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Abstract
Objective Although telehealth psychotherapies have been studied for over 20 years, mental health services remained 
largely delivered in person until the COVID-19 pandemic forced clinics to reconsider the utility of telehealth 
psychotherapy. This study aims to compare patient engagement in in-person versus telehealth services in outpatient 
psychotherapy for mood and anxiety disorders.
Method: A cohort investigation was conducted, using a propensity score matched sample, extracted from an electronic 
health record (EHR) to compare engagement in psychotherapy for 762 patients who used in-person services before the 
pandemic to a cohort of 762 patients who used telehealth psychotherapy after the onset of COVID-19. The authors 
compared cohorts on initial engagement in psychotherapy services following an initial intake, number of psychotherapy 
sessions attended, and the rate of missed sessions.
Results: There was a 26% increase in the total number of individual psychotherapy sessions attended when the clinics 
transitioned to telehealth services (p < .001). In addition, patients who received telehealth psychotherapy were five times 
more likely to not cancel or miss any scheduled sessions (p < .001).
Conclusion: These results indicate that telehealth services may result in improved treatment engagement for outpatient 
centers focused on brief evidence-based psychotherapies for mood and anxiety disorders.

Keywords: telehealth; psychotherapy; service engagement; service utilization

Clinical or methodological significance of this article: Patients who were offered telehealth psychotherapy services 
attended 26% more sessions than those who were offered in-person services in clinics providing short-term evidence- 
based psychotherapies for mood and anxiety disorders. Telehealth psychotherapy resulted in significantly fewer missed or 
canceled sessions across short-term evidence-based psychotherapies. Access to telehealth psychotherapy may be especially 
important for relatively older patients who may face barriers to in-person services.

Early attrition from psychotherapy, prior to receiving 
the full course of treatment agreed upon with the pro
vider and obtaining optimal clinical benefit, has been 
an intractable problem that influences treatment out
comes and efficient clinic functioning (Barrett et al., 
2008; Olfson et al., 2009; Swift et al., 2017). An esti
mated 19% of individuals receiving mental health 

services in a nationally representative sample 
(Olfson et al., 2009) and 22% of individuals receiving 
psychotherapy as part of randomized controlled trials 
(Swift et al., 2017) terminate psychotherapy prema
turely. People in outpatient mental health treatment 
receive a median of only seven psychotherapy 
sessions, less than is traditionally considered an 
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adequate dose of most evidence-based psychothera
pies for mood and anxiety disorders. In fact, 70% 
of patients who discontinue psychotherapy early 
attend only one or two sessions (Olfson et al., 
2009). Early attrition from psychotherapy has been 
associated with poor treatment outcomes (Lambert, 
2017), especially for patients who withdraw very 
early from treatment (Pekarik, 1992).

Although most evidence-based psychotherapies 
for mental disorders have traditionally been delivered 
in person, efforts have been made over the past two 
decades to improve patient engagement in services 
by exploring the feasibility and effectiveness of remo
tely delivered psychotherapies. Synchronous tele
health psychotherapies, including both telephone 
and video conference-based psychotherapies, have 
been designed to address obstacles to in-person 
services (Andrade et al., 2014; Hoge et al., 2004). 
Telehealth treatments may allow patients to 
conquer structural barriers like a need for transpor
tation, childcare responsibilities, and difficulties 
obtaining time off (Hoge et al., 2004). Telehealth 
interventions also provide flexible solutions for indi
viduals who live a distance from mental health 
centers or who need to travel for their work (Moham
madi et al., 2020; Zinzow et al., 2012). In addition to 
these practical barriers to care, telehealth psychother
apy may help individuals concerned with stigma 
engage in psychotherapy (Hoge et al., 2004; Moham
madi et al., 2020; Zinzow et al., 2012). Patients may 
feel that engagement in mental health services may 
change how others perceive them and may even 
harm their career trajectory (Hoge et al., 2004). Tel
ehealth treatments provide flexible and private care 
that eliminates the perceived stigma of being phys
ically present in mental health clinics (Mohammadi 
et al., 2020; Zinzow et al., 2012).

The COVID-19 pandemic led to a renewed focus 
on using telehealth services to increase access to care 
(Betancourt et al., 2020; Centers for Disease Control 
and Prevention, 2020). In-person sessions for mental 
health care decreased by 40%, and telehealth ses
sions increased ten-fold following the onset of the 
COVID-19 pandemic (Cantor et al., 2023). A 
recent literature review indicated that clinical 
outcomes, patient satisfaction, and the therapeutic 
alliance did not differ between synchronous 
telehealth-delivered behavioral health interventions 
and in-person psychotherapies (Bellanti et al., 
2022). In addition, the authors reported that treat
ment utilization was similar across telehealth and 
in-person psychotherapies. However, the studies 
reviewed included a wide range of specific diagnostic 
groups, including eating disorders, traumatic brain 
injury, homebound older adults, individuals living 
with HIV, and post-traumatic stress disorder in 

veteran populations. Only one trial was conducted 
in a general outpatient psychiatry clinic and this 
trial focused only on engagement in psychiatric con
sultation for individuals with a range of depressive 
and anxiety disorders (De Las Cuevas et al., 2006). 
This study, like many of the trials reviewed, operatio
nalized utilization simply as a dichotomy comparing 
completers to non-completers in time-limited treat
ments within randomized controlled studies. A 
more comprehensive evaluation of psychotherapy 
use for broad patient populations in naturalistic out
patient settings is needed to inform decisions regard
ing the continued implementation of telehealth 
services post-pandemic.

The current investigation used the broader term 
engagement to encompass a range of clinically rel
evant psychotherapy utilization indicators, including 
initial engagement in services following treatment 
intake, the number of sessions attended, and the 
rates of missed or canceled appointments. We con
ducted a cohort study comparing psychotherapy 
engagement for in-person services delivered for two 
years prior to the onset of the COVID-19 pandemic 
compared to telehealth services provided for two 
years after the transition to telehealth interventions. 
Data was collected from two outpatient mental 
health centers at a large urban medical center that 
deliver evidence-based cognitive behavioral psy
chotherapies for individuals with mood and anxiety 
disorders.

Although the number of sessions attended may be 
an important indicator of engagement, it should be 
noted that it may not be a good indicator of response 
for all patients. The dose effect model (Howard et al., 
1986) predicts that more sessions of psychotherapy 
will lead to better treatment outcomes due to 
greater exposure to the active ingredients of psy
chotherapy. Howard et al. (1986) demonstrated a 
linear dose-effect relationship in a review of 114 
studies with 75% of patients showing measurable 
improvement by 26 sessions. The authors acknowl
edge that this doesn’t necessarily mean that these 
patients achieved optimal benefit by 26 sessions 
and interestingly there were diminishing returns for 
additional sessions beyond 26. In contrast, some 
have argued that more sessions of psychotherapy 
are not always associated with continued improve
ments. The good-enough level model of therapeutic 
change (GEL model; Barkham et al., 2006) predicts 
that the number of sessions will not be related to 
treatment outcome because some patients have a 
higher rate of change requiring fewer sessions and 
other patients have a lower rate of change requiring 
relatively more sessions of psychotherapy to achieve 
a good enough level of improvement. While multiple 
studies support the good enough level model 
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(Barkham et al., 2006; Reese et al., 2011), multiple 
investigations demonstrated that the rate of improve
ment was related to the number of sessions but 
support the GEL model by demonstrating that the 
dose–response curve was not negatively accelerating 
(Baldwin et al., 2009; Falkenström et al., 2016).

The literature on telehealth versus in-person care 
further suggests that neither modality meets the 
needs of all patients. One study demonstrated 
higher discontinuation rates from telehealth therapy 
for patients with post-traumatic stress disorder 
(Morland et al., 2020), while another showed 
higher discontinuation rates for in-person psy
chotherapy for patients with depression (Mohr 
et al., 2012). Beyond diagnostic groups, few other 
baseline predictors of psychotherapy engagement 
have been evaluated. There is, however, accumulat
ing evidence that patients with higher symptom 
severity, comorbidity (Stiles-Shields et al., 2015), 
hopelessness (Luxton et al., 2016), and greater age 
(Smolenski et al., 2017) have poorer outcomes in tel
ehealth psychotherapy, suggesting that demographic 
and clinical characteristics should be explored to see 
how treatment formats might be personalized to opti
mize engagement in services.

Objective

Our primary aim was to compare engagement for 
psychotherapy services delivered via telehealth to ser
vices delivered in-person. We hypothesized that tele
health services, by addressing barriers to service 
utilization, would result in improved engagement 
relative to in-person services. Our secondary aim 
was to explore demographic, clinical, and social vul
nerability variables as predictors and moderators of 
psychotherapy engagement across telehealth and in- 
person services to inform the personalization and 
adaptation of services.

Method

Overview

We conducted a retrospective cohort study using 
de-identified data extracted from Penn Medicine’s 
electronic health record (EHR). The University of 
Pennsylvania Institutional Review Board deemed 
this study exempt and waived informed consent 
because data were de-identified. To ensure the 
quality and accuracy of EHR data (Greiver et al., 
2012; McGinn et al., 2011; Price et al., 2012), we 
implemented a comprehensive analysis of data accu
racy prior to hypothesis testing (Dziadkowiec et al., 
2017; Kahn et al., 2012).

Samples and Treatment Services

Participants received services from one of two outpa
tient mental health clinics that offer cognitive–behav
ioral therapies by highly trained psychologists and 
psychology trainees (masters or doctoral level clini
cians). Clinic 1 primarily treats posttraumatic stress 
disorder, obsessive-compulsive disorder, social 
anxiety disorder, panic disorder, agoraphobia, gener
alized anxiety disorder, and specific phobias using 
evidence-based cognitive–behavioral treatment pro
tocols designed to be implemented across 12–20 ses
sions depending on the diagnosis and case 
complexity. Clinic 2 offers services for a range of 
mood and anxiety disorders using protocols that are 
active, directive, and focused on skill building. 
Although most treatments are designed and delivered 
in a short-term format, the patient and therapist work 
collaboratively to decide the optimal treatment 
length.

Cohorts

Before the onset of the COVID-19 pandemic, almost 
all psychotherapy sessions at these clinics were pro
vided in-person. Telehealth services were provided 
only for rare emergencies. In March 2020, both 
clinics rapidly transitioned to synchronous telehealth 
services, including both telephone-based and video 
sessions. We defined two retrospective cohorts. 
Cohort 1 included all patients scheduled for in- 
person services during the two years before the pan
demic during 2018 and 2019. Patient who received 
an intake session between January of 2018 and June 
2019 were included to allow adequate time for com
pletion of six months of treatment. Cohort 2 
included patients who received telehealth services 
during the two years after the onset of the pandemic, 
defined as July 2020 through July 2022. In Cohort 2, 
all treatments were delivered predominantly via tele
health, although clinicians did have the option of pro
viding in person sessions occasionally. Those who 
received a new patient visit between July 2020 and 
December 2022 were included to allow adequate 
time to complete six months of treatment. We did 
not include patients who received services from 
January 2020 through June 2020 since this was a 
time in which engagement was likely strongly influ
enced by the spread of COVID-19 and the sudden 
transition of care to telehealth services.

Measures of Psychotherapy Engagement

Psychotherapy engagement was estimated by count
ing the total number of individual psychotherapy ses
sions attended and calculating the rate of missed 
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sessions. For the count of sessions, we examined 
both whether or not each patient attended at least 
one psychotherapy session following the intake 
appointment to represent initial engagement in treat
ment and the total number of individual psychother
apy sessions attended following the initial intake 
session to represent continuity of care. The rate of 
missed sessions was calculated using the formula 
for missed opportunity rate proposed by Jacobs 
et al. (2019) that divides the number of missed indi
vidual psychotherapy sessions (either through patient 
cancelation or no-show) by the total number of visits 
scheduled. We examined both whether or not each 
patient missed any scheduled sessions and the 
missed opportunity rate across patients who missed 
at least one session.

Predictors and Moderators of Engagement

Demographic Variables. We examined age at treatment 
intake, legal sex, race, Hispanic ethnicity, and marital 
status. Demographic categorical variables were 
dichotomized for use in predictive analyses. Race 
was dichotomized as minority versus non- 
Hispanic White. Secondary analyses examined 
engagement for the subsets of Black and Asian 
patients versus White. Marital status was dichoto
mized as currently married or cohabitating versus not.

Clinical Characteristics. Psychiatric comorbidity 
was represented by the number of psychiatric diag
noses at the intake and medical comorbidity was 
the number of medical diagnoses documented in 
the EHR during the cohort period. We further evalu
ated the presence versus absence of a diagnosis of 
depressive disorder, anxiety disorder, personality dis
order, or substance/alcohol use disorder at intake.

Social Vulnerability Indices. We included four social 
vulnerability variables that were derived from geo
coded zip codes as well as two variables that were 
automatically calculated within the EHR based on 
service use. The four variables based on zip code 
included the percentile rankings for socioeconomic 
status, household composition and disability, min
ority status and English language proficiency, and 
housing type and transportation (Centers for 
Disease Control and Prevention / Agency for Toxic 
Substances and Disease Registry, 2022). Socioeco
nomic status included ratings of poverty level, 
employment, income, and education. The household 
composition and disability ratings included age and 
disability status. The minority and language 
ranking was based on minority status and ability to 
speak English. The housing type and transportation 
ranking included evaluation of the type of housing, 
crowding in housing, and access to a vehicle. For 

these social vulnerability indices, census tracts were 
ranked across the United States. We used the percen
tile ranking values that ranged from 0 to 1 with higher 
scores indicating greater vulnerability. The preventa
tive care gap score was calculated by adding the 
number of preventative care screenings an individual 
qualified for but did not complete. The general adult 
risk score was calculated based on factors that con
tribute to an increased risk of adverse health events.

Data Analysis

Data was extracted from the EHR for 1806 patients, 
including 1022 in cohort 1 and 784 in cohort 2, on 4 
April 2023. All patients in the first cohort received an 
in-person intake and individual psychotherapy ses
sions. Following the onset of COVID-19, all treat
ments were offered and initiated via telehealth. 
Clinicians provided predominantly telehealth ses
sions but were able to offer occasional sessions in- 
person if approved by the administration. Cohort 2 
includes cases that received predominantly telehealth 
treatment, allowing for occasional in-person sessions, 
representing how telehealth is implemented in a nat
uralistic sample. Ninety-seven percent of patients in 
cohort 2 (n = 762) received at least 80% of their ses
sions via telehealth and were retained for primary 
analyses.

Propensity Score Matching of Cohorts. We used pro
pensity score matching across the 17 variables listed 
in Table I to mitigate differences in the cohorts. We 
log-transformed two non-normal variables, the 
number of concurrent psychiatric diagnoses and the 
number of medical diagnoses. Logistic regressions 
for categorical variables and linear regressions for 
scale variables estimated missing values for eight 
intake variables from the other intake variables 
across 40 imputations (Azur et al., 2011; Graham 
et al., 2007). We followed the guidance of Graham 
et al. (2007) who suggests 40 imputations to 
improve power. Final estimates for variables with 
missing values were computed as the average pre
dicted value across the 40 imputations.

Propensity scores were calculated using a logistic 
regression model with a logit link function predicting 
cohort from the 17 baseline variables listed in 
Table I. A greedy nearest neighbor matching 
without replacement within a specified caliper 
width of 0.20 was used to match patients from the 
in-person cohort with each of the 762 patients in 
the telehealth cohort (Austin, 2014). Following the 
recommendations of Austin (2014), the nearest 
neighbor matching within a specified caliper was 
selected as this method demonstrates less biased esti
mates. The caliper was set at.20 following the 
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recommendations of Austin (2011). This method 
applied without replacement performed at least as 
well as other propensity matching algorithms and 
was recommended by Austin (2014).

Balance was examined following the recommen
dations of Austin (2011) using the MatchIt version 
4.5.5 package in R (Ho et al., 2011). First standar
dized mean differences were examined for each of 
the 17 potential covariates. In the unmatched 
sample, standardized mean differences ranged from 
.00 to .23 indicating some treatment group selection 
bias. In the matched sample, the 17 standardized 
mean differences ranged from 0 to .09, all below 
the .1 cutoff defining optimal balance (Austin, 
2011), indicating that the matched sample elimi
nated observed systematic differences between 
cohorts. The distribution of baseline covariates 
across cohorts was examined based on density 
plots, which confirmed that matching eliminated 
differences across cohorts across the full distribution 
of each covariate. Finally, we examined quintile side 

by side boxplots of the propensity scores per cohort, 
confirming balance in the final propensity score 
across the full distribution.

Evaluation of Engagement. The analytic framework 
included zero-inflated negative binomial (ZINB) 
models to address the high proportion of zero 
counts, confirmed as the approach that would 
provide a superior fit using the test developed by 
Vuong (1989). Differences between cohorts are 
described using odds ratios (OR) for the zero 
versus nonzero component and rate ratios (RR) for 
the count portion of the zero-inflated models. All 
analyses included terms for cohort, clinic, and the 
interaction of cohort by clinic in the prediction of 
engagement indices. Analyses did not include a 
term for therapist as therapists were partially nested 
and partially crossed with cohort and there were a 
high number of therapists who saw a single patient.

In the in-person cohort, 16% (n = 159) of patients 
continued sessions through the acute onset of 
COVID-19 during the transition from in-person to 

Table I. Patient demographic and clinical characteristics by clinic by cohort at the new patient visit in a matched dataset.

Characteristic
N available 
(N = 1524)

In-person cohort (n = 762) Telehealth cohort (n = 762)

Clinic 1 
(n = 389)

Clinic 2 
(n = 373)

Clinic 1 
(n = 421)

Clinic 2 
(n = 341)

Demographic Characteristics
Gender, n (%) 1524

Male 151 (38.8) 124 (33.2) 152 (36.1) 121 (35.5)
Female 238 (61.2) 249 (66.8) 269 (63.9) 220 (64.5)

Race dichotomized, n (%) 1224
Minority 73 (20.6) 48 (18.7) 78 (21.1) 43 (17.6)
White 282 (79.4) 209 (81.3) 292 (78.9) 202 (82.4)

Ethnicity dichotomized, n (%) 1437
Hispanic/Latino 29 (7.6) 9 (2.6) 23 (5.7) 11 (3.7)
Not Hispanic/Latino 353 (92.4) 342 (97.4) 383 (94.3) 287 (96.3)

Marital status dichotomized, n (%) 1524
Married/cohabitating 123 (31.6) 79 (21.2) 138 (32.8) 72 (21.1)
Not married/cohabitating 266 (68.4) 294 (78.8) 283 (67.2) 269 (78.9)

Age, mean (SD) 1524 33.1 (11.7) 30.2 (13.4) 33.6 (11.7) 29.79 (12.6)
Clinical characteristics

Number of DSM-V diagnoses, mean (SD) 1524 1.04 (0.55) 1.38 (0.70) 1.11 (0.67) 1.38 (0.73)
Number of Medical diagnoses, mean (SD) 1524 0.07 (.30) 0.02 (.15) 0.06 (0.27) 0.03 (0.21)
Depression diagnosis, n (%) 1524 229 (58.9) 67 (18.0) 250 (59.4) 53 (15.5)
Anxiety diagnosis, n (%) 1524 126 (32.4) 341 (91.4) 142 (33.7) 310 (90.9)
Substance use diagnosis, n (%) 1524 15 (3.9) 1 (.3) 16 (3.8) 6 (1.8)
Personality disorder diagnosis, n (%) 1524 26 (6.7) 1 (.3) 48 (11.4) 2 (.6)

Social vulnerability indices
General adult risk score, mean (SD) 1210 0.99 (1.24) 0.85 (1.02) 0.94 (1.13) 0.75 (1.20)
Prevention care gap score, mean (SD) 1252 3.41 (1.50) 3.26 (1.36) 3.26 (1.44) 3.33 (1.34)
Socioeconomic theme summary percentile 
ranking, mean (SD)

1518 .47 (.35) .36 (.33) .42 (.34) .39 (.34)

Household composition theme summary 
percentile ranking, mean (SD)

1518 .26 (.27) .24 (.24) .23 (.26) .27 (.27)

Minority status language theme summary 
percentile ranking, mean (SD)

1518 .74 (.14) .70 (.17) .73 (.14) .71 (.16)

Housing type transportation theme summary 
percentile ranking, mean (SD)

1518 .68 (.25) .62 (.28) .67 (.26) .62 (.27)
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telehealth services. For the telehealth cohort, we 
obtained only data up until the end of the cohort in 
June 2022. As a proxy for who may have continued 
sessions beyond the cohort, we identified 17% of 
patients in the telehealth cohort (n = 136) who 
attended at least one session in June of 2022 who 
likely were still engaged in services after the cohort 
window. Primary analyses included the full 
matched sample while sensitivity analyses evaluated 
the subsample of patients known to have completed 
services within the respective cohort windows.

Predictors and Moderators of Engagement. To control 
for type I error in the exploratory analyses evaluating 
predictors and moderators of engagement, we used a 
p-value of .003 (.05 adjusted for 17 potential predic
tor variables) for analyses of predictors. For each pre
dictor, a ZINB model included clinic, cohort, and the 
predictor with a separate model including the predic
tor by cohort interaction to evaluate moderation.

Results

Characteristics of Study Population

The majority of patients were female (64.0%), white 
(80.5%), non-Hispanic (95.0%), not married or 
cohabitating (73.0%), with an average age of 32 
(SD = 12.42) years (see Table I). Patients received 
the following diagnoses: depressive disorder 39.3%, 
anxiety disorder 60.3%, substance/alcohol use dis
order diagnosis 2.5%, and personality disorder 
5.1% (see Table I).

Analysis of Engagement in Psychotherapy 
Services

The results of the ZINB regressions for the predic
tion of the total number of individual psychotherapy 
sessions and missed opportunity rate are presented in 
Table II. There were no significant interactions 
between cohort and clinic in the prediction of 
engagement indices. There was no significant differ
ence between cohorts in early engagement in psy
chotherapy following the initial intake. Between 9 
and 16% of patients dropped out of treatment after 
the initial intake across clinics and cohorts. There 
was a statistically significant 26% increase in the 
total number of individual sessions attended for the 
sample that attended at least one session for the tele
health cohort compared to the in-person cohort (z =  
4.85, p < .001; RR = 1.26 [1.20, 1.32]). Patients in 
the in-person cohort attended on average 14.40 
(SD = 12.61) sessions while patients in the telehealth 
cohort attended on average 17.77 (SD = 14.10) 
sessions.

The majority of missed sessions (91%) were ses
sions that the patient scheduled but did not attend 
without notifying the clinic prior to the appointment, 
while the remaining percentage of missed sessions 
were due to advance cancelations from either the 
patient or the clinician. The odds of having no 
missed opportunities was five times higher for the 
telehealth cohort compared to the in-person cohort 
(z = 7.25, p < .001; OR = 5.14 [4.10, 6.45]). There 
were no significant effects for the count component 
predicting missed opportunity rate. Sensitivity ana
lyses confirmed that all significant effects obtained 
for the full matched sample were also evident in the 
subset who were known to have completed 
treatment.

Predictors and Moderators of Psychotherapy 
Engagement

The results for predictors and moderators of psy
chotherapy engagement can be found in Table III. 
At a corrected p value of .003, patients with more 
medical comorbidities were twice as likely to attend 
no further sessions after the initial intake regardless 
of whether the service was provided via in-person 
or telehealth (z = 3.04, p = .002; OR = 2.24 [1.72, 
2.92]). Patients who attended at least one psy
chotherapy sessions for a depressive diagnosis 
attended 18% more sessions than those without a 
depressive diagnosis (z = 3.10, p = .002; RR = 1.18 
[1.12, 1.25]) and patients with anxiety disorders 
were 63% more likely to attend one or more psy
chotherapy sessions following the new patient visit 
(z = −4.11, p < .001; OR = 0.37 [0.28, 0.47]) regard
less of treatment format.

There was a significant interaction between age 
and cohort in the prediction of the missed opportu
nity rate for the count component (z = −3.02, 
p = .003; RR = 0.95 [0.94, 0.97]) indicating that 
older patients missed 5% fewer scheduled sessions 
in telehealth. Using a median split, patients less 
than 32 years old who missed at least one scheduled 
psychotherapy session had on average a missed 
opportunity rate of 11% in both the in-person and 
telehealth cohorts. In contrast, patients greater than 
or equal to 32 years old had on average a missed 
opportunity rate of 14% in the in-person cohort but 
only 7% in the telehealth cohort.

Finally, there were no significant effects for race 
evaluating engagement for White patients compared 
to minority patients. In secondary analyses, Black 
patients attended 29% fewer sessions than White 
patients regardless of treatment format (z = −2.98, 
p = .003; RR = 0.71 [0.63, 0.80]). Black patients 
attended on average 12.29 (SD = 10.90) sessions 
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while White patients attended 16.57 sessions (SD =  
14.04). There were no significant differences 
between Asian patients and White patients on 
engagement indices.

Discussion

Our results confirm our hypotheses that the tran
sition to telehealth psychotherapy from primarily 
in-person services resulted in improved engage
ment. Although the move to telehealth services 
did not improve initial engagement following the 
intake appointment, there was a 26% increase in 
the number of individual psychotherapy sessions 
attended and patients were five times more likely 
to attend all of their scheduled sessions. Canceled 
appointments and session unexplained absences 
present a tremendous problem for clinics that are 
attempting to reduce costs by maintaining high clin
ician productivity. Missed sessions and sporadic 
attendance in psychotherapy can also have a signifi
cant impact on the process of therapy. Our results 
suggest that telehealth may improve clinic pro
ductivity and could optimize therapeutic progress 
by engaging patients more consistently in treatment.

Future studies will need to elucidate whether the 
improved engagement demonstrated in the tele
health format leads to optimized outcomes for all 
patients. The dose effect model (Howard et al., 
1986) suggests that the increased number of ses
sions attended in the telehealth format will increase 
patient exposure to the active ingredients of psy
chotherapy and thus optimize their clinical benefit. 

Patients in the current sample attended on average 
14 sessions in the in-person format compared to 
18 sessions in the telehealth format. The dose 
effect model further predicts a diminishing return 
for additional sessions beyond 26 sessions, indicat
ing that patients are not improving as much across 
these additional sessions. It is possible that the tele
health format encourages patients to remain in 
treatment longer, to the point where the benefit of 
the additional sessions is minimal. In our sample, 
telehealth increased average engagement to 18 ses
sions, well before the diminishing return demon
strated by Howard et al. (1986) at 26 sessions 
and within the number of sessions recommended 
for optimal clinical benefit within evidence-based 
cognitive behavioral interventions for mood and 
anxiety disorders. The GEL model (Barkham 
et al., 2006) further suggests that for some patients 
who have higher average rates of change, fewer ses
sions would be needed to achieve a good enough 
level of improvement. It is possible that the tele
health format encouraged even those patients who 
achieved a good enough level of improvement 
earlier in treatment to remain in treatment longer 
than needed.

Our analysis of predictors and moderators of 
engagement indicates that telehealth psychotherapy 
may be especially important for relatively older 
patients who had significantly lower rates of missed 
sessions in the telehealth cohort compared to the 
in-person cohort. It may be that relatively older 
patients have more job and family responsibilities 
that interfere with traveling to sessions in person. 
However, medical comorbidity may impact 

Table II. Engagement in psychotherapy by cohort by clinic across in-person and telehealth services in the propensity score matched sample.

In-person cohort Telehealth cohort

Engagement index Clinic 1 Clinic 2 Clinic 1 Clinic 2 z OR/RR 95% CI (LL–UL) p

Number of sessions
Any, n (%) 328 (84.3) 312 (83.6) 382 (90.7) 287 (84.2)
Cohort −1.59 .76 0.63–0.90 .112
Clinic 2.15 1.46 1.22–1.74 .032
Cohort∗clinic 1.75 1.87 1.30–2.67 .081
Count, mean (SD) 13.35 (12.44) 15.50 (12.72) 17.59 (14.72) 18.01 (13.23)
Cohort 4.85 1.26 1.20–1.32 <.001
Clinic 1.89 1.09 1.04–1.15 .059
Cohort∗clinic −1.40 .88 0.96–1.18 .163

Missed opportunity rate
Any, n (%) 76 (19.5) 38 (10.2) 16 (3.8) 10 (2.9)
Cohort 7.25 5.14 4.10–6.45 <.001
Clinic 3.40 1.92 1.58–2.32 <.001
Cohort∗clinic −0.99 .63 0.40–1.01 .325
Count, mean (SD) .14 (.11) .10 (.08) .09 (.08) .12 (.14)
Cohort −1.04 .82 0.68–0.99 .299
Clinic −1.49 .79 0.68–0.93 .136
Cohort∗clinic 1.68 1.90 1.30–2.79 .092
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engagement in services regardless of whether the 
service is provided in-person or via telehealth. 
Patients with medical comorbidity were twice as 
likely to not engage in psychotherapy following the 
initial intake. Although telehealth may break down 
some practical barriers to engagement like transpor
tation and childcare needs, patients with high 
medical comorbidity may have medical appoint
ments and physical symptoms that interfere with psy
chotherapy engagement in either format.

Our results further indicate that race may be an 
important predictor of psychotherapy engagement 
regardless of format. Although a broad variable 

representing minority versus White patients did not 
significantly predict or moderate engagement, sec
ondary analyses indicated that Black patients 
attended significantly fewer sessions compared to 
White patients. Our sample included small sample 
sizes for specific minority groups precluding a 
thorough exploration of how racial groups differ in 
engagement in psychotherapy across in-person and 
telehealth services. Further research is needed to 
fully explore barriers to engaging in services across 
racial groups, including whether patient and clinician 
match on racial background influences engagement 
in services.

Table III. Zero-inflated negative binomial analyses of predictors and moderators of engagement in psychotherapy in the propensity score 
matched sample.

Variables

Total individual sessions Missed opportunity rate

Zero vs. non- 
zero Count

Zero vs. Non- 
Zero Count

z p z p z p z p

Demographic variables
Gender 1.39 .164 1.25 .213 2.33 .020 −1.09 .275
Race (dichotomized) 1.89 .059 1.70 .089 1.27 .204 −1.93 .054
Ethnicity (dichotomized) −1.21 .227 −.19 .849 −1.26 .208 1.65 .098
Marital status (dichotomized) −1.86 .063 −1.59 .113 1.29 .196 −0.48 .633
Age −2.01 .044 −2.71 .007 −0.35 .724 −0.69 .488
Cohort∗gender −1.11 .266 0.74 .457 −0.55 .585 −1.90 .058
Cohort∗race (dichotomized) 0.84 .399 0.05 .961 0.20 .845 0.20 .845
Cohort∗ethnicity (dichotomized) 0.17 .863 0.39 .699 0.79 .427 −0.15 .881
Cohort∗marital status (dichotomized) −.48 .634 2.63 .009 1.10 .270 −0.84 .399
Cohort∗age 2.63 .009 2.30 .022 −0.58 .561 −3.02 .003

Clinical variables
Number of psychiatric diagnoses −1.11 .266 1.56 .119 −1.19 .235 −0.50 .616
Number of medical diagnoses 3.04 .002 −2.73 .006 −0.07 .943 −1.32 .188
Any depressive diagnosis 2.42 .016 3.10 .002 −1.99 .047 1.48 .138
Any anxiety diagnosis −4.11 .001 −0.15 .878 −0.09 .928 −1.38 .167
Any substance use diagnosis 0.63 .532 0.34 .736 0.67 .506 −2.12 .034
Any personality disorder diagnosis −1.31 .189 1.50 .134 −1.57 .116 0.46 .645
Cohort∗number of psychiatric diagnoses 0.13 .894 0.25 .799 −1.73 .083 −0.36 .720
Cohort∗number of medical diagnoses −1.51 .131 −0.11 .914 −0.57 .570 0.29 .775
Cohort∗any depressive diagnosis −0.38 .707 2.69 .007 −0.03 .979 −2.36 .018
Cohort∗any anxiety diagnosis 1.79 .074 −2.26 .024 −1.16 .246 1.48 .139
Cohort∗any substance use diagnosis −1.54 .124 0.07 .945 0.31 .753 –a –a

Cohort∗any personality disorder diagnosis −0.77 .439 0.32 .751 0.58 .561 −2.48 .013
Social vulnerability index variables

Preventative care gap score 2.15 .032 −0.42 .674 −1.42 .156 −0.26 .793
General adult score −0.03 .974 −1.36 .173 −0.67 .503 1.55 .120
Socioeconomic theme percentile −0.97 .332 0.40 .690 0.17 .867 0.32 .747
Housing composition theme percentile −0.96 .336 −0.37 .710 −0.94 .346 −0.66 .506
Minority status theme percentile 0.23 .816 −0.28 .779 0.90 .367 2.23 .026
Housing type and transportation theme percentile −0.79 .428 −0.13 .896 1.80 .071 0.68 .500
Cohort∗preventative care gap score −0.09 .929 −0.45 .650 1.83 .067 −1.31 .189
Cohort∗general adult score 1.05 .294 1.51 .130 0.43 .669 0.71 .477
Cohort∗socioeconomic theme percentile −1.80 .072 −0.36 .723 −0.56 .575 −2.52 .012
Cohort∗housing composition theme percentile −1.29 .196 −0.05 .962 −0.09 .932 −1.39 .164
Cohort∗minority status theme percentile −.1.29 .197 −0.25 .801 −1.54 .124 −1.01 .312
Cohort∗housing type and transportation theme percentile −0.61 .545 −0.56 .573 −1.72 .085 0.41 .681

aThe number of non-zero cases is too small to fit to the model.
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Our results were inconsistent with previous studies 
that demonstrated higher discontinuation rates from 
telehealth psychotherapy for veterans with anxiety 
disorders (Morland et al., 2020) and higher discon
tinuation rates from in-person treatments for patients 
with depression treated in primary care settings 
(Mohr et al., 2012). In contrast, our results indicate 
that patients with depressive disorders received more 
sessions of psychotherapy and patients with anxiety 
disorder diagnoses were more likely to engage in ses
sions following an intake regardless of whether the 
treatment was delivered via telehealth or in-person. 
This contrast in results indicates that differences in 
treatment settings and patient populations may influ
ence engagement in services across these treatment 
formats.

Study limitations include our quasi-experimental 
design. Without randomization, we cannot confirm 
that other variables that differentiated our cohorts 
were not responsible for the cohort effects obtained. 
However, our use of a propensity-score matched 
sample reduced potential bias and improved our 
ability to make causal inferences. Some limitations 
to propensity score matching have been noted in 
the literature. King and Nielsen (2019) warned that 
propensity score matching for well-balanced data 
prior to implementation may result in imbalance 
post matching. However, we examined imbalance 
both prior to and post matching and found that 
matching improved the balance in our sample. One 
limitation of using greedy nearest neighbor matching 
without replacement is the potential for not all par
ticipants to be matched within the respective 
caliper. However, all individuals in our telehealth 
cohort were matched with someone in the in- 
person cohort within our prespecified caliper, ensur
ing that our results generalize to the population 
receiving telehealth.

Our analyses of predictors and moderators of 
engagement were limited to the demographic, clini
cal, and social vulnerability indices available in our 
EHR. It’s possible that the telehealth format is not 
optimal for other subgroups of patients that were 
not identified in our sample. Further studies will be 
needed to confirm that improved engagement leads 
to decreased clinic costs and optimal patient 
benefit. Our results were further limited by an exclu
sive focus on data available in the EHR. Although we 
were able to focus on important indices of psy
chotherapy engagement, we did not have access to 
ratings of initial symptom severity or change in symp
toms across treatment. It will be important for future 
investigations to explore the effects of telehealth 
delivered services on engagement, treatment 
process, and outcome. In addition, we could not dis
tinguish between cancelations initiated by the patient 

versus cancelations initiated by the clinician. Thus, 
any differences in the missed opportunity rates 
between cohorts could have been influenced by clin
ician reactions to the treatment format. Finally, our 
results may only generalize to outpatient mental 
health clinics at a major medical center. It may be 
that additional practical barriers experienced by vul
nerable populations, like access to technology and 
adequate wireless networks, may negatively impact 
engagement in telehealth services.

Conclusions

In conclusion, telehealth options may lead to better 
patient engagement in psychotherapy and may 
decrease the costs and wait times resulting from 
high numbers of missed and canceled psychother
apy sessions. Although telehealth utilization 
remains elevated since the onset of the COVID-19 
pandemic, in-person mental health visits are return
ing to pre-pandemic levels (Cantor et al., 2023). 
Insurers and policy makers will need to continue 
to weigh the benefits of telehealth services against 
a number of factors. Increased engagement in ser
vices has the potential for increasing healthcare 
spending (Mehrotra et al., 2021) which will need 
to be carefully considered in light of the potential 
for telehealth treatments to engage patients in 
longer treatments than might be needed to obtain 
good enough level outcomes. Broad dissemination 
of telehealth services in community settings will 
need to take into account both patient and therapist 
preferences for in-person versus telehealth care as 
well as practical barriers to telehealth like access 
to devices and Wi-Fi in community settings. The 
emerging literature on engagement in psychother
apy and treatment effectiveness for telehealth ser
vices suggests the need for regulatory flexibility to 
optimize mental health outcomes. Not all patients 
will benefit from a single treatment format, rather 
access to both in-person and telehealth psychother
apy may be needed to address stakeholder prefer
ences and optimize outcomes for all patients in all 
settings.
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