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Overview
• An introduction to telehealth
• Different types of telehealth and example cases
• Changes in relation to the COVID-19 Pandemic
• Ongoing challenges
• Opportunities for artificial intelligence 



Telehealth – Definitions
• “Telemedicine” coined in the 1970s: “Healing at a distance” 
• “The delivery of health care services, where distance is a critical 

factor, by all health care professionals using information and 
communication technologies for the exchange of valid 
information for diagnosis, treatment and prevention of disease 
and injuries, research and evaluation, and for the continuing 
education of health care providers, all in the interests of 
advancing the health of individuals and their communities” 
(WHO) 

• “The use of electronic information and telecommunications 
technologies to support long-distance clinical health care, 
patient and professional health-related education, public health 
and health administration” (HealthIT.gov) 



Telehealth – Key Principles
• Providing clinical support
• Overcome geographical barriers
• Involves use of information and communication 

technologies
• Goal of improving health outcomes 

• “Telehealth” intended to be more broad than 
“telemedicine” but often used interchangeably



Forms of Telehealth 

Image credit: Scripps Health

Asynchronous

Patient messages, image interpretation, data 
portals, remote sensing

Image credit: Medscape

Synchronous

Phone calls, Video Visits



Diagnosis of an internal carotid artery aneurysm 
via telehealth 

• 59 yo F called triage line complaining of double vision 
associated with vertigo and headache

• Underwent video visit evaluation (patient declined in-
person evaluation due to COVID-19 pandemic) using 
Doxy.me 

• At home tools to gain ophthalmic data: 
• Snellen visual acuity chart (Safe Eyes America) 
• Extraocular movements (9Gaze app) 
• Dynamic examination also conducted during 

videoconference

Findings consistent with acute CN6 palsy and referred for 
emergent neuro-imaging



Diagnosis of an ICA aneurysm via telehealth 



Diagnosis of an ICA aneurysm via telehealth 



Diabetic Retinopathy Screening Programs

Image Credit: UCLA

Installing cameras at primary care 
clinics and screening patients at 
primary care visits to improve 
access to diabetic retinal exams

Images read and interpretations 
provided asynchronously (i.e., not 
in real time) 



Diabetic Retinopathy Screening Programs

38-year-old man with Type 2 diabetes and 
no visual complaints, had never seen 
ophthalmology before

Imaging at primary care office found to 
have evidence of diabetic retinopathy



Diabetic Retinopathy Screening Programs

Found to have 
neovascularization on ultra-
wide field retinal imaging 
upon follow-up visit to 
ophthalmology

New diagnosis of 
proliferative diabetic 
retinopathy thanks to 
teleretinal program



Diabetic Retinopathy Screening Programs



Growing Digital Health Environment

Image Credit: iCare Image Credit: Reviewed.com Image Credit: University of Michigan



The Impact of COVID-19 on Telehealth

Image Credit: CDC



The Impact of COVID-19 on Telehealth

Image Credit: JAMA Surgery



The Impact of COVID-19 on Telehealth

Image Credit: Kaiser Family Foundation



Ongoing Challenges
• Evolving policies as the pandemic restrictions are easing – how will 

access and reimbursement be affected? 
• Digital Divide

Disparities in 
broadband 

access

Disparities in 
access to 

technology

Disparities in 
education and 
digital literacy



Ongoing Challenges

Image Credit: UCLA

• Time delays 
• Possible communication gaps 
• Loss to follow-up 



Slide courtesy of Aaron Neinstein, MD



Opportunities for Artificial Intelligence
• Ability to scale 
• Managing large volume of data from both traditional 

clinical encounters and telehealth encounters 
• Enhanced predictive models and risk stratification 
• Autonomous AI can provide point-of-care results without 

waiting for clinician input 
• AI can also facilitate synchronous telehealth interactions 

(e.g. chatbots) 
• Opportunities to streamline/automate workflows 





Implications in the 
adoption of AI during the 
COVID-19 pandemic

Michael D. Abramoff, MD, PhD
The Watzke Professor of Ophthalmology and Visual Sciences

University of Iowa
Founder and Executive Chairman, Digital Diagnostics
Fellow, ARVO



Choosing Autonomous AI
Reduce physician burned and improve patient outcomes



Healthcare problems to be solved by Autonomous AI

US Bureau Labor Statistics, 2010
Lam et al, The effect of electronic health records adoption on patient visit volume at an academic ophthalmology department BM Health 
Serv Res, 2016
Redd et al, Electronic health record impact on productivity and efficiency in an academic pediatric ophthalmology practice, JAAPOS 2014
Fong DS, Aiello L, Gardner TW, et al. Diabetic retinopathy. Diabetes Care. 2003;26(1):226-229.
Centers for Disease Control and Prevention. Diabetes Report Card 2012. Atlanta, GA: U.S. Department of Health and Human Services;2012
U.S. Centers for Disease Control level distribution of diagnosed diabetes among US adults aged 20 or older, 2013. 
https://www.cdc.gov/diabetes/pdfs/library/diabetesreportcard2017-508.pdf
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Healthcare problems to be solved by Autonomous AI
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Diabetes health inequities & disparities in access

Cheng YJ, Kanaya AM, Araneta MRG, Saydah SH, Kahn HS, Gregg EW, et al. Prevalence of Diabetes by Race and Ethnicity in the United States, 2011-2016. JAMA. 2019;322(24):2389-98. 
Beckles GL, Chou C. Disparities in the Prevalence of Diagnosed Diabetes — United States, 1999–2002 and 2011–2014. MMWR Morb Mortal Wkly Rep 2016;65:1265–1269.
Harris EL, Sherman SH, Georgopoulos A. Black-white differences in risk of developing retinopathy among individuals with type 2 diabetes. Diabetes Care. 1999;22(5):779-83. 
West SK, Klein R, Rodriguez J, et al. Diabetes and diabetic retinopathy in a Mexican-American population: Proyecto VER. Diabetes Care. 2001;24:1204–1209.
Nsiah-Kumi P, Ortmeier SR, Brown AE. Disparities in diabetic retinopathy screening and disease for racial and ethnic minority populations--a literature review. J Natl Med Assoc. 2009;101(5):430-7. 
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Nsiah-Kumi P, Ortmeier SR, Brown AE. Disparities in diabetic retinopathy screening and disease for racial and ethnic minority populations--a literature review. J Natl Med Assoc. 2009;101(5):430-7. 
Furlong, Ashleigh, Biased AI health tech could disadvantage poorer countries, World Health Organization



Clinical requirements for Autonomous AI



Ethical framework for Autonomous AI requirements

1. Abramoff MD, Tobey D, Char DS. Lessons Learned About Autonomous AI: Finding a Safe, Efficacious, and Ethical Path Through the Development Process. Am J Ophthalmol. 2020;214(1):134-42. 
2. Char DS, Abràmoff MD, Feudtner C. Identifying Ethical Considerations for Machine Learning Healthcare Applications. The American Journal of Bioethics. 2020;20(11):7-17. 



Mitigating bias through AI design

1. https://www.netflix.com/title/81328723
2. https://dam-prod.media.mit.edu/x/2018/02/06/Gender%20Shades%20Intersectional%20Accuracy%20Disparities.pdf (figure 1)
3. Hansen MB, Abramoff MD, Folk JC, Mathenge W, Bastawrous A, Peto T. Results of Automated Retinal Image Analysis for Detection of 4. Diabetic Retinopathy from the Nakuru Study, Kenya. PLoS One. 2015;10(10):e0139148. doi:10.1371/journal.pone.0139148]
4. Abramoff MD, Alward WL, Greenlee EC, et al. Automated segmentation of the optic disc from stereo color photographs using physiologically plausible features. Invest Ophthalmol Vis Sci. 2007;48(4):1665-73
5. Abramoff et al. Lessons Learned About Autonomous AI: Finding a Safe, Efficacious, and Ethical Path Through the Development Process. Am J Ophthalmol. 2020;214(1):134-42. 
6. Char, Abràmoff, Feudtner. Identifying Ethical Considerations for Machine Learning Healthcare Applications. The American Journal of Bioethics. 2020;20(11):7-17. 
7. American Diabetes Association. 11. Microvascular Complications and Foot Care: Standards of Medical Care in Diabetes − 2020. Diabetes Care; 43(Supplement 1): S135-S151, 2020. 
8. https://www.ncqa.org/wp-content/uploads/2020/07/20200701_Summary_Table_of_Measures_Product_Lines_and_Changes.pdf
9. https://www.ama-assn.org/practice-management/digital/ophthalmologist-doing-health-care-ai-right-way

https://dam-prod.media.mit.edu/x/2018/02/06/Gender%20Shades%20Intersectional%20Accuracy%20Disparities.pdf


Validation against clinical outcome



Creation of a new industry: 
Autonomous AI in Healthcare



Resolving health disparities and closing care gaps



References
Slide 3&4:
1. US Bureau Labor Statistics, 2010

Lam et al, The effect of electronic health records adoption on patient visit volume at an academic ophthalmology department BM Health Serv Res, 2016
2. Redd et al, Electronic health record impact on productivity and efficiency in an academic pediatric ophthalmology practice, JAAPOS 2014
3. Fong DS, Aiello L, Gardner TW, et al. Diabetic retinopathy. Diabetes Care. 2003;26(1):226-229.
4. Centers for Disease Control and Prevention. Diabetes Report Card 2012. Atlanta, GA: U.S. Department of Health and Human Services;2012
5. U.S. Centers for Disease Control level distribution of diagnosed diabetes among US adults aged 20 or older, 2013. https://www.cdc.gov/diabetes/pdfs/library/diabetesreportcard2017-508.pdf

Slide 5:
1. Cheng YJ, Kanaya AM, Araneta MRG, Saydah SH, Kahn HS, Gregg EW, et al. Prevalence of Diabetes by Race and Ethnicity in the United States, 2011-2016. JAMA. 2019;322(24):2389-98. 
2. Beckles GL, Chou C. Disparities in the Prevalence of Diagnosed Diabetes — United States, 1999–2002 and 2011–2014. MMWR Morb Mortal Wkly Rep 2016;65:1265–1269.
3. Harris EL, Sherman SH, Georgopoulos A. Black-white differences in risk of developing retinopathy among individuals with type 2 diabetes. Diabetes Care. 1999;22(5):779-83. 
4. West SK, Klein R, Rodriguez J, et al. Diabetes and diabetic retinopathy in a Mexican-American population: Proyecto VER. Diabetes Care. 2001;24:1204–1209.

Nsiah-Kumi P, Ortmeier SR, Brown AE. Disparities in diabetic retinopathy screening and disease for racial and ethnic minority populations--a literature review. J Natl Med Assoc. 2009;101(5):430-7.

Slide 6: 
Furlong, Ashleigh, Biased AI health tech could disadvantage poorer countries, World Health Organization

Slide 7:
1. Abramoff MD, Tobey D, Char DS. Lessons Learned About Autonomous AI: Finding a Safe, Efficacious, and Ethical Path Through the Development Process. Am J Ophthalmol. 2020;214(1):134-42. 
2. Char DS, Abràmoff MD, Feudtner C. Identifying Ethical Considerations for Machine Learning Healthcare Applications. The American Journal of Bioethics. 2020;20(11):7-17. 

Slide 8:
1.https://www.netflix.com/title/81328723
2.https://dam-prod.media.mit.edu/x/2018/02/06/Gender%20Shades%20Intersectional%20Accuracy%20Disparities.pdf (figure 1)
3.Hansen MB, Abramoff MD, Folk JC, Mathenge W, Bastawrous A, Peto T. Results of Automated Retinal Image Analysis for Detection of 4. Diabetic Retinopathy from the Nakuru Study, Kenya. PLoS One. 2015;10(10):e0139148. doi:10.1371/journal.pone.0139148]
4.Abramoff MD, Alward WL, Greenlee EC, et al. Automated segmentation of the optic disc from stereo color photographs using physiologically plausible features. Invest Ophthalmol Vis Sci. 2007;48(4):1665-73
5.Abramoff et al. Lessons Learned About Autonomous AI: Finding a Safe, Efficacious, and Ethical Path Through the Development Process. Am J Ophthalmol. 2020;214(1):134-42. 
6.Char, Abràmoff, Feudtner. Identifying Ethical Considerations for Machine Learning Healthcare Applications. The American Journal of Bioethics. 2020;20(11):7-17. 
7.American Diabetes Association. 11. Microvascular Complications and Foot Care: Standards of Medical Care in Diabetes − 2020. Diabetes Care; 43(Supplement 1): S135-S151, 2020. 
8.https://www.ncqa.org/wp-content/uploads/2020/07/20200701_Summary_Table_of_Measures_Product_Lines_and_Changes.pdf
9.https://www.ama-assn.org/practice-management/digital/ophthalmologist-doing-health-care-ai-right-way

Slide 9:
1. ETDRS report number 9. Ophthalmology 98, 766-785 (1991).
2. ETDRS report number 10. Ophthalmology 98, 786-806 (1991).
3. ETDRS report number 12. Ophthalmology 98, 823-833 (1991).
4. DCCT Progression of retinopathy with intensive versus conventional treatment in the Diabetes Control and Complications Trial. Ophthalmology 102, 647-661 (1995).
5. DCCT The relationship of glycemic exposure (HbA1c) to the risk of development and progression of retinopathy in the diabetes control and complications trial. Diabetes 44, 968-983 (1995).
6. Browning et al., Optical coherence tomography measurements and analysis methods in optical coherence tomography studies of diabetic macular edema. Ophthalmology 115, 1366-1371, 1371 e1361 (2008).
7. DRCR, Three-year follow-up of a randomized trial comparing focal/grid photocoagulation and intravitreal triamcinolone for diabetic macular edema. Arch Ophthalmol 127, 245-251 (2009).
8. Glassman et al., Comparison of optical coherence tomography in diabetic macular edema, with and without reading center manual grading from a clinical trials perspective. Invest Ophthalmol Vis Sci 50, 560-566 (2009). Abràmoff MD, Lavin PT, Birch M, Shah N, Folk JC. Pivotal trial of an autonomous AI-
based diagnostic system for detection of diabetic retinopathy in primary care offices. Nature Digit Med 2018;1:39off  
9. Pugh JA, Jacobson JM, Van Heuven WA, et al. Screening for diabetic retinopathy. The wide-angle retinal camera. Diabetes Care. 1993;16(6):889-895.
10. Lin DY, Blumenkranz MS, Brothers RJ, Grosvenor DM. The sensitivity and specificity of single-field nonmydriatic monochromatic digital fundus photography with remote image interpretation for diabetic retinopathy screening: a comparison with ophthalmoscopy and standardized mydriatic color 
photography. AmJOphthalmol. 2002;134(2):204-213. Liu et al, 2018
11. Lynch et al, IOVS, 2018
12. Abramoff et al, Improved Automated Detection of Diabetic Retinopathy Through Integration of Deep Learning, IOVS, 2016. Compared to 3 retina specialists.
13. Folk et al, Macula Society.  Accuracy of the diabetic eye exam by ophthalmologists, as well as telemedicine by retina specialists and reading center, against a validated outcome standard. 

Slide 11:
1. www.npr.org/sections/health-shots/2019/04/14/711775543/how-can-we-be-sure-artificial-intelligence-is-safe-for-medical-use

https://dam-prod.media.mit.edu/x/2018/02/06/Gender%20Shades%20Intersectional%20Accuracy%20Disparities.pdf
http://www.npr.org/sections/health-shots/2019/04/14/711775543/how-can-we-be-sure-artificial-intelligence-is-safe-for-medical-use



	Slide Number 1
	Emerging Telehealth and Artificial Intelligence Policy��Sally L. Baxter, MD, MSc�University of California San Diego
	Disclosures 
	Overview
	Telehealth – Definitions
	Telehealth – Key Principles
	Forms of Telehealth 
	Diagnosis of an internal carotid artery aneurysm via telehealth 
	Diagnosis of an ICA aneurysm via telehealth 
	Diagnosis of an ICA aneurysm via telehealth 
	Diabetic Retinopathy Screening Programs
	Diabetic Retinopathy Screening Programs
	Diabetic Retinopathy Screening Programs
	Diabetic Retinopathy Screening Programs
	Growing Digital Health Environment
	The Impact of COVID-19 on Telehealth
	The Impact of COVID-19 on Telehealth
	The Impact of COVID-19 on Telehealth
	Ongoing Challenges
	Ongoing Challenges
	Slide Number 21
	Opportunities for Artificial Intelligence
	Slide Number 23
	Implications in the adoption of AI during the COVID-19 pandemic��Michael D. Abramoff, MD, PhD�The Watzke Professor of Ophthalmology and Visual Sciences�	University of Iowa�Founder and Executive Chairman, Digital Diagnostics�Fellow, ARVO
	Choosing Autonomous AI�Reduce physician burned and improve patient outcomes
	Healthcare problems to be solved by Autonomous AI
	Healthcare problems to be solved by Autonomous AI
	Diabetes health inequities & disparities in access
	Diabetes health inequities & disparities in access
	Clinical requirements for Autonomous AI
	Ethical framework for Autonomous AI requirements
	Mitigating bias through AI design
	Validation against clinical outcome
	Creation of a new industry: �Autonomous AI in Healthcare
	Resolving health disparities and closing care gaps
	References
	Slide Number 37

