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Objective: To evaluate chronic conditions as leading predictors of economic burden over time among older adults with incident 
primary Merkel Cell Carcinoma (MCC) using machine learning methods.
Methods: We used a retrospective cohort of older adults (age ≥ 67 years) diagnosed with MCC between 2009 and 2019. For these 
elderly MCC patients, we derived three phases (pre-diagnosis, during-treatment, and post-treatment) anchored around cancer diagnosis 
date. All three phases had 12 months baseline and 12-months follow-up periods. Chronic conditions were identified in baseline and 
follow-up periods, whereas annual total and out-of-pocket (OOP) healthcare expenditures were measured during the 12-month follow- 
up. XGBoost regression models and SHapley Additive exPlanations (SHAP) methods were used to identify leading predictors and 
their associations with economic burden.
Results: Congestive heart failure (CHF), chronic kidney disease (CKD) and depression had the highest average incremental total 
expenditures during pre-diagnosis, treatment, and post-treatment phases, respectively ($25,004, $24,221, and $16,277 (CHF); $22,524, 
$19,350, $20,556 (CKD); and $21,645, $22,055, $18,350 (depression)), whereas the average incremental OOP expenditures during the 
same periods were $3703, $3,013, $2,442 (CHF); $2,457, $2,518, $2,914 (CKD); and $3,278, $2,322, $2,783 (depression). Except for 
hypertension and HIV, all chronic conditions had higher expenditures compared to those without the chronic conditions. Predictive 
models across each of phases of care indicated that CHF, CKD, and heart diseases were among the top 10 leading predictors; however, 
their feature importance ranking declined over time. Although depression was one of the leading drivers of expenditures in unadjusted 
descriptive models, it was not among the top 10 predictors.
Conclusion: Among older adults with MCC, cardiac and renal conditions were the leading drivers of total expenditures and OOP 
expenditures. Our findings suggest that managing cardiac and renal conditions may be important for cost containment efforts.
Keywords: Merkel cell carcinoma, healthcare expenditures, chronic conditions, XGBoost, SHAP, SEER-Medicare

Introduction
Merkel cell carcinoma (MCC) is a rare and aggressive neuroendocrine skin cancer that predominantly affects older 
adults, with a higher incidence in non-Hispanic White males, individuals with immunosuppression, and those with 
extensive sun exposure.1 The disease often presents as a rapidly growing, pink-red nodule on sun-exposed areas, such as 
the head and neck, upper limbs, or trunk.1 Prognosis for MCC is generally poor due to its high propensity for early 
metastasis and recurrence; the 5-year survival rate is around 51% for localized disease, with a significant drop at 
advanced stages.2,3 Treatment options for MCC vary based on the stage at diagnosis. Surgical excision with or without 
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radiotherapy is the standard approach for localized cases, although recurrence rates remain high.2 For advanced or 
metastatic MCC, immune checkpoint inhibitors (ICIs), such as pembrolizumab and nivolumab, have shown promising 
results in improving outcomes, offering significant survival benefits compared to traditional chemotherapy, which is 
associated with high toxicity and limited duration of response.2,3

In the United States, cancer imposes a significant financial burden on patients, families, payers, and society.4 As the 
number of cancer survivors grow each year due to the changing treatment landscape and subsequent improvements in 
survival, cancer survivors continue to consume healthcare resources for cancer survivorship care.5 In 2010, the national 
estimate of cancer costs in the United States was $158 billion; in 2018, they soared to $183 billion, and are projected to 
be $245 billion by 2030.6,7

As the cancer treatment landscape is becoming costly, a greater portion of cancer and survivorship care is shifting to the 
patient, resulting in a significant financial burden for many cancer patients in the US. Immunotherapy became the treatment of 
choice for advanced MCC.8 However, a recent study found that total costs, driven by pharmacy costs, were higher for ICIs 
compared to chemotherapy, while other departmental costs were similar for both ICIs and chemotherapy.9 It is estimated that 
22–64% of patients report financial struggles following a cancer diagnosis.6 After all, the national patient economic burden of 
cancer care is estimated at $21.09 billion in the United States and includes $16.22 billion in out-of-pocket (OOP) and 
$4.87 billion in patient indirect expenditures (patient out-of-pocket and time costs).10 Adult patients and caregivers spent on 
average $180 and $2,600 per month, and about 42% to 16% of their annual income on OOP expenses, respectively.11

With the over 200 types of cancer, there is no “one-size-fits all” approach to cancer management,12 and thus the 
economic burden can vary by cancer type, cancer stage, and phase of cancer.11,13,14 However, many studies included in 
a recent review have focused on the highly prevalent breast, colorectal, lung, and prostate cancers.15 Studies on MCC, 
a rare and aggressive form of non-melanoma skin cancer, diagnosed in the elderly are limited.2,16,17 The investigation of 
the economic burden of MCC has largely focused on cost of treatment among advanced stages. Total annual average 
healthcare expenditures per patient were $56,124 for surgery (SRx) only, $93,830 for radiotherapy (RTx) only, and 
$154,506 for chemotherapy (CTx) only.18 Total annual healthcare costs based on poly-therapeutic regimens including 
RTx and SRx only averaged $104,980, whereas regimens with SRx, RTx, and CTx only averaged $134,730.18 Moreover, 
with the improvement in 5-year overall survival rates of MCC as a result of novel therapies (~80% in local stages; >50% 
in regional stages; ~40% in distant stages),19 the cost may continue to increase beyond the initial treatment.

Furthermore, the cost of care for elderly MCC patients is driven primarily by age, and comorbidities.12,20 Older adults 
make up 62% of the overall cancer survivor population. In this population, moderate physical comorbidities range from 13% 
to 72.9%, whereas severe comorbidities range from 2.5% to 68.2%.21 These comorbidities affect cancer care as older cancer 
patients are less likely to be offered curative treatment and instead are administered less vigorous and nonstandard treatment.21 

In cancer survivors with chronic conditions – often labeled as “super patients”20, comorbidities affect the cancer stage in an 
unknown manner.22 An acute cancer diagnosis with an underlying chronic conditions creates unforeseen treatment complica-
tions and competing healthcare demands in terms of negotiating silos across medical management teams.23

Evaluating the impact of chronic conditions on healthcare expenditures among elderly MCC patients is important for 
several reasons. Policy efforts such as the introduction of value-based care model (a care model aiming to improve health 
outcomes achieved per dollar spent)24 by the Centers of Medicare and Medicaid Services have aimed at improving care 
coordination25 and by extent mitigate the high costs of cancer care. Furthermore, a major federal policy has been the 
institution of accountable care organizations (ACO) to control rising costs, and these organizations need risk adjustments 
to determine expenditure benchmarks for shared savings from Medicare. Studies that provide information on cost of 
cancer per beneficiary during various phases are important for such risk adjustment. Furthermore, in the literature, 
expenditures comparison typically includes the initial phase of care (first year of diagnosis), the end-of-life phase, and the 
maintenance phase (between the initial and end-of-life phase). Thus, a difference in expenditure predictors in the short 
term would be more informative of their immediate burden. Therefore, the primary objective of the study is to estimate 
healthcare expenditures associated with chronic conditions and evaluate whether chronic conditions continue to influence 
total and OOP healthcare expenditures over three phases of cancer care (pre-diagnosis, during-treatment, and post- 
treatment) among older adults with incident MCC.
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Methods
Study Design
This study employed a retrospective cohort study of older adults (≥67 years at incident MCC diagnosis date) identified 
using the International Classification of Diseases for Oncology, 3rd Edition histologic (ICD-O-3[8247]) and behavior 
(ICD-O-3[3]) codes in the Surveillance, Epidemiology, and End Results (SEER) registry.

Data Sources
This study used the SEER-Medicare database, which is a private database acquired from the division of Cancer Control 
and Population Sciences of the National Cancer Institute in the United States. The West Virginia University Institutional 
Review Board (IRB) approval was obtained (#2203549606). Patient consent was not deemed necessary by the IRB.

SEER-Medicare data combine the following databases: 1) 18 registries pooled into the Surveillance, Epidemiology, 
and End Results (SEER) registry; 2) Enrollment files from Medicare; 3) Medicare service claims; and 4) zip code census 
data for Medicare beneficiaries of interest. We further augmented the dataset with county-level area health resource files 
(AHRF), and County Health Ranking data (CHRF) by linking with county identifiers available in SEER-Medicare. The 
SEER registry records cancer site, stage, diagnosis date, vital status, and cause of death for residents in its catchment 
areas. Medicare enrollment files include demographic data, coverage details (Parts A, B, D, Medicare Advantage, and 
dual Medicaid/Medicare). Medicare claims data cover diagnosis, treatment, and payments, including hospital care, 
physician services, durable medical equipment, hospice, and home health care. Part D prescription drug event data 
track payments and dates for oral prescription drugs.

Cancer data obtained from the SEER registry were cross-referenced with Medicare claims, employing encrypted 
patient identifiers. Socioeconomic indicators at the zip code level, such as income and educational attainment, were 
supplied by SEER and subsequently harmonized with individual patient records utilizing the zip codes of residence 
derived from Medicare claims. County and regional data from the Area Health Resources File (AHRF) and the County 
Health Rankings and Roadmaps File (CHRF) were linked to the SEER-Medicare dataset via Federal Information 
Processing Standards (FIPS) state and county codes. The AHRF provides comprehensive county-level information 
encompassing healthcare infrastructure, healthcare workforce, resource availability, health status, economic activities, 
health education programs, and socioeconomic characteristics. In contrast, the CHRF delivers county-level insights into 
health-related behaviors, clinical care, societal and economic determinants, as well as the physical environment.

Study Period
The observation period spanned from 2007 through 2019 for incident MCC diagnosed between 2009 and 2017. The 
availability of Medicare Part D in 2007 influenced this decision. Using the diagnosis date as an anchor point, we defined 
the following four time points as shown in Figure 1: 24 months before diagnosis (pre-diagnosis), 12 months before 

Figure 1 Study Design, Linked SEER Cancer Registry and Medicare Claims files, Elderly Medicare Beneficiaries with Incident Merkel Cell Carcinoma, 2009–2017.
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diagnosis, 12 months after diagnosis (during-treatment), and 24 months after diagnosis (post-treatment). We selected 
three different phases of two years each, where we longitudinally followed MCC beneficiaries (based on continuous 
Medicare enrollment). The three study phases, namely pre-diagnosis, during-treatment, and post-treatment included 
1,742, 1,466, and 1,221 elderly MCC patients who met our inclusion criteria. Across all phases, 1,029 beneficiaries met 
all the inclusion criteria.

Each phase had baseline and follow-up periods. The pre-diagnosis phase contained 24 months before cancer 
diagnosis with 12 months baseline and 12 months follow-up. The treatment phase consisted of 12 months before 
cancer diagnosis and 12 months following cancer diagnosis (henceforth referred as during-treatment). The post 
treatment phase contained 24 months following diagnosis, with 12 months baseline and 12 months follow-up. As 
we sought to include patients enrolled in Medicare Part D (starting availability in 2007) at least 24 months before 
diagnosis, we selected incident primary MCC diagnosed between 2009 and 2017. The first year of each phase was 
defined as the baseline period and the second year as the follow-up period. Healthcare expenditures were calculated 
during the follow-up periods for all cohort. Demographics, census tract, AHRF and CHRF characteristics were 
collected at baseline. Treatment and presence of chronic conditions were identified at baseline and follow-up periods. 
We used a 12-months baseline and follow-up periods for several reasons: 1) to reasonably capture comorbid 
conditions; 2) define the baseline period near the measurement of outcomes (expenditures), and 3) to minimize 
attrition due to longer baseline and follow-up periods, and 4) to measure follow-up period expenditures to support 
policy decisions, which typically require annual financial estimates.

Study Cohort: Inclusion and Exclusion Criteria
Medicare beneficiaries aged 67 years or older at the index date, who had a confirmed diagnosis of MCC prior to this date, 
were subject to the following inclusion criteria: 1) a primary incident diagnosis of MCC; 2) uninterrupted enrollment in 
Medicare Parts A, B, and D throughout the study period; and 3) no enrollment in health maintenance organizations 
(HMOs) at any point during the study period. Patients with prior cancer diagnoses, as well as those diagnosed solely 
through death certificates or autopsy findings, were excluded from the study. The cohort attrition flow diagram for all 
three study phases is shown in Figure 2. For pre-diagnosis, during-treatment and post-treatment, the final study cohort 
consisted, respectively, of 1,742, 1,466, and 1,221 incident primary MCC cases.

Figure 2 Inclusion and Exclusion Criteria, Elderly Medicare Beneficiaries with Merkel Cell Carcinoma, Linked SEER Cancer Registry and Medicare Claims files, 2009–2017.
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Measures
Dependent or Target Variables
Total Healthcare Expenditures (Medicare Payments)
Total annual healthcare expenditures comprised Medicare payments for inpatient, carrier, outpatient, durable medical 
equipment, prescription drugs, and home health agency services. All expenditures were estimated at follow-up for each 
cohort. Medical services prices published by the Bureau of Labor Statistics were used to adjust all expenditures to 2019 
constant dollars.26 Total healthcare expenditures were log-transformed using a natural logarithm to reduce the spread of 
the distribution.

Out-of-Pocket Expenditures (Patient Responsibility)
Total annual OOP included payments made by the patients or their families. These included patient deductible, 
coinsurance, and copay amounts as per the methodology recommended by ResDAC.27 Patient payments for inpatient, 
carrier, outpatient, prescription drug, and durable medical equipment services were aggregated. All OOP expenditures 
were converted to real dollars using the medical services index and expressed in 2019 USD. OOP were log-transformed 
using a natural logarithm to reduce the spread of the distribution.

Independent Variable or Predictors
To understand the factors associated with total healthcare and total OOP expenditures among incident primary elderly 
MCC patients, we used the determinants of health model.28

This framework explores various determinants of healthcare expenses, including biological (sex and age), socio-
economic (race, marital status, census-level education, income, and poverty), and access-related factors (insurance cover-
age, pain specialist visits, fragmentation of care). The fragmentation of care index (FCI) was derived using a modified 
version of the Bice-Boxerman continuity of care index.29,30 Care fragmentation represents the concentration of visits per 
patient among health care providers based on visit number, proportion of encounters to each provider, and total number of 
visits. Multiple encounters with a single provider would result in a score of zero; however, multiple encounters among 
several health care providers would result in a score approaching 1. Care fragmentation was measured at baseline.

The choice of medical conditions was informed by the Goodman Framework. Medical conditions of interest included 
asthma, arthritis, congestive heart failure (CHF), coronary artery disease (CAD), chronic kidney disease (CKD), chronic 
obstructive pulmonary disease (COPD), cardiac dysrhythmias (CARR), diabetes, heart failure, hypertension, HIV, 
hepatitis, high cholesterol, stroke, thyroid disease, anxiety, and depression. All conditions were identified at baseline 
and follow-up using ICD-9-CM and ICD-10-CM codes from Medicare inpatient and outpatient claims. We mapped these 
conditions to fewer, relevant categories using the Clinical Classification Software (CCS mapped to ICD-9-CM) and the 
Clinical Classification Software Refined (CCSR mapped to ICD-10-CM) categorization schemes. A single variable 
accounting for each chronic condition’s diagnosis made either at baseline or follow-up was created.

Medical treatment factors encompassed the entirety of medications administered at both baseline and follow-up, 
identified through their generic names as recorded in Medicare Part D claims. We introduced a variable called “generic 
drug count”, which quantified the number of drugs taken at baseline and identified using the CanMED system. Cancer 
treatments, specifically SRx, RTx, CTx, HTx, and ITx, were assessed across all study phases except the pre-diagnosis 
phase. This decision was grounded in the expectation that cancer-specific treatments would have no significant impact on 
healthcare expenditures before the diagnosis date, as cancer management typically commences afterward. In instances 
where cancer care was used as an independent variable in the models at baseline and follow-up, it was included as 
distinct, individual variables.

Other medical treatment factors involved the cancer stage, which was identified through data obtained from the SEER 
registry. We structured this variable into three levels, classifying MCC cases as localized, regional, or distant. Behavioral 
factors were characterized by alcohol and tobacco use and recognized through the assignment of ICD-9-CM or ICD-10- 
CM codes.

External environmental factors considered the presence of screening and oncology centers at the county level, as well 
as the categorization of the SEER region into Northeast, South, Midwest, and West.
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Analysis
Descriptive analysis
We conducted a descriptive analysis of average annual total and OOP expenditures for each of the chronic conditions and 
other important covariates such as age, sex, race, cancer stage, dual Medicaid coverage, diagnosis year, region, urban/ 
rural residence. Excess expenditures were derived by using the cost of illness approach. Under this approach, incremental 
expenditures associated with chronic conditions can be computed by subtracting average healthcare expenditures of those 
with a chronic condition of interest, and those without the chronic condition of interest. For practical reasons, only the 
incremental expenditures associated with chronic conditions are reported.

Machine Learning: XGBoost
Statistical or traditional methods often necessitate hands-on selection of variables and a prespecified plan of 
analysis to avoid certain type of biases (type I or II errors) and maintain rigor in inferential statements. 
Confronted with vast amounts of data, the statistical approach can be time-consuming and error laden. Machine 
learning (ML) techniques, with a vast array of feature reduction technique bypass this requirement and offer an 
efficient way to handle high-dimensional data.31

In this study, we used Extreme Gradient Boosting (XGBoost), which is a decision-tree ensemble ML algorithm. One- 
hot encoding was used to transform categorical variables into a numerical format suitable for ML.32 The dataset was split 
into training and test sets, each, respectively, consisting of 70% and 30% of the dataset. Based on the conceptual 
framework, 170 variables were initially selected. We used recursive feature elimination (RFE) to select for the 50 top 
ranked features for inclusion in our models. RFE is a systematic feature reduction technique, which is used to reduce the 
number of features in a model by selecting those of higher rank and relevance.33,34 The XGBoost model was trained with 
10-fold cross validation using the best hyperparameters identified using grid search. Performance metrics for the 
regression models included the root mean square error (RMSE) and R2, as they, respectively, assess the error and 
goodness of fit of the model. The interpretability of our regression model outputs was facilitated by the use of Shapley 
additive explanations (SHAP).35 SHAP values have a global and local interpretation. Globally, they explain positive or 
negative contribution of each feature to the dependent variable, whereas locally, they advise on the by-patient contribu-
tion of features. SHAP dependency plots and interaction plots (Xgbfir package) were created. Feature importance and 
partial dependence plots were generated using TreeSHAP in Python 3.11.4.

Results
Descriptive Analysis
Table 1 presents the descriptive statistics. Across all time periods, the majority of elderly MCC patients were male 
(57,4%, 58.1%, 56.8%), lived in metro areas (92.5%), with no dual Medicaid coverage (83.1%, 83.8%, 84.3%) and with 

Table 1 Selected Sample Characteristics Among Fee-for-Service Elderly Medicare Beneficiaries (Age ≥67 Years 
at Index Date) with Merkel Cell Carcinoma, Linked SEER Cancer Registry and Medicare Claims Files, 2009

Pre-diagnosis During-treatment Post-treatment

Variable N % N % N %

ALL 1742 100.0 1466 100.0 1221 100.0

Biological determinants

Sex

Male 1000 57.4 852 58.1 693 56.8

Female 742 42.6 614 41.9 528 43.2

(Continued)
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Table 1 (Continued). 

Pre-diagnosis During-treatment Post-treatment

Age

66–69 118 6.8 129 8.8 118 9.7

70–74 323 18.5 305 20.8 265 21.7

75–79 336 19.3 309 21.1 265 21.7

80–84 338 19.4 300 20.5 260 21.3

85+ 627 36.0 423 28.9 313 25.6

Race

White 1616 92.8 1361 92.8 1137 93.1

Non-White 126 7.2 105 7.2 84 6.9

Social determinants of health

Marital status

Married 843 48.4 734 50.1 629 51.5

Not Married 899 51.6 732 49.9 592 48.5

Dual Medicaid coverage

Yes 294 16.9 238 16.2 192 15.7

No 1448 83.1 1228 83.8 1029 84.3

Rural/Urban Residence

Metro 1611 92.5 1363 93.0 1143 93.6

Non-Metro 131 7.5 103 7.0 78 6.4

Region

Northeast 730 41.9 619 42.2 541 44.3

South 287 16.5 237 16.2 184 15.1

Midwest 143 8.2 128 8.7 100 8.2

West 582 33.4 482 32.9 396 32.4

Clinical variables

Cancer Stage

Local 1031 59.2 934 63.7 803 65.8

Regional 409 23.5 356 24.3 279 22.9

Distant 148 8.5 69 4.7 41 3.4

Unknown 154 8.8 107 7.3 98 8.0

Polypharmacy

Yes 975 56.0 812 55.4 705 57.7

No 767 44.0 654 44.6 516 42.3

(Continued)
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Table 1 (Continued). 

Pre-diagnosis During-treatment Post-treatment

Chronic conditions

Asthma

Yes 1527 87.7 1269 86.6 1057 86.6

No 215 12.3 197 13.4 164 13.4

Arthritis

Yes 535 30.7 384 26.2 311 25.5

No 1207 69.3 1082 73.8 910 74.5

Congestive heart failure

Yes 1244 71.4 1022 69.7 834 68.3

No 498 28.6 444 30.3 387 31.7

Coronary artery disease

Yes 702 40.3 557 38.0 461 37.8

No 1040 59.7 909 62.0 760 62.2

Cardiac dysrhythmias

Yes 897 51.5 713 48.6 587 48.1

No 845 48.5 753 51.4 634 51.9

Chronic kidney disease

Yes 1280 73.5 1057 72.1 880 72.1

No 462 26.5 409 27.9 341 27.9

COPD

Yes 1170 67.2 928 63.3 766 62.7

No 572 32.8 538 36.7 455 37.3

Diabetes

Yes 857 49.2 723 49.3 622 50.9

No 885 50.8 743 50.7 599 49.1

Heart diseases

Yes 1117 64.1 844 57.6 667 54.6

No 625 35.9 622 42.4 554 45.4

Hypertension

Yes 308 17.7 414 28.2 468 38.3

No 1434 82.3 1052 71.8 753 61.7

(Continued)
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Table 1 (Continued). 

Pre-diagnosis During-treatment Post-treatment

HIV

Yes 216 12.4 352 24.0 437 35.8

No 1526 87.6 1114 76.0 784 64.2

Hepatitis

Yes 785 45.1 641 43.7 603 49.4

No 957 54.9 825 56.3 618 50.6

High cholesterol

Yes 296 17.0 213 14.5 179 14.7

No 1446 83.0 1253 85.5 1042 85.3

Osteoporosis

Yes 1393 80.0 1187 81.0 974 79.8

No 349 20.0 279 19.0 247 20.2

Stroke

Yes 1431 82.1 1200 81.9 1010 82.7

No 311 17.9 266 18.1 211 17.3

Thyroid

Yes 1121 64.4 876 59.8 699 57.2

No 621 35.6 590 40.2 522 42.8

Depression

Yes 1386 79.6 1123 76.6 930 76.2

No 356 20.4 343 23.4 291 23.8

Anxiety

Yes 1453 83.4 1125 76.7 912 74.7

No 289 16.6 341 23.3 309 25.3

Lifestyle determinants

Alcohol abuse

Yes 27 1.5 24 1.6 11 0.9

No 1715 98.5 1442 98.4 1210 99.1

Smoking

Yes 33 1.9 46 3.1 13 1.1

No 1709 98.1 1420 96.9 1208 98.9

(Continued)
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local MCC (59.2%, 63.7%, 65.8%). In the during-treatment period, 96.6% of elderly MCC patients received SRx, 63.6 
received RTx, 31.7% CTx, 10.2% had ITx, and 13.5% received HTx. In the post-treatment period, 64.0% of elderly MCC 
patients had SRx, 21.5% had RTx, 31.9% received CTx, 12.5% had ITx, and 14.3% had HTx.

The prevalence of chronic conditions was based on baseline and follow-up at each time period. The most 
predominant chronic conditions included asthma (87.0%), stroke (82.2%), osteoporosis (80.3%), chronic kidney 
disease (72.6%), and congestive heart failure (69.8%). Anxiety (78.3%), depression (77.5%) prevalence were parti-
cularly high. The mean age was 80.94 ± 7.78 pre-diagnosis, 79.67 ± 7.49 during-treatment, and 78.54 ± 7.14 post- 
treatment. The mean fragmentation of care index was 0.74 ± 0.16 pre-diagnosis, 0.75 ± 0.15 during-treatment, and 0.81 
± 0.12 post-treatment.

Average Healthcare Expenditures
The average total healthcare expenditures were highest during-treatment ($49,844.58 ± $45,486.10) followed by pre- 
diagnosis ($25,792.20 ± $42,402.70), and post-treatment $28,297.71 ± $35,880.28. The same trend was observed for the 
mean average OOP expenditures, with the mean OOP during-treatment ($10,450.31±$6,895.69) at least double those of 
the previous chronological cohorts ($5,201.88 ± $6,802.72) and still higher than the mean OOP post-treatment 
($6,050.14 ± $6,427.89). Unadjusted average annual total and OOP expenditures by other important covariates are 
summarized in Tables S1 and S2.

In terms of chronic conditions (Table 2), the highest average total expenditures were incurred by elderly MCC 
patients with depression ($66,739.9), CHF ($66,730.0), anxiety ($64,142.5), CKD ($63,796.4), and heart diseases 
($61,124.1) during-treatment. With respect to total OOP, CHF ($12,551.2), stroke ($12,378.9), CKD ($12,266.1), 
depression ($12,229), anxiety ($11,995.9) during-treatment. Pre-diagnosis and post-treatment, asthma became one of 
the top 5 chronic conditions with the largest increase in total and OOP expenditures. Visual representation in terms of 
kernel density is provided in Figure S1.

Table 1 (Continued). 

Pre-diagnosis During-treatment Post-treatment

Health care use

Pain specialist visits

Yes 467 26.8 401 27.4 955 78.2

No 1275 73.2 1065 72.6 266 21.8

Psychologist visits

Yes 133 7.6 107 7.3 97 7.9

No 1609 92.4 1359 92.7 1124 92.1

Emergency room use

Yes 653 37.5 548 37.4 536 43.9

No 1089 62.5 918 62.6 685 56.1

Continuous Variables Mean SD Mean SD Mean SD

Age at diagnosis 80.94 7.78 79.67 7.49 78.54 7.14

Care fragmentation 0.74 0.16 0.75 0.15 0.81 0.12

Total expenditures 25,792.20 42,402.70 49,844.58 45,486.10 28,297.71 35,880.28

Out-of-pocket expenditures 5,201.88 6,802.72 10,450.31 6,895.69 6,050.14 6,427.89
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Table 2 Selected Average Total Healthcare and OOP Expenditures Across 
Chronic Conditions Among Fee-for-Service Elderly Medicare Beneficiaries 
(Age ≥67 Years at Index Date) with Merkel Cell Carcinoma, Linked SEER 
Cancer Registry and Medicare Claims Files, 2009–2017

Pre-diagnosis During-treatment Post-treatment

Total expenditures

Depression

Yes $ 43,013.9 $ 66,739.9 $ 46,494.6

No (ref) $ 21,368.7 $ 44,684.2 $ 28,144.8

Anxiety

Yes $ 38,027.2 $ 64,142.5 $ 43,778.4

No (ref) $ 23,358.7 $ 45,510.7 $ 28,702.9

Congestive heart failure

Yes $ 43,648.4 $ 66,730.0 $ 43,636.1

No (ref) $ 18,644.0 $ 42,508.8 $ 27,359.0

Chronic kidney disease

Yes $ 42,342.9 $ 63,796.4 $ 47,334.3

No (ref) $ 19,818.5 $ 44,446.0 $ 26,776.8

Heart diseases

Yes $ 39,300.8 $ 61,124.1 $ 42,528.5

No (ref) $ 18,233.7 $ 41,531.9 $ 24,203.6

OOP expenditures

Congestive heart failure

Yes $ 7,846.5 $ 12,551.2 $ 8,328.3

No (ref) $ 4,143.2 $ 9,537.6 $ 5,886.5

Chronic kidney disease

Yes $ 7,829.5 $ 12,266.1 $ 8,760.8

No (ref) $ 4,253.5 $ 9,747.7 $ 5,846.5

Stroke

Yes $ 7,142.3 $ 12,378.9 $ 8,417.3

No (ref) $ 4,780.2 $ 10,022.8 $ 6,293.4

Depression

Yes $ 7,810.4 $ 12,229.0 $ 8,780.4

No (ref) $ 4,531.9 $ 9,907.0 $ 5,997.1

Anxiety

Yes $ 6,978.3 $ 11,995.9 $ 8,486.0

Abbreviations: OOP, Out of Pocket Expenditures; SEER, Surveillance, Epidemiology, and End 
Results-Medicare.
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We also examined the excess total expenditures and OOP for elderly MCC patients who also had chronic conditions 
(Figures 3 and 4). In general, the highest excess mean expenditures were found pre-diagnosis, with the exception of 
beneficiaries with arthritis ($12,748.11 vs $14,039.32), high cholesterol ($2,780.7 vs $10,036.4), stroke ($18,364.3 vs 
$20,236.3), depression ($21,645.2 vs $22,055.7), and anxiety ($14,668.6 vs.14,668.6 vs $18,631.8), which had mean 
higher excess expenditures during-treatment. The same trend was observed for total OOP. The largest depressions in total 
and OOP expenditures were observed for hepatitis, HIV, and hypertension. For HIV and hypertension in particular, those 
without these respective conditions had higher (negative excess as shown in Figures 3 and 4) total and OOP expenditures 
than those diagnosed with them.

Model Performance
The performance metrics used to evaluate XGBOOST regression models included the RMSE and the R2. The RMSE measures 
the accuracy of a model by quantifying how close the predictions are to the actual values on average. A RMSE value of zero 
indicates that the predicted values perfectly match the actual values. The R2 represents the goodness of fit of a regression model. 
R2 values of 1 close to 1 indicate how perfectly or very well the model fits the data. Figure 5 shows our performance metrics. The 
RMSE ranged from 0.63 (during-treatment) to 1.05 (pre-diagnosis) for total healthcare expenditures and from 0.52 (during- 
treatment) to 0.8 (pre-diagnosis) for OOP. The R2 ranged from 0.34 (pre-diagnosis)– 0.43 (during-treatment) for total healthcare 
expenditures and from 0.39 (pre-diagnosis) to 0.44 (during-treatment and post-treatment) for OOP.

ML Model Interpretation: Global Feature Importance and Association of Chronic 
Conditions with Healthcare Expenditures - SHAP Summary Plots
Common top 10 predictors (Figure 6) of total healthcare expenditures pre-diagnosis, during-treatment, and post- 
treatment, respectively, featured: CHF (4th, 2nd, 8th), heart diseases (8th, 6th, 7th), and CKD (9th, 10th, 10th). Chronic 
conditions amounted, respectively, to 8, 4, and 5 out of 10 of the top 10 features pre-diagnosis, during-treatment, and 
post-treatment.

Figure 3 Excess Average Total Healthcare Expenditures.
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Only one chronic condition common to all three cohorts featured in the top 10 predictors of total OOP (Figure 7) 
namely, heart diseases (7th, 10th, 7th respectively pre-diagnosis, during-treatment, and post-treatment). Top individual 
predictors did not vary pre-diagnosis between the total expenditures and OOP; however, notable changes were seen 
during-treatment with the exclusion of CKD for OOP. Post-treatment, stroke and COPD replaced CHF and arthritis. All 
chronic conditions had positive associations with total healthcare and OOP expenditures.

ML Model Interpretation: Partial Dependence Plots of Chronic Conditions
Our partial dependence plots in Figure 8 show that the direction of association between CHF, heart and CKD and 
expenditures was homogenous; that is, the presence of any of these conditions was associated with high total healthcare 
and OOP expenditures.

Figure 5 Performance Metrics of XGBoost Models, Among Elderly Medicare Beneficiaries (≥67 years old) with Merkel Cell Carcinoma, Linked SEER Cancer Registry and 
Medicare Claims, 2009–2017.

Figure 4 Excess Average OOP Healthcare Expenditures.
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ML Model Interpretation: Feature Interactions with Chronic Conditions
Table 3 shows the top five interactive associations across all cohort, which included generic drug count and care 
fragmentation, cancer treatment and chronic conditions. Pre-diagnosis, care fragmentation interacted with arthritis. 
During-treatment, generic drug count interacted with CAD, whereas the % of Medicare advantage penetration interacted 
with hepatitis. Post-treatment, ITx and generic drug count interacted distinctly with CAD. Interactions between chronic 
conditions and other features included a different type of conditions than those featured in the list of top 10 predictors.

ML Model Interpretation: Interpretation of Other Features
Generic drug count was the 1st, 9th, and 5th top predictor (Figure 6) of total healthcare expenditures pre-diagnosis, during- 
treatment, and post-treatment. For OOP, it was, respectively, the 1st, 2nd, and 2nd top predictor across the same cohorts. 

Figure 7 Shapley Additive exPlanations - Summary Plot with top 15 Leading Predictors of OOP, Among Elderly Medicare Beneficiaries (≥67 years old)) with Merkel Cell 
Carcinoma, Linked SEER Cancer Registry and Medicare Claims files, 2009–2017. The x-axis represents the marginal contribution of a feature to the change in log odds of 
type of treatment. Based on older adults (age ≥67 years diagnosis data) with MCC diagnosed between 2009–2017, who were continuously enrolled in Medicare Parts A, B & 
D during baseline period and follow up period; SEER- Surveillance, Epidemiology, and End Results Cancer Registry FCI: Fragmentation of care; 3Yr Malig. Neo: 3 year 
number of malignant neoplasms; CT_CTHSP: census tract % of residents who are Hispanics; CT_POV_HSP: census tract % of residents living below poverty for Hispanics; 
Othr.Spl. Vis: Other specialist visists; Mcar. Ben.Hosp. Read: % of Medicare beneficiaries Readmissions Rate; Prev. Hosp Stays: Preventable Hospital Stays; Mcare. Presc.Drug 
Plan: Number with Medicare prescription drug plan; M.D, Patient Care: Number of Medical doctors for Patient Care.; %Med.Pres. Drug Plan Pen: % of with Medicare 
prescription drug plan penetration; Hosp w/Med School Aff: Number of hospitals with medical school affiliates; Phys. Ass. w/NPI: Number of physicians assistants with 
National Provider Identification; Hosp. w/Intraop. MRI: Number of hospitals with intraoperative MRI.

Figure 6 Summary Plot with top 15 Leading Predictors of Total Expenditures, Among Elderly Medicare Beneficiaries (≥67 years old) with Merkel Cell Carcinoma, Linked 
SEER Cancer Registry and Medicare Claims files, 2009–2017. The x-axis represents the marginal contribution of a feature to the change in log odds of type of treatment. 
Based on older adults (age ≥67 years diagnosis data) with MCC diagnosed between 2009–2017, who were continuously enrolled in Medicare Parts A, B & D during baseline 
period and follow up period; SEER- Surveillance, Epidemiology, and End Results Cancer Registry; FCI: Fragmentation of care; 3Yr Malig. Neo: 3 year number of malignant 
neoplasms; CT_CTHSP: census tract % of Hispanics; Mcar. Ben.Hosp. Read: % of Medicare beneficiaries Readmissions Rate; Prev. Hosp Stays: Preventable Hospital Stays; % 
Mcare. Adv. Plan: % with Medicare Penetration Advantage Plan; Phys. Assistants w/NPI: Number of physicians assistants with National Provider Identification; Psychiatry, 
Patient Care: Number of hospitals providing psychiatric patient care; Rad. Oncology: Number of hospitals with radiation oncology centers; Stage- Regional: Regional MCC.
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Figure 8 Shapley additive explanations (SHAP) dependence plots, Among Elderly Medicare Beneficiaries (≥67 years old) with Merkel Cell Carcinoma, Linked SEER Cancer 
Registry and Medicare Claims files, 2009–2018. Each point on the plot corresponds to a prediction in a patient (a) and (d) SHAP dependence plot of log-odds SHAP values 
of CHF on total expenditures and OOP respectively; (respectively; (b) and (e) The main effect of heart diseases on total expenditures and OOP; (c) and (f) The main effect 
of CKD on total expenditures and OOP. Based on older adults (age ≥67 years at index date) with incident MCC diagnosed between 2009–2017, who were continuously 
enrolled in Medicare Part A, B and D during the baseline and follow up periods. SEER- Surveillance, Epidemiology, and End Results Cancer Registry.
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Table 3 Key Feature Interactions Among Fee-for-Service Elderly Medicare Beneficiaries (Age ≥67 Years at Index Date) with Merkel 
Cell Carcinoma, Linked SEER Cancer Registry and Medicare Claims Files, 2009 to 2017

Interaction Gain F1 
Score

Weighted  
F1

Gain  
Rank

F1 Score  
Rank

Weighted F1  
Score Rank

Total expenditures

Pre-diagnosis

CT_CTHSP | Generic drug count 10.97 8 0.78 1 1 17

FCI | Generic drug count 10.41 7 1.37 2 2 10

FCI | FCI 8.22 7 1.55 3 3 6

Arthritis | FCI 7.12 6 1.46 4 4 8

FCI | Primary Care Provider rate 6.78 5 0.07 5 7 55

During-treatment

RTx | Adult Smoking 2.27 7 2.21 1 1 1

% Medicare Adv. Pen. | RTx 1.03 3 0.83 2 2 8

CTx | Generic drug count 0.71 3 2.07 3 3 2

CAD | Generic drug count 0.63 2 0.03 4 4 20

% Mcare Adv. Pen. | Hepatitis 0.6 2 0.73 5 5 10

Post-treatment

CAD | ITx 5.12 9 7.1 1 1 1

CAD | Generic drug count 3.48 8 2.36 2 2 4

RTx | SRx 2.46 5 3.29 3 3 2

ITx | SRx 2.08 4 2.51 4 4 3

SRx | Generic drug count 1.87 4 1.15 5 5 14

OOP expenditures

Pre-diagnosis

CT_CTHSP | HIV 9.62 2 0.01 1 11 60

CT_CTHSP | Generic drug count 8.17 3 0.09 2 3 35

FCI | Generic drug count 5.76 7 3.06 3 1 1

Generic drug count | Preventable Hospital Stays 3.46 3 1 4 4 8

Arthritis | Primary Care Provider rate 3.39 1 0 5 24 73

During-treatment

RTx | Adult Smoking 1.77 7 2.16 1 1 1

% Medicare Adv. Pen. | RTx 0.63 3 0.79 2 5 8

CTx | Generic drug count 0.41 3 2.04 3 2 2

CAD | Generic drug count 0.38 2 0.01 4 8 7

% Medicare Adv. Pen. | Hepatitis 0.45 2 0.71 5 4 10

(Continued)
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Figure 9 shows the partial dependence plots for generic drug count across all time periods for total expenditures. They 
show that at a certain threshold between 5 and 10 drugs, the relationship with expenditures is heterogeneous, but apart 
from this range, it was positive.

RTx and CTx were among the top 10 common predictors in the during-treatment (1st, 3rd), and post-treatment (3rd, 
6th) cohorts for total expenditures. SRx was the top predictor of total expenditures in the during-treatment cohort. 
Common OOP top 10 treatment predictors between the during-treatment and post-treatment included CTx (3rd, 6th) and 
ITx (5th, 3rd). Regional stage and adult smoking were the 6th and 8th top predictors of total healthcare expenditures 

Table 3 (Continued). 

Interaction Gain F1 
Score

Weighted  
F1

Gain  
Rank

F1 Score  
Rank

Weighted F1  
Score Rank

Post-treatment

CAD | ITx 6.91 10 8.6 1 1 1

SRx | Generic drug count 4.8 10 3.43 2 2 5

CAD | Generic drug count 4.63 10 3.73 3 3 3

RTx | Generic drug count 4.17 8 5.3 4 4 2

CAD | SRx 3.46 8 2.8 5 5 8

Note: CT_CTHSP: census tract percentage of Hispanics; Adult Smoking: Percentage of adult smokers per the AHRF data; FCI: fragmentation care index; % Mcare Adv. Pen: 
Percentage of Medicare Advantage Penetration; SRx: surgery; CTx: chemotherapy; RTx: Radiotherapy; CAD: coronary artery disease; OOP: Out of Pocket Expenditures; 
SEER: Surveillance, Epidemiology, and End Results-Medicare.

Figure 9 Shapley additive explanations (SHAP) dependence plots for Generic Drug Count, Among Elderly Medicare Beneficiaries (≥67 years old)) with Merkel Cell 
Carcinoma, Linked SEER Cancer Registry and Medicare Claims files, 2009–2018. Each point on the plot corresponds to a prediction in a patient (pre-diagnosis) top left; 
(during treatment) top right and (post-diagnosis) bottom; Y value is SHAP value for generic drug count. Based on older adults (age ≥67 years at index date) with incident 
MCC diagnosed between 2009–2017, who were continuously enrolled in Medicare Part A, B and D during the baseline and follow up periods. SEER- Surveillance, 
Epidemiology, and End Results Cancer Registry.
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during-treatment cohort. Care fragmentation was the 7th predictor of total expenditures pre-diagnosis and did not feature 
across any other cohort. Medicare Penetration Drug Plan and age at diagnosis were, respectively, the 7th and 8th top 
predictors of OOP during-treatment. Most top 10 predictors had a positive relationship with total healthcare and OOP 
expenditures, with three exceptions. Generic drug count, Medicare Penetration Drug Plan and age at diagnosis had 
a mixed relationship with expenditures (Figures 6 and 7).

Sensitivity Analysis
We followed the same beneficiaries (N = 1,029) across the three different phases. Leading predictors are presented in 
Figures S2 and S3. Generally, the leading predictors were consistent with our primary analysis. However, differences 
were noted in terms of ranking, and additional predictors. For example, CTx ranked lower (15th vs 3rd) during treatment 
phase. Local stage of MCC is ranked 12th leading predictor during treatment.

Discussion
This study is the first to examine the total healthcare and OOP expenditures in elderly MCC patients at three different time 
periods in order to determine the differential across patient-level characteristics and to elicit the predictors of these costs. 
Elderly MCC patients were significantly burdened by chronic conditions,36 with the added strain of cancer, it became crucial 
to observe the changes in predictors of healthcare expenditures before, after and during the cancer journey. Expenditures were 
the highest in the during the first year after diagnosis, and the lowest 12 months before diagnosis. A previous study showed that 
direct healthcare costs among advanced MCC patients quadrupled in the first four months after diagnosis and rose to a 12-fold 
increase when comparing baseline and follow-up at 12 months, respectively.37 Herein, the median total 12-month direct 
healthcare costs were US$48,006, which is within the range of the average total expenditures obtained in this study 
$49,844.58. Excluding the last year of life (end-of-life cancer death phase), studies have shown that among older cancer 
adults with Medicare coverage, the initial care during the first year after diagnosis is often the costliest.5,38 A study conducted 
among older adults, with cancer using SEER-Medicare database found average annualized costs of $41,800, which were 
within the range of the average total healthcare expenditures of $49,844.58 obtained in our study.5 Using the SEER-Medicare 
linkage data and the Medical Panel Expenditure Survey data, a study found that across several cancer sites, OOP expenditures 
were the highest in the first 12 months of diagnosis for medical services and prescription drugs ($2,200 and $243).39 The same 
pattern was observed in melanoma, where the initial phase of treatment (12 months after index) was higher than the continuing 
phase of treatment among elderly cancer patients (65 years or above).40

Excess average total and OOP costs showed that auto- acquired immune disorders (hepatitis and HIV) and metabolic 
disorders (hypertension) had the largest decrease in expenditures across time. Future studies need to disentangle the 
survivor bias in these two conditions.

Approximately 62% of cancer survivors (65 and older) living in the United States are 65 and older, and they are 
expected to grow to 74%. Around 62% of elderly patients (65 and above) have multiple chronic conditions (three or 
more).41 Our findings show that physical chronic conditions such as CHF, CKD, stroke, and heart diseases led to the 
highest increase in expenditures. This matches previous reports in the literature.42 A previous study showed that the 
largest increase in annual expenditures was associated with heart disease and stroke.42 In another study of adults with 
cancer in the US, stroke, CAD, CARR, and diabetes were the chronic conditions with the highest expenditures.43 Among 
Medicaid beneficiaries with cancer, the largest excess total cost of care for physical chronic conditions over a period of 6 
months were reported for respiratory diseases ($5,040 to $8,155), diabetes ($7483 to $7714).44 The mental chronic 
conditions identified in this study (depression and anxiety) incurred a higher increase in costs over time compared to the 
physical chronic conditions, and this is consonant with previous findings in the literature.44,45 A systematic review on the 
impact of chronic conditions on cancer survivors uncovered that mental health disorders excess costs were also the 
highest when compared to physical chronic conditions ($11,009 vs $8,0004).44,45 They uncovered that mental health 
conditions had the highest hospital, long-term care and ambulatory care costs compared to other conditions.44,45 In our 
study, there was no major change over time (and cohorts) among the conditions with the highest excess expenditures, 
except for the inclusion of asthma. However, a previous study has listed respiratory diseases as one of the causes of high 
excess costs in adults with cancer.44
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It appears thus that the effect of cancer on chronic conditions or vice-versa depends on the type of condition. In this 
study, most of the identified conditions were pre-existing before MCC. Evidence suggests that patients with comorbidity 
may be less likely to receive curative treatment and find it difficult to comply with treatment regimens or to tolerate their 
side effects.46,47 This could prolong their time in the health systems and lead to higher expenditures compared to those 
without comorbidities. Thus, although most of the conditions identified herein had been pre-existing prior to cancer 
diagnosis, their presence is as relevant to cancer management regardless of when the diagnosis occurred.

The predictors of total annual expenditures and annual OOP expenditures differed vastly across the three cohorts. Pre- 
diagnosis cohort, the top 10 predictors featured mostly different chronic conditions, generic drug count, care fragmenta-
tion, and the 3-year prevalence malignant neoplasms. The most obvious difference between the latter cohort and the 
following two is the rise to prominence of cancer care in the form of SRx (post-treatment), RTx (during-treatment, post- 
treatment), CTx (during-treatment, post-treatment), and ITx (during-treatment, post-treatment). Although no study has 
evaluated before the predictors of costs in MCC, previous studies have identified certain type of costs that significantly 
increase the initial cancer expenditures in the first 12 months after diagnosis.48 While examining the trends in costs in 
colorectal, lung and breast cancer, a study conducted using the SEER-Medicare linkage data uncovered that the rising 
prices of treatment and the subsequent strain it places on the Medicare program stems in large part from the increased use 
of CTx use and RTx during the first year after diagnosis.48 A previous study on advanced MCC patients also showed that 
CTx drove the cost during the first year after diagnosis.37 In another study featuring MCC patients, in which the Veterans 
Health Administration database was used, the mean costs per patients in the ITx and CTx cohorts were driven at 49.5% 
and 13.5%, respectively, by MCC-therapy related services.49 In a study that used the Premier Healthcare Database to 
assess costs in a metastatic MCC population (which received as treatment ITx or CTx only), the authors found that the 
costs, albeit higher for those who had ITx, were primarily driven by pharmacy medication costs.50 This could explain 
why MCC treatments (SRx, RTx, CTx, and ITx) were among the top 10 predictors during-treatment and post-treatment 
for all expenditure type. The same phenomenon is common in melanoma, where increases in costs over a five-year period 
after cancer presentation are driven by the use of adjuvant therapy, targeted therapy or CTx.51

These findings highlight the theory of competing demands that cancer patients are faced with. Cancer comorbidities not 
only influence treatment but can also affect economic burden among elderly MCC patients. An acute cancer diagnosis with 
an underlying chronic condition creates unforeseen treatment complications and competing healthcare demands in terms of 
negotiating silos across medical management teams.23 Therefore, the impact of chronic conditions on economic burden can 
vary by the phases of cancer care. In this case (our study), we observe that in the during-treatment phase and post-treatment 
phase, cancer care became dominant, and this may lead to the neglect of non-cancer chronic condition care.

The model performance was moderate given the range of R2 and RMSE values obtained. Boosting the sample size 
could help obtain better results. However, this shows the ability to use ML algorithms in small samples of rare cancers 
such as MCC. XGBoost applicability demands further replication, however, it proves its use as an explanatory modelling 
tool when the features are large (N = 50) and the sample size is small.

This study has many strengths. We are the first to compare the total healthcare expenditures and total OOP across 
three phases of cancer care as well as the predictors of said costs and investigate their association with the presence of 
chronic conditions. We use a large registry dataset linked with claims data for this purpose, namely SEER-Medicare data, 
which contains near-complete census information on all cancers among elderly cancer patients (≥65 years). We used 
a retrospective cohort design and employed ML algorithm to identify the leading predictors of healthcare expenditures. 
Chronic conditions were mapped with fidelity using a high standard categorization scheme (CCS and CCS-R).

This study has several limitations. Healthcare expenditures were limited to the direct medical costs. Indirect and 
tangible could not be assessed given the nature of the data source. This implies that our findings are probably an 
underestimation of the actual expenditures. We use the term “out-of-pocket expenditures” interchangeably with bene-
ficiary responsibility. It is possible that some portion of the beneficiary responsibility may be covered by secondary 
insurance, and this may lead to an overestimation of out-of-pocket expenditures. The potential for measurement errors 
when identifying chronic conditions in 2015 during which there was a transition from the ICD-9-CM to the ICD-10-CM 
system in the US existed. Further, our findings may not be generalizable to the entire MCC population as we only 
included elderly at least 65 years older. Moreover, claims-based measures of depression, drugs, alcohol, and tobacco use 
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have been known to have low sensitivity, as noted on the SEER-Medicare website.52 We may not have captured the 
recent impact of the use of targeted therapies in MCC as our linkage data extended only to 2019.

Conclusion
This study showed that chronic conditions significantly drive healthcare expenditures among elderly MCC patients 
before cancer diagnosis and continue to do so at varying degrees during- and post-treatment periods. However, cancer 
treatments ranked higher than chronic conditions in influencing economic burden during-treatment and post-treatment 
phases. The interactions between comorbidities and cancer care in MCC require more in-depth investigation into those 
management patterns that increase the financial burden on Medicare programs and patients. This would require, among 
other strategies, making older patients with comorbidities a priority in clinical trials and practice settings.
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