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SLEEP AND DRIVING

The Relationship between Nurse Work Schedules, Sleep Duration, and Drowsy

Driving

Linda D. Scott, PhD, RN'; Wei-Ting Hwang, PhD?; Ann E. Rogers, PhD, RN, FAAN?; Tami Nysse, MSN, RN*; Grace E. Dean, PhD, RN®; David F. Dinges, PhD?

!Kirkhof College of Nursing, Grand Valley State University, Grand Rapids, MI; *Department of Biostatistics and Epidemiology, Center for Clinical
Epidemiology and Biostatistics and ’Center for Sleep and Respiratory Neurobiology School of Medicine, University of Pennsylvania, Philadelphia;

‘Spectrum Health, Grand Rapids, MI; *University of Buffalo, Buffalo, NY

Study Objectives: Recent studies have shown that extended shifts
worked by hospital staff nurses are associated with significantly higher risk
of errors, yet little information is available about the ability to remain alert
during the nurses’ commutes following the completion of an extended work
shift. The purpose of this study is to describe the prevalence of drowsy
driving episodes and the relationship between drowsy driving and nurse
work hours, alertness on duty, working at night, and sleep duration.
Participants: Data were collected from 2 national random samples of reg-
istered nurses (n = 895).

Measurements and Results: Full-time hospital staff nurses (n = 895)
completed logbooks on a daily basis for 4 weeks providing information
concerning work hours, sleep duration, drowsy and sleep episodes at
work, and drowsy driving occurrences. Aimost 600 of the nurses (596/895)
reported at least 1 episode of drowsy driving, and 30 nurses reported

experiencing drowsy driving following every shift worked. Shorter sleep
durations, working at night, and difficulties remaining awake at work sig-
nificantly increased the likelihood of drowsy driving episodes.
Conclusions: Given the large numbers of nurses who reported struggling
to stay awake when driving home from work and the frequency with which
nurses reported drowsy driving, greater attention should be paid to increas-
ing nurse awareness of the risks and to implementing strategies to prevent
drowsy driving episodes to ensure public safety. Without mitigation, fatigued
nurses will continue to put the public and themselves at risk.

Keywords: Nurse work schedules, sleep duration, drowsy driving, motor
vehicle crashes, staff nurse work hours

Citation: Scott LD; Hwang WT, Rogers AE; Nysse T; Dean GE; Dinges DF.
The relationship between nurse work schedules, sleep duration, and
drowsy driving. SLEEP 2007;30(12):1801-1807.
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Drowsy Driving—Scott et al
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The Data Science Process

Ask an interesting
question.

What is the scientific goal?
What would you do if vou had all the data?
‘What do you want to predict or estimate?

How were the data sampled?
Which data are relevant?
Are there privacy issues?

Get the data.

Plot the data.

Are there anomalies?

Explﬂre the data- Are there patterns?
Build a model,
Fit the model.

Validate the model.

Model the data.

Sl

Communicate and What did we learn?
2 - Do the results make sense?
visualize the results.

Can we tell a story?

Jow Blitzstain and Hanspelar Plister, created for the Harvard data sclence course hifpaes109.org/,



Competitive Advantage, Sustainability,
Integrity & Transparency,
Security, Societal Well-Being

Data Science Process -

Business Data

Understanding and
Requirement

Lists of Problem definition &
variables Business objective

Data exploration

Understanding and
Requirement

ELT, Integration,
Processing

Exploratory Data Data Quality Data Cleansing &

draft or Analysis Audit Transformation
user Model Specification * Cleaned data Business
interface :
: . Intelligence
design Analytics
Model building  Model & feature Model Validating
Selection
I‘ Models & Actionable Knowledge \
Deployment Visualization & Story telling
Software Policy Business process Dashboard/ Report
Application/ formulation redesign infographics/
Data Product/ /evaluation

Visualization

Data innovation
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Collecting
data

Supervised

Preparing
the data

Unsupervised

Training
a model

Heinforcement

T

Evaluating
the model

Recalibrate

Improving the
performance




Descriptive
Analytics

Prescriptive
Analytics
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Predictive
Analytics
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Diagnostic
Analytics

Cognitive
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Machine learning has great impact potential across industries and use case types

Impact potential
Low M High

Automotive
Manufacturing

Problem type

Real-time
optimization
Strateqgic
optimization
Predictive
analytics
Predictive
maintenance
Radical
personalization

Discover new
frends/anomalies

Forecasting

unstructured data

SOURCE: McKinsey Global Instifute analysis

Consumer

Finance

Agriculture

Energy

Health care
Pharma-
ceuticals

Public/
social

Media
Telecom
Transport and
logistics
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Different
types and forms of
data, including
large amounts of
unstructured data

VELOCITY

Speed at which
data are
generated and
analyzed

VARIETY

Level of
quality,
accuracy and

uncertainty of
data and data

Potential of big
data for
socio-
economic
development

VERACITY

VOLUME

Vast amounts
of data
generated through
large-scale
datafication
and digitization of
information




Internet of Internet of Internet of Internet of
Content People Things Locations

“Big
Data” “social” “cloud” “mobility”

Internet of Events
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Fig. 1 The Internet of Events (IoE) is based on the Internet of Content (IoC), the Internet of
People (1oP), the Internet of Things (10T), and the Internet of Locations (IoL)
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Nursing

Nursing
Traditional Nursing Information
Research System
Nursing Data Science/
Nursing Informatics
Math/Statistics Computer Science
/Information system

Machine learning



Math/Statistics Computer science/Information System

Data Nerd

Statistical

Programmer Nursing

Communication

Failed
Data Scientist

The perfect
Nursing
Data Scientist

Nurse as
number

Nursing
Professor

Researcher

Pharmaceutical company



A NEW CHAPTER
AS DEAN
BERKOWITZ
RETIRES

Columbia e :
I\ | &2 COLUMBIA UNIVERSITY

BABY BOON e .
Data Science Institute

Fall/Winter 2018

DATA SCIENCE INDUSTRY RESEARCH EVENTS ENTREPRENEURSHIP PEOPLE CONNECT

SCHOOL OF NURSING CONTACT US

For all Industry Affiliates Program inguiries,
Suzanne R. Ba en please contact the Data Science Institute at

School of Nursing Health Analytics Golumbia University.
Alumni Professor

Biomedical Inform atics

Professor

5bh22 @columbia.edu

Website

Data Science Insfitute
212-854-5660
datascience @columbia.edu

DATASCIENCECOLUMBIA.EDU

Elaine L. Larson

School of Nursing Health Analytics
Associate Dean of Research
eli23@columbia.edu
Website

Jacqueline A. Merrill

School of Nursing Health Analytics
Associate Professor
jam119@columbia.edu




UNIVERSITY OF MINNESOTA OneStop Myl &: For Students, Faculty, and Staff

Driven to Discover CustomSearch [

For Current Students ~  For Alumni~  For Faculty & Staff

SCHOOL OF NURSING

About ~ Degrees & Programs ~ Research ~ Centers ~ Ouireach~ News & Evenis v Give

Home : Centers » Center for Mursing Informatics » News & Events » 2019 Nursing Knowledge: Big Data Science Conference

2019 Nursing Knowledge: Big Data Science Conference

Center for Adolescent Nursing

Tweet to
#NursingandBigData

Conference: June 6 — 7, 2019 -
2018 Conference
Registration coming in January, 2019

= Join nationally recognized leaders for the seventh-annual Big Data
Conference in Minneapolis.
» Engage in advancing a national action plan to ensure that nursing data are
Center Projects captured and available in sharable, comparable formats for clinicians,
administrators, researchers, policy makers and others to improve health
Learning Opportunities

outcomes.
News & Events » Learn about the accomplishments of the work groups, their importance to Photo gallery
vour work and how to build on these in the future.

Center for Aging Science & Care
Innovation

Center for Child and Family Health
Promotion Research

Center for Children with Special
Health Care Needs

Pre-conference: June 5, 2019

Center for Nursing Informatics

About the Center

Members

2018 Proceedings




PROJECT 1:
COMMOM DATA
ELEMENTS

The Center for Data Science is developing
systems and tools to support collaborative
nursing research across academic and practice
settings. The data repository will enable
researchers to share and compare nursing
research insights and evidence that could be
used to prevent, diagnose, treat and evaluate
the health of individuals, families, communities
and populations.

JOI THE CONVERSATION »

EMORY

PROJECT 2:
ELECTRONIC
HEAILTH RECORDS

Nursing data elements within the Electronic
Medical Record (EMR) have the potential to
enhance clinical care and research. Researchers
in the Center for Data Science are developing
the tools and infrastructure that will enable
insights from electronic health records to be
efficiently leveraged for use in translational
research and establishing a health trajectory
across a patient’s life course.

NELL HODGSON 1520 Clifton Road NE

SCHOOL OF 404727 7980

NURSING nursingquestions@emory_edu

Equal Opportunity Policy »

WOODRUFF  Atlanta, Georgia 30322 USA

PROIJECT 3: MOBILE
HEALTH

Emerging technologies such as virtual and
augmented reality, mobile and telehealth health
applications, sensors, medical devices, and
remote patient monitoring tools are
transforming patient care. Researchers at the
Center for Data Science are developing new
tools to support nursing research, education
and practice that will enable better disease
prevention, patient self-management, and
treatment adherence.

f Yy B8 ®8 N @ in

—

2 NN
GRAD SCHOOLS

e CENTER

CUSNBWS . oy e

 NURSING

EDUCATION

2005 - 2009



JOURNAL 01

URSING SCHOLARSHIP

PROFESSION AND SOCIETY

Nursing Needs Big Data and Big Data Needs Nursing
Patricia Flatley Brennan, RN, PhD, FAAN, FACMI' & Suzanne Bakken, RN, PhD, FAAN, FACMI?

1 Beta Eta at large, Lillian S. Moehlman-Bascom Professor of Nursing and Industrial Engineering, University of Wisconsin-Madison, Madison, WI, USA
2 Alpha Eta, The Alumni Professor of Nursing an Professor of Biomedical Informatics, Columbia University, New York, NY, USA

Key words
Big data, clinical information, data science

Correspondence

Dr. Patricia Flatley Brennan, University of
Wisconsin-Madison — Living Environments
Laboratory, 330 N. Orchard 5t., Madison, W
53715. E-mail: pbrennan@discovery.wisc.edu

Accepted: June 19, 2015

doi: 10.1111/jnu.12159

Abstract

Purpose: Contemporary big data initiatives in health care will benefit from
greater integration with nursing science and nursing practice; in turn, nursing
science and nursing practice has much to gain from the data science initiatives.
Big data arises secondary to scholarly inquiry (e.g., -omics) and everyday ob-
servations like cardiac flow sensors or Twitter feeds. Data science methods that
are emerging ensure that these data be leveraged to improve patient care.

Organizing Construct: Big data encompasses data that exceed human com-
prehension, that exist at a volume unmanageable by standard computer sys-
tems, that arrive at a velocity not under the control of the investigator and



Table 1. Roles of Data Intensive Nurses in Practice and Nurse Researchers

Data-intensive nurses in practice

Data-intensive nurse researchers

Bachelor's in nursing

Advanced practice nurse

Data-intensive nursing PhD

Nurse data scientist

Training

Roles

Activities

BS/BA/BSN with courses in
data science in the context
of evidence-based nursing
practice

Nursing expert in
interprofessional teams

Critical assessment and
application of findings
generated through data
science methods

Implement data policies

Contribute to knowledge
development from the
bedside

Contribute to devising
pathways of informed
practice

DMNP with courses in data
science methods

Clinical expertin
interdisciplinary teams

Evaluator and user of findings
generated through data
science methods

Oversee and implement data
policies

Initiate knowledge
development from the
bedside

Devise pathways of informed
practice

PhD in nursing; minor,
concentration in or
post-doc in data science

Lead a program of research
supported by data science
methods

Conduct inquiry into basic
nurse phenomena
supported by data science
methods

PhD in methodological
specialty; minaor,
concentration in or
post-doc in nursing

Lead program of research in
data science informed by
discipline

Generate new methods
informed by the discipline’s
phenomena of concern and
knowledge building
traditions




Clinical Resources

¢ Johns Hopkins Data Scientist Toolbox — This free
on-line course will help vou identify and clas-
sify data science problems. It is the first course
in the Data Science Specialization: https://www.
coursera.org/course/datascitoolbox

® ChartBuilder is an online chart making tool. You
can enter your data manually and the program will
organize it into rows and columns and create charts
on the fly: http://quartz.github.io/Chartbuilder/

® Nursing Knowledge 2015 — This site is the hub
of the University of Minnesota School of Nurs-
ing’s annual big data conference. It includes case
studies and reports from the meeting: http://
www.nursing.umn.edu/about/calendar-of-events/
2015-events/nursing-kno—wledge-2015-big-data-
science-conference/index.htm
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Health Record i j .

Data Payer and

Financial
Data

Mobile Geographic
Health and

Application Environmental
Data Data

Extract Data—s—Clean and Transform Data -—load Data into Accessible Storage

Analytics Tools
and Techniques
Used

Statistics_al Dashboards
Summaries
Trend
Analyses

Chapter 2 Fig. 2.1 Data from multiple sources will need to be extracted from the original database, exam-

. . . ined for use, transformed, loaded into another database, and then extracted to create reports, dash-
Blg Data in Healthcare: A Wide Look boards, and visual graphics for analysis and pattern recognition
at a Broad Subject

Marisa L. Wilson, Charlotte A. Weaver, Paula M. Procter,
and Mnrielle € Reeneal



Table 4.1 Emerging roles and the technology that enables them

Emerging role | Technology enabler Examples Function
Care Implanted technology | Insulin pumps, automatic Complex physiological
coordination defibrillators, pacemakers monitoring and
medication
administration
Wearable Technology | Activity, sleep, diet monitors | Quantified self-

(fitbit®, Nike® Fuel®,
Garmin®), emergency alerts
(Life Alert®)

movement (exercise,
sleep and nutrition
monitoring)

Home monitoring
devices

Smart scales, refrigerator
monitors, fall carpets,
security systems, activity
motion detectors, cameras,
thermostat monitors, smoke
and CO, alarms (Nest®)

Internet of Things to
monitor patients at risk
in their homes (For
example: seniors)

Population
Management
software

Data aggregation, risk
stratification and
segmentation of patients
with specific disease
conditions (diabetes,
asthma, heart failure, and
other)

Decision support to
manage factors that
impact a specific
patient population’s
clinical and financial
outcomes (access,
compliance, lifestyle
and other)



Health coach

Patient portals,
personal health
records and patient
engagement software

Email consultation,
out-of-hospital care
pathways, on-line support
groups, test result tracking
(lab tests), medication
reconciliation, just-in-time
education

Motivate patient
engagement through
on-line
communication,
reminders, information
sharing, health
education and
incentive programs

Social media

On-line support groups for
specific disease conditions
from Alzheimer’s to weight
loss

Provide emotional
support, self and
family disease
management, and
education through
on-line communities

Telehealth Telehealth equipment, | Virtual office visits Provide remote
facilitator software and (Virtuwell®, Zipnosis®), assessment and
networks Virtual ICUs, remote monitoring of patients
telehealth assessments using telehealth
equipment
Nurse data Large-scale data Knowledge engineering Create knowledge
scientist repositories, parallel through statistical value from large-scale

computer processing,
distributed databases

modeling, data munging
and ingestion, natural
language processing
(NLP), machine learning,
visualization and other big
data science approaches

data repositories that
can be translated into
improved care and
treatment of patients




Emerging role | Technology enabler Examples Function

Nurse The open source Innovation labs, innovation | Improve the care and

entrepreneur movement (software., | ecosystems and the Maker | treatment of patients
manufacturing), movement. Early adopters | through the rapid
crowd sourcing and include Amazon®, Quirky®, | creation of new
funding leading to the | Kickstarter® and other products, software
democratization of companies applications and
designing and services
manufacturing new
products and services

Data sources for

healthcare

Research data

Routine data
v v -
. Administrative : Multimedia
Medical data (GEFIE‘IIC dataD data
| |
Video data

v v

Personal/user’s data Clinical data
| Audio data
Mobile & fitness , . Electronic Health
C tracker ) Gomal media da@ Records (EHRs)

Fig. 5.2 Different types of data sources possible for the healthcare environment
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The Internet of Things for Basic Nursing Care - A Scoping Review

Article in International Journal of Nursing Studies - February 2017

DOI: 10.1016/].ijnurstu.2017.01.009
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Figure 1: The architecture of Internet of Things based healthcare systems 1n a hospital
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< Previous Next >

NLP: Tapping Into EHR Text Fields

Electronic health records (EHRs) are digitizing valuable medical data on a massive scale. However, up to 70% of meaningful information for medical registries,
outcomes researchers, and clinicians is held within practitioner notes. These free text fields are unstructured, so there is little to no standardization of the
content, format, or quality of these notes. Consequently, transforming these free text fields into useful, quantified data remains a difficult problem.

Natural language processing (NLP) offers a computational means to synthesize this text. From a high level, NLP here involves feeding an algorithm large
amounts of EHR notes from which it “learns” a set of rules to identify what is meaningful. These rules take the form of probabilistic and statistical functions. Lin

et al. (2013) offers a simple example: an NLP-based algorithm should determine that “hypertension” and “elevated blood pressure” refer to the same concept. It
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Realizing the full potential of electronic health records: the role of natural
language processing
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KEY FEATURES BEST SUITED FOR

+ Electronic keyless entry system Initiatives

+ 5 Drawer sizes that can be mixed and = Bedside Documentation

matched to individual unit and nurse

) = CPOE / Physician Rounds
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« Accurate battery display

o . . = Med/5urg Department
« Electronic lift with height adjustment

memory setfings = Emergency Dept
« On-board calculator = Ambulatory/Outpatient Areas
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Top 10 provinces with youngest index of aging, 2014 Top 10 provinces with highest index of aging, 2014
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Rank 91IA province Index of aging Rank JIWIA province Index of aging

1 #51527d Narathiwat 40.2 1 a9 Lampang 143.5

2 Hxa7 Yala 40.4 2 a1 Lamphun 143.3

3 Uaa1ik Pattani 44.3 3 WWS Phrae 140.0
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8 Maehongson 95.0 8 WL Phayao 120.1
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¥ mqmﬂm?;ﬂ mqmﬂmﬁﬂﬂsmnwmmw AMUANAI
eso 18.5 17.6 0.9
ecs 15.1 14.2 0.9
e 11.9 11.0 0.9
ess 9.4 8.6 0.8
eso 7.6 6.6 1.0
((GIN mqmnm?;ﬂ mqmnmﬁﬂﬂﬂﬁnwﬁnmw MUANAI
eco 21.5 19.9 1.6
e 17.8 16.2 1.6
ey 14.2 12.6 1.6
e 11.3 9.8 1.5
eso 8.5 7.0 1.5

Source: Jiawiwatkul, U., Aekplakorn, W., Vapattanawong, P., Prasartkul, P., and Porapakkham, Y., Changes in Active Life -
Expectancy Among Older Thais: Results From the 1997 and 2004 National Health Examination Surveys. Asia-Pacific Journal of

Public Health. 2011; 1-8.

Data source: National Health Examination Surveys 1997, 2004
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Registered nurses (RNs) and nurse practitioners (NPs) are
accustomed to emerging technology making an impact on their
work environments and day-to-day duties. While these advances
in equipment and technology bring many positive changes, some
trends, such as robotics, are feared because of the possibility that
they will take jobs away from nurses. However, the opportunities
for nurses and robots to work together and the innate skills and
characteristics of humans make RNs and NPs irreplaceable.
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Overview of Robotics in the

Healthcare Industry

The healthcare robotics market is estimated to grow to

In revenue
BILLION gy20r
The applications in healthcare
o seem endless.
THE HEALTHCARE ROBOTICS \
MARKET INCLUDES: Surgical
robots

Rehabilitation Hospital
A —»  Surgical robot training
v Fvackeletnne P

robots robots




MORE DETAILED
SEGMENTATION
OF ROBOTICS

APPLICATIONS
IN HEALTHCARE
INCLUDES:

TECHNOLOGIES ENABLING
HEALTHCARE ROBOTICS:

» Gesture control
» Machine vision
»  Speech/voice recognition
» Tactile sensors

1Al e e o Al e e

B A el e o

Surgical robot training
Exoskeletons

Smart prostheses and bionics
Assistive robots

Therapy robots

Cleaning robots

Logistics robots

Telepresence robots

Pill robots
Robotic nurses
Surgical robots

ffffff




BENEFITS OF ROBOTS IN HEALTHCARE:

Improve
patient
care

Reduce
waske

Provide sophisticated levels of measurability
and traceability

FAMOUS

NURSE ROBOTS

Robotics in healthcare is well past the early developmental stage, and robot
nurses have become well known for their contributions in the healthcare setting.
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~ APPLICATION TODAY:

» Used by hospitals in Thailand and Japan
for patient care

(=}

THAI LAND

SKILLS:

» Monitors elderly by video and sets up video chat
with their relatives

» Alerts caregivers of patient activity by phone

» Provides reminders for medication and exercise

» Exercises alongside the elderly

» Provides entertainment with karaoke and games




ROBOTPARD

____________

- APPLICATION TODAY:

- » Used in hospitals and extended-care facilities
- all over the world

» SKILLS:

- » Stimulates interaction between patients
~ and caregivers

- » Imitates the voice of a baby harp seal to
. help relax patients

- » s able to adapt behavior to each patient

» BENEFITS:
» Reduce patient stress
- » Improve patients’ relaxation and motivation P _
- » Improve patients’ socialization with each FIVE TYPES OF SENSORS:
other and with caregivers » Light, audio, temperature, posture, and tactile

ROBOT PEPPER




~ APPLICATION TODAY:

» Works at reception area of two Belgian
hospitals greeting people
» Guides patients to the proper department

" SKILLS:

» Recognizes 20 languages and can identify gender

» |dentifies joy, sadness, anger and surprise

» Interprets non-verbal language, such as the tilt
of the head, a frown, a smile and tone of voice

VISION:

» Two high-resolution cameras and a 3D camera
» Shape recognition software processes
captured images

MOVEMENT:.

» 20 engines and three multi-directional
wheels enable the robot to move at a
maximum speed of 3 km/h




Establishing a Middle Ground

Rather than pitting robots against humans,
individuals should consider the opportunities created
by robots in healthcare and the reasons why robots
can never completely replace human nurses.

WHY HUMAN NURSES
ARE IRREPLACEABLE

COMMON SENSE EMPATHY

Robots rely on programming and lack the common Robots require programming to
sense reasoning ability understand emotions and exhibit a
response

Fnr example Irapwr_,um |n:r|r||:|-=r|r|':I tipping over a cup, they
[ [JHI]II'HM—’IH[I the

For example: Pepper the robot may have bee
he motion the

programmed to respond with emotions but still is
not capable of fully understanding human emotions.
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CREATIVITY

Artificial intelligence (Al) can mimic a famous

artist’'s style but is not capable of creating art
that will resonate with humans

For example: Algorithms can be created to produce
sequences of p:1|'r||“|'r|c'_1 |:|LI|: it is much more difficult to teach
Al ho etween emotionally

poy n—-rru| art -HI‘HEHHU hﬂ cres

HOW NURSE ROBOTS
OFFER A HELPING HAND

» Nurse robots can take over tasks such as

programmed to re pnrn:l W |th em ulhc ns |:|LI h|| I
not capable of fully understanding hurnan emotions.

ETHICAL DECISION MAKING

When faced with novel circumstances,
robots may waste time making a decision
that could potentially affect a patient’s life

For example: An experiment tested a robot's ability to

protect other robots (called human proxies) from entering a

danger zone on a table game. In 14 out of 33 trials, the robot
o p Jlted in both

» Robots can help train staff. For
example, a robot patient could simulate
the behavior of patient's limbs for
patient-transfer training.

~ EDUCATION



~ REPETITIVETASKS

» Nurse robots can take over tasks such as
retrieving medical supplies, delivering food and
medication, and transferring or moving patients.

»

»

»

» Robots can help train staff. For

example, a robot patient could simulate
the behavior of patient’s limbs for
patient-transfer training.

-~ EDUCATION

At Dugquesne, students can interact with
DUSTIN, short for Duguesne University
Simulating Telepresence in Nursing.

According to Joe Seidel, the director of
technology in the School of Nursing,
students “can connect to him through
an iPad or iPhone app or any computer.
Once connected, they can use DUSTIN
to see, hear, speak, and communicate
with anyone in the room. DUSTIN's
screen displays a live video feed of the
person at a distance, so it feels like he or
she is part of the team.”

Duguesne is the second nursing school
in the US to have a nurse robot.



HOW NURSE ROBOTS CREATE AND
EXPAND CAREER OPPORTUNITIES

" ROBOTIC COORDINATOR \,

As robolts continue to become more common in
healthcare, the need for individuals to oversee the
duties of robots will create a new job opportunity.

ROBOTIC TELEMEDICINE \
Patients living in rural areas or those in urgent need of r RESEARCH \

a specialist can receive a diagnosis and treatment plan
through a robot that can be remotely controlled using
a desktop, laptop, or mobile device. Nurses will play
avital role in assisting robots and remote healthcare
practitioners.

Since nurses are well aware of the needs

in the healthcare environment, they can
participate in the technological advancement
of developing robots.

f , ,_'_ CONCLUSION:




CONCLUSION:

onlinenursing.duq.edu/masters-nursing-education

SOURCES:
https://globenewswire.com/news- FD|E1]'-'I'-" f2
https:/fwww.robotics.or

http.«","www bu5|r'n.-.-55|n ider.

https L’wwwnld EUHbGHLrutH“'tII’"‘ cam/fen/ ruhrt= pF‘F‘IF'v.:-I‘FfII'id "lllt-l‘r'll"rn-'-lilbu'ut -pEppar
http: /S www parorobot co '

https: fwww. reuters.com

httF:‘EZL'. gooOnMvers

httpr_ H'

https:// 'www.5rnithsa:.~ruunmug.mm,.-"inr.-n-.rc: on/doctors-can-use-robotic-telemedi
http:/fwww.dug.edu/fassets/Documents/nursing/about/ _pdf/Nursing%202017%

No doubt healthcare today is an exciting, rapidly evolving industry.
Technology companies have noticed the needs in the healthcare setting
and are continuing to develop and advance technologies that will benefit
both the patient and the healthcare professional. Students entering the
field will face challenges and opportunities in adopting and adapting to
new technologies and shifting responsibilities as a result.

7 DUQUESNE
UNIVERSITY

School of Nursing

nd=-diapers=-idUSKCHIOOZ2E4









Simulator for nursing education






Big data and personalized healthcare and nursing
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PERSONALIZED CANCER MEDICINE

Find Cancer
DNA Mutation

Identify the best drug
against this mutation

Ovarian
Cancer

Dan Cojocari, 2015



nature International weekly journal of science

Home | News & Comment | Research | Careers & Jobs | Current Issue | Archive | Audio & Video | For A

< &
Personalized medicine: Time for one-person trials

Nicholas J. Schork

29 April 2015

Precision medicine requires a different type of clinical trial that focuses on individual, not

average, responses to therapy, says Nicholas J. Schork.

Personalized Healthcare

BIG DATA AMALYSED INSIGHT DELIVERED STRATEGY ENABLED
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RESEARCH ARTICLE
Can machine-learning improve cardiovascular
risk prediction using routine clinical data?

Stephen F. Weng'?**, Jenna Reps®**, Joe Kai'**, Jonathan M. Garibaldi***,
Nadeem Qureshi'%

1 NIHR School for Primary Care Research, University of Nottingham, Nottingham, United Kingdom,

2 Division of Primary Care, School of Medicine, University of Nottingham, Nottingham, United Kingdom,
3 Advanced Data Analysis Centre, University of Nottingham, Nottingham, United Kingdom, 4 School of
Computer Science, University of Nottingham, Nottingham, United Kingdom

« These authors contributed equally to this work.
1 These authors also contributed equally to this work.

m * stephen.wenqg @ nottingham.ac.uk

Check for
updates Abstract
Background
G OPEN ACCESS Current approaches to predict cardiovascular risk fail to identify many people who would

benefit from preventive treatment, while others receive unnecessary intervention. Machine-
Citation: Weng SF, Reps . Kai J, Garbak JM, learning offers opportunity to improve accuracy by exploiting complex interactions between
Qureshi N (2017) Can machine-learning improve 9 PP ty P y Dy exp g P

cardiovascular risk prediction using routine clinical 1Sk factors. We assessed whether machine-learning can improve cardiovascular risk
data? PLoS ONE 12(4): e0174944. hitps//doiore/  prediction.



Google Al claims 99% accuracy in metastatic
o breast cancer detection

KYLE WIGGERS @KYLE_L_WIGGERS OCTOBER 12, 2018 9:00 AM
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Diabetic Retinopathy Detection

|dentify signs of diabetic retinopathy in eye images
$100,000 - 661teams - 4 years ago

Overview Data Kernels Discussion Leaderboard Rules Join Competition

Overview
Description Diabetic retinopathy is the leading cause of blindness in the working-age population of the developed
world. It is estimated to affect over 93 million people.

Evaluation

The US Center for Disease Control and Prevention estimates that
Prizes 29.1 million people in the US have diabetes and the World Health

.. Organization estimates that 347 million people have the disease

Timeline

worldwide. Diabetic Retinopathy (DR) is an eye disease



X 0 @ https://www.bbc.com/news/health-21945812

DNA test reveals 80 markers for inherited
cancer risk

By Fergus Walsh
Medical correspondent

® 27 March 2013 «; Share

More than 80 genetic markers that
can increase the risk of developing
breast, prostate or ovarian cancer
have been found in the largest
study of its kind.

The DNA of 200,000 people - half of
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Cardiologs raises $6.5M for Al-powered
ECG analysis

By Jonah Comstock | October 05, 2017 SHARE 217

Paris-based Cardiologs has raised $6.5
million to support its Al-powered
algorithm for ECG analysis. The round
was led by a syndicate of investors
including Idinvest, ISAIl, Kurma Partners,
and Partech Ventures, with additional
participation from Bpifrance seed fund.

Intaranarahilitvw



3D Ped Burn Resuscitation (Early
Access)

NIDA3D Medical

15 MODEL WEIGHT.FOR

-AGE GROUP

%€ Everyone

[*] add to wishlist

3D Ped Burn resuscitation application .

Medical disclaimer

r 30 Ped Burn Resuscitation application
alli ions on the 3D Pead Burn

30 FED Burm Resuscitation

AepazT are rs

_.‘* Google play
i ——
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Q&A

Thank you!
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