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ABSTRACT 

Digital health interventions are exploding in today’s medical practice and 
have tremendous potential to support the treatment of substance use 
disorders (SUD). Developers and healthcare providers alike must be 
cognizant of the potential for digital interventions to exacerbate existing 
inequities in SUD treatment, particularly as they relate to Social 
Determinants of Health (SDoH). To explore this evolving area of study, this 
manuscript will review the existing concepts of the digital divide and 
digital inequities, and the role SDoH play as drivers of digital inequities. 
We will then explore how the data used and modeling strategies can create 
bias in digital health tools for SUD. Finally, we will discuss potential 
solutions and future directions to bridge these gaps including smartphone 
ownership, Wi-Fi access, digital literacy, and mitigation of historical, 
algorithmic, and measurement bias. Thoughtful design of digital 
interventions is quintessential to reduce the risk of bias, decrease the 
digital divide, and create equitable health outcomes for individuals with 
SUD. 
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Food and Drug Administration; USDA, United States Department of 
Agriculture; BIPOC, Black Indigenous and other People of Color  

INTRODUCTION  

Digital health interventions, or those that leverage computing 
platforms, connectivity, software, and sensors for health care and related 
uses [1], are rapidly growing within the field of medicine. As devices such 
as smartphones, wearable devices, and computers have become 
ubiquitous in patients’ lives, they can be used to collect tremendous 
amounts of data, rapidly analyze trends, facilitate communication, and 
deliver interventions. For example, smart phones applications (or “apps”) 
exist that can serve as a portal to a telehealth visit, a source of information 
to learn about one’s diagnosis or a means to locate critically needed 
services. Wearable sensors, such as smartwatches have the ability to 
collect continuous physiologic data, which can be synthesized into digital 
biomarkers that predict disease or outcomes.  

In a national survey conducted by the AMA including a mix of primary 
care physicians and specialists, opinions that digital health tools were 
advantageous to patient care increased from 85% in 2016 to 93% in 2022. 
The average number of digital health tools used by a physician growing 
from 2.2 to 3.8 over that same time period [2]. In a recent cross-sectional 
study of United States (US) accountable care organizations by Miller–
Rosales et al., approximately one-third of the organizations surveyed 
integrated at least one digital health technology at the system level to 
support treatment of opioid use disorder (OUD) [3]. Overall, digital health 
technologies are being used to improve access, increase quality, 
personalize medicine, and reduce both costs and inefficiencies [1]. 
However, vulnerable populations face a variety of barriers that contribute 
to unequal access of digital health interventions and their related benefits 
[4]. Quality improvements on healthcare disparities have been 
consistently documented to improve the treatment, diagnosis, and health 
outcomes of a variety of conditions [5]. Therefore, in evaluating the 
potential of digital health interventions to help bolster current SUD 
treatment efforts, it is important to consider the factors that contribute to 
potential bias.  

Addressing the inequality of digital health interventions is of particular 
interest related to their implementation for substance use disorder (SUD). 
The SUD crisis continues to devastate the US, with drug overdose deaths 
climbing from approximately 72,000 in 2019 to 107,000 in 2022 [6]. Recent 
reports show that 16.5% of Americans aged 12 and older met DSM-V 
criteria for a diagnosis of a SUD in 2022, and it is estimated that less than 
20% of people with SUD receive treatment [7,8]. Other intersectional 
variables including socioeconomic status and race highlight differential 
risk for people with SUD. For example, people experiencing homelessness 
have more difficulty accessing treatment, and higher risk of overdose 
death [9]. Individuals who identify as black, indigenous, and people of 
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color (BIPOC) have disproportionate levels of SUD, fewer treatment 
options, and have more negative health outcomes which are compounded 
by systemic racism and stigma [10,11].  

Digital health interventions have been proposed as solutions to some of 
the barriers to SUD treatment [12,13], but have the potential to 
inadvertently worsen disparities if not developed and deployed with 
careful attention to the barriers that target end-users already face. The 
current manuscript seeks to further explore the potential pitfalls, but also 
the promise, of digital health interventions for SUD through a health 
equity lens. We will highlight key concepts related to digital inequities 
specific to the case of SUD, SDoH as drivers of digital inequities, and ways 
in which data and algorithms contribute to the disparities of digital health 
interventions within this population. Finally, we will discuss solutions and 
relevant future directions. 

SOCIAL DETERMINANTS OF HEALTH AS DRIVERS OF DIGITAL 

INEQUITIES 

Social determinants of health are broadly defined by the Centers for 
Disease Control (CDC) as “conditions in the places where people live, learn, 
work, and play that affect a wide range of health risks and outcomes” [14]. 
These are subdivided into five domain areas including economic stability, 
neighborhood, education access and quality, health access and quality, 
and social and cultural context. Broadband access and digital health 
literacy have been coined ‘super determinants of health’ because of their 
significant influences on health outcomes [15]. Digital inequities, defined 
as differential use of digital solutions based on demographic and 
socioeconomic characteristics, limit the promise of mobile health 
(mHealth) and further divide the US population in terms of healthcare 
access and outcomes. The related term “digital divide” refers to the 
disparity of technological applications that stem predominantly from 
issues with access and to a lesser degree usage [16]. While the digital space 
now provides more access to care for those that need it, getting access to 
those digital spaces still remains a challenge. Lack of digital equipment, 
access, and knowledge to use digital resources all fuel the divide [17]. 
Specifically for SUD, digital inequity present a major barrier to mHealth 
interventions as it also threatens sobriety and recovery.  

The rapid dissemination and uptake of telehealth in recent years 
(throughout a variety of medical specialties, including addiction medicine 
[4]), driven by the COVID-19 pandemic, has provided some insight into 
barriers of digital health implementation. In the addiction medicine space, 
telehealth facilitated services such as virtual peer support meetings (e.g., 
Alcoholics Anonymous), and virtual prescribing of medications for 
addiction treatment (buprenorphine and methadone) [4]. Widespread 
reliance on telehealth created a unique opportunity to expose both the 
promise of digital health and the potential inequities these tools 
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exacerbate. Four important areas of concern are broadband access, digital 
device access, privacy, and digital literacy.  

Broadband Access 

The lack of equal access to broadband throughout the country has led 
to disparities in health care delivery, health literacy and public health 
messaging [18]. Areas of limited or no connectivity are mostly in rural and 
select urban communities, and disproportionately affect those of lower 
socioeconomic status, people over the age of 65, and communities who 
identify as BIPOC [15]. Connectivity has repeatedly been linked to better 
health outcomes: for example, in a study of 3026 participants with OUD, it 
was found that both cell phone and internet use was associated with 
increased days of medication for opioid use disorder (MOUD) [19]. The 
COVID-19 pandemic increased society’s dependence on broadband, and 
reliable internet access has become necessary to link people to jobs, 
education, information, and healthcare. The digital divide has direct 
health consequences with those living in areas with limited internet access, 
creating less access to primary care, higher rates of chronic disease, and 
more preventable hospitalizations [20]. Individuals with SUD experience 
stigma and marginalization at baseline [11], and decreased internet access 
limits economic, education, and treatment options and compounds 
existing health disparities.  

Digital Device Access 

With a smartphone being the most common tool from which to launch 
digital interventions, smartphone ownership is another key factor. Within 
the SUD literature, reported smartphone usage varies from 57% to 94% 
[21–23]. For example, in a study of 178 patients receiving methadone 
maintenance treatment, 94% noted that they owned a smartphone within 
the past year [22]. However, it is important to consider disparities in the 
quality of smartphone technology when considering the larger picture of 
the digital divide. Many studies that assess phone ownership do not 
differentiate traditional smartphones from feature phones, the latter of 
which have internet access but lack the advanced functionality of a true 
smartphone [24]. Lower-end processing power in feature phones 
significantly impact the performance of, and user experience with, digital 
interventions. The Android Go operating system for example, developed 
and distributed by Google, has a subset of the features that the complete 
Android operating system contains, resulting in a stripped-down version 
requiring less processing power, storage, and memory to operate and run 
applications [25]. Data is not available regarding the digital capabilities of 
smartphones used by people with SUD; however, in our teams’ experience 
feature phones are more common than in the general population. 
Developers of digital interventions for SUD will need to consider whether 
(and how) to support lower-end smartphones with their application 
development strategies.  
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An additional consideration once patients have access to the hardware 
to use digital health interventions is the access to the software itself if there 
are associated fees. Currently many digital health tools for SUD are 
available only through research studies. However, the number of 
prescription digital therapeutics is growing, raising questions regarding 
payer reimbursement. Uninsured or underinsured patients would again 
be in a position of disparity; this will be an area to monitor closely as 
policies evolve. 

Privacy and Cultural Concerns 

Besides access issues related to smartphone ownership and quality, 
there are a variety of patient viewpoints that affect usage of digital 
interventions for SUD treatment. In a recent review article of 22 studies 
looking at digital interventions, overall acceptability of mHealth 
interventions for SUD was found to be high [26]. However, some studies 
have revealed specific concerns from end-users. For example, usage of 
geolocation has been repeatedly associated with poor acceptance [27]. One 
study cited that 46% of survey respondents receiving addiction treatment 
rated the use of geolocation as unacceptable. An earlier study, sampling 
patients in the emergency department being treated for drug and alcohol 
use, noted that those suffering from drug misuse were less likely to be 
accepting of technological-based solutions for SUD information. The 
authors cited a high rate (54%) of concern for confidentiality (the 
protection of personal information) among this population and concluded 
that increased clarification surrounding privacy policies may be useful to 
alleviate this concern [27]. This concern for privacy was also illustrated in 
a study looking at mHealth acceptance in China, where the authors 
suggested that strong cultural stigma and fear for repercussions drove 
negative perceptions of technology usage [28]. Although privacy is always 
a concern when monitoring individual level data, this issue is amplified by 
the stigmatized nature of the disease process and the potential 
consequences (legal and otherwise) of exposure. Other key ideas related 
to differential usage in the literature include age, with subject populations 
often being skewed towards younger groups, and cultural differences 
affecting overall acceptability and uptake [26].   

Digital Literacy 

Perhaps the least well-studied barrier related to SDoH is digital literacy, or 
the ability to find, evaluate, and communicate information using digital 
platforms, which is required to use digital health tools to their full capacity 
[29]. Just as overall health literacy has been positively correlated with 
improved preventive behaviors and health outcomes, digital literacy 
similarly empowers individuals to understand, meaningfully engage with, 
and apply content provided [30]. The converse is also true, and the lack of 
digital health literacy makes it difficult or impossible to leverage the 
power of digital health interventions. 
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ALGORITHMS AS SOURCES OF DISPARITIES 

The increased adoption of digital devices in medicine has increased 
data collection, and consequently the use of algorithms to learn insights 
from that data. Machine learning (ML) is a subfield of artificial intelligence 
in which statistical techniques are utilized to learn patterns in data 
without a computer programmer explicitly providing the instructions to 
the computer [31-32]. Machine learning has gained popularity in medicine 
and in SUD treatment and is commonly used in digital interventions. While 
ML algorithms have the power to reveal new knowledge to us, they also 
can replicate and magnify existing disparities as a consequence of the data 
used in learning as well as the algorithmic choices made when training the 
models.  

Historical, label, and measurement biases are some of the main ways 
systemic and human prejudices can be introduced into ML models and 
propagated by them. Historical bias [33-36] arises when data collected in 
the past, which may contain human and systemic prejudices and 
stereotypes, is used to learn a function that is then used to predict the 
future. Despite the modeler’s best efforts, the generated model will 
represent “the world as it is or was” [37], that is, circumstances when the 
data was originally collected. Label bias [38] is a subtype of historical bias 
and refers to the high likelihood of minoritized groups being assigned 
incorrect outcomes when learning the models. For example, underrating 
and undertreatment of pain has been well-documented for certain patient 
groups, including women, racial minorities, and people with SUD [39-42]. 
Using data collected in the past to build a model that predicts the need for 
analgesia would perform poorly for these categories of patients despite 
achieving high accuracy in the training dataset. This bias severely affects 
supervised learning, a subfield of ML that learns from data with assigned 
outcomes and is the subfield of ML most implemented in medicine [43-45] 
and SUD [46-47]. Measurement bias refers to the under or over-
representation of certain groups during data collection. For instance, 
racial minorities in the US could be overrepresented in criminal data [48] 
as a consequence of being overpoliced or white males could be 
overrepresented in data used to train facial recognition software [49]. In 
SUD, measurement bias can be of concern due to lack of access to digital 
tools and consistency in their use. Since both factors are strongly affected 
by SDoH, digital inequities could result in some populations being 
underrepresented and therefore not included in the learned models. For 
example: studies requiring participants to have their own mobile devices 
can lead to a biased sample of participants, resulting in a model that has 
minimal data on the most at-risk members of the target population [38,50]. 

Model design choices also have the potential to introduce biases, 
including model architecture, optimization (approach for reducing the 
errors when learning a model), hyperparameters (parameters that specify 
the details of the learning a model), and loss functions (approaches to 
compute the error a model is making). This is referred to as algorithmic 
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bias [34,51]. For instance, many models in supervised learning have one 
objective; to reduce the error in assigning the correct label to every data 
row. Prioritizing one objective, in this case accuracy on the held-out 
dataset, inevitably introduces new trade-offs [51]. The growing field of 
fairness in ML has shown that models can trade off fairness for high 
accuracy on the held-out dataset [52–54]. In other words, the model with 
high accuracy can perform substantially worse on underrepresented 
groups. This bias is exacerbated when the group that is underrepresented 
in the data is then over-represented in the real world. 

Digital devices have also proliferated the collection and use of digital 
biomarkers, or end-user-generated markers derived from these 
technologies which indicate normal physiology, pathology, or response to 
treatment [55,56]. In addition to suffering from the listed challenges, the 
performance of digital biomarkers may differ across patient groups due to 
variations in sensor data. For instance, it has been shown that pulse 
oximeters have a significant decrease in accuracy for darker-skinned 
people compared to those with lighter skin tones [57] and that accuracy of 
heart rate variability can vary with skin tone in some sensors [58].  If the 
devices are poorly calibrated for particular patient groups, digital 
biomarkers would still be inaccurate despite other efforts such as ensuring 
equity in representation, consistency in the use of the devices, and using 
proper modeling approaches. 

POTENTIAL SOLUTIONS AND FUTURE DIRECTIONS 

In addition to providing technological innovation, digital interventions 
for SUD must also help overcome existing barriers and challenges as 
opposed to exacerbating them. To ensure these promising tools reach their 
full potential, those who need them most need to also have access (to the 
necessary broadband and devices), skills (digital literacy), and acceptance 
to unbiased tools that work for them. To achieve this laudable goal, 
researchers, developers, clinicians, and policymakers need to take steps to 
address all of these components. 

Increasing Broadband Access 

Programs to increase internet connectivity of all communities are at the 
heart of decreasing the digital divide. According to the 2020 broadband 
report, 22.3% of American rural areas and 27.7% of American Tribal Lands 
still lack high-speed broadband internet coverage. The United States Food 
and Drug Administration (FDA) launched the ReConnect Loan and Grant 
Program in 2018 which invested over $1 billion to expand high-speed 
broadband infrastructure in underserved rural areas and Tribal Lands. 
Local grassroots endeavors have highlighted the need for broadband on 
the state level, and potential bills such as the H.R.1783 - Accessible, 
Affordable Internet for All Act, work to give municipalities the funds to 
increase digital equity. The FCC has launched the Connect2Health 
Taskforce, which is charged with creating a digital analytic platform to 
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map and study the connection between broadband access and health in 
key focus areas, including opioid and substance use [20]. The United States 
Department of Agriculture (USDA) and FCC should continue to support and 
expand the efforts to improve high-speed internet access, research, and 
equity through programs like ReConnect and Connect2Health. Other less 
costly solutions to Wi-Fi access among the SUD population include creating 
safe facilities with free Wi-Fi that can be used for treatment-related 
telehealth visits. 

Historically, funded research has favored treatment and biological 
factors of SUD, leaving social factors relatively understudied [10]. More 
data are needed to identify factors that may positively or negatively affect 
the equitable application of digital health interventions in the SUD 
population. Steps to increase awareness of these historical biases which 
are likely embedded in the datasets collected during modeling should be a 
priority. Researchers being well-informed of the different aspects and 
level of obstacles that underserved communities face to access health care 
allows us to better focus on possible solutions to the digital divide. Digital 
tools can also prompt healthcare providers to assess and consider SDoH to 
identify patient needs. One such example is RAE cHealth, a digital 
intervention for people in recovery from SUD which consists of a wearable 
device and a mobile app [59]. The system couples digital biomarkers of 
stress and drug craving with structured needs assessments of SDoH to 
objectively identify and remedy barriers to SUD recovery.  

Increasing Digital Device Access 

Expanding ownership of smartphones is a key initial step that is 
already underway. There are established programs providing 
smartphones and services to people in need, however these programs 
often require a mailing address. Literature on people with SUD has 
highlighted a relationship between SUD, homelessness, low-income, and 
low smartphone ownership. For that reason, programs offered by the 
Federal Communications Commission (FCC) to address financial barriers 
to mobile phone use among low-income populations, such as the Lifeline 
program, should consider broadening the requirements to include and 
increase access to mobile phones for people with SUD who are also 
experiencing homelessness. A study on mobile phone use in older adults 
experiencing homelessness found that among people diagnosed with a 
SUD who had a mobile phone 53.1% reported having their phone stolen 
and 31.6% did not have a place to charge their phones [60]. Initiatives to 
increase access to smartphones could be paired with installation of 
charging stations in public places. Non-governmental groups such as the 
telecommunication industry could also explore the idea of funding 
programs that can increase the use of their services and support 
underserved populations. 
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Avoiding Algorithmic Bias 

Careful attention to data curation processes and thoughtful model 
building can help reduce algorithmic bias. Efforts must be made to 
diversify data sampling and preprocessing with the aim of balancing 
representation among groups where possible and appropriate. Evaluating 
algorithmic models across various performance metrics besides accuracy 
is needed to reduce bias in developed models. Algorithmic bias could also 
be reduced by building and evaluating various models using different 
optimization techniques and hyperparameters. Using datasets obtained 
through community-based participatory research can reduce biases and 
increase equity. Furthermore, accounting for SDoH in predictive ML 
algorithms can help understand complex relationships and tailor 
treatment approaches, given special attention is made to assure the 
training data is free of bias that could further marginalize BIPOC and other 
at-risk communities. 

Addressing Privacy and Cultural Concerns 

Acceptability and usability of digital health interventions are dynamic 
targets that shift with current culture. For example, the COVID-19 
pandemic drove the movement for telehealth, which has become familiar 
and widely acceptable to both patients and clinicians. Non-telehealth 
digital interventions have benefitted from this movement as well. Many 
mobile applications on the market are used for self-care and are now 
incorporated into clinical care for patients [46]. Although digital health 
interventions to support the care and treatment plan of people with SUD 
are generally considered acceptable, user privacy remains a topic of 
concern. Detailed but clear privacy policies may help alleviate this concern. 
Application developers could make features like geolocation tracking 
optional, empowering users to make informed decisions about data 
sharing based on their personal values and comfort. To reduce the risk of 
an application being too difficult for its target population, app developers 
may consider using formats and features that are already familiar (e.g. 
popular social media platforms and web browsers) and incorporating key 
stakeholders into the design process. Bosse et al., found that patients' input 
on the design of treatment apps helps improve treatment experience [61]. 
The goal for any digital health tool should be simple and seamless 
engagement because users quickly lose motivation if technical glitches 
occur [62].  

Improving Digital Literacy 

On the individual level, we can assist users by developing educational 
models that are built within the mobile application. With doing so, users 
will to be able to jump right in using one space for not only learning how 
to use the application but using the application itself. On the larger scale, 
digital health literacy can be improved through public initiatives, 
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particularly in schools. The United States Department of Education, Office 
of Carrier, Technical, and Adult Education currently funds digital 
initiatives for learners to be able to navigate technology and leverage 
learning outside of the classroom. These resources are continuously 
updated as the digital space expands. 

CONCLUSIONS 

Digital health interventions are being widely evaluated in SUD and 
have generally shown positive effects on SUD recovery metrics [26]. These 
digital health interventions have tremendous potential to support the 
treatment of SUD, but also the potential to perpetuate biases if not handled 
with caution. Developers and healthcare providers alike must be 
cognizant of the potential for digital interventions to exacerbate existing 
inequities in SUD treatment, particularly as they relate to SDoH. 
Thoughtful design of digital interventions is quintessential to reduce the 
risk of bias, decrease the digital divide, and create better health outcomes 
for individuals with SUD. 

DATA AVAILABILITY 

No data were generated from this manuscript. 

AUTHOR CONTRIBUTIONS 

JH, PM, EC, RE, MT, AV and SC conceptualized the manuscript, reviewed 
the literature, contributed to manuscript drafting and editing, and 
approved the final version of the manuscript.  

CONFLICTS OF INTEREST 

SC is a principal investigator on two Small Business Innovation 
Research grants with RAE health (R44DA056162, R44DA046151). 

FUNDING 

This work was generously funded by National Institutes of 
Health/National Institute Drug Abuse (NIH/NIDA, R44DA056162).  

REFERENCES 

1. FDA. What is Digital Health? [Internet]. FDA. 2020. Available from: 

https://www.fda.gov/medical-devices/digital-health-center-excellence/what-

digital-health. Accessed 2024 Mar 22.  

2. AMA digital health care 2022 study findings [Internet]. American Medical 

Association. 2022. Available from: https://www.ama-

assn.org/about/research/ama-digital-health-care-2022-study-findings. 

Accessed 2024 Mar 22.  

3. Miller-Rosales C, Morden NE, Brunette MF, Busch SH, Torous JB, Meara ER. 

Provision of Digital Health Technologies for Opioid Use Disorder Treatment 

by US Health Care Organizations. JAMA Network Open. 2023;6(7):e2323741.  

J Psychiatry Brain Sci. 2024;9:e240002. https://doi.org/10.20900/jpbs.20240002 

https://doi.org/10.20900/jpbs.20240002


 
Journal of Psychiatry and Brain Science 11 of 15 

4. Kaihlanen AM, Virtanen L, Buchert U, Safarov N, Valkonen P, Hietapakka L, 

et al. Towards digital health equity—a qualitative study of the challenges 

experienced by vulnerable groups in using digital health services in the 

COVID-19 era. BMC Health Serv Res. 2022 Feb 12;22(1):188.  

5. Saeed SA, Masters RM. Disparities in Health Care and the Digital Divide. Curr 

Psychiatry Rep. 2021 Jul 23;23(9):61. 

6. CDC. Products - Vital Statistics Rapid Release - Provisional Drug Overdose 

Data. Available from: https://www.cdc.gov/nchs/nvss/vsrr/drug-overdose-

data.htm. Accessed 2024 Mar 22. 

7. SAMHSA Announces National Survey on Drug Use and Health (NSDUH) 

Results Detailing Mental Illness and Substance Use Levels in 2021. Available 

from: https://www.hhs.gov/about/news/2023/01/04/samhsa-announces-

national-survey-drug-use-health-results-detailing-mental-illness-substance-

use-levels-2021.html#:~:text=Drug%20Use%20and%20Substance%20Use. 

Accessed 2024 Mar 22. 

8. Boumparis N, Loheide-Niesmann L, Blankers M, Ebert DD, Korf D, Schaub MP, 

et al. Short- and long-term effects of digital prevention and treatment 

interventions for cannabis use reduction: A systematic review and meta-

analysis. Drug and Alcohol Depend. 2019 Jul;200:82–94. 

9. Yamamoto A, Needleman J, Gelberg L, Kominski G, Shoptaw S, Tsugawa Y. 

Association between homelessness and opioid overdose and opioid-related 

hospital admissions/emergency department visits. Soc Sci Med. 2019 

Dec;242:112585.  

10. Farahmand P, Arshed A, Bradley MV. Systemic Racism and Substance Use 

Disorders. Psychiatr Ann. 2020 Nov 1;50(11):494–8. 

11. Earnshaw V. Stigma and substance use disorders: A clinical, research, and 

advocacy agenda. Am Psychol. 2020 Dec;75(9):1300–11. 

12. Blount MA, Douglas MD, Li C, Walston DT, Nelms PL, Hughes CL, et al. 

Opportunities and Challenges to Advance Health Equity Using Digital Health 

Tools in Underserved Communities in Southeast US: A Mixed Methods Study. 

J Prim Care Community Health. 2023 Jan 1;14:21501319231184789.  

13. Digital Access: A Super Determinant of Health. Available from: 

https://www.samhsa.gov/blog/digital-access-super-determinant-

health#:~:text=Telehealth%2Ddelivered%20care%20can%20be. Accessed 

2024 Mar 22. 

14. Social Determinants of Health. Centers for Disease Control and Prevention. 

Available from: https://www.cdc.gov/socialdeterminants/about.html. 

Accessed 2024 Mar 22. 

15. Sieck CJ, Sheon A, Ancker JS, Castek J, Callahan B, Siefer A. Digital inclusion as 

a social determinant of health. NPJ Digit Med. 2021 Mar 17;4(1):52.  

16. Schweitzer EJ. Digital divide|society. Available from: 

https://www.britannica.com/topic/digital-divide. Accessed 2024 Mar 22. 

17. Marsch L, Campbell A, Campbell C, Chen CH, Ertin E, Ghitza U, et al. The 

application of digital health to the assessment and treatment of substance use 

disorders: The past, current, and future role of the National Drug Abuse 

Treatment Clinical Trials Network. J Subst Abuse Treat. 2020 Mar 1;112:4–11.  

J Psychiatry Brain Sci. 2024;9:e240002. https://doi.org/10.20900/jpbs.20240002 

https://doi.org/10.20900/jpbs.20240002


 
Journal of Psychiatry and Brain Science 12 of 15 

18. Early J, Hernandez A. Digital Disenfranchisement and COVID-19: Broadband 

Internet Access as a Social Determinant of Health. Health Promot Pract. 2021 

May 6;22(5):152483992110144. 

19. Button D, Levander XA, Cook R, Miller WC, Salisbury-Afshar E, Tsui JI, et al. 

Substance use disorder treatment and technology access among people who 

use drugs in rural areas of the United States: A cross‐sectional survey. J Rural 

Health. 3 Sep;39(4):772-9. 

20. Mapping broadband health in America 2017: Key Findings. Available from: 

https://www.fcc.gov/sites/default/files/connect2health.key_findings.pdf. 

Accessed 2024 Mar 22. 

21. Ashford RD, Lynch K, Curtis B. Technology and Social Media Use Among 

Patients Enrolled in Outpatient Addiction Treatment Programs: Cross-

Sectional Survey Study. J Med Internet Res. 2018 Mar 6;20(3):e84. 

22. Masson CL, Chen IQ, Levine JA, Shopshire MS, Sorensen JL. Health-related 

internet use among opioid treatment patients. Addict Behav Rep. 2019 

Jun;9:100157. 

23. Milward J, Day E, Wadsworth E, Strang J, Lynskey M. Mobile phone 

ownership, usage and readiness to use by patients in drug treatment. Drug 

Alcohol Depend. 2015 Jan;146:111–5. 

24. Global feature phone and smartphone shipments 2008-2020. Available from: 

https://www.statista.com/statistics/225321/global-feature-phone-

andsmartphone-shipment-forecast. Accessed 2024 Mar 22. 

25. Android Go: What is it and which phones run it? Android Authority. Available 

from: https://www.androidauthority.com/android-go-773037. Accessed 2024 

Mar 22. 

26. Carreiro S, Newcomb M, Leach R, Ostrowski S, Boudreaux ED, Amante D. 

Current reporting of usability and impact of mHealth interventions for 

substance use disorder: A systematic review. Drug Alcohol Depend. 2020 

Oct;215:108201. 

27. Choo EK, Ranney ML, Wong Z, Mello MJ. Attitudes toward technology-based 

health information among adult emergency department patients with drug 

or alcohol misuse. J Subst Abuse Treat. 2012 Dec;43(4):397–401. 

28. Han H, Zhang JY, Hser YI, Liang D, Li X, Wang SS, et al. Feasibility of a Mobile 

Phone App to Support Recovery From Addiction in China: Secondary Analysis 

of a Pilot Study. JMIR mHealth and uHealth. 2018 Feb 27;6(2):e46. 

29. Campanozzi LL, Gibelli F, Bailo P, Nittari G, Sirignano A, Ricci G. The role of 

digital literacy in achieving health equity in the third millennium society: A 

literature review. Front Public Health. 2023 Feb 20;11:1109323. 
30. Garett R, Young SD. Potential Effects of Digital Inequality on Treatment 

Seeking for Opioid Use Disorder. Int J Ment Health Addict. 2023;21(2):890-895.  

31. Woolf BP. Machine Learning. Building Intelligent Interactive Tutors. 

Burlington (MA, US): Morgan Kaufmann Publishers; 2009. p. 221–97. 

32. Wittek P. Machine Learning. Quantum Machine Learning. Cambridge (MA, 

US): Academic Press; 2014. p. 11–24. 

J Psychiatry Brain Sci. 2024;9:e240002. https://doi.org/10.20900/jpbs.20240002 

https://doi.org/10.20900/jpbs.20240002


 
Journal of Psychiatry and Brain Science 13 of 15 

33. Angwin J, Larson J, Kirchner L, Mattu S. 

https://www.propublica.org/article/machine-bias-risk-assessments-in-

criminal-sentencing. Accessed 2024 Mar 22. 
34. Mitchell S, Potash E, Barocas S, D’Amour A, Lum K. Algorithmic Fairness: 

Choices, Assumptions, and Definitions. In Annual Review of Statistics and Its 

Application. Ann Rev. 2020;8(1):141–63. 

35. Tolga Bolukbasi, Kai-Wei Chang, James Zou, Venkatesh Saligrama, and Adam 

Kalai. Man is to computer programmer as woman is to homemaker? 

debiasing word embeddings. In Proceedings of the 30th International 

Conference on Neural Information Processing Systems (NIPS'16). Red Hook 

(NY, USA): Curran Associates Inc.; 2016. p. 4356–64. 

36. Caliskan A, Bryson JJ, Narayanan A. Semantics derived automatically from 

language corpora contain human-like biases. Science. 2017;356(6334):183-6.  

37. Suresh H, Guttag J. A Framework for Understanding Sources of Harm 

throughout the Machine Learning Life Cycle. In proceedings of EAAMO '21: 

Equity and Access in Algorithms, Mechanisms, and Optimization; 5–9 October 

2021; New York, NY, USA. New York (NY, USA): Association for Computing 

Machinery; 2021; p. 1-9. 

38. Obermeyer Z, Powers B, Vogeli C, Mullainathan S. Dissecting racial bias in an 

algorithm used to manage the health of populations. Science. 2019;366,447-

53. 

39. St. Marie B, Health Care Experiences when Pain and Substance Use Disorder 

Coexist: “Just Because I'm an Addict Doesn't Mean I Don't Have Pain”. Pain 

Med. 2014 Dec;15(12):2075-86. 

40. Hoffman KM, Trawalter S, Axt JR, Oliver MN. (2016). Racial bias in pain 

assessment and treatment recommendations, and false beliefs about 

biological differences between blacks and whites. Proc Natl Acad Sci U S A. 

2016 Apr 19;113(16):4296-301.  

41. Lloyd EP, Paganini GA, ten Brinke L. Gender Stereotypes Explain Disparities 

in Pain Care and Inform Equitable Policies. Policy Insights Behav Brain Sci. 

2020;7(2):198-204.  

42. Majedi H, Dehghani SS, Soleyman-Jahi S, Tafakhori A, Emami SA, 

Mireskandari M, Hosseini SM. Assessment of Factors Predicting Inadequate 

Pain Management in Chronic Pain Patients. Anesth Pain Med. 2019 Dec 

1;9(6):e97229.  

43. Peng J, Jury EC, Dönnes P, Ciurtin C. Machine Learning Techniques for 

Personalised Medicine Approaches in Immune-Mediated Chronic 

Inflammatory Diseases: Applications and Challenges. Front Pharmacol. 2021 

Sep 30;12(1):720694. 

44. Kueper JK, Terry AL, Zwarenstein M, Lizotte DJ. Artificial Intelligence and 

Primary Care Research: A Scoping Review. Ann Family Med. 2020 May 

1;18(3):250–8.  

45. Brnabic A, Hess LM. Systematic literature review of machine learning 

methods used in the analysis of real-world data for patient-provider decision 

making. BMC Medical Inform Decis Mak. 2021 Feb 15;21(1):54. 

J Psychiatry Brain Sci. 2024;9:e240002. https://doi.org/10.20900/jpbs.20240002 

https://doi.org/10.20900/jpbs.20240002


 
Journal of Psychiatry and Brain Science 14 of 15 

46. Mak KK, Lee K, Park C. Applications of machine learning in addiction studies: 

A systematic review. Psychiatry Res. 2019;275:53–60.  

47. Chhetri B, Goyal LM, Mittal M. How machine learning is used to study 

addiction in digital healthcare: A systematic review. Int J Inf Manag Data 

Insights. 2023 Nov;3(2):100175. 

48. Lum K, Isaac W. To predict and serve? Significance. 2016;13(5):14-19. 

49. Buolamwini J, Gebru T. Gender Shades: Intersectional Accuracy Disparities in 

Commercial Gender Classification. Proc Mach Learning Res. 2018;81:77-91. 

50. Ozga JE, Paquette C, Syvertsen JL, Pollini RA. Mobile phone and internet use 

among people who inject drugs: Implications for mobile health interventions. 

Subst Abuse. 2021 Sep 7;1–6. 

51. Hooker S. Moving beyond “algorithmic bias is a data problem.” Patterns. 2021 

Apr;2(4):100241. 

52. Menon AK, Williamson RC. The cost of fairness in binary classification. 

Proceedings of the 1st Conference on Fairness, Accountability and 

Transparency; 23-24 February 2018; New York, NY, USA. New York (NY, USA): 

Association for Computing Machinery; 2018. p. 107-18. 

53. Chen IY, Johansson FD, Sontag D. 2018. Why is my classifier discriminatory? 

In Proceedings of the 32nd International Conference on Neural Information 

Processing Systems (NIPS'18); 3–8 Dec 2018; Montréal Canada. Red Hook (NY, 

USA): Curran Associates Inc.; 2018. p. 3543–54. 

54. Zhao H, Gordon GJ. Inherent tradeoffs in learning fair representations. J Mach 

Learn Res. 2022;23(1): 57. 

55. Vasudevan S, Saha A, Tarver ME, Patel B. Digital biomarkers: Convergence of 

digital health technologies and biomarkers. NPJ Digit Med. 2022 Mar 

25;5(1):36. 

56. Coravos A, Khozin S, Mandl KD. Developing and adopting safe and effective 

digital biomarkers to improve patient outcomes. NPJ Digit Med. 2019 Mar 

11;2(1):1–5.  

57. Koerber D, Khan S, Shamsheri T, Kirubarajan A, Mehta S. Accuracy of Heart 

Rate Measurement with Wrist-Worn Wearable Devices in Various Skin Tones: 

a Systematic Review. J Racial Ethn Health Disparities. 2023 Dec;10(6):2676-84. 

58. Bent B, Goldstein BA, Kibbe WA, Dunn JP. Investigating sources of inaccuracy 

in wearable optical heart rate sensors. NPJ Digit Med. 2020 Feb 10;3(1):18. 

59. Rae RM. cHealth: A digital community support tool to promote recovery from 

substance use disorder. Available from: 

https://reporter.nih.gov/search/gwvwvgTWMEOm_r-UuVq0iA/project-

details/10469897. Accessed 2024 Mar 22.  

60. Raven MC, Kaplan LM, Rosenberg M, Tieu L, Guzman D, Kushel M. Mobile 

Phone, Computer, and Internet Use Among Older Homeless Adults: Results 

from the HOPE HOME Cohort Study. JMIR mHealth uHealth. 2018 Dec 

10;6(12):e10049. 

61. Bosse JD, Hoffman K, Wiest K, Todd Korthuis P, Petluri R, Pertl K, et al. Patient 

evaluation of a smartphone application for telehealth care of opioid use 

disorder. Addict Sci Clin Pract. 2022 Sep 9;17(1):50. 

J Psychiatry Brain Sci. 2024;9:e240002. https://doi.org/10.20900/jpbs.20240002 

https://doi.org/10.20900/jpbs.20240002


 
Journal of Psychiatry and Brain Science 15 of 15 

62. Glass JE, Matson TE, Lim C, Hartzler AL, Kimbel K, Lightner AL, et al. 

Approaches for Implementing App-Based Digital Treatments for Drug Use 

Disorders Into Primary Care: A Qualitative, User-Centered Design Study of 

Patient Perspectives. J Med Internet Res. 2021 Jul 6;23(7):e25866–6. 

 
 

 

How to cite this article: 

Hampton J, Mugambi P, Caggiano E, Eugene R, Valente A, Taylor M, et al. Closing the Digital Divide in Interventions 

for Substance Use Disorder. J Psychiatry Brain Sci. 2024;8:e240002. https://doi.org/10.20900/jpbs.20240002 

J Psychiatry Brain Sci. 2024;9:e240002. https://doi.org/10.20900/jpbs.20240002 

https://doi.org/10.20900/jpbs.20240002
https://doi.org/10.20900/jpbs.20240002

	Mini Review
	Closing the Digital Divide in Interventions for Substance Use Disorder
	Jazmin Hampton 1,2,3, *, Purity Mugambi 4, Emily Caggiano 1, Reynalde Eugene 1, Alycia Valente 1, Melissa Taylor 1, Stephanie Carreiro 1,*
	1 Division of Toxicology, Department of Emergency Medicine, University of Massachusetts Chan Medical School, Worcester, MA 01655, USA
	2 Washington University of Health and Science, San Pedro, Belize, Central America
	3 Division of Public Health, Walden University, Minneapolis, MN 55401, USA
	4 Manning College of Information and Computer Sciences, University of Massachusetts-Amherst, Amherst, MA 01003, USA
	* Correspondence: Jazmin Hampton, Email: hampton.jazmin@gmail.com;  Tel.: +1-508-421-1400; Stephanie Carreiro,  Email: stephanie.carreiro@umassmed.edu; Tel.: +1-508-421-1400.
	ABSTRACT
	Digital health interventions are exploding in today’s medical practice and have tremendous potential to support the treatment of substance use disorders (SUD). Developers and healthcare providers alike must be cognizant of the potential for digital in...
	KEYWORDS: substance use disorder; digital health; mHealth; social determinants of health; digital inequities, digital divide; machine learning; artificial intelligence; algorithmic bias
	ABBREVIATIONS
	US, United States; OUD, opioid use disorder; SUD, substance abuse disorder; SDoH, social determinants of health; CDC, Centers for Disease Control; MOUD, Medications for Opioid Use Disorder; ML, machine learning; FCC, Federal Communication Commission; ...
	Open Access
	Open Access
	Received:21 September 2023
	Accepted: 20 March 2024
	Published: 26 March 2024
	Copyright © 2024 by the author(s). Licensee Hapres, London, United Kingdom. This is an open access article distributed under the terms and conditions of Creative Commons Attribution 4.0 International License.
	INTRODUCTION
	Digital health interventions, or those that leverage computing platforms, connectivity, software, and sensors for health care and related uses [1], are rapidly growing within the field of medicine. As devices such as smartphones, wearable devices, and...
	In a national survey conducted by the AMA including a mix of primary care physicians and specialists, opinions that digital health tools were advantageous to patient care increased from 85% in 2016 to 93% in 2022. The average number of digital health ...
	Addressing the inequality of digital health interventions is of particular interest related to their implementation for substance use disorder (SUD). The SUD crisis continues to devastate the US, with drug overdose deaths climbing from approximately 7...
	Digital health interventions have been proposed as solutions to some of the barriers to SUD treatment [12,13], but have the potential to inadvertently worsen disparities if not developed and deployed with careful attention to the barriers that target ...
	SOCIAL DETERMINANTS OF HEALTH AS DRIVERS OF DIGITAL INEQUITIES
	Social determinants of health are broadly defined by the Centers for Disease Control (CDC) as “conditions in the places where people live, learn, work, and play that affect a wide range of health risks and outcomes” [14]. These are subdivided into fiv...
	The rapid dissemination and uptake of telehealth in recent years (throughout a variety of medical specialties, including addiction medicine [4]), driven by the COVID-19 pandemic, has provided some insight into barriers of digital health implementation...
	Broadband Access
	The lack of equal access to broadband throughout the country has led to disparities in health care delivery, health literacy and public health messaging [18]. Areas of limited or no connectivity are mostly in rural and select urban communities, and di...
	Digital Device Access
	With a smartphone being the most common tool from which to launch digital interventions, smartphone ownership is another key factor. Within the SUD literature, reported smartphone usage varies from 57% to 94% [21–23]. For example, in a study of 178 pa...
	An additional consideration once patients have access to the hardware to use digital health interventions is the access to the software itself if there are associated fees. Currently many digital health tools for SUD are available only through researc...
	Privacy and Cultural Concerns
	Besides access issues related to smartphone ownership and quality, there are a variety of patient viewpoints that affect usage of digital interventions for SUD treatment. In a recent review article of 22 studies looking at digital interventions, overa...
	Digital Literacy
	Perhaps the least well-studied barrier related to SDoH is digital literacy, or the ability to find, evaluate, and communicate information using digital platforms, which is required to use digital health tools to their full capacity [29]. Just as overa...
	ALGORITHMS AS SOURCES OF DISPARITIES
	The increased adoption of digital devices in medicine has increased data collection, and consequently the use of algorithms to learn insights from that data. Machine learning (ML) is a subfield of artificial intelligence in which statistical technique...
	Historical, label, and measurement biases are some of the main ways systemic and human prejudices can be introduced into ML models and propagated by them. Historical bias [33-36] arises when data collected in the past, which may contain human and syst...
	Model design choices also have the potential to introduce biases, including model architecture, optimization (approach for reducing the errors when learning a model), hyperparameters (parameters that specify the details of the learning a model), and l...
	Digital devices have also proliferated the collection and use of digital biomarkers, or end-user-generated markers derived from these technologies which indicate normal physiology, pathology, or response to treatment [55,56]. In addition to suffering ...
	POTENTIAL SOLUTIONS AND FUTURE DIRECTIONS
	In addition to providing technological innovation, digital interventions for SUD must also help overcome existing barriers and challenges as opposed to exacerbating them. To ensure these promising tools reach their full potential, those who need them ...
	Increasing Broadband Access
	Programs to increase internet connectivity of all communities are at the heart of decreasing the digital divide. According to the 2020 broadband report, 22.3% of American rural areas and 27.7% of American Tribal Lands still lack high-speed broadband i...
	Historically, funded research has favored treatment and biological factors of SUD, leaving social factors relatively understudied [10]. More data are needed to identify factors that may positively or negatively affect the equitable application of digi...
	Increasing Digital Device Access
	Expanding ownership of smartphones is a key initial step that is already underway. There are established programs providing smartphones and services to people in need, however these programs often require a mailing address. Literature on people with S...
	Avoiding Algorithmic Bias
	Careful attention to data curation processes and thoughtful model building can help reduce algorithmic bias. Efforts must be made to diversify data sampling and preprocessing with the aim of balancing representation among groups where possible and app...
	Addressing Privacy and Cultural Concerns
	Acceptability and usability of digital health interventions are dynamic targets that shift with current culture. For example, the COVID-19 pandemic drove the movement for telehealth, which has become familiar and widely acceptable to both patients and...
	Improving Digital Literacy
	On the individual level, we can assist users by developing educational models that are built within the mobile application. With doing so, users will to be able to jump right in using one space for not only learning how to use the application but usin...
	CONCLUSIONS
	Digital health interventions are being widely evaluated in SUD and have generally shown positive effects on SUD recovery metrics [26]. These digital health interventions have tremendous potential to support the treatment of SUD, but also the potential...
	DATA AVAILABILITY
	No data were generated from this manuscript.
	AUTHOR CONTRIBUTIONS
	JH, PM, EC, RE, MT, AV and SC conceptualized the manuscript, reviewed the literature, contributed to manuscript drafting and editing, and approved the final version of the manuscript.
	CONFLICTS OF INTEREST
	SC is a principal investigator on two Small Business Innovation Research grants with RAE health (R44DA056162, R44DA046151).
	FUNDING
	This work was generously funded by National Institutes of Health/National Institute Drug Abuse (NIH/NIDA, R44DA056162).
	REFERENCES
	1. FDA. What is Digital Health? [Internet]. FDA. 2020. Available from: https://www.fda.gov/medical-devices/digital-health-center-excellence/what-digital-health. Accessed 2024 Mar 22.
	2. AMA digital health care 2022 study findings [Internet]. American Medical Association. 2022. Available from: https://www.ama-assn.org/about/research/ama-digital-health-care-2022-study-findings. Accessed 2024 Mar 22.
	3. Miller-Rosales C, Morden NE, Brunette MF, Busch SH, Torous JB, Meara ER. Provision of Digital Health Technologies for Opioid Use Disorder Treatment by US Health Care Organizations. JAMA Network Open. 2023;6(7):e2323741.
	4. Kaihlanen AM, Virtanen L, Buchert U, Safarov N, Valkonen P, Hietapakka L, et al. Towards digital health equity—a qualitative study of the challenges experienced by vulnerable groups in using digital health services in the COVID-19 era. BMC Health S...
	5. Saeed SA, Masters RM. Disparities in Health Care and the Digital Divide. Curr Psychiatry Rep. 2021 Jul 23;23(9):61.
	6. CDC. Products - Vital Statistics Rapid Release - Provisional Drug Overdose Data. Available from: https://www.cdc.gov/nchs/nvss/vsrr/drug-overdose-data.htm. Accessed 2024 Mar 22.
	7. SAMHSA Announces National Survey on Drug Use and Health (NSDUH) Results Detailing Mental Illness and Substance Use Levels in 2021. Available from: https://www.hhs.gov/about/news/2023/01/04/samhsa-announces-national-survey-drug-use-health-results-de...
	8. Boumparis N, Loheide-Niesmann L, Blankers M, Ebert DD, Korf D, Schaub MP, et al. Short- and long-term effects of digital prevention and treatment interventions for cannabis use reduction: A systematic review and meta-analysis. Drug and Alcohol Depe...
	9. Yamamoto A, Needleman J, Gelberg L, Kominski G, Shoptaw S, Tsugawa Y. Association between homelessness and opioid overdose and opioid-related hospital admissions/emergency department visits. Soc Sci Med. 2019 Dec;242:112585.
	10. Farahmand P, Arshed A, Bradley MV. Systemic Racism and Substance Use Disorders. Psychiatr Ann. 2020 Nov 1;50(11):494–8.
	11. Earnshaw V. Stigma and substance use disorders: A clinical, research, and advocacy agenda. Am Psychol. 2020 Dec;75(9):1300–11.
	12. Blount MA, Douglas MD, Li C, Walston DT, Nelms PL, Hughes CL, et al. Opportunities and Challenges to Advance Health Equity Using Digital Health Tools in Underserved Communities in Southeast US: A Mixed Methods Study. J Prim Care Community Health. ...
	13. Digital Access: A Super Determinant of Health. Available from: https://www.samhsa.gov/blog/digital-access-super-determinant-health#:~:text=Telehealth%2Ddelivered%20care%20can%20be. Accessed 2024 Mar 22.
	14. Social Determinants of Health. Centers for Disease Control and Prevention. Available from: https://www.cdc.gov/socialdeterminants/about.html. Accessed 2024 Mar 22.
	15. Sieck CJ, Sheon A, Ancker JS, Castek J, Callahan B, Siefer A. Digital inclusion as a social determinant of health. NPJ Digit Med. 2021 Mar 17;4(1):52.
	16. Schweitzer EJ. Digital divide|society. Available from: https://www.britannica.com/topic/digital-divide. Accessed 2024 Mar 22.
	17. Marsch L, Campbell A, Campbell C, Chen CH, Ertin E, Ghitza U, et al. The application of digital health to the assessment and treatment of substance use disorders: The past, current, and future role of the National Drug Abuse Treatment Clinical Tri...
	18. Early J, Hernandez A. Digital Disenfranchisement and COVID-19: Broadband Internet Access as a Social Determinant of Health. Health Promot Pract. 2021 May 6;22(5):152483992110144.
	19. Button D, Levander XA, Cook R, Miller WC, Salisbury-Afshar E, Tsui JI, et al. Substance use disorder treatment and technology access among people who use drugs in rural areas of the United States: A cross‐sectional survey. J Rural Health. 3 Sep;39...
	20. Mapping broadband health in America 2017: Key Findings. Available from: https://www.fcc.gov/sites/default/files/connect2health.key_findings.pdf. Accessed 2024 Mar 22.
	21. Ashford RD, Lynch K, Curtis B. Technology and Social Media Use Among Patients Enrolled in Outpatient Addiction Treatment Programs: Cross-Sectional Survey Study. J Med Internet Res. 2018 Mar 6;20(3):e84.
	22. Masson CL, Chen IQ, Levine JA, Shopshire MS, Sorensen JL. Health-related internet use among opioid treatment patients. Addict Behav Rep. 2019 Jun;9:100157.
	23. Milward J, Day E, Wadsworth E, Strang J, Lynskey M. Mobile phone ownership, usage and readiness to use by patients in drug treatment. Drug Alcohol Depend. 2015 Jan;146:111–5.
	24. Global feature phone and smartphone shipments 2008-2020. Available from: https://www.statista.com/statistics/225321/global-feature-phone-andsmartphone-shipment-forecast. Accessed 2024 Mar 22.
	25. Android Go: What is it and which phones run it? Android Authority. Available from: https://www.androidauthority.com/android-go-773037. Accessed 2024 Mar 22.
	26. Carreiro S, Newcomb M, Leach R, Ostrowski S, Boudreaux ED, Amante D. Current reporting of usability and impact of mHealth interventions for substance use disorder: A systematic review. Drug Alcohol Depend. 2020 Oct;215:108201.
	27. Choo EK, Ranney ML, Wong Z, Mello MJ. Attitudes toward technology-based health information among adult emergency department patients with drug or alcohol misuse. J Subst Abuse Treat. 2012 Dec;43(4):397–401.
	28. Han H, Zhang JY, Hser YI, Liang D, Li X, Wang SS, et al. Feasibility of a Mobile Phone App to Support Recovery From Addiction in China: Secondary Analysis of a Pilot Study. JMIR mHealth and uHealth. 2018 Feb 27;6(2):e46.
	29. Campanozzi LL, Gibelli F, Bailo P, Nittari G, Sirignano A, Ricci G. The role of digital literacy in achieving health equity in the third millennium society: A literature review. Front Public Health. 2023 Feb 20;11:1109323.
	30. Garett R, Young SD. Potential Effects of Digital Inequality on Treatment Seeking for Opioid Use Disorder. Int J Ment Health Addict. 2023;21(2):890-895.
	31. Woolf BP. Machine Learning. Building Intelligent Interactive Tutors. Burlington (MA, US): Morgan Kaufmann Publishers; 2009. p. 221–97.
	32. Wittek P. Machine Learning. Quantum Machine Learning. Cambridge (MA, US): Academic Press; 2014. p. 11–24.
	33. Angwin J, Larson J, Kirchner L, Mattu S. https://www.propublica.org/article/machine-bias-risk-assessments-in-criminal-sentencing. Accessed 2024 Mar 22.
	34. Mitchell S, Potash E, Barocas S, D’Amour A, Lum K. Algorithmic Fairness: Choices, Assumptions, and Definitions. In Annual Review of Statistics and Its Application. Ann Rev. 2020;8(1):141–63.
	35. Tolga Bolukbasi, Kai-Wei Chang, James Zou, Venkatesh Saligrama, and Adam Kalai. Man is to computer programmer as woman is to homemaker? debiasing word embeddings. In Proceedings of the 30th International Conference on Neural Information Processing...
	36. Caliskan A, Bryson JJ, Narayanan A. Semantics derived automatically from language corpora contain human-like biases. Science. 2017;356(6334):183-6.
	37. Suresh H, Guttag J. A Framework for Understanding Sources of Harm throughout the Machine Learning Life Cycle. In proceedings of EAAMO '21: Equity and Access in Algorithms, Mechanisms, and Optimization; 5–9 October 2021; New York, NY, USA. New York...
	38. Obermeyer Z, Powers B, Vogeli C, Mullainathan S. Dissecting racial bias in an algorithm used to manage the health of populations. Science. 2019;366,447-53.
	39. St. Marie B, Health Care Experiences when Pain and Substance Use Disorder Coexist: “Just Because I'm an Addict Doesn't Mean I Don't Have Pain”. Pain Med. 2014 Dec;15(12):2075-86.
	40. Hoffman KM, Trawalter S, Axt JR, Oliver MN. (2016). Racial bias in pain assessment and treatment recommendations, and false beliefs about biological differences between blacks and whites. Proc Natl Acad Sci U S A. 2016 Apr 19;113(16):4296-301.
	41. Lloyd EP, Paganini GA, ten Brinke L. Gender Stereotypes Explain Disparities in Pain Care and Inform Equitable Policies. Policy Insights Behav Brain Sci. 2020;7(2):198-204.
	42. Majedi H, Dehghani SS, Soleyman-Jahi S, Tafakhori A, Emami SA, Mireskandari M, Hosseini SM. Assessment of Factors Predicting Inadequate Pain Management in Chronic Pain Patients. Anesth Pain Med. 2019 Dec 1;9(6):e97229.
	43. Peng J, Jury EC, Dönnes P, Ciurtin C. Machine Learning Techniques for Personalised Medicine Approaches in Immune-Mediated Chronic Inflammatory Diseases: Applications and Challenges. Front Pharmacol. 2021 Sep 30;12(1):720694.
	44. Kueper JK, Terry AL, Zwarenstein M, Lizotte DJ. Artificial Intelligence and Primary Care Research: A Scoping Review. Ann Family Med. 2020 May 1;18(3):250–8.
	45. Brnabic A, Hess LM. Systematic literature review of machine learning methods used in the analysis of real-world data for patient-provider decision making. BMC Medical Inform Decis Mak. 2021 Feb 15;21(1):54.
	46. Mak KK, Lee K, Park C. Applications of machine learning in addiction studies: A systematic review. Psychiatry Res. 2019;275:53–60.
	47. Chhetri B, Goyal LM, Mittal M. How machine learning is used to study addiction in digital healthcare: A systematic review. Int J Inf Manag Data Insights. 2023 Nov;3(2):100175.
	48. Lum K, Isaac W. To predict and serve? Significance. 2016;13(5):14-19.
	49. Buolamwini J, Gebru T. Gender Shades: Intersectional Accuracy Disparities in Commercial Gender Classification. Proc Mach Learning Res. 2018;81:77-91.
	50. Ozga JE, Paquette C, Syvertsen JL, Pollini RA. Mobile phone and internet use among people who inject drugs: Implications for mobile health interventions. Subst Abuse. 2021 Sep 7;1–6.
	51. Hooker S. Moving beyond “algorithmic bias is a data problem.” Patterns. 2021 Apr;2(4):100241.
	52. Menon AK, Williamson RC. The cost of fairness in binary classification. Proceedings of the 1st Conference on Fairness, Accountability and Transparency; 23-24 February 2018; New York, NY, USA. New York (NY, USA): Association for Computing Machinery...
	53. Chen IY, Johansson FD, Sontag D. 2018. Why is my classifier discriminatory? In Proceedings of the 32nd International Conference on Neural Information Processing Systems (NIPS'18); 3–8 Dec 2018; Montréal Canada. Red Hook (NY, USA): Curran Associate...
	54. Zhao H, Gordon GJ. Inherent tradeoffs in learning fair representations. J Mach Learn Res. 2022;23(1): 57.
	55. Vasudevan S, Saha A, Tarver ME, Patel B. Digital biomarkers: Convergence of digital health technologies and biomarkers. NPJ Digit Med. 2022 Mar 25;5(1):36.
	56. Coravos A, Khozin S, Mandl KD. Developing and adopting safe and effective digital biomarkers to improve patient outcomes. NPJ Digit Med. 2019 Mar 11;2(1):1–5.
	57. Koerber D, Khan S, Shamsheri T, Kirubarajan A, Mehta S. Accuracy of Heart Rate Measurement with Wrist-Worn Wearable Devices in Various Skin Tones: a Systematic Review. J Racial Ethn Health Disparities. 2023 Dec;10(6):2676-84.
	58. Bent B, Goldstein BA, Kibbe WA, Dunn JP. Investigating sources of inaccuracy in wearable optical heart rate sensors. NPJ Digit Med. 2020 Feb 10;3(1):18.
	59. Rae RM. cHealth: A digital community support tool to promote recovery from substance use disorder. Available from: https://reporter.nih.gov/search/gwvwvgTWMEOm_r-UuVq0iA/project-details/10469897. Accessed 2024 Mar 22.
	60. Raven MC, Kaplan LM, Rosenberg M, Tieu L, Guzman D, Kushel M. Mobile Phone, Computer, and Internet Use Among Older Homeless Adults: Results from the HOPE HOME Cohort Study. JMIR mHealth uHealth. 2018 Dec 10;6(12):e10049.
	61. Bosse JD, Hoffman K, Wiest K, Todd Korthuis P, Petluri R, Pertl K, et al. Patient evaluation of a smartphone application for telehealth care of opioid use disorder. Addict Sci Clin Pract. 2022 Sep 9;17(1):50.
	62. Glass JE, Matson TE, Lim C, Hartzler AL, Kimbel K, Lightner AL, et al. Approaches for Implementing App-Based Digital Treatments for Drug Use Disorders Into Primary Care: A Qualitative, User-Centered Design Study of Patient Perspectives. J Med Inte...
	How to cite this article:
	Hampton J, Mugambi P, Caggiano E, Eugene R, Valente A, Taylor M, et al. Closing the Digital Divide in Interventions for Substance Use Disorder. J Psychiatry Brain Sci. 2024;8:e240002. https://doi.org/10.20900/jpbs.20240002

