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Introduction: This study analyzes the effect of telemedicine use on healthcare utilization and med-
ical spending for patients with chronic mental illness.

Methods: Using the IBM MarketScan Research database from 2009 to 2018, this study examined
the timing of users’ first telemedicine use and identified similar periods for non-users by using ran-
dom forest and random forest proximity matching. A difference-in-differences approach, which
tests whether there are differences in the study outcomes before and after the actual/predicted first
use among the treated group (users) compared with the control group (non-users), was then used
to assess the impact of telemedicine. Analyses were done in 2021.

Results: Comparing users with non-users after matching suggested that telemedicine use both
increases the number of overall outpatient visits (0.461; 95% CI=0.280, 0.642; p<0.001) related to
psychotherapy and evaluation and management services, and decreases the number of in-person
visits (0.280; 95% CI= —0.446, —0.114; p=0.001) for patients with chronic mental health diagnoses.
Total medical spending was not significantly affected. Additionally, no evidence was found of tele-
medicine use being associated with an increased probability of an emergency department visit or
hospitalization.

Conclusions: The study findings suggest that telemedicine use is associated with an increase in
outpatient care utilization for patients with chronic mental health diagnoses. No substantive
changes in medical spending, the probability of an emergency department visit, or the probability
of hospitalization were noted. Results provide insights into the effect of telemedicine use on spend-
ing and healthcare utilization for patients with chronic mental illness. These findings may inform
research to guide future telemedicine policies and interventions.
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earlier, on average.z_4 Access issues and unmet patient
needs have further exacerbated the severity of the crisis.
More than 150 million people in the U.S. live in a mental
health professional shortage area, and nearly one fifth of
adults with mental illness report an unmet need for men-
tal health treatment.™

Telemedicine has emerged as a promising solution to
bridge at least some of the gaps in access. It offers cer-
tain advantages to the patient; for example, virtual vis-
its tend to be cheaper than in-person visits, reduce
travel-related expenses, allow remote access to distant
locations, and reduce anxiety and stigma associated
with in-person visits.”* Additionally, in terms of treat-
ment method, compared with other illnesses, it is easier
to substitute in-person care with virtual care for
patients with chronic mental illness. Providers mostly
use a combination of medication and therapy to treat
patients with chronic mental illness, both of which can
be prescribed and delivered remotely. Telemedicine
offers potential cost savings to the overall healthcare
system as well, in that it can shift patients from more
expensive settings such as emergency departments
(EDs) to less costly office visits, which patients with
mental illness tend to underutilize.”” "'

Because of several state and federal policy changes,
which temporarily removed barriers to access during the
pandemic, telemedicine utilization increased overall.'*!?
It is no surprise that when telemedicine use peaked at
the beginning of the coronavirus disease 2019 (COVID-
19) pandemic, between March and August of 2020, 40%
of all telemedicine visits were for mental health and sub-
stance use disorders.'* However, these policy changes
are not yet permanent, as there are concerns regarding
the potentially negative consequences. These concerns
include that telemedicine utilization may encourage
excessive use and spending or provide subpar quality of
care.'>'°

Numerous randomized clinical trials have demon-
strated that telemedicine and in-person visits are compa-
rable qualitatively in treating patients with mental
illness.'” " However, outside of clinical trials, evidence
for patients with mental illness is limited, with research
focused primarily on Medicare and Medicaid
beneficiaries.”"*'

This study expands on existing literature by examin-
ing the privately insured patients with chronic mental
illness in a retrospective study. This study uses private
insurance claims data to understand when patients start
using telemedicine, and it uses a machine learning
method combined with a difference-in-differences anal-
ysis to assess the impact of telemedicine on spending
and healthcare use. This study aims to test whether tele-
medicine use is associated with increased engagement

(measured by the total number of psychotherapy and
evaluation and management visits), increased total med-
ical or pharmaceutical spending, and reduced quality of
care (specifically, an increase in the probability of an ED
visit or hospitalization) for patients with mental illness.

METHODS

Study Sample

This study used the IBM MarketScan Research database
from 2009 to 2018. The database contains inpatient, out-
patient, and prescription claims records for millions of
employees and their dependents. The claims are granu-
lar, containing information on patient diagnoses, loca-
tion of services, procedure codes, amount billed, amount
paid by insurance, and amount paid by patient. Patients
are uniquely identified by an identification number that
is consistent across years, and claims and allows for
patients to be followed over time.

The sample was constructed by starting with the uni-
verse of enrollees who either had a telemedicine visit, or
had an in-person visit for a chronic mental illness.
Chronic mental illness was identified using the Agency
for Healthcare Research and Quality’s chronic condition
indicators with ICD-9 and ICD-10 diagnostic codes.
This study defined a visit as a patient-provider interac-
tion in an outpatient setting for evaluation and manage-
ment purposes or psychotherapy (based on the most
used services for telemedicine). This study further cate-
gorized visits as either in-person or telemedicine using
procedure codes. For the exact list of procedure codes,
please see Appendix Al (available online). All telemedi-
cine users were included in the sample, but the number
of non-users was restricted to 100,000 randomly selected
enrollees.

Claim-level information was aggregated for each
patient at a quarterly level. The data were further
restricted to quarters during which patients were fully
enrolled and for which pharmaceutical claims informa-
tion was available.

Measures

Separate dichotomous outcome variables were created to
indicate any ED use and any hospitalization during a
quarter. Next, outcome variables related to visits and
spending were calculated on a quarterly basis. Outpa-
tient visits included: (1) total visits, (2) in-person visits,
and (3) telemedicine visits. Spending variables included:
(1) total medical spending on inpatient and outpatient
services, (2) total pharmaceutical/drug spending, and (3)
total out-of-pocket spending on medical and pharma-
ceutical services. The first 2 spending variables included
total spending by or on behalf of the enrollee, excluding
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cash payments and premiums, whereas the last spending
variable included enrollee spending in the form of
copayments, co-insurance, and deductibles. All the mon-
etary values were converted to real values using the con-
sumer price index for medical care. Natural logarithms
of all spending variables were used for estimation.

Additional outcome variables, which were used to
assess the validity of the research design, included health
shocks and an indicator for nonpreventable ED visits.
Health shocks represent a sudden deterioration in health
that is arguably exogenous to telemedicine use by the
virtue of being unexpected or nonpreventable. Existing
literature has used various variables as measures of
health shocks, including, but not limited to, serious ill-
ness, injury, BMI, and hospital admissions.”*

In this study health shocks were identified as nonpre-
ventable hospitalizations, nonpreventable ED visits, and
injury-related ED visits. A measure for health shocks is
constructed by taking a natural logarithm of total spend-
ing on nonpreventable hospitalizations, nonpreventable
ED visits, and injury-related ED visits. Agency for
Healthcare Research and Quality’s prevention quality
indicators were used to identify nonpreventable hospi-
talizations, nonpreventable and injury-related ED visits
from the claims database using the New York Univer-
sity’s ED algorithm.””**

Time was normalized for each user such that time, £,
was measured with respect to the quarter of first
observed telemedicine use (e.g., t = 0 is the quarter of
first use, t = —1 is a quarter before, and so on).
Throughout the remainder of the text, t <0 is referred
to as the preperiod and t>0 is referred to as the post-
period.

Statistical Analysis

The estimation procedure could be broken down into 2
steps. In the first step, treatment and control groups
were constructed. In the second step, a difference-in-dif-
ferences method was used for estimation and inference.

The treatment group included telemedicine users who
had information available for the past and the next 4
quarters relative to their quarter of first telemedicine
use. The control group was constructed by finding
observations of non-users who were most like the quar-
ter of first telemedicine use of users (i.e., t = 0) based on
preperiod dynamics of all outcome variables, patient
characteristics, patients’ chronic mental health diagno-
ses, and contemporaneous health shocks.

To find a control group, the data set was restructured
such that each quarterly observation included the past 4
periods’ shocks, spending, and utilization variables,
along with current shocks, diagnoses, and patient char-
acteristics. Current values of outcomes of interest were
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excluded. Then, machine learning was used to find a pla-
cebo first period for non-users that was compared with
the first period of telemedicine use (i.e., observations
similar to t = 0) for users in terms of lagged and some
current values.

Four machine learning methods (classification and
regression trees, random forest, logistic regressions, and
neural network) were used to predict the probability of
an observation containing the first telemedicine use, for
both users and non-users, and the algorithm with the
best performance, based on the accuracy of prediction,
was selected. This yielded random forest as the primary
prediction approach, with 76.5% accuracy.”””" The ran-
dom forest model identified time periods where patients
were likely to start using telemedicine based on the past
dynamics of all variables, and current health shocks,
patient characteristics, and mental health diagnosis. A
subsample was created of all the observations that were
predicted to have first telemedicine use, for both users
and non-users, and was used for matching.

A valuable by-product of random forest is a matrix of
proximity scores, which measures the similarity between
any 2 observations based on multiple dimensions. The
proximity scores allow for matching using high-dimen-
sional data, where the model automatically selects the
important variables, variable interactions, and values.>!
The method has been successfully applied in several
studies in other areas.”>"’

The scores range from 0 to 1, with 1 being a perfect
match. Then, the highest proximity score was used for
each t = 0 observation to uniquely match it with pla-
cebo first-use observation, £ = 0, of non-users. Using
placebo first-use observations, the time for non-users
was normalized in the same way as for telemedicine
users. The resulting group of non-users with placebo
first-use served as the control group. This study focused
on a 9-quarter window, with 4 quarters before and 4
quarters after the first use or placebo first-use. All
matched pairs were kept with proximity scores >0.35,
which was the eightieth percentile of the proximity
scores. The matching procedure is described in detail in
Appendix A2 (available online). For details on each algo-
rithm’s performance and tuning parameters see Appen-
dix Table 1 (available online).

Once a panel data of matched pairs of users and non-
users with actual or placebo first-use quarters was con-
structed, a difference-in-differences method was used to
estimate the effect of telemedicine on outcomes.’* This
analysis tested whether there were differences in study
outcomes before and after the event, the actual/predicted
first quarter among treated group (users) compared with
the control group (non-users). A set of covariates (age,
dummy for metropolitan statistical area [MSA],
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insurance type, a set of year dummies, contemporaneous
shocks [excluded for secondary outcomes], and patient
fixed effects) was included to improve the balance
between the 2 groups.

R version 4.1.1. was used for machine learning and
random forest proximity matching, and Stata version BE
17.0 was used for difference-in-differences estimation.
Analyses were conducted in 2021—2022.

RESULTS

The initial sample included 2.9 million quarters belong-
ing to 37,928 telemedicine users and 100,000 non-users.
Telemedicine utilization was very low with just >2% of
observations with any telemedicine use. Highest utiliza-
tion was by patients with a diagnosis related to depres-
sion, followed by anxiety, post-traumatic stress disorder,
and attention deficit/hyperactivity disorder (Appendix
Table 2, available online).

Summary statistics for users and non-users are pro-
vided in Appendix Table 3 (available online). For users,
statistics were reported by the period (before/after) of
first telemedicine use. Mean values for all spending and
utilization variables were higher for users than non-
users, regardless of the period relative to first telemedi-
cine use, with the only exception being out-of-pocket
spending in the before period.

Timing of users’ first telemedicine use is analyzed in
Appendix Figure 1 (available online). Plots of healthcare
utilization and spending variables over time revealed an
upward trend, with a sharp increase around the time of
first telemedicine use, followed by a sharp decline.

After matching, 51,606 observations belonging to
5,734 patients were identified. Half of the patients were
users and half were non-users, and each patient could be
tracked for 9 quarters.

The quality of matching was assessed by comparing
users and non-users using 2 separate methods: (1) by
visually inspecting preperiod time trends of various
spending and utilization variables and (2) by statistically
testing preperiod differences in means at p < 0.05.

Figure 1 shows time trends of various spending and
utilization variables. Time (#) on the horizontal axis rep-
resents quarters relative to first telemedicine use (or pla-
cebo first-use). Mean values are plotted separately for
users and non-users. Plots revealed a similar trajectory
for users and non-users in the preperiod, which sug-
gested the 2 groups were comparable.

Preperiod summary statistics are provided in Table 1.
Columns 1 and 2 show mean values for non-users and
users, respectively. The p-values associated with the dif-
ferences in means between the 2 groups are included in
the third column. Summary statistics for variables

related to healthcare use, shocks, and spending confirm
the visual impression conveyed in Figure 1. None of
these differences was significant, except for the loga-
rithm of out-of-pocket spending, which was slightly
lower for users (p=0.027).

There were slight differences in patient characteristics.
Users consisted of 4 percentage points (p<0.001) more
females and had 3 percentage points (p<0.001) greater
number of people residing in MSAs. For both groups,
anxiety was the most common diagnosis, followed by
depression. A total of 58% of users and 56% of non-users
had at least 1 anxiety-related diagnosis, and approxi-
mately 45% of patients in each group had a depression-
related diagnosis.

Results are provided from difference-in-differences
specification, after matching, in Table 2. The regression
included an indicator for post-period (1 if £>=0, and 0 if
t<0), an indicator for treatment group (1 for users and 0
for non-users), and an interaction term between the 2
indicators. The coefficient on the interaction term was
the estimate of interest, which measured the pre- and
post-difference in outcome for users compared with that
for non-users. This study included covariates and pro-
vided results separately, with and without =0 included
in the post-period.

The estimates for overall visits and telemedicine visits
were positive and statistically significant across both
specifications, but they were larger with =0 included in
the post-period. This study found that telemedicine
users had 0.461 greater number of overall visits (95%
CI=0.280,0.642; p<0.001) despite a 0.280 reduction in
in-person visits (95% CI= —0.446, —0.114; p=0.001).
Estimates for the probability of hospitalization or any
ED visit were small and insignificant.

This study did not find significant differences in medi-
cal spending and drug spending. Out-of-pocket spend-
ing was 10.9% lower when =0 was included in the post-
period (95% CI= —0.197, —0.021; p=0.015), and it
remained negative but became insignificant when #=0
was excluded.

For reference, event-study estimates are provided for
users with the control group excluded (Appendix
Table 4, available online). All spending and utilization
estimates were large and significant when the control
group was excluded.

For visual clarity of dynamic patterns, a difference-in-
differences was estimated by replacing the post-indicator
with time dummies. The coefficients on the interactions
between time dummies and the treatment indicator are
reported with their 95% ClIs in Figure 2. The figure con-
firms that users and non-users had similar trends in the
preperiod, as coefficients for all variables were insignifi-
cant and close to 0. The post-period trends were also not
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Figure 1. Variable trends by treatment status.

Note: The figure shows mean values for utilization and spending variables over time for users and non-users. Time (t) on the horizontal axis repre-
sents quarters relative to the first telemedicine use (or placebo first use). Variables on the y-axis include log of medical spending, log of drug spend-
ing, log of out-of-pocket spending, number of visits, number of in-person visits, any ED visit, any hospitalization, and shocks.

differentiable for medical spending, drug spending,
shocks, and the probability of hospitalization.

Figure 2 also shows that just as patients started using
telemedicine, the number of user visits became clearly
and meaningfully greater than that of non-users. Simul-
taneously the number of in-person visits fell, along with
the probability of an ED visit, and out-of-pocket spend-
ing. These effects seemed to dissipate over time,
although the increased telemedicine use was still present
4 quarters out. There was some evidence of patients
substituting ED care with telemedicine, which likely
reduced their out-of-pocket spending, though the pat-
tern did not hold after ¢=0.

A key assumption to ensure internal validity of the
difference-in-differences model was that in the absence
of telemedicine use, the difference between users and
non-users would have been constant.”**” Although the
assumption could not be statistically tested, it was sup-
ported by the similarity of preperiod trends shown in
Figure 2.
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Validity of the research design was further assessed by
conducting falsification tests using outcomes that were
not supposed to be affected by telemedicine use. Health
shocks and the probability of nonpreventable ED visits
were used as alternative placebo outcomes. Estimates for
both variables were small and insignificant, suggesting
that the 2 groups were similar in terms of exogenous
health changes in the pre- and post-periods.

DISCUSSION

Descriptive analyses revealed empirical challenges, in
that patients who start using telemedicine do so follow-
ing large spikes in medical spending and health shocks,
on average, and hence they are quite different from non-
users. Given an upward pretrend in all outcomes of
interest, any comparison between users and non-users
that does not account for variable dynamics will likely
yield biased estimates.”*” To address these challenges, a
longitudinal sample of telemedicine users and similar
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Variables Non-users Users p-value
Patient characteristics
Age (years) 27.95 27.70 0.208
Female (%) 47 51 <0.001
MSA (%) 88 91 <0.001
Anxiety (%) 56 58 <0.001
Depression (%) 45 46 0.158
PTSD (%) 28 30 <0.001
ADHD (%) 19 21 0.001
Health status
Shocks 0.20 0.21 0.466
Nonpreventable ED visits (%) 1 1 0.848
Health care use
Claims 6.78 6.54 0.298
Visits 1.70 1.62 0.094
In-person visits 1.70 1.62 0.094
Any ED visit (%) 5 5 0.837
Any hospitalization (%) 1 1 0.787
Spending
OOP drug spending ($) 24.63 24.29 0.767
Total drug spending ($) 172.52 193.77 0.060
OOP medical spending ($) 121.20 119.38 0.758
Total medical spending ($) 997.78 1,116.09 0.328
Log drug spending 1.67 1.76 0.130
Log medical spending 3.14 3.19 0.198
Log OOP 2.48 2.37 0.001
Number of observations 11,468 11,468
Number of patients 2,867 2,867

Note: This table includes preperiod mean values for the variables listed. Unit of observation is patient-quarter. p-values for the differences between
users and non-users are reported in the last column. Boldface indicates statistical significance (p<0.05).
ADHD, attention deficit/hyperactivity disorder; ED, emergency department; MSA, Metropolitan Statistical Area; OOP, out-of-pocket spending; PTSD,

post-traumatic stress disorder.

non-users was constructed using machine learning, and
then difference-in-differences analysis was used to assess
the impact of telemedicine on the outcomes.

Using difference-in-differences analysis, this study
found that telemedicine use is associated with an
increase in the overall number of outpatient visits,
despite a reduction in in-person visits. The effect of tele-
medicine use on the number of visits for privately
insured patients in this study parallels the trends
reported in other studies, which have looked at Medicaid
and Medicare patients and found an association between
higher telemedicine availability and an increase in visit
rates.”””" This could be beneficial for people with
chronic mental health conditions, who, despite higher
morbidity, have fewer routine checkup visits, experience
delayed diagnoses, and have higher treatment dropout
rates than the general population.”” "'

Interestingly, increased use of outpatient care is not
accompanied by an increase in medical spending. One

possible explanation could be that telemedicine visits
during the studied time period were cheaper than in-
person visits.” As patients substitute cheaper virtual vis-
its in the place of more expensive in-person visits,
despite an overall increase in outpatient care, overall
medical costs could remain somewhat similar.

This study is the first, to the best of the author’s
knowledge, that examined the timing of users’ telemedi-
cine use and showed that once variable dynamics are
accounted for, in addition to patient characteristics, the
differences in medical spending between users and non-
users are no longer significant. Previous studies have
examined the relationship without controlling for pre-
period trends. These studies have found telemedicine
users as having considerably higher costs than non-
users, but they focused on different health conditions
and subgroups.' >

In addition, this study did not find significant differ-
ences in the probabilities of ED visits or hospitalization
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Table 2. Difference-in-Differences Estimates

With t=0 Without t=0
Outcomes
Coeff 95% Cl p-value Coeff 95% CI p-value
Health status
Shocks —0.008 —-0.072 0.056 0.775 —0.008 —0.067 0.052 0.795
Any nonpreventable ED visit —0.000 —0.004 0.003 0.865 0.001 —0.003 0.005 0.536
Health care use
Visits 0.461 0.354 0.568 <0.001 0.261 0.146 0.376 <0.001
In-person visits —0.280 —0.383 —-0.176 <0.001 -0.132 —0.245 —0.019 0.022
Telemedicine visits 0.741 0.714 0.768 <0.001 0.393 0.369 0.417 <0.001
Any hospitalization 0.000 —0.002 0.003 0.781 —0.001 —0.004 0.002 0.492
Any ED visit —0.005 —0.013 0.003 0.249 0.004 —0.005 0.013 0.381
Spending
Log (medical spending) 0.027 —0.073 0.127 0.596 0.035 —0.078 0.148 0.547
Log (drug spending) 0.018 —0.041 0.077 0.541 0.016 —0.050 0.081 0.642
Log (out of pocket) —0.124 —0.201 —0.048 0.001 —0.058 —0.143 0.027 0.182
Number of observations 51,606 51,606 51,606 51,606 45,872 45,872 45,872 45,872
Number of patients 5,734 5,734 5,734 5,734 5,734 5,734 5,734 5,734

Note: This table shows the regression coefficients from difference-in-differences. Each row represents an outcome variable of interest. All regressions
include patient fixed effects, year fixed effects and the following patient level controls: age, dummy for metropolitan statistical area (MSA), insurance
type, and contemporaneous health shocks (excluded for health status outcomes). All spending variables are in logarithms of real dollars. Estimates
are provided separately with and without including t=0 in the post period, where t=0 indicates the quarter of first telemedicine use (or placebo first

use). Boldface indicates statistical significance (p<0.05).
Coeff, coefficient; ED, emergency department.

between users and non-users. These results suggest that
the quality of care delivered via telemedicine is on par
with that of in-person visits. These findings need to be
considered in the context of earlier work demonstrating
the limitations of telemedicine use, which found that
patients with telemedicine follow-up visits after ED-dis-
charge were more likely to return to the ED within
30 days and had greater hospital utilization compared
with patients with in-person follow-up.’” However, these
results are consistent with previous literature that looked
at mental health specifically in an RCT setting and found
no difference in outcomes between telemedicine inter-
ventions and in-person interventions.***'

Limitations

This study has several limitations, as it focuses on the
pre—COVID-19 period. Major policy changes, many
impermanent, have allowed for increased telehealth uti-
lization since the start of the COVID-19 pandemic.*’
For example, the U.S. Centers for Medicare and Medic-
aid Services and major insurers adopted temporary cov-
erage policies providing telehealth payment parity.*’

As the longevity of these policies continues to be
debated, several factors need to be considered. This
study’s finding that telemedicine use is not associated
with increased medical costs, despite increased utiliza-
tion, needs to be considered in the context that
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telemedicine visits were cheaper than in-person visits in
the pre-COVID period.

In the future, with telehealth payment parity, medical
spending may rise with increased utilization, especially if
patient cost sharing for telemedicine visits remains lower
than for in-person visits. Also, any advantages to
patients with chronic mental health conditions, who
tend to underutilize health care, may disappear if tele-
medicine expansion policies are not accompanied by
policies that address mental health provider shortages.

This study focused on patients with chronic mental
illnesses who are privately insured. This study did not
cover patients with government insurance and those
who are uninsured. The results could differ for patients
with different coverage. Separately, despite controlling
for selection bias using matching and difference-in-dif-
ferences, it is possible that some unobserved characteris-
tics among users were not accounted for and influenced
the patterns observed.

Finally, the study uses the probability of ED visits and
of hospitalizations to measure the quality of care over a
narrow 4-quarter window after treatment. Results could
differ over a longer period and may be different if other
proxies for quality of care are used. Future studies are
needed to determine the generalizability of these find-
ings.
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Figure 2. Event studies for outcome variables.

Note: The solid black line shows how the difference between users and non-users changes over time relative to the baseline difference (in t= —4).
Outcomes include log of medical spending, log of drug spending, log of out-of-pocket spending, number of telemedicine visits, number of in-person
visits, number of visits, any ED visits, any hospitalization, and shocks. All spending variables are in logarithms of real dollars. All regressions include
patient fixed effects, year fixed effects and patient level controls. The dotted back lines represent 95% ClI.

CONCLUSIONS

This study identifies that telemedicine leads to higher
outpatient care utilization without significantly affecting
hospitalizations, ED visits, and spending. The results
highlight the importance of telemedicine utilization, in
improving outpatient care utilization, for patients with
chronic mental health conditions, without affecting the
overall medical spending.
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