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EMPIRICAL PAPER
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Abstract
Objective: There is a paucity of studies examining the experience of clients who undergo multiple courses of psychotherapy.
Conducted within a large practice research network, this study demonstrated that returning therapy clients comprise a
considerable portion of the clinical population in university counseling settings, and identified variables associated with
return to therapy. Method: Utilizing data spanning 2013 to 2017, statistical variable selection for predicting return to
therapy was conducted via grouped least absolute shrinkage and selection operator (grouped LASSO) applied to logistic
regression. The grouped LASSO approach is described in detail to facilitate learning and replication. The paper also
addresses methodological considerations related to this approach, such as sample size, generalizability, as well as general
strengths and limitations. Results: Attendance rate, duration of initial treatment course, social anxiety, perceived social
support, academic distress, and alcohol use were identified as predictive of return to therapy. Conclusions: Findings
could help inform more cost-effective policies for session limits (e.g., extending session limits for clients with social
anxiety), referral decisions (e.g., for clients with alcohol use problems), and appointment reminders (based on the
association between poor attendance rate and return to therapy). Taking into account the many reasons that can explain
why clients do or do not return to therapy, these findings also could inform clinicians’ early case conceptualizations and
treatment interventions.

Keywords: long-term psychotherapy; process research; statistical methodology; mental health services research

Clinical or methodological significance of this article: Clinical implications pertaining to delivery of mental health care
are discussed. Specifically, the findings may inform clinicians’work and administrators’ policies pertaining to important issues
such as session limits, referrals, and early-treatment considerations (i.e., gauging client engagement). More broadly, clinicians
may benefit from empirical work focusing on returning therapy clients. While this clinical population has received little
attention in the literature to date, it comprises a considerable portion of clinicians’ caseloads. From a methodological
perspective, this study offers an in-depth description of how to implement Machine Learning techniques in psychotherapy
research, specifically the statistical variable selection method of grouped least absolute shrinkage and selection operator
(grouped LASSO). Important issues related to the use and interpretation of grouped LASSO analysis are also discussed.

Introduction

Psychotherapy outcome studies typically focus on
change within a single course of treatment. Promi-
nent theories and models of therapeutic change,
such as Howard et al.’s (1993) phase model and the
dose–response relationship (Kadera et al., 1996),
are based on this specific window of health care

services. One drawback of confining research in this
manner is that it fails to pay attention to the fact
that a number of clients return for additional treat-
ment courses. Few studies have investigated clients
who return for therapy and what makes a client
likely to return. This is unfortunate considering evi-
dence suggesting that clients with prior therapy
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experiences tend to show slower improvement and
less engagement compared to first-time treatment-
seeking clients (Boswell et al., 2012; Stulz & Lutz,
2007).
Although returning therapy clients are common to

clinical practice, the prevalence rates vary across
studies—ranging from 14% (Boerema et al., 2016)
to 83% (Grenyer et al., 2008). Such variation is in
part due to differences between clinical populations
being investigated, but also the diverse clinical set-
tings in which these studies have been conducted
(Goodman et al., 2001). The aim of the present
study was to shed light on returning therapy clients
within a particular clinical setting. Specifically, the
goals were to assess prevalence rates and identify
factors associated with returning therapy clients in
university counseling centers (UCCs). Such infor-
mation may help clinicians assess whether a client
will pursue additional therapy down the road, facili-
tate communication between clinicians and their
clients early on in treatment, and possibly aid in
case conceptualization and treatment planning. To
illustrate this potential clinical utility, it is important
to contextualize returning therapy clients, firstly by
recognizing that a decision to return to therapy (or
to not do so) may have different meanings for
clients, and secondly by emphasizing the unique
characteristics of the clinical setting and population
investigated.

Why a Client May or May Not Return to
Therapy

There are many reasons why individuals may return
to therapy. Some may have enjoyed the process
involved in working with a therapist (e.g., being
understood and validated by a mental health pro-
fessional, developing a new understanding of self
and others, etc.) and wish to continue and/or
deepen this positive experience. Others may have
gained therapeutically—in terms of symptom
reduction, for example—from their previous therapy
but believe that they would benefit further from
additional treatment (e.g., perhaps a problem
wasn’t fully resolved or a client realizes that it may
be worthwhile to address other concerns). On the
other hand, different factors can explain why clients
may not want to engage in additional therapy. After
an initial course of treatment, some individuals may
have developed a greater awareness of the depth or
severity of a particular problem but decide that they
are not ready or willing to work further on such diffi-
culties. Others may wish to receive more treatment,
but prefer to seek a different experience than the
one they originally received (e.g., the opportunity to
return for additional therapy with a different

therapist). Of course, some clients do not return to
therapy because they feel that their problem was
solved at the end of their initial treatment.
As an example, Siddall et al. (1988) found that

more than a quarter of clients seen over a 4-month
period at an outpatient clinic returned for additional
therapy. Of note, among those who returned, 51%
found previous therapy helpful and returned for a
new problem, 26% found previous therapy helpful
and returned for the same problem, 10% found pre-
vious therapy not helpful and returned for the same
problem, and 6% found previous therapy not
helpful and returned for a new problem. In terms of
factors associated with returning therapy clients,
Siddall et al. (1988) found that diagnoses and symp-
tomatology, namely depression and anxiety; life func-
tioning, namely academic distress and work
problems; and interpersonal distress, both intimate
and peer relationships, were most commonly
endorsed by returning clients.
Clients’ decisions regarding returning to therapy

may also be influenced by the inherent structure
and boundaries of a given type of provider. For
example, university counseling centers, which is the
clinical setting of investigation in the present study,
tend to provide short-term treatment, frequently
within a priori session limits (McAleavey et al.,
2019). Moreover, UCCs are temporally bound by
the academic calendar, which typically imposes inter-
ruptions to the provision of services during winter
and summer breaks. These parameters likely interact
with clients’ perceptions of what they could expect
from another course of treatment. For example, the
aforementioned clients who have become aware of
the extensiveness of their problem but are ambivalent
about trying to resolve it may feel that additional
therapy in the same UCC setting would be limited,
insufficient, and thus not worthwhile. Furthermore,
in the context of limited resources available to univer-
sity counseling centers, some clients with severe diffi-
culties may not return because they have been
referred out to more specialized and/or long-term ser-
vices. These considerations need to be taken into
account when discussing why some variables may
be positively associated with return to therapy and
others negatively associated.

How Returning Therapy Clients Might Differ
from First-time Treatment Seekers

In addition to recognizing that there are various
reasons why clients may or may not return to
therapy, it is important to consider whether returning
therapy clients differ from first-time treatment-
seeking clients. As described below, returning
therapy clients have been found to differ on a variety
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of factors that can be characterized in four conceptual
clusters: (i) problem chronicity, (ii) prior utilization,
(iii) initial treatment course factors, and (iv) other
client characteristics. It should be noted that few
studies have been conducted in UCC setting. What
have received more attention, in the UCC literature,
are constructs that are distinct from but nevertheless
related to returning therapy clients—i.e., treatment-
seeking behaviors and UCC utilization patterns.
These constructs differ from return to therapy in
that they are broader—concerning factors leading to
individuals pursuing treatment in the case of treat-
ment seeking, and how resources are consumed and
by whom in the case of utilization. Yet, they are suffi-
ciently related (i.e., returning therapy clients engage in
further treatment seeking and utilize additional ser-
vices) to suggest that variables associated with them
are possible predictors of return to therapy.
Problem chronicity. A study conducted in an outpa-

tient setting suggests that individuals with history of
trauma may be likely to undergo multiple treatment
courses (McKenna & Todd, 1997). In the UCC
setting, client factors indicative of problem chroni-
city—such as non-suicidal self-injury (NSSI), prior
sexual abuse, suicidal ideation—have been linked to
greater levels of treatment utilization (Janis, 2017).
Prior utilization. McKenna and Todd (1997) and

Siddall et al. (1988) examined separate groups of
returning therapy clients in an outpatient setting
and both found high rates of prior psychiatric hospi-
talizations and psychiatric medication use among
participants. In comparison to clients not returning
to therapy, Janis (2017) found that returning
therapy clients with prior counseling experiences
had greater utilization rates in subsequent treatment
courses in UCCs.
Initial treatment course factors. Diagnoses associated

with recurrent episodes such as depression, substance
use, post-traumatic stress disorder, and eating dis-
orders have been shown to predict greater therapy
utilization and subsequent return to therapy across
various treatment settings (Delsignore, 2008;
Goodman et al., 2001; Grenyer et al., 2008;
Minami et al., 2009; Ronis et al., 1996). In contrast,
Minami et al. (2009) also found that substance use
and issues pertaining to academic distress were
associated with less treatment utilization. Supporting
this latter finding, using latent profiling, Nordberg
et al. (2016), demonstrated that clients presenting
to therapy with substance problems utilized fewer
sessions. They also found that clients with eating con-
cerns tended to use more sessions.
In addition to diagnostic variables, treatment-

specific factors have been examined and the results
are mixed. Some studies have shown that shorter dur-
ation is linked with return to therapy (e.g., Boerema

et al., 2016) while others (e.g., Horn, 2002) have
found that longer initial duration predicts subsequent
treatment courses. It may be that these mixed results
are in part due to organizational policies. For
instance, when session limits are imposed by agencies
or insurance companies, clients with more serious
problems may not get enough therapy to sufficiently
address their concerns. In the absence of session
limits, more disturbed clients tend to need and
receive longer treatment. Yet these same clients
may have chronic mental health issues that require
multiple courses of treatment.
Mixed findings also have been observed with regard

to pre- to post-changes in symptomatology, as both
symptom improvement and non-improvement in
prior treatment courses have been associated with
return to therapy (Ciarrochi & Deane, 2001; Del-
signore, 2008; Horn, 2002). These studies tend to
assess prior-treatment outcomes across diverse clinical
populations and via aggregated measures of change
across several domains of mental health. Such pan-
diagnostic and composite approaches may contribute
to the mixed findings regarding the association
between prior outcomes and receiving additional
therapy; it may be that the influence of prior outcomes
depends on the specific symptom domain.
Other client characteristics. UCC clients with pro-

blems specific to social support (such as intimacy
issues) have been shown to utilize more treatment
(Minami et al., 2009). Treatment-seeking behavior
also has been associated with an individual’s social
support (Nam&Choi, 2013); however, the direction-
ality of this influence is unclear as both weak and
strong social support systems have been demonstrated
to predict treatment seeking (Ciarrochi & Deane,
2001; Kahn & Williams, 2003). For ethnic minority
clients, it has been shown that perceived lack of
support from family members in addition to problem
chronicity-related factors increase the likelihood of
seeking treatment (Hayes, Youn, et al., 2011). In
addition, pressure from one’s parents has been
linked to clients’, especially UCC clients, decision to
pursue additional therapy (McKenna & Todd,
1997). Lastly, Kessler et al. (1980) examined
additional treatment courses within a psychiatric out-
patient setting and found that women utilized signifi-
cantlymore appointments thanmen and that, perhaps
obviously, older clients had greater amounts of utiliz-
ation than younger clients across gender identities.

The Present Study: Exploration Within a
Machine Learning Framework

The aims of the current study were twofold: (i) deter-
mine the prevalence rates of returning therapy clients

Psychotherapy Research 65



within the UCC setting, and (2) identify client
characteristics and treatment-related factors that
predict the likelihood of returning to therapy follow-
ing an initial treatment course. Based on the review
of findings above, and as later illustrated in Table
III, four conceptual clusters of potential predictors
of returning therapy clients were investigated:
problem chronicity, prior utilization, initial treatment
course, and client characteristics. Two categorical
control variables, time of year of last appointment
and current academic status, also were included to
account for the artificial interruptions in services
caused by academic breaks like summer vacation
and the possible confound that students early in
their collegiate career have more time to return to
therapy than more advanced students, respectively.
Two features of the present study are worth men-

tioning. First is its exploratory nature, which is dic-
tated by the limited literature examining the ability
of variables to predict likelihood of return to
therapy, especially in the UCC setting, as well as by
the mixed findings resulting from research on
related topics of utilization and treatment-seeking.
Although exploratory, a better understanding of
who may or may not return to treatment could
provide information that might help clinicians to
better address clients’ needs and increase the effec-
tiveness of mental health care. Second, modern ana-
lyses from machine learning were implemented—
specifically, least absolute shrinkage and selection
operator (LASSO; Tibshirani, 1996) regression—to
examine the importance of a wide range of possible
predictors. Such a regularized regression approach
allowed us to home in on variables most associated
with return to therapy, particularly given the wide
variety of predictors with limited and/or mixed
empirical evidence. In traditional regression, vari-
ables are often deemed informative based on a
nominal Type I error rate (usually, 5%). The diffi-
culty is that if one has many plausible predictors of
an outcome and relatively little empirical basis for
preferring some predictors over others, then the
experiment-wise Type I error rate increases
unchecked for each variable entered into the model.
Although there are many approaches for multiple
comparison correction (Shaffer, 1995), regularized
regression methods like LASSO are particularly
helpful in reducing overfitting—that is, the problem
of identifying too many predictors of small effect
that would be unlikely to replicate in an independent
sample.
Furthermore, LASSO allows for an automated,

less arbitrary means to identify statistically meaning-
ful variables when one is interested in identifying a
relatively small subset of variables that jointly
predict an outcome (Tibshirani, 1996). LASSO

regression is most commonly used when there is
one outcome variable, but many possible predictors.
For example, in genetics research, researchers are
often interested in finding a small number of
genetic markers that predict an outcome in the
context of hundreds or thousands of possibilities
(Usai et al., 2009). The strengths of LASSO
approaches for variable selection and generalizability
have made it a fruitful technique for psychotherapy
research (Cohen et al., 2020; Delgadillo et al.,
2017; Dwyer et al., 2018). While predictors of psy-
chotherapy outcome often number in the tens, not
hundreds, LASSO is nevertheless helpful for such
data because it helps reveal large, reproducible pre-
dictors of outcome while down-weighting findings
that are unduly influenced by collinearity, large
sample sizes, or predictors that are less likely to repli-
cate out of sample due to influential cases.
Although the large sample available for this

exploratory study merits the use of machine learning
methods, attention has been given to the limitations
of these methods in capturing and understanding
the complexity of the phenomenon investigated, as
well as the generalizability of the results obtained to
other clinical settings. For instance, one could
argue that all predictors of return to therapy merit
conceptual attention. Predictors with small effect
sizes might be retained in traditional regression
models with a sufficiently large sample, but these
would often be eliminated in LASSO regression.
This argument is relevant to psychotherapy research,
particularly practice-oriented research, as statistical
variable selection methods like LASSO may lead to
identifying replicable predictors of large effect at the
expense of potential clinical significance, i.e., statisti-
cally weak trends or findings that would be of great
value to clinicians and researchers. Others may view
this aspect of LASSO approach as a positive,
however, because a smaller subset of the vast
expanse of potential predictor variables may carry
the greatest signal for predicting an outcome, in this
case return to therapy. Indeed, regarding clinical
decision-making, evidence favors providing clinicians
with a few strong signals, rather than an array of weak
ones (Dawes et al., 1989). One could argue then that
the LASSO promotes clinically informed psychother-
apy research through its sparsity.

Methods

Procedure

Data for the present study were obtained through the
Center for Collegiate Mental Health (CCMH),
which is a practice-research network (PRN) involving
multiple stakeholders including service providers,
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university administrators, psychological researchers,
and industry partners. As a collaborative infrastruc-
ture regrouping more than 600 college and university
counseling centers, CCMH provides a unique oppor-
tunity to examine returning therapy clients in the
UCC setting across a nationally representative
sample (Castonguay et al., 2011; Hayes, Locke,
et al., 2011).
The study utilized CCMH data collected from the

2013–2014, 2014–2015, 2015–2016, and 2016–2017
academic years. Based on previous investigations
(Horn, 2002; Lefevor et al., 2017; Perry & Howard,
1990), the end of one treatment course and initiation
of a new course was determined by an interval of at
least 90 days between sessions. A client’s initial treat-
ment course was defined as at least 2 attended indi-
vidual or group therapy sessions within a 90-day
period. Return to therapy was not confined to the
same criteria as the initial treatment course. Specifi-
cally, a client returning for at least 1 attended individ-
ual or group therapy session after a period of at least
90 days since the last appointment constituted a
returning therapy client. This operationalization
enabled the opportunity to capture clients returning,
for example, to receive “booster” sessions.

Data Reduction

To reduce the likelihood of false negatives (i.e.,
clients who could have returned for additional
therapy but data from only their initial treatment
course is available), UCCs that did not contribute
data for all of the four aforementioned years were
excluded from the study. Further, only clients initiat-
ing treatment during the 2013–2014 or 2014–2015
academic years were included for analysis in order
to focus on clients who had the most time to return
to therapy for four and three years, respectively,
thus reducing the likelihood of including false nega-
tives. This initial dataset consisted of 135,767
clients—comprised of undergraduate and graduate
students—receiving treatment across 112 UCCs
throughout the United States.

Several data reduction decisions were then made in
order to better focus on returning therapy clients, and
these steps are summarized in Table I. First, only
clients who attended at least two individual or
group therapy sessions during their initial treatment
courses were included. As shown in Table I, this
step resulted in a substantial reduction in client
sample size; and this reduction is reflective of the
fact that the majority of clients attend only 1
session. This clinical reality of naturalistic data is
common not only to the UCC setting (CCMH,
2020) but to routine practice in general (e.g.,
Hansen et al., 2002). Second, to allow for an assess-
ment of symptoms change, only clients with at least 2
completed administrations of the Counseling Center
Assessment of Psychological Symptoms (CCAPS;
described in the “Measures” section) were retained.
Third, in order to assess initial symptom severity
most accurately and permit comparable pre- to
post-treatment symptom change scores, the adminis-
trations of the CCAPS needed to take place within 14
days of both the first and last sessions of their initial
treatment courses. This third decision was made to
take into account the fact that there is a variability
across CCMH centers regarding the frequency of
the administration of the CCAPS. The 14-day
window was utilized to make sure that clients who
had, for example, a baseline and midpoint CCAPS
but no post-treatment CCAPS were not erroneously
included as having a score to reflect an end of therapy
outcome. The significant reduction in sample size
resulting from this step reflects, yet again, the clinical
reality of naturalistic, routine data.
Of the 25,970 clients who met the three inclusion

criteria above, only those with data present for all of
the predictor variables were included. The predictor
variables were derived from the Standardized Data
Set (SDS; described in the “Measures” section). As
with the CCAPS, there is center-wide variability in
terms of administration policies. While CCMH
encourages the use of several core items (e.g., items
pertaining to treatment history, demographics, aca-
demic status, etc.), CCMH centers are allowed to
implement only portions of the SDS and some

Table I. Data reduction process for study sample.

Data Reduction Steps Client N Center N Client N Reduction Center N Reduction

1 Only individual or group therapy sessions 135,767 112 N/A N/A
2 At least 2 attended first-course sessions 97,068 112 38,699 0
3 At least 2 first-course CCAPS 45,692 109 51,376 3
4 Has CCAPS for first and last session 25,970 105 19,722 4
5 Has SDS 23,570 98 2400 7
6 Responded to core SDS items 16,611 84 6959 14
7 Responded to non-core SDS items 8329 56 8282 28

Note: CCAPS =Counseling Center Assessment of Psychological Symptoms; SDS= Standardized Data Set.
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centers do not administer the SDS at all. Most pre-
dictor variables come from the list of aforementioned
core items but others (i.e., perceived support vari-
ables, trauma history, and sexual orientation) were
derived from less-frequently administered items.
Adding this last step in the data cleaning procedures
resulted in a final study sample of 8329 clients across
52 UCCs.

Participants

As Table II reveals, the majority of the clients ident-
ified as female (67.07%) and Caucasian/White
(73.57%). On average, clients were 22.20 years old
(SD = 4.43) at the beginning of their initial treatment
courses. The average number of attended initial treat-
ment course sessions per client was about 9 (M =
8.88). However, course durations varied greatly,
ranging from 2 to 109 attended sessions (SD =
8.28); the modal number of attended initial sessions
per client was 4.

Measures

Counseling Center Assessment of Psychological Symptoms
(CCAPS): This multidimensional self-report ques-
tionnaire measures psychological distress among
clients in UCCs across seven subscales—depression,

generalized anxiety, social anxiety, academic distress,
eating concerns, alcohol use, and hostility (Locke
et al., 2011). The CCAPS subscales demonstrate
high convergent validity and strong test-retest
reliability (Locke et al., 2012). There is a 62-item
version of the CCAPS as well as a 34-item short-
form version comprised of items from the CCAPS-
62 version. The CCAPS-34 subscales have high cor-
relations above .92 with the corresponding subscales
of the CCAPS-62 (CCAPS, 2015 Manual). Because
some CCMH centers only administer the CCAPS-34
version and the CCAPS-62 can be scored using only
the items from the CCAPS-34 (CCAPS, 2015
Manual), the present study focused on the CCAPS-
34 items to ensure that as much CCAPS data as poss-
ible were included in analyses. The internal consist-
ency of the CCAPS-34 remained strong in the
study sample as Cronbach’s alphas ranged from
0.81 (academic distress & generalized anxiety sub-
scales) to 0.89 (eating concerns subscale) at baseline,
and from 0.84 (alcohol use & social anxiety sub-
scales) to 0.92 (eating concerns subscale) at post-
treatment.
Standardized Data Set (SDS): The SDS is a self-

report instrument that collects information on demo-
graphics, academics, and mental health history and is
typically administered at the beginning of treatment
as it captures more stable information (Hayes,
Locke, et al., 2011). SDS items were used to assess
variables in three of the four predictor clusters:
problem chronicity, prior utilization, and client
characteristics. See Table III for a full description of
predictor variables by conceptual cluster, how they
were operationalized, and their respective data
sources.

Statistical Analyses

The primary outcome variable of interest was
whether or not a client returned for a second course
of therapy. Because the return to therapy is dichoto-
mous, logistic regression models were used to
assess the predictive utility of the four clusters of vari-
ables. To identify and select generalizable predictors
of return to therapy, logistic regression was used with
LASSO regularization implemented in the gglasso
package (Yang & Zou, 2015) in R (R Core Team,
2018). LASSO regularization minimizes misfit of
the model to the data based on the model residuals
(i.e., prediction error). But unlike standard
regression, LASSO regression applies a penalty to
the fitted coefficients according to their absolute
magnitude such that the coefficient magnitudes of
retained variables are shrunk toward zero and weak
coefficients are set to zero exactly, thereby dropping

Table II. Client demographics.

Variable M SD

Age (years) 22.20 4.43
Attended Initial Treatment Course Sessions 8.88 8.28

Percentage
Gender
Woman 67.07%
Man 31.61%
Transgender 0.41%
Self-identify 0.91%
Race/ethnicity
Caucasian/White 73.57%
African American/Black 7.98%
Asian American/Asian 5.98%
Hispanic/Latino/a 5.98%
Multiracial 4.48%
Self-Identify 1.51%
American Indian or Alaskan 0.32%
Native
Native Hawaiian or Pacific Islander 0.17%
Current Academic Status
Freshman/First year 19.59%
Sophomore 19.13%
Junior 21.88%
Senior 21.62%
Graduate/Professional degree student 16.12%
Other 1.66%
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these predictors from the model. This property of
LASSO results in a sparse solution in which only a
subset of the predictors entered into the model is
retained in the prediction equation, where the level
of sparsity is controlled by the tuning parameter
lambda, l. LASSO regression thus facilitates variable
selection and the development of a parsimonious
model while also improving the generalizability of a
given model to different sample populations.
The gglasso package implements a group-LASSO

penalized least squares (Yang & Zou, 2015), where
“group” refers to a set of variables that must be
modeled together such as contrast-coded or
dummy-coded variables. In the present study, there
were three variable groups that represented categori-
cal variables: (i) time of year of last appointment
control variables; (ii) 5 dummy-coded current

academic status control variables; and (iii) 2 contrast-
coded gender identity variables. All other variables
were entered into the model independently. By
accounting for the grouping of categorical variables,
the penalty term generated by group LASSO is
more appropriate than that generated by LASSO in
approaches such as glmnet (Friedman et al., 2010)
in which categorical variables are all dummy coded
and treated as independent.
Cross-validation is often used in machine learning

to evaluate a model’s performance and determine
the optimal model parameters. K-fold cross-vali-
dation, where K corresponds to a number of
groups (more than 1) into which the full dataset is
randomly divided, is a common procedure for esti-
mating the performance of regularization on the
data (see Chapter 2 of Hastie et al. (2015) for more

Table III. Predictor variables and their operationalization by conceptual cluster.

Predictor Variables Operationalization (source of data)

Problem Chronicity

(a) trauma history, non-suicidal self-injury
(NSSI), suicidal ideation, prior sexual abuse

Dichotomization (SDS).
(a) Present: endorsement of item either once, 2–3 times, 4–5 times,
or 5 or more times across the lifespan.
Absent: endorsement of “Never” across the lifespan.

Prior Utilization

(a) prior hospitalization for mental health
concerns

(b) prior counseling, prior psychiatric
medication use

Dichotomization (SDS).
(a) Present/absent: same criteria as Problem Chronicity variables.
(b) Present: endorsement of item either prior to college, after
starting college, or both. Absent: endorsement of “Never” across
the lifespan.

Initial Treatment
Course

(a) symptom severity
(b) pre- to post-symptomology change
(c) number of initial-course treatment sessions
(d) attendance rate

Timepoint measurements (CCAPS).
(a) Baseline scores on each of 7 CCAPS-34 subscales.
(b) Change scores on each of 7 CCAPS-34 subscales.
Appointment information (routine CCMH data).
(c) Log-transformed total number of attended sessions per client.
(d) Total number of attended sessions divided by number of
scheduled sessions (expressed as a percentage).

Other Client
Characteristics

(a) gender identification
(b) family support, social support
(c) ethnicity, sexual orientation

Contrast coding (SDS).
(a) contrast 1: men vs. women (i.e., within gender-conforming
clients); contrast 2: gender conforming vs. non-conforming (i.e.,
transgender and self-identifying clients).
Unchanged ordinal variables (SDS).
(b) Perceived support items scored on Likert scale ranging from 1
(“Strongly disagree”) to 5 (“Strongly agree”).
Dichotomization (SDS).
(c) Compared individuals identifying within majority-status groups
(i.e., Caucasian/White or heterosexual/straight) with minority-
status individuals (i.e., clients endorsing any other ethnicity or
sexual orientation)

Controls

(a) time of year (ToY) of last session of initial
treatment course

(b) current academic status

Contrast coding (SDS & Appointment information).
(a) Divided ToY into five categories: early & late fall, early & late
spring, and summer. Contrast 1: early fall vs. late fall; contrast 2:
early spring vs. late spring; contrast 3: fall vs. spring; & contrast 4:
summer vs. fall and spring.
Dummy coding (SDS).
(b) Comparing all academic statuses against the reference group of
clients in their first-year (i.e., clients with the most available time to
return to therapy).

Note: All continuous and ordinal variables were standardized and mean-centered at zero on a sample-wide level. CCAPS =Counseling
Center Assessment of Psychological Symptoms; SDS = Standardized Data Set.
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information) and selecting the best l value. Hastie
et al. (2015) note that while data are commonly
divided into 5, 10, or n groups, these options are
not ubiquitous (e.g., Delgadillo et al., 2017). In the
present study, fourfold cross validation was used to
determine the LASSO penalty term, l, that mini-
mized the mean cross-validation error. While the
decision to implement fourfold cross validation is a
less common and somewhat arbitrary approach, it
was influenced by considerations (though not
formal testing) of variance bias trade off. That is,
as the number of groups increases, bias is reduced
due to the fact that the evaluated sample size con-
tains more data but variance increases because the
evaluative sample then contains less data. This
approach tests multiple l values in each of four
random splits of the data. For each l value, the
model error terms (penalized sum of squared
residuals) are calculated for each split. Thus, there
is variability across l values (i.e., the multiple differ-
ent l values tested) and within l values (i.e., the var-
iance between the four error terms generated within
each subset of the data for a given l value). Given
this within-l variability, the fourfold cross validation
does not always produce the same optimal value
(Tibshirani, 1996).
Different l values can alter the variables retained in

the model. Because this inconsistency could hamper
the model’s generalizability, additional steps to miti-
gate such inconsistency were applied. First, several
initial runs of the fourfold cross validation were con-
ducted to over a broad range of l values to get an
approximate range for the optimal values of l.
Two-hundred and fifty unique l values spaced
evenly within this approximate range were then
tested in fourfold cross validation. This cross-vali-
dation process was repeated 100 times—i.e., the
mean cross-validated error was calculated for each
of the 250 unique l values 100 times. After calculat-
ing the average deviance of the 100 repetitions across
all 250 l values, the l value with the lowest deviance
across repeats was chosen as the optimal l value for
LASSO regression because it represents the most
consistent and best-fitting penalty term.
This process of repeated cross-validation to esti-

mate performance and decrease variability has been
advocated for empirically (see Jung and Hu (2015)
and Chapter 3 of Kuhn and Johnson (2019) for
details). The decision to implement 100 iterations
of the cross-validation was less empirically-driven;
rather, it was more influenced by pilot tests of the
data and computational efficiency considerations.
The optimal l value identified by the cross-vali-
dations showed little variation following tests of, for
example, 10 and 20 iterations. Attempts at conduct-
ing several hundred iterations proved to be too timely

and unwarranted. Thus, 100 iterations seemed to
sufficiently minimize variability while also not requir-
ing excessive computational time and efforts.
In selecting the best l, deviance was used as the

measure of model error. Similar to the use sum of
squared residuals in ordinary least squares regression,
the deviance residual is a statistic for assessing good-
ness of fit in logistic regressions. It is calculated as
negative two times the maximized log-likelihood,
and smaller deviance values represent better fit
(Friedman et al., 2010). The one-standard error
rule was then applied to this optimal l value to
achieve a more stringent penalty term, which results
in a more parsimonious LASSO model and a more
robust set of coefficients (Melkumova & Shatskikh,
2017). Here, standard error refers to the measure-
ment of the aforementioned within-l deviance value
across the four error terms derived from each subset
of the data. In applying the one-standard error rule,
the error term corresponding to one-standard error
above the mean cross-validated error of the optimal
l is identified. Then, the l with the corresponding
mean cross-validation error term that is closest in
magnitude to—but no greater than—this identified
value is selected as the final l value to utilize in the
LASSO regression. This one-standard error l value
is larger than the originally identified optimal l
value, thereby applying a stronger penalty on the pre-
dictor variable coefficients (i.e., more coefficients are
shrunk to zero). Conclusions drawn from the model
using the one-standard error rule about the predic-
tors of return to therapy were not substantively differ-
ent when using the l with minimal deviance; three
additional clinically relevant variables (as opposed
to control variables) were retained by the model
with the less stringent penalty. These additional vari-
ables may best be viewed as weaker or marginal
effects that were on the cusp of being retained by
the more stringent model reported in this study
(additional details on these model comparisons are
available from the corresponding author upon
request).
After determining the one-standard error l value,

logistic LASSO regression was conducted. As is stan-
dard procedure in non-regularized logistic
regression, the coefficients for the predictor variables
in the logistic model fitted with LASSO regulariz-
ation were converted from log-odds units to odds
ratio via exponentiation to facilitate interpretability.
As LASSO is intended for variable selection, all vari-
ables with non-zero coefficients were considered to
be meaningful predictors of return to therapy.
Further, prior to conducting the analyses, all continu-
ous as well as ordinal variables were standardized and
mean-centered at zero on a sample-wide level (i.e.,
across all participants). As such, the predictor
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variables are transformed to the same scale and odds
ratio magnitudes can be ranked and interpreted simi-
larly to effect sizes in non-regularized regression.
Lastly, although the logistic LASSO regression

generates parameter estimates for each predictor at
the optimal l, uncertainty in these parameter esti-
mates is difficult to estimate analytically. Likewise,
conventional null hypothesis significance tests are
not meaningful because the null hypothesis is that a
random predictor is unrelated to the outcome, but
the LASSO retains variables that are systematically
related to the outcome. Consequently, to derive con-
fidence bounds on the estimates of the subset of vari-
ables that best predict return to therapy,
nonparametric bootstrap resampling was applied to
the LASSO models at the optimized lambda (see
Hastie et al., 2015, Chapter 6). More specifically,
the gglasso model with the chosen l value was esti-
mated in 1000 bootstrapped datasets, where each
dataset was created by resampling the original data
with replacement, yielding a dataset of the same size
(i.e., number of clients). Estimated model coeffi-
cients were retained for each bootstrapped dataset,
resulting in 1000 coefficient estimates for each of
the predictor variables. Then, the sampling distri-
bution of these coefficients was used to derive confi-
dence intervals for all predictors. More specifically,
the 95% confidence intervals were derived by identi-
fying the coefficient values corresponding to the 2.5th
and 97.5th quantiles; thus, in terms of traditional sig-
nificance testing, this approach mirrors a two-tailed
significance test with a significance threshold of p
< .05. Due to the LASSO regularization, many of
the log-odds coefficients in the bootstrapped
samples will be set to zero (i.e., an odds ratio of
1.00) in some of the bootstrapped samples and their
distributions largely center at zero in the distribution
of resampled coefficients. Likewise, if a predictor
related to the outcome only in a handful of the boot-
strapped samples, then the bootstrapped odds ratio
distribution would be highly skewed and largely sur-
rounding zero. Altogether, it was decided to interpret
variables whose bootstrapped log-odds 95% confi-
dence interval did not include zero as reliable predic-
tors of return to therapy.

Results

Prevalence: 2500 clients (30.02%; see Table IV)
returned for at least one additional course of
therapy. The majority of therapy returners returned
for one additional treatment course (N= 1790); and
clients averaged a total of 1.41 courses (SD = 0.71).
Among clients who returned to therapy, clients
attended an average of about seven sessions (M =

7.27) in their second treatment course. As with
initial treatment course data, 2nd-course duration
varied greatly, ranging from 1 to 82 sessions (SD =
7.70). 467 clients (18.68%) attended only one
session in their second treatment course (shedding
light on what was referred to earlier as “booster ses-
sions”). 1 was the modal number of 2nd-course ses-
sions and the next 1067 clients (42.68%) attended
between 2 and 7 sessions in their second course.
Primary analyses focused on clients with first and

last administrations of the CCAPS, which led to the
exclusion of many clients. Thus, to ensure that preva-
lence estimates were similar to the broader popu-
lation of clients ever having sought UCC treatment,
the prevalence of returning to therapy among the
broader data of 96,809 clients was calculated. Inter-
estingly, as shown in Table IV, the prevalence rates
largely held steady, suggesting that the sample used
for primary analyses is representative of the larger
UCC clinical population.
Variable selection for return to therapy: Firstly, the

approximate range of l values for regularizing the
logistic regression parameter estimates were ident-
ified. More specifically, a wide range of l values
were piloted. Based on the results of this, a narrower
range between −5.00 and −8.30 (values are log-trans-
formed) was selected for the primary LASSO model
cross validation. The primary cross validation tested
250 l values evenly spaced across this range; and
the test of these 250 l values was repeated 100
times across independent random splits of the data.
The l value that minimized the mean cross-vali-
dation error was 0.0004 in log units, yielding an esti-
mated error of 1.05. One standard error above the
mean cross-validation error for the optimal l was

Table IV. Prevalence of returning therapy clients.

Number
of clients
(study
sample) Percentage

Number of
clients
(broader
sample) Percentage

Non-
returning
client

5829 69.98% 70,848 73.18%

Returning
therapy
client

2500 30.02% 25,961 26.82%

Number of additional courses
0 5829 69.98% 70,848 73.18%
1 1790 21.49% 18,901 19.52%
2 550 06.60% 5504 5.69%
3 140 01.68% 1293 1.34%
4 17 00.20% 213 0.22%
5 2 00.02% 41 0.04%
6 1 00.01% 9 0.01%

Note: Study sample N= 8329; broader study sample N= 96,809.
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1.06 (standard error = 0.01). The l value with a cor-
responding mean cross-validated error closest to, but
no greater than, 1.06, was 0.005. Thus, 0.005 rep-
resented the one-standard error rule l value, and
the final l value utilized in the regularized logistic
regression. The corresponding regularized model
had 10 nonzero coefficients (i.e., variables retained)
out of a total of 38 predictors.
Conceptual predictor clusters: Across the four con-

ceptual predictor clusters, 6 of the 29 predictor vari-
ables were retained by the LASSO logistic
regression as useful in predicting return to
therapy. Of the 2 groups control variables pertaining
to time of year of last appointment and current aca-
demic status (9 variables in total), 4 were retained
by the LASSO logistic regression. The control vari-
ables are addressed in the “Controls” subsection
(but not included in the summarizing Table V, in
order to focus on the more clinically-relevant find-
ings). For all retained variables, mean odds ratio
values from the bootstrapping method are presented
along with the 95% confidence intervals around
these means in the following format: (MOR=mean
odds ratio, 95% CI [lower bound, upper bound]).
Because all predictors were standardized, the
relationship reflected by the odds ratio value can
be summarized as for each standard deviation
increase in the predictor variable, a client’s odds
of returning to therapy would be expected to
increase/decrease by the percentage reflected by
the absolute magnitude of the OR value subtracted
by 1.00. For example, an odds ratio of 1.15
means that for every standard deviation increase in
a given variable, a client’s odds of returning to
therapy would be expected to increase by 15%.
Problem chronicity & prior utilization: History of

trauma, history of sexual abuse, suicidal ideation,

and non-suicidal self-injury (NSSI) were not signifi-
cant predictors of return to therapy. Similarly, none
of the prior utilization variables (i.e., prior counsel-
ing, psychiatric medication use, or hospitalization)
were retained.
Initial treatment course: There were 16 variables in

total describing the initial treatment course; of
these, 5 were retained. Regarding initial symptom
severity, social anxiety was associated with increased
likelihood of returning to therapy (MOR= 1.14,
95% CI [1.08, 1.21]). Increased levels of academic
distress (MOR= 0.92, 95% CI [0.87, 0.98]), and
alcohol use (MOR = 0.94, 95% CI [0.90, 0.99])
were associated with decreased likelihood of return-
ing to therapy. Regarding pre- to post-symptomology
change, no variables were retained as predictors of
return to therapy.
A positive effect of attended treatment sessions in

the initial course was found: a greater number of
log-transformed treatment sessions was associated
with increased likelihood of returning to therapy
(MOR= 1.36, 95% CI [1.28, 1.44]). Because this
odds ratio value reflects a relationship with a trans-
formed variable, interpretation is not straightforward
and it is not accurate to say that a standard deviation
increase in attended sessions is associated with a 36%
increase in odds of returning to therapy. Rather, what
this finding reflects is that greater number of sessions
is associated with increased likelihood of returning to
therapy, but that the rate of this increased likelihood
of returning decreased as the total number of sessions
increased.
Lastly, overall attendance rates were associated

with decreased likelihood of returning to therapy
(MOR= 0.48, 95% CI [0.46, 0.51]).
Client characteristics: Of the gender, race/ethni-

city, sexual orientation, and perceived support vari-
ables, only perceived social support was retained by
the model. Increased levels of perceived social
support (MOR = 1.12, 95% CI [1.06, 1.18]), were
associated with increased likelihood of returning
to therapy.
Controls:Of the nine total control variables, fourwere

retained. Clients whose last appointment occurred in
late spring had increased likelihoods of returning to
therapy when compared to those whose last appoint-
ments occurred in early spring (MOR= 1.10, 95% CI
[1.001, 1.21]). Clients whose last appointment
occurred in the summer had decreased likelihoods of
returning to therapy when compared to those whose
last appointments occurred in fall or spring (MOR=
0.95, 95% CI [0.93, 0.97]). For the current academic
status variables, unsurprisingly, seniors had the lowest
likelihood of returning to therapy (MOR= 0.40, 95%
CI [0.35, 0.46]), followed by graduate students
(MOR= 0.67, 95% CI [0.58, 0.77]).

Table V. LASSO logistic regression results: across predictor
clusters.

Odds
Ratio

95% Confidence
Interval

Attendance rate 0.48 0.46–0.51
Number of initial-course sessions
(log-transformed)

1.36 1.28–1.44

Initial social anxiety 1.14 1.08–1.21
Social support 1.12 1.06–1.18
Initial academic distress 0.92 0.87–0.98
Initial alcohol use 0.94 0.90–0.99

Notes: N= 8329; LASSO=Least Absolute Shrinkage and
Selection Operator. Odds Ratios presented in order of absolute
magnitude to reflect the relative effects of the variables. Confidence
intervals were computed using the quantiles of the sampling
distributions of the coefficients estimated using nonparametric
bootstrapping. Only significant (i.e., 95% confidence interval does
not include zero) and non-control variables are displayed.
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Discussion

The present study set out to determine the prevalence
rate of clients who return for additional courses of
therapy in the university counseling center setting
and to identify variables that predict return to
therapy. The findings revealed that 27–30% of
clients returned for at least one additional course of
therapy. While this figure is substantially larger than
the 14% rate that Boerema et al. (2016) found for
clients with depression seen in a routine outpatient
facility, it is smaller than the 83% rate observed by
Grenyer et al. (2008) at a depression-specific treat-
ment program. Such variability within naturalistic
settings suggests an important consideration for
research, clinical, and organizational purposes: The
rate of returning therapy appears to depend heavily
on the clinical settings; settings that can differ in
terms of multiple factors, such as the population
they serve and the policies that guide their treatment
(e.g., session limits, cost of services). The results
further show that a number of variables from two of
four clusters (i.e., initial treatment course and client
characteristics) were either positively or negatively
associated with clients’ probability of returning for
additional courses of therapy. As noted in the intro-
duction, these findings need to be interpreted while
recognizing that returning (or not) to therapy may
have different meanings for clients, and that specific
clinical settings and populations may have particular
characteristics. Based on the obtained findings, the
present study provides information about longitudi-
nal patterns of utilization and treatment-seeking
behaviors from a subset of clients that has received
little empirical attention in the psychotherapy out-
comes literature.
Understanding why some variables may increase or

decrease the likelihood of university clients’ return to
therapy requires acknowledging the unique develop-
mental challenges frequently faced by college stu-
dents with regard to their identity and relationships
with others. Linked to these development challenges
is the finding related to social anxiety. Considering
how risk and maintaining factors of social anxiety
(e.g., evaluative self-monitoring in social situations)
are prevalent in college population (Purdon et al.,
2001), it is not surprising that social anxiety has
been found to be highly prevalent in the UCC
setting, to have a pervasive impact on UCC clients’
wellbeing, and to be associated with more severe
and additional psychopathology later in life (Schry
et al., 2012). The present study indicates that pro-
blems related to social anxiety are also difficult to
treat. Increased levels of initial severity of symptoms
were associated with increases in likelihood of return-
ing to therapy. Interestingly, change in social anxiety

severity over the course of treatment was not retained
as predictive of return to therapy. This may further
highlight that social anxiety is a persistent problem
and suggest that clients with social anxiety are likely
to return to therapy regardless of how helpful an
initial treatment course may be. This possibility is
supported by Janis (2017) finding that social anxiety
was associated with increased utilization (i.e.,
additional sessions as well as other services or modal-
ities, like group therapy or psychiatric appointments).
Referring back to one of the meanings described in
the introduction, one possibility is that many clients
with high levels of social anxiety benefitted from
treatment but not as much as they wish they had.
They therefore may have sought additional treatment
because they felt they could benefit more from pro-
fessional help. Relatedly, they may have returned to
therapy because the felt that they should do so.
Since social anxiety is highly stigmatized (Anderson
et al., 2015), some socially anxious clients may have
been motivated to continue to pursue therapy out of
a sense of shame from such difficulties.
Also prevalent in the college population is proble-

matic alcohol use. Unlike social anxiety, however,
there is not nearly as much shame and stigma associ-
ated with alcohol use on university campuses.
College students can talk openly about their drinking
habits with little fear for negative social conse-
quences; in fact, doing so may even reinforce such be-
havior (Perkins & Wechsler, 1996). These
developmental and/or cultural issues provide a
context to explain, at least in part, why clients with
greater levels of alcohol use were less likely to
return to therapy in the present study as well as why
Janis (2017), Minami et al. (2009), and Nordberg
et al. (2016) found that increased alcohol use was
associated with lower levels of utilization in the
UCC setting. Given that alcohol use is more norma-
tive in this population, some UCC clients may under-
stand that they have problematic drinking habits but
conclude that the time is not right to try to address
this concern—i.e., they may feel that their drinking
is part of the college experience and that there is no
need to worry about it until they graduate. It may
also be that some clients became aware of, and
daunted by, the severity of their drinking and were
deterred from returning to therapy out of fear of con-
fronting their problem. Additionally, it may be that
some clients with high levels of substance use pro-
blems were willing to pursue additional treatment at
their UCC but were referred out to longer-term,
more specialized forms of treatment for alcohol use.
As with alcohol use, increased academic distress

was associated with decreased likelihood of returning
to therapy. This association may be explained by pre-
vious findings showing that subjective distress is
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amenable to change in a relatively small number of
sessions (Howard et al., 1993). Thus, it is possible
that many clients with academic distress felt that
their difficulties were resolved during therapy and
that they did not need additional treatment. Further
supporting this possibility are Janis (2017) and
Minami et al.’s (2009) results showing that academic
distress was negatively associated with utilization
rates as well as the evidence showing that UCCs are
adept at treating academic distress (Lockard et al.,
2012).
Given the agentic (academic and/or professional)

and social challenges frequently experienced by
young adults, it is not surprising that support from
others has been shown to play an important role in
their wellbeing (Nordberg et al., 2013). The present
study, however, suggests that the facilitative or
enhancing value of interpersonal relationships may
be complex as clients with stronger perceived social
support were found to be more likely to return to
therapy. While one might expect decreased levels of
perceived social support to be associated with a
greater need for more therapy, it may be that an indi-
vidual with strong social support appreciates the
value of close, emotional connections and views
therapy as an opportunity for an additional intimate
relationship. This interpretation aligns nicely with
the possibility that individuals may seek additional
therapy because they enjoyed and/or benefitted
from their initial treatment and want to gain more
from the process of therapy.
Like the findings about interpersonal support, the

results related to some of the variables pertaining to
the initial course of treatment are complex and
perhaps even contradictory at first glance. This may
again reflect the need to consider that different
reasons may lead clients to return, or not return, to
therapy. Regarding the duration of clients’ initial
treatment, results showed that the likelihood that a
client returns for additional therapy increased with
additional sessions, but that the strength of the
relationship between duration and the probability of
returning to treatment diminished as treatment dur-
ation extended. Taken together, these findings
suggest that some of the clients who may have
enjoyed and/or benefitted from therapy wanted
more of it, but less so as their problems were pro-
gressively or sufficiently addressed over the course
of their first therapy experience.
The results also showed that poorer attendance

rates, which can appear to contrast sharply with the
finding pertaining to greater number of sessions
received by the clients, were also associated with
increased odds of returning to therapy (the magni-
tude of this finding being quite strong as for every
1-standard deviation decrease in attendance rate,

the odds of returning to therapy increased by 52%).
Considering the dose effect observed in naturalistic
settings (i.e., that more therapeutic change is associ-
ated with increased number of session), this finding
may indicate that some clients feel that they need to
return to therapy because they have not resolved
their problems and, thus, seek to make up for the
inadequate dose of therapy received during their
initial treatment courses.

Limitations and Broader LASSO
Considerations

Several limitations of the present study should be
mentioned. A primary one is that details of clients’
subsequent treatment courses were not examined.
For example, it would have been ideal if returning
therapy clients completed a measure assessing why
they are pursuing additional therapy. Further,
though the present study included returning therapy
clients attending only 1 session to allow for the possi-
bility of clients returning for booster sessions, it is not
possible to determine how many clients returning for
one session were doing so for a booster session as
opposed to pursuing an entirely new course of treat-
ment. This distinction is important because of the
aforementioned clinical reality of UCC and other
naturalistic clinical settings that the modal number
of sessions attended is often 1. Thus, it would have
been helpful if clinicians had indicated in the data
whether a client was returning for a booster session
or a new course of treatment. Lastly, without this
information, it was not possible to examine the possi-
bility that the variables identified as predictive of
return to therapy in the present study would be the
same for clients returning explicitly for a booster
session.
A related limitation is that the initial severity of

clients at the beginning of subsequent therapy
course was not controlled for; thus, it is not known
to what extent the variables identified in the
present study predict return to therapy above and
beyond presenting symptomology at later therapy.
Methodological limitations also deserve attention.
Although the derived model is more conservative
due to the LASSO implementation, the generaliz-
ability of these findings is inevitably bound by the
fact that the present study examined a specific clini-
cal population—college-aged clients—receiving
therapy in a unique setting—university counseling
centers. Further, though the prevalence rates of
returning therapy clients were similar in the final
data set and the broader, more inclusive data set,
this similarity does not mean that these samples
could not have varied in other meaningful ways
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(e.g., demographically, diagnostically, outcome-
wise, etc.); and this possibility is important to keep
in mind regarding the limits of the study’s generaliz-
ability. Also, it is not possible to determine whether
clients’ initial treatment course in the data is their
first time receiving therapy within (or outside of)
the UCC. Although the prior utilization variables
control for this fact to an extent, a client who
endorsed prior counseling may have received that
therapy at the UCC (e.g., during the 2012–2013 aca-
demic year). For some clients, then, it is possible
that initial treatment course data actually may rep-
resent a subsequent course of therapy. In a similar
vein, clients identified as non-returning in the
present study may have returned to therapy in the
UCC after the examined time period (e.g., in
2017–2018). Lastly, it may have been more mean-
ingful/statistically sound to center predictor vari-
ables around within-group means as opposed to
grand means. More than one group of clients exists
in this data (i.e., clients who do and do not return
to therapy) and it is potentially problematic to
presume that individual slopes and intercepts
would be the same across groups (Chen et al.,
2014). The present study did not examine
between-group differences in terms of means and
variability; thus, implementing within-group center-
ing would have been advantageous by accounting for
potential differences in group averages.
Further, LASSO regularization is not without

shortcomings. Specifically, multicollinearity among
predictor variables can influence LASSO perform-
ance. With highly correlated variables, LASSO
tends to select only one variable assuming any of
these variables are predictive of a given outcome
(Chong & Jun, 2005), and the variable selected can
differ from sample to sample. In terms of replicabil-
ity, it is possible that another LASSO model on the
same variables might select a different set of meaning-
ful predictors. Correlations among predictors were
not examined formally, but it is possible that several
of these variables would be highly correlated (i.e., a
client with prior hospitalization is likely to have also
had prior psychiatric medication use). Further,
while the nonparametric bootstrapping method
improved the overall statistical soundness of the
analysis, it does not necessarily resolve issues relating
to collinearity; thus, this possibility ultimately limits
the robustness of the retained variables. Also, as
addressed earlier, the LASSO penalty term is some-
what sample-dependent; this inconsistency was
accounted for as best as possible via the fourfold
cross-validation, but this limitation bears repeating
as a larger reflection of the uncertainty inherent to
the LASSO penalty when it comes to deriving the
ideal level of regularization.

Another limitation is that several potentially fruitful
predictors were not investigated, such as clients’ per-
sonality traits and expectancies. Relatedly, a draw-
back of assessing initial-course treatment outcomes
via pre- to post-treatment symptom change is that it
neither captures fluctuations in clients’ treatment tra-
jectories (e.g., changes in a given clients’ symptomol-
ogy on a session-by-session basis) nor the change in
other targets of psychotherapy such as quality of life
and wellbeing. Furthermore, therapist effects were
not examined in the present study in order to
include as many clients as possible and also because
of the intertangled nature of longitudinal utilization
patterns (i.e., returning therapy clients may have
seen several different therapists). These consider-
ations were beyond the scope of the present study
and should be considered for future research on
returning therapy clients.
Nonetheless, this study provided evidence that

returning therapy clients comprise a considerable
portion of the UCC clinical population. It also shed
light on longitudinal therapy utilization patterns and
treatment-seeking behaviors among this group of
therapy utilizers that has received little empirical
attention to date. In the hands of staff and administra-
tors, the findings could be used to inform policies
related to delivery of care, such as session limits and
referrals. For example, it may behoove staff and
administrators to consider extending session limits
for clients presenting with particularly prevalent and
difficult problems like social anxiety. Clients with
these difficulties may benefit from adjusted session
limits—as suggested by the finding that the associ-
ation between treatment duration and likelihood of
returning decreased as the duration expanded—and
UCCs may gain from a cost–benefit perspective in
that these clients may utilize less resources in the
long-term. UCC staff also may consider assessing
more thoroughly the extent of problematic drinking
behaviors among clients reporting higher levels of
alcohol use as well as these client’s engagement in
therapy and willingness to address these concerns.
Clients willing to address these concerns may be par-
ticularly well-suited for a referral for long-term,
specialized care while those less willing may benefit
from a therapy in which the core focus is not on
alcohol use. Lastly, given the strong association
between attendance rate and return to therapy,
clients and UCC staff both may benefit from novel
appointment reminders such as automated text mess-
ages or emails in addition to traditional reminders via
phone call.
Ultimately, though, more research is needed in

order to provide more precise and actionable infor-
mation to guide these policies and recommendations.
As mentioned, it is necessary to investigate both
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client and therapist variables that may contribute to
clients’ returning for additional courses of treatment.
It also is crucial to better understand why some
clients return and why some do not. Obviously,
return to therapy is not something that clinicians
and administrators necessarily want to prevent.
There are some clients for whom returning to treat-
ment is indicated and should be welcome. For
others, not returning is indicative of an optimal
outcome from a treatment course. Yet there may be
clients who could benefit from additional therapy
but do not pursue it, or others who want more
therapy but pursue it at another facility. Having a
better understanding of these considerations, as
well as the complex networks of factors related to
treatment seeking and utilization, would help the
field provide more cost-effective interventions to
many clients.
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