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Abstract

Telemedicine utilization increased significantly in the United States during the COVID-19

pandemic. However, there is concern that disadvantaged groups face barriers to access

based on single-center studies. Whether there has been equitable access to telemedicine

services across the US and during later parts of the pandemic is unclear. This study retro-

spectively analyzes outpatient medical encounters for patients 18 years of age and older

using Healthjump–a national electronic medical record database–from March 1 to Decem-

ber 31, 2020. A mixed effects multivariable logistic regression model was used to assess

the association between telemedicine utilization and patient and area-level factors and the

odds of having at least one telemedicine encounter during the study period. Among

1,999,534 unique patients 21.6% had a telemedicine encounter during the study period. In

the multivariable model, age [OR = 0.995 (95% CI 0.993, 0.997); p<0.001], non-Hispanic

Black race [OR = 0.88 (95% CI 0.84, 0.93); p<0.001], and English as primary language [OR

= 0.78 (95% CI 0.74, 0.83); p<0.001] were associated with a lower odds of telemedicine utili-

zation. Female gender [OR = 1.24 (95% CI 1.22, 1.27); p<0.001], Hispanic ethnicity or non-

Hispanic other race [OR = 1.40 (95% CI 1.33, 1.46);p<0.001 and 1.29 (95% CI 1.20, 1.38);

p<0.001, respectively] were associated with a higher odds of telemedicine utilization. During

the COVID-19 pandemic, therefore, utilization of telemedicine differed significantly among

patient groups, with older and non-Hispanic Black patients less likely to have telemedicine

encounters. These findings are relevant for ongoing efforts regarding the nature of telemedi-

cine as the COVID-19 pandemic ends.
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Introduction

The coronavirus disease 2019 (COVID-19) pandemic has transformed much of the US health-

care landscape. One of the most dramatic changes has been the widespread usage of telemedi-

cine services for patient-provider interactions. Prompted by regulatory changes by the Centers

for Medicare and Medicaid Services (CMS), many outpatient providers in the US adopted tele-

medicine services for the first time. Understanding how patients utilize telemedicine services

and whether there has been equitable availability is important for providers and payers to max-

imize the benefit of telemedicine, particularly as the US emerges from the pandemic.

With widespread stay-at-home orders implemented across many areas in the US at the

onset of the COVID-19 pandemic, and with subsequent curtailing of elective procedures and

services, CMS authorized payment for outpatient, hospital, and other medical visits provided

through audio and visual technologies at the same rate as in-person visits [1]. Many commer-

cial insurance providers also authorized payments for telemedicine services [2]. In one study

of commercially insured patients, by June 2020, telemedicine encounters comprised close to

20% of all outpatient encounters, however significant variation existed between states [3].

Because novel medical services and technologies are often not equally available, and as a conse-

quence of the well-documented digital divide, there has been concern raised that certain his-

torically disadvantaged groups may not have similar access to telemedicine services as more

advantaged groups. In two studies from a single health system that analyzed encounters from

early in the COVID-19 pandemic, older patients, women, patients residing in lower-income

areas, and racial and ethnic minority patients had lower utilization of telemedicine services

[4,5]. Whether disparities in access to telemedicine services exist across different healthcare

providers, systems, and regions, particularly later in the course of the pandemic, is uncertain.

To address these questions, using a national database of electronic medical records (EMR),

we examined trends in outpatient telemedicine utilization from March through December

2020 and assessed whether utilization varied between different patient groups.

Methods

All data utilized were de-identified and collected as part of routine healthcare provision. The

COVID19 Research Database project was considered exempt by the Western Institutional

Review Board (Puyallup, WA) and informed consent was waived.

Patient data

Data on medical encounters was obtained from Healthjump, a data management platform that

allows for interoperability across different EMR vendors such as Cerner, Epic, Allscripts and

others. For healthcare organizations utilizing Healthjump, this allows for standardization of

records across platforms. A full list of EMR vendors for which Healthjump can extract data

from is available on the Healthjump website [6]. The Healthjump database contains EMR data

for approximately 40 million unique patients, in all 50 US states and Washington D.C.,

updated daily. Extracted data for this analysis includes data on encounters, comorbidities,

medications, and demographics. Patient residence at the 3-digit ZIP code level was available.

Healthjump has previously been used to investigate patterns of healthcare utilization during

the COVID-19 pandemic [7]. The database was made available through the COVID19

Research Database project, which is a public-private initiative providing pro-bono access to

multiple commercial databases for researchers to investigate questions related to the COVID-

19 pandemic [8].

PLOS ONE Predictors of telemedicine use during the COVID-19 pandemic

PLOS ONE | https://doi.org/10.1371/journal.pone.0269535 June 29, 2022 2 / 13

submit a research proposal which needs to be

approved by reviewers at the COVID19 Research

Database project to gain access to the data.

Funding: SAMK receives grant funding from the

National Heart, Lung, and Blood Institute

(5K23HL153772-02) and the American Heart

Association (20CDA35320251).The funders had no

role in study design, data collection and analysis,

decision to publish, or preparation of the

manuscript.

Competing interests: The authors have declared

that no competing interests exist.

https://doi.org/10.1371/journal.pone.0269535


Social vulnerability index

To assess area-level factors that make a community more vulnerable to the adverse effects of a

health disaster, we used the Centers for Disease Control and Prevention’s (CDC) Social Vul-

nerability Index (SVI), which has been associated with disparities in health care access and out-

comes in several studies [9–12]. The SVI comprises 15 US Census-derived variables grouped

into 4 categories: 1) socioeconomic, 2) household composition and disability, 3) minority sta-

tus and language, and 4) housing and transportation. Each community is ranked on a scale of

0 to 100 for each factor, and the SVI is the average of these ranks. A higher value for the SVI,

or each of its component indices, indicates a greater degree of social vulnerability to a health

disaster. We obtained ZIP code tabulation area (ZCTA) level data for each of the 15 factors

that compose the SVI using the 2019 version of the US Census Bureau’s 5-year American

Community Survey. After, first using a cross-walk of ZCTA to 5-digit ZIP code, data were

then aggregated to the 3-digit ZIP code level and the SVI (and each of the 4 component indi-

ces) was calculated. Details regarding the individual factors that comprise the SVI are included

in Table 1 in S1 Appendix.

The proportion of residents living in rural areas was obtained from the 2010 US Census. An

area was designated as rural if it was not classified as an urban area. Urban areas comprise any

incorporated place or territory with at least 2,500 residents, based on US census criteria [13].

Population

All individuals 18 years of age and older who had an outpatient encounter in the Healthjump

database, between March 1, 2020 and December 31, 2020 were included. Outpatient encoun-

ters were identified using Medicare’s list of outpatient Common Procedural Terminology

(CPT) codes which have been used in prior studies to identify such encounters (Table 2 in S1

Appendix) [3,14]. These codes exclude those that are for settings other than outpatient ambu-

latory care such as the emergency department.

Primary outcome

The primary outcome was whether a patient had at least one telemedicine encounter during

the study period. After identifying all outpatient encounters, telemedicine encounters were

identified using the CPT codes 99441–99443 (audio only) or if they had the modifier codes

GT, GQ, or 95 (audio-video). We did not analyze audio and audio-video visits separately in

the primary analysis due to previously noted concerns about misclassification of specific tele-

medicine type using CPT codes [14]. Additionally, as patient’s health insurance type is not

available, we are unable to identify patients who may be insured through payers such as Medi-

care that specifically require documentation of codes differentiating between audio-only and

video visits. However, video visits were analyzed in an exploratory analysis as stated below.

Statistical methods

We first identified all unique patients in the Healthjump database who had an outpatient

encounter during the study period. Patients who had least one telemedicine encounter during

the study period were in the telemedicine group and patients who had no telemedicine

encounters in the non-telemedicine group. We then compared demographic and clinical

comorbidities between these two groups using Student’s t-test for continuous variables and

chi-square tests for discrete variables. We also calculated the proportion of patients with a tele-

medicine encounter at the 3-digit ZIP code of residence level and then compared these based

on quartiles of the SVI at the 3-digit ZIP code level.
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To determine the association of patient and area-level characteristics with the odds of hav-

ing a telemedicine encounter, using a generalized linear mixed effects framework, we fit a

logistic regression model with at least one telemedicine encounter during the study period as

the primary outcome, and the following covariates: age, gender, race/ethnicity [Hispanic (any

race), non-Hispanic Black, non-Hispanic Other, and non-Hispanic White], primary language

(English vs. non-English), indicator variables for 39 medical comorbidities (based on the Elix-

hauser comorbidity index), the proportion of rural residents living in the 3-digit ZIP code of

residence, and the socioeconomic, household composition and disability, minority status and

language, and housing and transportation components of the SVI for the 3-digit ZIP code of

residence [15]. The model also included random intercepts for medical provider (of first tele-

medicine encounter for the telemedicine group and first non-telemedicine encounter for the

non-telemedicine group) to account for clustering of patients who received care from the

same medical provider. Variable selection was based on previous studies suggesting differences

in telemedicine utilization based on demographic variables such as age, gender, race/ethnicity

and language [4,5]. Patient level medical comorbidities were included as patients with a higher

degree of comorbidities may have a differential utilization of telemedicine services. Area level

measures of socioeconomic status and rurality were included, as previous studies suggest that

these factors may influence telemedicine access and utilization [16,17]. In a secondary, explor-

atory analysis, limited to patients who had at least one telemedicine encounter during the

study period, the primary logistic regression model was refit with at least one video telemedi-

cine (vs. no video telemedicine) as the outcome of interest.

To account for missing data for race/ethnicity and language, we used multiple imputation

using fully conditional specification, with 10 imputations, using the following variables: age,

gender, 39 comorbidity indicator variables, and the following 3-digit ZIP code level variables:

proportion of residents who were Hispanic (any race), non-Hispanic Asian, non-Hispanic

Black, non-Hispanic White, non-English speaking, with income below the poverty level, and

living in a rural area.

Multicollinearity between variables included in the primary regression model was assessed

by calculating a variance inflation factor value for each variable. A variance inflation factor

value >5 was considered to be indicative of significant multicollinearity [18,19].

Results of the analysis are presented as means and standard deviations (SD) or 95% confi-

dence intervals or medians and interquartile ranges (IQR) as indicated. P-values<0.05 were

considered statistically significant. All analyses were conducted using SAS version 9.4.

Results

A total 1,999,534 unique patients had an outpatient encounter in the Healthjump database

between March 1 and December 31, 2020. The study population had a mean age of 52.4

(SD = 18.2) years with 29.6% of the population older than 64 years of age. Women constituted

58.2% of the population. Race and ethnicity data were missing for 36.7% of the study popula-

tion and language data were missing for 32.3% of the population. Among patients with data

available, 20.8% were Hispanic (any race), 13.8% were non-Hispanic Black, 14.8% were non-

Hispanic other race, and 50.6% were non-Hispanic White. Among patients with data available,

English was the primary language for 82.5%. Among patients whose primary language was not

English, Spanish was the primary language for 21.2% and other languages were the primary

language for the remaining. The proportion of individuals in each sub-group of race/ethnicity

and language after multiple imputation are listed in Table 3 in S1 Appendix. Among the study

population, 7.8% of patients resided in the Midwest, 10.9% in the Northeast, 54.2% in the

South, and 27.0% in the West US Census Region. Patients had encounters with a total of 5,696
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unique healthcare providers. The median number of unique patients among these providers

was 159 (IQR 25–524).

Of the included patients, 21.6% (432,634 patients) had at least one telemedicine encounter,

and 78.4% (1,566,900) had no telemedicine encounters over the study period (Table 1). There

were a total of 891,507 telemedicine and 4,335,444 non-telemedicine encounters during the

study period. Patients in the telemedicine group had a higher mean number of total outpatient

encounters compared to the non-telemedicine group [4.1 (SD = 4.2) vs. 2.2 (SD = 2.2) respec-

tively, p<0.001]. Among the telemedicine group, the mean number of telemedicine encoun-

ters was 2.1 (SD = 2.6). Patients in the telemedicine group had a higher mean age compared to

the non-telemedicine group [53.0 (SD = 17.7) vs. 52.2 (SD = 18.3) years respectively, p<0.001]

and were more likely to be women compared to the non-telemedicine group [62.6% vs. 57.0%

respectively, p<0.001]. Among patients with available data, a higher proportion of the tele-

medicine group were Hispanic (any race), non-Hispanic Black, or non-Hispanic other race

compared to the telemedicine group [Hispanic (any race): 29.1% vs. 18.5%, non-Hispanic

Black: 13.9% vs. 13.7%, non-Hispanic other race 16.6% vs. 14.3% respectively, p<0.001]. A

lower proportion of the telemedicine group had English as their primary language compared

Table 1. Patient characteristics by telemedicine utilization.

Any telemedicine encounter a No telemedicine encounter a

Number of unique patients 432,634 1,566,900

Number of encounters (Mean, SD) 4.1 (SD = 4.2) 2.2 (SD = 2.2)

Age [years, Mean (SD)] 53.0 (17.7) 52.2 (18.3)

Female 270,849 (62.6) 893,166 (57.0)

Male 161,785(37.4) 673,734 (43.0)

Race/ethnicity

Hispanic (any race) b 80,893 (29.1) 182,548 (18.5)

Non-Hispanic Black b 38,618 (13.9) 135,607 (13.7)

Non-Hispanic other race b 46,022 (16.6) 141,504 (14.3)

Non-Hispanic White b 112,003 (40.4) 528,787 (53.5)

Missing race/ethnicity data 155,098 (35.8) 578,454 (36.9)

Primary language

Primarily English speaking b 218,766 (75.7) 898,071 (84.4)

Primarily non-English speaking b 70,230 (24.3) 166,548 (15.6)

Missing language data 143,638 (33.2) 502,281 (32.1)

Number of comorbidities (Mean, SD) c 1.5 (1.5) 0.9 (1.2)

Patient residence by US Census Regions

Northeast 12,527 (2.9) 143,491 (9.2)

Midwest 68,254 (15.8) 150,182 (9.6)

South 207,829 (48.0) 876,915 (56.0)

West 144,024 (33.3) 396,312 (25.3)

Results are presented as number of patients and percentage of patients in group (telemedicine or non-telemedicine),

unless otherwise indicated. All differences between the two groups are statistically significant at p<0.001.

a. Any telemedicine encounter includes patients with at least one telemedicine outpatient medical encounter from

March 1, 2020 to December 31, 2021 and no telemedicine encounter indicates no telemedicine outpatient encounters

during this period.

b. Proportion of patients with data available. Proportions of patients in each race/ethnicity and language sub-group

after multiple imputation are listed in Table 3 in S1 Appendix.

c. Proportion of patients in each group with individual medical comorbidities listed in Table 4 in S1 Appendix.

https://doi.org/10.1371/journal.pone.0269535.t001
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to the non-telemedicine group (75.7% vs. 84.4% respectively, p<0.001). The mean number of

comorbidities (maximum of 39) was significantly higher in the telemedicine group compared

to the non-telemedicine group [1.5 (SD = 1.5) vs. 0.9 (SD = 1.2), p<0.001]. Distribution of

medical comorbidities in each group are included in Table 4 in S1 Appendix. There were also

significant differences in the region of residence of included patients among the two groups

based on US Census Regions. A greater proportion of patients in the telemedicine group

resided in the Northeast and West than in the non-telemedicine group (Northeast: 15.8% vs.

9.6%, West: 33.3% vs. 25.3% respectively, p<0.001).

Patients resided in a total of 865 3-digit ZIP codes across the US (Fig 1). Among patients liv-

ing in 3-digit ZIP codes in the lowest quartile for SVI (least socially vulnerable) the proportion

with a telemedicine encounter was 17.8%. The proportion of patients with a telemedicine

encounter was 19.3% in the second quartile and 23.1% in the third quartile. For patients living

in the highest quartile (most socially vulnerable) 3-digit ZIP codes, the proportion with a tele-

medicine encounter was 24.9% (p<0.001 for all pair-wise comparisons between the first quar-

tile and each of the other quartiles). Monthly proportions of patients with a telemedicine

encounter followed a similar temporal trend in all quartiles, with the highest proportion

among patients living in the most socially vulnerable 3-digit ZIP codes throughout most of the

study period (Fig 2). The monthly proportion of unique patients with telemedicine utilization

Fig 1. Proportion of patients with a telemedicine encounter (from March to December 2020) by 3-digit ZIP code. Figure based on 2019 ZIP code tabulation area

shapefile created by US Bureau and Helathjump data [20]. Map projection based on modification of the US National Atlas Equal Area coordinate reference system.

Proportion of patients in the study population with at least one telemedicine encounter during the study period in each 3-digit ZIP code divided into quartiles. Areas with

no ZIP code tabulation area code provided by the US Census Bureau include sparsely populated areas and areas such as military facilities.

https://doi.org/10.1371/journal.pone.0269535.g001
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and the proportion of total outpatient encounters conducted through telemedicine for the

total study population are displayed in Figs 1 and 2 in S1 Appendix.

In the multivariable mixed effects logistic regression model, after accounting for differences

in medical comorbidities and characteristics of the 3-digit ZIP code of patient residence, the

following patient-level factors were associated with a lower odds of having at least one telemed-

icine encounter in the study: increasing age [OR = 0.995 (95% CI 0.993 to 0.997); p<0.001],

being non-Hispanic Black compared to non-Hispanic White [OR = 0.88 (95% CI 0.84 to 0.93);

p<0.001], and having English as primary language compared to non-English [OR = 0.78 (95%

CI 0.74 to 0.83); p<0.001] (Table 2). The following patient-level factors were associated with a

higher odds of having a telemedicine encounter: female compared to male gender [OR = 1.24

(95% CI 1.22 to 1.27); p<0.001], being Hispanic (any race) or non-Hispanic other race com-

pared to non-Hispanic White [OR = 1.40 (95% CI 1.33 to 1.46);p<0.001 and OR = 1.29 (95%

CI 1.20 to 1.38); p<0.001, respectively]. Among area-level covariates included in the multivari-

able model, a higher value of the housing and transportation subcomponent of the SVI was

associated with a lower odds of having a telemedicine encounter [OR = 0.999 (95% CI 0.997 to

0.999); p = 0.04]. Living in an area with a higher socioeconomic subcomponent of the SVI was

associated with a higher odds of having a telemedicine encounter [OR = 1.01 (95% CI 1.00 to

1.02); p = 0.02]. Odds ratios for indicators for each of the included comorbidities are included

in Table 5 in S1 Appendix. Results from a complete case version of the primary model, which

excludes patients with missing race/ethnicity and language data, are presented in Table 6 in S1

Fig 2. Monthly proportion of unique patients with outpatient telemedicine encounter from March to December 2020 by Social Vulnerability Index of 3-digit ZIP

code of residence. Social Vulnerability Index (SVI) based on Centers for Disease Control and Prevention methodology [9]. A higher value of SVI indicates greater degree

of social vulnerability of an area to a health disaster. Patients with telemedicine encounters in one month, not included in calculation for subsequent months.

https://doi.org/10.1371/journal.pone.0269535.g002
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Appendix. Tests for multicollinearity in the model did not reveal a significant level of multicol-

linearity in any included covariate (Table 7 in S1 Appendix).

In the exploratory analysis of video telemedicine visits, among the 891,507 patients with

any telemedicine encounter over the study period, 125,644 individuals (14.1%) had at least one

video encounter. In the multivariable mixed effects logistic regression model with any video

telemedicine encounter vs. no video telemedicine encounter as the primary outcome (among

individuals with any telemedicine encounter) the following patient-level factors were associ-

ated with a lower odds of having at least one video telemedicine encounter: increasing age

[OR = 0.975 (95% CI 0.97 to 0.98); p<0.001], being non-Hispanic Black compared to non-His-

panic White [OR = 0.68 (95% CI 0.63 to 0.74); p<0.001], and being Hispanic (any race) com-

pared to non-Hispanic White [OR = 0.56 (95% CI 0.52 to 0.61); p<0.001] (Table 8 in S1

Appendix). The following patient-level factors were associated with a higher odds of having a

video telemedicine encounter: female compared to male gender [OR = 1.03 (95% CI 1.001 to

1.07); p = 0.043], being non-Hispanic other race compared to non-Hispanic White [OR = 1.37

(95% CI 1.16 to 1.60);p<0.001], and having English as primary language compared to non-

English [OR = 2.05 (95% CI 1.82 to 2.31); p<0.001].

Discussion

During the first 10 months of the COVID-19 pandemic in the US from March through

December 2020, in a national database including outpatient medical encounters of approxi-

mately 2 million unique patients, 21.6% of patients received at least one telemedicine encoun-

ter. There were significant differences in the receipt of telemedicine encounters, with older age

and non-Hispanic Black race associated with a significantly lower odds of having a telemedi-

cine encounter. Female gender, and Hispanic ethnicity were associated with a higher odds of

having a telemedicine encounter.

Table 2. Multivariable mixed effects logistic regression model with any outpatient telemedicine encounter as

outcome.

Odds Ratio (95% CI) p-value

Age 0.995 (0.993, 0.997) <0.001

Female 1.24 (1.22, 1.27) <0.001

Non-Hispanic White Reference

Hispanic (Any race) 1.40 (1.33, 1.46) <0.001

Non-Hispanic Black 0.88 (0.84, 0.93) <0.001

Non-Hispanic other race 1.29 (1.20, 1.38) <0.001

Primarily non-English speaking Reference

Primarily English speaking 0.78 (0.74, 0.83) <0.001

Proportion of residents living in rural areas 0.99 (0.98, 1.00) 0.10

Socioeconomic index a 1.01 (1.00, 1.02) 0.02

Household composition and disability index a 1.00 (0.99, 1.00) 0.44

Minority status and language index a 0.99 (0.98, 1.01) 0.24

Housing type and transportation index a 0.999 (0.997, 0.999) 0.04

a. Sub-component of the CDC Social Vulnerability Index (SVI) based on Centers for Disease Control and Prevention

methodology [9]. Higher value of SVI sub-component indicates greater degree of social vulnerability of an area to a

health disaster.

Coefficients for indicator variables for medical comorbidities included in Table 5 in S1 Appendix.

https://doi.org/10.1371/journal.pone.0269535.t002
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Prior to the COVID-19 pandemic, as demonstrated in a recent study of commercially

insured patients, reimbursed telemedicine services in the US based on administrative claims

data were non-existent [3]. To minimize infection risk due to the pandemic, as well as accom-

modate diversion of resources to COVID-19 related healthcare, CMS initially expanded pay-

ment for telemedicine services on a temporary basis in March [21]. Beyond Medicare,

commercial payors and states have also expanded coverage for telemedicine encounters [2].

What role telemedicine plays in outpatient care as the pandemic ends is still unclear, with dif-

ferent availability and payment strategies being discussed by groups such as Medicare Payment

Advisory Commission [22]. However, if telemedicine continues to play a large role in the post-

pandemic era, understanding the disparities in access by different groups is important in

ensuring its equitable availability.

In this analysis, compared to non-Hispanic White patients, non-Hispanic Black patients

had a lower odds of having a telemedicine encounter. Although, a recent internet-based survey

during the COVID-19 pandemic found that Black participants were more likely to have used

telemedicine because of the pandemic, this study did not account for differences in the burden

of medical comorbidities between participants [23]. Another study of patients in New York

City during the pandemic found that after accounting for patient comorbidities and other fac-

tors, Black patients had a lower odds of receiving telemedicine care [24]. Although the current

analysis did not investigate differences in types of telemedicine modalities used, disparities

between non-Hispanic Black and non-Hispanic White patients may represent previously doc-

umented disparities in access to broadband internet for video telemedicine visits [25,26]. How-

ever, it is possible that there may also be a lower patient preference for telemedicine visits

compared to inpatient visits among non-Hispanic Black patients. A previous study of the

acceptability of telemedicine among Black and Hispanic individuals noted a greater degree of

concern about confidentiality, privacy, and not having a medical provider physically present

among Black individuals [27]. These concerns may be rooted in part in the long history of rac-

ism and discrimination experienced by Black individuals in the US in their interactions with

the health care system. Therefore, to provide equitable access to telemedicine services, provid-

ers and administrators will need to understand the unique concerns of individuals and com-

munities and ensure adequate quality of telemedicine encounters.

The lower rate of utilization of telemedicine by men, compared to women, mirrors several

studies that have demonstrated a lower rate of health seeking behaviors among men [28–31].

Some prior studies have also suggested that men may be less likely to be offered medical advice

and also receive less of a medical provider’s time during an encounter compared to women

[32,33]. Our analysis also demonstrated a significant association between older age and a

lower odds of receiving a telemedicine encounter. Several factors, including difficulties with

technologies, lower rates of cell-phone and smartphone usage, as well as hearing or visual

impairment may play a role in this [34]. A greater aversion to telemedicine compared to in-

person visits among older individuals has been noted previously due to concerns about the

quality of telemedicine encounters [35]. Given the obvious benefit of telemedicine encounters

in the elderly, particularly those who may be frail or have transportation issues, expanding

access in this population, while ensuring adequate quality of care provided, is likely to have sig-

nificant benefits.

Our analysis also noted that Hispanic patients (of any race) compared to non-Hispanic

White patients and primarily non-English speakers compared to English speakers had higher

odds of telemedicine utilization. Some previous single center studies have noted lower utiliza-

tion of telemedicine among Hispanic patients [36,37]. However, another study noted that His-

panic patients had a higher rate of having video telemedicine encounters than non-Hispanic

White patients [38]. Additionally, one study of predominantly Hispanic individuals at a
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community health event found that approximately 80% of participants exhibited positive atti-

tudes towards telemedicine [39]. These discrepant findings highlight the important, but often

underemphasized, fact that Hispanic individuals in the US comprise a diverse group with sub-

stantial differences in country of origin, acculturation, and socioeconomic status. Additionally,

as different studies have been done in different periods of the COVID-19 pandemic and

focused on different specialties, comparison between studies is challenging. Although our anal-

ysis has the benefit of including multiple providers across the country, it is not necessarily a

nationally representative sample. It is possible that an analysis of a more nationally representa-

tive sample may find different results. However, although exploratory in nature, in our analysis

of video telemedicine encounters, Hispanic individuals had a significantly lower rate of video

telemedicine encounters than non-Hispanic White individuals. This may reflect the still persis-

tent gap in broadband internet access between Hispanic and non-Hispanic White individuals

in the US [26]. The association between primary language and telemedicine utilization was in

the same direction as for Hispanic ethnicity for overall utilization, as well as for video visits.

Although primary language was treated as a binary variable (English vs. non-English) after

multiple imputation to account for missing data, among the approximately 68% of patients

who had language data available, only 21.2% of the non-English speakers identified Spanish as

their primary language. This suggests that there may be significant diversity in the demograph-

ics of the non-English speakers in the study population. Some previous studies have identified

non-English primary language as being associated with lower telemedicine utilization [4,24],

However, one analysis that examined primarily Spanish speaking patients and other non-

English speakers separately noted that primarily Spanish speaking patients had a lower utiliza-

tion of video telemedicine services [40]. Therefore, as with Hispanic ethnicity, the association

between primary language and telemedicine utilization likely varies among different popula-

tions. As telemedicine becomes an important part of healthcare delivery in the post-pandemic

period, a more granular analysis of both Hispanic ethnicity and language is required to fully

understand how different populations utilize telemedicine.

Limitations

Our analysis has certain limitations. As this is an observational study, the associations noted

cannot be assumed to be causal in nature. As the Healthjump database only has data available

on completed medical encounters, it cannot be generalized to individuals who had no medical

encounters during the pandemic. However, since the rate of telemedicine utilization is similar

to those seen in prior studies that included insured patients without any medical encounters, it

likely does reflect overall trends in telemedicine utilization in the US during the pandemic.

The Healthjump database is not necessarily representative of the overall US patient population.

However, it is a large national database with a high proportion of ethnic and racial minority

patients, for whom disparities in healthcare access has particularly been an issue. Since patient

residence information was limited to 3-digit ZIP code, we were unable to study area-level dif-

ferences in telemedicine utilization on a more granular level. However, the 3-digit ZIP code

level, which is more diverse than some studies that examined state level differences, does pro-

vide some insight into sub-state level differences in utilization. Although the main regression

model included provider level random intercepts, to account for clustering of patients with the

same provider, other important provider level variables such as provider setting and the nature

of the telemedicine infrastructure, were not available. Other unmeasured confounders, such as

health insurance type and more granular demographic and geographic information, could also

play a role in the associations noted. Due to issues of potential misclassification, and lack of

data on health insurance type, the primary model did not differentiate between audio only and
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video telemedicine encounters. However, as a secondary, exploratory analysis, we did examine

video telemedicine encounters.

Conclusions

Approximately one in five patients in a large national database of outpatient encounters had a

telemedicine encounter during the COVID-19 pandemic in the US from March through

December 2020. However, there were differences in utilization across different sub-groups,

with lower odds of receiving telemedicine among older, male, and non-Hispanic Black

patients. With ongoing legislative efforts to determine the future of telemedicine after the pan-

demic, equitable access to telemedicine will require understanding and addressing the particu-

lar concerns of different patient populations.
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