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The past two decades have brought increasing development, research, dissemination, and 
implementation of various technology-based interventions for the treatment of emotional and 
behavioral disorders. This includes the use of Internet websites, mobile devices and 
applications (“apps”), wearable devices, video games, and virtual reality (Mohr, Burns, 
Schueller, Clarke, & Klinkman, 2013). We refer to these interventions that leverage technology 
to create novel therapeutic interactions or affordances as digital mental health interventions 
(DMHIs) to differentiate them from other technology-facilitated interventions that merely use 
technology to provide traditional care - i.e., telepsychotherapy via phone or video platforms. 
Papers on DMHIs began to appear in Behaviour Research and Therapy (BRAT) as early as 
1998 with a case report on virtual reality for treatment of claustrophobia (Botella et al., 1998), 
and by 2005 more rigorous, but small, randomized controlled trials of DMHIs were being 
conducted on treatments for panic disorder (Carlbring et al., 2005) and headaches (Devineni & 
Blanchard, 2005). Since then, the work published in the pages of BRAT has mirrored the 
progression that has occurred in the field - larger trials, more diverse target conditions, 
expanded methods of evaluation, and DMHIs that leverage ongoing technological advances. 
The goal of this special issue is to cover the contributions to the field of behaviour research and 
therapy made possible through various technologies. The papers included in this special 
provide examples of where the field is currently, while also previewing where it might be going. 
This overview aims to highlight some of these general themes while also advancing the thread 
of future directions of DMHIs to shape the treatment, and understanding of treatment, of 
emotional and behavioral disorders.  
 
A considerable body of work has demonstrated that DMHIs are effective for a variety of 
emotional and behavioral disorders with perhaps the most robust evidence coming in the areas 
of depression (Karyotaki et al., 2021) and anxiety (Pauley, Cuijpers, Papola, Miguel, & 
Karyotaki, 2021). However, despite their effectiveness DMHIs are not without their limitations 
including: lack of sustained engagement, especially in real-world settings (Baumel, Edan, & 
Kane, 2019); limited dissemination, with very few products accounting for the majority of users 
(Wasil, Gillespie, Shingelton, Wilks, & Weisz, 2020); and most of the evaluation occurring with 
white females and few products considering the needs of racial, ethnic, sexual, and gender 
minorities (Schueller, Hunter, Figueroa, & Aguilera, 2019). Thus, although DMHIs hold the 
potential to significantly shape our understanding and dissemination of behaviour research and 
therapy, this potential has been largely unrealized. However, even with these limitations 



considerable investment is being made in DMHIs within the private sector. Venture capital 
investing in mental health companies has been high, hitting $637 million in 2019 which was a 
nearly 23 times increase since 2013 (Shah & Berry, 2020). As such, private investment and 
industry developers play an important role in this landscape and present a huge opportunity to 
advance understanding themselves and through academic-industry partnerships. This special 
issue brings together papers that address some of these issues. In our reading of the papers, 
we identified consistent themes of advancing methods, understanding what works, models of 
dissemination and implementation, and considering context, especially related to issues of 
diversity, equity, justice, and inclusion. We highlight each of these areas while touching on 
major takeaways from the papers.  
 
Advancing Methods in Digital Mental Health 
 
DMHIs provide opportunities to increase access, improve outcomes, and overcome obstacles to 
our understanding of both mental health disorders and their treatment. However, these novel 
interventions have struggled with issues of low engagement and increased dropout, with poor 
user experience often indicated as a significant barrier (Lattie et al., 2022). Clinical scientists are 
increasingly turning to other disciplines for the innovative methods that are needed to improve 
the design process for DMHIs. One such method comes from the development of technology, 
which has generally adopted the human-centered design (HCD) approach, in which 
stakeholders are engaged throughout the entire process of conceptualization, design, 
refinement, and evaluation (Lyon et al., 2019). One combination of HCD methods with those 
from intervention science is the Discover-Design-Build-Test (DDBT) model (Lyon et al., 2019). 
Jenness and colleagues (2022) present a case study of this DDBT model applied to the creation 
and evaluation of a prototype app for delivering behavioral activation to teens with depression. 
To help identify user needs and barriers to engagement, they recruited, in addition to their target 
patient population, mental health clinicians and expert app evaluators in a process of iterative 
co-design and evaluation, demonstrating how asynchronous remote communities (i.e., Slack) 
can facilitate both the creation and delivery of DMHIs. 
 
Another area where methodological innovation intersects with DMHIs is the field’s increasing 
emphasis on precision and personalized mental health (Cohen & DeRubeis, 2018), which relies 
heavily on predictive modeling and other data-driven approaches (Cohen, Delgadillo & 
DeRubeis, 2021). Recent work has confirmed Meehl’s (1954) findings on the limitations of 
clinician judgment (e.g., van Bronswijk et al., 2020) and demonstrated how clinical decision-
making can be improved through the use of decision-support tools based on predictive modeling 
(Delgadillo et al., 2021). Although a recent study by Mullainathan & Obermeyer (2022) highlights 
how advanced modeling approaches can better account for the complexity of clinical 
phenomena, barriers such as flawed heuristics for powering predictive models (van Smeden et 
al., 2019) and existing randomized clinical trials’ insufficiently small sample sizes (Lorenzo-
Luaces et al., 2020) still stand in the way of the field’s progress. New methods for calculating 
sample size requirements for developing and evaluating clinical prediction models have been 
proposed (Luedtke et al., 2019; Riley et al., 2021), but these efforts have focused on traditional 
clinician-delivered interventions. In their contribution to the special issue, McNamara and 



colleagues (2022) provide an accessible summary of this literature, highlighting opportunities 
and challenges for clinical prediction modeling in the context of DMHIs (e.g., Pearson et al., 
2019). Building on existing work, they present simulations that explore the impact of noise 
variables, measurement error, complex interactions, and nonlinear effects on sample size 
requirements for classic (generalized linear models) and machine learning-based (elastic net 
regression, random forests, gradient boosting machines, and super learners) clinical prediction 
modeling efforts. The authors conclude with a discussion of how DMHIs are well-suited to 
provide the data needed for precision mental health, and the ways in which predictive 
algorithms can contribute to real-world clinical care.  
 
DMHIs can generate large datasets not only by reaching people at scale, but also by leveraging 
repeated measures through intensive longitudinal designs. Such high-density datasets can 
advance the field by improving our ability to understand the inter- and intra-individual variability 
in peoples’ experience with mental health and disorders. Network theory and associated 
network modeling approaches have shown promise for capturing the temporal variability and 
complex interactions between specific symptoms, as well as environmental and contextual 
factors (Bringmann et al., 2022). However, the ecological moment assessment (EMA) often 
employed to collect the intensive longitudinal measurements required by these approaches 
incurs a significant measurement burden, limiting both scalability and practicality in real-world 
clinical contexts. One approach to reducing measurement burden is to use passive digital data 
to pursue moment-by-moment quantification via digital phenotyping. Passive sensors can 
provide objective data on individuals’ biology (e.g., heart rate), movement (e.g., actigraphy and 
GPS location), social interactions, and environment (e.g., light sensor). 
 
Although a large and growing body of work speaks to the ability of these so-called “digital 
biomarkers” to predict depression (De Angel et al., 2022), less attention has been paid to their 
application in anxiety disorders. To explore this potential, Jacobson and Bhattacharya (2022) 
developed idiographic models using smartphone sensor data to predict momentary anxiety and 
avoidance in a sample of 32 undergraduates with generalized or social anxiety disorder. These 
personalized deep learning models accounted for the majority of total variation in anxiety 
symptoms (R2 = 0.748), and demonstrated the ability to predict hour-to-hour variability in 
momentary anxiety (R2 = 0.385). “Digital biomarkers” is just one example of how passive data 
collection can improve our understanding of behavioral and emotional disorders as well as 
treatments.  
 
Ultimately, these data can support precision and data-driven personalization of DMHIs. As 
digital interventions they can provide interventions with near-perfect fidelity, and when 
structured as modular interventions, can break down treatment packages to isolate specific 
treatment components. The future of DMHIs might well involve sequences of interventions, 
perhaps even micro-intervention care (Baumel, Fleming, & Schueller, 2020). Importantly, 
however, we need to ensure that the methods for development, evaluation, and implementation 
do not remain static as the technologies, and as a result, the DMHIs, continue to innovate and 
advance.  
 



Improving understanding of the effective of digital mental health  
 
As mentioned previously, considerable evidence suggests that DMHIs are effective for various 
emotional and behavioral disorders (Karyotaki et al., 2021; Pauley et al., 2021). However, it has 
also been noted that many digital interventions lack supporting evidence (Larsen et al., 2019) 
and that in some areas, such as mental health apps, evidence only supports a few types of 
interventions (Goldberg et al., 2022). A major challenge for this field is that the number of 
products far outstrips the amount of evidence. Even the existence of hundreds of randomized 
controlled trials fails to be sufficient for the thousands of DMHIs that are available to consumers. 
Several papers in this special issue specifically investigate the evidence for various forms of 
DMHIs ranging from single-session online interventions (Dobias, Schleider, Jans, & Fox, 2021) 
to web-based cognitive-behavioral therapy (CBT, Karyotaki et al., 2022) to a suite of mobile 
applications (Mohr, Kwasny, Meyerhoff, Graham, & Lattie, 2021). In addition to indicating that 
DMHIs can be conceptualized quite differently in terms of expectations on the participants, 
these studies break down some traditional views on the use and benefits of these interventions.  
 
Karyotaki and colleagues (2022) report on a guided transdiagnostic iCBT intervention intended 
to reduce anxiety and depression in college students. Given the interest in disseminating DMHIs 
broadly to provide low-threshold resources to those with common mental health issues, such an 
intervention could be extremely useful in reducing the burden of emotional and behavioral 
disorders. Unfortunately, in their randomized controlled trial enrolling 100 college students they 
found no evidence that the iCBT was more effective on symptoms of depression and/or anxiety 
than treatment as usual which consisted of detailed information about care services in the 
community. Null findings, such as these, are useful to ensure findings are not oversold and 
interventions not overextended to populations in which they might be beneficial. It also brings 
into question the care models that DMHIs can create and whether interventions consisting of 
seven weekly sessions through a web-based platform makes sense for those with mild to 
moderate symptoms. A very different intervention model was evaluated by Dobais and 
colleagues (2021) who created Project SAVE (“Stop Adolescent Violence Everywhere”), an 
approximately 30-minute self-administered web-based program intended to reduce self-injurious 
behaviors in youth. The intervention was brief, specific, and intended to be a stand-alone 
“single-session intervention”, i.e., a youth would use the intervention once without returning 
later. This intervention was trialed among 565 adolescents and found to produce changes in 
short-term improvements of self-hatred and desire to stop future non-suicidal self-injury (NNSI) 
behavior but not 3-month outcomes of NSSI and suicidal ideation. Therefore, despite being 
acceptable and promising in the short-term, translation to more distal outcomes and long-term 
benefits requires additional consideration of building on promising short-term impacts. Mohr and 
colleagues (2021) conducted a meta-regression of three separate trials of a suite of app-based 
DMHIs for the treatment of depression and anxiety. The meta-regression combined 401 
participants across these 3 trials that included different deployment settings and recruitment 
strategies (e.g., via social media or healthcare systems) but were consistent in the app 
interventions and human support strategy. Investigating whether effectiveness varied by 
symptom severity, they found that although users improved significantly across all levels of 
baseline severity, an ordinal pattern existed such that the participants with the lowest symptom 



severity at baseline experienced the smallest benefits. This contradicts a popular notion that 
DMHIs might be most appropriate as low-intensity treatments for those with minor impairments 
or the worried well. Instead, it suggests that DMHIs, when provided alongside human support, 
can be impactful interventions for those with more severe symptoms. 
 
In sum, papers in this special issue highlight that some areas have clear and converging 
evidence, whereas other areas represent exciting new venues for DMHI. Clear evidence 
supports that digital CBT programs work, and that they work for populations with varying levels 
of symptoms. However, not all interventions might be effective as highlighted by the results from 
Karyotaki and colleagues (2022). Future efforts should explore the impact of DMHI dosing, and 
the potential to leverage models like single-session interventions.  
 
Advancing Dissemination through Academic-Industry Partnerships 
 
One appealing nature of DMHIs is the ability to reach those in need at scale. Academic 
interventions often end at the unit of the scientific publications, and even clinicians in practice 
can only help those who show up in their therapy offices. Although DMHIs offer to the potential 
to create new models of dissemination, academic endeavors often end at the unit of the 
scientific publications. For example, a systematic review of published RCTs of internet-based 
CBTs for depression found that the majority were not available at all, and only a quarter were 
available to the public (Buss et al., preprint). Relative to academics or clinicians themselves, 
industry might be better prepared to pursue impactful models for DMHI dissemination. With 
growing venture capital investment, industry’s impact on the mental healthcare ecosystem has 
increased. Academic-industry partnerships will play an important role fulfilling DMHI’s promise 
of accessibility.  
 
One of our articles (Ritterband et al., 2022) presents on data from digital insomnia intervention 
developed through such an academic-industry partnership. SHUTi is the research precursor to 
the FDA-authorized Somryst, commercialized by Pear Therapeutics. Ritterband and colleagues’ 
(2022) paper presents analyses of a large sample of “all-comer” population of users who 
purchased access to the SHUTi program. The authors demonstrate that SHUTi produces 
clinical impacts in real-world deployments consistent with clinical trials. They also report a dose-
response effect such that those who completed more SHUTi modules experienced 
proportionately greater reductions in the Insomnia Severity Index. In addition to opportunities 
(e.g., large sample size), this paper highlights challenges associated with using naturalistic data 
from real-world deployments of commercialized interventions, such as potential biases in 
sample demographics (which were difficult to characterize due to the limited assessment) due to 
the pay-to-access nature of the intervention, and significant dropout and missing outcome data. 
Although analyses of naturalistic samples might be represented as counters to RCTs, it is worth 
thinking about how these are complementary evaluations that are both necessary and relevant 
to the process of bringing DMHIs to market. In addition to robust evidence demonstrating clinical 
benefit, products also need feasibility and engagement data to demonstrate that people will 
actually use them in the real-world, and that when they do, they can use them effectively. 
DMHIs offer enormous potential to evaluate interventions in context and it is important to note 



that in-context evaluations are likely necessary to provide the information we need to scale 
(Mohr, Weingardt, Reddy, & Schueller, 2017).  

Advancing ‘Tech-quity’ in Digital Mental Health 

DMHIs present both barriers and opportunities to addressing the needs of traditionally 
minoritized and underserved communities (Ramos & Chavira, 2019; Schueller et al., 2019; 
Munoz et al., 2018). Despite similar or higher rates of mental health problems, historically 
minoritized populations (e.g., people of color, sexual/gender minorities) often experience 
reduced access to care. Due to their scalability, DMHIs represent a key tool among the broader 
array of approaches being used to address these issues in minoritized and other underserved 
communities (e.g., rural and low-income populations)(Schleider et al., 2020; Singla et al., 2017). 
Unfortunately, the full potential of DMHIs has yet to be achieved, due in part to low engagement 
resulting from factors like language barriers or poor cultural fit (Borghouts et al., 2021), and 
reduced accessibility for those with disabilities (Bunyi et al., 2021). Additionally, despite the 
widespread availability of technologies, technology access is not ubiquitous and such access, at 
least in the US, often intersects with other factors that have minoritized individuals. A significant 
digital divide exists leading to challenges in achieving health equity through technologies. 
Promoting better ‘tech-quity’ requires considerations at multiple levels to ensure that DMHIs are 
designed (ideally co-designed), tested, and deployed with diverse populations and groups in 
mind.  
 
Using data from a clinical trial of group cognitive-behavioral therapy in a sample of low-income, 
Spanish-speaking adults with depression (Aguilera et al., 2017), Hernandez-Ramos and 
colleagues (2021) evaluated the context of a daily text-messaging adjunct aimed to increase 
treatment engagement, adherence, and outcomes. In addition to a message reinforcing clinical 
content, clients completed ecological momentary assessments describing their mood, cognition, 
and behavior. The authors performed qualitative content analysis on clients’ free text responses, 
revealing associations between mood and client’s experiences with health, friends, religion, 
positive and negative emotions, dichotomous thinking, and behavioral activation. Their findings 
demonstrate how content generated by DMHIs can provide insights into the roles of 
sociocultural factors and core CBT elements in changes in mood among Latinxs. 
 
For the promise of DMHIs to be achieved, increased attention to Diversity, Equity, and Inclusion 
(DEI) is needed. For example, involving end-users and other stakeholders during the 
development and adaptation of DMHIs can increase acceptability and reduce barriers to 
accessibility and effectiveness (Ospina-Pinillos et al., 2020; Perera et al., 2020; Salamanca-
Sanabria et al., 2019, 2020). DMHI evaluation frameworks such as One Mind PsyberGuide 
(Neary & Schueller, 2018), American Psychiatric Association’s App Evaluation Framework 
(Torous et al., 2018; Lagan et al., 2020), and mindApps.org (Lagan et al., 2021) are not only 
used to evaluate the quality of DMHIs and help determine fit, but they also guide development 
by identifying important criteria. To determine the extent to which such evaluation efforts capture 
DEI factors, Ramos and colleagues (2021) conducted a scoping review of app evaluation 
frameworks, identifying 44 unique frameworks, only 58% of which included at least one DEI 



criterion. With the goal of improving the effectiveness of DMHIs in marginalized communities 
and advancing the goals of DEI, the authors provide recommendations for increasing the 
cultural robustness and clinical utility of existing evaluation frameworks. 
 
The State of Digital Mental Health in Behaviour Research and Therapy 
 
If these papers are meant to act as representatives and exemplars of DMHIs in behaviour 
research and therapy, then they highlight some important lessons for the field. First, not only do 
clinical researchers and practitioners need to work outside of their silos by connecting with other 
areas - human-computer interaction, data science, industry, investing, and policy - as a few 
examples, but all these fields need to come together to form interdisciplinary and 
transdisciplinary partnerships. The field of DMHI is owned by no one field specifically and 
instead the unique expertises, backgrounds, methods, and models, need to come together to 
make a field that represents and combines all aligned areas. Second, a tension exists between 
agility and evidence. The current state of mental health service delivery is in serious need of re-
design and innovation. Far too many people in need of support go without it and far too few 
people who receive care receive high-quality care. DMHI has the potential to fix this, but we 
cannot assume that something is always better than nothing. Indeed, a recent study showed 
iatrogenic effects of a brief digital intervention for those at risk through suicidal ideation (Simon 
et al., 2022). This brings us to our last point, we need far better evidence. Many of our studies 
are based on samples that are too small and too “WEIRD” (Western, educated, industrialized, 
rich and democratic). As mentioned earlier there is an evidence gap in that although many 
studies demonstrate that DMHI is effective, most DMHIs available to consumers have not been 
evaluated. As demonstrated in this issue (i.e., Karyotaki et al., 2022), and elsewhere (i.e., 
Simon et al., 2022) DMHI does not always work. Models of evaluation that can create 
knowledge faster and in real-world settings (i.e., Mohr, Cheung, Schueller, Brown, & Duan, 
2013; Powell, Neary & Schueller, 2021) are necessary to accelerate translation and monitor 
DMHIs while deployed and available to consumers. 
 
Nevertheless, these papers demonstrate how far the field has evolved since the early papers 
published in this journal in the late 1990s. They begin to break down some of the challenges 
identified before - larger samples, combining multiple studies, addressing diversity, equity, and 
inclusion, and bringing together clinical scientists with human-computer interaction specialists. 
Building on and correcting this work can offer a bright potential for the future and the opportunity 
for the potential of digital mental health to be realized.  
 
Moving Forward - The Future of Digital Mental Health 
 
We would like to close to note a few areas where we had hoped to see more scholarship as that 
might lead to some suggestions for future directions for DMHI. Although effective DMHIs exist, 
far too few make it into the hands of those who might benefit from them. The “if you build it, they 
will come” approach to DMHI has obviously failed as well as the line of thinking that DMHIs are 
simply technological products that can be acquired and plugged into service systems. 
Leveraging implementation science to support the clinical integration of DMHIs is a growing 



area of research (Schueller & Torous, 2020), and we would expect many lessons to be shared 
from such projects in the coming years. One critical concern though related to implementation is 
reimbursement and given that the mental health service system is largely built on pay-for 
service reimbursement models this leaves it an open question of where DMHIs fit in. Indeed, 
current models of reimbursement have been found to be insufficient for the different ways 
systems are attempting to use DMHIs or reimburse for current mental health services (Powell, 
Bowman, & Harbin, 2019). We also expected to see more DMHIs using various technological 
innovations to create new forms of interventions including chatbots, virtual reality, and 
augmented reality. The early DMHIs used fairly basic forms of interaction style and in some 
instances DMHIs have not broken that mode. As we previously suggested, combining expertise 
across disciplines might help solve some of this, but it will also require validating truly new 
interventions that are based on understanding from our field but on interactions made possible 
through technology.  
 
We noted earlier that DMHIs are not meeting their full potential. Yet tackling many of the issues 
started in this special issue - advanced methods, better understanding of effectiveness (and its 
limits), partnering with industry, and pursuing ‘tech-quity’ - all provide pathways to advance that 
potential. We hope these papers are as inspiring to other readers as they were to us, and that 
the future of the field will be shaped and informed by their learnings. Ultimately, at the end of the 
day, the value of technology will be whether we can better understand behaviour research and 
therapies - how they work, who they work for, and how to create better treatments - as well as 
whether we can move the needle in terms of improving the lives of those who are impacted by 
behavioral and emotional disorders.  
 
  



References 
 
Aguilera, A., Bruehlman-Senecal, E., Demasi, O., & Avila, P. (2017). Automated text messaging 
as an adjunct to cognitive behavioral therapy for depression: A clinical trial. Journal of Medical 
Internet Research, 19(5), Article e148. https://doi.org/ 10.2196/jmir.6914 
 
Baumel, A., Edan, S., & Kane, J. M. (2019). Is there a trial bias impacting user engagement with 
unguided e-mental health interventions? A systematic comparison of published reports and real-
world usage of the same programs. Translational behavioral medicine, 9(6), 1020-1033. 
 
Baumel, A., Fleming, T., & Schueller, S. M. (2020). Digital micro interventions for behavioral and 
mental health gains: core components and conceptualization of digital micro intervention care. 
Journal of medical Internet research, 22(10), e20631. 
 
Borghouts, J., Eikey, E., Mark, G., De Leon, C., Schueller, S. M., Schneider, M., Stadnick, N., 
Zheng, K., Mukamel, D., & Sorkin, D. H. (2021). Barriers to and Facilitators of User Engagement 
With Digital Mental Health Interventions: Systematic Review. J Med Internet Res, 23(3), 
e24387. https://doi.org/10.2196/24387  
 
Botella, C., Baños, R. M., Perpiñá, C., Villa, H., Alcañiz, M., & Rey, A. (1998). Virtual reality 
treatment of claustrophobia: a case report. Behaviour research and therapy, 36(2), 239-246. 
 
Bringmann, L. F., Albers, C., Bockting, C., Borsboom, D., Ceulemans, E., Cramer, A., Epskamp, 
S., Eronen, M. I., Hamaker, E., Kuppens, P., Lutz, W., McNally, R. J., Molenaar, P., Tio, P., 
Voelkle, M. C., & Wichers, M. (2022). Psychopathological networks: Theory, methods and 
practice. Behav Res Ther, 149, 104011. https://doi.org/10.1016/j.brat.2021.104011  
 
Bunyi, J., Ringland, K. E., & Schueller, S. M. (2021). Accessibility and Digital Mental Health: 
Considerations for More Accessible and Equitable Mental Health Apps. Frontiers in Digital 
Health, 3. https://doi.org/10.3389/fdgth.2021.742196  
 
Buss JF, Steinberg JS, Banks G, Horani D, Rutter LA, Wasil AR, & Lorenzo-Luaces L. (revised 
2022, June 17). Availability of internet-based cognitive behavioral therapies (iCBTs) for 
depression: A systematic review. https://doi.org/10.31234/osf.io/2jwgd 
 
Carlbring, P., Nilsson-Ihrfelt, E., Waara, J., Kollenstam, C., Buhrman, M., Kaldo, V., ... & 
Andersson, G. (2005). Treatment of panic disorder: live therapy vs. self-help via the Internet. 
Behaviour research and therapy, 43(10), 1321-1333. 
 
Cohen, Z. D., Delgadillo, J., & DeRubeis, R. J. (2021). Personalized Treatment Approaches. In 
M. Barkham, W. Lutz, & L. G. Castonguay (Eds.), Bergin and Garfield’s Handbook of 
Psychotherapy and Behavior Change (7th ed.). John Wiley & Sons, Ltd. 
 



Cohen, Z. D., & DeRubeis, R. J. (2018). Treatment Selection in Depression. Annual Review of 
Clinical Psychology, 14, 209–236. https://doi.org/10.1146/ANNUREV-CLINPSY-050817-084746 
 
De Angel, V., Lewis, S., White, K., Oetzmann, C., Leightley, D., Oprea, E., Lavelle, G., 
Matcham, F., Pace, A., Mohr, D. C., Dobson, R., & Hotopf, M. (2022). Digital health tools for the 
passive monitoring of depression: a systematic review of methods. NPJ Digit Med, 5(1), 3. 
https://doi.org/10.1038/s41746-021-00548-8  
 
Devineni, T., & Blanchard, E. B. (2005). A randomized controlled trial of an internet-based 
treatment for chronic headache. Behaviour research and therapy, 43(3), 277-292. 
 
Delgadillo, J., Ali, S., Fleck, K., Agnew, C., Southgate, A., Parkhouse, L., Cohen, Z. D., 
DeRubeis, R. J., & Barkham, M. (2022). Stratified care vs stepped care for depression: A cluster 
randomized clinical trial. JAMA psychiatry, 79(2), 101-108.  
 
Dobias, M. L., Schleider, J. L., Jans, L., & Fox, K. R. (2021). An online, single-session 
intervention for adolescent self-injurious thoughts and behaviors: Results from a randomized 
trial. Behav Res Ther, 147, 103983. https://doi.org/10.1016/j.brat.2021.103983  
 
Goldberg, S. B., Lam, S. U., Simonsson, O., Torous, J., & Sun, S. (2022). Mobile phone-based 
interventions for mental health: A systematic meta-review of 14 meta-analyses of randomized 
controlled trials. PLOS Digital Health, 1(1), e0000002. 
 
Hernandez-Ramos, R., Altszyler, E., Figueroa, C. A., Avila-Garcia, P., & Aguilera, A. (2021). 
Linguistic analysis of Latinx patients' responses to a text messaging adjunct during cognitive 
behavioral therapy for depression. Behav Res Ther, 150, 104027. 
https://doi.org/10.1016/j.brat.2021.104027  
 
Jacobson, N. C., & Bhattacharya, S. (2021). Digital biomarkers of anxiety disorder symptom 
changes: Personalized deep learning models using smartphone sensors accurately predict 
anxiety symptoms from ecological momentary assessments. Behaviour Research and Therapy. 
https://doi.org/10.1016/j.brat.2021.104013  
 
Jenness, J. L., Bhattacharya, A., Kientz, J. A., Munson, S. A., & Nagar, R. R. (2022). Lessons 
learned from designing an asynchronous remote community approach for behavioral activation 
intervention for teens. Behav Res Ther, 151, 104065. https://doi.org/10.1016/j.brat.2022.104065  
 
Karyotaki, E., Efthimiou, O., Miguel, C., Bermpohl, F. M. G., Furukawa, T. A., Cuijpers, P., ... & 
Forsell, Y. (2021). Internet-based cognitive behavioral therapy for depression: a systematic 
review and individual patient data network meta-analysis. JAMA psychiatry, 78(4), 361-371. 
 
Karyotaki, E., Klein, A. M., Ciharova, M., Bolinski, F., Krijnen, L., de Koning, L., de Wit, L., van 
der Heijde, C. M., Ebert, D. D., Riper, H., Batelaan, N., Vonk, P., Auerbach, R. P., Kessler, R. 
C., Bruffaerts, R., Struijs, S., Wiers, R. W., & Cuijpers, P. (2022). Guided internet-based 



transdiagnostic individually tailored Cognitive Behavioral Therapy for symptoms of depression 
and/or anxiety in college students: A randomized controlled trial. Behav Res Ther, 150, 104028. 
https://doi.org/10.1016/j.brat.2021.104028  
 
Lagan, S., Aquino, P., Emerson, M. R., Fortuna, K., Walker, R., & Torous, J. (2020). Actionable 
health app evaluation: translating expert frameworks into objective metrics. NPJ digital 
medicine, 3(1), 1-8. 
 
Lagan, S., D'Mello, R., Vaidyam, A., Bilden, R., & Torous, J. (2021). Assessing mental health 
apps marketplaces with objective metrics from 29,190 data points from 278 apps. Acta 
Psychiatr Scand, 144(2), 201-210. https://doi.org/10.1111/acps.13306  
 
Larsen, M. E., Huckvale, K., Nicholas, J., Torous, J., Birrell, L., Li, E., & Reda, B. (2019). Using 
science to sell apps: evaluation of mental health app store quality claims. NPJ digital medicine, 
2(1), 1-6. 
 
Lattie, E. G., Stiles-Shields, C., & Graham, A. K. (2022). An overview of and recommendations 
for more accessible digital mental health services. Nature Reviews Psychology, 1(2), 87-100. 
https://doi.org/10.1038/s44159-021-00003-1  
 
Lorenzo-Luaces, L., Peipert, A., De Jesús Romero, R., Rutter, L. A., & Rodriguez-Quintana, N. 
(2020). Personalized Medicine and Cognitive Behavioral Therapies for Depression: Small 
Effects, Big Problems, and Bigger Data. International Journal of Cognitive Therapy. 
https://doi.org/https://doi.org/10.1007/s41811-020-00094-3  
 
Luedtke, A., Sadikova, E., & Kessler, R. C. (2019). Sample size requirements for multivariate 
models to predict between-patient differences in best treatments of major depressive disorder. 
Clinical Psychological Science, 7(3), 445–461. https://doi.org/10.1177/2167702618815466. 
 
Lyon AR, Munson SA, Renn BN, Atkins DC, Pullmann MD, Friedman E, Areán PA. (2019). Use 
of Human-Centered Design to Improve Implementation of Evidence-Based Psychotherapies in 
Low-Resource Communities: Protocol for Studies Applying a Framework to Assess Usability. 
JMIR Res Protoc; 8(10):e14990. doi: 10.2196/14990 
 
McNamara, M. E., Zisser, M., Beevers, C. G., & Shumake, J. (2022). Not just "big" data: 
Importance of sample size, measurement error, and uninformative predictors for developing 
prognostic models for digital interventions. Behav Res Ther, 153, 104086. 
https://doi.org/10.1016/j.brat.2022.104086  
 
Meehl, P. E. (1954). Clinical versus statistical prediction: A theoretical analysis and a review of 
the evidence. University of Minnesota Press. https://doi.org/http://dx.doi.org/10.1037/11281-000  
 



Mohr, D. C., Burns, M. N., Schueller, S. M., Clarke, G., & Klinkman, M. (2013). Behavioral 
intervention technologies: evidence review and recommendations for future research in mental 
health. General hospital psychiatry, 35(4), 332-338. 
 
Mohr, D. C., Cheung, K., Schueller, S. M., Brown, C. H., & Duan, N. (2013). Continuous 
evaluation of evolving behavioral intervention technologies. American journal of preventive 
medicine, 45(4), 517-523. 
 
Mohr, D. C., Kwasny, M. J., Meyerhoff, J., Graham, A. K., & Lattie, E. G. (2021). The effect of 
depression and anxiety symptom severity on clinical outcomes and app use in digital mental 
health treatments: Meta-regression of three trials. Behav Res Ther, 147, 103972. 
https://doi.org/10.1016/j.brat.2021.103972  
 
Mohr, D. C., Weingardt, K. R., Reddy, M., & Schueller, S. M. (2017). Three problems with 
current digital mental health research... and three things we can do about them. Psychiatric 
services, 68(5), 427-429. 
 
Mullainathan, S., & Obermeyer, Z. (2022). Diagnosing Physician Error: A Machine Learning 
Approach to Low-Value Health Care. The Quarterly Journal of Economics, 137(2), 679-727. 
https://doi.org/10.1093/qje/qjab046  
 
Munoz, R. F., Chavira, D. A., Himle, J. A., Koerner, K., Muroff, J., Reynolds, J., Rose, R. D., 
Ruzek, J. I., Teachman, B. A., & Schueller, S. M. (2018). Digital apothecaries: a vision for 
making health care interventions accessible worldwide. Mhealth, 4, 18. 
https://doi.org/10.21037/mhealth.2018.05.04  
 
Neary, M., & Schueller, S. M. (2018). State of the field of mental health apps. Cognitive and 
Behavioral Practice, 25(4), 531-537. 
 
Ospina-Pinillos, L., Davenport, T. A., Navarro-Mancilla, A. A., Cheng, V. W. S., Cardozo 
Alarcon, A. C., Rangel, A. M., Rueda-Jaimes, G. E., Gomez-Restrepo, C., & Hickie, I. B. (2020). 
Involving End Users in Adapting a Spanish Version of a Web-Based Mental Health Clinic for 
Young People in Colombia: Exploratory Study Using Participatory Design Methodologies. JMIR 
Ment Health, 7(2), e15914. https://doi.org/10.2196/15914  
 
Pauley, D., Cuijpers, P., Papola, D., Miguel, C., & Karyotaki, E. (2021). Two decades of digital 
interventions for anxiety disorders: a systematic review and meta-analysis of treatment 
effectiveness. Psychological Medicine, 1-13. 
 
Pearson R, Pisner D, Meyer B, Shumake J, Beevers CG (2019). A machine learning ensemble 
to predict treatment outcomes following an Internet intervention for depression. Psychological 
Medicine 49, 2330–2341. https://doi.org/10.1017/ S003329171800315X 
 



Perera, C., Salamanca-Sanabria, A., Caballero-Bernal, J., Feldman, L., Hansen, M., Bird, M., 
Hansen, P., Dinesen, C., Wiedemann, N., & Vallieres, F. (2020). No implementation without 
cultural adaptation: a process for culturally adapting low-intensity psychological interventions in 
humanitarian settings. Confl Health, 14, 46. https://doi.org/10.1186/s13031-020-00290-0  
 
Powell, A. C., Bowman, M. B., & Harbin, H. T. (2019). Reimbursement of apps for mental 
health: findings from interviews. JMIR mental health, 6(8), e14724. 
 
Powell, A. C., Neary, M., & Schueller, S. M. (2021). Mental Health Apps: Ensuring Quality and 
Reimbursement Through a Dynamic Payment Formulary. Psychiatric Services, 72(5), 614-614. 
 
Ramos, G., & Chavira, D. A. (2019). Use of Technology to Provide Mental Health Care for 
Racial and Ethnic Minorities: Evidence, Promise, and Challenges. Cognitive and Behavioral 
Practice. https://doi.org/10.1016/j.cbpra.2019.10.004  
 
Ramos, G., Ponting, C., Labao, J. P., & Sobowale, K. (2021). Considerations of diversity, equity, 
and inclusion in mental health apps: A scoping review of evaluation frameworks. Behav Res 
Ther, 147, 103990. https://doi.org/10.1016/j.brat.2021.103990  
 
Riley, R. D., Debray, T. P. A., Collins, G. S., Archer, L., Ensor, J., van Smeden, M., & Snell, K. I. 
E. (2021). Minimum sample size for external validation of a clinical prediction model with a 
binary outcome. Stat. Med., 40(19), 4230–4251. 
 
Ritterband, L. M., Thorndike, F. P., Morin, C. M., Gerwien, R., Enman, N. M., Xiong, R., Luderer, 
H. F., Edington, S., Braun, S., & Maricich, Y. A. (2022). Real-world evidence from users of a 
behavioral digital therapeutic for chronic insomnia. Behav Res Ther, 153, 104084. 
https://doi.org/10.1016/j.brat.2022.104084  
 
Salamanca-Sanabria, A., Richards, D., & Timulak, L. (2019). Adapting an internet-delivered 
intervention for depression for a Colombian college student population: An illustration of an 
integrative empirical approach. Internet Interv, 15, 76-86. 
https://doi.org/10.1016/j.invent.2018.11.005  
 
Salamanca-Sanabria, A., Richards, D., Timulak, L., Connell, S., Mojica Perilla, M., Parra-Villa, 
Y., & Castro-Camacho, L. (2020). A Culturally Adapted Cognitive Behavioral Internet-Delivered 
Intervention for Depressive Symptoms: Randomized Controlled Trial. JMIR Ment Health, 7(1), 
e13392. https://doi.org/10.2196/13392  
 
Schueller, S. M., Hunter, J. F., Figueroa, C., & Aguilera, A. (2019). Use of digital mental health 
for marginalized and underserved populations. Current Treatment Options in Psychiatry, 6(3), 
243-255. 
 
Schueller, S. M., & Torous, J. (2020). Scaling evidence-based treatments through digital mental 
health. American Psychologist, 75(8), 1093. 



 
Schleider, J. L., Burnette, J. L., Widman, L., Hoyt, C., & Prinstein, M. J. (2020). Randomized trial 
of a single-session growth mind-set intervention for rural adolescents’ internalizing and 
externalizing problems. Journal of Clinical Child & Adolescent Psychology, 49(5), 660-672. 
 
Shah, R. N., & Berry, O. O. (2021). The rise of venture capital investing in mental health. JAMA 
psychiatry, 78(4), 351-352. 
 
Simon, G. E., Shortreed, S. M., Rossom, R. C., Beck, A., Clarke, G. N., Whiteside, U., Richards, 
J. E., Penfold, R. B., Boggs, J. M., & Smith, J. (2022). Effect of Offering Care Management or 
Online Dialectical Behavior Therapy Skills Training vs Usual Care on Self-harm Among Adult 
Outpatients With Suicidal Ideation: A Randomized Clinical Trial. Jama, 327(7), 630-638. 
https://doi.org/10.1001/jama.2022.0423 
 
Singla, D. R., Kohrt, B. A., Murray, L. K., Anand, A., Chorpita, B. F., & Patel, V. (2017). 
Psychological Treatments for the World: Lessons from Low- and Middle-Income Countries. 
Annual Review of Clinical Psychology, 13(1), 149-181. https://doi.org/10.1146/annurev-clinpsy-
032816-045217  
 
Torous, J. B., Chan, S. R., Gipson, S. Y. M. T., Kim, J. W., Nguyen, T. Q., Luo, J., & Wang, P. 
(2018). A hierarchical framework for evaluation and informed decision making regarding 
smartphone apps for clinical care. Psychiatric Services, 69(5), 498-500. 
 
van Bronswijk, S. C., Lemmens, L. H., Huibers, M. J., & Peeters, F. P. (2020). Selecting the 
optimal treatment for a depressed individual: clinical judgment or statistical prediction? Journal 
of Affective Disorders.  
 
van Smeden, M., Moons, K. G., de Groot, J. A., Collins, G. S., Altman, D. G., Eijkemans, M. J., 
& Reitsma, J. B. (2019). Sample size for binary logistic prediction models: Beyond events per 
variable criteria. Stat Methods Med Res, 28(8), 2455-2474. 
https://doi.org/10.1177/0962280218784726  
 
Wasil, A. R., Gillespie, S., Shingleton, R., Wilks, C. R., & Weisz, J. R. (2020). Examining the 
reach of smartphone apps for depression and anxiety. American Journal of Psychiatry, 177(5), 
464-465. 


