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Abstract

Background: Traditional count-based measures of comorbidity are unlikely to capture the complexity of multiple chronic
conditions (multimorbidity) in older adults with cancer. We aimed to define patterns of multimorbidity and their impact in
older United States veterans with multiple myeloma (MM). Methods: We measured 66 chronic conditions in 5076 veterans
aged 65 years and older newly treated for MM in the national Veterans Affairs health-care system from 2004 to 2017. Latent
class analysis was used to identify patterns of multimorbidity among these conditions. These patterns were then assessed
for their association with overall survival, our primary outcome. Secondary outcomes included emergency department visits
and hospitalizations. Results: Five patterns of multimorbidity emerged from the latent class analysis, and survival varied
across these patterns (log-rank 2-sided P< .001). Older veterans with cardiovascular and metabolic disease (30.9%, hazard ra-
tio [HR] ¼ 1.33, 95% confidence interval [CI] ¼ 1.21 to 1.45), psychiatric and substance use disorders (9.7%, HR ¼ 1.58, 95% CI ¼
1.39 to 1.79), chronic lung disease (15.9%, HR ¼ 1.69, 95% CI ¼ 1.53 to 1.87), and multisystem impairment (13.8%, HR ¼ 2.25,
95% CI ¼ 2.03 to 2.50) had higher mortality compared with veterans with minimal comorbidity (29.7%, reference).
Associations with mortality were maintained after adjustment for sociodemographic variables, measures of disease risk, and
the count-based Charlson Comorbidity Index. Multimorbidity patterns were also associated with emergency department vis-
its and hospitalizations. Conclusions: Our findings demonstrate the need to move beyond count-based measures of comor-
bidity and consider cancer in the context of multiple chronic conditions.

Older adults make up the growing majority of patients newly diag-
nosed with cancer, expected to comprise 75% of all cancer survi-
vors by the year 2040 (1). This is especially true for multiple
myeloma (MM), where the median age at diagnosis is currently 69
years and increasing (2). Comorbidities have been traditionally
measured in oncology as either a simple function of the number
of comorbid conditions or a count-based index (3-6). These count-

based comorbidity measures have then been used as a covariate
for case-mix adjustment in trials and observational studies pri-
marily focused on the independent effects of a particular cancer
therapy or exposure (7). However, for older patients, comorbidities
such as advanced cardiovascular disease, neuropsychiatric disor-
ders, and multi-system diagnoses can each by themselves or col-
lectively pose a threat equal to their cancer (8-11).
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Accordingly, MM and its treatment must be considered in the
context of multiple other chronic conditions, where disease–dis-
ease, disease–drug, and drug–drug interactions can be prevalent
and hazardous (9). Count-based comorbidity measures do not cap-
ture how the particular combination or pattern of chronic condi-
tions may complicate one’s care (12-14). Novel methods of defining
and analyzing the complexity of multimorbidity in older adults
with MM would allow for more personalized treatment decision
making and supportive care interventions.

Older US veterans with MM are a prime example of a popula-
tion needing more relevant measures of multimorbidity. Older
veterans on average carry more chronic conditions and are even
more underrepresented in clinical trials than the general US
population (15,16). The objective of this study was to identify
and define patterns of multimorbidity in veterans aged 65 years
and older newly treated for MM in the national Veterans Affairs
(VA) health-care system from 2003 to 2017. Moreover, we
wished to assess the impact of these multimorbidity patterns
on survival, unplanned hospitalizations, and emergency depart-
ment (ED) visits. We hypothesized that older veterans have a
number of distinct patterns of multimorbidity that affect out-
comes. We further hypothesized that these multimorbidity pat-
terns predict mortality beyond the Charlson Comorbidity Index,
a widely used count-based comorbidity measure (17).

Methods

Data Source and Population

We designed a retrospective cohort study analyzing data col-
lected from the VA Corporate Data Warehouse (CDW), which
collects clinical, billing, and electronic health record informa-
tion from veterans treated at VA facilities nationwide (18). To
capture chronic conditions managed outside the VA, we linked
the VA CDW with data from Centers for Medicare and Medicaid
Services (CMS) (19). We selected for veterans newly treated for
MM throughout the VA (see the Supplementary Methods, avail-
able online for our selection criteria). Treatments included he-
matopoietic stem cell transplant or medical therapy (any class
of medical therapy for MM, including proteasome inhibitors,
immune-modifying drugs, and chemotherapy).

This study was approved by the VA Boston Healthcare
System Institutional Review Board.

Measurement of Chronic Conditions and Covariates

To measure chronic conditions in our population, we used the
CMS Chronic Conditions Data Warehouse, which includes 66
chronic conditions that are tracked in administrative claims
data with International Classification of Diseases (ICD)-9 and
ICD-10 diagnostic and procedural codes (Supplementary Table
1, available online) (20). We used the lists of conditions that
were present in the February 2, 2019, revision, with a few modi-
fications (Supplementary Methods; Supplementary Table 2,
available online). As a comparative comorbidity measure based
on comorbidity count, we calculated the Charlson Comorbidity
Index using the R comorbidity package based on ICD codes in
the 3 years before index date (17,21).

Covariates were extracted from the VA CDW and included
the sociodemographic variables age at initiation of treatment,
sex, race, and income. Laboratory data related to myeloma stage
and prognosis were measured in a time period starting 90 days
before the index date, with the latest value being used.

Myeloma stage was measured using the Myeloma International
Staging System (22) based on serum albumin and beta-2 micro-
globulin. Calcium, creatinine, hemoglobin, and platelet levels
were also measured using prespecified cutoffs validated in the
literature (23). Specific myeloma therapies were measured at
time of treatment initiation, defined as the first 90 days after
the index date, and over the patient’s lifetime. Among these
therapies, we classified novel therapy as any proteasome inhib-
itor (bortezomib, carfilzomib, or ixazomib) or immunomodula-
tory agent (thalidomide, lenalidomide, or pomalidomide).

Outcomes

Our primary outcome was overall survival, measured using
death data in the VA CDW. Our secondary outcomes were ED
visits and unplanned hospitalizations (admissions not pre-
scheduled, eg, for elective surgery) within the VA health-care
system, measured from the CDW. Veterans were followed until
their last record in CDW or end of the study period (after which
they were censored).

Statistical Analysis

Defining Patterns of Multimorbidity. To define patterns of multi-
morbidity present at the initiation of myeloma treatment, latent
class analysis (LCA) was performed using the chronic conditions
from the CCW measured in the entire population consisting of
both transplant-eligible and -ineligible veterans. In brief, LCA is a
data-driven method that identifies latent classes, in our case
multimorbidity patterns, that best explain observed data, in our
case chronic conditions (24,25). Similar to a prior analysis using
LCA to define multimorbidity patterns in a general population of
older adults (10), we examined 4 to 7 classes, choosing the final
number of classes based on model fit (Bayesian information crite-
rion) and clinical meaningfulness as assessed jointly by licensed
geriatricians C.D. and D.K. We used the R poLCA package to fit
LCA model (26). After obtaining a final model fit, each participant
was assigned to a multimorbidity pattern based on the highest
probability of class membership (Supplementary Methods, avail-
able online).

Analyzing the Impact of Multimorbidity on Mortality and Care
Utilization. To minimize unmeasured confounding across
patients who are eligible and ineligible for transplants, we re-
stricted analyses of our outcomes to veterans who received
medical myeloma therapy only. Kaplan-Meier analyses and log-
rank tests were used to determine whether time to death, time
to ED visit, and time to hospitalization varied across multimor-
bidity patterns. To assess for an independent association be-
tween multimorbidity patterns and outcomes, Cox proportional
hazards regression models were used to estimate hazard ratios
(HRs) for mortality, ED visits, and hospitalizations adjusting for
age and other sociodemographic, myeloma stage, and labora-
tory covariates. The proportional hazards assumption was
assessed graphically and with Schoenfeld residuals. There was
no evidence that the assumption was violated. Multiple imputa-
tion using chained equations as implemented in the R MICE
package was used to impute any baseline missingness in cova-
riates from available baseline data (27,28). Analyses of outcomes
were run on the imputed dataset, followed by a complete case
analysis as a sensitivity analysis. As a secondary analysis to as-
sess for the ability of multimorbidity patterns to predict our out-
comes beyond a count-based comorbidity measure, separate
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fully adjusted models using the imputed dataset were addition-
ally adjusted for the Charlson Index. In other fully adjusted
models, we further tested for interactions between each pattern
and age. All statistical tests were 2-sided, and a P value less
than .05 was considered statistically significant. All analyses
were performed using R 3.6.0 (R Foundation for Statistical
Computing, Vienna, Austria). In reporting this study, we fol-
lowed the guidelines put forth by the Strengthening the
Reporting of Observational Studies in Epidemiology Statement
(29).

Results

Study Population

Figure 1 displays the selection of our study population within
the VA CDW. We conducted the LCA to define patterns of

multimorbidity in 5076 veterans newly treated in VA with either
chemotherapy or transplant. After excluding transplant, we an-
alyzed the impact of multimorbidity patterns on outcomes in
4924 veterans treated with medical therapies.

Multimorbidity Patterns at Treatment Initiation

From the LCA, 5 multimorbidity patterns yielded the optimal
balance between model fit and clinical meaningfulness.
Increases in model fit were negligible with increasing the num-
ber of classes beyond 5 (Supplementary Figure 1, available on-
line). The final model classified the majority of individuals in
their respective patterns with a probability greater than or equal
to 75% (Supplementary Table 3, available online).
Supplementary Figure 2 (available online) is a heat map display-
ing the probabilities of each condition being present conditional
on a veteran being assigned to each multimorbidity pattern,

Figure 1. Flow diagram showing inclusion of study population of veterans aged 65 years and older, with multiple myeloma (MM) newly treated in Veterans Affairs (VA).

ICD ¼ International Classification of Diseases.
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and Table 1 displays the 5 multimorbidity patterns and their de-
fining and prevalent conditions.

The first pattern (n¼ 1507, 29.7%) consisted of veterans who
carried minimal comorbidity beyond their myeloma diagnosis,
including hypertension, hyperlipidemia, arthritis, and cataracts.
The second pattern (n¼ 1568, 30.9%) consisted of veterans with
cardiovascular and metabolic diseases, including diabetes, is-
chemic heart disease, and chronic kidney disease. The third
pattern (n¼ 494, 9.7%) consisted of veterans with psychiatric
and substance use disorders, including mood disorders, chronic
pain, drug (eg, opioid) use disorders, and alcohol use disorder.
The fourth pattern (n¼ 805, 15.9%) consisted of veterans with
chronic lung disease, including chronic obstructive pulmonary
disease (COPD) and tobacco use disorder. Finally, the fifth pat-
tern (n¼ 702, 13.8%) consisted of veterans with multisystem im-
pairment, including cardiovascular disease (ischemic heart
disease, heart failure, atrial fibrillation), lung disease (COPD),
psychiatric disorders, and sensory impairments. All patterns
had high prevalence of anemia (55.1%-91.2%). The complete dis-
tribution of chronic conditions by multimorbidity pattern is
shown in Supplementary Table 4 (available online).

Table 2 displays the baseline characteristics of our popula-
tion by multimorbidity pattern (with additional characteristics
in Supplementary Table 5, available online). The majority of
the population was male (98.6%). Compared with veterans
with minimal comorbidity, veterans with multisystem impair-
ment tended to be older (median age of 76.5 years vs 74.8 years)
and carry a greater median number of comorbidities (15 vs 9).
Mean income was lowest among veterans with psychiatric and
substance use disorders ($33 529.48). Although there were min-
imal differences in the receipt of novel myeloma therapy
across multimorbidity patterns (92.9% of all veterans received
some form of novel therapy in their lifetime), veterans with
multisystem impairment were the least likely to receive both
lenalidomide and bortezomib during their induction treatment
(8.3% vs 15.5%, respectively, in veterans with minimal
comorbidity).

Multimorbidity Patterns and Mortality

Median follow-up was 2.46 years (interquartile range ¼ 1.18-
4.29 years), and 3614 veterans (73.4%) died during the study pe-
riod. Survival varied across multimorbidity patterns (log-rank
test P< .001; Figure 2), with veterans with minimal comorbidity
demonstrating the best survival (median survival ¼ 3.87 years,
95% confidence interval [CI] ¼ 3.61 to 4.11 years) and veterans
with multisystem impairment demonstrating the worse sur-
vival (median survival ¼ 1.56 years, 95% CI ¼ 1.39 to 1.81 years).
Veterans with cardiovascular and metabolic diseases (median
survival ¼ 2.98 years, 95% CI ¼ 2.82 to 3.15 years), psychiatric
and substance use disorders (median survival ¼ 2.67 years, 95%
CI ¼ 2.39 to 3.03 years), and chronic lung disease (median sur-
vival ¼ 2.45 years, 95% CI ¼ 2.22 to 2.78 years) also demonstrated
worse survival than veterans with minimal comorbidity.

In univariate Cox regression models, veterans with cardio-
vascular and metabolic diseases (HR ¼ 1.33, 95% CI ¼ 1.21 to
1.45), psychiatric and substance use disorders (HR ¼ 1.58, 95% CI
¼ 1.39 to 1.79), chronic lung disease (HR ¼ 1.69, 95% CI ¼ 1.53 to
1.87), and multisystem impairment (HR ¼ 2.25, 95% CI ¼ 2.03 to
2.50) all had a higher hazard of death compared with veterans
with minimal comorbidity. In multivariable Cox regression,
associations with mortality were maintained after adjustment
for baseline sociodemographic variables, Myeloma
International Staging System, and prognostic laboratory studies
(Table 3). The complete case analysis was similar
(Supplementary Table 6, available online). In our secondary
analysis, associations between multimorbidity patterns and
mortality were maintained after further adjustment for the
Charlson Index (Table 3). In our interaction analyses, the
chronic lung disease pattern interacted with age in its effect on
mortality (chronic lung disease � age HR ¼ 0.98, 95% CI ¼ 0.96 to
0.99), suggesting that increasing age had slightly less impact on
hazard of death in veterans with chronic lung disease compared
with veterans with minimal comorbidity. No other patterns
interacted with age.

Table 1. Multimorbidity patterns and their defining and prevalent conditions among 5076 veterans with MM newly treated in Veterans Affairs

Characteristic
Minimal comorbidity

(n¼ 1507)
Cardiovascular and
metabolic (n¼ 1568)

Psychiatric and sub-
stance use (n¼ 494)

Chronic lung disease
(n¼ 805)

Multisystem impair-
ment (n¼ 702)

Median No. of
chronic conditions
(IQR)

6.00 (4.00-7.00) 10.00 (8.00-11.00) 11.00 (10.00-13.00) 10.00 (9.00-12.00) 15.00 (14.00-17.00)

Defining and preva-
lent conditions in
each pattern

Hypertension (71.5%)
Hyperlipidemia (59.1%)

Arthritis
(39.8%)

Diabetes
(59.4%)

Hyperlipidemia
(87.7%)

Ischemic heart dis-
ease (54.0%)

Chronic kidney dis-
ease (61.7%)
Cataracts

(74.0%)

Mood disordersa

(93.5%)
Bipolar disorder

(24.3%)
Fibromyalgia,

chronic pain, and
fatigue (37.9%)

Alcohol use disorder
(43.3%)

Drug use disordersb

(25.5%)
Dementia

(18.6%)

COPD and
bronchiectasis

(100.0%)
Asthma
(17.1%)

Tobacco
(28.1%)

HIV
(42.1%)

Ischemic heart dis-
ease (86.6%)

Heart failure (73.8%)
Atrial fibrillation

(44.3%)
Mood disorders

(56.7%)
COPD and bronchiec-

tasis (71.2%)
Chronic kidney dis-

ease (81.8%)

aMood disorders include Centers for Medicare and Medicaid Chronic Condition Data Warehouse categories anxiety disorders, depression, depressive disorders, and

posttraumatic stress disorder. COPD ¼ chronic obstructive pulmonary disease; HIV ¼ human immunodeficiency virus; IQR ¼ interquartile range; MM ¼ multiple

myeloma.
bDrug use disorders includes drug use disorders and opioid use disorder.
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Figure 2. Kaplan-Meier curves demonstrating overall survival by multimorbidity pattern in older transplant-ineligible veterans newly treated for multiple myeloma in

Veterans Affairs. Survival varied across patterns (log-rank 2-sided P< .001). Shaded areas around solid curves represent 95% confidence intervals. Dashed lines repre-

sent median survival for each multimorbidity class, as follows: minimal comorbidity ¼ 3.87 years, diabetes and complications ¼ 2.98 years, psychiatric and substance

use disorders ¼ 2.67 years, chronic lung disease ¼ 2.45 years, and multisystem impairment ¼ 1.56 years.

Table 3. Multivariable Cox proportional hazards regression models estimating effect of multimorbidity patterns on overall mortality, hospital-
izations, and ED visitsa

Multimorbidity pattern Mortality HR (95% CI) ED visit HR (95% CI) Hospitalization HR (95% CI)

Primary analysis
Minimal comorbidity Reference Reference Reference
Cardiovascular and metabolic 1.16 (1.06 to 1.26) 1.22 (1.11 to 1.34) 1.17 (1.07 to 1.29)
Psychiatric and substance use disorders 1.62 (1.42 to 1.84) 1.67 (1.47 to 1.90) 1.52 (1.34 to 1.73)
Chronic lung disease 1.52 (1.37 to 1.68) 1.28 (1.15 to 1.44) 1.44 (1.29 to 1.61)
Multisystem impairment 1.89 (1.70 to 2.11) 1.62 (1.44 to 1.82) 1.55 (1.38 to 1.74)

Secondary analysis, further adjusting for Charlson Index
Minimal comorbidity Reference Reference Reference
Cardiovascular and metabolic 1.02 (0.93 to 1.13) 0.94 (0.85 to 1.04) 0.92 (0.84 to 1.02)
Psychiatric and substance use disorders 1.42 (1.24 to 1.63) 1.26 (1.10 to 1.45) 1.17 (1.03 to 1.34)
Chronic lung disease 1.32 (1.18 to 1.47) 0.95 (0.84 to 1.08) 1.11 (0.99 to 1.25)
Multisystem impairment 1.39 (1.21 to 1.59) 0.87 (0.76 to 1.02) 0.88 (0.76 to 1.01)

aAll analyses were on imputed data. For our primary analysis, models were adjusted for all covariates, including age at MM diagnosis, sex, race, income, ISS stage, cal-

cium greater than or equal to 11 mg/dL, creatinine greater than 2 mg/dL, hemoglobin less than 10 g/dL, and platelet less than 150 000/microL. For our secondary analy-

sis, models were further adjusted for the Charlson Index. CI ¼ confidence interval; ED ¼ emergency department; HR ¼ hazard ratio; International Staging System; MM

¼multiple myeloma.
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Multimorbidity Patterns and Care Utilization

ED visits and hospitalizations varied across multimorbidity pat-
terns (log-rank P value for both outcomes < .001; Figures 3 and
4). Compared with veterans with minimal comorbidity, veterans
with cardiovascular and metabolic diseases, psychiatric and
substance use disorders, chronic lung disease, and multisystem
impairment all had a higher hazard of ED visits and hospitaliza-
tions; these associations held after adjustment for all covariates
(Table 3). Complete case analyses were similar (Supplementary
Table 6, available online). In our secondary analysis, only the
psychiatric and substance use pattern maintained its associa-
tion with ED visits and hospitalizations after further adjustment
for the Charlson Index (Table 3).

Discussion

We used a novel method to define multimorbidity in older
adults with cancer, identifying 5 distinct patterns of multimor-
bidity among US veterans age 65 years and older newly treated
for MM. Older veterans with cardiovascular and metabolic

diseases, psychiatric and substance use disorders, chronic lung
disease, and multisystem impairment demonstrated higher
mortality and care use compared with older veterans with mini-
mal comorbidity. Associations with mortality were independent
of sociodemographic variables and measures of disease risk,
and were observed even after adjustment for the traditional
count-based measure of comorbidity in the Charlson Index. Our
findings highlight that in many older patients with MM, progno-
sis and treatment of cancer must not be considered in isolation
but rather in the context of their multiple chronic conditions.
Considering the nature or pattern of these chronic conditions
rather than merely their number better captures the complexity
of multimorbidity.

Health policymakers, national research organizations such
as the National Cancer Institute, and the World Health
Organization have prioritized research into novel methods of
analyzing multimorbidity that fully harness the multitude of
data available in electronic health record systems (30-33). Our
study aligned with this goal, applying a data-driven approach to
administrative and electronic health record data in the nation-
ally integrated VA health-care system. Other approaches to

Figure 3. Kaplan-Meier curves demonstrating time to first emergency department (ED) visit by multimorbidity pattern in older transplant-ineligible veterans newly

treated for multiple myeloma in Veterans Affairs. Time to first ED visit varied across patterns (log-rank 2-sided P< .001). Shaded areas around solid curves represent

95% confidence intervals. Dashed lines represent median time to first ED visit for each multimorbidity class, as follows: minimal comorbidity ¼ 2.13 years, diabetes and

complications ¼ 1.17 years, chronic lung disease ¼ 1.10 years, multisystem impairment ¼ 0.59 years, and psychiatric and substance use disorders ¼ 0.56 years.
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defining and analyzing multimorbidity exist, each with
strengths and limitations (34). A widely accepted definition
identifies it as the presence of 2 or more chronic conditions (34),
but this definition is nonspecific and classifies 70% or greater of
older adults as multimorbid in certain populations (35). Other
definitions focus on measuring prespecified clusters or patterns
of 2 or more chronic conditions, such as dyads or triads of hy-
perlipidemia, hypertension, and cardiovascular disease (15).
Finally, empirical data-driven approaches such as the LCA used
in our study allow for examination of how patterns of chronic
conditions arise nonrandomly, due to either a shared underly-
ing mechanism or ability to predict outcomes such as survival,
function, and quality of life (9,10,15,36-39). For these reasons,
LCA has been similarly applied to patient-reported measures
and other data, for example, to reveal distinct clusters of symp-
toms in patients with cancer (40,41).

In our cohort of veterans with MM, we found multimorbidity
patterns similar to those found in other populations of older
adults (9,10). In the cardiovascular and metabolic pattern, for
example, the clustering of diabetes, microvascular complica-
tions such as nephropathy and neuropathy, and macrovascular
complications such as ischemic heart disease likely reflects the
common pathophysiology of the metabolic syndrome prevalent

in the United States and other high-income countries (42,43).
The pattern of psychiatric and substance use disorders likely
reflects in veterans the high rates of traumatic brain injury,
posttraumatic stress disorder, and depression, all of which con-
tribute to higher risk of comorbid mood disorders, alcoholism,
and opioid use disorders (44-46). The increasing prevalence of
Vietnam veterans aged 65 years and older, who are particularly
at risk of these conditions, makes recognition of this pattern es-
pecially important (47).

The higher rates of death, ED use, and hospitalizations in
older veterans with MM who had cardiovascular and metabolic
diseases, psychiatric and substance use disorders, chronic
lung disease, and multisystem impairment not only demon-
strate the predictive validity of these distinct multimorbidity
patterns but also call for further investigation into their dis-
tinct mechanisms of adverse outcomes. It is known that im-
munomodulatory MM agents elevate the risk of thrombosis
and that proteasome inhibitors confer a higher risk of nerve
damage; these drugs are used with caution in patients with
preexisting cardiovascular disease and neuropathy (48).
However, little is known how MM and its treatments interact
with multiple psychiatric conditions, chronic lung disease, or
the presence of multisystem diagnoses.

Figure 4. Kaplan-Meier curves demonstrating time to first unplanned hospitalization by multimorbidity pattern in older transplant-ineligible veterans newly treated

for multiple myeloma in Veterans Affairs. Time to first hospitalization varied across patterns (log-rank 2-sided P< .001). Shaded areas around solid curves represent

95% confidence intervals. Dashed lines represent median time to first hospitalization for each multimorbidity class, as follows: minimal comorbidity ¼ 2.06 years, dia-

betes and complications ¼ 1.21 years, chronic lung disease ¼ 0.83 years, psychiatric and substance use disorders ¼ 0.72 years, and multisystem impairment ¼
0.61 years.
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Veterans with depression, posttraumatic stress disorder,
and substance use disorders could have any one of these condi-
tions exacerbated by the stress of their MM and its treatment,
potentially leading to treatment discontinuations (and thus dis-
ease progression) and reduced physical and social quality of life
(49). Moreover, veterans with COPD have a higher risk of pulmo-
nary toxicity related to their myeloma treatments (50). Lastly,
veterans with multisystem impairment not only carry multi-
ple life-limiting conditions that present competing risks in
and of themselves but also present with potential disease–dis-
ease, disease–drug, and drug–drug interactions with MM that
endanger their care (51). Further investigation is warranted to
determine the specific mediators of adverse outcomes within
each pattern of multimorbidity (48). As prior evidence sug-
gests, interventions targeting mediators or functional difficul-
ties associated with specific conditions hold the most promise
in improving outcomes in older adults with multimorbidity
(52).

There are limitations to our study. Our criteria used to in-
clude veterans newly treated for MM within the VA introduce
immortal time bias by excluding veterans who are diagnosed
with MM but not treated. However, most patients with newly
diagnosed MM are indicated for immediate treatment (48).
Moreover, many veterans receive prior treatment or part of
their current treatment outside VA (53), risking misclassifica-
tion if they are selected based on diagnostic codes alone. Our
algorithm, which combines diagnostic and treatment codes
and uses CMS data to exclude external treatments, minimizes
this greater threat to our study’s internal validity. Second, our
results are potentially subject to residual confounding by the
absence of MM cytogenetics. Third, we did not measure
frailty, a construct related to but distinct from multimorbidity
(54). Finally, although LCA can assign an individual to a par-
ticular pattern of multimorbidity, it does not identify all of
the comorbidities present within that individual.

In conclusion, we identified patterns of multimorbidity in
older veterans with MM that affected outcomes beyond a count-
based comorbidity index. Future research should elucidate the
mechanisms by which these multimorbidity patterns lead to
worse outcomes. Moreover, future work should compare pat-
terns of multimorbidity that arise in other malignancies as well
as patterns that arise in other, nonveteran populations. If this
approach is validated, then tools should be developed to assist
oncologists at the point of care with identifying patterns of mul-
timorbidity and the specific comorbidities within each patient.
Such efforts will advance our understanding of how cancer and
its treatment interact with an older adult’s multiple chronic
conditions, moving beyond the concept of count-based comor-
bidity toward more individualized prognosis and decision
making.
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