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Abstract
While telehealth may improve access to healthcare for some, it may also widen gaps in access across different economic groups. Using 
electronic health records for outpatient mental health care of patients with depression in a large US academic health system, we assessed 
changes in mental health care utilization from 2016 to 2024 (primary care: n = 42,640 patients, 270,754 visits; psychiatry: n = 12,846 
patients, 336,918 visits) and odds of using telehealth relative to in-person care from 2020 to 2024, across national area deprivation 
index (ADI) percentiles. We found that over 3 years prepandemic (July 2016–June 2019), the volume of mental health care delivered to 
patients from low-deprivation areas (1st–25th national ADI percentile) was increasing at a steeper rate than for high-deprivation 
areas (76th–100th national ADI percentile). Visit volume changed rapidly at the onset of the COVID-19 pandemic, and by July 2021 it 
was increased relative to prepandemic levels. From July 2021 to June 2024, volume of care declined for all deprivation groups, but at a 
more rapid rate for the high-deprivation group than the low-deprivation group. Further, on average from July 2020 to June 2024, the 
odds of receiving telehealth relative to in-person care were significantly higher for patients living in low deprivation rather than high- 
deprivation areas in both primary care and psychiatry. We did not find evidence of telehealth improving access to care for patients in 
high-deprivation areas. Differences in telehealth use may contribute to sustained disparities in access to mental health care across 
economic groups.
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Significance Statement

It is unknown how changes in mental health care utilization from prepandemic to postpandemic varied for patients across depriv
ation areas and whether differences in the use of telehealth could contribute to disparities in utilization. We found that after rapid 
changes in utilization at the start of the pandemic, volume of mental health care delivered to patients from high-deprivation areas 
dropped off more steeply than for patients from low-deprivation areas. Patients in lower deprivation areas were also more likely 
than patients in more deprived areas to use telehealth than in-person care. Action is needed to ensure that differences in use of tele
health across socioeconomic groups do not contribute to differences in care.
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Introduction
The US healthcare system’s approaches to mental health have 
evolved over the past two decades. However, despite these advan
ces, inequalities in access to treatment prevail, particularly across 
economic status. Receipt of health care, including for mental 
health, has long been unequal across socioeconomic groups (1). 
Historical differences in access to economic resources contribute 
to differences in receipt of mental health care and shape modern 
engagement with the health system across groups (2, 3). While 
there has been an awareness for multiple decades of differences 
in receipt of health care across socioeconomic groups, they re
main a stubborn feature of health and of mental health care. 
Depression, which affects more than 21 million people in the 
United States (4), and costs over $326 billion annually (5), is vul
nerable to stressors and can be responsive to treatment among 
those who are able to receive care.

Features of the places where patients live can inform popula
tion access to financial, physical, and social assets (6), which 
can shape access to mental health services and mental health 
(7, 8). Neighborhoods, beyond a summary of the individuals who 
live there, contribute to the health outcomes of residents (9–11). 
Patients who live in more deprived areas are exposed to more 
stressors, have worse hospital outcomes (12), and may face great
er challenges in accessing mental health care. Moreover, such pa
tients experience a higher severity of symptoms of depression 
after hospitalization due to COVID-19 (13). The area deprivation 
index (ADI) is a composite measure that captures a neighbor
hood’s aggregate income, education, and poverty, among other 
economic factors (14, 15). People who live in areas with worse 
area deprivation may face greater barriers to accessing in-person 
mental health care. For example, areas with greater deprivation 
may have fewer resources that could facilitate care such as reli
able public transportation, safe streets, and access to high quality 
medical facilities. People who live in areas with greater depriv
ation likely have fewer resources, on average, than people who 
live in areas with less deprivation. Therefore, it is possible that 
their economic circumstance may prevent them from accessing 
mental health care, either through underinsurance or uninsur
ance, high out-of-pocket costs, lack of transportation, or the 
need to take off work to visit a mental health provider’s office in 
person. In this way, lower rates of mental health care system en
gagement may reflect the inverse care law, whereby populations 
with the most need are the least likely to receive health care 
(16). Area deprivation can, therefore, be a helpful measure to iden
tify and understand inequities in access to mental health care.

The rapid rise of telehealth (receipt of medical care via syn
chronous video or phone calls) following the COVID-19 pandemic 
created a paradigm shift in the delivery of mental health care. At 
the start of the COVID-19 pandemic, regulations were temporarily 
eased to ensure continuity of care: many state Medicaid programs 
and private insurers required payment parity between telehealth 
and in-person care (17), location restrictions were relaxed by 
Medicare and some state Medicaid programs (18, 19), some state 
licensure stipulations were lifted so that therapists could provide 
care to patients living in different states (17), state Medicaid pro
grams expanded the kinds of care that could be offered virtually 
(19), in-person requirements for prescribing were relaxed by the 
Drug Enforcement Administration (19), and the Health Insurance 
Portability and Accountability Act (HIPAA) rules on compliant 
communication software were not enforced (17, 19). These regula
tions, alongside difficulties receiving in-person care, caused a rap
id rise of telehealth (20). In-person care rebounded in later stages 

of the pandemic (21, 22), although telehealth use remained ele
vated (especially in behavioral health) and some of the public 
health emergency rules on telehealth use became permanent 
(18, 19, 21, 22). Around 22.5% of Americans surveyed between 
April 2021 and August 2022 had used telehealth care for any 
kind of treatment in the last month (23), and 16% of telehealth vis
its had a primary purpose of addressing mental/behavioral health 
(24). Before the COVID-19 pandemic, 60.6% of mental health facil
ities offered only in-person care, which decreased to 11.9% by 2022 
(25). The height of the pandemic saw more than 10 times as much 
use of telehealth appointments for mental health care compared 
to the period prior to the pandemic (22). The COVID-19 pandemic 
illustrates the role of area-level assets in differences in health out
comes (26), and potentially differences in health care seeking 
behaviors.

Telehealth has been proposed as a potential solution to reduce 
barriers in access to mental health care for populations with fewer 
resources. Telehealth may transform delivery of care, particularly 
for mental health care, which may be more feasible to facilitate 
via virtual engagement than for physical health conditions. 
Digital technologies, including telehealth, have been recom
mended as opportunities to reduce barriers to care and increase 
access for groups who have historically been marginalized (27). 
Telehealth may be particularly effective for depression, which 
can be managed through therapy and medication, as opposed to 
more severe forms of mental illness, which may be more appropri
ate to treat in person. For instance, telehealth-based cognitive be
havioral therapy (CBT) has been shown to be an effective method 
of treating major depressive disorder, on par with in-person CBT 
(28). However, few studies to our knowledge have examined 
whether telehealth is being used by patients who face greater bar
riers to mental health care and whether telehealth is improving 
access to mental health care for patients who live in high- 
deprivation areas.

It is possible that differences in the use of telehealth across 
socioeconomic groups could fuel differences in access to care 
(29). While telehealth may reduce some barriers to care, such as 
needing to travel physically to attend appointments, some people 
are more able to take advantage of the benefits of telehealth than 
others. Specifically, using telehealth requires adequate technol
ogy, internet access, private space, and technical literacy. Early 
evidence suggests that there are differences in telehealth use re
lated to social constructs of racial and ethnic groups (24, 30–32), 
sex (24, 30), education (33), age (24), marital status (24), insurance 
(31, 34), community socioeconomic status (31, 34), and access to a 
reliable transportation method and internet connection (24). 
Certain populations may face additional barriers to accessing tel
ehealth, including rural populations (35–37) and older patients 
(35, 38). In sum, to the extent that telehealth use remains a com
monly used feature of the health system, these new requirements 
for accessing care, if unaddressed, could become sources of in
equality in mental health service utilization.

While many articles have been written about the potential of 
telehealth to transform mental health care (39, 40), few empirical 
studies have documented in a large health system the evolution of 
telehealth services during and after the COVID-19 emergency dec
larations that lifted regulations on telehealth use and changed re
imbursement for telehealth care relative to in-person care (41). 
We utilized eight years of patient data (July 1, 2016–June 30, 
2024) from the electronic health records (EHR) of patients with de
pression at a large, academic, urban health system to investigate 
trends in the utilization of mental health services in primary care, 
where more than 30% of mental health care takes place (42), and 
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in the department of psychiatry of the same academic health sys
tem. Our research questions were how did trends in mental health 
care utilization change from 2016 to 2024 across levels of area de
privation (Research question 1) and how did trends in telehealth 
use for mental health care differ from 2020 to 2024 across levels 
of area deprivation (Research question 2)?

Results
Research question 1: trends in mental health care 
utilization from 2016 to 2024
Table 1 shows characteristics of our two cohorts of patients with 
depression who received mental health care in primary care (n  
= 42,640 patients, 270,754 visits) and/or in the department of 
psychiatry (n = 12,846 patients, 336,918 visits) between July 1, 
2016, and June 30, 2024, overall and stratified by time period 
(pre- and postpandemic). Both cohorts were largely female 
(71.1% in primary care, 64.7% in psychiatry) and white (68.5% in 
primary care, 59.8% in psychiatry). The primary care cohort had 
a higher percentage of middle aged, married, employed full-time, 
and privately insured patients than the psychiatry cohort and 
were generally seen fewer times during the study time frame, 
with a median of 4 vs. 6 visits per patient in primary care and in 
psychiatry, respectively. The primary care cohort consisted of 
44.2% of patients from low-deprivation areas (1st–25th national 
percentile), 51.2% of patients from medium-deprivation areas 
(26th–75th national percentile) and 4.6% from high-deprivation 
areas (76th–100th national percentile); the psychiatry cohort con
sisted of 36.4, 50.8, and 12.8% of patients from low-, medium-, and 
high-deprivation areas, respectively. See Table S1 for descriptives 
by area deprivation levels. Higher area deprivation correlates with 
multiple other indicators of adversity including minority racial 
group, employment, and substance use disorders. Sample con
struction is illustrated in Fig. S1.

Figure 1 shows the change in daily number of telehealth-eligible 
outpatient mental health care visits (“visits-per-day”, on weekdays 
from 7 AM to 7 PM, aggregated to the monthly average) relative to 
the average in July 2018–June 2019 for each ADI group. The volume 
of mental health care postpandemic was higher than prepandemic 
levels for the low-deprivation group while it was relatively consist
ent with prepandemic levels for the high-deprivation group. In pri
mary care, there was an initial drop in visits-per-day at the start of 
the pandemic (March 2020) followed by an increase in visit volume 
over the first year of the pandemic. In psychiatry, we documented a 
sharp increase at the start of the pandemic and elevated visit vol
ume over the first year of the pandemic.

Negative binomial generalized linear models (controlling for 
seasonal and day-of-week trends via fixed effects for month and 
weekday) were used to test for differences in trends of daily num
ber of mental health-related visits between 3 years “prepandemic” 
(July 1, 2016–June 30, 2019) and 3 years after the start of the 
COVID-19 pandemic (“postpandemic”: July 1, 2021–June 30, 
2024), for the low- and medium-deprivation group relative to the 
high-deprivation group (Table S2). The estimated slopes for each 
ADI group and time period were computed using linear combina
tions of the model coefficients (Table S3).

In primary care settings, the daily volume of mental health care 
delivered did not change significantly for patients from high- 
deprivation area (P = 0.30) over the prepandemic period but did in
crease over time for the low-deprivation group, by 7.7% (6.0–9.4%, 
P < 0.01) per year, a significant difference from the high- 
deprivation group by a factor of 1.06 (1.02–1.10, P < 0.01). In 

psychiatry, both low- and high-deprivation groups saw yearly in
creases in visits-per-day prepandemic: by 12.6% per year (10.8– 
14.5%, P < 0.01) and 2.0% (0.3–3.8%, P = 0.02), respectively. The 
yearly increase for the low-deprivation group was significantly 
greater than for the high-deprivation group, by a factor of 1.10 
(1.08–1.13, P < 0.01).

Over the postpandemic period, the number of visits-per-day 
decreased for all groups, in both primary care and psychiatry. In 
primary care, visits-per-day from the high-deprivation group de
creased by 6.2% per year (3.1–9.3%, P < 0.01), with a change in 
slope from prepandemic by a factor of 0.92 (0.88–0.96, P < 0.01). 
For the low-deprivation group, visits per day decreased by 1.6% 
(0.2–3.0%, P = 0.03) per year, a similar rate to the high-deprivation 
group (P = 0.72). In psychiatry, there was a 2.6% (0.9–4.3%, P < 0.01) 
yearly decrease for the high-deprivation group, changing from the 
prepandemic by a factor of 0.95 (0.93–0.98, P < 0.01), and a yearly 
decrease of 2.2% (0.7–3.6%, P < 0.01) for the low-deprivation group, 
a factor of 0.91 (0.88–0.94, P < 0.01) significant difference from the 
change in the high-deprivation group.

Thus, the number of appointments remained consistently 
higher for patients living in low-deprivation areas than patients 
living in high-deprivation areas in the postpandemic period rela
tive to the prepandemic period for mental health appointments 
received in primary care and psychiatry. In additional analyses 
shown in the Supplemental materials providing context for these 
results, we found that the average volume of mental health care 
was higher for the low deprivation group and lower for the high 
deprivation group in the postpandemic period relative to the pre
pandemic period.

Research question 2: Trends in utilization 
of telehealth for mental health care from 2020 
to 2024
To understand the role of telehealth in access to mental health 
care, we used EHR from patients with depression seen between 
July 1, 2020, and June 30, 2024. Overall characteristics and over 
time characteristics are reported in Table S4 (patient level) and 
Table S5 (visit level). Figure S2 shows sample construction. 
There were n = 29,608 patients in the 2020–2024 primary care co
hort and n = 7,577 patients in the 2020–2024 psychiatry cohort. 
In the primary care cohort, 36,633 of the 132,275 (27.7%) mental 
health-related visits were conducted over telehealth, while in 
the psychiatry cohort, 130,405 of 172,080 visits (75.8%) were con
ducted over telehealth. Figure 2 shows the percentage of visits 
conducted over telehealth by month from July 1, 2020, to June 
30, 2024, in primary care and psychiatry by low-, medium-, and 
high-area deprivation groups.

We estimated the odds ratios (OR) of telehealth use by area de
privation level for each time period, via generalized estimating 
equation (GEE) models at the visit level, which accounted for mul
tiple visits per patient. The models adjusted for patient character
istics (age, race, ethnicity, gender, marital status, employment 
status, patient’s modal insurance type, urbanicity, and indicators 
of comorbid anxiety disorder or substance use disorder), visit 
characteristics (time of day, day of week), and temporal features 
(an indicator of time period, interacted with calendar time, and 
the weekly number of COVID-19 related hospitalizations in 
Maryland). The time frame is divided into 4-year-long time peri
ods: T1 (July 2020–June 30, 2021), T2 (July 1, 2021–June 30, 2022), 
T3 (July 1, 2022–June 30, 2023), and T4 (July 1, 2023–June 30, 
2024). We modeled primary care and psychiatry separately. Over 
the full 2020–2024 period, the visits of patients who lived in low- 
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deprivation areas had 1.62 (95% CI: 1.45–1.82, P < 0.01) and 1.67 
(1.33–2.10, P < 0.01) times the odds of being conducted over tele
health relative to the visits of persons in high-deprivation areas 
for primary care related to mental health and in psychiatry, re
spectively (Table S6).

Figure 3 shows the average OR of telehealth vs. in-person visits 
over 4 years of the COVID-19 pandemic for medium- and low- 
deprivation areas relative to high-deprivation areas (also reported 
in Table S7). We tested for changes over time in the OR for depriv
ation groups using GEE models as previously described, with the 
addition of interactions between area deprivation group and 
time period, and obtained average OR for each period using these 
models. In T1 (July 1, 2020–June 30, 2021), mental health primary 
care visits from persons who lived in low-deprivation areas had 
1.52 (1.31–1.75, P < 0.01) times the odds of using telehealth relative 
to persons in high-deprivation areas. The OR of telehealth use for 
the low-deprivation group relative to the high group in T2, T3, and 
T4 were 1.86 (1.55–2.22, P < 0.01), 1.65 (1.35–2.02, P < 0.01), and 1.53 
(1.22–1.91, P < 0.01); however, the difference between these OR 

and the OR in T1 was only significant in T2 (by a factor of 1.22, 
1.00–1.49, P-value = 0.05) and was not significant in T3 (P = 0.54) 
or T4 (P = 0.97).

In psychiatry, the odds of telehealth use were lower for the low- 
deprivation group than the high-deprivation group during T1, 
with an OR of 0.64 (0.49–0.93, P < 0.01). In T2, the OR changed sig
nificantly (by a factor of 1.59, 1.32–1.91, P < 0.01), such that the dif
ference in odds of telehealth use between the low- and 
high-deprivation groups was no longer significant (P = 0.97). 
However, in T3 and T4, the odds of telehealth were significantly 
higher for the low-deprivation group relative to the high- 
deprivation group, with estimated OR of 1.40 (1.13–1.75, P < 0.01) 
and 1.72 (1.36–2.17, P < 0.01) in T3 and T4, respectively, corre
sponding to 2.28 (1.76–2.94, P < 0.01) and 2.81 (2.10–3.78, P < 0.01) 
factor increases relative to the OR for the low- vs. high-deprivation 
group in T1. Additional sensitivity analyses were conducted and 
are described in the Materials and methods and presented in the 
Supplemental material. Sensitivity analyses support the conclu
sions of the main results.

Fig. 1. Changes in the daily number of mental health care visits from each deprivation group relative to July 2018–June 2019 separately for primary care 
(top) and psychiatry (bottom), the percent change in daily visits for month i and ADI group j is computed as the difference in average number of daily visits 
coming from group j during month i, minus the average number of daily visits in July 2016 from group j, divided by the average number of daily visits in 
July 2016 from group j. The dashed line at March 2020 indicates the start of the COVID-19 pandemic. The gray region, July 2019–June 2021, is not included 
in the analysis of how trends in utilization by ADI group changed from the pre- to postpandemic. ADI national percentiles from 2020 at the census 
block-group level were used to define three groups: low-deprivation areas (1st–25th national percentile), medium-deprivation areas (26th–75th national 
percentile), and high-deprivation areas (76th–100th national percentile). Mental health care visits are completed appointments that were assigned an 
ICD-10 diagnostic code in the “Mental, Behavioral, and Neurodevelopmental disorders” category (F01–F99) or a code related to suicidal ideation or 
attempt. Data come from the EHR of patients with depression in the Johns Hopkins Health System.
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Discussion
Using data from EHR from two cohorts of adult patients with de
pression receiving mental health care in primary care and psych
iatry settings in a large academic health center, we found 
differences in the trends in mental health care utilization among 
patients by levels of area deprivation: following the initial in
creases over the start of COVID-19 pandemic, volume of care de
livered to patients from low-deprivation areas declined more 
slowly than for high-deprivation groups, and remained elevated 
above prepandemic levels. We also found that the percentage of 
appointments conducted by telehealth was higher among pa
tients living in low-deprivation areas than high-deprivation areas. 
These findings together suggest that telehealth use could be con
tributing unequally to expansions in health care utilization be
tween patients living in low relative to high-deprivation areas.

Our first finding, which showed that mental health care visits 
were increasing more rapidly for patients in higher socioeconomic 
areas while staying relatively constant for patients in lower socio
economic areas in primary care and slightly increasing in psychiatry, 
is consistent with evidence that patients with greater resources are 
more likely to receive health care (43). Such a finding would be ap
propriate if higher resourced patients had greater health care needs; 
however, social stress theory would suggest that patients living in 
areas with greater deprivation would have more stressors and (44), 
therefore, worse mental health, than patients living in areas with 
less deprivation, requiring more health care, consistent with the 
Inverse Care Law (16). This paper is also consistent with studies 

that find differential use in mental health services across socio
economic indicators (45–47), as well as differential use of health 
services in general across area-level indicators (48, 49).

These findings are consistent with other trends identified lead
ing up to and at the start of the COVID-19 pandemic. In the years 
leading up to the COVID-19 pandemic, we identified an increase in 
the number of primary care appointments related to mental 
health over time for low- and medium-deprivation groups; this 
trend is consistent with the findings of Rotenstein et al. (50). The 
initial drop in mental health care utilization in primary care at 
the start of the pandemic followed by an increase over the first 
year of the pandemic is consistent with the trends reported 
McBain et al. (51). Increased use of health care to address mental 
health is also consistent with higher reporting of symptoms of de
pression at the start of the pandemic relative to before it (52).

Given the rapid expansion of telehealth use that characterized 
health care delivery at the start of the COVID-19 pandemic, it is 
necessary to consider how telehealth might be utilized differently 
across deprivation groups to understand differences in health 
care utilization by deprivation groups. In our analyses, we found 
differences in telehealth use by area deprivation within primary 
care in the first year of the pandemic, which persisted in the fol
lowing 3 years. In psychiatry, while there was no significant differ
ence in the odds of telehealth vs. in-person care across areas with 
different levels of deprivation in 2021–2022 and high-deprivation 
groups were more likely to use telehealth in 2020–2021 (the initial 
year of the COVID-19 pandemic) in psychiatry, differences 
emerged in 2022–2023 and 2023–2024. Given that the start of the 

Fig. 2. Percentage of mental health care received via telehealth by level of area deprivation. Each dot connected by solid lines shows the percentage of 
visits per month conducted over telehealth, among outpatient, telehealth-eligible visits for mental health care in the primary care and psychiatry 
samples. ADI national percentiles from 2020 at the census block-group level were used to define three groups: low-deprivation areas (1st–25th percentile), 
medium-deprivation areas (26th–75th percentile), and high-deprivation areas (76th–100th national percentile). Mental health care visits are completed 
appointments that were assigned an ICD-10 diagnostic code in the “Mental, Behavioral, and Neurodevelopmental disorders” category (F01–F99) or a code 
related to suicidal ideation or attempt. Data come from the EHR of patients with depression in the Johns Hopkins Health System. ADI, area deprivation 
index.
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pandemic also corresponded with many other fundamental 
changes (worsening of mental health, economic hardship, job 
loss) we cannot disentangle the impact of the telehealth expan
sion from other changes that may have influenced mental health 
care utilization (53–55). However, as we found both that patients 
from high-deprivation areas were generally less likely to use tele
health than patients from low-deprivation areas and that mental 
health care utilization returned approximately to prepandemic 
levels by 2024 for the high-deprivation group, our findings suggest 
that telehealth was not expanding access equally for different 
groups of patients.

These findings are consistent with a body of literature suggest
ing that contextual factors, including area-level assets, may influ
ence patients’ ability to access more flexible forms of healthcare 
delivery and should therefore be considered in health services re
search (6, 56). People who live in neighborhoods with worse de
privation are more likely to use emergency care in ways that 
may have been avoidable (48, 49). In a study of veterans receiving 
mental health care before and after the start of the COVID-19 pan
demic, O’Shea et al. (57) found that veterans who lived in areas 
with faster broadband download and upload speeds had more tel
ehealth visits and fewer in-person visits following the start of the 
pandemic, relative to veterans who lived in areas with lower 
broadband speed. It is possible that people living in high- 
deprivation areas were capable of using telehealth during the 
COVID-19 pandemic but preferred to move back to in-person 
care when it became available. Multiple factors related to area- 

level assets could cause this behavior. For example, persons living 
in high-deprivation areas may not have had privacy at home or at 
work to take telehealth appointments. Finally, these results are 
consistent with the few prior studies looking at the relationship 
between area deprivation and telehealth for mental health care 
specifically (58, 59). Our results also bolster studies that assessed 
the relationship between telehealth use and area deprivation 
(60–63), although some studies disagreed (64–67) or found nuan
ces in the telehealth vs. in-person relationship across area depriv
ation according to whether video or telephone calls were used (68), 
which our study did not explore.

This study should be considered in light of several limitations. 
First, while mental health is increasingly addressed in primary 
care settings (50), the characteristics of patients and the types of 
visits in primary care differ from those in psychiatry. Therefore, 
it is difficult to interpret differences in trends between the two 
groups. Second, while we used a relatively large sample of EHR 
in an urban, academic health setting, with over 2.8 million pa
tients each year in an outpatient setting (69), the results may 
not be representative of other health systems. However, the 
health system, which is based in Baltimore, serves a high propor
tion of patients of color, who have faced systematic challenges to 
accessing resources (70), making it an important case study for 
other health systems. It is possible that these patterns may be 
relevant for other urban areas with similar demographics. Third, 
we are unable to ascertain whether differences in use of tele
health across area deprivation are the result of patient preference 

Fig. 3. OR of use of telehealth vs. in-person visits by area deprivation, by time period the average OR with 95% CI for telehealth use in the low- and 
medium-deprivation groups relative to the high-deprivation groups are plotted for 4-year-long periods. The OR for each time period are obtained using an 
exponentiated linear combination of coefficients, with CI obtained using the delta method. These estimates come from separate GEE models (with 
exchangeable correlation structure) analyzing the odds of telehealth among the outpatient, telehealth-eligible mental health care visits of two cohorts of 
patients with depression (primary care and psychiatry). Models adjust for patient and visit-level covariates. ADI national percentiles from 2020 at the 
census block-group level were used to define three groups: low-deprivation areas (1st–25th percentile), medium-deprivation areas (26th–75th percentile), 
and high-deprivation areas (76th–100th national percentile). Mental health care visits are completed appointments that were assigned an ICD-10 
diagnostic code in the “Mental, Behavioral, and Neurodevelopmental disorders” category (F01–F99) or a code related to suicidal ideation or attempt. Data 
come from the EHR of patients with depression in the Johns Hopkins Health System.
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or other forces such as provider preferences for telehealth or sys
temic barriers leading to new or different challenges for accessing 
mental health care among low resourced populations. Thus, we 
are unable in the present analysis to distinguish between differen
ces and disparities in use of mental health care across patient 
groups (2). The present study suggests that there are differences 
in the use of telehealth vs. in-person care across area deprivation; 
however, if the preference for patients living greater deprivation 
areas was for in-person relative to telehealth care, then a lower 
percentage of appointments via telehealth across high- 
deprivation relative to low-deprivation groups could be clinically 
appropriate. On the other hand, if the lower percentage of care 
being received via telehealth by high-deprivation groups was 
due to structural barriers, upstream factors, or system-level prac
tices that contributed to fewer appointments, then the lower use 
of telehealth in patients with greater deprivation could be prob
lematic from a health systems operations perspective. Future re
search should consider the preferences of patients and the clinical 
judgement of providers that could inform quality of care.

This study identifies divergence in volume of mental health 
care over time and a lower use of telehealth relative to in-person 
care postpandemic for patients living in high-deprivation relative 
to low-deprivation areas. While telehealth has the potential to 
shift engagement with mental health services, health systems 
and policy makers should monitor trends in the use of novel digit
al technologies to ensure that differences in use do not lead to dis
parities in care.

Materials and methods
Sample
To investigate how trends in the volume of mental health care by 
area deprivation group changed across time for Research question 
1 (RQ-1) and how trends in telehealth use differed across area depriv
ation for mental health-related care among patients with depression 
for Research question 2 (RQ-2), we utilized the EHR of patient en
counters in the Johns Hopkins Health System over an 8-year period 
from July 1, 2016 to June 30, 2024. We defined two cohorts of patients 
with depression: patients seen in primary care departments for men
tal health care (n = 42,640 patients) and patients seen in psychiatry 
departments for mental health care (n = 12,846), referred to respect
ively as the “primary care” and “psychiatry” cohorts. There were 2,650 
patients who were in both cohorts, meaning they were seen at least 
once for visits related to mental health care in both primary care and 
psychiatry. Both cohorts consisted of adults (aged 18 or older at the 
time of the visit) with a diagnosis of depression (determined by an 
International Classification of Diseases, Tenth Revision (ICD-10) 
code of F32 or F33) in at least one encounter between July 1, 2016, 
and June 30, 2024. In the primary care cohort, the diagnosis of depres
sion could be from an encounter in either primary care or psychiatry, 
while in the psychiatry cohort, the diagnosis must have been at an 
encounter in psychiatry. We exclude patients with bipolar disorder 
(determined by an ICD-10 code diagnosis of an F31 for an encounter 
in any department during the study time frame) to reduce potential 
misclassification of depressive episodes prior to bipolar diagnosis. 
Given differences in reimbursement policies in telehealth across 
state lines during the pandemic, we included only patients living in 
the state of Maryland, as indicated by the census block group associ
ated with their billing address.

Our analyses use visit-level data. For each cohort of patients 
with depression, the corresponding analytic sample consisted of 
visits (completed appointments) that related to mental or 

behavioral health care, defined as having an ICD-10 diagnostic 
code in the “Mental, Behavioral, and Neurodevelopmental disor
ders” category (F01–F99) or a code related to suicidal ideation or at
tempt (71, 72). The samples only included visits that were eligible 
for telehealth (determined using encounter and visit type infor
mation available in the EHR data). For example, inpatient visits, 
procedures such as methadone treatment or electroconvulsive 
therapy, or encounters such as MyChart patient portal messages 
and historical documentation were not considered to be eligible 
for telehealth. Additionally, we focused our analyses on regular 
operating conditions. Therefore, we excluded the small number 
of visits that took place on weekends or outside of a 7 AM–7 PM 
time frame. For the same reason, we also excluded visits con
ducted on “low volume days” (which we defined as having fewer 
than 75 visits in either primary care or psychiatry) which corre
sponded entirely to holidays or days immediately adjacent to hol
idays (e.g. July 3–5, 2020). Because we were interested in 
understanding differences in patient access to (or preference 
for) telehealth, we excluded group visits, for which the modality 
of care may be predetermined.

To investigate changes in mental health care utilization over 
time (RQ-1), we used data from the full-time period (July 1, 
2016–June 30, 2024). To examine telehealth use by area depriv
ation level across stages of the COVID-19 pandemic (RQ-2), we re
stricted our analytic sample to visits that occurred between July 1, 
2020, and June 30, 2024, for patients with a depression diagnosis in 
at least one visit and no bipolar diagnosis in any visits during that 
time frame. Additionally, for RQ-2, we did not include clinical 
units within primary care or psychiatry known to only conduct 
visits in-person since the start of the pandemic (more details in 
the Supplementary material).

The Supplementary material contains additional information 
about the inclusion criteria, including a flow chart illustrating 
sample selection for the 2016–2024 cohorts and the 2020–2024 
subsets, Figs. S1 and S2, respectively.

Measures
Temporal variables
For RQ-1, we divided the study period into two periods for analysis: 
prepandemic (July 1, 2016–June 30, 2019) and postpandemic (July 
1, 2020–June 30, 2024). While the average number of visits per 
day in the time between these periods (July 1, 2019–June 30, 
2020) is plotted in Fig. 1, this time period is not included in the re
gression models of the pre- and postpandemic. For research ques
tion 2, we focus on the postpandemic period, dividing it into 
4-year-long periods: T1 (from July 1, 2020 to June 30, 2021), T2 
(July 1, 2021 to June 30, 2022), T3 (July 1, 2022 to June 30, 2023), 
and T4 (July 1, 2023 to June 30, 2024). The end of T1 corresponds 
to the end of the COVID-19 state of emergency in Maryland. 
Additionally, for both RQ-1 and RQ-2, we included a “years” vari
able measuring calendar time computed as the number of weeks 
from the start of the study period to the visit date divided by 52. In 
RQ-1, we include indicators of month and day of the week 
(Monday–Friday). In RQ-2, we include day of week, time of day 
(morning: 7:00 AM–11:59 AM and afternoon/evening: 12:00 PM– 
7:00 PM), and the log of the weekly average of the Maryland daily 
COVID-19 related hospital bed occupancy in thousands (plotted in 
Fig. S5) (73).

Area deprivation
To assess area deprivation, we used the ADI (74, 75). The ADI aims 
to quantify area-level disadvantage, combining measures of 
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employment, income, housing quality, and more from the 
American Community Survey. A low value of ADI corresponds 
to areas of higher socioeconomic status. We used national ADI 
percentiles for census blocks in 2020 to create three groupings: 
low (1st–25th percentile), medium (25th–75th percentile), and 
high (76th–100th percentile) deprivation. Given the small number 
of patients living in census block groups without a defined ADI, we 
excluded these patients from the analysis (see Figs. S1 and S2). 
The distribution of ADI in the 2016–2024 sample is shown in 
Fig. S3. Figure S4 shows a map of ADI groups in Maryland and 
Baltimore. Table S1 provides characteristics of the cohorts by 
low, medium, and high ADI group.

Patient characteristics
We included the following patient-level characteristics in our 
models of telehealth use (RQ-2): age (18–39, 40–64, and 65+), racial 
groups (White, Black, Other/Unknown), ethnic group (Hispanic, 
Non-Hispanic, other/unknown), gender (male or female), marital 
status (married, divorced/legally separated/widowed, and sin
gle/unknown/other), employment (full time, not employed, part 
time, retired, disabled, full-time student, or other/unknown), ur
banicity (urban, rural), and patient’s modal insurance type within 
their visits during the study time frame (Medicare, Medicare ad
vantage, Medicaid, private insurance, self-pay, or other). 
Urbanicity of each census block group is derived from the 
Census Bureau 2020 list of census blocks within urban areas (76, 
77). Additionally, we included indicators of comorbid anxiety dis
order and substance use disorder defined as the presence of 
ICD-10 codes for any visit for that patient within the study period. 
Given the small number of patients with a gender other than male 
or female we did not include this subgroup of patients in the ana
lysis for RQ-2. These patients were included in the analytic sample 
for RQ-1, for which the small size of the subgroup was not a con
cern as gender was not a covariate in the models. See 
Supplementary material for details.

Analysis
Research question 1: Trends in mental health care 
utilization from 2016 to 2024
First, we presented descriptives of the 2016–2024 primary care and 
psychiatry cohorts at the patient level in the full sample and by 
time period (Table 1) and stratified by ADI group (Table S1). 
Second, we plotted the temporal trends in mental health care util
ization before and across the pandemic, for each month in the 
full-time period, as a percentage change in average number of 
mental health care visits per day, relative to July 1, 2016, for 
each ADI group (Fig. 1).

Third, we use negative binomial generalized linear models to 
estimate trends in the number of mental health care visits per 
day in each ADI group, in separate models for primary care and 
psychiatry. We allowed for levels and slopes (percentage change 
in daily number of visits per year) to differ between ADI group 
and between time periods (pre- and postpandemic) using a three- 
way interaction in the model. Table S2 contains model coefficients 
with 95% CI and P-values. Fourth, we used these models to obtain 
the average percentage change per year in each deprivation group 
and time period, presented in Table S3. The marginaleffects pack
age in R was used to compute these estimates as linear combina
tions of coefficients with confidence intervals obtained via the 
delta method (78). All statistical analyses were conducted in 
R 4.3.1.

Research question 2: Trends in utilization of 
telehealth for mental health care from 2020 to 
2024
Fifth, we shifted our focus to telehealth use in 2020–2024 
and presented the patient-level characteristics of this sample in 
Table S4 and at the visit level in Table S5. Sixth, we plotted the per
centage of visits conducted by telehealth each month for each ADI 
group, to produce a plot of the unadjusted averages over time 
(Fig. 2).

Seventh, we estimated the average OR for telehealth use 
among the visits of patients living in low- and medium- 
deprivation areas, relative to high-deprivation areas, over the 
full study period, using GEE models (79, 80). GEE models were fit 
using the geepack R package, using an exchangeable correlation 
to account for multiple visits per patient, with standard errors ac
counting for patient-level clustering computed using the robust 
“sandwich” estimator (81). Models were run stratified by depart
ment (primary care and psychiatry) and were conducted at the 
visit level, adjusting for patient and visit-level characteristics 
and calendar time in years interacted with time period. Table S6
contains all exponentiated coefficients from the pooled-time peri
od models. Ninth, we added interactions between time period and 
ADI group, to investigate whether there were differences in the OR 
over time. In Fig. 3 (Table S7), we present the average OR (for the 
odds of telehealth use in the low and medium groups compared 
to the high-deprivation group) for each time period, computed us
ing the marginal effects R package (Fig. 3, Table S7). The exponenti
ated coefficients for interaction terms for each area deprivation 
group are also included in Table S7, indicating whether changes 
in OR from the first year (July 2020–June 2021) to subsequent years 
were significant. The exponentiated coefficients for all covariates 
are included in Table S8. As supplemental analyses, we fit analo
gous models that did not control for patient and visit-level charac
teristics (Table S9), as well as models that interact all patient and 
visit-level characteristics with time period and present the results 
in Table S10. Figure S7 shows the average OR in each time period 
for the supplemental models for comparison with the estimates 
from the main model (as in Fig. 3).

Table S11 shows the average daily volume of mental health 
care across area deprivation groups using negative binomial mod
els pooled over time. Additional details on modeling choices, 
equations for the models, and discussion of the interpretation of 
coefficients can be found in the Supplementary material.

This study was approved by the Institutional Review Board at 
the Johns Hopkins University School of Medicine. Consent was 
waived for use of the EHR data for research purposes.
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