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1. Abstract:
Digital biomarker researchers have a crucial role to play in ensuring that digital biomarker studies do not perpetuate health inequities across race and socioeconomic status in the United States. This role can be conceptualized as adhering to appropriate standards of social justice. We explore what social justice constitutes in the digital biomarker context and how these standards can be achieved with minimal changes to how digital biomarker research is conducted. These changes can be grouped into three main types corresponding to the types of actions that should be undertaken by digital biomarker researchers during the research process. First, we argue that concrete goals should be set for participant diversity within digital biomarker research. Second, we recommend increased diversity among digital biomarker researchers and/or research advisors. Lastly, the importance of inclusive research locations is considered. We also examine potential inequities related to the distribution of digital biomarker technologies. 
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3. Background: 
Substantial inequities based on race and socioeconomics exist in healthcare, both nationally and worldwide (Marmot 2017; Chokshi 2018; Mays, Cochran, and Barnes 2007; Ruger 2004). We consider inequities based on race and socioeconomics because a wealth of data is available on these types of inequities and because they are deeply interrelated problems (Marmot 2017; Mays, Cochran, and Barnes 2007). Our subsequent analysis will be most applicable to digital biomarker research in the United States because that is the source of most of our experiences and of most of the references we draw upon, yet our suggestions are broad enough that they might also be advisable elsewhere in places with similar healthcare inequities and similar possibilities for technological solutions. Digital biomarker technologies have a unique role to play in ensuring underserved communities (communities that bear the burdens of inequities) receive equitable medical treatment compared to medically advantaged communities (communities that receive benefits from inequities). In particular, digital biomarker research can be used to reduce health inequities in two key ways. First, digital biomarker researchers can address racial and socioeconomic diversity and inclusivity in their studies. Underserved community members face different medical problems, and to different extents, than their advantaged counterparts (Chokshi 2018). Second, it is important that digital biomarker technologies are equitably distributed to the public. Dorothy Roberts points out the pitfalls of pursuing more equitable medical care by targeting specific ethnic and racial groups during biomedical research (2010). Roberts believes this approach can result in more pronounced social inequity if benefits from research advances are only accessible to the privileged few. Other targeting efforts such as those employed by the All of Us research program likely fail because they only consider superficial differences between groups of people rather than more substantive ones. In fact, if one visits the community resources page under the joinallofus.org domain, what is noticeable, with minimal inspection, is the flyers targeting different racial groups are identical except for the pictures depicting people from those racial groups. This demonstrates a misunderstanding of culture and diversity at the highest levels of research governed in the US. This, coupled with the biases of modern technology, emphasizes the need for policies and procedures to address social justice in digital health technology research. These social justice issues have been overlooked in previous discussions of digital biomarker ethics. Given this, a new social justice framework is necessary to properly address these issues as they pertain to digital biomarker research. 

Gostin and Powers believe social justice includes “fair disbursement of common advantages and the sharing of common burdens” (Gostin and Powers 2006, 1054). Considering the relationship between social justice and health, they assert social justice requires “health improvement for the population and fair treatment of the disadvantaged” (Gostin and Powers 2006, 1054). These definitions have the advantages of being both intuitive and nuanced. They capture the intuition that health should be accessible to all while also asserting that disadvantaged people and groups should sometimes be prioritized. As such, the phrase social justice will be used in this paper in accordance with these definitions.

A biomarker is defined as “a characteristic that is objectively measured and evaluated as an indicator of normal biological processes, pathogenic processes, or pharmacological responses to a therapeutic intervention” (Naylor 2003, 525). Digital biomarkers are biomarkers that have been recorded digitally (Wroge et al. 2018).

Human voice can act as a digital biomarker because links have been found between vocal patterns and numerous diseases including Parkinson’s, Alzheimer’s, and depression (Wroge et al. 2018; Gold et al. 2018; Nelson and Allen 2018). Our previous work in these areas (Wroge et al. 2018) has demonstrated existence of a relationship between automatically extracted voice features with objective and subjective measures of disease typically used in clinics (e.g. the Unified Parkinson’s Disease Rating Scale). In the case of Parkinson’s, we previously demonstrated the relationship between specific acoustic features and the motor symptom portion of the scale. These voice-based digital biomarkers can be used to create new, non-invasive screening and diagnostic methods for these and other diseases (Naylor 2003; Wroge et al. 2018; Gold et al. 2018). As such, they have the potential to prevent and cure disease for both those who are underserved and those who are not. The current proposal will focus on voice as the paradigm for digital biomarkers.

There are several different ways in which digital biomarker technology might function, including both consumer-facing and provider-facing systems. In a consumer-facing system, an app or a wearable device would be used to sample and analyze patients’ voices in their everyday lives (Gold et al. 2018; Nelson and Allen 2018; Pittman, Ghomi, and Si 2018). The technology would then alert medical professionals if signs of disease were detected and care could be provided. Alternatively, a provider-facing system might be employed where medical professionals would be the only ones with digital biomarker technology in their possession (Gold et al. 2018). If this was the case, patients told by medical professionals they might have certain diseases would be tested (in what might be a screening test) by the medical professionals, much like existing tests which require a physician order (e.g. blood tests). 

Here we consider ethical ramifications related to digital biomarker technologies that must be considered. The ethical issues involved include privacy, confidentiality, and social justice (Lucero et al. 2015). Previous ethical frameworks have focused on the privacy and confidentiality aspects of digital biomarker ethics (“Digital Health Consumer Adoption: 2015” 2015; Coravos, Khozin, and Mandl 2019). The ethical framework in Martinez-Martin et al. examines the issues of accountability, privacy, transparency, and informed consent (2018). Although the study mentions the possibility of racial bias within digital biomarker research, it does not provide an account of how the potential for racial bias should be addressed other than by an increase in data transparency. We believe these frameworks are incomplete because they inadequately consider social justice concerns. 

In particular, we have concerns regarding the diversity of voice datasets (Tatman and Kasten 2017). The lack of diversity in the datasets used to train voice recognition models results in those models being less useful for underrepresented communities (“The Accent Gap” 2018; “Alexa and Google Assistant Are 30% Less Likely to Understand Non-American Accents” 2018; Reynolds 2017; Paul 2017). For example, current commercial voice recognition products such as Apple’s Siri, Amazon’s Alexa, and Google Assistant perform worse if a non-white speaker uses them (“The Accent Gap” 2018; “Alexa and Google Assistant Are 30% Less Likely to Understand Non-American Accents” 2018; Reynolds 2017; Paul 2017). Similar critiques have been made across a number of technologies involving machine learning and artificial intelligence (Buolamwini and Gebru 2018). Current voice biomarker research in healthcare will suffer the same limitations if diversity within datasets is not addressed. Additionally, even where underrepresented community members could technically use digital biomarker products it is not clear that they would be as beneficial for these people as for others who are adequately represented. After all, voices might be compared to standardized baselines without accounting for cross-cultural variation. In other words, communities that lack representation are likely to become underserved – or more underserved – as well. 

As discussed earlier, underserved communities often suffer much worse patient outcomes than advantaged communities (Marmot 2017; Chokshi 2018). Digital biomarker technologies will affect these inequities necessarily, which is a powerful motive in itself for making sure inequities get reduced rather than increased. Yet these technologies will result in the reduction of inequities only if such reduction is made an explicit goal. Otherwise, digital biomarker technologies will amplify existing inequities in healthcare. It is imperative, then, that researchers developing digital biomarker technologies include and work to improve diagnoses for underserved community members. In what follows, a social justice framework will be introduced with the goal of showing how digital biomarker technologies can benefit a more representative proportion of the population and promote the welfare of the disadvantaged. 
  
4. Discussion: 
Here we present two broad approaches to ensure the potential benefits of digital biomarker technologies are accessible to underserved community members. First, medical research into new technologies should include underserved community members during all stages of the development of those technologies. Second, digital biomarker technologies should be equitably distributed to both underserved and advantaged communities. Our focus will be mainly on the first approach, although the second will be examined briefly. The first table below is a summary of our proposed social justice framework. Each aspect of this framework will be explained and analyzed in turn.

Table 1 near here
			
It is crucial that specific, attainable goals are set for participant diversity. Vague goals for increasing participant diversity are unlikely to effect change. Critics may argue that setting goals for participant diversity is a form of tokenism (Ocloo and Matthews 2016). While this is certainly a potential danger of this approach, setting goals for participant diversity may be less likely to be tokenizing if those goals are set in large part by researchers from underrepresented communities. It is exactly this concern that leads us to conclude that participation goals should be set with substantial input from underrepresented scientists and community members. These guidelines should then be published so that digital biomarker labs around the world have access to realistic goals that allow them to improve their research and act in a socially just manner.  
	
Regarding the second section of the framework, more racial and socioeconomic inclusivity among digital biomarker researchers may lead to more racial and socioeconomic inclusivity among those participating in digital biomarker studies. One reason this might be the case is that research participants are more likely to identify with researchers with similar backgrounds and life experiences as their own (Sierra-Mercado and Lázaro-Muñoz 2018). Additionally, researchers from underrepresented backgrounds may be more likely to understand the concerns of underrepresented research participants (Sierra-Mercado and Lázaro-Muñoz 2018). For these reasons, it seems probable that underserved community members would feel more comfortable with and therefore more likely to volunteer their data to researchers from underrepresented backgrounds. The Lucero study – which investigated the views of urban-dwelling community members on clinical data use – supports the claim that research participants who are comfortable with researchers are more likely to volunteer their clinical data (Lucero et al. 2015). The concept of researcher inclusivity has also received considerable interest from the NIH (“NOT-RM-19-001: Request for Information (RFI): Institutional Accountability to Promote Inclusive Excellence” 2019). To be clear, we are advocating for enough researchers from underserved communities to meet the guidelines from the first section of the framework and not a specific number of researchers from these communities. This is because we wish to defer to the judgments of a diverse segment of the research community rather than unilaterally prescribe guidelines for representation and because digital biomarker labs will differ widely in how feasible it is for them to hire researchers from different backgrounds.
	
The last section of our framework addresses the differences in access to medical research locations between communities. Lack of adequate transportation frequently prevents underserved community members from fully participating in medical research (Syed, Gerber, and Sharp 2013). In our group’s work we have noted significant differences in demographics of participants based on location of recruitment. Our previous studies have recruited from numerous locations in the greater Seattle area and depending on proximity of public transportation and to specific neighborhoods the composite of the subject pool varies greatly (University of Washington et al. 2019). In our case we had success with sending team members with diverse backgrounds into neighborhoods and facilities where higher proportions of underrepresented people were present. 

Prior to this we noticed the research subjects we recruited were much less diverse and even those from diverse racial and socioeconomic backgrounds may not have felt included. Another reason to believe this type of community-based approach can be effective is that it has been effective in recruitment for cancer prevention studies (Greiner et al. 2014).

As these examples demonstrate, there are good reasons to put less emphasis on trying to bring underserved community members to high-income areas where academic hospitals tend to be located (and therefore where medical research tends to be conducted). Researchers should gather more data in predominantly low-income and/or racially diverse neighborhoods. This approach is likely to lead to a more inclusive set of participants in medical research, resulting in a more diverse digital biomarker database. 

The second table below summarizes how our social justice framework would help researchers ensure that underserved communities receive a more equitable proportion of benefits from digital biomarker technologies. 
	
Table 2 near here
	
Turning to the second broad approach we propose, social justice also requires that underserved communities actually have access to digital biomarker technologies once these technologies are ready for commercial distribution. We argue that this is no less important than egalitarian research participation. If studies are diverse but distribution is not, then underserved communities will not have access to technologies that might be beneficial to them. On the other hand, if distribution is diverse but studies are not, then underserved communities might have access to technologies that are not beneficial to them. Clearly both sides of this equation are necessary to ensure that digital biomarker technologies are used to promote social justice. As such, it will be necessary to address issues related to the digital divide (Piatak, Dietz, and McKeever 2019).

As it pertains to digital biomarker development, equal distribution is doubly important because the accuracy of these biomarkers is iteratively improved through subsequent data collection from the users. If the ultimate user base is not diverse, inequity of accuracy for the biomarkers between racial groups is inevitable. As more advantaged people submit their data their biomarker accuracies will improve while those for underrepresented people will lag behind. 
	
Furthermore, it is important that underrepresented and underserved voices are involved in ethical discussions regarding the development and use of these new technologies. If these voices are not involved in such discussions, the ethics community may only serve to reinforce inequitable medical outcomes. This reinforces the point that equitable research participation and access to technologies are necessary, but demonstrates that they alone are insufficient. 
		
5. Conclusion: 
We have discussed several ways in which social justice concerns related to digital biomarker research can be addressed. Our hope is that researchers will engage with this framework and adapt it to their individual needs while carefully considering the needs of others. If a social justice framework is properly employed, it becomes more likely that the benefits of digital biomarker technology will be available to a more significant fraction of the population and that the disadvantaged will be treated justly. Beyond the issues addressed above, special care must be taken toward the outcomes of any targeted research as to not create further inequity by improving technology for specific groups while the privileged few reap the financial rewards. There are organizations aiming to address this pitfall by creating individually owned human data infrastructures such that each person keeps their healthcare data and can share as they see fit (Tzovaras et al. 2019). This will lead the way to socially equitable advances without excessive privatization.

6. Statements
6.1. Disclosure of Interest
Dr. Hosseini Ghomi is a stockholder of NeuroLex Laboratories.
6.2. Funding Sources
Dr. Hosseini Ghomi’s work was supported by NIH R25 MH104159 during the completion of this work. This funding provided protected time in Dr. Hosseini Ghomi’s schedule. 
6.3. Acknowledgements
The authors would like to thank Dr. Elliott M. Weiss for his valuable and constructive suggestions during the planning and development phases of this work. His willingness to give his time so generously has been much appreciated. 



7. References:
“Alexa and Google Assistant Are 30% Less Likely to Understand Non-American Accents.” 2018. VentureBeat (blog). July 19, 2018. https://venturebeat.com/2018/07/19/alexa-and-google-assistant-are-30-less-likely-to-understand-non-american-accents/.
Buolamwini, Joy, and Timnit Gebru. 2018. “Gender Shades: Intersectional Accuracy Disparities in Commercial Gender Classiﬁcation,” 15.
Chokshi, Dave A. 2018. “Income, Poverty, and Health Inequality.” JAMA 319 (13): 1312–13. https://doi.org/10.1001/jama.2018.2521.
Coravos, Andrea, Sean Khozin, and Kenneth D. Mandl. 2019. “Developing and Adopting Safe and Effective Digital Biomarkers to Improve Patient Outcomes.” Npj Digital Medicine 2 (1): 14. https://doi.org/10.1038/s41746-019-0090-4.
“Digital Health Consumer Adoption: 2015.” 2015. Rock Health. Accessed May 17, 2019. https://rockhealth.com/reports/digital-health-consumer-adoption-2015/.
Gold, Michael, Joan Amatniek, Maria C. Carrillo, Jesse M. Cedarbaum, James A. Hendrix, Bradley B. Miller, Julie M. Robillard, et al. 2018. “Digital Technologies as Biomarkers, Clinical Outcomes Assessment, and Recruitment Tools in Alzheimer’s Disease Clinical Trials.” Alzheimer’s & Dementia: Translational Research & Clinical Interventions 4 (May): 234–42. https://doi.org/10.1016/j.trci.2018.04.003.
Gostin, Lawrence O., and Madison Powers. 2006. “What Does Social Justice Require for the Public’s Health? Public Health Ethics and Policy Imperatives.” Health Affairs (Project Hope) 25 (4): 1053–60. https://doi.org/10.1377/hlthaff.25.4.1053.
Greiner, K. Allen, Daniela B. Friedman, Swann Arp Adams, Clement K. Gwede, Paula Cupertino, Kimberly K. Engelman, Cathy D. Meade, and James R. Hébert. 2014. “Effective Recruitment Strategies and Community-Based Participatory Research: Community Networks Program Centers’ Recruitment in Cancer Prevention Studies.” Cancer Epidemiology and Prevention Biomarkers 23 (3): 416–23. https://doi.org/10.1158/1055-9965.EPI-13-0760.
Lucero, Robert J., Joan Kearney, Yamnia Cortes, Adriana Arcia, Paul Appelbaum, Roberto Lewis Fernández, and Jose Luchsinger. 2015. “Benefits and Risks in Secondary Use of Digitized Clinical Data: Views of Community Members Living in a Predominantly Ethnic Minority Urban Neighborhood.” AJOB Empirical Bioethics 6 (2): 12–22. https://doi.org/10.1080/23294515.2014.949906.
Marmot, Michael. 2017. “Social Justice, Epidemiology and Health Inequalities.” European Journal of Epidemiology 32 (7): 537–46. https://doi.org/10.1007/s10654-017-0286-3.
Martinez-Martin, Nicole, Thomas R. Insel, Paul Dagum, Henry T. Greely, and Mildred K. Cho. 2018. “Data Mining for Health: Staking out the Ethical Territory of Digital Phenotyping.” Npj Digital Medicine 1 (1). https://doi.org/10.1038/s41746-018-0075-8.
Mays, Vickie M., Susan D. Cochran, and Namdi W. Barnes. 2007. “Race, Race-Based Discrimination, and Health Outcomes Among African Americans.” Annual Review of Psychology 58: 201–25. https://doi.org/10.1146/annurev.psych.57.102904.190212.
Naylor, Stephen. 2003. “Biomarkers: Current Perspectives and Future Prospects: Expert Review of Molecular Diagnostics: Vol 3, No 5.” Accessed January 5, 2019. https://www.tandfonline.com/doi/abs/10.1586/14737159.3.5.525.
Nelson, Benjamin W., and Nicholas B. Allen. 2018. “Extending the Passive-Sensing Toolbox: Using Smart-Home Technology in Psychological Science.” Perspectives on Psychological Science: A Journal of the Association for Psychological Science 13 (6): 718–33. https://doi.org/10.1177/1745691618776008.
“NOT-RM-19-001: Request for Information (RFI): Institutional Accountability to Promote Inclusive Excellence.” 2019. Accessed May 22, 2019. https://grants.nih.gov/grants/guide/notice-files/NOT-RM-19-001.html.
Ocloo, Josephine, and Rachel Matthews. 2016. “From Tokenism to Empowerment: Progressing Patient and Public Involvement in Healthcare Improvement.” BMJ Quality & Safety 25 (8): 626–32. https://doi.org/10.1136/bmjqs-2015-004839.
Paul, Sonia. 2017. “Voice Is the Next Big Platform, Unless You Have an Accent | Backchannel.” Wired, March 20, 2017. https://www.wired.com/2017/03/voice-is-the-next-big-platform-unless-you-have-an-accent/.
Piatak, Jaclyn, Nathan Dietz, and Brice McKeever. 2019. “Bridging or Deepening the Digital Divide: Influence of Household Internet Access on Formal and Informal Volunteering.” Nonprofit and Voluntary Sector Quarterly 48 (2_suppl): 123S-150S. https://doi.org/10.1177/0899764018794907.
Pittman, Benjamin, Reza Hosseini Ghomi, and Dong Si. 2018. “Parkinson’s Disease Classification of MPower Walking Activity Participants.” Conference Proceedings: ... Annual International Conference of the IEEE Engineering in Medicine and Biology Society. IEEE Engineering in Medicine and Biology Society. Annual Conference 2018 (July): 4253–56. https://doi.org/10.1109/EMBC.2018.8513409.
Reynolds, Matt. 2017. “Donate Your Voice so Siri Doesn’t Just Work for White Men.” New Scientist. Accessed May 17, 2019. https://www.newscientist.com/article/2141940-donate-your-voice-so-siri-doesnt-just-work-for-white-men/.
Roberts, Dorothy. 2010. “The Social Immorality of Health in the Gene Age,” 12.
Ruger, Jennifer Prah. 2004. “Health and Social Justice.” Lancet 364 (9439): 1075–80. https://doi.org/10.1016/S0140-6736(04)17064-5.
Sierra-Mercado, Demetrio, and Gabriel Lázaro-Muñoz. 2018. “Enhance Diversity Among Researchers to Promote Participant Trust in Precision Medicine Research.” The American Journal of Bioethics: AJOB 18 (4): 44–46. https://doi.org/10.1080/15265161.2018.1431323.
Syed, Samina T., Ben S. Gerber, and Lisa K. Sharp. 2013. “Traveling Towards Disease: Transportation Barriers to Health Care Access.” Journal of Community Health 38 (5): 976–93. https://doi.org/10.1007/s10900-013-9681-1.
Tatman, Rachael, and Conner Kasten. 2017. “Effects of Talker Dialect, Gender & Race on Accuracy of Bing Speech and YouTube Automatic Captions.” In INTERSPEECH. https://doi.org/10.21437/Interspeech.2017-1746.
“The Accent Gap: How Amazon’s and Google’s Smart Speakers Leave Certain Voices behind.” 2018. Washington Post. Accessed May 17, 2019. https://www.washingtonpost.com/graphics/2018/business/alexa-does-not-understand-your-accent/.
Tzovaras, Bastian Greshake, Misha Angrist, Kevin Arvai, Mairi Dulaney, Vero Estrada-Galiñanes, Beau Gunderson, Tim Head, et al. 2019. “Open Humans: A Platform for Participant-Centered Research and Personal Data Exploration.” BioRxiv, May. https://doi.org/10.1101/469189.
University of Washington, Reza Hosseini Ghomi, Sarah Holden, University of Washington, Aaron Ong, University of Washington, Akanksha Bawa, et al. 2019. “Independent Research as a Resident Physician: Novel Methods for Data Collection, Teaching, and Collaboration During Graduate Medical Training.” The European Educational Researcher 2 (1): 49–58. https://doi.org/10.31757/euer.214.
Wroge, Timothy J., Yasin Ozkanca, Cenk Demiroglu, Dong Si, David C. Atkins, and Reza Hosseini Ghomi. 2018. “Parkinson’s Disease Diagnosis Using Machine Learning and Voice.” In 2018 IEEE Signal Processing in Medicine and Biology Symposium (SPMB), 1–7. Philadelphia, PA: IEEE. https://doi.org/10.1109/SPMB.2018.8615607.
















8. Tables
Table 1: How does the proposed framework address research participation?
	Setting Attainable Goals
	Including Underrepresented Researchers/Advisors
	Choosing Accessible Research Locations

	Specific, attainable goals for participant diversity should be made early in project development with substantial input from underrepresented researchers, advisors, and/or community members.
	Labs conducting digital biomarker research should make efforts to include researchers from underserved backgrounds and/or recruit underrepresented research advisors.
	Researchers should choose research locations that are accessible to underserved community members. 










Table 2: How does the proposed framework help researchers act equitably?
	Setting Attainable Goals
	Including Underrepresented Researchers/Advisors
	Choosing Accessible Research Locations 

	Participation goals created in large part by people from groups traditionally left out of the research process would make it more likely that studies would accurately represent potential beneficiaries. This can only work, however, if researchers make every effort to reach these goals.
	Better representation among researchers and research advisors is likely to lead to increased comfort among underrepresented research participants and subsequently higher participation rates among underrepresented groups.
	More accessible research locations would increase the likelihood that underrepresented community members would physically be able to participate, which would lead to higher participation rates among underrepresented groups.



