lead to a higher relative risk 
for younger than older adults who have a higher baseline 
risk of mortality.49

Furthermore, the time- varying HRs of baseline time- 
fixed scores in this study declined over time for both 
the aDCSI and the CCI. However, the aDCSI remained 
significantly associated with all causes, CVD, and 
diabetes mortality even after 8 years. One study from the 
USA showed that HbA1c was found to be less strongly 
correlated with mortality at >5 years compared with 2–5 
years.43 Compared with CCI and HbA1c, the aDCSI may 
serve as a better long- term mortality predictor in patients 
with diabetes. In clinical practice, a better prediction of 
long- term mortality among patients with type 2 diabetes 
is important as such information can help to identify 

Table 2 Age- adjusted and sex- adjusted HRs of aDCSI and CCI for all- cause and cause- specific mortality and model 
goodness- of- fit

Time- fixed scores (baseline)

All_1 All_2 All_3 Cancer_1 Cancer_2 Cancer_3

Sex 1.44 (1.42–1.46) 1.42 (1.40–1.44) 1.43 (1.41–1.45) 1.73 (1.70–1.76) 1.73 (1.70–1.76) 1.73 (1.70–1.76)

Age 1.07 (1.07–1.07) 1.07 (1.07–1.07) 1.06 (1.06–1.07) 1.06 (1.06–1.06) 1.05 (1.05–1.05) 1.05 (1.05–1.06)

aDCSI 1.21 (1.20–1.21) – 1.14 (1.14–1.15) 1.04 (1.04–1.05) – 0.98 (0.97–0.98)

CCI – 1.18 (1.17–1.18) 1.10 (1.09–1.10) – 1.10 (1.09–1.10) 1.11 (1.11–1.12)

C- index 0.76 0.758 0.765 0.696 0.701 0.701

AIC 7 995 753 8 005 058 7 984 549 1 903 026 1 901 141 1 901 053

CVD_1 CVD_2 CVD_3 Diabetes_1 Diabetes_2 Diabetes_3

Sex 1.33 (1.30–1.35) 1.31 (1.29–1.33) 1.32 (1.30–1.35) 1.25 (1.23–1.27) 1.23 (1.22–1.25) 1.25 (1.23–1.27)

Age 1.07 (1.07–1.07) 1.08 (1.08–1.08) 1.07 (1.07–1.07) 1.06 (1.06–1.07) 1.07 (1.07–1.07) 1.06 (1.06–1.06)

aDCSI 1.27 (1.27–1.28) – 1.25 (1.25–1.26) 1.28 (1.28–1.29) – 1.27 (1.26–1.27)

CCI – 1.16 (1.16–1.17) 1.03 (1.02–1.03) – 1.17 (1.16–1.17) 1.02 (1.02–1.03)

C- index 0.794 0.772 0.794 0.781 0.758 0.781

AIC 3 433 771 3 460 405 3 433 362 2 898 215 2 922 688 2 897 976

Time- varying scores

All_1 All_2 All_3 Cancer_1 Cancer_2 Cancer_3

Sex 1.41 (1.39–1.44) 1.37 (1.34–1.39) 1.37 (1.35–1.39) 1.72 (1.69–1.75) 1.72 (1.69–1.75) 1.72 (1.69–1.75)

Age 1.06 (1.06–1.06) 1.05 (1.05–1.05) 1.05 (1.05–1.05) 1.05 (1.05–1.05) 1.04 (1.04–1.05) 1.05 (1.04–1.05)

aDCSI 1.29 (1.28–1.29) – 1.12 (1.11–1.12) 1.10 (1.10–1.10) – 0.96 (0.95–0.96)

CCI – 1.34 (1.33–1.34) 1.27 (1.27–1.28) – 1.22 (1.21–1.22) 1.26 (1.25–1.26)

C- index 0.789 0.82 0.825 0.705 0.729 0.73

AIC 7 908 326 7 814 257 7 793 865 1 899 177 1 888 542 1 888 095

CVD_1 CVD_2 CVD_3 Diabetes_1 Diabetes_2 Diabetes_3

Sex 1.30 (1.27–1.32) 1.27 (1.25–1.29) 1.28 (1.26–1.30) 1.22 (1.20–1.25) 1.20 (1.18–1.22) 1.21 (1.18–1.23)

Age 1.07 (1.07–1.07) 1.07 (1.07–1.07) 1.06 (1.06–1.06) 1.06 (1.06–1.06) 1.06 (1.06–1.06) 1.05 (1.05–1.05)

aDCSI 1.37 (1.37–1.38) – 1.29 (1.29–1.30) 1.39 (1.39–1.40) – 1.30 (1.29–1.31)

CCI – 1.26 (1.26–1.27) 1.11 (1.11–1.12) – 1.28 (1.28–1.29) 1.13 (1.12–1.13)

C- index 0.831 0.808 0.836 0.823 0.803 0.83

AIC 3 376 125 3 414 734 3 367 586 2 843 681 2 876 914 2 834 715

There are a total of 12 models for time- fixed scores, which correspond to combinations of four endpoints (all- cause, cancer, CVD and 
diabetes mortality) and three variable sets (1: sex, age and aDCSI; 2: sex, age and CCI; and 3: sex, age and both aDCSI and CCI). For 
example, ‘All_1’ denotes a model with all- cause mortality as endpoint using variable set 1 (sex, age and aDCSI).
Similarly, there are 12 models for time- varying scores.
aDCSI, adapted Diabetes Complications Severity Index; AIC, Akaike information criterion; CCI, Charlson Comorbidity Index; C- index, 
Harrell’s concordance index; CVD, cardiovascular disease.
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high- risk patients, prioritize treatments and interven-
tions for monitoring and disease management. Hence, 
all these may help to lead to improved outcomes among 
patients with type 2 diabetes. The findings may also serve 
as important policy references for more effective resource 
allocation to reduce complications and mortality associ-
ated with type 2 diabetes.

In our study, in addition to modeling the severity of 
diabetes as a time- fixed variable, we constructed models 
to treat severity scores as time- varying variables. The 
models with time- varying scores not only showed stronger 
associations between severity scores and mortality but 
also yielded better model fits. This finding is reason-
able, as the correlation between baseline comorbidities 
and outcome was likely to attenuate over time due to the 
dynamic nature of the disease trajectory. A large cohort 
study from the UK reported similar findings, namely, 
that the time- varying CCI had a greater prognostic 
impact than the time- fixed baseline CCI in predicting 
mortality.50 The drawback is that handling time- varying 
covariates and carrying out time- dependent analyses 

can be challenging, and complete data for the follow- up 
period are not always accessible. Moreover, the severity 
of diabetes may serve as both an intermediate variable 
and a confounder in some studies.51 Alternative statis-
tical methods should be applied in this situation because 
standard regression models that adjust either baseline 
or time- dependent covariables fail to yield consistent 
estimators.

A few limitations should be noted. First, due to data 
limitations, several potential confounders, including 
body mass index, tobacco and alcohol use, and lifestyle 
behaviors such as diet and physical activity could not be 
taken into consideration in this study. In addition, labo-
ratory data such as HbA1c and renal function tests are 
also lacking. Nonetheless, the lack of laboratory data 
may not significantly compromise the results, as studies 
have shown similar risk estimates for hospitalizations4 
and major adverse cardiovascular events46 between the 
models with and without these variables. Second, since 
the aDCSI is based on claims data, the validity of the 
diagnosis may be critical to the accuracy of the aDCSI. 

Figure 3 The forest plot of HRs and 95% CIs of aDCSI and CCI according to follow- up time intervals (years). There are four 
endpoints (all- cause, cancer, CVD and diabetes mortality) and three variable sets (model 1: sex, age and aDCSI; model 2: sex, 
age and CCI; and model 3: sex, age and both aDCSI and CCI). aDCSI, adapted Diabetes Complications Severity Index; CCI, 
Charlson Comorbidity Index; CVD, cardiovascular disease; DM, diabetes mellitus.
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According to a previous validation study,10 the accuracy 
of diagnoses in NHIRD is generally acceptable. Addition-
ally, the performance of the aDCSI has been tested in 
different dimensions in other studies using the NHIRD.5 52 
Third, the ICD- 9 version of the aDCSI was adopted in this 
study, whereas the ICD- 10 is now commonly used around 
the world. Because a validation study revealed that the 
ICD- 10 version of the aDCSI has a performance compa-
rable with its ICD- 9 version,10 it is reasonable to believe 
that our findings will hold true if the ICD- 10 version is 
used. Last, approximately 40% of aDCSI complications 
and 40% of CCI comorbidities overlapped: 20 of 51 
aDCSI complications can be mapped to 7 of 17 CCI cate-
gories (cerebrovascular disease, congestive heart failure, 
diabetes, diabetes with chronic complications, periph-
eral vascular disease, myocardial infarction and renal 
disease). Collinearity between the two scores may lead to 
less reliable coefficient estimates, but it does not reduce 
the predictive capability or reliability of the regression 
model as a whole.53 Our results also confirmed that the 
models incorporating both scores yielded the best model 
fits. Therefore, both the aDCSI and the CCI are recom-
mended to be included in the analysis when mortality is 
the main outcome.

CONCLUSION
In conclusion, the aDCSI and CCI are both signifi-
cant risk indicators of mortality in patients with type 2 
diabetes. The significant association between the aDCSI 
and mortality, both in the short and long term, implies 
that the aDCSI serves as a reliable measure of the severity 
of diabetes. The predictive power of the aDCSI is better 
than that of the CCI for deaths from CVD and diabetes 
but not deaths from cancer. Incorporating both the 
aDCSI and the CCI simultaneously in a risk model may 
yield a better performance.
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