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Introduction
The presence of depression in older adults has received consider-
able attention because of its high prevalence and potential risk for 
neurocognitive disorders.1-4 A meta-analysis of the elderly popu-
lation aged 75 years or older reported that 17.1% suffered from 
depressive disorders.5 A systematic review of longitudinal studies 
of depression among older adults (age ⩾ 65 years) suggested het-
erogeneous results of protective factors and risk factors for depres-
sion.6 Although many protective and risk factors have been 
identified, given the failure of antidepressants7,8 and the increased 
prevalence of treatment-resistant depression,9,10 research has 

been directed toward understanding the pathophysiology of 
depression and discovering alternative therapeutic agents.

While the pathophysiology of depression is still evolving, the 
role of inflammation has been widely recognized. Studies have 
explained the relationship between inflammation and depression 
through mechanistic pathways.11,12 Researchers who consider 
depression as an inflammatory disease use supporting evidence 
such as high levels of inflammatory biomarkers in patients with 
depression,13,14 high prevalence of depression in inflammatory 
chronic conditions,15,16 and cytokine-induced depressive symp-
toms in individuals.17 For example, a meta-analysis concluded 
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ABSTRACT

ObjectiveS: This study examined prescription NSAIDs as one of the leading predictors of incident depression and assessed the direc-
tion of the association among older cancer survivors with osteoarthritis.

Methods: This study used a retrospective cohort (N = 14, 992) of older adults with incident cancer (breast, prostate, colorectal cancers, or non-
Hodgkin’s lymphoma) and osteoarthritis. We used the longitudinal data from the linked Surveillance, Epidemiology, and End Results -Medicare data 
for the study period from 2006 through 2016, with a 12-month baseline and 12-month follow-up period. Cumulative NSAIDs days was assessed dur-
ing the baseline period and incident depression was assessed during the follow-up period. An eXtreme Gradient Boosting (XGBoost) model was built 
with 10-fold repeated stratified cross-validation and hyperparameter tuning using the training dataset. The final model selected from the training data 
demonstrated high performance (Accuracy: 0.82, Recall: 0.75, Precision: 0.75) when applied to the test data. SHapley Additive exPlanations (SHAP) 
was used to interpret the output from the XGBoost model.

Results: Over 50% of the study cohort had at least one prescption of NSAIDs. Nearly 13% of the cohort were diagnosed with incident 
depression, with the rates ranging between 7.4% for prostate cancer and 17.0% for colorectal cancer. The highest incident depression rate of 
25% was observed at 90 and 120 cumulative NSAIDs days thresholds. Cumulative NSAIDs days was the sixth leading predictor of incident 
depression among older adults with OA and cancer. Age, education, care fragmentation, polypharmacy, and zip code level poverty were the 
top 5 predictors of incident depression.

Conclusion: Overall, 1 in 8 older adults with cancer and OA were diagnosed with incident depression. Cumulative NSAIDs days was the 
sixth leading predictor with an overall positive association with incident depression. However, the association was complex and varied by the 
cumulative NSAIDs days.
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that several inflammatory biomarkers were positively associated 
with depression.18 Individuals with inflammatory conditions 
such as diabetes or cancer are 3 times as likely to develop depres-
sion as the general population.15 In addition, individuals with 
overexpressed inflammatory markers were more likely to have 
treatment-resistant depression.19 Other researchers may not 
consider depression an inflammatory condition.20 Such assertion 
is supported by observations that only a subset of patients with 
depression (ranging from 25% to 50%) have increased inflam-
mation.21 A prospective study reported that inflammation pre-
dicted incident depression only in men and not in women,22 
although women experience higher rates of depression than men 
across all cultures.23 Increased treatment response in individuals 
with depression and high levels of inflammatory biomarkers is 
also used as evidence against the assertion that depression is an 
inflammatory condition.21,24

Furthermore, there may be a bidirectional relationship 
between chronic inflammatory diseases and depression through 
low-grade chronic inflammation.15,16 The high rates of depres-
sion found in individuals with osteoarthritis (OA) may be an 
indication of this bidirectional relationship.25 Regardless of the 
mixed results, inflammation plays a significant role in depression. 
For example, factors such as psychosocial stressors, smoking, 
poor sleep, and other factors that increase the risk for incident 
depression are also associated with systemic inflammation.26

Thus, the association of anti-inflammatory drugs with 
depression onset and depression treatment has been of particu-
lar research interest.27,28 Specifically, the association of non-
steroidal anti-inflammatory drugs (NSAIDs), the most 
commonly prescribed anti-inflammatory drugs, with depres-
sion has been studied.29-31 These studies suggest that inhibition 
of COX-2 through the use of NSAIDs can lead to antidepres-
sant effects and may help reduce depressive symptoms. 
Although some clinical trials reported higher antidepressant 
effects with NSAIDs as compared to placebo, others observed 
no statistically significant difference. In a randomized con-
trolled trial of 2528 older adults (70 years and older), patients 
did not observe an improvement in their depressive symptoms 
from the use of NSAIDs over time.32

NSAIDs were found to be associated with lower depression 
scores in patients with OA.33 However, a cross-sectional study 
on the association of NSAIDs with the prevalence of depres-
sion among those with inflammatory conditions did not find 
an association.34 A recent study conducted in Sweden reported 
that aspirin reduced the risk of depression and other psychiat-
ric illnesses in cancer patients, however, the risk was found to 
be high with other NSAIDs.35 Thus, the association of 
NSAIDs with depression incidence is not clear.

Therefore, this study examined the association of NSAIDs 
with incident depression using a retrospective cohort of older 
adults with cancer and pre-existing OA. Cancer and OA were 
selected to study the association of NSAIDs with depression for 
several reasons. First, NSAIDs is the treatment of choice for 
OA because of inflammation and pain symptom.36-38 Second, 

NSAIDs are also used in cancer patients for relieving pain.39 
Third, current research indicate that patients with cancer are 
among one of the most high-risk population to develop depres-
sion. Studies have shown that cancer patients are 3 to 5 times 
more likely to be diagnosed with major depression.40,41 Fourth, 
there is limited literature on the incidence of depression among 
patients with cancer and OA. Fifth, the relationship between 
OA, cancer, and depression is even more complicated due to the 
presence of inflammation and the subsequent chronic use of 
NSAIDs. NSAIDs are known to affect cancer as well as depres-
sion due to underlying chronic inflammation.

The objective of this study is to assess whether prescription 
NSAIDs is one of the leading predictors of incident depression 
and assess the direction of the association of prescription 
NSAIDs with incident depression among older adults with 
OA and incident cancer (breast, prostate, colorectal cancers, 
and non-Hodgkin’s lymphoma (NHL)) in the United States 
using interpretable machine learning approaches.

Methods
Study design

A retrospective cohort study design was adopted using data 
from the Surveillance, Epidemiology, and End Results (SEER) 
cancer registry linked with fee-for-service Medicare claims 
with a study period from 2006 through 2016. The study cohort 
included older adults (age ⩾ 67 years at incident cancer diagno-
sis) with incident cancer and pre-existing OA. Cancer patients 
were identified using the site of cancer from SEER data during 
the patient identification period. For identifying OA, 
International Classification of Diseases, 9th and 10th edition 
Clinical Modification (ICD-9-CM [715.xx], ICD-10-CM 
[M15.x, M16.x, M17.x, M18.x, M19.x]) diagnosis codes were 
used.42 Patients with one inpatient or 2 outpatient claims 
30-day apart were included as OA patients. The index date was 
used to anchor the 12-month baseline and 12-month follow-
up period. The index date was defined as the date of the inci-
dent cancer diagnosis. The use of NSAIDs was assessed during 
the baseline period. We retrospectively identified OA 24 to 
12 months before the index date. We followed the patients for 
12 months after the index date to identify incident depression.

Data source

Data were leveraged from multiple sources. The SEER data 
provided information on all newly diagnosed cancer patients 
including date of cancer diagnosis, site of cancer, stage of can-
cer, tumor size, histology, initial cancer treatment, and other 
clinical variables. Because of SEER’s high-quality population-
based data which is collected through 17 cancer-based regis-
tries,43 it is extensively used by the researcher for studying 
cancer incidence and their related outcomes.44 Medicare data 
provided healthcare claims of the beneficiaries such as inpa-
tient and outpatient visits, hospital stays, screening and evalua-
tion tests, laboratory service, etc., and was linked to SEER by 
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encrypted patient ID. SEER also provides Census Bureau data 
on income and education at the census tract and zip code level. 
These files were matched to patient-level data using the zip 
code of the patient’s residence. For obtaining the county-level 
information such as the availability of providers and healthcare 
facilities, the Area health resource files (AHRF) were used.45 
AHRF was linked to SEER-Medicare using the state and 
county Federal Information Processing Standards (FIPS) code.

Study cohort

The cohort consisted of older adults who have been diagnosed 
with incident primary cancer between 2008 and 2015 and OA 
before cancer diagnosis. Additionally, Medicare fee-for-service 
beneficiaries who were continuously enrolled in part A and B 
for the study period and Part D for the baseline period and 
follow-up period were included in the study. Patients diagnosed 
with cancer through death certificates or autopsy were excluded. 
Patients who had a history of cancer diagnosis and unknown/
missing cancer stage information and Health Maintenance 
Organizations (HMO) enrollment any time during the study 
period were excluded (see Appendix 1 for number of individuals 
retained based on the inclusion and exclusion criteria).

Target variable—incident depression.  A binary incident depres-
sion variable was created. Depression was identified using 
ICD-9-CM (396.xx, 311) and ICD-10-CM (F06.xx, F30.xx, 
F32.xx, F33.xx, F34.xx, F39) codes.46 To identify incident 
depression, we required cancer survivors to be free of diagnosed 
depression during the baseline period. To ensure the availabil-
ity of prescription NSAIDs data from Part D claims, incident 
depression was determined during the years 2008 and 2015.

Features.  To include a comprehensive list of features that can 
influence the association between cumulative NSAIDs use and 
incident depression, we used the conceptual framework by Park 
et al.47 We selected 106 features, and feature reduction was 
conducted using the permutation feature importance score to 
select the top 60 features for training the model.

Sex (male, female), race and ethnicity (White, African 
American, Hispanic/Latino, and other races), age, education 
level (zip-code level less than or greater than high school 
diploma), median income (median household income in zip-
code level), and region of residence (Northeast, South, 
Northcentral, and West), supplemental insurance coverage 
(Medicaid, private, and others), inpatient healthcare use and 
type of provider visit (eg, primary care provider visit, pain spe-
cialist, etc.), and counties with or without screening centers, 
oncology centers, mental health centers, and psychiatric ERs 
were included as features.

Medical conditions included indicator variables for any 
painful condition (arthritis (except OA) and joint pain condi-
tions, headache, migraine, back or neck pain, and neuropathic 
pain), asthma, cardiac arrhythmias, chronic obstructive 

pulmonary disease (COPD), dementia, anxiety, diabetes, 
hyperlipidemia, and hypertension. Furthermore, drug, tobacco 
and alcohol abuse were also included as features. All conditions 
were identified using ICD-9-CM and ICD-10-CM codes 
during the baseline period.

Medications that could influence incident depression were 
identified from the Part D file using the generic drug name 
dispensed during the baseline period. These consisted of 
NSAIDs, opioids, corticosteroids, statins, etc. NSAIDs were 
measured as cumulative continuous days which was constructed 
using days supplied and filled date. In this algorithm, prescrip-
tion fills with more than 15 days gap triggered a reset in the 
calculation of cumulative NSAIDs days to ensure continuous 
NSAIDs use. Both selective and non-selective NSAIDs were 
captured. All other prescription drugs included in the study 
were measured as binary variables.

The fragmentation of care index (FCI) was calculated from 
the modified version of a previously validated continuity of 
care index.48 FCI is based on the total number of healthcare 
encounters, the number of different providers, and the propor-
tion of encounters with each of the providers. The value of FCI 
ranged between 0 and 100, where 0 represents no fragmenta-
tion of care and 100 represents all fragmented care. For each 
interpretation, we divided the FCI by 10 so that each point 
represents a 10-percentage point increase in FCI, thus the FCI 
for our study ranged from 0 to 10.

Predictive and interpretable machine learning 
(ML) analyses

For converting categorical variables into a usable machine 
learning format, we used the one-hot encoding process in the 
data preparation step.49 We split the dataset into training and 
test data sets where 70% of the data were used for training and 
30% of the data were kept as a hold-out for the testing phase. 
Our study cohort contained an imbalance classification (ie, the 
number of incident depression cases and non-depression con-
trols were not equal). The imbalanced nature of the data poses 
a challenge for predictive modeling because most of the ML 
algorithms for classification were developed for balanced data 
with an equal number of cases and controls.50 A comprehensive 
analysis of methods for addressing the class imbalance data 
problem suggests several approaches such as data-level, algo-
rithm-level, and a hybrid approach that combines both.51 The 
data-level method includes over-sampling the minority class 
and under-sampling the majority class. The algorithm-level 
method retains the training data distribution but uses penalties, 
weights, and decision thresholds. A study comparing different 
data-level methods to address class imbalance concluded that 
there is no single best-performing method as it is highly 
dependent on the data distribution.52 Therefore, we applied 
several methods including Synthetic Minority Over-sampling 
Technique (SMOTE), random under-sampling of controls 
(i.e., no depression), and random oversampling of cases (i.e., 
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incident depression), weights (scale_pos_weight) and decision 
thresholds through iterative process. In the preliminary analy-
sis, we observed that random under-sampling combined with 
random over-sampling and weighting performed best in reduc-
ing class imbalance.

We used XGBoost as the predictive model because of its 
higher prediction accuracy and increased emphasis on the 
reduction of estimation variance or bias. XGBoost combines 
decision trees, where one model learns from the prediction 
error made by the previous model, and thereby makes a stronger 
model in each subsequent step.53 XGBoost also controls the 
overfitting of the data using regularization and gains faster 
processing speed through parallelization. We used repeated 
stratified 10-fold cross-validation along with hyperparameter 
tuning. Cross-validation provides insights into how well the 
model is realizing the hypothesized relationship between fea-
tures and its potential performance with unseen data while 
hyperparameter tuning runs multiple trials in the training data 
with pre-specified hyperparameters and makes necessary 
adjustments from the errors found in the previous step.54 Grid 
search was used to identify the best performing hyperparame-
ters for the model.

Model performance metrics such as accuracy, precision, 
recall, F1 score, and area under the receiver operating charac-
teristic (AUROC) were derived from the hold-out test data 
based on the final model built during the training phase. The 
final model with the highest precision and recall is used to 
evaluate the model performance.

We leveraged SHapley Additive exPlanations (SHAP), a 
novel model-agnostic interpretable ML method to interpret 
the output from the XGBoost model. SHAP provides global 
and local interpretations. Despite being a relatively new tech-
nique, SHAP has been widely accepted and implemented in 
predictive modeling including healthcare research.55 We also 
created a simplified relationships plot based on SHAP values 
to identify the top 15 predictors and their overall directionality 
in their effect on incident depression. However, it is difficult to 
interpret the marginal contribution of each feature and the 
presence of heterogeneity from the summary plot, SHAP 
dependence plots were used for interpretation.56 Top interac-
tions from the final model were identified using Xgbfir pack-
age.57 SHAP interaction values break down the feature 
contributions into their main and interaction effects. These 
values were used to highlight and visualize interactions in data 
through SHAP interaction plots. We implemented predictive 
modeling using XGBoost package version 1.5.0 in Python ver-
sion 3.8.8.53 We used TreeSHAP for getting SHAP values, and 
related SHAP features with Python 3.8.8 and the SHAP pack-
age (0.40).55

Results
The analytical cohort consisted of 14,992 older adults with 
pre-existing OA and an incident cancer diagnosed between 

2008 and 2015. A majority of the cohort was non-Hispanic 
White (72.8%), female (63.3%) with a mean age of 77.43 years 
(Appendix 2). More than 40% of the cohort resided in the 
Western region and 45.7% were married. In addition to 
Medicare insurance, 14.3% had Medicaid insurance.

Nearly half of the study cohort (50.6%) had at least 1 pre-
scription for NSAIDs and 27.1% were using it for longer 
than 60 days. Table 1 presents the prevalence rate of NSAID 
use by selected characteristics of the study cohort. Significant 
subgroup differences in the prevalence of NSAID use were 
observed. The prevalence of NSAID use was highest in breast 
cancer (54.3%) and lowest in colorectal cancer (45.4%). 
Females had a higher prevalence of NSAID use as compared 
to males (52.3% vs 47.8%). African Americans (58.7%) and 
Hispanics (58.6%) were more likely to be NSAID users com-
pared to Whites (48.6%). A higher percentage of older cancer 
survivors living in southern regions used NSAIDs compared 
to patients living in the northeast region (60.1% vs 39.4%). A 
higher percentage of cancer survivors with polypharmacy 
used NSAIDs compared to those without polypharmacy 
(61.4% vs 44.4%).

Overall, 12.8% of the cohort were diagnosed with incident 
depression. Table 2 summarizes selected group differences of 
the study cohort by incident depression. The incidence of 
depression was highest among older adults with colorectal can-
cer (17.0%) and was lowest among those with prostate cancer 
(7.4%). The incident depression rates for those with NHL and 
breast cancers were 16.0% and 13.9%. Females had a signifi-
cantly higher incidence of depression as compared to males 
(14.9% vs 9.2%). The highest incidence of depression was 
observed among Hispanic older adults (14.9%), closely fol-
lowed by White older adults (13.7%). Patients with polyphar-
macy had double the incidence of depression as compared to 
those without polypharmacy (18.0% vs 9.9%).

Figure 1 demonstrates incident depression rates with cumu-
lative continuous NSAIDs use days. The plot represents 
changes in the rates of incident depression with each increase 
in cumulative NSAIDs days by 15 days. The incident rates of 
depression ranged from 10% to 25% by cumulative continuous 
NSAIDs use days. Older cancer survivors using NSAIDs 
between 0 and 30 days had higher rates of incident depression 
followed by a decrease between 30 and 60 days. The highest 
rate of incident depression observed was 25%, at 90 and 
120 days thresholds.

The incident depression model built using the XGBoost 
classifier demonstrated high performance. Model accuracy 
from the test data was 0.82, precision score was 0.75, recall 
score was 0.75, F1 score was 0.75, and AUROC score was 0.80.

Figure 2 represents the top 15 predictors and their simplified 
relationships with incident depression using SHAP values. The 
plot is ranked according to the feature importance and provides 
information on simplified relationships between these predic-
tors and incident depression, where pink represents a positive 
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Table 1.  Sample Characteristics by NSAIDs Use Among Fee-for-Service Medicare Beneficiaries (Age ⩾ 67 Years at Incident Cancer Diagnosis) with 
Cancer and Osteoarthritis Linked SEER Cancer Registry and Medicare Claims Files, 2006 to 2016.

NSAIDs use No NSAIDs use Chi-square

  N % N %

ALL 7591 100 7401 100  

Cancer type <0.001

  Breast cancer 3622 54.3 3052 45.7  

  Prostate cancer 2033 48.5 2156 51.5  

  Colorectal cancer 1268 45.4 1527 54.6  

  Non-Hodgkin’s Lymphoma 668 50.1 666 49.9  

Year of cancer diagnosis <0.001

  2008 874 52.7 784 47.3  

  2009 866 51.9 803 48.1  

  2010 871 51.7 815 48.3  

  2011 951 54.4 798 45.6  

  2012 922 50.5 903 49.5  

  2013 996 48.2 1069 51.8  

  2014 1069 50.7 1039 49.3  

  2015 1042 46.7 1190 53.3  

Sex <0.001

  Female 4957 52.3 4530 47.7  

  Male 2634 47.8 2871 52.2  

Race <0.001

  White 5303 48.6 5615 51.4  

  African American 1019 58.7 717 41.3  

  Hispanic 699 58.6 493 41.4  

  Other race 475 50.7 462 49.3  

Marital status 0.050

  Married 3407 49.8 3440 50.2  

  Not married 4184 51.4 3961 48.6  

SEER region <0.001

  Northeast 1302 39.4 2001 60.6  

  South 2260 60.1 1498 39.9  

  North Central 863 50.3 853 49.7  

  West 3166 50.9 3049 49.1  

Medicaid <0.001

  Yes 1390 64.7 759 35.3  

  No 6201 48.3 6642 51.7  

(Continued)
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NSAIDs use No NSAIDs use Chi-square

  N % N %

County-level Mental Health 
Centers

<0.001

  Yes 3673 48.6 3882 51.4  

  No 3913 52.7 3510 47.3  

County-level Psychiatric 
Emergency Department

<0.001

  Yes 5399 48.9 5651 51.1  

  No 2187 55.7 1741 44.3  

Multimorbidity (⩾2 chronic 
conditions)

<0.001

  Yes 7123 51.3 6756 48.7  

  No 468 42.0 645 58.0  

Polypharmacy <0.001

  Yes 3366 61.4 2115 38.6  

  No 4225 44.4 5286 55.6  

Based on 14,992 older adults (age ⩾ 67 years at incident cancer diagnosis) with incident primary cancer and OA, who were continuously enrolled in Medicare Part A, 
and Part B during the study period, and Part D during baseline period and follow-up period; Median income: Zip-level median income from Census Bureau file; Poverty: 
percent zip-level persons living below poverty from Census Bureau file; Education: zip-level percent persons with less than high school diploma from Census Bureau file.
Abbreviations: NSAIDs, non-steroidal anti-inflammatory drugs; SEER, Surveillance, Epidemiology, and End Results Cancer Registry.

Table 1. (Continued)

impact meaning increase in depression incidence. Age, zip-code 
level education, care fragmentation, zip-code level poverty, and 
polypharmacy are the top 5 predictors of incident depression. 
Cumulative NSAIDs days was the sixth leading predictor of 
incident depression. Regarding the overall direction of the asso-
ciations, female sex, care fragmentation, polypharmacy, and 
cumulative continuous NSAIDs days increased the risk of inci-
dent depression. However, older age, zip-code level education, 
zip-code level poverty, prostate cancer, and early-stage cancer 
diagnosis predicted a lower risk of depression.

Further examination of the predictors suggested individual-
level heterogeneity in the relationships among predictors and the 
target variables (Figure 3). The individual SHAP dependence plot 
of cumulative NSAIDs days (Figure 3a) suggested a complex rela-
tionship, despite having a positive association. We observed that 
the relationship between NSAIDs use and incident depression 
was dependent upon the number of cumulative NSAIDs days.

For care fragmentation Figure 3b, a lower incidence of 
depression was observed between the FCI values of 3 and 5 
and a higher incidence after the FCI value crosses 6. The indi-
vidual dependence plot for age shows a sharp decrease in the 
incident depression between the ages of 75 and 80 years. After 
the age of 85 years, the relationship between incident depres-
sion and age was weak and dispersed. Polypharmacy was among 
the top predictors of incident cancer and shows a clear associa-
tion with an increased incidence of depression among patients 
with polypharmacy.

Key feature interactions and their effect on incident depres-
sion are listed in Table 3. Gain, F1 score, and weighted F1 score 
are provided along with their rank in the model. Age and edu-
cation were the highest observed interaction with the second 
highest gain (666.4) in the model. Age also interacted with 
care fragmentation and poverty leading to a gain of 638.0 and 
493.2, respectively. Prostate cancer and polypharmacy were 
among the highest interacting features with an F1 score of 4 
and gain ranked sixth.

Discussion
In this first US population-based study of older cancer survi-
vors with pre-existing OA, 1 in 8 adults were diagnosed with 
incident depression. There are no studies on OA and cancer 
population and therefore, we compared our findings among 
cancer survivors. One published study reported 3.3% of inci-
dent major depressive disorder (MDD) among older adults 
with incident cancer.58 The incident depression in this study is 
higher because the study cohort included older adults with 
cancer and OA, where OA patients are known to be 2 to 3 
times more likely to be diagnosed with depression.59,60

The study findings suggest the need for depression screen-
ing and treatment. The overall high rates of incident depres-
sion among cancer survivors and age being the top predictor of 
incident depression have implications for depression screening 
for depression in older adults. Routine depression screening 
can identify older adults who may be at high risk for depression 
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Table 2.  Sample Characteristics by Incident Depression Among Fee-for-Service Medicare Beneficiaries (Age ⩾ 67 Years at Incident Cancer 
Diagnosis) With Cancer and Osteoarthritis Linked SEER Cancer Registry and Medicare Claims Files, 2006 to 2016.

Depression No depression Chi-square

  N % N %

ALL 1926 100 13 066 100  

Cancer type <0.001

  Breast cancer 929 13.9 5745 86.1  

  Prostate cancer 309 7.4 3880 92.6  

  Colorectal cancer 474 17.0 2321 83.0  

  Non-Hodgkin’s lymphoma 214 16.0 1120 84.0  

Year of cancer diagnosis 0.811

  2008 195 11.8 1463 88.2  

  2009 207 12.4 1462 87.6  

  2010 215 12.8 1471 87.2  

  2011 229 13.1 1520 86.9  

  2012 234 12.8 1591 87.2  

  2013 262 12.7 1803 87.3  

  2014 287 13.6 1821 86.4  

  2015 297 13.3 1935 86.7  

Sex <0.001

  Female 1418 14.9 8069 85.1  

  Male 508 9.2 4997 90.8  

Race <0.001

  White 1497 13.7 9421 86.3  

  African American 170 9.8 1566 90.2  

  Hispanic 178 14.9 1014 85.1  

  Other race 67 7.2 870 92.8  

Marital status <0.001

  Married 763 11.1 6084 88.9  

  Not married 1163 14.3 6982 85.7  

SEER region 0.597

  Northeast 412 12.5 2891 87.5  

  South 506 13.5 3252 86.5  

  North Central 221 12.9 1495 87.1  

  West 787 12.7 5428 87.3  

Medicaid <0.001

  Yes 378 17.6 1771 82.4  

  No 1548 12.1 11 295 87.9  

(Continued)
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Depression No depression Chi-square

  N % N %

Mental Health Centers 0.018

  Yes 1019 13.5 6536 86.5  

  No 905 12.2 6518 87.8  

Psychiatric Emergency 
Department

0.595

  Yes 1429 12.9 9621 87.1  

  No 495 12.6 3433 87.4  

Multimorbidity <0.001

  Yes 1844 13.3 12 035 86.7  

  No 82 7.4 1031 92.6  

Polypharmacy <0.001

  Yes 985 18.0 4496 82.0  

  No 941 9.9 8570 90.1  

Based on 14,992 older fee-for-service Medicare beneficiaries (age ⩾ 67 years at incident cancer diagnosis) with incident cancer and pre-existing osteoarthritis who were 
continuously enrolled in Medicare Part A, and Part B during the study period, and Part D during baseline period and follow-up period. See methods section for other 
inclusion criteria and definitions of study, baseline-, and follow-up periods.
Abbreviations: NSAIDs, non-steroidal anti-inflammatory drugs; SEER, Surveillance, Epidemiology, and End Results Cancer Registry.

Table 2. (Continued)
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Figure 1.  Incident depression rates by cumulative continuous NSAIDs days among fee-for-service medicare beneficiaries (age ⩾ 67 years at incident 

cancer diagnosis) with cancer and osteoarthritis in linked SEER Cancer Registry and Medicare Claims files, 2006 to 2016.
Based on 14,992 older adults (age ⩾ 67 years at incident cancer diagnosis) with cancer and OA, who were continuously enrolled in Medicare Part A, and Part B 
during the study period, and Part D during baseline period and follow-up period. Abbreviations: NSAIDs, non-steroidal anti-inflammatory drugs; SEER, Surveillance, 
Epidemiology, and End Results Cancer Registry.

and may also help prevent the onset of other chronic condi-
tions.61 Robust evidence suggests that depression in older 
adults is a risk factor for dementia,62 and remains an under-
recognized target for the prevention of dementia.63 The U.S. 
Preventive Services Task Force (USPSTF) currently recom-
mends depression screening among older adults.64 However, 
barriers to screening exist.65,66 Thus, the current study findings 
reinforce the need for depression screening among older adults.

Although the study findings suggest the need for depres-
sion treatment among older adults with cancer, the practition-
ers may need to consider collaborative care for depression 
instead of fragmented care practices. For example, it has been 
reported that collaborative depression care is more effective in 
reducing depressive symptoms than usual care in numerous 
randomized controlled trials (RCTs). The SMaRT 
Oncology—2 trial was an implementation of an integrated 
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collaborative care model in cancer patients.67 The trial reported 
lower depression scores along with less anxiety, pain, fatigue, 
and improved quality of life and physical functioning and pro-
vided evidence of the utility of collaborative care in multimor-
bid populations including cancer.67

This study cohort also fits the definition of multimorbid-
ity with having at least 2 conditions (cancer and OA).68 
There is robust evidence on the challenges to care manage-
ment of adults with multimorbidity including care fragmen-
tation.69 In our study, care fragmentation was the third 
leading predictor of incident depression. Patients with high 
care fragmentation were more likely to have incident depres-
sion in the model. Taken together, the findings suggest that 
individuals with cancer, OA, and incident depression may 
need a holistic and patient-centered approach for effective 
treatment of all 3 conditions. A collaborative care approach, 
in which care is managed by a team consisting of a case man-
ager, primary care physician, and mental health specialist 
may be warranted.70

In this study, a majority (50.6%) of older adults received 
prescription NSAIDs consistent with published studies.71,72 In 
the ML model of incident depression, cumulative NSAIDs 
days was the sixth leading predictor of incident depression with 
the overall effect of increasing the risk of depression. Moreover, 
in the bivariate analysis, we observed that older adults without 
any NSAIDs use had a lower incidence of depression as 

compared to those with any NSAIDS use. This observation 
can be interpreted as a positive association between NSAIDs 
use and incident depression. However, an examination of the 
individual-level predictions revealed a complex relationship 
between variations in incident depression predictions and the 
number of cumulative continuous NSAIDs days. The individ-
ual SHAP dependence plot of cumulative NSAIDs days 
(Figure 3a) indicated that for most cancer survivors with no 
NSAID use, the risk of incident depression was lower. However, 
for a small subset of cancer survivors with no NSAID use, a 
higher risk of incident depression was observed. These findings 
taken together suggest that no NSAIDs use is beneficial among 
older cancer survivors. A closer examination of the dependence 
plot revealed that the association of cumulative NSAID days 
with incident depression varied by levels of NSAIDs use. For 
example, between >0 and 50 NSAID days, SHAP values 
increased sharply suggesting an increased risk of incident 
depression with short-term NSAIDs use. At higher values, 
between 150 and 200 NSAIDs days, the relationship between 
NSAIDs days and incident depression is mixed. At very high 
levels of NSAIDs days, the risk of incident depression increases 
sharply, although a subset of cancer survivors with high levels 
of NSAIDs use (>200 cumulative days) had a lower risk of 
incident depression. Overall, the relationship of NSAIDs days 
and incident depression is very complex. Future studies need to 
further ascertain the heterogeneity of treatment effects using 

Figure 2.  Simplified relationships between top predictors and incident depression among fee-for-service medicare beneficiaries (age ⩾ 67 years at 

incident cancer diagnosis) with cancer and osteoarthritis in linked SEER Cancer Registry and Medicare Claims files, 2006 to 2016. The x-axis represents 

the marginal contribution of a feature to the change in the predicted probability of incident depression diagnosis; pink color represent increase and blue 

color represents decrease in the incidence of depression.
Based on 14,992 older fee-for-service Medicare beneficiaries (age ⩾ 67 years at incident cancer diagnosis) with incident cancer and pre-existing OA and who were 
continuously enrolled in Medicare Part A, and Part B during the study period, and Part D during baseline period and follow-up period.
Care fragmentation = Bice-Boxerman continuity of care index to calculate care fragmentation during the 12-month baseline period (See Methods). Age: age at incident 
cancer diagnosis; Median income: Zip-level median income from Census Bureau file; Poverty: percent zip-level persons living below poverty from Census Bureau file 
linkage; Education level: zip-level percent persons with less than high school diploma from Census Bureau file linkage; Oncology and screening centers: area-level 
information from area health resource file linkage. Abbreviations: NSAIDs, non-steroidal anti-inflammatory drugs; OA, osteoarthritis; SEER, Surveillance, Epidemiology, 
and End Results Cancer Registry; SHAP, Shapley Additive exPlanations.
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Figure 3.  Heterogeneity in relationships between predictors and incident depression. SHAP dependence plots among fee-for-service medicare beneficiaries 

(age ⩾ 67 years at incident cancer diagnosis) with cancer and osteoarthritis in linked SEER Cancer Registry and Medicare Claims files, 2006-2016. The figures 

represent the SHAP log-odd values by cumulative continuous NSAIDs days (a), care fragmentation (b), age (c), and polypharmacy (d). In all the figures the x-axis 

represents the numeric value of each feature, and the y-axis represents the marginal contribution of the feature to the change in the predicted probability of 

incident depression diagnosis for each individual in the dataset. Based on 14 992 older fee-for-service Medicare beneficiaries (age ⩾ 67 years at incident cancer 

diagnosis) with incident cancer and pre-existing Osteoarthritis and who were continuously enrolled in Medicare Part A, and Part B during the study period, and 

Part D during baseline period and follow-up period. Abbreviations: NSAIDs, non-steroidal anti-inflammatory drugs; SEER, Surveillance, Epidemiology, and End 

Results Cancer Registry; SHAP, Shapley Additive exPlanations.

Table 3.  Key Feature Interactions in the Incident Depression Model Among Fee-for-Service Medicare Beneficiaries (Age ⩾ 67 Years at Incident 
Cancer Diagnosis) with Cancer and Osteoarthritis Linked SEER Cancer Registry and Medicare Claims Files, 2006 to 2016.

Feature interactions Gain F1 score Weighted F1 
score

Gain rank F1 score 
rank

Weighted F1 
score rank

Age and education 666.4 96 9.9 2 6 8

Care fragmentation and age 637.9 106 8.3 5 4 9

Prostate cancer and polypharmacy 614.5 4 2.2 6 84 30

Poverty and FCI 590.6 94 11.9 7 8 6

FCI and zip-code level education 577.3 93 3.5 8 9 19

Age and zip-code level poverty 493.2 95 14.8 10 7 5

Based on 14,992 older fee-for-service Medicare beneficiaries (age ⩾ 67 years at incident cancer diagnosis) with incident cancer and pre-existing Osteoarthritis who were 
continuously enrolled in Medicare Part A, and Part B during the study period, and Part D during baseline period and follow-up period. See methods section for other 
inclusion criteria and definitions of study, baseline-, and follow-up periods.
Abbreviations: FCI, fragmentation care index; SEER, Surveillance, Epidemiology, and End Results Cancer Registry.

methods such as double machine learning, single learner, and 
X-learner, and identify thresholds of NSAID days that may 
reduce the risk of depression.73 Future prospective research 

studies are needed to confirm these findings and identify a sub-
group of older adults with OA and cancer who may benefit 
from treatment with NSAIDs.29
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A number of other variables (eg, age, education, care frag-
mentation, poverty, and polypharmacy) predicted incident 
depression, consistent with bivariate findings. Polypharmacy was 
the fourth leading predictor of incident depression and led to an 
increase in the incidence of depression. Multiple studies and 
meta-analyses have identified a positive association between the 
number of medications or polypharmacy and depression.74-76 
These findings suggest that medication management therapy 
(MTM) services may be essential. Under the recent rules from 
the Centers for Medicare and Medicaid Services (CMS), 
Medicare Part D insurers are required to offer free MTM ser-
vices for complex patients such as those with 3 or more chronic 
conditions. However, the implementation of MTM programs 
has faced many challenges,77 despite the potential to improve 
outcomes. Future studies need to identify MTM strategies that 
can overcome the barriers and optimize the outcomes for cancer 
survivors with polypharmacy and multimorbidity.

Our study has several strengths. To date, this is the first 
study to assess the incidence of depression among older adults 
with incident cancer and pre-existing OA. We also identified 
the top predictors and their associations to incident depres-
sion using interpretable machine learning methods. Our 
study assessed the heterogeneity in the effects of NSAIDs 
treatment with incident depression by measuring NSAIDs 
use with cumulative continuous NSAIDs days rather than a 
simple dichotomous measure. Linked cancer-registry and 
Medicare claims data made it possible to control for cancer-
related factors such as the stage of cancer and capture care 
across all settings. This study also has some limitations. The 
severity of OA in terms of symptoms, pain, and mobility may 
also affect depression onset and our study did not have infor-
mation on the severity of OA or pain. However, we used pain 
conditions as a proxy. We included only prescription NSAIDs 
data because data on over-the-counter NSAIDs were not 
available. We included 4 different cancers, including sex-spe-
cific cancers, in our study and combined them within one 
model. Although we controlled for cancer type in the model, 
it is possible that the association of NSAIDs to depression 
incidence may depend on the type of cancer. Although we 
corrected for class imbalance using data-level (random under-
sampling and over-sampling) and algorithm level methods 
(weighting), these methods may not perfectly adjust for class 
imbalance.

Conclusion
In this first study among older adults with OA and incident 
cancer, 1 in 8 adults developed incident depression. Older adults 
with colorectal cancer had the highest incidence of depression, 
followed by patients with NHL. Cumulative NSAIDs days was 
the sixth leading predictor of incident depression but their  
association remains complex, driven by the length of NSAID 
use . Several sociodemographic and economic factors were the 
leading predictors of incident depression.  Future studies with 
prospective study designs are recommended to further confirm  
the assoication of NSAIDs and depression.
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Osteoarthritis Diagnosis (1 inpatient or 2 
outpatient claims 30-day apart)

n = 50,874

Older Adults 
(>67 years) at incident cancer diagnosis

n = 38,045

Continuously enrolled in Part A and B 
during the study period

n = 37,340

Continuously enrolled in Part D during the 
baseline and follow-up period

n = 33,776

Incident primary cancer (breast, prostate, 
colorectal or non-Hodgkin’s lymphoma)

n = 32,649

Not diagnosed through autopsy/death 
certificate 
n = 17,824

No history of depression during baseline 
period

n = 14,992

Appendix 1.  Patient attrition flow chart for fee-for-service medicare 

beneficiaries (age ⩾ 67 years at incident cancer diagnosis) with cancer 

and osteoarthritis in linked SEER Cancer Registry and Medicare Claims 

files, 2006 to 2016.

Appendix 2.  Sample Characteristics for Fee-for-Service Medicare 
Beneficiaries (Age ⩾ 67 Years at Incident Cancer Diagnosis) With 
Cancer and Osteoarthritis Linked SEER Cancer Registry and 
Medicare Claims Files, 2006 to 2016.

N %

ALL 14 992 100

Cancer type

  Breast cancer 6674 44.5

  Prostate cancer 4189 27.9

  Colorectal cancer 2795 18.6

  Non-Hodgkin’s lymphoma 1334 8.9

Year of cancer diagnosis

  2008 1658 11.1

  2009 1669 11.1

  2010 1686 11.2

N %

  2011 1749 11.7

  2012 1825 12.2

  2013 2065 13.8

  2014 2108 14.1

  2015 2232 14.9

Sex

  Female 9487 63.3

  Male 5505 36.7

Race

  White 10 918 72.8

  African American 1736 11.6

  Hispanic 1192 8.0

  Other race 937 6.3

Marital status

  Married 6847 45.7

  Not married 8145 54.3

SEER region

  Northeast 3303 22.0

  South 3758 25.1

  North Central 1716 11.4

  West 6215 41.5

Medicaid

  Yes 2149 14.3

  No 12 843 85.7

Multimorbidity

  Yes 13 879 92.6

  No 1113 7.4

Polypharmacy

  Yes 5481 36.6

  No 9511 63.4

County-level mental health centers

  Yes 7555 50.4

  No 7423 49.5

County-level psychiatric emergency department

  Yes 11 050 73.7

  No 3928 26.2

Continuous variables Mean SD

Appendix 2. (Continued)

(Continued) (Continued)
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N %

Zip-level income in dollars*

  41 353.4 24 775.4

Zip-level poverty status*

  12.5 10.0

Zip-level education*

  24.7 16.8

Age in years*

  77.4 6.9

Care fragmentation index*

  0.7 0.2

Cumulative NSAIDs use days*

  117.1 121.5

Based on 14,992 older fee-for-service Medicare beneficiaries (age ⩾ 67 years at 
incident cancer diagnosis) with incident cancer and pre-existing Osteoarthritis 
who were continuously enrolled in Medicare Part A, and Part B during the study 
period, and Part D during baseline period and follow-up period. See methods 
section for other inclusion criteria and definitions of study, baseline-, and follow-
up periods.
Abbreviations: NSAIDs, non-steroidal anti-inflammatory drugs; SEER, 
Surveillance, Epidemiology, and End Results Cancer Registry.
*Continuous variables for which mean and standard deviation is reported.

Appendix 2. (Continued)


