[bookmark: OLE_LINK7][bookmark: OLE_LINK8]








Predictors of Adherence to a Publicly Available Self-Guided Digital Mental Health Intervention

Mercedes G. Woolley
Korena S. Klimczak
Carter H. Davis
Michael E. Levin
Department of Psychology
Utah State University 




Author for Correspondence:
Mercedes G. Woolley, Utah State University, Department of Psychology, 6430 Old Main Hill, Logan, Utah Mercedes.Woolley@usu.edu


Declarations of Interest: None

Abstract
[bookmark: OLE_LINK51][bookmark: OLE_LINK52]Low adherence to self-guided digital mental health interventions (DMHIs) have raised concerns about their real-world effectiveness. Naturalistic data from self-guided DMHIs are often not available, hindering our ability to assess adherence among real-world users. This study aimed to analyze three years of user data from the public launch of an empirically supported 12-session self-guided DMHI, to assess overall program adherence rates and explore predictors of adherence. Data from 984 registered users were analyzed. Results showed that only 14.8% of users completed all 12 modules and 68.6% completed less than half of the modules. Users who were younger, had milder depression, had never seen a mental health provider, and who rejected signing-up for weekly program emails completed significantly more modules. Results add to concerns about the generalizability of controlled research on DMHIs due to lower adherence outside of research trials. This study highlights the potential of user data in identifying key factors that may be related to adherence. By examining adherence patterns among different sub-sets of users, we can pinpoint and focus on individuals who may adhere and benefit more from self-guided programs. Findings could also have implications for guiding intervention personalization for individuals who struggle to complete DMHIs. 



Predictors of Adherence to a Publicly Available Self-Guided Digital Mental Health Intervention
[bookmark: OLE_LINK5][bookmark: OLE_LINK6][bookmark: OLE_LINK15][bookmark: OLE_LINK16]Over two decades, more than 130 clinical trials have demonstrated the efficacy of DMHIs for anxiety and depression (Moshe et al., 2021; Pauley et al., 2021). As technology advances, DMHIs are becoming increasingly popular for scalable mental health care access. However, for empirically based DMHIs to realize their purpose and enhance treatment availability at the population level, naturalistic user research is essential. Significant gaps exist between research and the public marketplace. There are relatively few DMHIs available to the public that have been directly evaluated in research, compared to the thousands of available websites and mobile app programs which have never been tested in clinical trials (Fleming et al., 2018; Livingston et al., 2019). In general, programs with direct empirical support often do not reach the public market (Martinez-Perez, 2013). While the public dissemination of these tools is crucial, it may be equally important to monitor their usage, as meta-analytic findings from DMHI trials indicate program adherence is consistently related to symptom reduction post-program (Gan et al., 2021). Adherence to DMHIs in trial contexts has been a known challenge (see Forbes et al., 2023), and this problem could be both larger and different when shifting to the naturalistic use settings these programs aim to be deployed to.
[bookmark: OLE_LINK38][bookmark: OLE_LINK39][bookmark: OLE_LINK36][bookmark: OLE_LINK37][bookmark: OLE_LINK33][bookmark: OLE_LINK34][bookmark: OLE_LINK3][bookmark: OLE_LINK4][bookmark: OLE_LINK27][bookmark: OLE_LINK28] 	Trial data from DMHIs grounded in evidence-based therapies, such as cognitive behavioral therapy and acceptance and commitment therapy (ACT), have shown that program completion rates often fall below 50%, and the majority of trial participants typically do not reach full completion of these programs (Lipschitz et al., 2022; Klimczak et al., 2023). Although there's a paucity of published data on the naturalistic usage of DMHIs, emerging concerns highlight the variable impact and adherence to self-help programs outside of controlled trial environments (Baumel et al., 2019). These insights particularly underscore the possibility that adherence rates may be markedly lower in naturalistic environments. Participants in a trial may benefit from assessment effects or face-to-face contact, which may be especially helpful for adherence and treatment success with unguided interventions. Additional researcher contact can increase adherence to online programs through processes such as those identified in the supportive accountability model (see Mohr et al., 2011). In addition, participants who successfully enroll in trials likely represent a subsample of individuals who will be more adherent to an online intervention, raising the question of whether results from samples in controlled trials generalize to the broader population online interventions aim to reach. A novel study by Baumel et al. 2019 leveraged aggregated user traffic data from ten online self-help websites to compare the extent of program use from clinical trial research of online self-help websites to data collected on the naturalistic use of the same programs. For programs involving contact, results showed adherence rates reported in published studies were just over four times higher than real-world usage of the same program, indicating a potential trial bias. Indeed, the emerging data on real-world use of DMHIs has shown that adherence is variable, with a few studies revealing that 21% to 88% of real-world users complete one program module or sign into the program at least once, and nearly half of users only complete between 40% and 60% of the program (Flemming et al., 2018). Adherence to DMHIs can be considered one aspect of dedicated engagement with the program (Perski et al., 2017), allowing users to derive benefits from newly acquired psychotherapeutic skills. The marked deficiencies in adherence to publicly available DMHIs therefore poses a significant barrier to the successful implementation of these services at the public health level.
[bookmark: OLE_LINK1][bookmark: OLE_LINK2]Attempting to make sense of DMHI adherence issues, some researchers have opted to analyze trial data to identify predictors of adherence. For instance, a study on mobile mental health services found smartphone experience improved adherence, while higher depression led to lower adherence (Buck et al., 2020). Another study found older age, being a woman, experiencing barriers to mental health services, and concurrent therapy all predicted higher completion of an adjustment disorder intervention (Kazlauskas et al., 2020). However, predictors of adherence to DMHIs have varied across studies deeming this information potentially less useful (e.g., younger age was a predictor in one study and older age in another; Yeager & Benight, 2018). These mixed findings may be in part due to differences in types of DMHIs, such as those based in cognitive behavior therapy versus dialectical behavior therapy, and the target audience (e.g., users with depression vs. obsessive-compulsive disorder), as documented in the diverse DMHI literature (see Balcombe & De Leo, 2022 for a review). Thus, investigating predictors of adherence is still an important pursuit. Such predictors may be more specific to different types of DMHIs, offering opportunities for DMHI providers to personalize their interventions based on user characteristics. Moreover, trial-based adherence insights might differ for any one DMHI in real-world scenarios (Baumel et al., 2019). Therefore, examining adherence among real-world users is critical given the significantly lower adherence rates found in publicly available programs. Additionally, examining predictors of adherence is needed in bringing to light adherence challenges across contexts. 
Current Study
This study sought to help bridge this research-to-practice gap by examining user adherence rates and predictors of adherence within a real-world sample using a publicly available self-guided DMHI. Three years of program engagement data, with a total of 984 users, was examined from a publicly available program called Acceptance and Commitment Therapy (ACT) Guide. This study aims to (a) assess rates of user adherence to ACT Guide and (b) examine how user characteristics (sociodemographic and clinical) predict program use. This information will provide insights into potential differences across users, identifying those more or less likely to engage in publicly available DMHIs.
Method
Participants
The present study examined naturalistic data from the publicly available ACT Guide program. The program was primarily marketed through ACT research and therapist outlets (e.g., ACT for professional listserv, ACT resource lists, presentations to providers, word of mouth recommendations), and to the public more broadly through Utah State University’s (USU) community outreach efforts (e.g., USU Extension, USU Sorenson Center for Clinical Excellence), as well as search-engine results. Three years of registration and program data were analyzed (10/16/2019 to 9/27/2022). All data in ACT Guide originated from program users who were at least 18 years of age and able to read English. Users who did not complete registration and duplicate signups from the same user were removed, yielding a total sample of 984 individuals who registered for ACT Guide over the three-year period. This excluded 32 users who had paid for the program but did not sign-up.
Procedures
To gain access to the program, users paid $10 for six months of access. After payment, users were directed to the program registration. Users were prompted to review and agree to a Privacy Policy, in which they agreed to their data being used for purposes including research. Demographic information including age, gender, race, and state or country of residence were collected from all users at the time of program registration. For summary purposes, home country was coded into continental categories. At the time of registration, participants were asked a series of questions regarding their history using mental health services, and whether they would like to sign up for one-month of weekly email tips about using ACT Guide. Email tips were added in September 2020 in an effort to increase program adherence; thus, 410 (41.7%) users were not asked this question. At the completion of registration, users were automatically directed to sign into and begin the program.
Self-guided Digital Program
ACT Guide (https://actguide.usu.edu/) is one of the few empirically supported self-guided digital ACT services currently available to the public. ACT Guide teaches core ACT skills (Hayes et al., 2006), which aim to increase quality of life for individuals struggling with a wide range of mental health challenges by promoting psychological flexibility. ACT Guide is based on over a decade of research from our team iteratively developing, testing, and refining digital ACT modules (Levin et al., 2016, 2017, 2020). Thus, ACT Guide is designed for a transdiagnostic population, with a series of modules broadly applicable to a range of mental health concerns. 
The program is comprised of 14 modules, with 12 core modules and a welcome (e.g., orientation) and exit module. Each of the core module takes approximately 30 minutes to complete, and users are encouraged to complete one or two modules per week, thus providing 3-4 months of content for users who follow this pace. Users can navigate from session to session as desired but are recommended to complete the sessions in a linear fashion. The intervention was delivered through Qualtrics as an efficient way to develop and deploy interactive, tailored digital content. 
Measures
Program Adherence
	Program adherence was operationalized as the number of program modules users completed, ranging from 0-12. While the program is comprised of 14 total modules, including a welcome and exit module, these modules did not count towards adherence because they are short and not intended as stand-alone sessions teaching substantive skills. Module completion is recorded automatically in the Qualtrics platform. This data was used to determine whether participants reached the end of a module. If Qualtrics data showed a participant reaching at least 95% of a module, the module was recorded as completed. Full program completion was operationalized as completion of all 12 core modules. Users who registered but either never logged into the program, or logged in but did not complete any modules, were considered to have completed 0 modules and were still included in all analyses.
User Reported Anxiety and Depression 
	Self-reported anxiety and depression was assessed early on in the first program module using the anxiety and depression subscales of the Patient-Reported Outcomes Measurement Information System – Emotional Distress (PROMIS; Cella et al., 2007). PROMIS-Depression (4-items) and PROMIS-Anxiety (4-items) were administered during the first module of ACT Guide, in the “Welcome” session. Each item asked participants to rate their emotional experiences over the past 7 days on a scale from 1 (never) to 5 (always). Raw score totals are converted to T-scores. A T-score of 50 is the average for the United States general population with a standard deviation (SD) of 10.
Data Analysis
	Statistical analyses were conducted with R (v 4.3.0; R Core Team, 2023) in RStudio (v 2023.03.1; Posit team, 2023). The R script for the present analyses is available online at https://osf.io/zh8f9/?view_only=03a223944eca4b6fa0dcfafafc1fa966. Descriptive statistics on demographic and clinically relevant information provided by program registrants were examined to characterize the sample. Additionally, descriptive statistics on program usage (i.e., login attempts and module completion) were used to assess program adherence as a whole. Finally, regression-based analyses were conducted to identify user characteristics as predictors of module completion. We took a pairwise deletion approach to missing data, in which participants who were missing data necessary to run any given analysis were excluded for that specific analysis. 
Given that number of modules completed is count data and appears to approximately follow a Poisson distribution in our dataset, we decided to run Poisson regression models. Analyses were conducted in a univariate fashion, in which a separate model with number of core modules completed as the outcome was run for each predictor, including gender, age, race, treatment status, and whether they enrolled in weekly email tips. Regarding the race model, American Indians/Alaska Natives and Native Hawaiians/Pacific Islanders were excluded from these analyses given there was a sample size of less than 5 for each. An additional model was run where depression and anxiety were both included as predictors in the same model, given that these two variables are highly associated with one another. We ran predictors in separate models as opposed to a single multiple regression model so that each user characteristic could be assessed individually, without using other variables as controls. We checked for potential model over or underdispersion (e.g., variance is below or greater than the mean) using the dispersiontest function from the AER package (Kleiber & Zeileis, 2008). All models were significantly overdispersed (p < .05 for all models), with dispersion values ranging from 3.92 to 4.33. This violates the Poisson regression assumption that the outcome mean is equal to the variance. Thus, models were re-run using negative binomial regression (Ver Hoef & Boveng, 2007) using the glm.nb() function from the MASS package (Venables & Ripley, 2022). Pseudo R2 values were calculated for each model using the Nagelkerke index (a corrected version of the Cox & Snell index), using the RsqGLM() function from the modEvA package (Márcia Barbosa et al., 2013). To prevent family-wise error, all P-values were corrected using the Benjamini-Hochberg procedure for each of these sets of analyses.
Results
Demographic Characteristics
	Table 1 displays sample characteristics. Those who signed-up for ACT Guide primarily identified as White (81.9%), and as a Woman (69.5%). The mean age for registrants was 36.6 (SD = 13.5), however the modal age was 23. A total of 83.5% of registrants reported living in the North America. For those located in the United States 39.5% reported living in Utah, which is where the university affiliated with the development of ACT Guide is located. Of the users who were asked about receiving email tips, 70% agreed to receive the weekly email tips. Regarding treatment status, 35.2% of registrants were working with a mental health professional at the time of sign-up, 5.1% had recently stopped working with a mental health professional, 33.9% had worked with a mental health professional at some point in the past but not currently, and 25.8% had never worked with a mental health professional. 
Clinical Characteristics
With respect to mental health symptoms, only 65% of users had the opportunity to report depression and anxiety scores as the rest of the sample either never logged-in to the program after registering, did not progress far enough to encounter these items, or skipped the welcome module that contained these items. Of these users, 10% opted not to complete the depression and anxiety measures. Among the users who reported mental health symptoms, the mean raw score on the PROMIS-Depression was 10.8 (SD = 3.9; T-Score = 60.50, SE = 2.3), indicating that on average, users had moderate levels of depression. The mean raw score on the PROMIS-Anxiety was 12 (SD = 3.6; T-Score = 63.3, SE = 2.6), suggesting that on average users had moderate levels of anxiety. Descriptive statistics for each PROMIS-Depression and -Anxiety cut point can be found in Table 3. 
Program Adherence
	Of the 984 program registrants, 875 logged into ACT Guide at least once, meaning that 11.1% of users never used the program despite completing registration. Another 20.6% of users logged in at least once but did not complete any of the twelve core modules. A total of 68.3% of users completed at least one of the core modules, and approximately 31.4% completed at least half of the core modules. Only 14.8% completed all twelve core modules.  On average, users completed 4.1 modules (SD = 4.5; median = 2). See Figure 1 for a histogram of the number of modules completed by users.
Predictors of Program Adherence
	Negative binomial regressions are displayed in Table 2. Users who had never seen a mental health provider completed significantly more modules (M = 5.1, SD = 4.7) than those who had seen a mental health provider in the past (M = 3.6, SD = 4.4) and those who were seeing a mental health provider at the time of registration (M = 3.4, SD = 4). Specifically, users who saw a mental health provider in the past completed 30% fewer modules compared to users who had never seen a mental health provider (p = .005), while users currently working with a mental health provider completed 37% fewer modules (p < .001). Users who declined weekly email tips completed significantly more modules (M = 6.4, SD = 4.9) than those who opted to receive weekly emails tips (M = 3.5, SD = 4.1) and those who signed up before the feature was offered (M = 3.9, SD = 4.4). Specifically, those who signed-up for email tips completed 46% fewer modules than users who declined email tips (p < .001), and users who were not offered the weekly email tips completed 39% fewer modules (p < .001). Additionally, being younger in age (p < .001) and reporting fewer depressive symptoms (p=.001) significantly predicted greater module completion. Women completed more modules (M = 4.4, SD = 4.6) than men (M = 3.5, SD = 4.1), with men completing 19% fewer modules  than women, however this effect was only trending towards significance (p = .056).  Identifying as a non-binary gender, racial identity, having recently stopped working with a mental health provider, and level of anxiety at registration had no significant effect on number of modules completed (all p > .05). 
Discussion
[bookmark: OLE_LINK49][bookmark: OLE_LINK50]The present study sought to bridge the research-to-practice gap with understanding adherence to DMHIs by analyzing three years of user data from a publicly available program. Findings highlighted low adherence to the publicly available program as well as user characteristics that predicted higher adherence such as being younger, reporting lower depression, and having no past mental health treatment. To our knowledge, this is one of the first studies to leverage naturalistic data on user demographics and clinical characteristics to examine predictors of adherence in a DMHI. We discuss how our findings align with the broader digital health literature, and implications for intervention design.
[bookmark: OLE_LINK40][bookmark: OLE_LINK41]	Our results replicated previous findings that adherence to DMHIs among real-world users is notably low (Baumel et al., 2019). Almost one-third of users did not complete any of the twelve sessions, while another third completed at least half the program, and only 15% completed the full program. The observed adherence levels echo findings from other naturalistic studies of DMHIs (see Fleming et al., 2018), yet they fall short of the higher adherence rates seen in versions of the ACT Guide during clinical trials, where module completion ranged from 25-78% (Ong et al., 2023; Levin et al., 2020). This discrepancy confirms broader concerns about the generalizability of DMHI clinical trial results.
Approximately one-tenth of users signed up for the program, but never logged-in. This is somewhat surprising given the associated program cost. For some users, the small $10 fee might not have justified the commitment required. Higher sign-up cost could potentially boost perceived value, encouraging higher completion (Hilvert-Bruce et al., 2012). While program should still consider cost in relation to accessibility, future programs might raise sign-up costs to improve adherence rates.
[bookmark: OLE_LINK17][bookmark: OLE_LINK18]The majority of users did not complete even half of the program, and many stopped using ACT Guide after the first few sessions, likely for a number of reasons that we were unable to investigate within the available data (e.g., low motivation and program dissatisfaction). User “drop-offs” in the current sample are similar to attrition rates after the first session of therapy (Swift & Greenberg, 2012; Simon et al., 2012), and studies suggests reasons for discontinuation are not always negative (e.g., clients felt like they ‘got-what-they-needed’ from treatment; O’Keeffe et al., 2019). Similarly, DMHI users may have positive reasons to disengage early, such as feeling satisfied with their improvement (i.e., a reduction of symptoms) or choosing to seek in-person services. Future studies should assess symptoms longitudinally to better assess discontinuation relative to symptom improvement or worsening, in addition to querying users about their reasons for discontinuation. 
The majority of users signing up for the program were women (69.5%), who on average completed more modules than men, which is consistent with prior findings from DMHI clinical trials (e.g., Kazlauskas et al., 2020) and psychotherapy use more broadly (Albizu-Garcia et al., 2001). Even though we found that differences between adherence in men and women were only trending toward significance, this finding suggest a potential need to tailor programs towards a male audience. Similar to recommendations for gender-based customization for face-to-face psychotherapy (see Seidler et al., 2018 for a review), DMHIs might also emphasize content consistent with masculine socialization (e.g., male oriented treatment goals and metaphors). 
[bookmark: OLE_LINK21][bookmark: OLE_LINK22]Younger age significantly predicted adherence, possibly due to younger generations' familiarity with online interfaces which may help promote trust and willingness to use DMHIs. A step towards improving adherence across age groups might involve assessing the level assistance users require, then tailoring support features to meet users’ unique needs (Pyvell et al., 2020). 
Surprisingly, users without prior treatment completed more modules than those with treatment history, despite the expectation that individuals without prior mental health treatment might face ambivalence or struggle to learn new skills without therapist guidance. 
This finding is encouraging, suggesting possibly strong motivation in those new to mental health services (Mojtabai et al., 2011). As a clinical application, self-guided DMHIs could function as part of a stepped-care model in which symptoms are either improved through a low intensity treatment or a more intensive treatment depending on client needs (van Straten, 2015).
[bookmark: OLE_LINK31][bookmark: OLE_LINK32][bookmark: OLE_LINK35][bookmark: OLE_LINK25][bookmark: OLE_LINK26]ACT Guide appears to be reaching users with significant depression and anxiety symptoms. However, greater depression symptoms predicted lower adherence. With ACT Guide being entirely unguided, it is quite possible depression interfered with an ability to adhere to the program. Thus, individuals with elevated depression may ideally benefit from a higher level of care than self-guided DMHIs, such as therapist-assisted DMHIs. Alternatively, self-guided DMHIs could be tailored for users with elevated depression, such as incorporating more behavior activation techniques early (e.g., Krämer et al., 2022). Nevertheless, participants with elevated levels of depression may still benefit from unassisted DMHI use as has been documented in trial outcomes (Moshe et al., 2021). Moreover, although our findings align with multiple studies where greater depression predicts lower program adherence (e.g., Morgan et al., 2017), this relationship has not been consistently found in other studies. For instance, Fuhr et al., (2017) found greater depression predicted increased program use. Still, acknowledging that the conditions of clinical trials may not mirror the complexities of real-world use, it is vital to assess the robustness of these findings in naturalistic settings moving forward to optimally support public users with elevated depression.
[bookmark: OLE_LINK45][bookmark: OLE_LINK46]The option to receive email reminders was added to ACT Guide in an attempt to increase program use. Surprisingly, those who opted out of weekly tips demonstrated significantly higher program adherence, contradicting prior research that suggests automated reminders help enhance adherence (e.g., Linardon & Fuller-Tyszkiewicz, 2020; Zarski et al., 2016). Perhaps among real-world DMHI users, opting out of reminders may reflect self-selection in which a subset of individuals felt capable of completing the program without external prompts, which appears accurate given their higher adherence rates. 
Variability in adherence rates may be due in part to some individuals simply being a better fit for self-guided DMHIs (reflected in an ability to complete and benefit from these programs (irrespective of human contact and reminders), while others may not be well-suited (reflected in very low adherence). More research is needed in identifying individuals for whom self-guided DMHIs are well-suited for. In contrast, research is also needed to identifying individuals who DMHIs are well-suited for with relevant supports versus who might simply not be well-suited for DMHIs and would benefit from being referred to other services. 
[bookmark: OLE_LINK19][bookmark: OLE_LINK20]Findings should be interpreted with some considerations. First, poor adherence to DMHIs does not necessarily imply that the intervention had no impact. The “good enough level effect” suggests that participants may terminate therapy early when they begin to feel better (Owen et al., 2016), and it is plausible that this effect is also being observed in DMHIs. Indeed, a recent study highlighted sudden gains in DMHIs may be common, with as many as 51% of DMHI trial participants with social anxiety experiencing rapid symptom reduction in the first few weeks of program use (Threw et al., 2023) The reality that some users may terminate program use following early symptom reduction calls into question the importance of sustained program adherence. A fruitful area of future research will be to assess this phenomenon by tracking symptom change and reason for discontinuation among real-world DMHI users. This includes following up with users who signed up for the program but never logged in. It is currently unclear as to whether these users failed to start the program on account of low motivation, engagement, or interest in the program, or if signing up for the program improved mental health and engagement with other aspects of life (e.g., behavioral activation) and thus they no longer perceived a need or had time for the program. This study defined adherence as completing all 12 modules, but it is reasonable to assume a fewer number of sessions would be adequate to produce positive benefits and it is unclear if all 12 sessions are needed to gain maximal benefits. Future research is needed to better understand the adequate dosage of adherence for ACT Guide and similar ACT DMHIs as well as experimenting with briefer interventions that more efficiently teach ACT skills across fewer modules.
[bookmark: OLE_LINK29][bookmark: OLE_LINK30]We must also consider that sustained adherence does not guarantee effectiveness (see Gan et al., 2021), potentially because actual engagement with the DMHI content in a meaningful way may lead to vastly different treatment effects than simple adherence (i.e., simply completing the program modules). Current conceptualizations of DMHI engagement suggest that it is a multifaceted construct involving not only program adherence but frequency and duration of use and user perceptions, interest and attention (Perski et al., 2017). While attention to variables of engagement is outside of the scope of the current study, this work is critically needed to improve the impact of DMHIs among real-world users. Finally, within DMHI trial literature there are inconsistencies across demographic and clinical predictors of adherence and engagement. Instead, a shift towards an examination of theoretically grounded psychological predictors, such as self-efficacy and motivation may provide additional insights (see Yeager & Benight, 2018 for a discussion). However, collecting such nuanced information may pose pragmatic challenges within real-world samples since these programs are frequently disseminated to the public without the primary goal of conducting research. Mitigating this necessitates a paradigm shift among providers of DMHIs to embed these data sources into publicly accessible programs. Embedding data sources to monitor symptoms during program use also poses a similar practical challenge, but it is still necessary to monitor the effects of DMHIs relative to program adherence. The absence of multiple assessment points to monitor gains is another limitation of the present study, and future work should involve efforts to embed these  outcome measures.
Additionally, due to anxiety and depression scales being administered in the initial welcome module of the program, versus at initial signup, we were missing this data from approximately 41% of users. These users either did not log into ACT Guide, did not advance far enough to see these measures, skipped the welcome module in favor of proceeding directly to other sessions, or simply chose not to complete the measures when the opportunity was presented. As a result, the depression and anxiety levels reported for the sample may be an incomplete portrayal of the sample as a whole, only representing users who were engaged enough to start the program and use it for at least 5-10 minutes. Prior literature has found that higher anxiety and depression is associated with lower DMHI uptake (Cross et al., 2022), thus these mental health variables are likely biased towards higher values in our own study. Our findings that depression predicts poorer program adherence and anxiety is not a significant predictor should be interpreted cautiously given this bias. Future studies of real-world DMHI implementation should administer mental health scales earlier in the program (i.e., during program registration) to more fully assess clinical characteristics and their relationship to adherence. 
Other limitations mainly relate to generalizability minoritized populations and other DMHIs. Results showed that neither race nor identifying as gender-nonbinary influenced program adherence. However, these results are very limited given that gender minorities and racial diversity were poorly represented. Further research necessitates specialized recruitment strategies to adequately explore the utilization and impact of DMHIs within gender minorities and marginalized racial identities. The program seems to have mainly reached users within North America, with approximately 40% of United States users residing in Utah, a historically homogenized state. However, this may be expected given that the program was developed at a public university in Utah, and many of our marketing strategies are targeted towards the local community. Additionally, program satisfaction was only measured in the final module of ACT Guide and thus could not be formally assessed in the present study, leaving the study’s generalizability to other DMHIs unclear. However, earlier iterations of the program have demonstrated adequate program satisfaction and usability (Levin et al., 2020), and we anticipate that satisfaction would be similar for the version of ACT Guide reported here given high overlap in structure, content, and design of the program.
Findings from the current study ultimately reaffirm the persistent challenge of sustaining user adherence to DMHIs when implemented in real-world contexts. Importantly, our findings also offer valuable insights into the relationship between users’ characteristics and adherence patterns, emphasizing the need for targeted interventions and individualized approaches to address the diverse needs of users. Finally, given that some of the current findings on factors promoting adherence differ from those found in clinical trials (e.g., the effectiveness of reminders) this study highlights a need for more research on adherence to publicly available DMHIs. 
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Table 1
Sample Demographics
	[bookmark: _Hlk135509474]
	Total Sample
(n = 984)

	Age (%)
	

	     18 – 24
	24.5

	     25 – 34
	27.0

	     35 – 44
	20.7

	     45 – 54
	14.3

	     55 – 64
	9.2

	     65 or older
	3.4

	Gender (%)
	

	     Woman
	69.5

	     Man
	29.2

	     Other gender
	1.2

	     Preferred not to answer
	0.1

	Race (%)
	

	     White
	81.9

	     Asian
	4.4

	     Hispanic/Latinx
	4.4

	     Black/African American
	1.8

	     Native Hawaiian/Pacific Islander
	0.4

	     American Indian/Alaska Native
	0.1

	     Multiracial
	2.5

	     Preferred not to answer
	4.5

	Continent (%)
	

	     North America
	83.5

	     Europe
	5.7

	     Oceania (Australia; New Zealand)
	4.1

	     Asia
	1.7

	     South America
	< 0.1

	     Transcontinental (Turkey)
	< .01



	Treatment and Clinical Status
	

	
	Total Sample
(n = 984)

	Treatment status (%)
	

	     Currently working with a mental health professional
	35.2

	     Recently stopped working with a mental health professional
	5.1

	     Has worked with a mental health professional in the past (not currently)
	33.9

	      Has never worked with a mental health professional
	25.8

	     Preferred not to answer
	4.0

	Depression* (%)
	

	     Below normed average
	11.5

	     Normal to Mild (0 - 1 SD above average)
	32.9

	     Moderate (1 - 2 SD above average)
	50.5

	     Severe (2 – 3 SD above average)
	5.1

	Anxiety* (%)
	

	     Below normed average
	4.2

	      Normal to Mild (0 - 1 SD above average)
	30.7

	      Moderate (1 - 2 SD above average)
	46.2

	     Severe (2 – 3 SD above average)
	18.9

	[bookmark: _Hlk135589597]Note. * Does not include users who did not progress far enough into ACT Guide to complete the depression and anxiety measures. Depression includes 572 users and anxiety includes 576 users.



Table 2



Figure 1
Distribution of Number of Core Modules Completed
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PUBLIC SELF-GUIDED ADHERENCE
Note. Dark grey shaded portion of the “0” bar represents users who never logged into the program. Only the completion of the 12 core modules are represented here.



[bookmark: _Hlk143726518]Table 3
Negative Binomial Regression Models Predicting Program Adherence.
	Covariate 
(Reference group)
	Nagelkerk Pseudo R2
	β
	Standard error
	Incidence Rate ratio
	Lower
95% CI
	Upper
95% CI
	P-value

	Gender (Woman)
	.005
	
	
	
	
	
	

	     Man
	
	-0.21 
	0.10 
	0.81
	0.67
	0.98
	.056 

	     Other gender
	
	0.15 
	0.39
	1.12
	0.58
	2.73
	.808 

	Age
	.040
	-0.02
	0.00 
	0.98
	0.98
	0.99
	< .001***

	Race (White)
	.002
	
	 
	 
	 
	 
	 

	     Asian
	
	0.23
	0.21
	1.25
	0.85 
	1.95
	.415

	     Black
	
	-0.15 
	0.33
	0.86
	0.47 
	1.73
	.808

	     Hispanic/Latinx
	
	0.00
	0.21
	1.00
	0.67
	1.55
	.988

	    Multiracial
	
	-0.11
	0.28
	0.89
	0.53
	1.60
	.808

	Treatment status (Has never worked with an MHP)
	.015
	 
	 
	 
	 
	 
	 

	     Currently working with an MHP
	
	-0.40
	0.11
	0.67
	 0.54
	0.84 
	.001**

	     Recently stopped working with an MHP
	
	-0.31
	0.22
	0.74
	 0.49
	1.14 
	.270

	     Has worked with an MHP in the past (not currently)
	
	-0.35
	0.09
	0.70
	 0.56
	0.88
	.005**

	Weekly email-tips (Declined email-tips)
	.029
	 
	 
	 
	 
	 
	 

	     Signed up for email-tips
	
	-0.61
	0.12
	0.54 
	0.43 
	0.69 
	< .001***

	     Was not offered email-tips
	
	-0.50
	0.12
	0.61
	0.48 
	0.77 
	< .001***

	Depression
	.038
	-0.06
	0.02
	0.94
	0.91 
	0.98 
	.001**

	Anxiety
	
	0.00
	0.02
	1.00
	0.97
	1.04 
	.840

	Note. *p < .05; **p < .01; ***p < .001. MHP = Mental health professional. Each covariate was modeled separately from one another, except for depression and anxiety which were included in one model.
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