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Abstract

Objective: Psychotherapy non-attendance is a costly and pervasive problem. While prior
research has identified stable patient-level predictors of attendance, far less is known about
dynamic (i.e., time-varying) factors. Identifying dynamic predictors can clarify how clinical
states relate to psychotherapy attendance and inform effective “just-in-time” interventions to
promote attendance. The present study examines whether daily mood, as measured by responses
to automated mobile phone-based text messages, prospectively predicts attendance in group
cognitive-behavioral therapy (CBT) for depression.

Method: Fifty-six Spanish-speaking Latino patients with elevated depressive symptoms
(46 women, mean age = 50.92 years, SD = 10.90 years), enrolled in a manualized program of
group CBT, received daily automated mood-monitoring text messages. Patients’ daily mood
ratings, message response rate, and delay in responding were recorded.

Results: Patients’ self-reported mood the day prior to a scheduled psychotherapy session
significantly predicted attendance, even after controlling for patients’ prior attendance history
and age (OR =1.33, 95% CI [1.04, 1.70], p = .02). Positive mood corresponded to a greater
likelihood of attendance.

Conclusions: Our results demonstrate the clinical utility of automated mood-monitoring
text messages in predicting attendance. These results underscore the value of text messaging,
and other mobile technologies, as adjuncts to psychotherapy. Future work should explore the use
of such monitoring to guide interventions to increase attendance, and ultimately the efficacy of

psychotherapy.

Keywords: text messaging, attendance, mHealth, psychotherapy, depression
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Non-attendance of psychotherapy is a pervasive problem—one that is linked to poor
therapeutic outcomes (Mitchell & Selmes, 2007) and significant costs to clinics (Lefforge,
Donohue, & Strada, 2007). Mobile phone-based short messaging service (i.e., SMS or “text
messaging”) has increasingly been used to reduce the problem of non-attendance through the
delivery of appointment reminders (Branson, Clemmey, & Mukherjee, 2013; Sims et al., 2012),
and to encourage between-session psychotherapy engagement (e.g., by enabling two-way
interactions between patients and clinicians; Aguilera, & Mufioz, 2011). However, no research
has examined whether information sent by patients via text during psychotherapy can be used to
predict when patients are most at risk of missing scheduled sessions. This information could
provide a window into patients’ daily lives, helping to clarify how clinical states relate to
important treatment processes, such as psychotherapy attendance. Moreover, data that enables
clinicians to identify instances at which patients are at heightened risk of non-attendance could
prove invaluable to increasing attendance, powering “just-in-time” outreach to patients when
they need additional support to stay engaged. In depression, daily mood, which has been found
to index depressive symptom severity (Aguilera, Schueller, & Leykin, 2015), may be a
particularly important predictor of attendance. The present research explores whether responses
to daily mood-monitoring messages predict future psychotherapy attendance among patients with
depression.

Non-attendance of Psychotherapy

Non-attendance of psychotherapy is recognized as a significant barrier to effectively
implementing evidence-based mental health interventions in the community, posing substantial
costs to patients and their health care providers (Mitchell & Selmes, 2007). Sporadic attendance

can lead to missed opportunities to learn, review, and practice psychotherapeutic skills, and
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consequentially may result in less than optimal benefit from psychotherapy (Aguilera, & Mufioz,
2011). Psychotherapy no-shows also lead to loss of income for clinics, wasted staff time and
resources, and increased wait times for others in need (Chen, 1991; Lefforge et al., 2007).

The importance of regular, sustained engagement with psychotherapy is further supported
by the dose-effect literature, which demonstrates that patients’ likelihood of making and
maintaining meaningful treatment gains increases with the number of psychotherapy sessions
attended (Hansen, Lambert, & Forman, 2002). Reflecting these findings, early termination,
defined as attending fewer than a specified “optimal” number of sessions (Swift & Greenberg,
2012), has been linked to a number of detrimental outcomes, including increased rates of
medication non-adherence, lesser improvement in psychiatric symptoms, and higher rates of
readmission and rehospitalization (Baekeland & Lundwall, 1975; Chen, 1991, Killaspy,
Banerjee, King, & Lloyd, 2000; Mitchell & Selmes, 2007). Given the benefits of regular
attendance, and the costs associated with early termination, it is important to have a better
understanding of factors that predict attendance.

Prior research has identified a number of patient-level demographic factors that predict
whether patients will attend psychotherapy regularly enough to be classified as “completers”
rather than “early terminators”. Attendance has been found to be lower among low-income and
ethnic minority patients (Barrett, Chua, Crits-Christoph, Gibbons, & Thompson, 2008; Reis &
Brown, 1999; Wierzbicki & Pekarik, 1993), as well as patients with lower education levels
(Barrett et al., 2008; Garfield, 1994; Swift & Greenberg, 2012). Younger patients have also been
found to have lower attendance rates (Barrett et al., 2008; Swift & Greenberg, 2012), although
this link has not been consistently demonstrated (Garfield, 1994; Reis & Brown, 1999;

Wierzbicki & Pekarik, 1993).
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While prior research provides important information about who is at risk of non-
attendance, considerably less research speaks to the question of when patients are least likely to
attend psychotherapy. Information about time-varying factors that predict attendance is critical,
because this information could be used to efficiently time outreach to patients who are at
particularly high risk of non-attendance in a given week. It could also be used to shape
intervention content—for example, if non-attendance is linked to low mood states, this suggests
that it may be important to integrate cognitive and behavioral interventions that motivate patients
to attend psychotherapy despite a low mood.

Identifying Time-Varying Predictors of Psychotherapy Attendance

Traditional intervention research collects patient data only at a few key points (i.e., at
initial intake, during psychotherapy sessions, and at follow-ups). This misses patients’ daily
experiences as they relate to clinical disorders. Depression, for example, tends to be
characterized by high levels of negative affect and low levels of positive affect (Watson et al.,
1995), which is evident in depressed individuals’ self-reported daily affective experiences
(Bylsma, Taylor-Clift, & Rottenberg, 2011). For patients receiving psychotherapy for
depression, fluctuations in daily mood may serve as an important time-varying predictor of
missed appointments. Daily and weekly mood has been found to be a reliable proxy for elevated
depressive symptoms (Aguilera et al., 2015), and symptoms of depression are more commonly
expressed when low moods occur (Miranda, Person, & Byers, 1990). Many depressive
symptoms, including reduced motivation (Treadway & Zald, 2011), reduced gross motor activity
(Sobin & Sackeim, 1997), and social withdrawal (Segrin, 2000) may interfere with attendance in

psychotherapy. Indeed, retrospective reports from both psychotherapy patients (Killaspy et al.,
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2000) and clinicians (DeFife, Conklin, Smith, & Poole, 2010) indicate that elevated psychiatric
symptoms are a common reason patients skip scheduled sessions.

Mobile technology adjuncts to psychotherapy, such as text messaging, may be a
particularly useful tool for identifying time-varying predictors of attendance, such as low mood,
because they allow for a naturalistic assessment of processes in flux between scheduled
psychotherapy sessions (Aguilera & Muench, 2012; Luxton, McCann, Bush, Mishkind, & Reger,
2011). They also facilitate sampling of patients’ experiences in close proximity to scheduled
sessions. While not empirically demonstrated, it seems plausible that patients’ experiences just
prior to a scheduled psychotherapy session may predict their likelihood of attendance more
robustly than more distant experiences. Mobile technology adjuncts also allow for data
collection from patients who fail to show up to scheduled sessions, providing relevant
information about predictors of attendance from a wider range of patients than would otherwise
be possible. Additionally, these adjuncts enable novel forms of data collection, such as
information about the frequency and speed of responding to treatment-related messages, which
may index patients’ level of engagement with psychotherapy, and predict future attendance.
While mobile technology adjuncts show promise for identifying time-varying predictors of
psychotherapy attendance, to the best of our knowledge no prior research has used them to
achieve this goal.

The Present Research

The goal of the present research was to determine whether patient responses to mood-
monitoring text messages—sent daily between scheduled group CBT (GCBT) sessions—could
be used to prospectively predict patients’ likelihood of psychotherapy attendance. We expected

that three types of information, gleaned from these mood-monitoring texts, would predict
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attendance: (1) daily mood, (2) consistency and frequency of responding, and (3) speed of
responding. We outline our rationale for each prediction below.

Daily mood. As described above, mood at the daily level, as well as averaged over the
course of a week, has been found to index depressive symptom severity (Aguilera et al., 2015).
As such, daily mood measurements may provide critical information about when patients may
miss psychotherapy due to elevated psychiatric symptoms. Furthermore, mood monitoring is a
core feature of many evidence-based treatment programs, including CBT (Cohen, Edmunds,
Brodman, Benjamin, & Kendall, 2013), so having patients respond to daily mood monitoring
texts is consistent with the therapeutic rationale. Given past research, we predicted that low
mood in close proximity to a scheduled psychotherapy session would predict a lower likelihood
of attendance.

Response rate. We expected that consistent and frequent responding to daily mood-
monitoring texts would positively predict attendance. Self-monitoring of mood is a common
homework assignment in CBT, and completion of self-monitoring homework is theorized to both
require and reinforce motivation to engage with psychotherapy (Cohen et al., 2013; Detweiler &
Whisman, 1999). Thus, consistent and frequent responding to mood-monitoring texts may
positively predict future attendance, because this response pattern may reflect sustained
engagement with psychotherapy. The expectation that more frequent responding would
positively predict attendance is also consistent with research demonstrating a link between more
frequent homework completion and lower attrition rates (Burns & Nolen-Hoeksema, 1992;
Persons, Burns, & Perloff, 1988).

Response delay. We expected that faster responses to incoming mood-monitoring text

messages might positively predict attendance. Although there is no empirical literature that
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directly speaks to speed of response as an index of engagement, it seems plausible that response
delay, like response rate, might capture patient willingness to engage with psychotherapy. Given
the lack of prior research on this variable, we treat analyses including response delay as
exploratory.

We examined each of these three types of texting variables (i.e., daily mood, response
rate, and response delay) over two relevant time frames: 1) the week leading up to a scheduled
psychotherapy session and 2) the day immediately prior to that session. We were uncertain
which time frame would more robustly predict future attendance. On one hand, average weekly
responses may be a stronger predictor, because they may better capture sustained low mood
and/or loss of motivation characteristic of individuals with elevated depressive symptoms.
Weekly responses are also less likely to be affected by momentary situational influences.
Conversely, patients’ emotional and/or motivational state just prior to a scheduled psychotherapy
session might have a larger impact on attendance, because patients may be deciding whether to
attend in close proximity to a scheduled session. The possibility that patients’ emotional state
just before psychotherapy may influence their decision to attend is consistent with research
demonstrating that emotions that are experienced at the time of decision-making can exert a
powerful influence on individuals’ decisions (e.g., by shaping memory processes, probability
judgments, etc.; Lowenstein & Lerner, 2003). Given the compelling arguments for both time
frames, we examined both, and did not have strong hypotheses regarding which time frame
would more robustly predict attendance.

We explored these questions within a sample of low income, Spanish-speaking Latino
patients. We focused on Latino patients because Latinos constitute a plurality of the patients

treated within the public sector hospital in which this study was conducted (San Francisco
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Department of Public Health, 2014-2015). Additionally low income and ethnic minority
patients, including Latinos, have been found to have lower psychotherapy attendance rates.
Thus, information regarding time-varying predictors of attendance is arguably most needed
within these populations (see Swift and Greenberg (2012) for a similar argument).
Method

Participants

Participants were 56 patients (46 women, mean age = 50.92 years, SD = 10.90 years,
range = 28-68 years) referred by their primary care providers to an embedded mental health
service at a public sector hospital (San Francisco General Hospital). All patients identified as
Latino/a, were Spanish-speaking, and were low-income, as evident by their eligibility for public
health insurance (e.g., Medicaid). The University of California, San Francisco IRB approved
this study, and all participants provided informed consent.
Structure and Processes of Group CBT and the Text-based Adjunct

Referral and initial screening. Patients’ primary care providers referred them to a
behavioral health clinician when there were concerns about depression due to qualitative
symptom expression or a positive screen based on the PHQ-9 (Kroenke, Spitzer, & Williams,
2001). Patients were considered eligible for GCBT for depression if they had a PHQ-9 score of
10 or above at the time of initial assessment by the behavioral health clinician. Patients with
comorbid substance abuse disorders, psychosis, or whose primary problem was grief were not
considered for group psychotherapy, and were referred to more appropriate services. Patients
who attended at least one GCBT session, and who interacted with the text-messaging component
of psychotherapy, were included in this study. Most patients (68%) already knew how to text

prior to this study, but those who did not were trained by study staff. Mobile phone ownership
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was not a requirement of the study, although all but one patient did own a mobile phone. This
patient was provided one for the duration of the study.

Content and structure of the group psychotherapy sessions. Clinicians used the
Manual for Group Cognitive-Behavioral Therapy of Major Depression (Mufioz et al., 2000) from
2010-2014 and the updated BRIGHT manual (Miranda et al., 2006) from 2014-2016. The
BRIGHT manual has the same structure and similar content as the Manual for Group Cognitive-
Behavioral Therapy of Major Depression, but contains revisions for increased readability and
graphics. The content of both manuals is based on cognitive, behavioral, interpersonal, and
health-based strategies for mood management, with all sessions emphasizing mood monitoring
as a key component of psychotherapy.

Both depression treatment manuals are updated versions of a 1986 manual developed for
use with public sector patients (Mufioz, Aguilar-Gaxiola, & Guzman, 1986), which has been
found to be efficacious in low-income and ethnic minority populations (Organista, Mufioz, &
Gonzalez, 1994) (for additional details on cultural adaptations to the protocols, see Aguilera,
Garza, & Mufioz, 2010; Muiioz & Mendelson, 2005). The groups were led by two bilingual
therapists—a licensed clinical psychologist and/or a licensed clinical social worker with
expertise in CBT and in treating low-income and Latino patients. Both the GCBT sessions, and
all of the text messages and measures, were delivered in Spanish.

Psychotherapy was structured as a continuously running group, and was designed to last
16-weeks, with group sessions offered weekly. Patients were admitted to the group on a rolling
basis to minimize wait times. Some patients were allowed to continue to attend group
psychotherapy after the 16-week mark as space permitted (e.g., if they were still symptomatic or

if they wished to make up missed content), but we focused our analyses on the first 16 weeks of
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psychotherapy offered to patients, as this time frame represented potential completion of all
content within the treatment manuals.

Structure of text-based adjunct. All patients received a daily, automated mood-
monitoring text (i.e., “What is your mood right now on a scale of 1-9?”), at a randomly
determined time each day between 8am and 9pm, with the time of receipt varying each day for
each patient. Patients were asked to reply to each message via text with a number between 1-9
indicating their mood." Patients were told that the clinic was implementing text messaging as a
method of helping patients practice CBT-based skills in their daily lives, as well as to let
therapists know how they were doing throughout the week. Prior qualitative research provides
evidence that depressed Spanish-speaking Latino patients perceive this text-based adjunct as a
helpful and supportive mood management tool (Aguilera & Berridge, 2014; Aguilera & Mufioz,
2011).

While the majority of patients began receiving texts during their first week of
psychotherapy (n = 42), a subset of patients (n = 14) started receiving texts more than a week
after GCBT began (M= 33.3 days into GCBT, SD = 23.7 days). The day at which patients first
began receiving texts did not interact with any of the texting variables to moderate the reported
findings (all zs < 1.60 in absolute value, all ps >.10), so this variable is not discussed further.

Measures
Weekly attendance. Patients received an attendance score of 1 (attended) or O (absent)

for each of the 16 weeks of GCBT. Patients attended an average of 6.98 sessions, with

considerable variation around this mean (SD = 4.95, range = 1 to 16 sessions).

11f a patient texted more than one numerical response to this mood-monitoring message, which occurred on
approximately 4.7% of all days on which patients responded, their responses were averaged at the daily level to
create a single daily measure of mood.
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Measures derived from mood-monitoring texts.? Patients received an average of 91.23
mood-monitoring texts in the first 16 weeks of psychotherapy (SD = 24.72 texts). Due to system
errors, texts were not sent to patients on a small percentage of the days that they were scheduled
to go out (3.7%). Additionally, upon their request, eleven patients stopped receiving text
messages within the 16-week treatment period (average day at which messages were stopped =
day 70, SD = 29 days). Patients who stopped receiving messages before the end of
psychotherapy did not differ from other patients in their age, gender, or baseline depressive
symptoms (all ps >.12). On average, patients responded to 42.71 texts (47% of those received,
SD = 28.20 texts).

Three types of text-messaging variables were derived from patients’ text responses—
mood ratings, response rates, and response delays —corresponding to the two aforementioned
time frames: a) the week leading up to a scheduled psychotherapy session and b) the day
immediately prior to a session.

Mood ratings.

Prior-week mood. Patients’ numerical responses to mood-monitoring texts (i.e., “What is
your mood right now on a scale of 1-9? (9 being the best)”) received in the week prior to each
scheduled psychotherapy session were averaged to measure patients’ prior-week mood (M =
6.95, SD = 1.16).°

Prior-day mood. Patients’ numerical responses to mood-monitoring texts received the
day before a scheduled psychotherapy session were recorded (M = 6.73, SD = 1.29).

Response rate.

2 The descriptive statistics for all of the text-based variables were derived by first averaging within patients across
time, and then averaging across patients.

3 In computing the daily and weekly text-messaging measures, if the patient did not reply to a mood-monitoring
message until the day after it was received, which occurred in 3.7% of all cases, their response was not included in
the daily and weekly scores.
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Prior-week response rate. Patients’ response rates to mood-monitoring texts sent in the
week prior to a scheduled session were calculated by dividing the number of mood-monitoring
texts to which a patient responded in this seven-day window by the number of texts received (M
= 47% response, SD = 27%).

Prior-day response. Patients were assigned a score of 1 (responded) or 0 (did not
respond) to each mood-monitoring text received the day before a scheduled session (M = 43%
response, SD = 29%).

Response delay. Response delay was operationalized as the number of minutes that
elapsed from the time that a mood-monitoring text was sent to a patient, to the time the patient’s
reply to that text was received.

Prior-week response delay. Patients’ delay in responding to mood-monitoring texts
received in the week prior to each scheduled session was averaged to measure prior-week
response delay (M = 86.86 minutes, SD = 76.57 minutes). The distribution of this variable was
highly skewed, so following recommendations for transforming reaction-time data (Ratcliff,
1993), we took the natural log to normalize the distribution.

Prior-day response delay. Patients’ delay in responding to mood-monitoring texts sent
the day before a scheduled session was recorded (M = 68.05 minutes, SD = 78.27 minutes). As
with prior-week delay, we took the natural log to normalize the distribution.

Data-Analytic Strategy

The data consisted of up to 16 data points nested within each patient, corresponding to
the 16 weeks of psychotherapy. To predict weekly attendance from the texting variables, we
used multilevel logistic regressions, which allowed us to model dependencies in the same

patient’s data across time. Across all models, error terms for the intercepts at level 1 were
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allowed to vary at level 2. These analyses were performed with the melogit command in Stata
13 using adaptive quadrature with 30 integration points (Rabe-Hesketh & Skrondal, 2012).
Melogit includes the data for participants (j) and occasions (i) where neither the response yij nor
the covariate(s) x;; are missing. The data of the eleven patients who stopped receiving texts
before the end of psychotherapy were included in the analyses up until the point at which they
stopped receiving text messages.

Our central research question was whether a patient’s responses to mood-monitoring
texts in the week or the day prior to a scheduled psychotherapy session predicted attendance.
Because we were interested in whether earlier texting behaviors predicted later attendance, we
conducted lagged analyses in which we predicted current-week attendance from prior-week and
prior-day texting behaviors. For example, to examine whether patients’ self-reported mood in
the week prior to a scheduled psychotherapy session predicted their likelihood of attending that
session, we constructed a multilevel logistic regression model in which we predicted current-
week attendance from prior-week (i.e., lagged) mood.

We conducted these analyses in three steps. First, we entered each of the respective
lagged daily and weekly texting variables into separate multilevel logistic regressions, which
allowed us to examine each texting variable’s individual contribution to predicting attendance.
Second, we retained those lagged texting variables that significantly predicted attendance in step
one, and entered them together into a model in which we controlled for prior-week attendance.
Controlling for prior-week attendance allowed us to assess whether the texting variables
provided information about the likelihood of future attendance above and beyond that provided
by patients’ prior attendance history. It also allowed us to assess whether texting behaviors were

associated with change in attendance from one week to the next. Because attendance at week 1
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was a constant (i.e., all patients, by definition, attended their first psychotherapy session), we
excluded week 1 data from those lagged analyses containing the lagged attendance variable.*
Third, we controlled for patient age, a well-recognized demographic predictor of attendance. We
did not control for ethnicity or SES, two other demographic factors linked to attendance, as the
composition of our sample on these variables was largely homogenous.
Results

Results from all steps of the analyses are displayed in Table 1. In the text, we highlight
the notable significant findings. In the first step, only one of the six lagged texting variables—
patients’ mood the day prior to a scheduled psychotherapy session—significantly predicted
current-week attendance (OR =1.33, 95% CI [1.05, 1.68], p = .02). The estimated odds ratio of
1.33 indicates that, for every one-point increase in a patient’s mood, their estimated odds of
attending their next scheduled psychotherapy session increased by 33%. None of the other
lagged daily or weekly variables significantly predicted attendance (all other ps > .06). Because
prior-day mood was the only significant lagged predictor of attendance, it was the only variable
retained in the second step of the model. We also analyzed the within-patient effect of prior-day
mood on next day attendance using a conditional logistic regression. The odds ratio was
extremely similar in magnitude (OR =1.32, 95% CI [1.03, 1.70], p = .03), indicating that these
results are not purely driven by patients in a chronically low mood being less likely to attend, but
instead that attendance is less likely when one’s mood is below one’s personal average. Because

of the similarity in findings, we did not explore within-patient effects in subsequent steps.

4 Including week 1 data in the second step did not substantively change the reported findings. The estimated effect
of prior-day mood was similar regardless of whether week 1 attendance data was included (OR = 1.30, SE =.15) or
excluded (OR = 1.35, SE = .17, both ps < .05). The estimated effect of prior-week attendance was larger when the
first week of attendance (a constant) was included (OR = 1.84, SE = .65) versus excluded (OR = 1.22, SE = .50), but
was non-significant regardless (ps > .07).
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In the second step, prior-day mood remained a significant predictor of current-week
attendance after controlling for prior-week attendance (OR = 1.35, 95% CI [1.05, 1.73], p = .02).
This finding indicates that patients’ mood the day before a scheduled session significantly
predicts changes in patients’ likelihood of attending group psychotherapy from one week to the
next.

In a third step, patients’ prior-day mood continued to significantly predict current-week
attendance after controlling for patient age (OR = 1.33, 95% CI [1.04, 1.70], p = .02). Taken
together, these findings suggest that patients’ responses to mood-monitoring texts—specifically,
their mood ratings the day before a scheduled psychotherapy session—provide a significant
increment to the ability to predict future attendance, over and above established predictors of
attendance, such as patient age and prior attendance history.

Discussion

This study examined whether patients’ responses to mood-monitoring text messages, sent
during the course of group psychotherapy, prospectively predicted their likelihood of attendance.
The primary finding was that patients’ mood the day before a scheduled psychotherapy session
positively predicted attendance, with a one point increase in a patient’s mood (on a 1-9 scale)
linked to approximately 33% higher odds of attendance, even after controlling for patient age
and prior attendance history. In contrast, patients’ average mood the week before a scheduled
session did not significantly predict future attendance. These findings suggest that a patient’s
mood state in close proximity to a scheduled session may influence their decision to attend. Our
results are consistent with prior survey research indicating that experiencing elevated psychiatric
symptoms is a common reason that patients miss sessions (DeFife et al., 2010; Killaspy et al.

2000), as low daily mood has been found to index elevated depressive symptoms (Aguilera et al.,
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2015). They are also broadly consistent with research from the affect and decision-making
literature, indicating that emotional states play a key role in decision-making (Lowenstein &
Lerner, 2003). Unfortunately, these results suggest that patients may be least likely to receive
psychotherapy at times in which they are feeling their worst, and thus are potentially in greatest
need of psychotherapeutic support.

These findings have direct implications for targeting and tailoring interventions to
increase attendance. Most clearly, they indicate that patients in a low mood the day prior to a
scheduled psychotherapy session may benefit from additional outreach. “Just-in-time”
interventions, such as triggered outreach from a clinician, or automated messages that
acknowledge a patient’s low mood while emphasizing the benefits of attendance, could
potentially be delivered at these moments. Some considerations for how best to design such
interventions are discussed below.

More broadly, this research underscores the value of text messaging, and other mobile
health (mHealth) technologies, as adjuncts to psychotherapy. Text messaging enables the
collection of information about patients’ psychological states in close proximity to scheduled
psychotherapy sessions, information that was critical to predicting attendance in the present
study. Given the relative lack of information about time-varying predictors of attendance, this
contribution is significant. In addition to improving the prediction of attendance, daily mood-
monitoring texts may enhance patients’ mood-state awareness and emotion-regulatory skills (Hill
& Updegraff, 2012; Kauer et al., 2012), and may integrate easily into evidence-based
psychotherapy programs that emphasize affect-monitoring as a core component of treatment,
including CBT (Cohen et al., 2013), DBT (Rizvi, Dimeff, Skutch, Carroll, & Linehan, 2011),

and ACT (Hayes, Strosahl, & Wilson, 2011). Moreover, prior pilot research has established the
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usability and feasibility of text-based mood monitoring within safety net settings, and among low
income and ethnic minority patient populations, populations with higher rates of psychotherapy
non-attendance (Aguilera & Berridge, 2014; Aguilera & Mufioz, 2011). Given the potential of
mood-monitoring texts to predict and increase attendance, as well as to support broader
psychotherapeutic goals, clinicians should consider incorporating such monitoring interventions
as adjuncts to psychotherapy.
Limitations

One limitation is the unclear generalizability of these findings to other patient groups.
Our sample was exclusively comprised of low-income, Latino, and Spanish-speaking patients,
the majority of which were female and middle aged. While it seems plausible that low mood
before psychotherapy may negatively predict attendance within the broader patient population,
future research is needed to directly evaluate this possibility. It is important to note that although
our sample may not represent the larger US patient population, psychotherapy non-attendance is
a more pronounced problem within low-income and ethnic minority populations (Barrett et al.,
2008; Garfield, 1994, Wierzbicki & Pekarik, 1993), and so research aimed at increasing
attendance in these populations is particularly needed. A second limitation was that our sample
size was relatively small, which may have limited our ability to detect weaker, but non-trivial,
predictors of attendance, as might be the case for response rate and response delay. Thus,
replication of this research within larger samples would be valuable. Also, given that attendance
was generally low, but representative of attendance in public sector settings (e.g., Wang et al.,
2005), predictors of attendance would be worth exploring in other clinical settings.

An additional limitation was patients’ degree of engagement with the text-based adjunct.

Mobile technologies are useful for predicting future attendance only to the extent that patients
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are willing to engage with them regularly. As noted in the methods, eleven patients asked to stop
receiving text messages before the end of psychotherapy. An additional seven patients (6
women, mean age = 49.99 years, SD = 9.90 years) received texts, but never responded to them.
This latter group, which was not included in the analyses as they provided no texting data, did
not significantly differ from the reported sample in age, gender, or the severity of their baseline
depressive symptoms. Nonetheless, future research is needed to better characterize and
understand the perspective of patients who are unable or unwilling to use texting as a
psychotherapeutic tool, and to find alternative approaches to predicting and encouraging regular
attendance for these patients. As mHealth interventions increasingly rely on passive sensing
from smartphones to detect activity, location, and other variables related to depressive symptoms
(e.g., Saeb et al., 2015), this data may also help predict important intervention points, without
requiring regular responding on the part of patients.
Future Directions

While this study suggests that patients who report low mood the day prior to
psychotherapy may benefit from additional outreach, it does not indicate what type(s) of
outreach would effectively increase attendance. Future research is needed to determine why low
mood states in proximity to psychotherapy are a predictor of non-attendance. It is possible that
low mood may reflect anhedonia, a hallmark symptom of depression, which decreases
motivation for engaging in healthy activities (Dichter, 2010). Another possibility is that low
mood might result from other life circumstances or difficulties that interfere with attendance
(e.g., difficulty taking time off work (Alegria et al., 2008), physical pain or illness (Charles &
Almeida, 2006)). Identifying the causes of patients’ low mood states can inform the content of

interventions aimed at reducing barriers to regular attendance.
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Future research is also needed to determine the most effective outreach modality. Given
the resource intensive nature of direct clinician outreach, a series of stepped interventions could
be piloted. For example, if a patient is participating in a mobile intervention and reports low
mood the day before a session, that patient could receive automated text messages that
acknowledge barriers to attendance and suggest problem-solving techniques, or remind the
patient of mood benefits accrued from past sessions. If this approach does not result in increased
attendance, clinicians could reach out directly to select patients before scheduled sessions to
encourage attendance. A series of such interventions, if successful, may result in a patient
receiving an adequate and consistent amount of psychotherapy before termination of treatment,
and thus ultimately benefiting from psychotherapy.

Conclusions

The present research demonstrates the value of mood-monitoring text messages in the
prospective prediction of psychotherapy attendance. Mood the day before a scheduled
psychotherapy session, as measured via text message, was a significant time-varying predictor of
attendance. Given the high rate and high costs of psychotherapy non-attendance, future research
should explore how to apply this information to develop content and time-tailored (i.e., “just in

time”) interventions to increase attendance.
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Table 1

Summary of Multilevel Logistic Regression Analyses for Variables Predicting Weekly

Psychotherapy Attendance

a

n OR 95% C.I. p

Step 1: Lagged Texting Variables”

Prior-week mood 55 1.12 0.90, 1.39 .32

Prior-day mood 46 1.33 1.05, 1.68 .02

Prior-week response rate 56 2.03 0.93,4.41 .07

Prior-day response rate 56 1.03 0.63, 1.68 .90

Prior-week response delay 56 1.15 0.96, 1.37 A2

Prior-day response delay 48 1.16 0.98, 1.36 .08
Step 2: Controlling for Prior Attendance

Prior-day mood 45 1.35 1.05,1.73 .02

Prior-week attendance 45 1.22 0.54,2.74 .64
Step 3: Controlling for Age

Prior-day mood 45 1.33 1.04,1.70 .02

Prior-week attendance 45 1.25 0.56, 2.83 .58

Age 45 1.05 0.99-1.12 .08

% The number of patients included in the analyses varied due to missing data.
®In step 1, each of the respective lagged texting variables were entered individually into separate multilevel logistic

regressions.
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Highlights:

* This study used text messaging to measure daily mood in patients with depression.
» Low mood the day prior to psychotherapy increased the risk of non-attendance.

* These findings can inform “just-in-time” interventions to improve attendance.
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