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Abstract

Purpose This study aimed to identify dominant comorbidity patterns among women cancer survivors and examine how
these patterns relate to health-related quality of life (HRQL).

Methods 1544 participants (born 1946-1951) from the Australian Longitudinal Study on Women’s Health diagnosed with
cancer during the follow-up period from 1993 to 2019 were included. HRQL is measured with Short Form-36 included in
the survey. Latent class analysis was applied to identify comorbidity patterns, and linear regression was used to assess their
association with HRQL domains, adjusting for demographic factors.

Results Five distinct comorbidity classes were identified: relatively healthy (n=880, 57%); hypertension and arthritis
(n=278, 18%); arthritis and osteoporosis (n=139, 9%); respiratory conditions (n=170, 11%); and complex multimorbidity
(n=93, 6%). Compared to the relatively healthy class, women in all other classes had significantly lower average HRQL
(»<0.01). For example, the classes’ adjusted mean score for general health domain varied: relatively healthy (mean="70.8,
reference), hypertension and arthritis (mean=63.1, 95% CI=59.9, 66.3), arthritis and osteoporosis (mean=60.0, 95%
CI=55.8, 64.1), respiratory conditions (mean=60.9, 95% CI=57.2, 64.7), and complex multimorbidity (mean=48.6, 95%
CI=43.4, 53.8). Women in the complex multimorbidity class had the lowest HRQL across all domains: physical functioning
[adjusted mean difference from relatively healthy (AMD=—22.2 and 95% CI —27.4, —17.0)], mental health (AMD=-11.4,
95% Cl=—15.4, -7.5).

Conclusion Comorbidity patterns varied substantially among women cancer survivors and were strongly associated with
differences in HRQL. Survivors with complex multimorbidity experienced the greatest impairments. Incorporating comor-
bidity profiling into survivorship care may help identify high-risk groups and support targeted interventions to optimise
quality of life.

Plain english summary

More and more people are surviving cancer, but many also live with other long-term health conditions, which can affect
their daily life and wellbeing. We carried out this study to better understand how these conditions cluster together and
how they impact the quality of life among cancer survivors. Our study looked at whether some health conditions tend
to occur together in Australian women cancer survivors, and how these different combinations affect how people feel
physically and emotionally. We found that certain patterns of long-term conditions, such as high blood pressure, arthritis,
and respiratory diseases, are common among cancer survivors. Women cancer survivors with more complex health issues
generally reported lower health-related quality of life across many areas, including general health, bodily pain, physical
functioning, and mental wellbeing. These findings suggest that cancer survivors with multiple long-term conditions may
need more support to manage their health and improve their quality of life. Health services should consider these patterns
when planning care, so survivors get the right help for their unique health needs.
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Introduction

The number of people living with cancer (cancer survivors)
is growing rapidly, with major contributions from popula-
tion ageing, advances in early detection, and improvement
in cancer treatment [1]. In Australia alone, on average, 463
new cancer cases were diagnosed daily in 2024 [2]. Can-
cer survivors tend to experience multiple morbidities, with
many having pre-existing conditions or being diagnosed
with new conditions after the cancer diagnosis [3]. Previ-
ous studies report that comorbid conditions among cancer
survivors are associated with higher mortality [4], increased
health services utilisation [5], reduced physical functioning
status, and poorer quality of life [6—8].

Health-related quality of life (HRQL) is a multidimen-
sional construct encompassing perceptions of both positive
and negative aspects of physical, social, and psychological
functioning and other symptoms produced by a disease or
its treatment [9]. It is an important outcome in oncology and
cancer epidemiology research. Compared to people without
comorbidities, cancer survivors who were diagnosed with
two or more comorbidities have significantly lower HRQL
[7]. The complex interconnected aetiology across various
conditions along with the experience of multiple illnesses,
poses significant challenges to traditional single-disease-
focused survivorship care approaches.

Current HRQL analyses often simplify multimorbidity
by focusing on either the number of conditions or prede-
termined disease combinations [7, 8]. Such classifications
may limit our understanding by focusing only on clinically
defined, body-system-specific disease groupings, rather
than adopting a more holistic approach that captures the full
complexity of an individual’s comorbidity profile. More-
over, conventional approaches often assume that comor-
bidity patterns are consistent across populations, despite
substantial variation in the distribution of chronic condi-
tions by demographic and socio-economic characteristics
[10]. Unlike comorbidity indices that collapse disease bur-
den into a single aggregated score [11], pattern-based multi-
morbidity approaches preserve the heterogeneity of disease
co-occurrence by identifying distinct constellations of con-
ditions [12]. Compared with index- or comorbidity count-
based approaches, pattern-based analyses therefore have
greater potential to generate person-centred insights into
primary care needs following a cancer diagnosis. To date,
multimorbidity clustering has not been applied specifically
to women cancer survivors in Australia.

Understanding the complex comorbidity patterns among
cancer survivors requires an appropriate analytical approach.
Latent class analysis (LCA) is a data driven approach that
identifies latent subgroups and assumes a finite number of
classes within a population [11] and has demonstrated its
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superior utility in multimorbidity clustering [13]. Compared
to other clustering methodologies, LCA explicitly accounts
for measurement error and provides probabilistic class
membership, allowing for more accurate identification or
clinically meaningful subgroups [11, 13]. Leveraging this
method, we aimed to (1) identify the comorbidity patterns
among a cohort of Australian women cancer survivors, and
(2) examine how the identified patterns were associated
with HRQL among cancer survivors.

Methods
Data source and sample

This study used data from the Australian Longitudinal
Study on Women’s Health (ALSWH) between 1996 and
2022 and the linked Australian Cancer Database between
1993 and 2019. The ALSWH is a large, population-based
survey that includes four cohorts of Australian women born
in different periods, with over 57,000 participants [14]. This
study is based on the birth cohort 19461951, aged 45-50
in 1996. At baseline, participants were randomly selected
from a Medicare database with intentional oversampling of
women from rural and remote areas at twice the rate of urban
women to capture variation in health experiences beyond
metropolitan regions [14]. In total, 13,714 participants
self-completed a postal questionnaire at baseline (response
rate of 52-56%). These participants were first followed up
in 1998, with follow-ups every three years thereafter until
2022 when the 9th was completed (77% eligible). The
ALSWH survey was designed to cover women’s physical
and mental health, health behaviours, reproductive health,
and social factors questionnaire data. The survey data have
been linked to cancer diagnosis through the Australian Can-
cer Database. Details about the ALSWH surveys have been
published elsewhere [15].

The study included 1544 women with a cancer diagno-
sis, ascertained via data linkage with the Australian Cancer
Database from 1993 to 2019 who completed an ALSWH
survey within three years of the diagnosis (Supplementary
Fig. 1). Only primary invasive cancer diagnoses were iden-
tified as eligible cases (Supplementary Table 1). Non-mela-
noma skin cancer was not eligible and not usually recorded
in the cancer database [16]. Participants diagnosed with
cancer three years before the return date of the baseline sur-
vey (n = 278), and those who did not complete a survey
within three years of the recorded diagnosis (n = 885) were
excluded from the study. For each woman with cancer, data
from the immediate survey completed after her cancer diag-
nosis (within three years) were used for this analysis.
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Health-related quality of life

HRQL was measured using the Medical Outcomes Study
Short Form-36 (SF-36) as administered in the ALSWH sur-
vey [17], which consists of 36 questions encompassing eight
domains: physical functioning, social functioning, mental
health, general health, vitality, bodily pain, role emotional,
and role physical. Raw scores were standardised into a score
out of 100, formula [(Raw score-minimum possible raw
score/possible raw score range)x100], with higher scores
indicating better outcomes. Role emotional, role physical,
and social functioning domains were not included in the
current analysis because the derived scores were categori-
cal and non-normal (Supplementary Fig. 2) [14, 15, 17, 18].

Comorbidity

Comorbidities were based on self-reports of doctor-diagno-
sis (by either a general practitioner or a specialist) of 9 major
conditions: arthritis (osteoarthritis and rheumatoid arthritis),
asthma, bronchitis (chronic bronchitis, chronic emphysema,
and chronic obstructive pulmonary disease), diabetes mel-
litus (type 1, type 2, and prediabetes), heart disease (myo-
cardial infarction, angina, arrhythmias, and heart failure),
hypertension, osteoporosis, stroke, and thrombosis. Other
comorbidities (e.g. mental health conditions, ocular condi-
tions, hepatitis, renal diseases, polycystic ovary syndrome,
and neurodegenerative diseases) were not included due to
incomplete data or being inconsistently included across sur-
vey waves [19, 20].

At baseline, respondents were asked whether they had
ever been diagnosed by a doctor with each listed chronic
condition (Yes, No). At each follow-up, respondents were
asked whether they had been newly diagnosed with the con-
ditions since the previous follow-up (Yes, No). The condi-
tions were considered enduring, as individuals typically live
with these diagnoses for the remainder of their lives, expe-
riencing prolonged effects on their well-being and quality of
life. A person was considered to have a cumulative history
of the conditions if she had reported a comorbidity diagno-
sis at her index survey or in any previous ones.

Socio-demographic and behavioural factors

Sociodemographic characteristics were derived from the
ALSWH survey, including age, country of birth (Australia,
other English-speaking countries, or all other countries),
area of residence (major cities, inner or outer regional,
remote or very remote), highest educational qualification
(schooling up to 12 years or lower, qualification/diploma/
certificate or equivalent, university degree or higher), and
difficulty in managing available income (easy/not too bad,

difficult, impossible). Behavioural factors were also from
the ALSWH questionnaire and included body mass index
(underweight and normal weight<25, overweight>25.0
and <30.0, and obese>30.0), and smoking status (never
smoker, former smoker, and current smoker).

Statistical analysis

The distribution of cancer cases by socio-demographic fac-
tors and health characteristics was explored via descriptive
statistics. The observed pair-wise comorbidity patterns were
presented as a two-by-two contingency heatmap to assess
any potential dependence between the conditions. LCA was
conducted to identify comorbidity patterns among cancer
survivors [11], with each comorbidity included as an indi-
cator variable. The presence or absence of each condition
was used to determine latent (unobserved) classes based on
their probability (prevalence) distributions. Every partici-
pant was assigned to a class based on her highest posterior
probability of belonging to that class. Models with two to
seven classes were fitted and evaluated for model selection.
The optimal number of classes was determined based on
the Akaike information criterion, the Bayesian information
criterion, entropy, and interpretability of the classes. The
detailed model selection procedure, along with model fit
statistics are included in the supplementary materials (Sup-
plementary Tables 2—4). Identified classes were labelled
according to the two most prevalent conditions within each
class or, where appropriate, by overall comorbidity burden.
The LCA classes were explored by demographics, behav-
ioural, and health characteristics. Chi-squared tests and
Kruskal-Wallis tests were performed to assess differences
between latent classes for the categorical variables and age
at diagnosis, respectively. The obtained classes were plot-
ted by condition prevalence and labelled according to their
patterns.

To assess the heterogeneity of HRQL across the latent
classes, we first took a non-modelling approach. Each par-
ticipant’s HRQL score was compared with the ALSWH
population median score from her index survey at cancer
diagnosis. Scores below the median were labelled as “low
HRQL”, for each domain respectively. Second, multivari-
able linear regression models were performed for each
domain score, adjusting for age, marital status, difficulty in
managing available income, education qualifications, coun-
try of birth, and remoteness of residence. Adjusted mean
difference (AMD) based on least squares means and its 95%
confidence interval (CI) were estimated from each domain-
specific model. Missing values for covariates used in the
regression were initially imputed with survey answers from
either the baseline (country of birth, ability to manage avail-
able income) or the subsequent surveys (highest education)
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if appropriate and available. Multiple imputations were
performed on demographic characteristics for the remain-
der of missingness. Details regarding the statistical strategy
for handling missingness is described in the Supplementary
Materials. All analyses were performed in R version 4.4.2.

Results

Of 1544 women included in the study, 700 (45%) had been
diagnosed with breast cancer, 227 (15%) melanoma, 153
(10%) digestive system cancer, 135 (9%) gynaecological
cancer, and 329 (21%) with all other cancer types (exclud-
ing non-melanoma skin cancers). The median age at cancer
diagnosis was 60.8 years, with an interquartile range (IQR)
of 53.8-66.4. Approximately, one out of five women who
were diagnosed with cancer did not report any comorbidity
(22%), and over half (54%) reported two or more comor-
bidities (Table 1). Arthritis (44%), hypertension (41%),
and bronchitis (27%) were the most prevalent conditions
(Fig. 1). Hypertension was particularly common among
women with heart disease (70%) and diabetes (69%). Bron-
chitis and asthma had a higher co-occurrence rate of 54%.
Considering the fit statistics (Supplementary Tables 2—
4) and interpretability of the classes, a 5-class model was
considered the optimum model. The five classes obtained
from the LCA analysis were presented by demographic
characteristics (Table 1 and Supplementary Table 5), health
characteristics (Fig. 2) and HRQL domain distribution and
scores (Fig. 3, Supplementary Figs. 2 and 3). Based on their
comorbidity prevalence patterns, the classes were labelled:
1 relatively healthy, 2 hypertension and arthritis, 3 arthri-
tis and osteoporosis, 4 respiratory conditions, and 5 com-
plex multimorbidity. The latent classes varied in size, with
class 1: 57% (n=880), class 2: 18% (n=274), class 3: 9%
(n=135), class 4: 11% (n=169), and class 5: 6% (n=86).
Each class featured a distinctive multimorbidity pattern
(Fig. 2). Hypertension and arthritis were presented in all
classes, reflecting the prevalence of these conditions among
women at this life stage. Around one in five participants in
the relatively healthy class had hypertension (21%) or arthri-
tis (19%), but they had a low prevalence of other comorbidi-
ties. In the hypertension and arthritis class, hypertension
(92%) and arthritis (79%) were the most prevalent condi-
tions, affecting most women in this class. All members of
the arthritis and osteoporosis class had arthritis, and 73%
also had osteoporosis. Over 40% of all patients with osteo-
porosis were assigned to this class. Bronchitis and asthma
were the predominant conditions in the respiratory condi-
tions class, with prevalence rates of 100% and 95%, respec-
tively. The complex multimorbidity class had a notably high
prevalence of multiple chronic conditions across different
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body systems, and all reported hypertension (100%). Con-
ditions such as arthritis (87%) and bronchitis (64%) also
showed high prevalence in this class, reinforcing clustering
of severe comorbidities.

The participants’ demographic, behavioural, and clini-
cal characteristics by LCA classes are presented in Table 1.
Women in the complex multimorbidity class had the highest
median age at cancer diagnosis (66.1) while the relatively
healthy class was the youngest group (median age 57.6).
Over 80% of women in the complex multimorbidity class
had five or more co-existing conditions. Approximately
60% of women in this class reported finding it difficult or
impossible to manage their income and 78% were over-
weight or obese. Obesity was also common among women
in the hypertension and arthritis class (50% obese). Partici-
pants in the respiratory conditions class were more likely
to be a current or ex-smoker compared to the other classes.
Notably, the distribution of cancer site does not differ signif-
icantly across latent classes (Supplementary Table 5). The
distribution of HRQL scores within each class is described
in Supplementary Fig. 3. In all classes, more than half of the
survivors had lower scores than the median observed among
ALSWH participants in their index survey wave. The major-
ity of women in the complex multimorbidity class scored
poorly on general health (88%) and physical functioning
(88%) subscales, lower than the population median. 73% of
women in the arthritis and osteoporosis class had lower than
median mental health scores, and 75% of them had low vital-
ity scores. Figure 3 presents the results (AMD and 95%CI)
of multivariable linear regression models for each HRQL
domain by LCA classes. Compared to the women in the
relatively healthy class, those in most other classes reported
significantly lower scores in almost all domains (p<0.01).
Members in the complex multimorbidity class reported the
lowest scores across all domains. Specifically in general
health (AMD =-22.2, CI =—-27.4 — —17.0), physical func-
tion (AMD = —22.2, CI = —27.2 — —17.0), mental health
(AMD = —11.45, CI = —15.4 — —7.5), bodily pain (AMD
=-22.2,CI=-27.8--16.6), and vitality (AMD =—-16.9,
Cl = —22.0 — —11.9). The arthritis and osteoporosis class
exhibited the second lowest scores in general health (AMD
= —10.84, CI = —14.97 — —6.71), mental health (AMD =
—8.29, CI=-11.48 — —5.10), bodily pain (AMD =—-13.72,
CI = —18.23 — —9.21), and vitality (AMD = —9.29, CI =
—13.34 — —5.20). On the other hand, women in the respi-
ratory conditions class reported the second lowest physical
function scores (AMD =—11.62, CI =—15.40 — —7.84).
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Table 1 Characteristics of participating women cancer survivors at time of diagnosis by latent class membership

Variable Total” Latent Classes”
1 2 3 4 5
N (%) 1544 880 (57.0) 274 (17.7) 135 (8.7) 169 (10.9) 86 (5.6)
Age at diagnosis T, median (IQR) 60.8 57.6 64.6 64.9 61.8 66.1
(53.8-66.4) (51.1-63.8) (59.5-68.2) (59.4-67.9) (53.6-66.5) (60.7-68.8)
Cancer Site, n (%)
Breast 700 (45.3) 407 (46.2) 125 (45.6) 63 (46.7) 75 (44.4) 30 (34.9)
Melanoma 227 (14.7) 131 (14.9) 35(12.8) 24 (17.8) 22 (13.0) 15 (17.4)
Digestive 153 (9.9) 93 (10.6) 28 (10.2) 11 (8.1) 14 (8.3) 7(8.1)
Gynaecological 135 (8.7) 79 (9.0) 27 (9.9) 7(5.2) 15(9.5) 6(7.0)
All other cancer™ 329 (21.3) 170 (19.3) 59 (21.5) 30 (22.2) 43 (25.4) 28 (32.6)
Number of Comorbidities, n (%)
0-1 - 715 (81.2) 0 0 0 0
2-3 - 165 (18.8) 232 (84.7) 92 (68.1) 92 (54.4) <10 (<10%)
>4 - 0 42 (15.3) 43 (31.9) 77 (45.6) >70 (>90%)
Marital Status , n (%)
Married/De facto 1160 (75.8) 687 (78.7) 207 (76.8) 98 (73.7) 117 (69.6) 51(59.3)
Never married/divorced/ 370 (24.2) 186 (21.3) 63 (23.3) 35(26.3) 51 (30.4) 35 (40.7)
separated/widowed
Difficulty to manage income T, n (%)
Easy/not too bad 987 (64.7) 604 (69.7) 168 (61.8) 89 (66.4) 95 (56.5) 31 (36.5)
Difficult 361 (23.7) 186 (21.5) 69 (25.4) 29 (21.6) 44 (26.2) 33 (38.8)
Impossible 178 (11.7) 77 (8.9) 35(12.9) 16 (11.9) 29 (17.3) 21 (24.7)
Education, n (%)
12 years or less 984 (63.9) 548 (62.5) 184 (67.2) 83 (61.5) 105 (62.1) 64 (74.4)
Certificate/Diploma or Equivalent 337 (21.9) 190 (21.7) 58 (21.2) 30 (22.2) 45 (26.6) 14 (16.3)
University or higher 220 (14.3) 139 (15.8) 32 (11.7) 22 (16.3) 19 (11.2) 8(9.3)
Area of Residence T, n (%)
Major cities 595 (38.6) 369 (42.0) 84 (30.7) 48 (35.6) 64 (37.9) 30 (34.9)
Inner regional 623 (40.4) 320 (36.4) 132 (48.2) 61 (45.2) 71 (42.0) 39 (45.3)
Remote/outer regional 324 (21.0) 189 (21.5) 58 (21.2) 26 (19.3) 34 (20.1) 17 (19.8)
Country of Birth §, n (%)
Australia 1195 (78.1) 658 (75.4) 218 (80.1) 107 (81.1) 147 (87.5) 65 (75.6)
Other English-speaking countries 209 (13.7) 133 (15.2) 37 (13.6) 15 (11.4) 14 (8.3) 10 (11.6)
All other countries 127 (8.3) 82 (9.4) 17 (6.2) 10 (7.6) 7(4.2) 11 (12.8)
Body Mass Index T, n (%)
Underweight and Healthy (<25) 584 (39.5) 390 (46.2) 59 (22.6) 56 (23.7) 61 (38.6) 18 (21.4)
Overweight (=25 and <30) 467 (31.6) 283 (33.5) 71(27.2) 45 (35.2) 42 (26.6) 26 (31.0)
Obese (>30) 425 (28.8) 172 (20.4) 131 (50.2) 27 (21.1) 55(34.8) 40 (47.6)
Smoking Status T, n (%)
Never smoked 921 (60.2) 536 (61.5) 179 (65.8) 82 (61.2) 79 (47.3) 45 (52.3)
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Table 1 (continued)

Variable Total” Latent Classes”

1 2 3 4 5
Ex-smoker 486 (31.7) 270 (31.0) 82 (30.1) 42 (31.3) 60 (35.9) 32 (37.2)
Current smoker 124 (8.1) 66 (7.6) 11 (4.0) 10 (7.5) 28 (16.8) 9 (10.5)

IQR, interquartile range; - Cells suppressed to maintain confidentiality

Class 1 Relatively healthy; Class 2 hypertension and arthritis; Class 3 arthritis and osteoporosis.

Class 4 respiratory conditions; Class 5 higher comorbidity.

+ p<0.05 for Chi-squared test for categorical variable, or Kruskal-Wallis test for age, between latent classes

* Only complete cases are reported. The frequencies in some variables may not add up to the total sample size due to missingness

** Excluding non-melanoma skin cancer of any kind

* Numbers in each tile represent the cross-tabulation percentages between the two conditions. For instance, arthritis-thrombosis 13% is inter-

preted as: among women who had arthritis, 13% had thrombosis

** Numbers in the diagonal tiles (bottom left to top right) refer to percentage of women who had the respective conditions and none other. For
instance, arthritis-arthritis 16% is interpreted as: among women who had arthritis, 16% of them are free from any other conditions (they had

cancer in the first place)

95%CI, 95% confidence interval. AMD is calculated based on least squares means
General health, n=1506, % of missingness =2.46%; Physical function, n=1535, % of missingness=0.58%
Mental health, n=1537, % of missingness=0.45%; Bodily pain, n=1540, % of missingness=0.25%

Vitality, n=1536, % of missingness=0.52%

Fig. 1 Contingency heatmap of
chronic condition distribution and
crude percentage co-occurrence
among women cancer survivors

arthritis 672 [ 44% 13
asthma 363 24% 12
bronchitis 442 | 27% 13
diabetes 213 | 14% 14
heart disease 184 | 12% 16
hypertension 633 |41% 12
osteoporosis 228 | 15% 17
stroke 47| 3% = 26

thrombosis 146 | 10% 10

Discussion

This study investigated comorbidity patterns among women
cancer survivors and how these patterns related to their
HRQL within the first few years after cancer diagnosis.
We identified five subgroups of cancer survivors with dis-
tinct comorbidity patterns that differentially associated with
varying HRQL domains. Compared to the relatively healthy
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class, women in all other groups reported significantly lower
HRQL, with the complex multimorbidity group reporting
the lowest HRQL scores across all domains. These findings
highlight the heterogeneity among cancer survivors, with
each class characterised by specific comorbidity patterns,
demographics, and behavioural factors, which were differ-
entially associated with their HRQL across domains.
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Class 1 Relatively Healthy, n = 880 (57.0%)

arthritis [N 19.3%
asthma [ 11.1%
bronchitis N 12.4%
diabetes W 3.4%
heart disease | 1.1%
hypertension [N 20.5%
osteoporosis [l 6.8%
stroke | 1.0%
thrombosis [l 5.6%

0 25 50 75 100

Prevalence

Class 3 Arthritis and osteoporosis, n = 135 (8.7%)

arthritis [ 100.0%
asthma [ 14.1%
bronchitis  INEG_—_—— 27.4%
diabetes I 1.5%
heart discase  [INEG_ 23.0%
hypertension [ 40.7%
osteoporosis NG 73.3%
stroke 0.0%
thrombosis  [INEEG_—_—_ 28.9%
0 25 50 75 100

Prevalence

Class 5 Complex Multimorbidity, n = 86 (5.6%)
arthritis - 87.2%
asthma [ 55.8%
bronchitis NG 64.0%
diabetes NN 48.8%
heart disease NN 67.4%
hypertension [ 100.0%
osteoporosis N 53.5%
stroke [N 30.2%
thrombosis  INEEG_—_— 37.2%

0 25 50 75 100
Prevalence

Condition Status

Class 2 Hypertension and arthritis, n = 247 (17.7%)

arthritis ~ [EEEE—— 78.8%
asthma [ 13.5%
bronchitis  IEE_ 19.0%
diabetes [N 40.5%
heart disecase  [ING__ 22.3%
hypertension [ 91.6%
0steoporosis 0.0%
stroke 0.0%
thrombosis W 2.9%
0 25 50 75 100

Prevalence

Class 4 Respiratory conditions, n = 169 (10.9%)
arthritis |G 45.0%
asthma  [— 95.3%
bronchitis I 100.0%
diabetes [ 16.6%
heart disease [N 14.2%
hypertension  [INEEGEG_—_—— 36.1%
osteoporosis [N 13.6%
stroke M 7.1%
thrombosis I 10.7%

0 25 50 75 100
Prevalence

Absent . Present

Fig.2 Crude comorbidity prevalence distribution by latent class membership

The observed comorbidity patterns are highly depen-
dent on population characteristics. Our findings may not be
directly comparable to previous studies due to variations
in the comorbidity spectrum and count, methodological
differences, study population, and baseline demographic
characteristics and health conditions. However, the classi-
fication derived from our model is highly consistent with
previous cluster analysis of multimorbidity patterns in gen-
eral populations [21, 22] and agree with clinically mean-
ingful groupings [23]. An exploratory factor analysis of an
Australian working population revealed disease clusters of
musculoskeletal conditions, metabolic-obesity conditions,
asthma and chronic obstructive pulmonary disease (COPD),
corresponding to the arthritis and osteoporosis group, the
hypertension and arthritis group, and the respiratory condi-
tions group in our model, respectively [21]. The complex

multimorbidity class represents the minority of cancer sur-
vivors who experience multiple chronic conditions, in addi-
tion to cancer.

The LCA classes observed in our study suggest that some
chronic conditions may aggregate due to their shared risk
and aetiological factors, similar phenotypic expressions,
or some conditions that serve as mutual risk factors for
each other. For example, hypertension, arthritis, and diabe-
tes mellitus were the most common conditions among the
members in the hypertension and arthritis class. Obesity is
a well-established cause of both hypertension and diabetes
[24], and these three health burdens have a similar epide-
miological distribution [25]. Furthermore, multiple stud-
ies revealed the association between obesity and arthritis
[26, 27], the second most prevalent condition in this class.
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a. General Health

Class 1 Relatively healthy (Reference) -
Class 2 Hypertension and arthritis -
Class 3 Arthiritis and osteoporosis -

Class 4 Respiratory conditions -

Class 5 Complex Multimorbidity -

b. Physical Function

Class 1 Relatively healthy (Reference) -
Class 2 Hypertension and arthritis -
Class 3 Arthiritis and osteoporosis -
Class 4 Respiratory conditions -
Class 5 Complex Multimorbidity -

-30

¢. Mental Health
Class 1 Relatively healthy (Reference) -
Class 2 Hypertension and arthritis -
Class 3 Arthiritis and osteoporosis -
Class 4 Respiratory conditions -
Class 5 Complex Multimorbidity -
-30

d. Bodliy Pain
Class 1 Relatively healthy (Reference) -
Class 2 Hypertension and arthritis -
Class 3 Arthiritis and osteoporosis -
Class 4 Respiratory conditions -

Class 5 Complex Multimorbidity -

e. Vitality
Class 1 Relatively healthy (Reference) -
Class 2 Hypertension and arthritis -
Class 3 Arthiritis and osteoporosis -
Class 4 Respiratory conditions -

Class 5 Complex Multimorbidity -
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p-value
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2220 (-27.37,-17.04) <0.01

AMD Cl p-value

Reference

-8.57 (-11.80,-5.33) <0.01

859 (-12.78,-4.40) <0.01

1162 (-15.40,-7.84) <0.01

2215 (-27.34,-16.95) <0.01

AMD Cl p-value

Reference

231 (-4.78,0.15) 0.07

_829 (-11.48,-5.10) <0.01

389 (-6.77,-1.01) <0.01

-11.45  (-15.40,-7.49) <0.01

AMD Cl p-value

Reference

-8.56  (-12.03,-5.09) <0.01

1372 (-18.23,-921)  <0.01

-13.09  (-17.14,-9.03) <0.01

2221 (-27.80,-16.62) <0.01

AMD CI p-value

Reference

-3.60  (-6.75,-0.47) 0.03
-9.29  (-13.34,-520) <0.01
-9.06  (-12.74,-538) <0.01

-16.92  (-21.98,-11.86) <0.01
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{ Fig. 3 Adjusted mean difference (AMD) and 95%CI for health-related
quality of life domains by latent classes, compared to the relatively
health class, adjusted for age, marital status, difficulty in managing
available income, education qualifications, country of birth, and region
of residence

We believe that obesity acts as a latent variable linking the
comorbidity pattern.

The arthritis and osteoporosis class had a 100% prev-
alence of arthritis, and 73% prevalence of osteoporosis.
Although our data source did not differentiate between
rheumatoid arthritis (RA) and osteoarthritis (OA), their
intertwined relationships with osteoporosis provide mean-
ingful insights. Despite their distinct aetiologies, degenera-
tive physical function has a bidirectional correlation with
both OA and osteoporosis [28, 29], and osteoporosis can be
a common complication of RA [30, 31], which may help
explain the high likelihood of concurrent conditions. Com-
pared with the hypertension and arthritis class, women in
this group may experience higher healthcare utilisation,
given that hypertension and arthritis are commonly diag-
nosed in primary care, while osteoporosis usually requires
referral to medical imaging for diagnosis.

Almost all members in the respiratory conditions class
had asthma and chronic bronchitis/emphysema/COPD
simultaneously. While debates continue over the pathol-
ogy underlying the co-occurrence, the term asthma-COPD
overlap is used to describe their clinical phenotype, high-
lighting the burden associated with this comorbidity pattern
[32, 33]. More than half of the women in this class reported
either former or current smoking, a pattern that contrasts
with the smoking status distribution observed in the other
classes [34]. Numerous studies have documented the asso-
ciation between smoking and respiratory conditions, such
as asthma and COPD [32, 35, 36]. In Australia, smoking
is the leading cause of COPD, contributing to a significant
number of cases [37]. Cancer survivors in the complex
multimorbidity class demonstrated a complex pattern that
spanned cardiovascular, musculoskeletal, metabolic, and
pulmonary conditions, manifesting the age-related accumu-
lation of multimorbidity. Lack of marital support and poor
social determinants of health in this subgroup highlight the
need for extensive social support and healthcare resources
[10].

Regarding the association between LCA classes and
HRQL domains, the relatively healthy class was set as
the reference group, as nearly all women in this class had
fewer than two conditions, with 38% free of any comor-
bidity. The complex multimorbidity class were notably
older than those in other classes. Age-related differences
were considered because older age is associated with lower
HRQL and contributes significantly to many health condi-
tions included in our model. However, when comparing the

HRQL scores of members with age-specific, index wave-
specific medians, a substantial proportion still reported
scores below the norm, further supporting our findings. This
indicates the need for cancer survivorship care attention to
those who have multiple comorbidities, are elderly, and are
having difficulty managing income. Women in the arthritis
and osteoporosis class reported the second-lowest HRQL
scores in the general health, mental health, bodily pain, and
vitality domains. Osteoarthritis and rheumatoid arthritis, as
the leading comorbidities in this class, cause pain and stiff-
ness, limiting movement and deteriorating physical func-
tion. Having rheumatic disease was associated with worse
HRQL due to worsened pain perception, movement limita-
tion, thereby supporting our findings [38]. While the deficits
in HRQL in the hypertension and arthritis class were less
severe compared to more severe comorbidity classes, the
presence of both hypertension and arthritis were associated
with significant reductions in physical function and bodily
pain domains. The high prevalence of obesity in this group
raises concerns about its association with joint stress, car-
diovascular risk, and other long-term health outcomes [39].

Although the interclass differences were significant, the
latent classes were less strongly related to mental health
when compared to other domains. We suspect this is due
to the selection of our reference group, a relatively healthy
class from our LCA model. A growing body of evidence
suggests that mental health tends to improve with age, with
older adults often reporting lower levels of psychological
distress and greater emotional well-being than younger
individuals [40]. Simultaneously, results from our study
suggests that older people tend to experience more comor-
bidities. Therefore, the interplay between age, comorbidity,
and mental health may offset the variation across classes.
Comparisons made among cancer survivors may also con-
tribute to the seemingly reduced impact of comorbidity on
the mental health domain.

In addition, we found that difficulty in managing avail-
able income is a significant predictor, even after adjustment
in our regression model. Women who reported having dif-
ficulty or finding it almost impossible to manage available
income had significantly lower HRQL scores across all
domains, adjusting for latent classes and other demographic
variables. Behavioural factors, such as body mass index,
smoking status, and physical exercise, were not included
as adjustments in the regression model due to potential
bidirectional correlations between these factors and certain
HRQL domains [41, 42].

A key strength of our study is the use of data from a large
cohort with over 20 years of follow-up, spanning ages 45-50
to 68—73. The cohort broadly represents the general Austra-
lian women population in this age group, ensuring the gen-
eralizability of our findings to this population. We assessed
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HRQL using the well-validated SF-36 questionnaire, which
assess various HRQL domains [17, 43]. Most prior studies
examining the correlation between multimorbidity patterns
and HRQL have relied on non-model approaches, including
analysis of individual conditions, pairwise combinations,
comorbidity counts, or pre-determined comorbidity groups
[7, 40, 44, 45]. In recent years, researchers have employed
statistical modelling methods such as cluster analysis [46,
47], factor analysis [21], and LCA [48, 49]; however, none
have linked these classifications to HRQL. This study is the
first to apply LCA to examine the relationship between mul-
timorbidity patterns and HRQL in women cancer patients,
leveraging extensive longitudinal data. LCA surpasses
conventional clustering methods by using data-driven,
probability-based classifications that determine the optimal
number of classes through various diagnostic tests [13]. Our
study suggests that distinct multimorbidity patterns among
cancer survivors may capture differences in care needs and
mechanisms underlying variation in HRQL that are not
well represented by aggregate comorbidity measures. These
findings provide a basis for future work to evaluate whether
such patterns can be used to better target survivorship inter-
ventions and align follow-up care with patient need.

Our study has some limitations. First, the comorbidities
were ascertained from self-reported doctor-diagnosed con-
ditions. A previous study of this cohort found that partici-
pants tend to underreport or overreport their medical history,
depending on the condition, making it difficult to predict the
direction of bias [20]. Second, our study utilised comorbid-
ity information up to the survey wave, which occurred up
to three years after cancer diagnosis. Individuals who were
lost to follow-up due to deteriorating health may have been
excluded, introducing survivor bias that could have led to
an overestimation of overall HRQL, but also impact prev-
alence estimates for different classes. Response bias may
also lead to some subgroups with specific severe comor-
bidities being present in the general population but absent
from the study data. Furthermore, by limiting the observa-
tion period to three years post-diagnosis, potential long-
term interactions between cancer, anti-cancer treatments,
and the selected comorbid conditions were not captured.
Third, conditions included in our study were constrained by
the ALSWH survey design. Changes made in this survey
over time as the cohort progressed may lead to variation
in the comorbidity list across different survey waves. How-
ever, this may not affect the comorbidity patterns observed
in our study as all the predictors included were consistent
across the ALSWH survey, and the comparisons were made
between groups within the cohort, which are less prone to
bias than other analyses. Given the retrospective nature of
our variable, severity information cannot be incorporated in
our study either. Other limitations regarding the ALSWH

@ Springer

survey have been discussed elsewhere [14, 15, 20]. Fourth,
our study offers insights into comorbidity patterns among
women cancer survivors. However, the generalisability and
potential transferability of these findings require further
investigation. Finally, our study focused on all cancers com-
bined. We could not conduct cancer-type specific analysis as
LCA requires a sufficient sample size, which was not avail-
able for most cancer types included in the study. Addition-
ally, we could not account for cancer stage at diagnosis and
treatment modality (which are absent in our data) that may
confound HRQL research. Future studies could incorporate
these aspects and explore the clinical implications of our
findings related to comorbidity patterns and HRQL.

Conclusion

We identified five distinct comorbidity patterns among
women cancer survivors. The groups have distinct distribu-
tions in demographic and behavioural factors. HRQL dif-
fered significantly across women with different comorbidity
patterns. Most women were in the relatively health class,
with the highest levels of HRQL. Around 1 in 17 were in
the complex multimorbidity group and had the lowest scores
in all HRQL domains. The arthritis and osteoporosis group
also faced notable deficits in multiple domains, while the
respiratory conditions group had the second lowest physical
health scores. These findings emphasise positive outcomes
for most survivors and the need to consider comorbidity in
comprehensive and person-centred survivorship care plans
for women cancer survivors to support their HRQL.
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