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Abstract

Background: Thetranglation of mental health servicesinto digital formats, deemed digital mental health interventions (DMHIs),
has the potential to address long-standing obstacles to accessing care. However, DMHIs have barriers of their own that impact
enrollment, adherence, and attrition in these programs. Unlikein traditional face-to-facetherapy, thereisapaucity of standardized
and validated measures of barriersin DMHIs.

Objective: In this study, we describe the preliminary development and evaluation of such a scale, the Digital Intervention
Barriers Scale-7 (DIBS-7).

Methods: Following aniterative QUAN - QUAL mixed methods approach, item generation was guided by qualitative analysis
of feedback from participants (n=259) who completed a DMHI trial for anxiety and depression and identified barriers related to
self-motivation, ease of use, acceptability, and comprehension of tasks. Item refinement was achieved through DMHI expert
review. A final item pool was administered to 559 treatment completers (mean age 23.02 years; 438/559, 78.4% female; 374/559,
69.9% racially or ethnically minoritized). Exploratory factor analyses and confirmatory factor analyseswere estimated to determine
the psychometric properties of the measure. Finally, criterion-related validity was examined by estimating partial correlations
between the DIBS-7 mean score and constructs related to treatment engagement in DMHIs.

Results: Statistical analyses estimated a 7-item unidimensional scalewith high internal consistency (0=.82, w=0.89). Preliminary
criterion-rel ated validity was supported by significant partia correlations between the DIBS-7 mean score and treatment expectations
(pr=—0.25), number of modules with activity (pr=—0.55), number of weekly check-ins (pr=—0.28), and treatment satisfaction
(pr=-0.71).

Conclusions: Overall, these results provide preliminary support for the use of the DIBS-7 as a potentially useful short scale for
clinicians and researchersinterested in measuring an important variable often associated with treatment adherence and outcomes
in DMHIs.

(IMIR Form Res 2023;7:€40509) doi: 10.2196/40509
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: roach will address thistreatment gap, the use of technolo
Introduction ta<l)O I?Jleliver care represents a paradigr?1aspt1ift that could addre%é
Despite the ubiquity of mental disorders worldwide, unmet  the shortage of mental health professionals, mitigate logistic
mental health need exceeds 60% in affluent countriesand nearly ~ ParTiersto service use, and engage individualsin care who may
reaches 90% in low-income countries [1]. Although no single Mot Otherwise seek  services [2]. Digita mental hedth
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interventions (DMHIs) have been shown to be effective, often
leading to similar treatment outcomes astraditional face-to-face
interventions [3-5]. Promising results have also been found in
marginalized groups, such asracially or ethnically minoritized
groups, individuals living in rural communities, persons
experiencing homel essness, and sexual- and gender-minoritized
individuals[6,7]. Further, DMHI users consistently report high
treatment acceptability and satisfaction [8-10].

Despite the promise of DMHIs to address barriers posed by
traditiona clinical practice, theseinterventions have encountered
low initiation rates, poor adherence over time, and high attrition
[11-14]. Although previous studies have acknowledged these
engagement concerns, few studies have assessed the types of
barriersthat may lead to DM HI disengagement. Early systematic
reviews suggested that time constraints, perceived lack of
treatment effectiveness, lack of motivation, and treatment burden
were among the most frequently reported barriersto DMHI use
[15,16]. A more recent review also found similar results
highlighting the importance of user-level variables, such as
hel p-seeking attitudes and perceived treatment fit and usefulness

[17].

Part of the difficulty in understanding barriersthat DMHIsusers
experience is the lack of standardized and validated measures.
To date, most studies have relied on open-ended questions or
ad hoc questionnaires that are specific to a given intervention
or program [15-17]. Even when standardized measures of
treatment barriers have been used in DMHIs trials [18], these
scales were originally developed for traditional face-to-face
therapy and did not capture the unique obstacles involved in
using technology to receive care. For example, barriers in
DMHIs could berelated to the technol ogical devices employed
or the perceived lack of face-to-face support [17]. Identifying
barriers commonly experienced in DMHIswill be fundamental
to increasing enrollment and adherence, reducing attrition, and
ultimately, improving outcomes.

This study addresses this research gap by devel oping the Digital
Intervention Barriers Scale-7 (DIBS-7). Following a sequential
QUAL - QUANT mixed methods design [19] and
recommended procedures for measure development [20-22],
we generated items based on feedback from DMHI users and
refined them through DMHI expert review. Finally, we used
factor analyses to establish the psychometric properties of this
measure. This study design allowed findings at one stage to
influence further methodol ogical decisions, which is consistent
with best practices in sequential mixed-methods research [19].

Methods

Recruitment

The data for this psychometric study came from an open tria
[23] and a randomized controlled trial (RCT) [24] testing the
effectiveness of a DMHI for young adults with depression and
anxiety symptoms. This sample of treatment-seeking, young,
and likely tech-savvy participants provided crucial information
from individual swho, despitefacing numerousbarriersto DMHI
treatment, were able to navigate these obstacles and complete
treatment. Measure development consisted of 4 steps. In step
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1, we used qualitative analyses to identify common barriers
experienced by treatment completers in the open trial and
generate items accordingly. In step 2, we reviewed previously
devel oped validated measures of barriersin face-to-facetherapy
to develop relevant items, then a panel of DMHI experts
reviewed the item pool and made a recommendation to ensure
face validity and reduce item redundancy. In step 3, we
conducted exploratory factor analyses (EFA) and confirmatory
factor analyses (CFA) to determine the DIBS-7 structure and
test its psychometric properties by administering this scale to
treatment completersinthe RCT. Lastly, in step 4, we estimated
partial correlationsto assessfor criterion-related validity of the
final version of the DIBS-7.

Ethics Approval

All proceduresin the open trial and RCT were approved by the
Intitutional Review Board of the University of California, Los
Angeles (Protocol #17-000761), and were conducted in
accordance with the Declaration of Helsinki and all other
relevant guidelines and regulations. There were no protocol
deviations in these studies. Participants provided written
informed consent before beginning their participation, with the
option to opt out of the study at any time without any type of
penalty. Finaly, datawere dei dentified before analysesto ensure
participants’ privacy.

Procedures

Step 1: Item Generation

After completing an open trial of a DMHI for anxiety and
depression [23], 239 participants (mean age 22.9 years; 191/239,
80.3% femae 172/239, 72.1% racially or ethnicaly
minoritized) provided feedback ontheir experience by answering
open-ended questionsrelated to barriersthey faced while using
the DMHI: “What was/were the biggest barrier(s) to completing
the program?What would need to change to make this program
better?’” According to best practicesin qualitative research [25],
this sample size is adequate to achieve thematic saturation for
qualitative analyses. Guided by thematic analysis[26], 2 coders
familiar with the DMHI reviewed the user feedback to identify
emergent themes related to barriersinstead of defining themes
a priori. Coders completed pilot training, received feedback,
and double-coded &l responses. Discrepancies and
disagreements were resolved through weekly coding meetings
with the master coder (LRRN). No missing data were present
at this stage.

Step 2: DMHI Expert Review

To create new items in addition to those generated from the
qualitative feedback in step 1, wereviewed previously validated
and commonly used measures of barriersin traditional therapy.
The scales examined were the Barriers to Treatment
Participation Scale [27] and the Perceived Barriers to
Psychotherapy [28]. Then, items generated in steps 1 and 2 were
examined by DMHI experts with extensive knowledge in the
development and implementation of DMHIs, including
app-based programs, online interventions, and telehealth
approaches to ensure item face validity and utility, examine
measure format and response clarity, and eliminate redundancy
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[22]. The psychometric properties of the final item pool were
evaluated in step 3.

Step 3: Psychometric Evaluation

Data for step 3 came from participants who completed a
postintervention survey after participating in the RCT of the
DMHI described in step 1 [24]. From over 1600 individuals
who participated in the study, 559 completed the DIBS-7 (mean
age 23.02 years). This sample was mostly female (438/559,
78.4%), racialy or ethnically minoritized (374/559, 69.9%),
and representative of the original sample, though there were
dlightly more females (z=2.18, P=.03). There were no other
significant differences.

Considering evidence that factor analyses with ordina and
continuous data lead to virtually equivalent results when items
have at least 5 response categories[29], al analysesin this study
treated data as continuous. We examined data quality and
factorability using Bartlett test of sphericity and the
Kaiser-Meyer-Olkin (KMO) test. Datawere randomly split into
2 groups. (1) EFA sample (n=200) and (2) CFA sample (n=359).
According to scale development guidelines[20,21], these sample
sizes provide sufficient statistical power to determinethe factor
structure of a 10-item scale using EFA while allocating more
statistical power to confirm its factor structure and to compare
it with alternative models using CFA. Following recommended
practicesin EFA [21], we conducted a principal axis factoring
extraction method with an oblique Promax rotation in each EFA
iteration. Eigenvalues and parallel analysis were used to
determine the final number of factors to retain. Before
confirming the fina solution with CFA, we also examined
potentially correlated residuals between itemsand modification
indicesto arrive at the best-fit solution.

After determining the final factor structure of the DIBS-7 and
following guidelines in measure development [20-22], we
calculated theinternal reliability of the measure using Cronbach
o and McDonald w coefficients, considering o and w values
greater than 0.8 as acceptable.

Step 4: Validity Examination

Finally, using the same sample described in step 3, we estimated
theinitial criterion-related validity of the DIBS-7 by conducting
partial correlations of its mean score with mean scores from
previously validated measures of treatment expectations (ie,
Treatment M otivation Questionnaire[ TMQ]) [30] and treatment
satisfaction (ie, Client Satisfaction Questionnaire [CSQ]) [31].
Similarly, the rel ationship between the DIBS-7 mean score and
behavioral indicators of treatment adherence, including the
number of moduleswith user activity and weekly user check-ins,
was examined using the same approach. These analyses
statistically controlled for user characteristics commonly
associated with attitudestoward and perceptions of DMHIsand
treatment engagement, such as user age, sex, and racialy or
ethnically minoritized status [15-17].

Criterion-Related Validity Measuresin Step 4

Treatment Expectations

The 5-item Confidencein Treatment subscale of the TMQ [30]
was used to measure motivation for entering treatment.
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Participantsrateitems on ascale ranging from 1 (not at all true)
to 7 (very true), with higher scoresindicating higher motivation
toreceivetreatment. Itemsinclude“| really want to make some
changesin my life,” “1 won't feel good about myself if | don't
get some help,” and “It is important to me personally to solve
my problems.” The TMQ has shown good reliability and has
been associated with treatment adherence and dropout in
previous studies [30]. In this study, the reliability of the
Confidence in Treatment subscale was good (0=.87, w=0.91).

Treatment Satisfaction

The 8-item CSQ [31] isameasure of satisfaction with treatment.
Participants rate items on a scale ranging from 1 (poor; quite
dissatisfied) to 4 (excellent; very satisfied), with higher scores
indicating higher treatment satisfaction. Items include “How
would you rate the quality of service you received?’ “To what
extent has our service met your needs?’ and “How satisfied are
you with the amount of help you received?’ The CSQ hasshown
excellent reliability and has been associated with treatment
adherence and dropout in previous studies [31]. In this study,
the reliability of the CSQ was acceptable (a=.73, w=0.79).

Treatment Adherence

The number of modules with user activity and weekly user
check-ins were used as behavioral indicators of treatment
adherence. Participants in the DMHI were required to log the
number of skills practiced in each module every week. In
addition to logging thisinformation, participantswere prompted
to submit an end-of-week check-in with 2 reflective questions
about skills practiced that week. Examples of reflective
questions during weekly check-inswere“Which technique was
most helpful for you?’ and “Did this week move you closer or
not to your goals?’ Logging the number of moduleswith activity
was mandatory, but submitting weekly check-inswas completely
optional.

Results

Step 1: Item Generation

Results from the qualitative analyses indicated that a high
percentage of participants mentioned at least 1 of 3 types of
barriers: (1) difficulty remembering to use the intervention
(79/239, 33%; g, “| had a hard time remembering to do each
challenge throughout the week”), (2) lack of self-motivation
(67/239, 28%; eg, “I didn't feel accountable to do the tasks’),
and (3) confusing or challenging intervention content (52/239,
21.7%; eg, “ The program was confusing. It didn't provide the
level of chalenges | expected’). These qualitative results
highlighted the importance of including items capturing both
user-level (eg, motivation) and DMHI-level (eg, content) barriers
in developing the DIBS-7. For instance, item 4 (ie, “| forgot to
use the DMHI") was created to capture the difficulty of
remembering to engage in a DMHI. Similarly, item 5 (ie, “It
was difficult to keep myself motivated to use the DMHI") was
developed to measure motivational challenges to adhere to a
DMHI. Findly, item 2 (ie, “I didn't understand the tasks or
things | was supposed to do in the DMHI”) and item 3 (ie, “I
thought the DMHI wasn’t engaging”) were created to capture
barriers related to perceptions of DMHI content.
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Step 2. DMHI Expert Review

Following DMHI experts' recommendations, we examined the
Barriersto Treatment Participation Scale[27] and the Perceived
Barriers to Psychotherapy [28] to generate additional items.
Although these scales focus on barriers encountered in
traditional face-to-face services, this process facilitated the
creation of itemsrelated to (1) treatment content and demands
(eg, item 6: “1 thought the length of the DMHI wasn’t adequate
[ie, too long or too short]”), (2) perceived relevance or efficacy
of theintervention (eg, item 6: “ The DMHI was available when
| neededit”; item 7: “| felt that | needed support from atherapist
and not just from a DMHI”; item 9: “| felt the DMHI did not
focus on my life and problems’; item 10: “The DMHI did not
seem to be helping me’). Finaly, as suggested by DMHI
reviewers, we created items related to technology-based
obstaclesto capture unique barriers associated with DMHIs (eg,

Ramos et al

item 1: “I had technical problems with my technology [eg,
device, internet, website]”).

The same 2 DMHI experts examined the fina item pool to
ensure item face validity and utility, measure format, response
clarity, and eliminate redundancy. In response to these experts
feedback, we consolidated similar items (eg, “ The DMHI was
confusing/The DMHI did not have a goal” - “I did not
understand the tasks or things that | was supposed to do in the
DMHI") and eliminated additional items deemed redundant (eg,
“1 did not want to practice the DMHI tasks’) or lacking face
validity (eg, “I would have a hard time finding information on
theinternet”) leading to afinal item pool of 10. We administered
these 10 items for validation purposes. Table 1 shows items
tested during the validation of the DIBS-7, means, standard
deviations, and factor loadings.

Table 1. Digital Intervention Barriers Scale-7 (DIBS-7) items evaluated, means, SDs, and exploratory factor analysis (EFA) factor loadings.

EFA® factor
Item Mean (SD) loading
1. | had technical problems with my technology (eg, device, internet, platform) 1.51(1.01) 0.75
2.1 didn’t understand the tasks or things | was supposed to do in the DMHI® 1.88(1.18) 0.65
3. | thought the DMHI wasn’t engaging 2.33(1.16) 0.75
4. | forgot to use the DMHI 3.32(1.42) 0.67
5. It was difficult to keep myself motivated to use the DMHI 3.25(1.39) 0.75
6. The DMHI was available when | needed it° 1.08 (1.10) 0.09
7°. 1 felt | needed additional support from atherapist and not just from aDMHI® 159 (141) 0.36
8. | thought the length of the DMHI wasn’t adequate (too long or too short) 2.41(1.08) 0.58
9. | felt the DMHI did not focus on my life and problems® 2.27(1.13) 0.15
10. The DMHI did not seem to be helping me 2.63(1.19) 0.79

3EFA factor loadings reported are based on a 1-factor solution.
b DMHI: digital mental health intervention.
CItem excluded from the final version of the DIBS-7.

Step 3: Psychometric Evaluation

Bartlett test of sphericity was significant (x%,=637.77, P<.001),
and the KM O measure was middling (KMO=0.79) [32]. In an
EFA including al 10 items, eigenvalues, and parallel analysis
suggested a factor solution ranging from 1 to 3 factors. Thus,
all 3 solutions (ie, 1-factor, 2-factor, 3-factor) were fitted

independently and evaluated based on fit indices (ie, model X2,
standardized root mean squareresidual [SRMR], Tucker Lewis
Index [TLI], root mean square error of approximation
[RMSEA]).

A 1-factor solution explained 32.26% variance overall. Based
on a0.5 loading cutoff value to maximizethereliability of factor
recovery, items6 (0.09), 7 (0.36), and 9 (0.15) wereinadequate.
Indices suggested some fit problems (x235:157.05, P<.001;
RMSR=0.09; TLI=0.73; RMSEA=0.13). A 2-factor solution
explained 66% variance overall. This solution led to a factor
composed of items 3 (0.61), 4 (0.73), 5 (0.92), 8 (0.53), and 10

https://formative.jmir.org/2023/1/e40509

(0.76), and another factor composed of items 1 (0.75) and 2
(0.77). Items 6 (-0.07, 0.22), 7(0.25, 0.16), and 9 (-0.01, 0.23)
did not load adequately in any of these 2 factors. Fit indices
were similar to those of the 1-factor model (x%=72.69, P<.001;
RMSR=0.06; TL1=0.86; RMSEA=0.095). A 3-factor solution
explained 58% variance overall. Loadings suggested 1 factor
composed of items 3 (0.59), 4 (0.71), 5 (0.91), 8 (0.54), and 10
(0.77), another factor with items 1 (0.77) and 2 (0.72), and a
final factor composed of items 7 (0.58) and 9 (0.35). Items 6
(-0.04, 0.26, -0.10), 7 (0.12, —0.04, 0.58), and 9 (-0.17, 0.07,
0.45) did not load adequately in any of these 3 factors. Fit
indices were similar to those of previous models (x218:54.98,
P<.001; RMSR=0.04; TLI=0.84; RMSEA=0.1).

Given that items 6, 7, and 9 did not seem to load adequately in

any of the 3 models analyzed, we dropped these items and
reestimated potential factor solutions using the same sample.

Bartlett test of sphericity was significant (x%,=574, P<.001)
and the KMO measure was meritorious (KMO=0.80). In an
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EFA with 7 items, eigenvalues and parallel analysis suggested
1 or 2 potential factors. A 1-factor solution explained 43.95%
variance overal. All items loaded above the 0.50 cutoff value
except for item 1 (0.32). Indices suggested some fit issues
(x?14,=114.5, P<.001; RMSR=0.1; TLI=0.73; RMSEA=0.19).
A 2-factor solution explained 66% variance overall. This
solution led to afactor composed of items 3 (0.59), 4 (0.74), 5
(0.90), 8 (0.51), and 10 (0.74), and ancther factor composed of
items 1 (0.73) and 2 (0.81). Fit indices were similar to those of

the 1-factor mode! (x%=39.1, P<.001; RMSR=0.05; TL1=0.85;
RMSEA=0.14).

Asawhole, EFA results seemed to suggest that a 1-factor model
was the most acceptable solution. Considering that items 1 and
2 appeared to be related to one ancther in several models, we
fit a 1-factor solution using the exploratory data to allow for
correlated residuals between these items and examine
modification indicesthat could improve mode fit. The solution
with correlated residuals between items 1 and 2 still presented
some fit problems (x213=54.39, P<.001; comparative fit index
[CFI]=0.927, TLI=0.882, RMSEA=0.126, SRMR=0.052).
Modification indices also suggested a correlated residual
between items 4 and 5 (modification index=44.089). As such,
wefit a 1-factor solution allowing correlated residual s between
items1and 2 aswell as4 and 5. Thismodel led to a satisfactory
solution (x°,,=31.01, P<.001; CFI=0.979, TLI=0.962,
RMSEA=0.066, SRMR=0.030). We directly compared models
with correlated residuals between items 1 and 2 versus a model
with no correlated residuals. Themodel with correlated residuals
was a better fit for the data (x?,=61.52, P<.001); then, we
compared this model against one with correlated residuals
betweenitems 1 and 2 aswell asitems4 and 5. Resultsindicated
that the model with both correlated residuals was a more

satisfactory solution (x?,=38.72, P<.001).

Finally, using the confirmatory data, wefit the best 2 competing
models (ie, 1-factor solution with correlated residuals between
1 and 2 vs 1-factor solution with correlated residuals between
items 1 and 2 as well as 4 and 5) using CFA analyses. Then,
we directly compared both models to determine the best factor
solution. Results indicated that the solution with 2 correlated
residual s led to a more satisfactory solution compared with the
solution with only 1 correlated residual (x21=50.56, P<.001).
The model with 2 correlated residuals showed better fit indices
(x%,=31.01, P<.001; CFI=0.979, TL1=0.962, RM SEA=0.066,
SRMR=0.030) compared to the model with only 1 correlated
residual  (x%5=81.57, P<.001; CFI=0.923, TLI=0.875,
RMSEA=0.121, SRMR=0.050). The final CFA solution
consisted of 1 factor with 7 items with a high internal
consistency (0=.82, w=0.89).

Step 4: Validity Examination

Following best practicesto determinetheinitial criterion-related
vaidity of new measures[22] and using thefull sample (n=559),
we estimated partial correlations between the mean score of the
7-item DIBS and previously validated measures of treatment
satisfaction (ie, TMQ) and expectations(ie, CSQ) as well as
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behavioral indicators of treatment engagement (ie, logged
activities, weekly check-ins), while statistically controlling for
user characteristics that have shown to be related to DMHI
treatment engagement, including age, sex, and racial or ethnic
minoritized status [15-17]. Initial criterion-related validity of
the measure was supported by significant partial correlations
between the DIBS-7 mean score and treatment expectations
(prss5=0.250, P<.001), number of weekly user check-ins
(prs55=—0.282, P<.001), number of modules with user activity
(prss3=0.556, P<.001), and trestment satisfaction (r553=—0.714,
P<.001). See Multimedia Appendix 1 for the final version of
the DIBS-7.

Discussion

Principal Findings

Preliminary evidence suggests the DIBS-7 is a valid measure
of DMHI barriers. Using a sequential mixed-methods design,
we were able to identify 7 items that capture commonly faced
barriers in DMHIs. Qualitative analyses of DMHI users
feedback and DMHI expert review facilitated the creation of
items showing content-related validity. Statistical analyses
determined the structural validity of the scale, reveding a
unidimensional measure with excellent internal consistency.
Further, preliminary criterion-related validity was established
by finding convergence between the DIBS-7 mean score and
well-established measures of related constructs, such as
treatment expectations, behavioral indicators of treatment
engagement, and treatment satisfaction, after statistically
controlling for user characteristics associated with DMHI
treatment engagement, such as participant’s age, sex, and
racially or ethnically minoritized status. This methodology is
consistent with gold-standard procedures in measure
development [20-22] and mixed-methods research [19], a
strength of this study. As such, the DIBS-7 represents a
promising scale of treatment barriersin DMHIs.

Despite being developed using a specific type of DMHI (ie,
self-guided, web-based cognitive behavioral therapy intervention
for anxiety and depression), the final content of the DIBS-7
seems to map onto both user-level (eg, beliefs, attitudes) and
intervention-level (eg, type of content, technology used) factors
common across different DMHI modalities [15-17]. While
barriersin DMHIs can be numerous and unique to each type of
modality (eg, self-guided vs therapist-supported), a broad, yet
psychometrically sound scale may contribute to improving
DMHI clinical practice and research. For instance, routine
monitoring of barriers can facilitate the identification of users
who need additional support to engage in DMHIs [33].
Similarly, in research, tracking DMHI barriers is fundamental
to assess how well theintervention is being implemented against
expected results at any stage of DMHI development, including
early prototypes or pilots, efficacy and effectivenesstrials, and
scaling-up and sustainability studies [34]. Thus, the DIBS-7
can address a need in the DMHI field by providing clinicians
and researchers with a short, standardized, and validated
measure that potentially reduces time concerns and patient
burden, which are significant obstacles to evidence-based
outcome monitoring [33,35].
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Another factor supporting the potential utility of the DIBS-7 as
a short measure of barriers in DMHIs is its criterion-related
validity. The DIBS-7 mean score significantly converged with
well-established variables associated with DMHI barriers, such
as treatment expectations, behavioral indicators of treatment
engagement, and treatment satisfaction [15-17]. Importantly,
these associations were significant over and above user
characteristics that have been shown to be related to treatment
engagement in DMHI trials [15,17]. Thus, this measure may
be useful for a wide range of DMHI users regardless of their
age, sex, or racial and ethnic identity. Further supporting the
validity of the DIBS-7, in the DMHI examined in this study,
the number of weekly user check-ins and modules with user
activity was associated with symptom reductions[36]. Similarly,
treatment expectations were also a significant moderator of
treatment response [24]. Therefore, the DIBS-7 is associated
with variables that directly impact the effectiveness of DMHIs
and the magnitude of their treatment effects.

Limitations and Future Directions

Despite theimplications of having ashort and validated measure
of DMHI barriers, the results of this study need to be examined
considering certain limitations. For instance, correlated residual
among items 1 and 2 aswell as4 and 5 may suggest the DIBS-7
could benefit from having subscales that capture related but
somewhat different aspects of DMHI barriers (eg, issues with
technology, attitudinal factors, desire for human support).
Although current findings support using the DIBS-7 asareliable
and valid measure of barriers in DMHIs, additional research
with this measure could help further refineitsitemsand identify
new subscal es needed, which may |ead to a broader assessment
of different types of barriers and improved psychometric
properties. Further, the content of the DIBS-7 wasintentionally
broad to be applicable across different types of DMHIs.
However, user feedback guiding the development of scaleitems
was based on users’ experience in a specific type of DMHI (ie,
self-guided, web-based cognitive behavioral therapy program).

Ramos et al

As such, data capturing the experience of usersin other DMHI
modalities (eg, app-based programs, coach-assisted
interventions, acceptance-based treatments) who may face other
types of barriers are needed. Whether specific measuresfor each
type of DMHI are required or broad scales are adequate is still
an empirical question that requires further examination.
Therefore, future studies are needed to determine whether the
DIBS-7 is areliable and valid measure across different types
of DMHIs. Finadly, participants in this study included
treatment-seeking, college-aged, likely  tech-savvy,
English-speaking individuals who were able to complete a
self-guided DMHI. Arguably, this group is among the least
impacted by DMHI barriers. Accordingly, additional effortsare
needed to include community samples that often experience
significant and unique barriers when trying to benefit from
DMHIs, including being amember of one or more marginalized
groups, having fewer and older technological devices at home,
limited access to the Internet, low tech literacy, and dealing
with DMHI content that isnot culturally or contextually relevant
[6,37]. Indeed, future studies with more diverse samples that
include younger and older individuals, members of minoritized
groups beyond race and ethnicity, nontreatment completers,
persons from low-socioeconomic status, and non-English
speakers will facilitate the refinement of the DIBS-7 and
establishitsvalidity across groupswith socially complex needs.

Conclusions

With the growing interest in and use of DMHIs, understanding
common barriers faced by users is crucial for improving
treatment adherence and outcomes in these interventions. The
DIBS-7 addresses a need in the field by providing a short and
psychometrically sound measure of barriers in DMHIs. This
scale represents a valuable tool that can be easily implemented
in routine clinical care and DMHI research. Significantly,
findings from this study may increase interest in developing
more comprehensive measures that capture the experience of a
wide range of DMHI users.

Acknowledgments

This project was supported by the Ford Foundation Predoctoral Fellowship, the UCLA Cota-Robles Fellowship, and the APF

Queen-Nellie Evans Scholarship awarded to GR.

Authors Contributions

All authors made substantial contributions to the design and implementation of this study. GR is the principal investigator,
conceptualized the measure, designed the mixed-methods approach, and wrote all drafts of this manuscript. AKM conducted all
statistical analyses and reviewed all drafts of this manuscript. DS was involved in the writing of several drafts of this manuscript.
HRH conducted preliminary analysesthat served as the foundation for this study. DAC wasinvolved in the design of the original
digital mental health intervention trials and reviewed all drafts of the manuscript. LRRN designed and led the digital mental
health intervention trials on which this study was based and reviewed all drafts of this manuscript.

Conflictsof Interest
None declared.

Multimedia Appendix 1

Digital Intervention Barriers Scale-7 (DIBS-7).
[DOCX File, 14 KB-Multimedia Appendix 1]

https://formative.jmir.org/2023/1/e40509 JMIR Form Res 2023 | vol. 7 | e40509 | p. 6

(page number not for citation purposes)


https://jmir.org/api/download?alt_name=formative_v7i1e40509_app1.docx&filename=55e900883aaf690d47b7750175e7c6f1.docx
https://jmir.org/api/download?alt_name=formative_v7i1e40509_app1.docx&filename=55e900883aaf690d47b7750175e7c6f1.docx
http://www.w3.org/Style/XSL
http://www.renderx.com/

JMIR FORMATIVE RESEARCH Ramos et al

References

1.

10.

11.

12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

22.

Evans-Lacko S, Aguilar-Gaxiola S, Al-Hamzawi A, Alonso J, Benjet C, Bruffaerts R, et al. Socio-economic variationsin
the mental health treatment gap for people with anxiety, mood, and substance use disorders: results from the WHO World
Mental Health (WMH) surveys. Psychol Med 2018;48(9):1560-1571 [FREE Full text] [doi: 10.1017/S0033291717003336]
[Medline: 29173244]

Kazdin AE. Technology-based interventions and reducing the burdens of mental illness: perspectives and comments on
the special series. Cogn Behav Pract 2015;22(3):359-366. [doi: 10.1016/j.cbpra.2015.04.004]

Andersson G. Internet-delivered psychological treatments. Annu Rev Clin Psychol 2016;12:157-179. [doi:
10.1146/annurev-clinpsy-021815-093006] [Medline: 26652054]

Batastini AB, Paprzycki P, Jones ACT, MacLean N. Are videoconferenced mental and behavioral health services just as
good asin-person? A meta-analysis of afast-growing practice. Clin Psychol Rev 2021;83:101944. [doi:
10.1016/j.cpr.2020.101944] [Medline: 33227560]

Lecomte T, Potvin S, Corbiére M, Guay S, Samson C, Cloutier B, et al. Mobile apps for mental health issues: meta-review
of meta-analyses. IMIR Mhealth Uhealth 2020;8(5):e17458 [FREE Full text] [doi: 10.2196/17458] [Medline: 32348289)]
Ramos G, ChaviraDA. Use of technology to provide mental health carefor racial and ethnic minorities: evidence, promise,
and challenges. Cogn Behav Pract 2019;29(1):15-40. [doi: 10.1016/j.cbpra.2019.10.004]

Schueller SM, Hunter JF, Figueroa C, AguileraA. Useof digital mental health for marginalized and underserved popul ations.
Curr Treat Options Psych 2019;6(3):243-255. [doi: 10.1007/s40501-019-00181-7]

Bashshur RL, Shannon GW, Bashshur N, Yellowlees PM. The empirical evidence for telemedicine interventions in mental
disorders. Telemed J E Health 2016;22(2):87-113 [FREE Full text] [doi: 10.1089/tmj.2015.0206] [Medline: 26624248]
Hollis C, Falconer CJ, Martin JL, Whittington C, Stockton S, Glazebrook C, et al. Annual research review: digital health
interventions for children and young people with mental health problems - a systematic and meta-review. J Child Psychol
Psychiatry 2017;58(4):474-503. [doi: 10.1111/jcpp.12663] [Medline: 27943285]

Patel S, Akhtar A, MalinsS, Wright N, Rowley E, Young E, et a. The acceptability and usability of digital health interventions
for adults with depression, anxiety, and somatoform disorders: qualitative systematic review and meta-synthesis. JMed
Internet Res 2020;22(7):e16228 [FREE Full text] [doi: 10.2196/16228] [Medline: 32628116]

Chien |, Enrique A, Palacios J, Regan T, Keegan D, Carter D, et al. A machine learning approach to understanding patterns
of engagement with internet-delivered mental health interventions. JAMA Netw Open 2020;3(7):€2010791 [FREE Full
text] [doi: 10.1001/jamanetworkopen.2020.10791] [Medline: 32678450]

Linardon J, Fuller-Tyszkiewicz M. Attrition and adherence in smartphone-delivered interventionsfor mental health problems:
a systematic and meta-analytic review. J Consult Clin Psychol 2020;88(1):1-13. [doi: 10.1037/ccp0000459] [Medline:
31697093]

Moshel, Terhorst Y, Philippi P, Domhardt M, CuijpersP, Cristeal, et a. Digital interventionsfor the treatment of depression:
ameta-analytic review. Psychol Bull 2021;147(8):749-786. [doi: 10.1037/bul0000334] [Medline: 34898233]

Pratap A, Neto EC, Snyder P, Stepnowsky C, Elhadad N, Grant D, et al. Indicators of retention in remote digital health
studies: a cross-study evaluation of 100,000 participants. NPJ Digit Med 2020;3:21 [FREE Full text] [doi:
10.1038/s41746-020-0224-8] [Medline: 32128451]

Christensen H, Griffiths KM, Farrer L. Adherence in internet interventions for anxiety and depression. JMed Internet Res
2009 Apr 24;11(2):€13 [EREE Full text] [doi: 10.2196/jmir.1194] [Medline: 19403466]

Kaltenthaler E, Sutcliffe P, Parry G, Beverley C, Rees A, Ferriter M. The acceptability to patients of computerized cognitive
behaviour therapy for depression: a systematic review. Psychol Med 2008;38(11):1521-1530. [doi:
10.1017/S0033291707002607] [Medline: 18205964]

Borghouts J, Eikey E, Mark G, DeLeon C, Schueller SM, Schneider M, et al. Barriersto and facilitators of user engagement
with digital mental health interventions: systematic review. JMed Internet Res 2021;23(3):e24387 [ FREE Full text] [doi:
10.2196/24387] [Medline: 33759801]

Comer JS, Furr MM, Miguel EM, Cooper-Vince CE, Carpenter AL, Elkins RM, et al. Remotely delivering real-time parent
training to the home: an initial randomized trial of Internet-delivered parent-child interaction therapy (1-PCIT). J Consult
Clin Psychol 2017;85(9):909-917. [doi: 10.1037/ccp0000230] [Medline: 28650194]

Palinkas LA. Qualitative and mixed methodsin mental health services and implementation research. J Clin Child Adolesc
Psychol 2014;43(6):851-861 [FREE Full text] [doi: 10.1080/15374416.2014.910791] [Medline: 25350675]
Cabrera-Nguyen P. Author guidelines for reporting scale devel opment and validation results in the Journal of the Society
for Social Work and Research. J Soc Social Work Res 2010;1(2):99-103. [doi: 10.5243/jsswr.2010.8]

Carpenter S. Ten stepsin scale devel opment and reporting: aguide for researchers. Commun Methods Meas 2017;12(1):25-44.
[doi: 10.1080/19312458.2017.1396583]

Mokkink LB, Terwee CB, Knol DL, Stratford PW, Alonso J, Patrick DL, et al. The COSMIN checklist for evaluating the
methodological quality of studies on measurement properties: a clarification of its content. BMC Med Res Methodol
2010;10:22 [FREE Full text] [doi: 10.1186/1471-2288-10-22] [Medline: 20298572]

https:/formative.jmir.org/2023/1/e40509 JMIR Form Res 2023 | vol. 7 | e40509 | p. 7

(page number not for citation purposes)


https://europepmc.org/abstract/MED/29173244
http://dx.doi.org/10.1017/S0033291717003336
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=29173244&dopt=Abstract
http://dx.doi.org/10.1016/j.cbpra.2015.04.004
http://dx.doi.org/10.1146/annurev-clinpsy-021815-093006
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=26652054&dopt=Abstract
http://dx.doi.org/10.1016/j.cpr.2020.101944
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33227560&dopt=Abstract
https://mhealth.jmir.org/2020/5/e17458/
http://dx.doi.org/10.2196/17458
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32348289&dopt=Abstract
http://dx.doi.org/10.1016/j.cbpra.2019.10.004
http://dx.doi.org/10.1007/s40501-019-00181-z
http://hdl.handle.net/2027.42/140291
http://dx.doi.org/10.1089/tmj.2015.0206
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=26624248&dopt=Abstract
http://dx.doi.org/10.1111/jcpp.12663
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=27943285&dopt=Abstract
https://www.jmir.org/2020/7/e16228/
http://dx.doi.org/10.2196/16228
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32628116&dopt=Abstract
https://europepmc.org/abstract/MED/32678450
https://europepmc.org/abstract/MED/32678450
http://dx.doi.org/10.1001/jamanetworkopen.2020.10791
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32678450&dopt=Abstract
http://dx.doi.org/10.1037/ccp0000459
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=31697093&dopt=Abstract
http://dx.doi.org/10.1037/bul0000334
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=34898233&dopt=Abstract
https://doi.org/10.1038/s41746-020-0224-8
http://dx.doi.org/10.1038/s41746-020-0224-8
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32128451&dopt=Abstract
https://www.jmir.org/2009/2/e13/
http://dx.doi.org/10.2196/jmir.1194
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=19403466&dopt=Abstract
http://dx.doi.org/10.1017/S0033291707002607
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=18205964&dopt=Abstract
https://www.jmir.org/2021/3/e24387/
http://dx.doi.org/10.2196/24387
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33759801&dopt=Abstract
http://dx.doi.org/10.1037/ccp0000230
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=28650194&dopt=Abstract
https://europepmc.org/abstract/MED/25350675
http://dx.doi.org/10.1080/15374416.2014.910791
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=25350675&dopt=Abstract
http://dx.doi.org/10.5243/jsswr.2010.8
http://dx.doi.org/10.1080/19312458.2017.1396583
https://bmcmedresmethodol.biomedcentral.com/articles/10.1186/1471-2288-10-22
http://dx.doi.org/10.1186/1471-2288-10-22
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=20298572&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/

JMIR FORMATIVE RESEARCH Ramos et al

23.

24,

25.

26.

27.

28.

29.

30.

31.

32.

33.

35.

36.

37.

Rith-Nagjarian LR, ChorpitaBF, Gong-Guy E, Hammons HR, ChaviraDA. Feasibility of aweb-based program for universal
prevention of anxiety and depression in university students: an open trial. JAm Coll Health 2020;70(8):2519-2526. [doi:
10.1080/07448481.2020.1869749] [Medline: 33577431]

Rith-Najarian LR. A dissemination and implementation approach to preventing anxiety and depression in young people.
University of California, Los Angeles. 2019. URL : https://search.proquest.com/openview/

97f65f04608c966f4€2f 2b243def eddf/1. pdf ?pg-origsite=gschol ar& chl=18750& diss=y [accessed 2023-03-10]

Hennink M, Kaiser BN. Sample sizes for saturation in qualitative research: a systematic review of empirical tests. Soc Sci
Med 2022;292:114523 [FREE Full text] [doi: 10.1016/j.socscimed.2021.114523] [Medline: 34785096]

Braun V, Clarke V. Applied qualitative research in psychology. Appl Qual Res Psychol 2006;3(2):77-101. [doi:
10.1191/14780887060p0630a]

Kazdin AE, Holland L, Crowley M, Breton S. Barriersto treatment participation scale: evaluation and validation in the
context of child outpatient treatment. J Child Psychol Psychiatry 1997;38(8):1051-1062. [doi:
10.1111/j.1469-7610.1997.tb01621.x] [Medline: 9413802]

Mohr DC, Hart SL, Howard I, Julian L, VellaL, Catledge C, et a. Barriers to psychotherapy among depressed and
nondepressed primary care patients. Ann Behav Med 2006;32(3):254-258. [doi: 10.1207/s15324796abm3203 12] [Medline:
17107299]

Rhemtulla M, Brosseau-Liard PE, Savalei V. When can categorical variables be treated as continuous? A comparison of
robust continuous and categorical SEM estimation methods under suboptimal conditions. Psychol Methods
2012;17(3):354-373. [doi: 10.1037/a0029315] [Medline: 22799625]

Ryan RM, Plant RW, O'Malley S. Initial motivationsfor alcohol treatment: relations with patient characteristics, treatment
involvement, and dropout. Addict Behav 1995;20(3):279-297 [FREE Full text] [doi: 10.1016/0306-4603(94)00072-7]
[Medline: 7653312]

Larsen DL, Attkisson CC, Hargreaves WA, Nguyen TD. Client satisfaction questionnaire. American Psychological
Association. 1979. URL: https://psycnet.apa.org/doiL anding?doi=10.1037%2Ft02616-000 [accessed 2023-03-10]
Fabrigar LR, Wegener DT, MacCallum RC, Strahan EJ. Evaluating the use of exploratory factor analysisin psychological
research. Psychol Methods 1999;4(3):272-299. [doi: 10.1037/1082-989X.4.3.272]

Lambert MJ, Harmon KL. The merits of implementing routine outcome monitoring in clinical practice. Clin Psychol Sci
Pract 2018;25(4):€12268. [doi: 10.1111/cpsp.12268]

Monitoring and evaluating digital health interventions. A practical guide to conducting research and assessment. World
Health Organization. 2016. URL: https://apps.who.int/iris’handle/10665/252183

Méllor-Clark J, Cross S, Macdonald J, Skjulsvik T. Leading horsesto water: lessons from adecade of hel ping psychological
therapy services use routine outcome measurement to improve practice. Adm Policy Ment Health 2016;43(3):279-285.
[doi: 10.1007/s10488-014-0587-8] [Medline: 25179755]

Hanano M, Rith-Ngjarian L, Boyd M, ChaviraD. Measuring adherence within aself-guided online intervention for depression
and anxiety: secondary analyses of arandomized controlled trial. IMIR Ment Health 2022;9(3):e30754 [FREE Full text]
[doi: 10.2196/30754] [Medline: 35343901]

Ramos G, Ponting C, Labao JP, Sobowale K. Considerations of diversity, equity, and inclusion in mental health apps: a
scoping review of evaluation frameworks. Behav Res Ther 2021;147:103990 [FREE Full text] [doi:
10.1016/j.brat.2021.103990] [Medline; 34715396]

Abbreviations

CFA: confirmatory factor analyses

CFIl: comparative fit index

CSQ: Client Satisfaction Questionnaire
DIBS-7: Digital Intervention Barriers Scale-7
DMHI: digital mental health intervention
EFA: exploratory factor analyses

KMO: Kaiser-Meyer-Olkin

RCT: randomized controlled trial

RM SEA: root mean square error of approximation
SRMR: standardized root mean square residual
TLI: Tucker Lewisindex

TMQ: Treatment Motivation Questionnaire

https://formative.jmir.org/2023/1/e40509 JMIR Form Res 2023 | vol. 7 | e40509 | p. 8

(page number not for citation purposes)


http://dx.doi.org/10.1080/07448481.2020.1869749
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33577431&dopt=Abstract
https://search.proquest.com/openview/97f65f04608c966f4e2f2b243defeddf/1.pdf?pq-origsite=gscholar&cbl=18750&diss=y
https://search.proquest.com/openview/97f65f04608c966f4e2f2b243defeddf/1.pdf?pq-origsite=gscholar&cbl=18750&diss=y
https://linkinghub.elsevier.com/retrieve/pii/S0277-9536(21)00855-8
http://dx.doi.org/10.1016/j.socscimed.2021.114523
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=34785096&dopt=Abstract
http://dx.doi.org/10.1191/1478088706qp063oa
http://dx.doi.org/10.1111/j.1469-7610.1997.tb01621.x
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=9413802&dopt=Abstract
http://dx.doi.org/10.1207/s15324796abm3203_12
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=17107299&dopt=Abstract
http://dx.doi.org/10.1037/a0029315
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=22799625&dopt=Abstract
https://linkinghub.elsevier.com/retrieve/pii/0306-4603(94)00072-7
http://dx.doi.org/10.1016/0306-4603(94)00072-7
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=7653312&dopt=Abstract
https://psycnet.apa.org/doiLanding?doi=10.1037%2Ft02616-000
http://dx.doi.org/10.1037/1082-989X.4.3.272
http://dx.doi.org/10.1111/cpsp.12268
https://apps.who.int/iris/handle/10665/252183
http://dx.doi.org/10.1007/s10488-014-0587-8
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=25179755&dopt=Abstract
https://mental.jmir.org/2022/3/e30754/
http://dx.doi.org/10.2196/30754
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=35343901&dopt=Abstract
https://linkinghub.elsevier.com/retrieve/pii/S0005-7967(21)00189-3
http://dx.doi.org/10.1016/j.brat.2021.103990
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=34715396&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/

JMIR FORMATIVE RESEARCH Ramos et al

Edited by A Mavragani; submitted 24.06.22; peer-reviewed by C Stiles-Shields, R Meng; commentsto author 07.08.22; revised version
received 15.02.23; accepted 06.03.23; published 06.04.23

Please cite as:

Ramos G, Montoya AK, Hammons HR, Smith D, Chavira DA, Rith-Najarian LR

Digital Intervention Barriers Scale-7 (DIBS-7): Development, Evaluation, and Preliminary Validation
JMIR Form Res 2023;7:e40509

URL: https://formative.jmir.org/2023/1/€40509

doi: 10.2196/40509

PMID:

©Giovanni Ramos, Amanda Kay Montoya, Hayley Renee Hammons, Danielle Smith, Denise April Chavira, Lesie Rose
Rith-Najarian. Originally published in IMIR Formative Research (https://formative.jmir.org), 06.04.2023. Thisis an open-access
article distributed under the terms of the Creative Commons Attribution License (https://creativecommons.org/licenses/by/4.0/),
which permits unrestricted use, distribution, and reproduction in any medium, provided the original work, first publishedin IMIR
Formative Research, is properly cited. The complete bibliographic information, a link to the origina publication on
https://formative.jmir.org, as well as this copyright and license information must be included.

https://formative.jmir.org/2023/1/e40509 JMIR Form Res 2023 | vol. 7 | e40509 | p. 9
(page number not for citation purposes)

RenderX


https://formative.jmir.org/2023/1/e40509
http://dx.doi.org/10.2196/40509
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/

