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Supplementary Note 1

A. Background

These references provide additional background reading on medical errors and includes
citations to early works on ambient intelligence in healthcare.

171. Institute of Medicine & Committee on Quality of Health Care in America. To Err Is
Human: Building a Safer Health System. (National Academies Press, 2000).

172. Rotmensch, M., Halpern, Y., Tlimat, A., Horng, S. & Sontag, D. Learning a Health
Knowledge Graph from Electronic Medical Records. Sci. Rep. 7, 5994 (2017).

173. Giraldo, P. et al. A retrospective review of medical errors adjudicated in court between
2002 and 2012 in Spain. Int. J. Qual. Health Care 28, 33-39 (2016).

174. Morimoto, T. et al. Incidence of adverse drug events and medication errors in Japan: the
JADE study. J. Gen. Intern. Med. 26, 148-153 (2011).

175. Wilson, R. M. et al. The Quality in Australian Health Care Study. Med. J. Aust. 163,
458-471 (1995).

176. Corchado, J. M., Bajo, J. & Abraham, A. GerAmi: Improving Healthcare Delivery in
Geriatric Residences. IEEE Intell. Syst. 23, 19-25 (2008).

177. Dey, N. & Ashour, A. S. Ambient Intelligence in healthcare: a state-of-the-art. Global
Journal of Computer Science and Technology 17, 19-28 (2017).

178. Ramos, C., Augusto, J. C. & Shapiro, D. Ambient Intelligence—the Next Step for
Artificial Intelligence. IEEE Intell. Syst. 23, 15-18 (2008).

B. Hospital Spaces

In this section, references elaborate on the clinical problems in intensive care units, operating
rooms, and other healthcare spaces. This includes review articles which outline the problem
and clinical trials which investigate potential technological and non-technological solutions.
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B.1. Intensive Care Units

References in this subsection focus investigate how patient mobilization affects ICU-acquired
weaknesses and how handwashing compliance impacts hospital-acquired infections. Ambient
intelligence solutions include cameras and RFID-based systems.
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B.2. Operating Rooms

The below references propose technological solutions for detecting and manipulating surgical
instruments using computer vision algorithms. Additional references are provided regarding
laparoscopic surgery, video-based workflow recognition, and surgical guidelines proposed by
clinical organizations.

B.3. Other Healthcare Spaces

These references provide further reading regarding speech recognition for medical
documentation and time-driven activity-based costing for medical billing and healthcare
management purposes.
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C. Daily Living Spaces

The references below provide additional statistics which underscore the aging problem and
relevance of daily living spaces in the context of independent senior living, chronic disease
management, and mental health.
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C.1. Senior Living & Aging
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C.2. Chronic Disease Management

The references below discuss how wearable devices and ambient sensors are used for
physical rehabilitation and gait analysis in the context of several chronic diseases, including
chronic obstructive pulmonary disease and Parkinson’s disease.
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C.3. Mental Health

Below, the references provide additional sources regarding population-level mental health
statistics and include citations to clinically-validated assessment tools and guidelines. Several
technology-based approaches to diagnostic screening are also provided below.
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D. Technical Challenges and Opportunities

This section provides additional references regarding computer vision, speech recognition,
natural language processing, and machine learning, both inside and outside of healthcare.

D.1. Behavior Recognition in Complex Scenes

These references provide further reading on topics related to human behavior recognition in
complex scenes. This includes technical subjects such as human pose estimation, audio
denoising, activity detection, scene graph parsing and generation.
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