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Abstract
The working alliance may be relevant in unguided smartphone-based interventions, but no
validated measure exists. We evaluated the psychometric properties of the six-item Digital
Working Alliance Inventory (DWAI) using a cross-sectional survey of meditation app users (n =
290) and the intervention arm of a randomized trial testing a smartphone-based meditation app (n
= 314). Exploratory factor analysis suggested a single factor solution which was replicated using
longitudinal confirmatory factor analysis. The DWAI showed adequate internal consistency and
test-retest reliability. Discriminant validity was supported by a lack of association with social
desirability, psychological distress, and preference for a waitlist condition. Convergent validity
was supported by positive associations with perceived app effectiveness and preference for an
app condition. Supporting predictive validity, DWAI scores positively predicted self-reported
and objective app utilization. When assessed at weeks 3 or 4 of the intervention, but not earlier,
DWAI scores predicted pre-post reductions in psychological distress.

Keywords: working alliance; digital technology; smartphone-based interventions; mobile health;
validation study
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Based on over four decades of research, the therapeutic or working alliance between
patient and therapist has emerged as one of the most widely studied and robust predictors of
treatment outcome in psychotherapy (Flückiger et al., 2018; Horvath & Symonds, 1991). Most
modern measures of the alliance in psychotherapy derive from Bordin’s (1979) conceptualization
which includes agreement between patient and therapist on the tasks and goals of treatment along
with an emotional bond characterized by trust and acceptance (e.g., Horvath & Greenberg,
1989). The largest meta-analysis of the alliance in adult psychotherapy, based on 295 studies and
over 30,000 patients, detected an association between alliance and outcome of r = .278
(Flückiger et al., 2018). Notably, the alliance-outcome association did not differ across treatment
types (e.g., cognitive behavioral therapy vs. psychodynamic therapy), specific alliance measure,
or rater perspective (e.g., patient vs. therapist). Though the causal influence of alliance on
outcome has not been definitively established due to methodological and ethical barriers (e.g.,
inability to randomly assign patients to an intentionally low-alliance psychotherapy), the
alliance-outcome association appears relatively independent of patients’ intake characteristics
(e.g., symptom severity) and other therapeutic processes which may account for the apparent
alliance-outcome association (e.g., therapist competence; Flückiger et al., 2020).
A wide variety of measures have been developed to assess this construct in
psychotherapy. Although Flückiger et al.’s (2018) meta-analysis included 39 distinct measures of
alliance, the majority (69%) were based on the Working Alliance Inventory (WAI; Horvath &
Greenberg, 1989). The original WAI included 36 items and yielded three highly correlated
subscales (rs ≥ .69; Horvath & Greenberg, 1989) corresponding to Bordin’s (1979) task (e.g., “I
believe the way we are working on my problem is correct”), goal (e.g., “I feel that the things I do
in therapy will help me to accomplish the changes that I want”), and bond dimensions (e.g., “I
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believe ____ likes me”). Early factor analysis of the measure confirmed three distinct factors
along with an overarching alliance factor (i.e., hierarchical factor model; Tracey & Kokotovic,
1989). A number of subsequent studies have evaluated factor structure for the WAI and its
revisions which include several short forms, typically supporting either a three-factor solution or
a two-factor solution with the Task and Goal subscales combined into a single factor (see
Falkenström, Hatcher, & Holmqvist, 2015a). Recently, Falkenström et al. (2015b) developed a
six-item version of the measure which they recommend be treated as unidimensional.
Alliance in Mobile Health
Face-to-face interventions upon which the bulk of the research on alliance is based have
long been the gold standard delivery modality for psychotherapy. Following rapid technological
advances in the past two decades, there is growing interest in the use of mobile health (mHealth)
technology (e.g., the use of health-related smartphone apps) to expand access to mental health
care (Aboujaoude et al., 2015) and to reduce mental health inequity (Anderson-Lewis et al.,
2018). Enthusiasm for mHealth interventions has only grown during the COVID-19 pandemic,
as quarantine and social distancing measures taken to slow disease transmission have required
movement away from traditional, in-person delivery of psychotherapy (Liu et al., 2020; Torous
et al., 2020; Zhou et al., 2020). A key dimension that differentiates between mHealth
interventions is the degree of therapist involvement, which can be high (e.g., traditional,
synchronous 50-minute psychotherapy session delivered over phone or video; Osenbach et al.,
2013), low (e.g., Internet-based cognitive behavioral therapy paired with coaching calls; Gilbody
et al., 2015), or non-existent (e.g., unguided smartphone-based interventions; Weisel et al.,
2020). Clearly, the amount of therapist involvement influences the cost and scalability of a given
mHealth intervention. Although some degree of meta-analytic evidence exists supporting
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mHealth interventions which range in therapist involvement from traditional telehealth to
unguided smartphone apps (Osenbach et al., 2013; Firth et al., 2017a, 2017b; Weisel et al.,
2020), it does appear that therapist support increases efficacy (Linardon et al., 2019). Moreover,
minimally guided and unguided mHealth interventions have notoriously high and rapid rates of
disengagement (Baumel & Kane, 2018; Baumel et al., 2019; Eysenbach, 2005; Linardon &
Fuller-Tyszkiewicz, 2020; Pratap et al., 2020).
Against the backdrop of promising efficacy, unmet clinical need, and rapid
disengagement, researchers have begun applying theoretical frameworks drawn from the
psychotherapy literature (e.g., object relations; Cohen & Torous, 2019) as potential solutions for
increasing efficacy and engagement in mHealth interventions. Given its centrality for in-person
psychotherapy, one may naturally ask what becomes of the alliance in mHealth interventions
(Aboujaoude et al., 2015; Berger, 2017; Wehmann et al., 2020). Moreover, to the extent that
alliance is relevant, it may help to explain low engagement in mHealth interventions and
ultimately be harnessed to increase their efficacy.
In support of a digital corollary of the alliance, Flückiger et al.’s (2018) meta-analysis
included 23 samples investigating the alliance-outcome in guided mHealth interventions
(primarily Internet-based cognitive behavioral therapy), detecting an association almost identical
to that found for in-person psychotherapy (r = .275). Researchers have recently also begun
developing and testing measures of alliance for unguided mHealth modalities. Two studies
(Miloff et al., 2020; Miragall et al., 2015) adapted the WAI for virtual reality and/or augmented
reality therapies, primarily by replacing “my therapist” with “the virtual environment” or “the
virtual therapist.” Both studies showed the expected association between their adapted WAI and
outcomes. Herrero et al. (2020) also adapted the WAI primarily by replacing “my therapist” with
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“the program” and used it to assess the online component of a blended face-to-face and Internetbased cognitive behavioral therapy, also showing the expected alliance-outcome association.
Similarly, Kiluk et al. (2014) used an adapted version of the WAI to evaluate alliance for the
computer-based component of a multicomponent intervention, although their measure did not
predict outcomes (cocaine use).
These initial measure development efforts suggest some digital corollary of the alliance
may exist, or at least something conceptually similar that also may predict treatment outcomes.
While promising, the available measures may have important limitations. In particular, measures
adapting the WAI by replacing “my therapist” with reference to non-human technology can
result in strange items (e.g., “The program and I respect each other”; Herrero et al., 2020). Both
clinicians and patients have criticized anthropomorphic items (Berry et al., 2018). This issue may
become especially salient when alliance is being assessed in a fully unguided context (e.g.,
unguided smartphone app). In addition, prior studies focused on alliance in unguided mHealth
have involved some measure of human support (e.g., Kiluk et al., 2014) or interaction with a
virtual therapist (e.g., Miloff et al., 2020). Prior studies on the alliance in unguided mHealth
interventions have also been limited in sample size, prohibiting the use of both exploratory and
confirmatory factor analysis and have not fully examined key psychometric characteristics (e.g.,
test-retest reliability, discriminant validity).
To our knowledge, no validated measure exists specifically designed to assess alliance
within the context of a fully unguided mHealth intervention. Henson et al. (2019) proposed the
Digital Working Alliance Inventory (DWAI) in their review of alliance in smartphone
interventions for serious mental illness. Like prior efforts, Henson et al. took the WAI as their
starting point, including items from the Task, Goals, and Bond subscales. But, informed by
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qualitative evaluations (Berry et al., 2018), items were adapted to avoid anthropomorphizing
technology while retaining a sense of human connection with the app content. The measure was
also kept to six items, in keeping with existing psychometrically sound short forms of the WAI
(Falkenström et al., 2015b).
The Current Study
We sought to evaluate the psychometric properties of the DWAI for use as a measure of
alliance within the context of unguided smartphone interventions. To do so, we used data drawn
from two studies. Both studies were focused on smartphone-based meditation apps. Although
this is only one of a wide variety of types of mental health apps that exist, meditation apps
represent the vast majority of both daily and monthly active mental health app use (Wasil et al.,
2020). Study 1 involved a cross-sectional online survey assessing the DWAI in reference to
various smartphone-based meditation apps participants have used. Study 2 included data drawn
from the intervention arm of a randomized controlled trial testing a specific smartphone-based
meditation app. As no previous evaluation exists, we aimed to establish the measure’s structure
through both exploratory and confirmatory factor analysis. We aimed to evaluate both internal
consistency and test-retest reliability. We also planned to assess discriminant validity with
unrelated constructs (e.g., social desirability, pre-treatment psychological symptoms, pretreatment preference for a waitlist condition), convergent validity with related constructs (e.g.,
pre-treatment preference for the smartphone-based intervention, perceived app effectiveness),
and predictive validity for changes in psychological distress. In order to investigate the
possibility that alliance may be used to predict disengagement, we also examined associations
between alliance and app utilization as an additional form of predictive validity.
Method
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Participants and Procedure
Study 1 involved a cross-sectional online survey. Participants for Study 1 were recruited
through Prolific (www.Prolific.co). Similar to functionality available through Amazon’s
Mechanical Turk, Prolific is an online participant recruitment platform. Documented advantages
of Prolific include access to a pool of more diverse participants who are both less dishonest (i.e.,
less likely to cheat in order to gain a bonus payment) and more naïve (i.e., unfamiliar with
commonly used measures) than Mechanical Turk (Peer et al., 2017). Participants in Study 1 were
drawn from a larger study investigating the utilization of meditation in the United States
population. Eligible participants for the larger study were adults (≥18 years old) living in the
United States. The current analyses were not part of the preregistered aims of the larger study
(https://osf.io/4h86s/?view_only=0e5d7ad85f87468ea40e047b3cf7c795). We include data from
participants who passed two attention check items (“please select the leftmost response”, “I have
been randomly selecting responses on this survey”), reported having used a smartphone-based
meditation app, and completed the DWAI in relation to their most used meditation app (n = 290).
Consistent with the general population (Wasil et al., 2020), the two most commonly used apps
were Headspace (31.0%) and Calm (28.6%). Both apps include instruction in various meditation
techniques (e.g., focusing attention on the breath, scanning attention through the body,
generating feelings of care for others) with content focused on increasing wellbeing and attention
regulation as well decreasing stress, anxiety, and sleep disruption. Participants in Study 1 were
on average 39.93 years old (SD = 14.77); 56.2% (n = 163) were female, 42.1% (n = 122) male,
and 1.7% (n = 5) gender non-binary; 70.3% (n = 204) were non-Hispanic White, 12.4% (n = 36)
Black, 7.9% (n = 23) Latinx, 6.2% (n = 18) Asian, 2.8% (n = 8) multiracial, and 0.3% (n = 1)
Native American; 60.0% (n = 174) had completed college; 59.0% (n = 171) had an annual
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income ≤$50,000. The survey was administered between November 22nd and December 4th,
2020.
Participants for Study 2 were drawn from the intervention arm of a randomized
controlled trial testing a smartphone-based meditation app – the Healthy Minds Program (HMP;
for a description of the app and its underlying model of well-being, see Dahl et al., 2020;
Goldberg et al., 2020b) in comparison to a waitlist control (https://osf.io/eqgt7). The HMP app
includes four modules with practices aimed at developing skills supportive of wellbeing. These
include practices to strengthen mindfulness and stabilize attention (Awareness), cultivate
qualities like appreciation and kindness that contribute to healthy relationships with oneself and
others (Connection), support self-inquiry (Insight), and enhance meaning in life by clarifying and
applying core values and self-transcendent motivations (Purpose). The current analyses do not
overlap with the primary aims of the larger trial, although we did hypothesize in separate
preregistrations that the DWAI would be associated with changes in outcomes
(https://osf.io/85kya/?view_only=cef24dc17c784a9790e388d5b5814f1d) and adherence
(https://osf.io/swerk/?view_only=b31cd287334b491d806d0c63f3a583fb). Results from the full
set of preregistered analyses may be published elsewhere. Eligible participants for the larger trial
were adults (≥18 years old) currently employed by a school district within the state of Wisconsin.
Additional exclusion criteria included extensive meditation experience (i.e., retreat experience,
weekly practice for ≥1 year, daily practice for ≥6 months), past use of the HMP app, and lack of
access to a device capable of running the HMP app. Outcomes were assessed at baseline and
post-treatment (4-weeks post-baseline). The DWAI was administered one, two, three, and fourweeks post-baseline for those in the HMP condition. The current study includes those
participants randomized to the HMP condition who completed the DWAI at least once (n = 314).
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Participants in Study 2 were on average 42.66 years old (SD = 11.00); 84.7% (n = 266) were
female, 11.5% (n = 36) male, and 0.3% (n = 1) gender non-binary, and 3.5% (n = 11) of
unknown gender; 86.0% (n = 270) were non-Hispanic White, 2.6% (n = 8) Black, 0.3% (n = 1)
Latinx, 1.3% (n = 4) Asian, 4.1% (n = 13) multiracial, 0.3% (n = 1) Native American, and 5.4%
(n = 17) of unknown race/ethnicity; 86.0% (n = 270) had completed college; 15.3% (n = 48) had
an annual income ≤$50,000. Recruitment for Study 2 occurred between June 18th and September
7th, 2020.
Measures
Alliance. The DWAI (Henson et al., 2019) was used to assess digital working alliance in
both Study 1 and Study 2. This six-item measure is based on items included in the WAI (Horvath
& Greenberg, 1989), but adapted for the context of an unguided mHealth delivery format. Two
items are included from each of the three WAI domains: Task (Item 2: “I believe the app tasks
will help me to address my problem,” Item 5: “The app is easy to use and operate”), Goal (Item
1: “I trust the app to guide me towards my personal goals,” Item 4: “I agree that the tasks within
the app are important for my goals”), and Bond (Item 3: “The app encourages me to accomplish
tasks and make progress,” Item 6: “The app supports me to overcome challenges”). Items are
rated on a 7-point Likert-type scale from 1 (strongly agree) to 7 (strongly disagree). Internal
consistency reliabilities computed for the DWAI are included in the Results section.
Social desirability. The Socially Desirable Response Set (SRDS-5; Hays et al., 1989)
was used in Study 1 to assess social desirability. Items reflect common but socially desirable or
undesirable behavior (e.g., “There have been occasions when I took advantage of someone”).
Items are rated on a 5-point Likert-type scale ranging from 1 (definitely true) to 5 (definitely
false) in relation to how much statements are true or false for a given respondent. Items are
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scored as 1 or 0, with 1 assigned when an individual indicates the most socially desirable
response (e.g., definitely false for a socially undesirable item). A total score is computed by
summing across all five items. The measure has shown adequate reliability (internal consistency,
test-retest; Hays et al., 1989) and validity (convergent, discriminant; Pechorro et al., 2016).
Internal consistency was adequate in Study 1 (a = .71). As social desirability is a construct
theoretically unrelated to alliance, it was used to assess discriminant validity.
Psychological distress. Symptoms of depression and anxiety were assessed using the
Patient-Reported Outcomes Measurement Information System (PROMIS) Depression and
Anxiety measures (Pilkonis et al., 2011). Depression and anxiety were measured in Study 1 and
at both baseline and post-treatment in Study 2. These measures have shown strong convergent
validity with legacy measures of depression and anxiety (Choi et al., 2014; Schalet et al., 2014),
with short forms created using item response theory (Pilkonis et al., 2011). Study 1 used the
four-item versions (4a) and Study 2 used the computer adaptive test (CAT) versions (v1.0) with
the actual length varying depending on participant responses (Pilkonis et al., 2011). Items reflect
symptoms of depression (e.g., “I felt worthless”) and anxiety (e.g., “I felt fearful”) and are rated
based on the past 7 days on a 5-point Likert-type scale ranging from 1 (never) to 5 (always). A
total score is computed by summing across items for the fixed length form. The CAT version
yields a T-score (i.e., population mean = 50, SD = 10). Internal consistency reliability was
adequate Study 1 (as = .93 and .90, for depression and anxiety, respectively) and cannot be
computed for the Study 2 CAT version.
Psychological stress was also assessed in Study 2 at baseline and post-treatment using the
10-item Perceived Stress Scale (Cohen & Williamson, 1988). This widely used measure of
psychological stress assesses experiences in the past month (e.g., “How often have you felt that
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you were unable to control the important things in your life?”). Items are rated on a 5-point
Likert-type scale from 1 (never) to 5 (very often). The 10-item version has shown acceptable
psychometric properties including evidence for convergent and discriminant validity (Roberti et
al., 2006). A total score was computed by summing across all items. Internal consistency was
adequate in Study 2 (a = .85).
Based on high correlations between measures of depression, anxiety, and stress in
previous work (Goldberg et al., 2020b), the preregistered data analytic plan for the randomized
controlled trial in Study 2 involved the creation of a composite psychological distress variable.
To do so, total scores on the three psychological symptom measures were z-transformed and then
averaged. For consistency, a psychological distress composite was also created for Study 1 in the
same way, although this was based on only depression and anxiety (stress was not assessed). As
psychological distress is theoretically unrelated to alliance (Flückiger et al., 2020), it was used to
assess discriminant validity. Change in psychological distress was used to assess predictive
validity in Study 2.
Treatment preference. Prior to randomization, participants in Study 2 indicated their
preference for HMP (“How much would you like to receive the Healthy Minds Program app?”)
and waitlist control (“How much would you like to be in the waitlist control?”). Ratings were
made on a 7-point Likert-type scale from 1 (not at all) to 7 (a great deal). As separate items were
used to assess preference for each condition and participants could provide high or low ratings
for either or both conditions, we theorized that preferring the waitlist would not necessarily be
related to later alliance with the HMP app. Therefore, preference for waitlist was used to assess
discriminant validity. Based on the notion that participants preferring the HMP app condition at
baseline would be more likely to experience agreement on the tasks and goals of HMP (i.e.,
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indicating greater interest and/or openness to the HMP app content), preference for the HMP app
was used to assess convergent validity.
App utilization. Utilization was assessed differently across the two studies. In Study 1,
participants indicated whether they used their most used smartphone-based meditation app daily,
weekly, monthly, several times per year, or never. This item was dichotomized into regular use
(i.e., daily or weekly use) or non-regular use (i.e., monthly, several times per year, or never). In
Study 2, objective usage data was gathered through the HMP app. Utilization was
operationalized as the total number of days during the four-week study period on which an
individual used the app (i.e., days on which a participant completed an activity within the HMP
app). Utilization was used to assess predictive validity.
Perceived app effectiveness. A single item assessed perceived effectiveness of
participants’ most used smartphone-based meditation app in Study 1. The item (“How effective
have you found this app?”) was rated on a 6-point Likert-type scale from 1 (not at all effective)
to 6 (very effective). Perceived effectiveness was used to assess convergent validity.
Analyses
As the DWAI has not previously been evaluated, we first sought to establish the
measure’s factor structure. We first conducted exploratory factor analysis using data from Study
1. Based on high inter-correlations between alliance dimensions observed in previous studies
(e.g., Tracey & Kokotovic, 1989), models with an oblique (promax) rotation were run using the
‘factanal’ function in R (R Core Team, 2018). We aimed to determine the ideal number of
factors that provided simple structure (i.e., items loading highly on only one factor; Thompson,
2004). In addition, we examined a scree plot and associated eigenvalues derived using the
‘eigen’ function in R and conducted a parallel analysis which is a preferred method for
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determining the number of factors to retain (Thompson, 2004) using the ‘fa.parallel’ function in
the ‘psych’ package in R (Revelle, 2020).
Having determined the appropriate number of factors and the corresponding item factor
loadings, we conducted a series of confirmatory factor analyses (CFA) using DWAI data from
Study 2. The primary purpose of these analyses was to see if the structure from Study 1
replicated in Study 2. Additionally, because Study 2 involves longitudinal data, we could
evaluate whether items were related to one another over time above and beyond the correlation
among the latent factors over time. Model 1 was a longitudinal CFA that used the preferred
factor structure from Study 1 at each of the four DWAI administrations (Weeks 1, 2, 3, and 4 of
the study). We included a covariance between the latent variables across time. Thus, Model 1
assumes that the only relationship between items both within- and between-time points was at
the latent-variable level. Model 2 added a residual correlation between the same item across time
points (e.g., item 1 at Week 1 correlated with item 1 at Week 2; item 2 at Week 1 with item 2 at
Week 2; and so on). Model 2 constrained the correlations to be equal across time on a per item
basis (i.e., six total correlations, one for each item). Model 3 was identical to Model 2 except that
correlations were freely estimated. Finally, Model 4 included an autoregression correlation
structure, wherein correlations decay as the time points get further apart.
Overall fit of the CFA models was evaluated based on the comparative fit index (CFI)
and root mean square error of approximation (RMSEA) using standard indices (i .e., CFI ≥ .95,
RMSEA ≤ .06; Thompson, 2004). Fit was compared across models using the Aikake Information
Criterion (AIC) and the Bayesian Information Criterion (BIC). CFA was conducted using Mplus
Version 8.1 (Muthén & Muthén, 2017) and the ‘MplusAutomation’ package in R (Hallquist &
Wiley, 2018).
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Reliability was assessed in two ways. In both Study 1 and Study 2, we calculated internal
consistency reliability based on Cronbach’s a. As Study 2 involved repeated DWAI assessments,
we calculated test-retest reliability between weeks as the intraclass correlation coefficient (ICC1;
single raters, absolute agreement) using the ‘ICC’ function in the ‘psych’ package (Revelle,
2020).
Validity was assessed in several different ways. Discriminant validity was evaluated by
examining associations between DWAI scores with theoretically unrelated constructs. These
included social desirability (Study 1), baseline psychological distress (Study 1 and Study 2), and
preference for waitlist (Study 2). Convergent validity was evaluated by examining associations
between DWAI scores with theoretically related constructs. These included perceived app
effectiveness (Study 1) and preference for the HMP condition (Study 2). Finally, tests of
predictive validity examined associations between DWAI scores with app utilization and
changes in psychological distress. Utilization was assessed by self-report in Study 1 and obtained
objectively through the HMP app in Study 2. All validity tests relied on correlation coefficients
(i.e., Pearson’s r, which simplifies to a point biserial correlation when including a dichotomous
variable like regular app use). Linear regression models were used to examine DWAI scores as a
predictor of post-treatment psychological distress controlling for pre-treatment psychological
distress in Study 2. A subsequent linear regression model added preference for the HMP
condition as a predictor of post-treatment psychological distress to assess incremental validity. In
order to evaluate whether the strength of the alliance-outcome association varied depending on
when alliance was assessed, we fit models in Mplus with these time-specific associations
constrained to be equivalent or unique (i.e., free to vary across DWAI assessment time points).
Fit was compared using a log-likelihood ratio test. An exploratory analysis described below
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evaluated whether the predictive validity of the DWAI varied based on psychological distress at
baseline (i.e., test of moderation), to allow comparisons with the broader alliance in
psychotherapy literature which has focused on clinical samples (Horvath et al., 2011). With the
exception of test-retest reliability and predictive validity tests, all models using Study 2 DWAI
scores focused on baseline DWAI scores.
Results
Descriptive statistics for all non-demographic study variables are reported in Table 1.
Inter-correlations between DWAI total scores and these measures are reported in Tables 2 and 3.
In Study 1, DWAI scores were uncorrelated (ps > .050) with age (r = -.08), male gender (r = .04), college education (r = -.01), and income below $50,000 (r = -.10). However, non-Hispanic
White race/ethnicity was associated with lower DWAI scores (r = -.15, p = .009; means = 30.00
and 32.30, SD = 6.75 and 5.67, for non-Hispanic White participants and racial/ethnic minority
participants, respectively). In Study 2, baseline DWAI scores were uncorrelated (ps > .050) with
age (r = -.02), male gender (r = -.05), non-Hispanic White race/ethnicity (r = .09), college
education (r = .06), and income below $50,000 (r = -.02). Skewness and kurtosis were
acceptable for most measures (skewness < 2, kurtosis < 7; Curran et al., 1996), with the
exception of the measure of social desirability which was extremely kurtotic (zero-inflated). This
measure was dichotomized for use in analyses by assigning a value of 1 to all participants who
had scores ≥1. Figure 1 displays the distribution of DWAI scores for Study 1 and Study 2. As is
typical for alliance ratings, the measure showed some evidence of ceiling effects (Tryon et al.,
2008). This range restriction should attenuate rather than inflate effect size estimates (Cohen et
al., 2003).
Exploratory and Confirmatory Factor Analysis
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Factor loadings for one-, two-, and three-factor solutions with an oblique (promax)
rotation are presented in Table 4. As can be seen, all items loaded (≥0.43) on the single factor in
the one factor model. In the two-factor solution, multiple items (Items 2 and 4) demonstrated
cross-loadings (i.e., loadings ≥0.30 on multiple factors). Cross-loading was observed in the
three-factor solution along with a single-item factor. A single factor solution was also supported
by examination of the scree plot which indicated the presence of only one component showing
an eigenvalue > 1 (Supplemental Materials Figure 1) and through parallel analysis (Supplemental
Materials Figure 2). Thus, we concluded that a one-factor solution was preferred.
Next, we conducted confirmatory factor analysis using DWAI data from Study 2. As
shown in Table 5, four models were estimated and compared. Both Model 2 and Model 3
showed near acceptable fit based on the CFI and TLI (≥.95) and RMSEAs (≤.060; Thompson,
2004). As Model 2 and Model 3 are nested, a formal model comparison was conducted. This
indicated superior fit for Model 3 (c2 [30] = 48.69, p = .017). However, the simpler Model 2
which constrained correlated residuals to be equal across time points fit the data best based on
AIC and BIC. Thus, Model 2 was considered the final model. Factor loadings for both models
are reported in Table 6, with residual correlations in Supplemental Materials Table 1. As
expected, all items loaded highly on the single factor (loadings ≥ 0.49). Loadings were nearly
identical across Model 2 and Model 3.
Reliability
Internal consistency reliability was high in Study 1 (a = .90) and at all four time points
the DWAI was assessed in Study 2 (as = .88, .92, .91, and .92, for Weeks 1, 2, 3, and 4,
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respectively).1 Test-retest reliability ranged from ICCs = .55 to .68 in Study 2 (Table 3; ps <
.001). Between Week 1 and Week 2, test-retest reliability was ICC = .65.
Validity
Discriminant. The association between the DWAI with social desirability (Study 1
only), psychological distress, and preference for the waitlist condition (Study 2 only) was used to
assess discriminant validity. The DWAI was not associated with either raw or dichotomized
social desirability (rs = -.06 and -.02, respectively, ps > .050; Table 2). The DWAI was also not
associated with psychological distress in either study (rs = -.11 and .10, p > .050, for Study 1 and
baseline distress in Study 2, respectively). The DWAI was not associated with preference for the
waitlist condition in Study 2 (r = -.07, p > .050).
Convergent. The association between the DWAI with perceived app effectiveness
(Study 1 only) and preference for the HMP condition (Study 2) was used to assess convergent
validity. The DWAI was highly correlated with perceived app effectiveness (r = .75, p < .001).
The DWAI was also correlated with preference for the HMP app condition (r = .26, p < .001).
Predictive. We examined changes in psychological distress in Study 2 and app utilization
in both Study 1 and Study 2 as assessments of predictive validity. The DWAI was associated
with greater likelihood of regular app use (weekly or more frequent use) in Study 1 (r = .42, p <
.001). Average days of HMP use in Study 2 was 11.92 over the 4 weeks of the study (range = 0
to 29; Table 1). All DWAI assessments (i.e., Weeks 1 to 4) were associated with greater HMP
app use (rs = .17 to .22, p < .01). In support of incremental validity, the associations persisted
when controlling for preference for the HMP app condition at baseline (rs = .16 to .23, ps <
.050).

1

As Study 2 was a longitudinal RCT, sample sizes for estimating internal consistency differed across time points (ns
= 285, 264, 260, and 289, for Weeks 1, 2, 3, and 4, respectively).
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The key test of the value of the DWAI is arguably provided by its ability to predict
changes in psychological distress over the course of an unguided smartphone-based intervention.
As shown in Table 7, early DWAI scores (Weeks 1 and 2) did not predict post-treatment distress
when controlling for baseline distress (bs = -.05 and -.08, respectively, ps > .050). In contrast,
higher DWAI scores assessed in Weeks 3 and 4 were associated with lower post-treatment
distress (bs = -.17 and -.13, respectively, ps < .01). These effects remained statistically
significant when adjusting for multiple tests (i.e., four DWAI scores) using Benjamini and
Hochberg’s (1995) false discovery rate (pFDR) adjustment method. In support of incremental
validity, results were essentially unchanged when controlling for preference for the HMP app
condition at baseline (Table 7). Constraining the association between DWAI and post-test
distress (controlling for pre-test distress) to be uniform across DWAI assessment time points
showed poorer fit than the unconstrained model in which these associations could vary freely (c2
[3] = 8.90, p = .031). This suggests that the strength of the alliance-outcome association was not
uniform across all weeks of Study 2.
As the alliance-outcome literature is primarily based on clinical samples (i.e., those
seeking psychotherapy; Horvath et al., 2011) and the current trial in Study 2 was conducted in
the general population (i.e., school district employees), we conducted a set of exploratory
analyses examining whether the strength of the alliance-outcome association varied by baseline
psychological distress. Specifically, we added a DWAI by baseline distress interaction term to
the linear regression models predicting post-treatment distress from DWAI scores controlling for
baseline distress. The interaction term was not significant for DWAI scores assessed at Weeks 1,
2, or 3 (Bs = -0.016 to -0.0024, p > .050). However, the interaction between Week 4 DWAI
scores and baseline distress was significant (B = -0.021, p = .010, pFDR = .041). As shown in
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Figure 2, the association between Week 4 DWAI scores and change in psychological distress
(residualized change scores) is stronger (more negative) for those with higher baseline distress.
As a point of comparison, we examined the Week 4 alliance-outcome association when the
sample was restricted to those with PROMIS Depression or PROMIS Anxiety scores above the
moderate or higher clinical cut-off (i.e., T ≥ 60; Choi et al., 2014; HealthMeasures, n. d.). In this
subsample (n = 150), the standardized regression coefficient for Week 4 DWAI scores predicting
post-treatment psychological distress was b = -0.24, 95% confidence interval [-0.38, -0.09], p =
.002.
Discussion
The current study evaluated the psychometric properties of a brief, six-item measure
designed to assess working alliance in the context of an unguided smartphone app (Henson et al.,
2019). Across two samples – a cross-sectional online survey and the intervention arm of a
randomized trial – we assessed the measure’s factor structure and tested several aspects of
reliability and validity. Overall, results suggested the DWAI may possess desirable psychometric
properties. Exploratory factor analysis suggested a single factor solution, with all items loading
highly. This is consistent with the factor structure found by Miragall et al. (2015) in their adapted
WAI for use in virtual and augmented reality therapy. Longitudinal confirmatory factor analysis
suggested constraining correlated residuals to be equal across time fit the data adequately well.
Thus, although it appears important to allow items to correlate across time, allowing these
correlations to vary across items or to decay across time points was not necessary. The DWAI
showed high internal consistency and evidence for stability across time (i.e., test-retest
reliability). Supporting the measure’s discriminant validity, the DWAI was not correlated with
social desirability, psychological distress, or preference for a waitlist condition. Supporting
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convergent validity, the DWAI was associated with perceived meditation app effectiveness as
well as with preference for the meditation app condition in a randomized controlled trial.
Most importantly, DWAI scores predicted meaningful outcomes. In both studies, we
found evidence that those reporting higher DWAI scores were more likely to self-report (Study
1) or behaviorally demonstrate (Study 2) higher app usage. The considerably higher effect size
detected when predicting self-report app usage in Study 1 (r = .42) compared to objective usage
in Study 2 (rs = .16 to .22) could be due to a host of differences between the studies (e.g., app
being evaluated, retrospective vs. repeated DWAI assessment). It is also possible that the
association seen in Study 1 is inflated due to self-report biases that can occur when estimating
technology use (see Kaye et al., 2020). In addition, higher DWAI scores assessed in the latter
half of a 4-week intervention study (Weeks 3 or 4) predicted larger pre-post reductions in
psychological distress. In support of incremental validity, associations with days of app usage
and changes in distress in Study 2 were essentially unchanged when controlling for baseline
preference for the HMP app condition. This bolsters the possibility that the DWAI is assessing
something beyond pre-treatment preferences and may therefore be more likely to reflect
participants’ experiences actually using the app.
Although statistically significant, associations between DWAI scores with changes in
psychological distress were modest (bs = -.17 and -.13, for Week 3 and Week 4, respectively)
and smaller than those typically observed in psychotherapy (i.e., r = .278; Flückiger et al., 2018).
Results from an exploratory moderator test suggests the DWAI may more strongly predict
outcomes for individuals experiencing higher symptoms at baseline. Indeed, when restricted to
those with moderate or higher depression or anxiety symptoms at baseline, the alliance-outcome
association at Week 4 is closer to that found in psychotherapy (b = -0.24). Also in keeping with
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the broader psychotherapy literature (i.e., Flückiger et al., 2018), it appears that the allianceoutcome association strengthens when alliance is assessed later in an intervention and/or when
alliance and outcome are assessed closer in time. While this may be a measurement artifact (e.g.,
measures assessed at the same point in time being mutually influenced by state effects), it may
also be that the validity of the alliance increases as an individual has opportunities for further
exposure to an intervention.
One unexpected finding worth noting was the small negative association between nonHispanic White race/ethnicity and DWAI scores in Study 1 (r = -.15). This finding was not
replicated in Study 2, which showed a very small and non-significant association in the opposite
direction (r = .09). Assuming DWAI scores do not actually vary by race/ethnicity, it is possible
the effect in Study 1 reflects a measurement issue (i.e., items are rated systematically differently
by racial/ethnic minority vs. non-Hispanic White individuals). It is also possible the difference is
substantively meaningful and that in the general population, racial/ethnic minorities who are
exposed to meditation apps actually experience higher alliance than non-Hispanic White
individuals. This would be a welcome possibility, particularly given that racial/ethnic minorities
tend to engage with psychotherapy interventions at lower rates (Cook et al., 2014; Goldberg et
al., 2020a) and to have less access to quality mental health care (Alegría et al., 2008). Given the
potential for mHealth interventions to help reduce mental health inequity within historically
underserved communities (Anderson-Lewis et al., 2018), it would be valuable to further
investigate associations between DWAI scores and race/ethnicity in future studies.
Limitations and Future Directions
The promising psychometric characteristics aside, it is worth asking whether the
construct measured by the DWAI is the same as that measured by the WAI and other alliance
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measures in traditional, face-to-face psychotherapy. DWAI assessed later in Study 2 indeed
predicted changes in distress. However, in our view, additional conceptual and empirical work is
needed to more fully characterize what precisely working alliance with a smartphone app means.
How does the inherently relational nature of the alliance in psychotherapy translate to a
relationship with technology? Unguided smartphone apps necessarily lack the interpersonal
back-and-forth characteristic of traditional psychotherapy. Key therapeutic processes associated
with the alliance (e.g., alliance rupture and repair; Eubanks et al., 2018) are presumably
impossible in the absence of interaction. At once, apps can be designed to create a sense of
connection between the user with the content and perhaps also with the app creators (e.g., by
having a guide or narrator who leads users through app content). Thus, participants may indeed
experience a genuine interpersonal connection of sorts.
Clarifying the conceptual overlap and divergence between the DWAI and alliance in
psychotherapy is essential to avoiding the nominal fallacy of believing we have explained,
measured, or understood the alliance with a smartphone app simply calling a measure “alliance”
and showing it predicts outcome. This topic could be addressed in future qualitative studies
seeking to more richly describe the relational elements of smartphone app-based interventions.
Such efforts may naturally depart from traditional conceptualizations of the alliance in
psychotherapy, and may find, for example, that core elements of Bordin’s (1979) model (e.g.,
bond) are less relevant or manifest differently in app-based interventions. Thus, development of
future measures designed to assess alliance in mHealth need not use the WAI as a starting point.
It will likewise be crucial to evaluate the degree to which the DWAI or other measures purported
to assess alliance with technology demonstrate discriminant and incremental validity in relation
to conceptually distinct constructs such as treatment satisfaction and treatment expectancy
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(Kirsch et al., 2018; Tetzlaff et al., 2005). The extremely high correlation between DWAI scores
with perceived app effectiveness in Study 1 (r = .75) highlights the possibility that assessment of
the DWAI is strongly linked or perhaps confounded with other constructs drawn from the
nomological network of alliance.
It would also be valuable to take up in future research the decades-old debate regarding
the causal direction of the alliance-outcome association (DeRubeis & Feeley, 1990; Tang &
DeRubeis, 1999). Our study, like those included in Flückiger et al.’s (2018) meta-analysis,
merely shows an alliance-outcome association. While it could be worthwhile examining the
ways in which alliance and outcome inter-relate longitudinally (e.g., using cross-lagged panel
models; Falkenström et al., 2013), mHealth technology may allow a more satisfying method for
addressing this question. It may be logistically feasible and perhaps ethically permissible to
manipulate alliance within the context of an unguided smartphone app. For example, one may
randomly assign individuals to low or high alliance versions of a smartphone app (e.g., with or
without content designed specifically to increase alliance). The HMP app investigated in Study 2
includes content designed to recreate a “guided” experience even within the unguided app format
(e.g., recorded meditation instructions in which a narrator speaks directly to app users; Goldberg
et al., 2020b). If outcomes are assessed more intensively, one could readily examine the impact
of shorter-term alliance manipulations (e.g., receiving meditation practice instructions designed
to augment a sense of connection with the app guide versus instructions lacking such content) on
more proximal measures (e.g., mood, app utilization).
As the alliance showed consistent relationships with usage even when alliance was
assessed early in the intervention, it may serve as a valuable predictor of treatment dropout and
disengagement. mHealth interventions show notoriously low retention (Christensen et al., 2009;
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Eysenbach, 2005; Linardon & Fuller-Tyszkiewicz, 2020; Pratap et al., 2020). Alliance scores
might therefore be used as a “canary,” alerting of potential disengagement when there may still
be time to re-engage users. Future studies could test this possibility using alliance scores to
implement adaptive trial designs (e.g., sequential multiple assignment randomized trials
[SMART]; Collins et al., 2007). An individual reporting low alliance scores could receive an
alliance-boosting intervention component (e.g., encouraging text message, motivation enhancing
content) which ultimately could be built into highly responsive mHealth interventions.
This study has several important limitations that are worth noting. First, we evaluated
only one of several potential alliance measures that have been proposed for use in an mHealth
context. It is entirely possible that other measures (e.g., Berry et al., 2018; Herrero et al., 2020;
Miragall et al., 2015) may have performed as well or better than the DWAI. Second, the DWAI
only includes six items, which may have limited our ability to reliably detect more complex
factor structures. Third, we did not include measures of some key constructs that will be
important to examine to further evaluate discriminant validity (e.g., system usability). Fourth,
although Study 1 included a fairly diverse sample in terms of gender, race/ethnicity, age,
education, and income, Study 2 was more racially/ethnically homogenous and predominantly
female. The fact that race/ethnicity was associated with DWAI scores in Study 1 highlights the
possibility that this construct may vary across demographic groups. Thus, future studies in highly
diverse sample are warranted. Fifth, both studies focused exclusively on smartphone-based
meditation apps. While meditation apps are representative of the majority of mental health app
use (Wasil et al., 2020), future studies should examine DWAI or other alliance measure within
other kinds of smartphone apps.
Conclusion
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Digital technology is changing many aspects of human life and has the potential to
revolutionize health care as well (Torous et al., 2015). However, for mHealth interventions to
reach their potential and in order to maximize the acceptability and efficacy of these approaches,
it is vital to more deeply understand the psychological processes at play. The working alliance
has proven to be a key ingredient across diverse psychotherapeutic modalities (Flückiger et al.,
2018). Results from the current study support the notion that a digital corollary of the alliance
exists within the context of an unguided smartphone app and can be reliably and validly
measured using a brief self-report instrument. Future research using the DWAI and other
measures designed to capture users’ subjective experience with mHealth technology may be
crucial for maximizing the public health impact of these tools.
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Table 1. Descriptive statistics for Study 1 and Study
Sample Variable
n
Mean SD Min Max Skew Kurtosis
Study 1 DWAI
290 30.58 6.56 6
42
-0.52 0.48
Social desirability raw 290 0.17 0.59 0
5
5.23 33.79
Social desirability dich 290 0.11 0.31 0
1
2.47 4.14
Distress
290 0.17 0.92 -1.16 2.76 0.30 -0.76
Regular app use
290 0.36 0.48 0
1
0.60 -1.64
App effectiveness
290 4.22 1.29 1
6
-0.59 -0.18
Study 2 Week 1 DWAI
286 33.56 5.19 14
42
-0.33 -0.02
Week 2 DWAI
265 33.5 5.70 7
42
-1.21 3.16
Week 3 DWAI
261 34.24 5.25 13
42
-0.68 0.53
Week 4 DWAI
290 34.13 6.00 6
42
-1.23 2.59
Baseline distress
306 -0.02 0.87 -2.96 2.03 -0.28 -0.07
Week 4 distress
290 -0.67 0.89 -3.34 1.91 -0.14 0.28
Prefer HMP
309 5.32 1.36 1
7
-0.36 -0.45
Prefer waitlist
308 3.67 1.34 1
7
-0.10 0.25
Days of HMP use
314 11.92 8.89 0
29
0.04 -1.34
Note: DWAI = Digital Working Alliance Inventory; Social desirability = Socially Desirable
Response Set – 5 in raw score units or dichotomized (dich) (0 and ≥1); Distress = composite of
Patient-Reported Outcome Information System Depression and Anxiety (Study 1), with
Perceived Stress Scale also combined in Study 2; Regular app use = daily or weekly app use;
HMP = Healthy Minds Program app.
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Table 2. Intercorrelations between Digital Working Alliance Inventory scores and Study 1 variables
1

2

3

4

5

1. DWAI
2. Social desirability raw -0.06
3. Social desirability dich -0.02
0.80***
4. Distress
-0.11
0.12*
0.12*
5. Regular app use
0.42*** 0.00
-0.01 -0.07
6. App effectiveness
0.75*** -0.05
-0.02 -0.20*** 0.49***
Note: DWAI = Digital Working Alliance Inventory; Social desirability = Socially Desirable Response Set – 5 in raw score units or
dichotomized (dich) (0 and ≥1); Distress = composite of Patient-Reported Outcome Information System Depression and Anxiety
(Study 1), with Perceived Stress Scale also combined in Study 2; Regular app use = daily or weekly app use (coded as 1 = regular app
use, 0 = not regular app use); HMP = Healthy Minds Program app. n = 290.
*p < .05, **p < .01, **p < .001
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Table 3. Intercorrelations between Digital Working Alliance Inventory scores and Study 2 variables
1

2

3

4

5

6

7

8

1. Week 1 DWAI
2. Week 2 DWAI
0.65***
3. Week 3 DWAI
0.65*** 0.65***
4. Week 4 DWAI
0.55*** 0.61*** 0.68***
5. Baseline distress 0.10
-0.02
-0.01
0.09
6. Week 4 distress
0.00
-0.11
-0.18** -0.07
0.63***
7. Prefer HMP
0.26*** 0.08
0.20*** 0.24*** 0.27*** 0.15*
8. Prefer waitlist
-0.07
0.08
-0.07
-0.03
-0.17** 0.01 -0.34***
9. Days of HMP use 0.21*** 0.22*** 0.16*
0.17** 0.03
-0.03 0.09
-0.09
Note: Associations between DWAI scores across weeks (i.e., test-retest reliability) are intraclass correlation coefficients (ICC1) while
all other values are Pearson’s r. DWAI = Digital Working Alliance Inventory; HMP = Healthy Minds Program app. ns = 236 to 309.
*p < .05, **p < .01, **p < .001
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Table 4. Results of exploratory factor analysis with oblique (Promax) rotation in Study 1
One Factor
Two Factor
Three Factor
Item Factor 1
Factor 1 Factor 2 Factor 1 Factor 2 Factor 3
1
0.864
0.117
0.845
0.227
0.403
0.285
2
0.861
0.485
0.412
0.124
0.010
0.894
3
0.784
0.810
0.005
0.541
0.372
-0.085
4
0.845
0.568
0.310
0.017
0.928
-0.012
5
0.434
0.493
-0.045
0.517
-0.057
-0.002
6
0.807
0.814
0.025
0.877
-0.063
0.059
Note: Values indicate factor loadings. n = 290.
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Table 5. Model fit for confirmatory factor analysis with repeated Digital Working Alliance Inventory assessments in Study 2
Model
# Param c2
df
CFI
TLI
AIC
BIC
RMSEA 90% CILB 90% CIUB
Model 1
78 1139.415 246 0.846 0.827 15338.712 15631.165
0.108
0.101
0.114
Model 2
84 453.779 240 0.963 0.958 14665.076 14980.025
0.053
0.046
0.061
Model 3
114 405.091 210 0.966 0.956 14676.388 15103.819
0.054
0.046
0.062
Model 4
66 837.234 258 0.900 0.893 15012.531 15259.991
0.085
0.078
0.091
Note: Model 1 = independent factor structure across time points; Model 2 = correlated residuals constrained to be equal across time
points; Model 3 = correlated residuals not constrained; Model 4 = correlated residuals with autoregressive (AR1) covariance structure.
# Param = number of parameters; CFI = comparative fit index; TLI = Tucker-Lewis fit index; AIC = Aikake information criterion;
BIC = Bayesian information criterion; RMSEA = root mean square error of approximation; 90% CI = 90% confidence interval lower
(LB) and upper (UB) bounds.
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Table 6. Standardized factor loadings for final confirmatory factor analysis models
Model 2
Model 3
Time
Item Estimate SE
Estimate SE
Week 1 1
0.782
0.026 0.797
0.025
Week 1 2
0.801
0.024 0.791
0.025
Week 1 3
0.774
0.026 0.794
0.025
Week 1 4
0.867
0.019 0.869
0.019
Week 1 5
0.492
0.041 0.496
0.041
Week 1 6
0.790
0.025 0.797
0.025
Week 2 1
0.858
0.018 0.871
0.018
Week 2 2
0.859
0.018 0.859
0.018
Week 2 3
0.834
0.019 0.824
0.021
Week 2 4
0.895
0.015 0.895
0.015
Week 2 5
0.618
0.034 0.611
0.035
Week 2 6
0.835
0.020 0.836
0.021
Week 3 1
0.887
0.015 0.876
0.017
Week 3 2
0.868
0.018 0.882
0.017
Week 3 3
0.808
0.022 0.805
0.023
Week 3 4
0.856
0.019 0.853
0.019
Week 3 5
0.571
0.037 0.565
0.037
Week 3 6
0.801
0.024 0.796
0.025
Week 4 1
0.889
0.014 0.879
0.016
Week 4 2
0.887
0.014 0.886
0.015
Week 4 3
0.837
0.018 0.833
0.019
Week 4 4
0.901
0.013 0.902
0.014
Week 4 5
0.607
0.033 0.601
0.034
Week 4 6
0.818
0.021 0.819
0.021
Note: Results reported for Model 2 which included correlated residuals constrained to be equal
across time points and Model 3 which allowed residuals to vary across time points. SE =
standard error; ps < .001 for all factor loadings.
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Table 7. Results of linear regression models predicting post-treatment distress
Model
DWAI Week b
pFDR
SE b 95% CILB 95% CIUB p
Unadjusted Week 1
-0.050 0.048 -0.145
0.045
.301
.301
Unadjusted Week 2
-0.082 0.050 -0.181
0.018
.107
.143
Unadjusted Week 3
-0.174 0.049 -0.270
-0.077
< .001 < .001
Unadjusted Week 4
-0.131 0.046 -0.221
-0.041
.004
.008
Adjusted
Week 1
-0.046 0.050 -0.144
0.052
.358
.358
Adjusted
Week 2
-0.080 0.051 -0.180
0.020
.117
.156
Adjusted
Week 3
-0.178 0.050 -0.277
-0.079
< .001 < .001
Adjusted
Week 4
-0.136 0.047 -0.228
-0.043
.004
.008
Note: b are standardized regression coefficients for DWAI scores assessed at Weeks 1, 2, 3 or 4
as predictors of post-treatment distress controlling for pre-treatment distress. Adjusted models
added baseline preference for the Healthy Minds Program (HMP) app condition as a covariate to
assess incremental validity. SE = standard error; 95% CI = 95% confidence interval lower (LB)
and upper (UB) bound; p = p-value for DWAI coefficient; pFDR = p-value adjusted for multiple
tests using Benjamini and Hochberg’s (1995) method.
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Figure 1. Density distributions for Digital Working Alliance Inventory (DWAI) scores from Study 1 (n = 290) and at Weeks 1, 2, 3,
and 4 in Study 2 (ns = 262 to 290).
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Figure 2. Week 4 Digital Working Alliance Inventory (DWAI) scores predicting pre-post
residualized change in psychological distress in Study 2. Smaller (more negative) residualized
change scores indicate pre-post improvement (i.e., reductions) in psychological distress. The
association is stronger (more negative) for those with higher distress at baseline. Baseline
distress was split into four quartiles for plotting purposes. n = 285.
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Supplemental Materials Table 1. Residual covariances and correlations between DWAI items across time points in Study 2
Model 2
Items 1
Week 1 Item 1
Week 1 Item 1
Week 1 Item 1
Week 2 Item 1
Week 2 Item 1
Week 3 Item 1
Week 1 Item 2
Week 1 Item 2
Week 1 Item 2
Week 2 Item 2
Week 2 Item 2
Week 3 Item 2
Week 1 Item 3
Week 1 Item 3
Week 1 Item 3
Week 2 Item 3
Week 2 Item 3
Week 3 Item 3
Week 1 Item 4
Week 1 Item 4
Week 1 Item 4
Week 2 Item 4
Week 2 Item 4
Week 3 Item 4
Week 1 Item 5

Item 2
Week 2 Item 1
Week 3 Item 1
Week 4 Item 1
Week 3 Item 1
Week 4 Item 1
Week 4 Item 1
Week 2 Item 2
Week 3 Item 2
Week 4 Item 2
Week 3 Item 2
Week 4 Item 2
Week 4 Item 2
Week 2 Item 3
Week 3 Item 3
Week 4 Item 3
Week 3 Item 3
Week 4 Item 3
Week 4 Item 3
Week 2 Item 4
Week 3 Item 4
Week 4 Item 4
Week 3 Item 4
Week 4 Item 4
Week 4 Item 4
Week 2 Item 5

B
0.088
0.088
0.088
0.088
0.088
0.088
0.103
0.103
0.103
0.103
0.103
0.103
0.151
0.151
0.151
0.151
0.151
0.151
0.049
0.049
0.049
0.049
0.049
0.049
0.447

SEB
0.017
0.017
0.017
0.017
0.017
0.017
0.018
0.018
0.018
0.018
0.018
0.018
0.022
0.022
0.022
0.022
0.022
0.022
0.013
0.013
0.013
0.013
0.013
0.013
0.049

b
0.226
0.259
0.242
0.299
0.279
0.320
0.269
0.272
0.273
0.327
0.329
0.332
0.335
0.345
0.341
0.376
0.372
0.384
0.187
0.184
0.182
0.188
0.186
0.183
0.536

Model 3
SEb
0.037
0.043
0.041
0.049
0.047
0.055
0.041
0.040
0.042
0.046
0.048
0.047
0.039
0.039
0.039
0.043
0.044
0.044
0.046
0.046
0.045
0.047
0.047
0.046
0.036

p
< .001
< .001
< .001
< .001
< .001
< .001
< .001
< .001
< .001
< .001
< .001
< .001
< .001
< .001
< .001
< .001
< .001
< .001
< .001
< .001
< .001
< .001
< .001
< .001
< .001

B
0.034
0.070
0.071
0.077
0.077
0.156
0.147
0.100
0.141
0.082
0.110
0.075
0.117
0.091
0.100
0.166
0.196
0.166
0.011
0.071
0.043
0.066
0.058
0.038
0.453

SEB
0.029
0.027
0.029
0.025
0.026
0.027
0.032
0.031
0.031
0.026
0.026
0.025
0.033
0.033
0.031
0.032
0.033
0.030
0.023
0.023
0.023
0.024
0.024
0.022
0.061

b
0.096
0.203
0.193
0.260
0.244
0.517
0.372
0.271
0.362
0.278
0.350
0.258
0.269
0.222
0.238
0.398
0.459
0.414
0.041
0.265
0.162
0.249
0.222
0.142
0.558

SEb
0.080
0.075
0.073
0.076
0.076
0.061
0.066
0.076
0.066
0.078
0.071
0.076
0.070
0.075
0.069
0.062
0.059
0.059
0.089
0.076
0.081
0.083
0.084
0.078
0.048

p
.231
.007
.008
.001
.001
< .001
< .001
< .001
< .001
< .001
< .001
.001
< .001
.003
.001
< .001
< .001
< .001
.646
< .001
.045
.003
.008
.068
< .001
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Week 1 Item 5 Week 3 Item 5 0.447 0.049 0.530 0.035 < .001 0.402 0.062 0.487 0.054 < .001
Week 1 Item 5 Week 4 Item 5 0.447 0.049 0.514 0.036 < .001 0.423 0.063 0.480 0.052 < .001
Week 2 Item 5 Week 3 Item 5 0.447 0.049 0.580 0.035 < .001 0.399 0.058 0.522 0.052 < .001
Week 2 Item 5 Week 4 Item 5 0.447 0.049 0.562 0.036 < .001 0.470 0.060 0.576 0.045 < .001
Week 3 Item 5 Week 4 Item 5 0.447 0.049 0.556 0.037 < .001 0.523 0.066 0.632 0.043 < .001
Week 1 Item 6 Week 2 Item 6 0.138 0.022 0.315 0.042 < .001 0.126 0.034 0.294 0.070 < .001
Week 1 Item 6 Week 3 Item 6 0.138 0.022 0.287 0.039 < .001 0.126 0.037 0.263 0.070 < .001
Week 1 Item 6 Week 4 Item 6 0.138 0.022 0.259 0.036 < .001 0.116 0.039 0.223 0.069 .001
Week 2 Item 6 Week 3 Item 6 0.138 0.022 0.357 0.046 < .001 0.156 0.032 0.399 0.065 < .001
Week 2 Item 6 Week 4 Item 6 0.138 0.022 0.323 0.043 < .001 0.120 0.033 0.284 0.069 < .001
Week 3 Item 6 Week 4 Item 6 0.138 0.022 0.294 0.040 < .001 0.153 0.036 0.323 0.064 < .001
Note: Results reported for Model 2 which included correlated residuals constrained to be equal across time points and Model 3 which
allowed residuals to vary across time points. Note that covariances for Model 2 are invariant across time points but correlation
coefficients vary. This is due to constraints in structural equation modeling being applied to unstandardized coefficients. In the case of
the relationship between two variables (i.e., correlated residuals), the constraints are applied to the covariance not the correlations
which are standardized with respect to the standard deviation of the observed item at that time point. DWAI = Digital Working
Alliance; B = covariance; SEB = standard error for B; b = correlation; SEb = standard error for b ; p = p-value.
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