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Background: The coronavirus disease 2019 (COVID-19) public health emergency has amplified the potential value of deploying telehealth solutions. Less is known about how trends in access to care through telehealth changed over time.

Objectives: To investigate trends in forgone care and telehealth coverage among Medicare beneficiaries during the COVID-19 pandemic.

Methods: A cross-sectional study design was used to analyze the outcomes of 31,907 Medicare beneficiaries using data from three waves of survey data from the Medicare Current Beneficiary Survey COVID-19 Supplement (Summer 2020, Fall 2020, and Winter 2021). We identified informative variables through a multivariate classification analysis utilizing Random Forest machine learning techniques.

Findings: The rate of reported forgone medical care because of COVID-19 decreased largely (22.89–3.31%) with a small increase in telehealth coverage (56.24–61.84%) from the week of June 7, 2020, to the week of April 4 to 25, 2021. Overall, there were 21.97% of respondents did not know whether their primary care providers offered telehealth services; the rates of forgone care and telehealth coverage were 11.68 and 59.52% (11.73 and 81.18% from yes and no responses). Our machine learning model predicted the outcomes accurately utilizing 43 variables. Informative factors included Medicare beneficiaries' age, Medicare-Medicaid dual eligibility, ability to access basic needs, certain mental and physical health conditions, and interview date.

Conclusions: This cross-sectional survey study found proliferation and utilization of telehealth services in certain subgroups during the COVID-19 pandemic, providing important access to care. There is a need to confront traditional barriers to the proliferation of telehealth. Policymakers must continue to identify effective means of maintaining continuity of care and growth of telehealth services.
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1. Introduction

Access to medical care is an ongoing problem for vulnerable populations (1, 2), and the COVID-19 pandemic has had a devastating impact on disparities in forgone care (3–5). There were about 40% of U.S. adults reporting forgone medical care during the COVID-19 pandemic, citing fear of infection among the reasons (6). Another reason is that the physician's office may present logistical barriers, such as inconvenient clinic hours and lack of care coordinators (7). In the meanwhile, telehealth virtual visits offer a way to reduce exposure to COVID-19 infections. When Medicare beneficiaries tend to reduce traditional in-person medical visits, telehealth has been widely utilized because of its usability and safety in providing healthcare services (8, 9).

Several studies that contributed to the use of telehealth were published during the initial stage of the COVID-19 pandemic when health systems lacked medical supplies and staff (9–13). However, no telehealth program can be created overnight. There has been limited investigation since telemedical innovations and vaccine administration were implemented (14–20). After health systems regained the capacity to treat patients in person and the diverse contributions of telehealth were made, there is limited understanding of the experiences of Medicare beneficiaries, who are a higher risk population for COVID-19 mortality since most of them are 65 years or older (4).

In this study, we examined trends in patient-reported access to care and telehealth utilization among Medicare beneficiaries in three waves of data collection during the COVID-19 pandemic (Summer 2020, Fall 2020, and Winter 2021). We expected that these two outcomes were correlated, and therefore we conducted a multivariate classification analysis. Reasons for disparities included socio-demographic factors, personal experiences with COVID-19, electronic device usage, economic and mental effects of the pandemic, non-COVID-19 health status and interview date. Since there are many correlated predictors with missing values, multivariate classification analysis utilized Random Forest machine learning techniques (21–23).



2. Methods


2.1. Data

Data sets were downloaded from the Medicare Current Beneficiary Survey (MCBS) COVID-19 Supplement Public Use File, collected via a telephone survey in Summer 2020 (June to July), Fall 2020 (October to November), and Winter 2021 (February to April). These three waves of survey data contained a nationally representative sample of all Medicare beneficiaries, and the survey was conducted in either English or Spanish. The MCBS is sponsored by the Centers for Medicare & Medicaid Services (CMS) in the U.S., and the original MCBS primarily has focused on economic and beneficiary topics, including health care use, access barriers, and expenditures. With the emergence of COVID-19, CMS was uniquely positioned to collect vital information on how the pandemic is impacting the Medicare population by using the MCBS as a vehicle to collect data. Ethics approval and consent to participate in the entire project were obtained by CMS and NORC at the University of Chicago; both organizations uphold provisions established under the Privacy Act of 1974, the NORC Institutional Review Board (IRB), the Office of Management and Budget, and the Federal Information Security Management Act of 2002.

In total, 235 variables were included in all three waves of surveys (see Supplementary Table 1). Among the three variables describing interview characteristics, interview week was included as a predictor since it is more relevant than the other two variables, interview language and interview with proxy. We utilized all the variables recording beneficiaries' demographic information as predictors. Among the 121 variables describing access to care during the pandemic, two variables were chosen as primary outcomes: forgone medical care because of COVID-19 and the status of whether primary care physicians (PCP) offered telehealth appointments by the date of interview. The description of these two outcome variables in the MCBS survey is listed in Supplementary Table 2. We chose five predictors from these 121 variables since they are relevant to telehealth, including owning a computer, owning a smartphone, owning a tablet, access to the Internet, and using video/voice calls; other variables in this group are too sparse to be added in the classification model since most of them are follow-up questions if beneficiaries forwent medical care, such as unable to get care for vision, dental, hearing, etc. Most of the beneficiaries did not have experience with COVID-19. From the 42 variables describing beneficiaries' personal experiences with COVID-19 and 27 variables describing preventive measures and knowledge about COVID-19, we chose two variables, including the results for COVID-19 and COVID-19 antibody tests—they were included in the descriptive summary but not included in the classification model because of missing data since most respondents did not conduct the tests. We included all the variables describing the economic and mental effects of the pandemicӑand beneficiaries' non-COVID-19 health status.



2.2. Statistical analysis

To investigate patterns of access to care and telehealth offerings among Medicare beneficiaries during COVID-19, we first run descriptive analyses for 46 independent variables, including socio-demographic factors, personal experiences with COVID-19, electronic device usage, etc. Next, we conducted a multivariate classification analysis to assess whether these variables were significant predictors of access to care and telehealth utilization. In this step, a variable recording interview date was added, while four variables were excluded because they are only available in the survey conducted in Winter 2021, including two socio-demographic variables (Medicare Advantage and Part D plan) and two variables describing personal experiences with COVID-19 (COVID-19 test and COVID-19 antibody test results).

For all analyses, a complex sample design was used with sampling weights provided by the MCBS to produce nationally representative estimates. All percentages and proportions that appeared in this study were calculated using survey weights. In the descriptive analyses, weighted chi-squared tests were used to test the association between each predictor and the outcome. In the multivariate classification analysis, Random Forest (21) model was applied for the prediction of outcomes, a modern machine learning technique that has been utilized widely to explore a large number of predictors and identify replicable sets of risk factors (24–28). Weighted chi-squared tests and the Random Forest model were implemented in the open-source R software using the weights (29) and randomForestSRC (23, 30) packages correspondingly. From the randomForestSRC package, the functions rfsrc and tune were applied with 1,000 trees. The parameters case.wt and na.action were set for survey weighting and missing data imputation for independent variables. All statistical inferences were based on a significance level of P (two-sided) ≤ 0.05. Model performance was evaluated through out-of-bag misclassification error, where out-of-bag refers to the data proportion that is not used for fitting the model (Classification trees were “grown” from bootstrap samples of the original dataset, leaving an average of 37% of unsampled data referred to as out-of-bag data) but for calculating the cross-validated prediction error and VIMP.


2.2.1. Variable importance (VIMP) and partial plot

From the Random Forest classification model, the estimated VIMP (21, 22) was adopted for ranking variables, which utilizes a prediction-based approach by estimating classification error attributable to the predictor. The VIMP can be interpreted as the increase in the misclassification error when the corresponding predictor is randomly permutated into a noise variable. For example, a VIMP of 4.29% indicates that a variable improves by 4.29% the ability of the model to classify the status of the outcome. Standard errors and P-values were generated by a delete-d-jackknife procedure (22, 31). In addition, partial dependence plots were used to visualize the variables' impact on the outcome through mapping their marginal effects (32, 33), where predicted probability is adjusted by integrating out all variables other than the selected variable. Inferences of VIMP and partial plots were generated using the functions subsample and plot.variable (setting partial = TRUE) from the randomForestSRC R package with default settings.





3. Results


3.1. Description of the sample

The main characteristics of the sample from the three waves of survey data are displayed in Table 1. There are 46 variables in the rows, including ten socio-demographic variables, two variables describing personal experiences with COVID-19, five variables describing electronic device usage, seven variables describing economic and mental effects of the pandemic, and 22 variables recording non-COVID-19 health status. Among these groups of variables, the two variables describing personal experiences with COVID-19, which recorded COVID-19 test and COVID-19 antibody test results, are not significantly associated with any of the two outcomes; all the five variables describing electronic device usage are significantly associated with both outcomes. The variable recording interview date is displayed in Figure 1 plotted against the percentage of forgone care and type of telehealth provided by PCP. From Summer 2020 to Winter 2021, the proportion of forgone care decreased largely from 22.89 to 3.31%. However, the increase in telehealth coverage is not as large (56.24 to 61.84%), as shown in Figure 1. The type of telehealth offered was summarized as “telephone,” “video,” and “both,” whose survey-weighted percentages in June 2020 were 30.46, 8.30, and 61.24%, respectively, and in April 2021 were 22.30, 5.12, and 72.58%, respectively. There was an increase in the usage of both video and telephone for telehealth.


Table 1. Descriptive analysis of forgone care and telehealth coverage reported by Medicare beneficiaries.
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FIGURE 1.
 Trends of forgone care and telehealth utilization. (A) The percentage of forgone care decreased largely with a small increase in telehealth coverage. (B) The usage of both video and telephone for telehealth increased over time.


In total, there are 31,907 Medicare beneficiaries included in the final sample, among which 11,114 are from Summer 2020, 9,686 from Fall 2020 and 11,107 from Winter 2021. For the two outcomes, 135 and seven beneficiaries reported “don't know” and “refused,” respectively, for answering whether they were unable to get care because of COVID-19; 7,174 and three beneficiaries reported “don't know” and “refused,” respectively, with 1,486 inapplicable/missing data for answering whether PCP offered telehealth appointments. These categories were discarded in the descriptive analysis for both outcomes and independent variables shown in Table 1. There were 21.97% of respondents unknown whether their PCP offered telehealth services; the rates of forgone care and telehealth coverage were 11.68 and 59.52% (11.73 and 81.18% from yes and no responses). Forgone care was negatively correlated telehealth coverage (χ2 = 18.40, p < 0.001).

Among the 10 socio-demographic variables, six were significantly associated with both outcomes including age, gender, race/ethnicity, region, income and use of a language other than English at home (shown as non-English in Table 1). Beneficiaries who were metro residents and not eligible for Medicaid benefits (non-dual-eligible) significantly tended to have telehealth coverage. Among the seven variables describing economic and mental effects of the pandemic, four were significantly associated with both outcomes, indicating that beneficiaries who were able to get food and felt less stressed, lonely, or sad and more socially connected were more likely to have access to care; beneficiaries with access to care were those who were able to or need not pay rent/mortgage as well as get home supplies and those who did not feel less financially secure. Most of the 22 variables recording non-COVID-19 health status were significantly associated with either of the outcomes.



3.2. Relationship of outcomes to important variables

We selected variables for predicting both outcomes by machine learning using the Random Forest multivariate classification model shown in Table 2. Only yes and no responses of the outcomes were included in this classification model (n = 22, 138, p = 43). The Random Forest model predicts the outcomes accurately: the out-of-bag misclassification error is 11.63% for predicting forgone care and 21.18% for telehealth coverage. The full version of Table 2 can be found in Supplementary Table 3. For method comparison, we also analyzed the data with logistic regression. The model of regular logistic regression did not converge because of the missing data problem. Utilizing penalized logistic regression (34, 35) with 10-fold cross-validation provides misclassification errors of 11.94% for predicting forgone care and 21.91% for telehealth coverage; the coefficients were listed in Supplementary Table 4.


Table 2. Informative variables from multivariate classification analysis using Random Forest.
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Table 2 presents the estimate, standard error (SE), and P-value of Random Forest VIMP. A large estimate of VIMP indicates a variable that is more informative for predicting the corresponding outcome, while a negative estimate indicates a noise variable. For example, a VIMP value of 4.81% for forgone care indicates that the variable improves by 4.81% the ability of the model to classify the status of forgone care. However, VIMP can not provide the direction of the association, for which we used the odds ratio (OR). To interpret the OR conveniently, we can consider Table 1 as a list of stacked contingency tables of variables, and we used the first two rows of each contingency table for each variable for calculating an OR with survey weights. Odds ratios >1 indicate a positive association between the first category of the variable of interest and the corresponding outcome compared with its second category; odds ratios <1 represent a negative association. For binary variables with yes or no response, odds ratios >1 indicate a positive association since the first category is always for the yes response.

We detected 20 variables that were significantly associated with both forgone care and telehealth coverage, as shown in Table 2. Two variables are not significantly associated with any of the two outcomes, statuses of owning a tablet and having any heart condition (see Supplementary Table 3). However, variables describing specific heart conditions are significantly associated with the outcomes, which possibly masks the effect of having any heart condition as the overall status. The effects of age, census region, and race/ethnicity are shown in Figure 2 and Supplementary Figure 1. As demonstrated in Figure 2D, the probability of forgone care decreased largely across time after adjusting for other variables, indicating a strengthened health system.
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FIGURE 2.
 Random forest estimated probabilities of outcomes plotted against candidate variables after adjusting for other variables. (A) The association between age and forgone care. (B) The association between age and telehealth coverage. (C) The association between region and forgone care. (D) The association between interview date and forgone care.



3.2.1. Forgone care

The most informative variable is interview date for predicting if the beneficiary was unable to get care because of COVID-19, contributing 2.09% prediction accuracy (SE = 0.27, p < 0.001). The status of being able to get home supplies is the second most informative variable, contributing 1.20% prediction accuracy (SE = 0.33, p < 0.001). Medicare-Medicaid dual eligibility and age are also significantly associated with the outcome, indicating that non-dual-eligible beneficiaries (not eligible for Medicaid benefits) with younger age were more likely to forgo care. People who reported using video/voice calls were more likely to forgo care. The groups that reported being unable to pay rent/mortgage or get food or home supplies were more likely to be unable to get care.

In terms of mental effects of the pandemic and non-COVID-19 health status or habit, beneficiaries with forgone care tended to feel less financially secure and more lonely or sad and have depression. Forgone care was associated with e-cigarette usage and health conditions such as angina pectoris/coronary heart disease (CHD), congestive heart failure, other heart cond such as abnormal valve/rhythm, stroke/brain hemorrhage, cancer (non-skin), osteoporosis/soft bones, broken hip, emphysema/asthma/chronic obstructive pulmonary disease (COPD), weak immune system, and diabetes/high blood sugar. Alzheimers/dementia is negatively associated with self-reported forgone care.



3.2.2. Telehealth coverage

Among the 43 variables, 39 were significantly associated with coverage of telehealth. The three most informative factors are Medicare-Medicaid dual eligibility (VIMP = 4.81, SE = 0.59 p < 0.001, OR = 0.58), residing area (metro residence, VIMP = 4.57, SE = 0.33, p < 0.001, OR = 1.87), and race/ethnicity (VIMP = 4.13, SE = 0.39 p < 0.001, OR = 2.00), indicating that non-dual-eligible beneficiaries (not eligible for Medicaid benefits), non-hispanic white and metro residents were more likely to have telehealth coverage provided by PCP.

The age group of 65–74 years old, the female gender group and the midwest/west-region group had higher coverage of telehealth. Beneficiaries using English language at home and those with higher income also had higher coverage. Owning a computer or smartphone with access to the Internet and usage of video/voice calls was positively associated with telehealth coverage. Respondents with telehealth coverage reported being able to pay rent/mortgage and get food, feeling more financially secure but more stressed, more lonely or sad, less socially connected, and having depression. Being able to get home supplies is negatively associated with telehealth coverage. Most variables describing non-COVID-19 health conditions and smoking status are negatively associated with the outcome, except cancer (non-skin), osteoporosis/soft bones/broken hip, and emphysema/asthma/COPD.



3.2.3. Variable interactions

We detected three pairs of variables that intensified the disparity in both outcomes when different statuses were combined. Figures 3A,B demonstrate the interaction between statuses of Internet access and whether respondents felt financially secure during the pandemic. The group with Internet access and felt less financially secure had higher probabilities of forgone care (20.47%) than the group without Internet access and felt more financially secure (7.92%). The group with Internet access and felt more financially secure had higher probabilities of telehealth coverage (86.68%) than the group without Internet access and felt less financially secure (67.32%). Medicare-Medicaid dual eligibility interacted with the variable income, as shown in Supplementary Figures 2A,B. The higher-income group with full eligibility had higher probabilities of forgone care and telehealth coverage (17.88 and 84.98%) than the lower-income group not eligible for Medicaid (non-dual, 9.6 and 74.28%). The female group with the status of metro residence had higher probabilities of telehealth coverage (83.62%) than the male group with the status of non-metro residence (71.29%), as shown in Supplementary Figure 2D. However, such a difference is small for forgone care (12.26 vs. 10.08%), as shown in Supplementary Figure 2C, indicating that forgone care is not caused by telehealth coverage for this subgroup.
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FIGURE 3.
 Interaction of access to the internet and the status of whether beneficiaries felt financially secure during the pandemic. The survey weighted proportions of positive outcomes are listed in parentheses. (A) The interaction for predicting forgone care. (B) The interaction for predicting telehealth coverage.






4. Discussion

Utilizing three waves of nationally representative survey data for Medicare beneficiaries, we analyzed trends in and reasons for forgone care and telehealth coverage during the COVID-19 pandemic. Although the percentage of forgone care decreased largely during the COVID-19 pandemic, telehealth coverage increased only on a small scale. Although CMS temporarily provided reimbursement for telehealth regardless of patient location (36), patient-based barriers to access to telehealth may still exist.

We found that the disparity in access to care through telehealth was associated with age, Medicare-Medicaid dual eligibility, electronic device usage, ability to access basic needs, and certain mental and physical health conditions. Among these factors, some socio-demographic factors had a similar influence in some prior studies reporting pre-COVID disparities in access to care (8, 37, 38); other factors may reflect an increased risk of spillover effects of the COVID-19 on non-COVID patients, including provision of essential chronic care (39) and changes in mental health (40). People with underlying chronic conditions are more susceptible to the infection due to weakened immunity, and therefore more likely to forgo needed treatments (41).

After adjusting for other factors, residence (metro or non-metro), region (northeast, midwest, south, or west) and income were not significantly associated with forgone care because of COVID-19, but they were significantly associated with telehealth coverage. As (42) stated, stated, health care partners should be informed about the collaborative use of telehealth-centered strategies to improve facility outcomes during the COVID-19 outbreaks. The disparity in telehealth coverage will eventually be reflected in poor access to care unless rapidly technological solutions are deployed and components of equity are examined. Further challenges replicating in-person care using telehealth formats include comorbidities. Take heart conditions, for example. Our data showed that Medicare beneficiaries with heart conditions were more likely to forgo care and less likely to have telehealth coverage. Radhakrishnan et al. (43) reported that for patients with heart failure on telehealth, comorbidity characteristics of renal failure, cancer, and depression comorbidities were significantly associated with withdrawal from telehealth services. However, a more recent study showed that for older persons living with HIV, the number of comorbidities was positively related to telehealth use via telehealth apps such as the MyChart App (44). Because of risk factors for severe COVID-19, the role of telehealth use will become more and more critical for the early identification of patients who need their care, care coordination, and the assessment of daily facility needs.

Medicare beneficiaries with depression had higher coverage of telehealth, indicating the absence of inequities between mental health coverage and coverage for other medical conditions. However, depression is positively associated with forgone care. This may reflect the fact that the share of adults with common mental disorders (primarily anxiety and depression), post-traumatic stress disorder, substance use disorders, behavioral disorders and suicidal behavior increased during the pandemic (45–47). Social isolation and lack of access to medical or behavioral health care may be associated with negative mental health outcomes (48). Therefore, it is important to consider how these factors are associated and explore ways to foster health system resilience to support vulnerable patients.

In contrast to previous studies (3, 18, 49), we analyzed related factors in a more inclusive fashion for ranking variables and identifying complex interactions. After adjustment for different factors, the discoveries could be more reproducible. For survey data with a large set of correlated variables, flexible statistical assumptions of the prediction model are often required. We are able to show that Random Forest provides a set of useful prediction tools when applied to a standard national survey data set. For this dataset, classical logistic regression and lasso penalized logistic regression suffered from multicollinearity and missing data problems, while Random Forest could provide prediction accuracy as high as almost 90%. Further, Random Forest provides an interpretable nonparametric variable important index that is useful for variable ranking (22, 50, 51). Although regular logistic regression suffers the problem of missing data, penalized logistic regression provides similar prediction performance. Overall, we saw potentially significant returns to statistical and machine learning methods.


4.1. Limitations

Because of the nature of survey data, this study is subject to recall and social desirability biases. Its results are not generalizable to non-medicare beneficiaries. In addition, we do not yet have data recording beneficiaries' education level or reasons for accessing telehealth. The variables we used were defined in wide categories with few details. For example, age was coded on three levels, income was recorded on only two levels, and measures of mental wellbeing were not sufficiently defined for different aspects. Finally, our findings should be interpreted cautiously because they were based on analyses addressing prediction or association, not causality.




5. Conclusions

In conclusion, existing barriers to telehealth may influence patients' forgone care during the COVID-19 pandemic. There is a need to develop telehealth services, enhance patients' awareness of telehealth, and ensure equal access and utilization of telehealth. Identifying the associations among forgone care, telehealth coverage and patients' socio-demographic and clinical characteristics is essential for policymakers, patients and clinics in making informed health care decisions.
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Not needed 12,474 (37) 1318(12) 11,109 (88) 6,946 (81) 1914 (19)
Able to get food Able 30,338 (95) 3253 (1) 26,966 (39) 17,401 (81) 4729 (19) e
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Cancer (non-skin) Yes 6,342 (19) 784 (13) 5,530 (87) 3,797 (82) 990 (18)
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Alzheimers/dementia Yes 1,280 (3) 126 (1) 1,146 (89) 723 (76) 249 (24) it
No 30,582 (97) 3424 (12) 27,024 (88) 17,504 (81) 4,740 (19)
Depression Yes 8,523 (27) 1,221 (15) 7,249 (85) 5,174 (82) 1,349 (18)
No 23,289(73) 2,320 (11) 20,881 (89) 13,016 (81) 3,633 (19)
Osteoporosis or soft Yes 5,975 (18) 797 (15) 5,150 (85) 3,653 (82) 887 (18) e
bones No 25,778 (82) 2,743 (11) 22,922 (89) 14,509 (81) 4,083 (19)
Broken hip Yes 1,196 (3) 133(12) 1,061 (88) 669 (79) 205 (21)
No 30,659 (97) 3,419 (12) 27,101 (88) 17,549 (81) 4781 (19)
Emphysema/asthma/ Yes 6,180 (19) 866 (15) 5,286 (85) 3,756 (81) 997(19)
coPD No 25,661 (81) 2,682 (11) 22,866 (89) 14,456 (81) 3,988 (19)
Diabetes/high blood Yes 10,175 (33) 1,270 (13) 8,851 (87) 6,196 (81) 1,662 (19)
sugar No 21,659 (67) 2278 (1) 19,203 (89) 12,022 (81) 3,316 (19)
Any arthritis Yes 11,436 (61) 1,459 (13) 9924 (87) 6791 (80) 1,884 (20)
No 7,424 (39) 708 (10) 6,685 (90) 4,008 (80) 1,176 (20)
Any heart condition Yes 10,589 (32) 1,292 (13) 9,247 (87) 6,184 (80) 1,777 (20) et
No 20,585 (68) 2,154 (1) 18,343 (89) 11,635 (82) 3,093 (18)
Any osteoporosis Yes 6,544 (20) 838 (14) 5,677 (86) 3,952 (82) 979(18)
orbroken hip No 24,621 (80) 2,617 (1) 21,895 (89) 13,861 (81) 3,888 (19)
Ever smoke cigarette Yes 17,552 (58) 1,984 (12) 15,488 (88) 10,061 (81) 2,734(19)
Jeigar/pipe No 13,718 (42) 1478 (1) 12,181 (89) 7,812 (82) 2,149 (18)
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No 2,362 (85) 335 (14) 2,007 (86) 1,328 (81) 362(19)
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