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Abstract

Inpatient cancer patients often carry the dual burden of the cancer itself and comorbidities, which were recognized

as one of the most urgent global public health issues to be addressed. Based on a case study conducted in a tertiary
hospital in Shandong Province, this study developed a framework for the extraction of hospital information system
data, identification of basic comorbidity characteristics, estimation of the comorbidity burden, and examination

of the associations between comorbidity patterns and outcome measures. In the case study, demographic data,
diagnostic data, medication data and cost data were extracted from the hospital information system under a strin-
gent inclusion and exclusion process, and the diagnostic data were coded by trained coders with the 10th revision

of the International Classification of Diseases (ICD-10). Comorbidities in this study was assessed using the NCI Comor-
bidity Index, which identifies multiple comorbidities. Rates, numbers, types and severity of comorbidity for inpatient
cancer patients together form the characterization of comorbidities. All prevalent conditions in this cohort were
included in the cluster analysis. Patient characteristics of each comorbidity cluster were described. Different comorbid-
ity patterns of inpatient cancer patients were identified, and the associations between comorbidity patterns and out-
come measures were examined. This framework can be adopted to guide the patient care, hospital administration
and medical resource allocation, and has the potential to be applied in various healthcare settings at local, regional,
national, and international levels to foster a healthcare environment that is more responsive to the complexities of can-
cer and its associated conditions. The application of this framework needs to be optimized to overcome a few limita-
tions in data acquisition, data integration, treatment priorities that vary by stage, and ethics and privacy issues.
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shares common risk factors with most chronic diseases,
like advanced age or unhealthy lifestyles. For instance,
consuming high levels of alcohol and carrying excess
body weight increase one’s susceptibility to cancer and
chronic ailments like diabetes or cardiovascular disease;
similarly, both chronic obstructive pulmonary disease
(COPD) and lung cancer are known to be heavily influ-
enced by tobacco use [5, 6].

Comorbidity in cancer has been established as one of
the key predictors of poor prognosis [7]. It may influ-
ence cancer survival by complicating treatment options,
increasing cost of care, decreasing quality of life, cam-
ouflaging the cancer symptoms and causing diagnosis
delay [8, 9]. Effective and tailored inpatient cancer care
interventions are formulated based on understanding the
patterns of diseases that coexist with cancer and inves-
tigating its impact on cancer treatment and prognosis.
The comorbidity pattern varies across the stages of the
cancer journey, from diagnosis and treatment to survival.
Therefore, a general framework is needed to estimate the
comorbidity burden unique to each cancer stage.

Numerous methods have been utilized to analyze the
comorbidity issue for cancer patients in different can-
cer stages, such as prevalence statistics [10, 11], network
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analysis [4, 12, 13], association rule mining [14, 15], and
latent class analysis [16]. However, due to the lack of a
general framework, the conclusions are heterogeneous.
Existing published guidelines on comorbidities mainly
focus on the treatment stage. Guidelines published by the
American Geriatrics Society in 2012 [17] and National
Institute for Health and Clinical Excellence in 2016 [18]
all proposed that interpretation should be individualized
for patients with comorbidities, and clinical decisions
should be made by weighing the benefits, risks, burdens,
and prognosis. To systematically explore the hidden
information of comorbidity burden for inpatient cancer
patients, a framework was developed in this research
based on a case study conducted in X tertiary hospital in
Shandong Province.

Development of the framework

Figure 1 presents a framework for estimating the comor-
bidity burden of inpatient cancer patient, which consists
of four steps. The first step is the extraction of HIS system
data like demographic data, diagnostic data, medication
data and cost data. The inclusion and the exclusion pro-
cess were stringently restricted. The diagnostic data were
coded by trained coders with the 10th revision of the
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Fig. 1 Flow chart of the framework for Estimating Comorbidity Burden of Inpatient Cancer Patients
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International Classification of Diseases (ICD-10). A total
of 4,666 patients were finally included in the analysis.
The second step is the identification of basic comorbidity
characteristics. Comorbidities in this study were assessed
using the NCI Comorbidity Index. Rates, numbers, types
and severity of comorbidity for inpatient cancer patients
together form the characterization of comorbidities. The
third step is the estimation of the comorbidity burden.
Inpatient cancer patients were classified based on comor-
bidities according to the agglomerative hierarchical
cluster analysis. All prevalent conditions in this cohort
were included in the cluster analysis. The final step is
the examination of the associations between comorbid-
ity patterns and outcome measures which include treat-
ment options and medical cost. Treatment options were
divided into conventional treatment and targeted ther-
apy. More detailed information of the framework devel-
opment was shown in the following part.

Study site

Shandong province is an important coastal province with
over 100 million people in East China. The trend of inci-
dent cases and death of cancer in Shandong Province is
consistent with that of the. whole country, among which
lung cancer, gastric cancer, colorectal cancer, esopha-
geal cancer and liver cancer are the most common types
of cancer. The case hospital founded in 1916 was one of
the largest municipal hospitals in Shandong province and
represented the regional highest level of oncology care.

Step 1: extraction of HIS system data

The entire participant inclusion flowchart is illustrated
in Fig. 2. By extracting the information from the hospital
information system (HIS) of the case hospital, the data of
all potential research objects were obtained. The inclu-
sion criteria included: lung, colon, rectal, breast and gas-
tric cancer cases confirmed by pathological examination;
and the time of diagnosis was from January 2017 to Octo-
ber 2019. Cancer patients typically undergo follow-up
examinations every 3—6 months. To maintain the integ-
rity of data regarding patients’ treatment experiences,
we excluded those who had only one hospital admission
within a 3 months period. Furthermore, to account for
the confounding effects of diverse pathological char-
acteristics, we also excluded several specific patient
groups due to their unique treatment requirements and
relatively low incidence rates. These groups include: non-
invasive breast cancer and special types of breast cancer
including mucinous adenocarcinoma, medullary car-
cinoma, adenoid cystic carcinoma, and Paget’s disease;
male breast cancer; cases of colorectal cancer with histo-
logical types such as lymphoma, sarcoma, squamous cell
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33,046 inpatient cancer patients was extracted between 1st
January 2017 to 31t December 2019

n = 17,388 did not consent
Reasons:
With missing medical records

15,658 inpatient cancer patients was included with
complete medical records

n = 10,992 did not consent

Reasons:

Non-invasive breast cancer and special
types of breast cancer including

i i medullary

adenoid cystic

and Paget's disease: n = 2564

Male breast cancer: n = 686

Cases of colorectal cancer with
histological types such as lymphoma,
sarcoma, squamous cell carcinoma other
than adenocarcinoma: n = 841

Small cell lung cancer: n = 3248

Only one hospital admission within 3
months after diagnosis: n = 3653

4,666 inpatient cancer patients was identified as eligible

Fig. 2 Flow chart of the included participants from the case hospital

carcinoma other than adenocarcinoma; and the small cell
lung cancer [19]. According to the cancer type, patients
in the departments of oncology, thoracic surgery, breast
surgery, general surgery, and colorectal oncology in the
case hospital were selected. The data contained more
than 300,000 records, including demographic data (such
as age and sex), diagnostic data, medication data and
cost data. The diagnostic data consisted of one primary
diagnosis and up to 18 secondary diagnoses, which were
coded by trained coders with the ICD-10. A total of 4,666
patients were finally included in the analysis.

The characteristics of 4,666 cancer patients are pre-
sented in Table 1. Among all cancer patients, half of
them were male (50.32%) and the average age was 62.42
(SD=11.62) years. The majority of patients were insured
(94.68%) and got married (87.74%). More than one third
of patients were diagnosed with lung cancer (37.03%), fol-
lowed by gastric cancer (21.20%), breast cancer (17.08%),
rectal cancer (12.47%) and colon cancer (12.22%). Sup-
plementary Table S1 presents the detailed information
by cancer type. Breast cancer patients with the youngest
average age (54.40) of all participants, while rectal can-
cer patients with the oldest (65.34). More gastric cancer
(61.78%) and rectal Cancer patients (52.41%) were in the
III or IV stage. Except for breast cancer, all cancer types
were male dominated.

Step 2: identification of basic comorbidity characteristics

In this study, comorbidities were assessed using the
NCI Comorbidity Index, which identifies multiple
comorbidities. Based on the Charlson Comorbidity
Index (CCI) first developed in 1987 by Mary Charlson
and colleagues [20], the cancer-specific NCI Comorbid-
ity Index developed by Carrie Klabunde and colleagues
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Table 1 Baseline characteristics of Chinese inpatient cancer patients included in this study

Total (N=4666) Comorbidity

With (N=3554) Without (N=1112) Pvalue

Age, years, mean (SD) 62.42(11.62) 64.53(10.63) 55.67(12.07) <0.001***
Cost, RMB, mean (SD) 73,551.74(65,287.61) 76,722.81(68,358.97) 63,416.87(53,090.68) <0.001***
Sex, n (%) <0.007***
Female 2318 (49.68) 1609 (45.27) 709 (63.76)
Male 2348 (50.32) 1945 (54.73) 403 (36.24)
Insured, n (%) <0.007***
Yes 4418 (94.68) 3393 (95.47) 1025 (92.18)
No 248 (5.32) 161 (4.53) 87 (7.82)
Married, n (%) 0.363
Yes 4094 (87.74) 3127 (87.99) 967 (86.96)
No 572 (12.26) 427 (12.01) 145(13.04)
Residency, n (%) <0.0071%**
Urban 3031 (64.96) 2408 (67.75) 623 (56.03)
Rural 1635 (35.04) 1146 (32.25) 489 (43.97)
Cancer type, n (%) <0.007***
Lung cancer 1728 (37.03) 1446 (40.69) 282 (25.34)
Colon cancer 570(12.22) 480 (13.51) 90 (8.09)
Rectal cancer 582 (12.47) 457 (12.86) 125(11.24)
Breast cancer 797 (17.08) 385 (10.83) 412 (37.05)
Gastric cancer 989 (21.20) 786 (22.12) 203 (18.26)
Cancer stage, n (%) <0.0071***
0 124 (2.66) 85(2.39) 39(3.51)
| 1321 (28.31) 951 (26.76) 370 (33.27)
Il 997 (21.37) 668 (18.80) 329 (29.59)
Il 1358 (29.10) 1011 (28.45) 347 (31.21)
Y 866 (18.56) 839 (23.61) 27 (243)

"™ Pvalue <0.001; ** P value <0.01; * P value <0.05

Numbers presented are as n (%) unless otherwise specified

[21] excluded solid tumors, leukemias, and lymphomas
as comorbid conditions, given that the NCI Comor-
bidity Index was developed from a cohort of cancer
patients. The NCI Comorbidity Index was created to
address some limitations of the Charlson Comorbidity
Index, especially when applied to cancer patients. The
remaining 16 Charlson index conditions were included
in the NCI Comorbidity Index, with further consolida-
tion to 14 conditions (Table 2): moderate/severe liver
disease, cerebrovascular disease (CVD), peripheral vas-
cular disease (PVD), renal disease, paralysis (hemiple-
gia or paraplegia), myocardial infarction, peptic ulcer,
dementia, AIDS, mild liver disease, congestive heart
failure (CHF), COPD, diabetes with complications,
and diabetes. Adjusted specifically for cancer-specific
NCI Comorbidity Index, the CCI accounts for multiple
comorbidities according to the presence of 14 comorbid
conditions. Hypertension was also included as it had
the highest prevalence rate in the study sample, aside

from those included in the NCI Comorbidity Index. For
the severity of Charlson’s comorbidity, it was classified
into mild, moderate and severe categories based on the
CCI weight. Each condition was assigned a weight from
1 to 6, according to the estimated 1 year mortality haz-
ard ratio from a cox proportional-hazards model. These
weights were summed to produce the Charlson comor-
bidity score [22].

Sociodemographic and cancer characteristics were
compared according to the number of comorbidity and
the severity of comorbidity. Continuous variables were
summarized as mean (SD) and were examined using
the Student t test. Categorical variables were presented
as the proportion (%) and compared using the Pearson
chi-square test. Of the 4,666 participants, there were
more patients (76.17%) with comorbidities than those
without. Compared with those without comorbidities
(Table 1), patients with comorbidities were older (64.53
vs 55.67 years, P<0.001), more male (P<0.001), more
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Table 2 Frequency of comorbidities in included Chinese inpatient cancer patients
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Classification of Diseases Prevalence (%)

Total Lung cancer Colon cancer Rectal cancer Breast cancer Gastric Cancer
Cancer-specific NC| Comorbidity
Mild Liver Disease 1046 397(37.95) 172(16.44) 154(14.72) 110(10.52) 213(20.36)
Renal Disease 821 264(32.16) 158(19.24) 163(19.85) 19(2.31) 17(26.43)
Diabetes 742 300(40.43) 106(14.29) 105(14.15) 79(10.65) 152(20.49)
Myocardial Infarction 730 292 (40.00) 119 (16.30) 85 (11.64) 68 (9.32) 166 (22.74)
Peptic Ulcer 442 53(34.62) 77 (1742) 55(12.44) 29 (6.56) 128(28.96)
Peripheral Vascular Disease (PVD) 379 72 (45.38) 56 (14.78) 60(15.83) 30(7.92) 61 (16.09)
Chronic Obstructive Pulmonary Disease (COPD) 358 99 (55.59) 30(8.38) 52 (14.53) 7(4.75) 60 (16.76)
Cerebrovascular Disease (CVD) 235 10 (46.81) 36 (15.32) 24.(10.21) 13(5.53) 52(22.13)
Moderate/Several Liver Diseases 90 28 (31.11) 14 (15.56) (1 5.56) 8(8.89) 26(28.89)
Congestive Heart Failure (CHF) 77 3(42.86) 9(11.69) (14.29) 0(0) 24(31.17)
Diabetes with Complications 49 9(59.18) 7 (14.29) 4 (8 16) 2 (4.08) 7 (14.29)
Connective Tissue Disease 39 22 (5641) 4(10.26) 2(5.13) 5(12.82) 6(15.38)
Dementia 5 0(0) 0(0) 2 (40) 1(20) 2 (40)
Paralysis (Hemiplegia or Paraplegia) 2 0 (0) 2 (100) 0(0) 0(0) 0(0)
Other common comorbidity
Hypertension 1495 601(40.20) 222(14.85) 196(13.11) 171(11.44) 305(20.40)

" Pvalue<0.001; ** Pvalue <0.05; * P value <0.1
Numbers presented are n (%) unless otherwise specified

urban lived (P<0.001), more lung cancer diagnosed
(P<0.001) and more III-cancer-stage (P<0.001). In terms
of the number of comorbidities (Supplementary Fig-
ure S1), among 3554 cancer patients with comorbidities,
97.36% of patients had less than three types of comorbid-
ities, of which 37.03% of patients had one comorbidity,
29.04% had two, and 17.14% had three. Compared with
those with less than three types of comorbidities (Supple-
mentary Table S2), patients with more than three types
of comorbidities were older (P<0.001) and in later can-
cer stage (P<0.001). The most common comorbidities
were hypertension (32.04%), mild liver disease (22.42%),
renal diseases (17.60%), diabetes (15.90%) and myocardial
infarct (15.65%). For the severity of comorbidity, more
than half of patients were with the severe comorbidi-
ties (69.11%). Most patients with the severe comorbidi-
ties were in the IV cancer stage (81.57%), living in urban
areas (67.49%), and diagnosed with lung cancer (56.69%).

Step 3: estimation of the comorbidity burden

Figure 3 demonstrated the rates, numbers, types and
severity of comorbidity for inpatient cancer patients by
cancer types. The highest comorbidity rate was observed
in colon cancer patients (84.21%), followed by lung cancer
(83.68%), gastric cancer (79.47%), rectal cancer (78.52%)
and breast cancer (48.31%). Most cancer patients had
fewer than three types of comorbidities across all can-
cer types, with the highest proportion observed in breast

cancer patients (92.60%). Hypertension and mild liver
disease were the most prevalent comorbidities across all
five cancer types. Diabetes was the third most common
comorbidity in lung (17.36%) and breast (9.91%) cancer
patients, while renal disease ranked the third in colon
(27.72%) and rectal (28.01%) cancer patients. A signifi-
cant proportion of lung (56.89%), colon (55.26%), and
gastric (51.69%) cancer patients had moderate to severe
comorbidities.

Agglomerative hierarchical cluster analysis [23, 24]
was used to classify individuals into groups based on
comorbidities, and this was a commonly used bottom-
up clustering method which clustered from individual
patients to a final group containing all patients. Pearson
correlation coefficient was used as a measure of distance
between data points, and the data were standardized to
convert the correlation into a distance measure, where
data points with higher correlation were closer together
and those with lower correlation were farther apart [25].
All prevalent conditions in this cohort were included
in the cluster analysis. Patient characteristics of each
comorbidity cluster were described. Among all 15 iden-
tified comorbidities, only 13 conditions were included
in the comorbidity pattern analysis. Myocardial infarc-
tion (n=0) and dementia (n=2) were excluded due to
the limited number of reported inpatient cancer patients.
The diagram from cluster analysis of the remaining 13
conditions by five types of cancer is shown in Fig. 4.
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2 Comorbidity Numbers of Included patients by Cancer Type
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For lung cancer patients, four categories of comorbidi-
ties were identified: C6 CHF—C8 COPD (n=14), C1
hypertension—C2 CVD—C7 PVD (n=74), C9 mild liver
disease—C12 renal disease (n=56), and C10 diabetes—
C13 diabetes with complications (n=20). C1 hyperten-
sion—C10 diabetes cluster (n=45) and C2 CVD—C7
PVD cluster (n=30) were identified for female breast
cancer patients. Gastric cancer patients also identified
four comorbidity groups: C1 hypertension—C10 diabe-
tes (n=82), C2 CVD—C7 PVD (n=61), C9 mild liver
disease—C12 renal disease (n=116), and C6 CHF—C8
COPD (n=15). Three comorbidity clusters of rectal can-
cer patients were similar to those in patients with gastric
cancer, which included: C1 hypertension—C10 diabetes
cluster (n=60), C2 CVD—C7 PVD cluster (n=80), and
C9 mild liver disease—C12 renal disease cluster (n=2381).
C2 CVD—C7 PVD cluster (n=57) and C9 mild liver dis-
ease—C12 renal disease cluster (n=82) were for colon
cancer patients.

Step 4: examination of the associations

between comorbidity patterns and outcome measures
Primary outcome measures of interest were treatment
option and medical cost. Treatment options were divided
into conventional treatment and targeted therapy accord-
ing to the guidelines for the diagnosis and treatment of
lung cancer, gastric cancer and breast cancer (2018 edi-
tion) [26] and colorectal cancer (2015 edition) [27] issued
by the National Health Commission in China. Conven-
tional treatment included surgical treatment, chemo-
therapy and radiotherapy. Surgical treatment for lung,
gastric and colorectal cancer includes palliative and radi-
cal surgery, surgical treatment for invasive breast cancer
includes modified radical surgery and breast-conserving
surgery, and chemoradiotherapy includes (new) adjuvant
chemoradiotherapy. Because targeted therapy is generally
not the primary treatment plan for early and middle stage
cancer patients, it was regarded as an optional treat-
ment plan alone in this study. All treatment options were
recoded as binary classification problems to determine
whether patients received this type of therapy. Thirdly,
the data of medical cost was directly extracted from the
HIS system of the case hospital. The mean interpola-
tion method was adopted, and the average total cost was
87,369.84 RMB.

Each cluster to patients without identified comor-
bidities was then compared using binary logistic regres-
sion with treatment options as the dependent variable,
and linear regression models with medical cost as the
dependent variable. All the models were adjusted for age,
sex, education level, living area, and marriage status. IBM
SPSS Statistics 26 was adopted for the cluster analysis
and RStudio version 3.5.1 (Lucent Technologies, Murray
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Hill, NJ, USA) was used for the descriptive analysis and
regression analysis in this study. Table 3 shows the multi-
variate-adjusted ORs and 95% Cls for treatment options
and medical cost according to whether cancer patients
with identified comorbidity cluster. For cancer treat-
ment option, gastric cancer patients in the CHF—COPD
(C6—C8) cluster chose less conventional treatment
(OR=-1.38; 95% CI —2.46, —0.17), lung cancer patients
in the diabetes—diabetes with complications (C10—C13)
cluster (OR=-1.01; 95% CI —1.89, —0.30) and hyperten-
sion—CVD—PVD (C1—C2—C7) cluster (OR=-0.87;
95% CI —1.76, —0.14) chose less targeted therapy. Rectal
cancer patients in the hypertension—diabetes (C1—C10)
cluster (OR=17,347; 95% CI 665.8434028.15) had signifi-
cantly higher medical cost during the treatment.

Possible applications

Firstly, the application of this framework could be
highly beneficial at the local level. Identifying pattern
of comorbidity can help oncologists detect and treat
potential comorbid conditions at an early stage, pre-
venting these conditions from worsening [11, 28]. This
will facilitate the customization of more accurate treat-
ment plans based on the specific cancer comorbidity
patterns, enhancing treatment efficacy and reducing
adverse reactions [29]. The integration of this frame-
work with the multidisciplinary treatment (MDT)
model will enhance the accuracy and effectiveness of
cancer diagnosis and treatments. Guided by this frame-
work, multidisciplinary teams can assess the disease
from a systematic perspective, clarify the roles of vari-
ous disciplines, and improve collaborative efficiency
[30, 31]. Establishing uniform standards of inpatient
cancer care based on identified comorbidity patterns,
the overall survival rate and the quality of life for can-
cer patients could be improved [7]. Additionally, inte-
grating this framework into HIS can improve resource
utilization efficiency and prevent resource waste by
allocating medical resources according to comorbidity
patterns.

Secondly, the application of this framework could be
impactful at regional and national levels. In terms of a
national level, it can significantly reduce healthcare costs
by addressing common comorbid conditions concur-
rently with cancer treatment. This integrated approach
minimizes the need for multiple separate treatments
and hospital visits, thereby reducing overall healthcare
expenditure [32, 33]. National health databases can uti-
lize comorbidity data for improving population health
management, identifying at-risk groups and imple-
menting early intervention programs. This preventative
approach helps to reduce the incidence and severity of
diseases across the population. In essence, identifying
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Table 3 Outcome measures of each comorbidity cluster compared against Chinese inpatient cancer patients with no comorbidity

Conventional Treatment* Targeted therapy* Cost™*
Without identified Cluster 1.00(reference) 1.00(reference) \
Lung Cancer
C6—C8 (N=14) 047(-0.80,2.09) 1.07(=0.07,2.14) 32,385.1(31,623.33,97,589.41)

C1—C2—C7 (N=74)

C9—C12 (N=56)
C10—C13 (N=20)
Colon Cancer

1.19(0.06,2.69)
0.55(-0.26,2.49)
—0.83(-2.09,0.53)

-087(-1.76,-0.14) *

—0.14(-0.66,0.33)

—1.01(-1.89,-0.30) *

—0.39(-2.24,0.88)
—0.14(-1.41,0.88)

—044(-3.36,1.25)
\
—1.09(-4.00,0.58)

—0.04(-1.29,0.95)
0.33(-0.93,1.34)

—1.37(-4.26,0.19)
—0.33(-2.16,0.90)
—0.32(-1.55,0.64)

—1872.9(-18,565.37,14,819.50)
1629.9(- 11,376.49, 14,636.35)
—3473.2(-18,648.53,11,702.18)

14,161.1 (=2776.94,31,099.08)
1575.9(=13,186.62,16,33841)

17,347.0 (665.84,34,028.15) *
7944.0 (—8795.22,24,683.14)
8437.6 (—6192.26,23,067.53)

—5727.5(=21918.75,10,463.74)
—1754.6(-21,015.74,17,506.54)

—7083.1(=21,292.10,7125.96)
—4359.4 (-20,549.02,11,830.23)
6121.7(-=6079.63,18,322.93)

Q—C7 (N=57) \
C9—C12(N=82) \

Rectal Cancer

C1—C10 (N=60) \

C2—C7 (N=80) \

C9—C12 (N=81) \

Breast Cancer

C1—C10 (N=45) \

C2—C7 (N=30) \

Gastric Cancer

C1—C10(N=82) 0.02(-0.64,0.78)
CQ2—C7 (N=61) 0.56(—0.30,1.63)
C9—C12(N=116) -0.11(=0.66,0.51)
C6—C8(N=15) —1.38(-246,-0.17) *

0.49(-2.43,2.16) —24,233.6(=55,971.56,7504.42)

# Binary logistic regression; ** Linear regression; * p < 0.05; **p <0.01; ***p <0.001; all models were adjusted foe age, sex, education level, insurance status, marriage
status and cancer stage; all colon, rectal and breast cancer patients received conventional treatment

cancer comorbidity patterns can transform the landscape
of healthcare at multiple levels. Hospitals can leverage
this knowledge for better patient care, resource man-
agement, and team collaboration. At national level, this
data supports robust public health initiatives, economic
efficiencies, and scientific advancements [34]. Ultimately,
this dual-level impact fosters a healthcare environment
that is more responsive to the complexities of cancer and
its associated conditions, leading to improved patient
outcomes and a healthier society.

Thirdly, at the international level, the adaptability of
this framework allows for its application in different
countries. By understanding comorbidity patterns, inter-
national health organizations can develop standardized
treatment protocols that address common health issues
associated with cancer. This ensures that patients world-
wide receive consistent, high-quality care regardless of
where they are treated [35, 36]. Global health organiza-
tions, such as the World Health Organization (WHO),
can use data on comorbidity patterns to design targeted
intervention strategies that address both cancer and its
associated conditions. These strategies can be tailored
to specific regions based on prevalent health patterns,
enhancing their effectiveness. These organizations can
also advocate for policies that support integrated care

for cancer patients with comorbidities. This includes
promoting access to essential medicines, supporting
health system strengthening, and ensuring that vulner-
able populations receive the care they need. Identifying
comorbidity patterns helps reduce healthcare costs by
streamlining treatments and minimizing the need for
multiple separate interventions [11, 37]. This contrib-
utes to more efficient use of global healthcare resources,
which is particularly vital for low- and middle-income
countries.

Implementation challenges of the framework

The challenges of implementation on this framework are
illustrated in Fig. 5. The application of this framework
needs to be optimized to overcome a few limitations in
data acquisition and integration. At the local level, infor-
mation in the electronic medical record (EHR) may con-
tain inaccuracies or omissions at the time of entry which
leads to incomplete records or data quality issues. Single
hospitals may not have sufficient resources for continu-
ously updated and maintained of the usage of the frame-
work to ensure its accuracy and effectiveness. Between
different hospitals, data recording systems and standards
like ICD-10 might be different, leading to difficulties in
data integration. Translation and standardization efforts
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Different Stages of Cancer

electronic medical record (EHR)

Single
Hospital
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Challenges of Implementation on This Framework

Whether the patient gave
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Separate Models Tailored to Each Cancer Stage

Cancer
Screening

Cancer
Diagnosis

Cancer
Survivorship

Cancer
Treatment

Fig.5 Flow chart of challenges of implementation on this framework

may lead to misunderstandings or code errors due to
inconsistent terminology. Differences in administrative
structures and bureaucratic processes might slow down
collaboration and implementation of the framework.
Furthermore, hospitals varied widely across countries in
IT infrastructure, data management systems and techni-
cal capabilities, which will affect the efficiency and qual-
ity of data collection, transmission and processing. The
above disadvantages can be partially mitigated through
the development of globally harmonized standards and
protocols and enhanced international cooperation and
communication. This will contribute to a more effective
and practicable international application of the tumor
comorbidity model framework.

The adoption of the framework might be constrained
by ethics and privacy issues. The collection and process-
ing of data involving detailed patient information might
raise ethical and privacy protection challenges, particu-
larly in the context of data sharing and multi-agency col-
laboration. Sharing patient data between hospitals raises
significant ethical and legal challenges regarding patient
consent and data privacy laws. Efficient and secure data
communication between hospitals is critical but can be
difficult to achieve, posing risks to data integrity and
security. Ensuring secure and privacy-compliant data
transmission across international borders requires strin-
gent measures, which may be difficult to enforce consist-
ently. To overcome these difficulties, several initiatives
can be implemented. International organizations should

work towards harmonizing ethical considerations and
data protection laws globally to facilitate seamless data
sharing while ensuring patient consent and privacy pro-
tection. Additionally, developed countries should support
investments in healthcare technology and data infra-
structure in countries with fewer resources to level the
playing field for model implementation. Finally, stringent
data security measures and international agreements
should be implemented to ensure data integrity and pro-
tect patient privacy during cross-border data exchanges.
When applying the framework in patients at different
stages of cancer, several disadvantages may arise. Patients
at different cancer stages may exhibit varying levels of
disease complexity, making it difficult to create a one-
size-fits-all model. Tailoring the model to different can-
cer stages may require substantial resource allocation,
including specialized staff, equipment, and time. Apply-
ing a uniform framework across different cancer stages
without taking individual patient needs into account may
raise ethical concerns regarding patient-specific care.
Partitioning data according to cancer stages can lead
to smaller sample sizes for each subgroup, potentially
undermining the statistical power and reliability of the
findings. The practical application of the framework may
be limited if it does not integrate seamlessly with clini-
cal workflows and decision-making processes, particu-
larly as treatment priorities vary by stage. To overcome
the disadvantages of applying the framework in patients
at different stages of cancer, separate models tailored
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to each cancer stage could be developed to address the
unique characteristics and treatment strategies associ-
ated with each stage, with rigorously testing and validat-
ing the models across different cancer stages to ensure
accuracy, reliability, and clinical utility before full-scale
deployment.

Some limitations should be acknowledged in this case
study. One potential issue is the possibility of underesti-
mating the prevalence and number of comorbidities. This
stems from selecting cancer as the sole index disease for
collecting comorbidity data, without considering sce-
narios where cancer might serve as a comorbidity and
other diseases could be designated as the index disease.
The tertiary hospital in China had the privilege of offer-
ing advanced therapeutic skills for diseases such as can-
cer within the hierarchical medical system, resulting in
a lower proportion of cancer being included as an index
disease for other conditions. Despite this limitation, the
comorbidity rates in this study were consistent with other
studies in Chinese inpatient cancer patients, so the find-
ings in this study were relatively credible. Another limi-
tation arises from the use of electronic medical records,
which limits the ability to comprehensively include con-
founding factors such as body mass index, alcohol con-
sumption, and smoking behaviors when exploring the
association between comorbidity patterns and outcome
measures. Based on this study, we will self-designed
questionnaires by adding these factors in future stud-
ies to make a more detailed classification of different
populations.

Conclusions

This study developed a framework based on a case
study to systematically explore the hidden information
of comorbidity burden for inpatient cancer patients.
Four steps constructed the framework: extraction of
HIS data, identification of basic comorbidity charac-
teristics, estimation of the comorbidity burden and
examination of the associations between comorbidity
patterns and outcome measures. Our study found that
the most common comorbidities were hypertension,
mild liver disease, renal diseases, diabetes and myocar-
dial infarct among five main types of inpatient cancer
patients in China. CVD—PVD cluster, mild liver dis-
ease—renal disease cluster and hypertension—diabetes
cluster were the most prevalent. Cancer patients with
cardiometabolic cluster had significantly higher medi-
cal cost and less treatment options than those without.
This framework can be adopted to guide the patient
care, hospital administration and medical resource
allocation, and has the potential to be applied in vari-
ous healthcare settings at local, regional, national, and
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international levels to foster a healthcare environment
that is more responsive to the complexities of cancer
and its associated conditions.

Abbreviations

HIS Hospital information system

ICD-10  The international classification of diseases
ca Charlson comorbidity index

CVD Cerebrovascular disease

PVD Peripheral vascular disease

CHF Congestive heart failure

COPD  Chronic obstructive pulmonary disease
EHR Electronic medical record

Supplementary Information

The online version contains supplementary material available at https://doi.
0rg/10.1186/541256-025-00411-3.

Additional file 1.
Additional file 2.

Acknowledgements
Not applicable.

Author contributions

All authors were involved in drafting and revising the manuscript, approved
the final version and agree to be accountable for all aspects of the work in
ensuring that questions related to the accuracy and integrity of the work

are appropriately investigated and resolved. In addition: JW: investigation,
conceptualization, methodology, formal analysis, visualization, writing: original
draft; W.Z: investigation, conceptualization, and interpreted the results; K.S:
supervision, and interpreted the results; M.S: supervision, writing: review and
editing; Y.Z: interpreted the results; J.S: interpreted the results; X.S: project
administration, funding acquisition, supervision, writing: review and editing.

Funding

This research was supported and funded by the Shandong University Multi-
disciplinary Research and Innovation Team of Young Scholars (2020QNQT019).
This funding source has no role in the design or the implement of this study/
framework.

Availability of data and materials
Data and materials are accessible upon the reasonable request to the research
team.

Declarations

Ethics approval and consent to participate
Medical ethics approval of this study was provided by the Ethical Committee
of School of Public Health, Shandong University (No. 20240401).

Consent for publication
All authors listed in this paper have read the manuscript and agreed to submit
the manuscript for Publication.

Competing interests
The authors declare no competing interests. The data generated in this study
are available upon request from the corresponding author.

Received: 3 June 2024 Accepted: 12 February 2025
Published online: 03 March 2025


https://doi.org/10.1186/s41256-025-00411-3
https://doi.org/10.1186/s41256-025-00411-3

Wang et al. Global Health Research and Policy

(2025) 10:13

References

1.

Bray F, Laversanne M, Sung H, Ferlay J, Siegel RL, Soerjomataram |, et al.
Global cancer statistics 2022: GLOBOCAN estimates of incidence and
mortality worldwide for 36 cancers in 185 countries. CA Cancer J Clin.
2024;74:229-63. https://doi.org/10.3322/caac.21834.

Siegel RL, Miller KD, Wagle NS, Jemal A. Cancer statistics. CA Cancer J Clin.
2023;73.:17-48. https://doi.org/10.3322/caac.21763.

Rai P, Shen C, Kolodney J, Kelly KM, Scott VG, Sambamoorthi U. Prevalence
and risk factors for multimorbidity in older us patients with late-stage
melanoma. J Geriatr Oncol. 2021;12:388-93. https://doi.org/10.1016/j jgo.
2020.09.019.

Mu XM, Wang W, Jiang YY, Feng J. Patterns of comorbidity in hepatocel-
lular carcinoma: a network perspective. Int J Environ Res Public Health.
2020;17:3108. https://doi.org/10.3390/ijerph17093108.

Renzi C, Kaushal A, Emery J, Hamilton W, Neal RD, Rachet, et al. Comorbid
chronic diseases and cancer diagnosis: disease-specific effects and
underlying mechanisms. Nat Rev Clin Oncol. 2019;16:746-61. https://doi.
0rg/10.1038/s41571-019-0249-6.

Tu H, Wen CP, Tsai SP, Chow WH, Wen C, Ye Y, et al. Cancer risk associated
with chronic diseases and disease markers: prospective cohort study.
BMJ. 2018;360:k134. https://doi.org/10.1136/bmj.k134.

Qiu H,Wang L, Zhou L, Wang X. Comorbidity patterns in patients newly
diagnosed with colorectal cancer: network-based study. JMIR Public
Health Surveillance. 2023. https://doi.org/10.2196/41999.

Morishima T, Matsumoto Y, Koeda N, Shimada H, Maruhama T, Matsuki D,
et al. Impact of comorbidities on survival in gastric, colorectal, and lung
cancer patients. J Epidemiol. 2019;29:110-5. https://doi.org/10.2188/jea.
JE20170241.

Boakye D, Gunther K, Niedermaier T, Haug U, Ahrens W, Nagrani R. Asso-
ciations between comorbidities and advanced stage diagnosis of lung,
breast, colorectal, and prostate cancer: a systematic review and meta-
analysis. Cancer Epidemiol. 2021,75:102054. https://doi.org/10.1016/j.
canep.2021.102054.

Williams GR, Deal AM, Lund JL, Chang Y, Muss HB, Pergolotti M, et al.
Patient-reported comorbidity and survival in older adults with cancer.
Oncologist. 2018;23:433-9. https://doi.org/10.1634/theoncologist.
2017-0404.

. Agarwal J, Adulkar D, Swain M, Chakraborty S, Gupta T, Budrukkar A, et al.

Influence of comorbidity on therapeutic decision making and impact on
outcomes in patients with head and neck squamous cell cancers: results
from a prospective cohort study. Head Neck. 2019;41:765-73. https://doi.
0rg/10.1002/hed.25408.

Koné AP, Scharf D, Tan A. Multimorbidity and complexity among

patients with cancer in ontario: a retrospective cohort study exploring
the clustering of 17 chronic conditions with cancer. Cancer Control.
2023;30:10732748221150392. https://doi.org/10.1177/107327482211503
93.

BaoY, Lu P, Wang M, Zhang X, Song A, Gu X, et al. Exploring multimorbid-
ity profiles in middle-aged inpatients: a network-based comparative
study of China and the United Kingdom. BMC Med. 2023;21:495. https://
doi.org/10.1186/512916-023-03204-y.

Feng J, Mu XM, Ma LL, Wang W. Comorbidity patterns of older lung
cancer patients in Northeast China: an association rules analysis based on
electronic medical records. Int J Environ Res Public Health. 2020;17:9119.
https://doi.org/10.3390/ijerph17239119.

Zemedikun DT, Gray LJ, Khunti K, Davies MJ, Dhalwani NN. Patterns of
multimorbidity in middle-aged and older adults: an analysis of the UK
biobank data. Mayo Clin Proc. 2018;93(7):857-66. https://doi.org/10.
1016/jmayocp.2018.02.012.

Luo L, DuW, Chong S, Ji H, Glasgow N. Patterns of comorbidities in
Hospitalised cancer survivors for palliative care and associated in-hospital
mortality risk: a latent class analysis of a statewide all-inclusive inpatient
data. Palliat Med. 2019;33:1272-81. https://doi.org/10.1177/0269216319
860705.

Tran PB, Kazibwe J, Nikolaidis GF, Linnosmaa I, Rijken M, van Olmen J.
Costs of multimorbidity: a systematic review and meta-analyses. BMC
Med. 2022;20:234. https://doi.org/10.1186/512916-022-02427-9.

Han X, Jemal A, Zheng Z, Nogueira L, Khushalani J, et al. Association of
obesity and annual health care utilization and spending among long-
term cancer survivors. Cancer. 2021;127:4675-86. https://doi.org/10.
1002/cncr.33842.

21.

22.

23.

24.

25.

26.

27.

28.

29.

30.

31

32.

33

34.

36.

Page 11 of 12

Zhang W (2021) Comorbidity of Cancer Patients and Its Influence on the
Choice of Treatment [master’s thesis]. Shandong University

Charlson ME, Pompei P, Ales KL, MacKenzie CR. A new method of clas-
sifying prognostic comorbidity in longitudinal studies: development and
validation. J Chronic Dis. 1987;40:373-83. https://doi.org/10.1016/0021-
9681(87)90171-8.

Klabunde CN, Legler JM, Warren JL, Baldwin LM, Schrag D. A refined
comorbidity measurement algorithm for claims-based studies of

breast, prostate, colorectal, and lung cancer patients. Ann Epidemiol.
2007;17(8):584-90. https://doi.org/10.1016/j.annepidem.2007.03.011.
LiuH, Song B, Jin J, LiuY, Wen X, Cheng S, et al. Length of Stay, hospital
costs and mortality associated with comorbidity according to the
Charlson comorbidity index in immobile patients after ischemic stroke
in China: a national study. Int J Health Policy Manag. 2022;11:1780-7.
https://doi.org/10.34172/ijhpm.2021.79.

Zhao SS, Radner H, Siebert S, Duffield SJ, Thong D, Hughes DM, et al.
Comorbidity burden in axial spondyloarthritis: a cluster analysis. Rheuma-
tology (Oxford). 2019;58:1746-54. https://doi.org/10.1093/rheumatology/
kez119.

Mohamed NE, Leung TM, Kata HE, Shah QN, Lee CT, Quale D. Identify-
ing distinct high unmet-need phenotypes and their associated bladder
cancer patient demographic, clinical, psychosocial, and functional
characteristics: results of two clustering methods. Semin Oncol Nurs.
2021;37:151112. https://doi.org/10.1016/j.50ncn.2020.151112.

Chunzi C, Tubao. Exploration of chronic disease co-morbidity patterns
and influencing factors in China’s middle-aged and elderly population—
based on systematic clustering and apriori algorithm. Chin Health Statis.
2023;40(02):172-7.

National Health Commission. Notice on the Issuance of 18 Tumor Diag-
nosis and Treatment Guidelines (2018) Edition of Primary Lung Cancer.
Published December 21, 2018. Accessed June 1, 2024. http://www.nhc.
gov.cn/yzygj/s7659/201812/b21802b199814ab7b1219b87de0cae51.
shtml

National Health Commission. Notice on the Issuance of Three Tumor
Diagnosis and Treatment Norms, Including the "Colorectal Cancer Diag-
nosis and Treatment Norms". Published October 21, 2015. Accessed June
1, 2024. http//www.nhc.gov.cn/yzygj/s3593/201510/c28677d942974dd
9b590637718b9cofc.shtml

Vrinzen CEJ, Delfgou L, Stadhouders N, Hermens RPMG, Merkx MAW,
Bloemendal HJ, et al. A systematic review and multilevel regression
analysis reveals the comorbidity prevalence in cancer. Cancer Res.
2023,;83:1147-57. https://doi.org/10.1158/0008-5472.CAN-22-1336.

Ding R, Zhu D, He P, Ma Y, Chen Z, Shi X. Comorbidity in lung cancer
patients and its association with medical service cost and treatment
choice in China. BMC Cancer. 2020;20:250. https://doi.org/10.1186/
$12885-020-06759-8.

Shang C, Feng L, GuY, Hong H, Hong L, Hou J. Impact of multidisciplinary
team management on the survival rate of head and neck cancer patients:
a cohort study meta-analysis. Front Oncol. 2021;11:630906. https://doi.
0rg/10.3389/fonc.2021.630906.

Taylor C, Brown K, Lamb B, Harris J, Sevdalis N, Green JSA. Developing
and testing team (team evaluation and assessment measure), a self-
assessment tool to improve cancer multidisciplinary teamwork. Ann Surg
Oncol. 2012;19:4019-27. https://doi.org/10.1245/510434-012-2493-1.
Frank AL, Kreuter M, Schwarzkopf L. Economic burden of incident inter-
stitial lung disease (ILD) and the impact of comorbidity on costs of care.
Respir Med. 2019;152:25-31. https://doi.org/10.1016/j.rmed.2019.04.009.
Stone BV, Labban M, Filipas DK, Beatrici E, Lipsitz SR, Reis LO, et al.

The risk of catastrophic healthcare expenditures among prostate and
bladder cancer survivors in the United States. Clin Genitourin Cancer.
2023;21:617-25. https://doi.org/10.1016/j.clgc.2023.05.016.

Kane B, Luz S.”Do no harm”: fortifying MDT collaboration in changing
technological times. Int J Med Informatics. 2013;82:613-25. https://doi.
0rg/10.1016/j.jmedinf.2013.03.003.

. Luque-Fernandez MA, Redondo-Sanchez D, Lee SF, Rodriguez-Barranco

M, Carmona-Garcia MC, Marcos-Gragera R, et al. Multimorbidity by
patient and tumor factors and time-to-surgery among colorectal cancer
patients in Spain: a population-based study. Clin Epidemiol. 2020;12:31-
40. https://doi.org/10.2147/CLEPS229935.

Loeppenthin K, Dalton SO, Johansen C, Andersen E, Christensen MB,
Pappot H, et al. Total burden of disease in cancer patients at diagnosis-a


https://doi.org/10.3322/caac.21834
https://doi.org/10.3322/caac.21763
https://doi.org/10.1016/j.jgo.2020.09.019
https://doi.org/10.1016/j.jgo.2020.09.019
https://doi.org/10.3390/ijerph17093108
https://doi.org/10.1038/s41571-019-0249-6
https://doi.org/10.1038/s41571-019-0249-6
https://doi.org/10.1136/bmj.k134
https://doi.org/10.2196/41999
https://doi.org/10.2188/jea.JE20170241
https://doi.org/10.2188/jea.JE20170241
https://doi.org/10.1016/j.canep.2021.102054
https://doi.org/10.1016/j.canep.2021.102054
https://doi.org/10.1634/theoncologist.2017-0404
https://doi.org/10.1634/theoncologist.2017-0404
https://doi.org/10.1002/hed.25408
https://doi.org/10.1002/hed.25408
https://doi.org/10.1177/10732748221150393
https://doi.org/10.1177/10732748221150393
https://doi.org/10.1186/s12916-023-03204-y
https://doi.org/10.1186/s12916-023-03204-y
https://doi.org/10.3390/ijerph17239119
https://doi.org/10.1016/j.mayocp.2018.02.012
https://doi.org/10.1016/j.mayocp.2018.02.012
https://doi.org/10.1177/0269216319860705
https://doi.org/10.1177/0269216319860705
https://doi.org/10.1186/s12916-022-02427-9
https://doi.org/10.1002/cncr.33842
https://doi.org/10.1002/cncr.33842
https://doi.org/10.1016/0021-9681(87)90171-8
https://doi.org/10.1016/0021-9681(87)90171-8
https://doi.org/10.1016/j.annepidem.2007.03.011
https://doi.org/10.34172/ijhpm.2021.79
https://doi.org/10.1093/rheumatology/kez119
https://doi.org/10.1093/rheumatology/kez119
https://doi.org/10.1016/j.soncn.2020.151112
http://www.nhc.gov.cn/yzygj/s7659/201812/b21802b199814ab7b1219b87de0cae51.shtml
http://www.nhc.gov.cn/yzygj/s7659/201812/b21802b199814ab7b1219b87de0cae51.shtml
http://www.nhc.gov.cn/yzygj/s7659/201812/b21802b199814ab7b1219b87de0cae51.shtml
http://www.nhc.gov.cn/yzygj/s3593/201510/c28677d942974dd9b590637718b9c9fc.shtml
http://www.nhc.gov.cn/yzygj/s3593/201510/c28677d942974dd9b590637718b9c9fc.shtml
https://doi.org/10.1158/0008-5472.CAN-22-1336
https://doi.org/10.1186/s12885-020-06759-8
https://doi.org/10.1186/s12885-020-06759-8
https://doi.org/10.3389/fonc.2021.630906
https://doi.org/10.3389/fonc.2021.630906
https://doi.org/10.1245/s10434-012-2493-1
https://doi.org/10.1016/j.rmed.2019.04.009
https://doi.org/10.1016/j.clgc.2023.05.016
https://doi.org/10.1016/j.ijmedinf.2013.03.003
https://doi.org/10.1016/j.ijmedinf.2013.03.003
https://doi.org/10.2147/CLEP.S229935

Wang et al. Global Health Research and Policy (2025) 10:13

Danish nationwide study of multimorbidity and redeemed medication. Br
J Cancer. 2020;123:1033-40. https://doi.org/10.1038/541416-020-0950-3.

37. YanR,CheB,LvB,Wu P LuX, Zhang, et al. The association between
physical activity, sedentary time and health-related quality of life in
cancer survivors. Health Qual Life Outcomes. 2021;19:213. https://doi.org/
10.1186/512955-020-01575-x.

Publisher’s Note
Springer Nature remains neutral with regard to jurisdictional claims in pub-
lished maps and institutional affiliations.

Page 12 of 12


https://doi.org/10.1038/s41416-020-0950-3
https://doi.org/10.1186/s12955-020-01575-x
https://doi.org/10.1186/s12955-020-01575-x

	Developing a framework for estimating comorbidity burden of inpatient cancer patients based on a case study in China
	Abstract 
	Introduction
	Development of the framework
	Study site
	Step 1: extraction of HIS system data
	Step 2: identification of basic comorbidity characteristics
	Step 3: estimation of the comorbidity burden
	Step 4: examination of the associations between comorbidity patterns and outcome measures

	Possible applications
	Implementation challenges of the framework
	Conclusions
	Acknowledgements
	References


