
32 AJN ▼ April 2021 ▼ Vol. 121, No. 4 ajnonline.com

2 HOURS
Nursing Continuing Professional Development

I t’s said that change is the one constant in life, 
and for many people the constant need to 
adapt and stay current can feel both excit-

ing and daunting. In the health care arena, the 
fields of data science and machine learning are 
revolutionizing the ways information is used, 
and it’s essential for nurses to understand how 
this impacts nursing practice and how the nurs-
ing profession can benefit. In this article, we pro-
vide frontline nurses and nurse administrators with 
an orientation to data science and machine learn-
ing, discuss current challenges and opportunities, 
and describe the implications for various nursing 
roles. Throughout, we also discuss relevant litera-
ture. (For details on the search method, see Litera-
ture Search.)

A SHORT OVERVIEW
Rapid advances in computers’ capacity to analyze 
data and reductions in hardware costs have allowed 
the creation of very large databases, which in turn 
contain multiple data sets. Many industries stand to 
gain—including the health care industry, which can 
use these large databases to inform data-driven, 
 evidence-based care decisions.1-3 In hospitals, health 
care systems, and other health-related entities, data 
scientists might be employed to manage large data-
bases compiled from electronic health records 
(EHRs).1 They might also use machine learning to 
develop predictive models that influence clinical 
decision-making and patient outcomes.

Nursing practice can benefit from these models. 
For example, predictive models identifying patients 
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and specialty equipment can be ordered earlier in a 
patient’s stay, leading to better patient outcomes. 

UNDERSTANDING THE BASICS
First, it’s important to understand some essential 
terms and definitions. The following is a short 
guide, with examples relevant for nurses.

A data set is a discrete set of data, whereas a data-
base comprises multiple data sets. The distinction 

at risk for specific postoperative complications could 
help nurses in evaluating a given patient’s discharge 
readiness and identify appropriate predischarge 
 educational materials.4 Indeed, when Alderden and 
colleagues used machine learning to develop a pre-
dictive model for pressure ulcer development in criti-
cal care patients, their model performed comparably 
to the widely used Braden Scale.5 Predictive models 
facilitate preplanning, as appropriate interventions 
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A depiction of the relationship between data science and machine learning and how it can improve the practice of 
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Figure 1. Data Science and Health Care
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ing models to the data using machine learning tools 
(such as statistical analytics software) and identify-
ing patterns and relationships. Communication, the 
last stage, refers to the act of presenting the results 
of the analysis to appropriate stakeholders, whether 
through publications, presentations, or internally 
within an organization.

Machine learning refers to a kind of artificial 
intelligence in which a machine (a computer or 
array of computers) applies statistical algorithms to 
the data set of interest. The machine “learns” to 
apply the algorithms to the data and builds a statis-
tical model. This model then combs through hun-
dreds of variables from thousands of individual 
sources, such as patients, to find patterns and 
groupings. Machine learning can also refer to the 
field of study in which data scientists explore how 
computers learn from data and develop appropriate 
algorithms to facilitate such learning.3 The machine 
learning toolbox consists of many classic statistical 
methods of analyses such as linear regression. In 
addition, machine learning can create specialized 
models capable of analyzing complex multidimen-
sional data, such as magnetic resonance imaging or 
ultrasound results. For example, using thousands of 
X-rays of a specific bone cancer, researchers can use 
machine learning to “train” a model. The model 
can then analyze new, unread X-rays and predict 
which patients are more likely to have the same 
cancer. 

Unlike hypothesis testing, which involves making 
observations about variables and testing possible 
causal relationships among them, machine learning 
allows researchers to predict future outcomes with-
out testing for causality. For example, a public 
health researcher might want to test the hypothesis 
that children with certain nutritional deficits are at 
higher risk for a specific childhood cancer. Yet 
machine learning might identify children with this 
disease clustered by zip code, pointing to environ-
mental conditions that warrant further investigation.

PREDICTING PATIENT OUTCOMES
Researchers are already using machine learning 
to develop predictive models for hospital read-
missions, patient mortality, and patient morbidity. 
Examples include using machine learning to pre-
dict pressure injuries in critical care patients,5 delir-
ium in hospitalized patients,9 early readmissions for 
patients with diabetes,10 and the likelihood of sep-
sis in ED patients.11 These studies used differing 
sources of data, including condition-specific regis-
tries and hospital-specific EHRs. 

It’s important to note that machine learning can 
only use—and thus is limited by—the data that 
humans have provided. Missing clinical data and 
errors in patient administration data (such as trans-
fer and discharge data, and data from classification 

isn’t always clear, and the terms are sometimes used 
interchangeably. Big data can be defined as digital 
data that are generated in such high volumes, variet-
ies, and speeds that the resulting data sets are too 
large for the usual data-processing systems.3 Big data 
originally emerged from commercial shopping and 
entertainment sites such as Amazon and Netflix. 
In health care, big data now comes from multiple 
sources such as EHRs, biometric medical devices 
such as “smart” infusion pumps and cardiac moni-
tors, and “smart” watches and other wearable 
devices (see Figure 1).6, 7 Data sets compiled from 
the EHRs of a health care system can be sorted in 
countless ways according to the patient populations 
of interest, such as all patients with stroke or all 
female African American patients with diabetes. 

Data science refers both to the field of the study 
of data and to the principles that guide such study.3 
Data scientists seek to extract information from 
data that can be turned into knowledge. The data 
scientist drives this process by controlling the “data 
life cycle,” which has five stages: data capture, 
maintenance, processing, analysis, and communica-
tion.8 Data capture occurs when data are gathered 
from one or more sources such as EHRs (data of 
interest might include laboratory results, imaging 
data, medications, and other treatment data) and 
wearable devices. Maintenance generally refers to 
the stage at which data are inserted into an infra-
structure (a database or other computational envi-
ronment). Processing refers to the stage when the 
data are organized into a manageable form. This 
might include dimensionality reduction (determin-
ing the minimum number of random variables to 
include in analysis), summarization (such as identi-
fying the mean and median, preparing a bar graph), 
and transformation (such as by displaying data in a 
normal distribution curve). Analysis involves apply-

Literature Search

We conducted a search of CINAHL and PubMed using the keywords 
big data, data science, informatics, machine learning, and nursing. The 
specified date range was 2009 to 2019. Sixty-nine articles in that 
range were identified as potentially relevant; of these, 30 were 
selected for inclusion in the article. We also included one website 
and made an exception for an older article published in 2003 
because of its relevance.

Of the 30 articles published within the specified date range, 20 
had been published between 2017 and 2019, reflecting the increas-
ing interest and research in the topic areas. It was noted that data 
science as a discrete topic was not singled out in many studies, 
although machine learning is a core function within this field. The 
role of the data scientist was also not addressed in most studies. 
Nurses were seldom identified as data scientists; the term “nurse 
informaticist” was more commonly used.
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in 25,000 hospitalized patients, nine were features 
of nursing assessment.9 In descending order of sig-
nificance, these were disorientation, ability to dress 
self in the hospital, lifestyle, number of days since 
last discharge, ability to walk, excretion, nursing 
support, ability to dress self at home, and fluid 
intake. The researchers reached two important 
conclusions: that data from nursing assessments 
made at and before the current hospitalization can 
potentially predict delirium; and that nursing data 
add independent information, outside of clinical 
and demographic data, that can strengthen the pre-
dictions of machine learning models. 

Given that nurses’ narrative notes often contain 
rich details and insights, it’s clear that finding a way 
to translate unstructured into structured data is 
highly desirable.13 Currently, narrative data aren’t 
likely to be included in machine learning processes 
because standardized ways to translate that data 
haven’t been created. Researchers are advocating 
the development of national EHR templates that 

include both structured and unstructured data entry 
options.14-16 As Moon and colleagues have stated, 
“Creating a standardized approach to measuring 
individual nurse contribution in patient outcomes is 
innovative” and will make the value of nursing 
more recognizable.15 

One promising option for translating unstruc-
tured data is natural language processing (NLP). 
NLP methods take narrative entries and process the 
text to capture its data in machine-usable form.17 
Researchers have used NLP in conjunction with 
EHRs in disease-specific studies; but many aspects 
of free text such as abbreviations, shorthand, 
condition-specific vocabularies, and spelling errors 
or variations remain challenging.13 In both the pri-
vate and public sectors, software system developers 
are working to expand the use of NLP in EHRs and 
make it routinely available to researchers.17 This 
would facilitate analyses of subjective data such as 
the reasoning behind a given action, the extent of 
communication among providers, and a patient’s 
experience of treatment.

POTENTIAL FOR BIAS IN MACHINE LEARNING MODELS 
The presence of bias in data analysis is well known, 
and machine learning is subject to the same pres-

systems such as diagnosis-related groups) all affect 
machine learning findings. Moreover, some nursing 
assessments aren’t captured in EHR data fields, 
resulting in critical gaps in predictive models used 
for practice recommendations. 

Stafos and colleagues compared nurses’ assess-
ment of patient risks discussed during daily huddles 
with data gathered using an electronic risk assess-
ment tool.12 The tool assigned a score to each 
patient for risks such as skin breakdown, falls, need 
for restraints, and others, based on EHR data. Dur-
ing the huddles, nurses verbally shared concerns 
about psychosocial, behavioral, and other risk fac-
tors (such as confusion, family dynamics, and drug 
or alcohol withdrawal) that were not captured in 
the EHRs. The researchers found that nurses per-
ceived additional risks besides those reflected in 
EHR data, while the tool assigned risk based solely 
on EHR data. As this finding shows, the limitations 
of machine learning predictive models should be 
taken into account in clinical decision-making.

In another study, Horng and colleagues looked 
at records from nearly 231,000 ED patient visits to 
discover whether sepsis could be predicted earlier in 
a patient’s stay.11 Machine learning models were 
applied to both structured data (such as diagnostic 
codes, physiological data, and patient demograph-
ics) and unstructured data (free-text data such as tri-
age notes, responses to cognitive status questions, 
and patients’ statements of their chief complaint). 
The researchers concluded that, in addition to using 
structured data, adding unstructured data to their 
predictive model made earlier identification of sep-
sis significantly more likely. In the future, EHR ven-
dors may embed predictive models in their software 
to support clinical decision-making. It’s important 
for vendors to consider how unstructured data col-
lected by nurses can be captured and included in 
those models.

NURSING DOCUMENTATION 
To date, few studies have addressed the input of 
the vast amount of information that nurses rou-
tinely gather for every hospitalized patient—much 
of it in free-text form—into predictive models. 
Veeranki and colleagues found that, of the 20 most 
important data points useful in predicting delirium 

The importance of the accuracy of clinical documentation  

cannot be overemphasized.
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record of the care provided, it communicates the 
decisions made about a patient’s care strategy, and 
it’s the basis for billing and reimbursement.16 As 
more and more researchers use machine learning 
models to analyze EHR data, missing variables and 
values threaten the integrity of the results. 

Data quality. As health care increasingly makes 
use of data science, the importance of working with 
high-quality data will also rise. In clinical documen-
tation, there will always be competing pressures 
between the need for accuracy and the need for 
completeness. With regard to the EHR, accuracy 
means that the correct information is documented 
in the correct place. Completeness means that 
enough variables have been recorded (enough data 

fields have been filled in) to ensure a meaningful 
data set for research.1

In patient care, data entry into the EHR gener-
ally happens at the point of care. By performing 
EHR data entry accurately and with integrity, 
nurses have the power to influence how big data 
and machine learning affect clinical decisions. Thus, 
orientation programs should teach this rationale to 
new nurses, and in-service trainings that incorpo-
rate illustrative case studies should reinforce it for 
current staff. Links to, or printouts of, an institu-
tion’s EHR templates and flow sheets will also help 
new hires become familiar with data expectations.

ETHICAL CONCERNS
In biomedical and nursing research, machine learn-
ing has the potential to advance the understanding, 
treatment, and prevention of disease, as well as of 
trauma resulting from accident or injury. But ethical 
concerns have been raised regarding the use of big 
data in practice change and policy development.

Discrimination. Discriminatory data mining 
refers to looking for data to support certain 
assumptions. This is a risk in any research, includ-
ing research that uses large data sets.24 For example, 
selectively omitting certain demographic data (such 
as age, gender, and race or ethnicity) could result in 
clinical recommendations or policies that adversely 
affect an entire population.

Anonymity and confidentiality. Reidentification 
of patients may also be a concern. Atreya and col-

ence.18 Common reasons for bias include missing 
data and poor data quality.

Missing data. Bias occurs when characteristics of 
the phenomenon being studied are not captured in 
the data. The problem of missing data pervades all 
fields of research. Various machine learning meth-
ods have been developed to provide substitutes, 
thereby allowing the completion of statistical analy-
ses.19, 20 But while such methods might reduce bias, 
they can’t eliminate it, and machine learning pro-
cesses can still produce biased predictive models. 
Busy clinicians may not understand how missing 
data points in the EHR might affect the inferences 
drawn from data analyses, which are then used to 
create policy and guide practice. 

Missing data occurs in two forms: missing 
 variables and missing data values. Missing vari-
ables refers to instances when a variable, or vari-
ables, needed for inclusion in a predictive model 
is missing from the data set. For example, if the 
variable “confusion” was absent from an aggre-
gated data set used to develop a predictive model 
for delirium, the data analysis could be rendered 
incomplete. Missing data values refers to instances 
when the data entry field for a specific variable 
is left blank. For example, if clinical assessment 
values for blood pressure and fluid volume infu-
sion were consistently lacking from a data set used 
to develop a predictive model for preeclampsia or 
preterm labor, those omissions would skew the 
results.

Regarding nursing practice, the impact of miss-
ing data is twofold: specific variables in the EHR 
that reflect nursing interventions might be lacking, 
and patient records might be incomplete. The first 
issue lies beyond the scope of this article. Briefly, the 
omission of variables that reflect nursing interven-
tions occurs when the preselected variables in the 
EHR don’t accurately represent those interven-
tions.21 Many nurse researchers and informaticists 
have called for nurses to be involved in defining the 
nursing actions placed in EHRs in order to build 
nursing knowledge and link nursing interventions 
to patient outcomes.22, 23 

The importance of the accuracy of clinical docu-
mentation cannot be overemphasized. It’s the legal 

Machine learning has the potential to advance the understanding, 

treatment, and prevention of disease.
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The following are the implications that data sci-
ence and machine learning have for frontline, 
administrative, and academic and research nurses.

Frontline nurses drive the quality of documenta-
tion. It’s nursing data that are used in predictive 
models to develop interventions for improving 
patient care. As care plans, nursing interventions, 
and discharge planning guides become increasingly 
embedded in EHRs, nurses will be able to spend less 
time searching for these resources and more time 
interacting with patients. To this end, documenta-
tion by frontline nurses should be assessed weekly 

leagues reviewed laboratory results from a data set 
that included 8.5 million laboratory results for over 
61,000 inpatients, using a “threat model” to test 
reidentification risk.25 They concluded that although 
laboratory data alone held minimal risk, when com-
bined with other pieces of information normally 
submitted with a sample or specimen, the potential 
for reidentification was higher. They cautioned 
researchers to be aware of this risk and recom-
mended further research into reducing it.

What about HIPAA? Historically, machine 
learning has been used in commercial settings that 
don’t fall under the purview of the Health Insur-
ance Portability and Accountability Act (HIPAA). 
Data collected and stored or shared by health care 
insurers, providers, and their business partners 
are protected through HIPAA, which regulates 
access to and storage of that data. But today’s 
health-conscious consumers often allow their data 
to be gathered through wearable devices such as 
smart watches and heart monitors, smartphone 
applications, and online surveys and consumer-
oriented forums.26 Data collected by these routes 
aren’t protected by HIPAA regulations, which 
have no control over how aggregated data are 
used by entities outside the health care indus-
try, such as smartphone providers, credit card 
companies, social media platforms, and search 
engines.24, 27 Although an employer-based well-
ness program might be covered as a health care 
business partner under HIPAA, many other types 
of individual, consumer, and community-based 
wellness programs are not. Even when people are 
asked to accept and sign a terms and conditions 
agreement, they may not understand what their 
data are being used for and whether their data 
are being sold or exchanged with third parties.24, 

27, 28 Anonymity, confidentiality, informed consent, 
and database security are all areas of concern that 
warrant more research.

NURSING IMPLICATIONS
As big data and machine learning become more 
widely used in describing and predicting health care 
outcomes, it’s ever more important to find ways to 
fully integrate nursing interventions into EHRs. All 
research must address concerns about data quality, 
bias, patient privacy and confidentiality, and data 
discoverability. With regard to machine learning 
analyses, particular concerns can include the gener-
alizability of findings, the trade-off between data 
variance (complexity) and bias, the time and 
expense involved in working with large data sets, 
and the availability of computer access and storage. 
As the field of big data research expands through 
machine learning models, risks for unintended con-
sequences will have to be resolved, and rules for 
ethics review established.

Recommended Readinga

On Machine Learning 
Hardy LR. Using big data to accelerate evidence-based practice. 
Worldviews Evid Based Nurs 2018;15(2): 85-7.

A short discussion of evidence-based nursing practice and using 
large data sets to move evidence-based practice forward. 

Meyfroidt G, et al. Machine learning techniques to examine large 
patient databases. Best Pract Res Clin Anaesthesiol 2009;23(1):127-43. 

General overview of machine learning techniques, with discus-
sion of some specific algorithms.

National Academies of Sciences, Engineering, and Medicine. Artifi-
cial intelligence and machine learning to accelerate transitional research: 
proceedings of a workshop—in brief. Washington, DC: National Acade-
mies Press; 2018. 

Brief discussion of artificial intelligence and machine learning in 
the contexts of diagnosis, treatment, and drug discovery; emerging 
opportunities; and the future of the workforce.

Studies Applying Machine Learning to Health Care
Gao C, et al. Predicting length of stay for obstetric patients via elec-
tronic medical records. Stud Health Technol Inform 2017;245:1019-23. 

Using three years of billing and electronic health record (EHR) 
data for 9,188 patients, the researchers created a machine learning 
prediction model to see whether they could more accurately pre-
dict patients’ lengths of stay.

Gundlapalli AV, et al. Detecting the presence of an indwelling uri-
nary catheter and urinary symptoms in hospitalized patients using 
natural language processing. J Biomed Inform 2017;71S:S39-S45. 

Using natural language processing, researchers developed a lexi-
con from free-text nursing notes in the EHR and used it in large-
scale chart review aimed at improving the identification of catheter-
related urinary tract infections.

Jeffery AD, et al. Advancing in-hospital clinical deterioration predic-
tion models. Am J Crit Care 2018;27(5):381-91. 

The researchers compared two machine learning algorithms (ran-
dom forest and random survival forest) and two statistical models 
(logistic regression and Cox proportional hazards regression) regard-
ing their accuracy in predicting inpatient cardiopulmonary arrest.

a Some articles are free; some are available for a small fee.
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liability risks. Opportunities for staff nurses to 
 participate on informatics committees or councils 
should be supported.

For administrators and frontline nurses, the 
heightened focus on data quality invites collabora-
tion. Nurse administrators should meet frequently 
with nursing staff to discover barriers to accurate 
and complete documentation and find solutions. 
They can reinforce the meaning and value of such 
documentation by providing practical examples of 
how the data nurses input are used. When nurses 
understand this better, the sense that charting is just 
“busy work” might change. 

Academic and research nurses are well positioned 
to advocate for the accurate representation of nurs-
ing care in machine learning analyses and predic-
tive models. Nursing care–sensitive indicators must 
be included, not only to improve predictive accu-
racy but also to build nursing knowledge, which then 
informs practice, policies, state regulations, and nurs-
ing school curricula. The ability to link specific nurs-
ing actions to reimbursement will improve when 
nurse educators and researchers collaborate with 
developers to ensure that the EHR better captures 
these actions. At the national level, new entities such 
as the Center for Nursing Informatics at the Univer-
sity of Minnesota School of Nursing (www.nursing.
umn.edu/centers/center-nursing-informatics) offer 
academic and research nurses a voice in developing 
the standards for and content of EHR software. 

For more on machine learning and its applica-
tions in health care, see Recommended Reading and 
Databases of Interest to Nurse Researchers.

CONCLUSIONS
The application of data science to health care, in 
particular the use of machine learning predictive 
models, shows great promise and suggests several 
areas for further research. Such models must be 
capable of fully capturing nursing interventions if 
they are to complement face-to-face nurse–patient 
interactions.29 In providing patient care, nurses first 
assess a patient’s health status and needs, then 
implement evidence-based interventions to help the 
patient heal, understand their treatments, and plan 
for the future. This holistic, individualized approach 
can be enhanced through the use of machine learn-
ing methods to identify patterns and trends that 
improve patient outcomes in discrete populations.4, 

22 Through a better understanding of how data sci-
ence and machine learning impact health care, 
nurses in all roles can ensure that their contribu-
tions will drive improvements in patient care. ▼

For 61 additional nursing continuing professional 
development activities on the topic of electronic  
information in nursing, go to www.nursingcenter.com.

(or more often) by unit leaders, who can check for 
redundancies and share software shortcuts and tips 
to encourage efficiency. Accurate documentation 
also supports frontline nurses in cost containment 
by facilitating the appropriate distribution of spe-
cialty equipment and treatments and potentially 
reducing lengths of stay. Job satisfaction could rise 
as individual patient plans of care and discharge 
readiness improve and the overall documentation 
burden lessens. Lastly, frontline nurses should seek 
opportunities to participate in EHR software selec-
tion, implementation, and updates, in order to 
ensure EHR purchases meet their evolving needs. 

Nurse administrators. Improving patient care 
and controlling costs will continue to be top priori-
ties. Machine learning can facilitate better real-time 
nurse staffing, creating predictive models for ED 
surges, surgical scheduling, and staffing needs in 
many other settings. Nurse administrators can work 
with quality and risk management departments, 
unit councils, and individual champions to integrate 
predictive models into daily work and use such 
models to develop quality improvement projects 
that meet regulatory and health system require-
ments. Having higher quality data will also mitigate 
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National Database of Nursing Quality Indicators (NDNQI)
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https://news.cuanschutz.edu/news-stories/research-initiative-uses-
big-data-to-improve-patient-care
The NVRDW, which is based at the University of Colorado, pools 
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to transform health care systems and improve patient outcomes.

Patient-Centered Outcomes Research Institute (PCORI)
www.pcori.org
PCORI funds projects that seek to answer patient-centered ques-
tions about health and health care and highlights findings that mat-
ter in order to enhance decision-making by patients, caregivers, cli-
nicians, and other stakeholders.
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https://nursingandndnqi.weebly.com/ndnqi-indicators.html
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https://news.cuanschutz.edu/news-stories/research-initiative-uses-big-data-to-improve-patient-care
https://news.cuanschutz.edu/news-stories/research-initiative-uses-big-data-to-improve-patient-care
http://www.pcori.org
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