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ABSTRACT
Care for patients with chronic wounds can be complex, and the chances of poor outcomes are high if wound 
care is not optimized through evidence- based protocols. Tracking and managing every variable and comorbidity 
in patients with wounds is difficult despite the increasing use of wound- specific electronic medical records. 
Harnessing the power of big data analytics to help nurses and physicians provide optimized care based on the 
care provided to millions of patients can result in better outcomes. Numerous applications of machine learning 
toward workflow improvements, inpatient monitoring, outpatient communication, and hospital operations can 
improve overall efficiency and efficacy of care delivery in and out of the hospital, while reducing adverse events 
and complications. This article provides an overview of the application of big data analytics and machine learning 
in health care, highlights important recent advances, and discusses how these technologies may revolutionize 
advanced wound care.

Key words: big data, machine learning, dataset, neural networks, wound care.

Historically, data can be any type of information 
that includes numbers, text, pictures, videos, 
or audio. Today, data commonly refers to digi-

tized and electronically stored information. As the name 
implies, the term “big data” refers to datasets that are 
extremely large in size and are usually too large to be 
processed by traditional software.1 However, specialized 
tools and algorithms can analyze big data and lead to 
invaluable insights that cannot be inferred from small-
er, segregated datasets.1 The use of big data influenc-
es many aspects of daily life. For example, people may 
encounter daily applications of big data in the form of 
Netflix recommendations, targeted web ads, and e-mail 
spam filters. In health care, use of big data analytics can 
provide immense value in applications such as clinical 
trials and medication cross- reaction allergy screenings.2 
For example, during the regulatory approval process 
in clinical trials, medications are usually tested in pop-
ulations with strict inclusion and exclusion criteria. As 
a result, it is not uncommon for medications to exhibit 
unexpected and harmful reactions when administered to 

broader populations.3,4 However, by aggregating health 
outcomes from hundreds of thousands or even millions 
of health records, it becomes possible to use big data 
analyses to discover these potential adverse events.4

KEY ATTRIBUTES OF BIG DATASETS
There are five important attributes of the massive datasets 
typically used in big data analysis: volume, variety, veloci-
ty, variability, and veracity. These terms may be unfamiliar 
to most people.

Volume
Most people are familiar with the terms megabyte, giga-
byte, and even terabyte when discussing computer mem-
ory capacity. However, terms such as petabyte, exabyte, 
and zettabyte may be less familiar (Table 1). Big data 
today involves datasets with a volume exceeding the 
terabyte range, but this will change. For example, one 
petabyte can store the genetic information of the entire 
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population of the United States three times over, and in 
2008, Google processed 20 petabytes of data each day. 
Someday, the use of exabytes and zettabytes may be 
commonplace.

Variety
Data exist in a wide variety of formats. In health care, data 
can take the form of numerical information from labo-
ratory values and nursing reports in the chart, free text 
from electronic medical records (EMR), dictated operative 
notes, medical images from radiology or other sources, 
audio and video from room monitoring systems, and many 
other sources.

Velocity
The velocity of data refers to the rate of information 
accrual. An analogy is that it is easy to drink from a water 
fountain, but much more challenging to drink from a fire 
hose. In much the same way, a high velocity of data accru-
al presents one of the common challenges in handling big 
datasets. In health care settings, for example, clinicians can 
take a patient’s blood pressure using a blood pressure cuff 
whose measurements range from intervals of minutes to 
hours. By contrast, arterial lines are able to provide con-
tinuous measurement of blood pressure, monitored in real 
time and documented in intervals ranging from minutes 
to seconds. The shorter the interval, the faster the data 
accumulate.

Variability
Variability refers to the inconsistencies often encountered 
in real- world data. For example, there are often abbre-
viations in medical text that are easily interpreted by 
humans, but difficult to discern with computer algorithms. 
Physicians also may use different colloquial terms for the 
same disease, condition, or surgical instrument.

Veracity
Veracity refers to the quality of the data. If low quality data 
are entered into an algorithm, high quality results cannot 
be provided. If a dataset is rich and of high quality, fewer 
data points may be required to generate the same quality 
of analysis that could be derived from larger datasets. For 
example, care providers measure wounds using a measur-
ing tape and record the greatest span as width and great-
est perpendicular measurement as length, which in effect 
turns all wounds into rectangles regardless of shape and 
can be highly inaccurate. Measurements also can have a 
high degree of variability based on the skill of the person 
measuring the wound.5 This inaccuracy and inconsistency 
leads to meaningless data and inappropriate conclusions. 
For example, physicians may not be able to track wound 
measurements for healing reliably, research will not be 
reproducible, and predictive models for computers will 
have inaccurate or inappropriate conclusions and results. 
Computers, in comparison, through trained image analysis 
can produce consistent and accurate measurements in a 
fraction of the time needed for similar accuracy by manual 
means.

SOURCES OF DATA
Data mining refers to the collection of data from various 
sources. These sources could include sensors or various 
purpose- specific databases (eg, The Perioperative Nursing 
Data Set,6 Syntegrity), any disease registry7,8 or large col-
lections of databases and registries called data warehous-
es.8,9 Some of these datasets (eg, hospital records) may 
be difficult to interface with or extract meaningful infor-
mation from because of proprietary informatics and lim-
ited data standardization.10 For example, a patient may 
have medical information in electronic and paper health 
records in multiple physicians’ offices and hospitals that 
need to be consolidated. Data from sensors embedded 
in medical devices (eg, pacemakers, advanced prosthetic 
devices), prescription records from pharmacies, and data 

Table 1. Data Size, Measurement Prefixes, and 
Examples

Value Measurement Prefix 
(Abbreviation)

Example

1 Byte (B) A single letter

1000 Kilo (K) A 14- line e-mail

10002 Mega (M) A short novel

10003 Giga (G) 7 min of HD- TV

10004 Tera (T) 1,000 copies of the 
Encyclopedia Britannica

10005 Peta (P) 500 billion pages of standard 
printed text

10006 Exa (E) 2 million personal computers

10007 Zeta (Z) 250 billion DVDs

10008 Yotta (Y) Approximate size of the entire 
World Wide Web
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from personal health gadgets (eg, step counters, bathroom 
scales) could be included as well.

Data Storage
Data is stored in a database. However, databases have 
changed greatly over time from the paper spreadsheets that 
predated computers to basic Microsoft Excel spreadsheets 
to programs such as Microsoft Access and Microsoft SQL 
(structured query language) servers. Big data computing  
tools such as NoSQL (nonrelational SQL) and Apache 
Hadoop use multiple computers that are linked together. The 
data are kept in bins that are spread among multiple systems. 
These systems allow data to be broken up and processed in 
smaller quantities by multiple processors that report results 
to a parent computer that combines the results. This dele-
gation of processing tasks results in the ability to store, back 
up, and process more data at higher speeds.

Data Processing
Before clinicians or researchers can use a dataset, first it 
must be cleaned and normalized by washing it through var-
ious computer algorithms (ie, general preprocessing or data 
cleaning). After the data has been cleaned, then it can be 
accurately and appropriately analyzed using machine learn-
ing algorithms. Machine learning refers to a variety of sophis-
ticated and dynamic mathematical algorithms that can be 
applied to data to extract inferences that may not be imme-
diately apparent. The details of the statistical methodologies 
used in machine learning are beyond the scope of this article, 
but many algorithms, including advanced linear regression, 
clustering (ie, grouping of data points), and decision tree 
analysis (ie, sequential yes or no filing of data points), have 
been reviewed elsewhere.11,12 Importantly, machine learn-
ing, like human learning, is a process and not an endpoint. 
The algorithms must be trained and refined using known and 
well- characterized data before being applied to unknown 
data.13 As the algorithm is further refined through training, 
accuracy and sensitivity are gradually increased.

A particularly powerful form of machine learning uses neu-
ral networks, a type of algorithm inspired by the way that 
neural connections are made in a biological brain. Similar 
to the working of biological neural networks, artificial 
neural networks contain many sequential processing steps 
or layers, which enable them to learn extremely complex 
computations. These layers work continuously and simul-
taneously to assimilate and process vast amounts of data 

effectively from multiple sources and synthesize it into 
useful information, remembering and learning from past 
experience to make predictions about the future.

Machine learning refers to a variety of 
sophisticated and dynamic mathematical 
algorithms that can be applied to data to extract 
inferences that may not be immediately apparent.

BIG DATA AND MACHINE LEARNING IN 
HEALTH CARE
Even the best rule- based algorithms tend to underper-
form regardless of how extensive the rules, because these 
rules fail to capture the tacit, difficult- to- explain knowl-
edge gained from years of experience that some clinicians 
may consider gut reaction or intuition (eg, clinical suspi-
cion of a certain condition). When nurses make decisions 
about their patients, much of the decision- making process 
comes from data sources (eg, books, journals), yet studies 
show that experiential knowledge from years of interac-
tions with patients plays a significant role.14-16 In most cas-
es, this tacit knowledge is critical for nurses to provide the 
highest quality of care for their patients. A human- made, 
rule- based system similar to a checklist or workflow pro-
cess, however, fails to capture this experience and may 
offer suggestions that mean very little to nurses.

Although the human brain is a remarkable computational 
device that incorporates and evaluates a vast amount of 
input, it is also limited by an individual’s scope of personal 
experiences. In contrast, a machine learning system is like a 
human brain that can learn from all sources of data at its dis-
posal, therefore using not just documented knowledge but 
also experiential knowledge. As a result, machine learning 
can provide suggestions that are much more meaningful to 
the nurse. For instance, in a high- volume wound care clinic, 
if a surgeon saw an average of 45 patients per day during 
the course of a 30- year career with three clinic days, 50 
weeks each year, that surgeon would have acquired expe-
rience and knowledge from treating approximately 6,750 
patients. In contrast, machine learning algorithms can 
incorporate the experience of millions of patients and pro-
vide analyses and insights acquired from far more data than 
a single surgeon ever could acquire in his or her lifetime.
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Machine Learning in Health Care
Changes in health care and other fields are observable 
today. Self- driving cars, targeted advertising, pharma-
cy allergy monitoring, and automatic electrocardiograph 
interpretations are no longer just ideas, but realities. 
Although the health care field is relatively slow to adopt 
new technologies,17 health care–focused machine learn-
ing tools are positioned to make exciting and rapid strides 
as a result of recent advances in hardware and algorithms, 
along with the increased use and availability of electronic 
health records and patient registries.

Machine learning enables health care systems to cater to 
individual clinicians, nurses, or patients by learning and 
adapting to their preferences and special needs, thus 
streamlining and improving health care across all levels 
and specialties.18 Although several important broad appli-
cations are outlined in the following text, the range of pos-
sibilities is vast.

Workflow improvement
Electronic medical record programs will become more 
intuitive and responsive, involving fewer clicks and alarms. 
Programs will learn from users and automatically present 
relevant data and analyses. Patients’ data will be con-
stantly evaluated for health optimization and coordination 
between providers. For example, providers could have 
referrals recommended based on laboratory results, and 
pertinent results could be brought to the specific atten-
tion of the most appropriate provider.

In the OR, products and equipment could be optimized 
based on surgeon and patient- specific needs, thus reduc-
ing operative time by limiting the number of trips to and 
from the OR for additional equipment. Surgical prefer-
ence lists could be updated in real time without human 
interaction via OR microphones recording the physician’s 
requests and correlating with documentation of items used 
or opened during the procedure. Ideally, this system works 
in conjunction with a supply system that could dispatch the 
specific requested items to the room without need for the 
RN circulator to leave the room unless the system breaks 
down. Machine learning could have specific products sent 
to the room or prearranged as needed, based on the most 
recent studies and patient outcome data that are specifi-
cally tailored for the patient. Implants and prosthetics could 
be custom engineered using CT or MRI scans and 3- D 
printing, then sterilized and delivered to the OR. Operating 

room efficiency could be increased by more completely and 
efficiently anticipating surgical needs.19

Inpatient monitoring
Patient information such as vital signs, laboratory results, 
and environmental factors (eg, ambient sounds, tempera-
ture) can be input into patient monitoring algorithms. 
By evaluating this constant stream of information, these 
algorithms will be able to predict when patients may have 
conditions needing acute intervention (eg, to prevent car-
diopulmonary arrest), allowing for efficient resource allo-
cation and more effective patient care.20,21

Nonhospital data aggregation
Outside a hospital or clinical setting, patient information 
is sparse and difficult to verify. For example, patients 
may struggle to recall how they managed their condition 
between visits, or may omit issues they are embarrassed 
about. Big data and machine learning can help gather and 
correlate these data quickly and efficiently. Health data 
from personal devices such as glucose monitors, bath-
room scales, cardiac monitors, and wearable devices can 
be incorporated into patient health records. Outpatient 
care providers can be alerted by the EMR to patients who 
may be at risk for readmission and can proactively fol-
low up to prevent readmissions.22 Patients with gaps in 
care can be identified so that providers can intervene and 
potentially prevent or slow disease progression.

Machine learning enables health care systems to 
cater to individual clinicians, nurses, or patients 
by learning and adapting to their preferences and 
special needs, thus streamlining and improving 
health care across all levels and specialties.

Treatment selection, optimization, efficacy, and risk
Predicting which treatments will be most effective and 
safe for a particular patient is one of the most significant 
applications of machine learning in health care. The use of 
machine learning tools to uncover hidden correlations in 
large patient health data repositories will give physicians 
unprecedented insights into trends and treatment pos-
sibilities. Machine learning algorithms can also take into 
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account sources of information like genomic data that are 
not always used in standard medical decision- making pro-
cesses today. This paves the way for personally tailored 
and optimized treatment plans on a patient- by- patient 
basis in real time.23 By processing and digesting millions 
of patient records and other health care data, it becomes 
possible to predict how a treatment (eg, a medication, 
medical device, surgery) will perform on the patient sit-
ting in front of the physician. This includes predicting 
the chance that the treatment will perform well on this 
patient, as well as predicting risk and potential complica-
tions. Forays into this avenue include the National Surgical 
Quality Improvement Program’s similar risk stratification 
tools.24 When used in conjunction with a centralized and 
proactive approach to the patient’s surgical experience, 
perioperative management systems such as the surgical 
home25 and Syntegrity6 can aid in the perioperative opti-
mization of patients and optimal timing of procedures.

Hospital operations and resource allocation
How can staffing be optimized in and between hospital 
departments on a monthly, weekly, or even daily basis? 
What types of injuries and diseases will be most likely to 
come in to the emergency department this week and month? 
Questions such as “Will the OR and imaging departments 
have delays in the next six hours?” or “What hospital sup-
plies need to be purchased each month?” can be addressed 
quickly and efficiently using machine learning- driven tools 
that take into account percentages of chance based on a 
plethora of collectible factors from multiple sources inside 
and outside the hospital. Although the exact timing of 
emergency events (eg, a bus crash) cannot not be predicted 
by machine learning algorithms, the efficiency of responses 
to mass casualty events could be exponentially increased 
by machine learning. Using machine learning to coordinate 
connections with multiple municipalities and limited human 
and nonhuman resources could lead to saved lives.

When used in conjunction with a centralized 
and proactive approach to the patient’s surgical 
experience, perioperative management systems 
such as the surgical home and Syntegrity can aid 
in the perioperative optimization of patients and 
optimal timing of procedures.

CLINICAL SCENARIO
The following clinical scenario illustrates the value of big 
data for a patient suffering from chronic wounds. Abe is 
a 63- year- old current smoker diagnosed with diabetic 
neuropathy and multiple chronic diabetic foot ulcers for 
which he has received treatment during the past year. He 
has been marginally compliant with the treatment plans 
of his various physicians, which has resulted in the loss of 
three toes on his left foot and two on his right. During his 
scheduled evaluation in the clinic, his physician notes that 
Abe’s right foot ulcer is malodorous, fluctuant, painful, has 
purulent exudates, and is erythematous up to the ankle. 
He has an elevated temperature. Abe’s laboratory results 
are similar to his previous admission less than a month ago 
and are significant for elevated glucose, erythrocyte sedi-
mentation rate, C- reactive protein, white blood cell count, 
and creatinine. During the examination, his physician notes 
that Abe’s right foot wound has characteristics indicating 
that it is unlikely to improve without an operative debride-
ment. His physician decides to admit Abe for IV antibiotics 
and operative debridement of his right foot ulcer.

Machine Learning in Wound Care
Abe’s diabetic wounds could have had different outcomes 
if big data and machine learning had been used more exten-
sively in his care. If the patient had signed a data release, 
his care provider could have extracted the patient’s com-
plete health record and added the information to a data-
base for evaluation and optimization. A neural network 
compares the patient’s data to the data from millions of 
other patients with similar health issues, data- driven stan-
dards of care, and the latest research results specific to 
the patient’s current health issues. The surgeon develops 
a plan of care using the neural network, and schedules 
the patient for a debridement at an earlier date.26 The 
algorithm automatically selects perioperative antibiotics 
and has them available in the OR based on Abe’s previ-
ous cultures and the current hospital antibiogram. During 
the procedure, the surgeon selects the most beneficial 
advanced wound care dressing available based on analysis 
provided by the neural network using intraoperative find-
ings, the latest outcomes data analysis, and research spe-
cific to the patient’s profile and needs.27 Postoperatively, 
the surgeon schedules Abe for a follow- up clinic visit in 
one week. On postoperative day 2, the EMR notifies the 
physician that Abe’s wound culture shows bacterial colo-
nization. Using the wound app the patient has download-
ed to his phone, the wound care physician sends him a 
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routine postoperative day 2 survey and a message inform-
ing him of the microbiology results. The message informs 
him that the physician has prescribed antibiotics through 
the  e- prescribe service and they will be delivered to his 
home by drone.

Abe fills out the survey by smartphone and receives the 
antibiotics. The survey indicates he is changing his dress-
ing three to four times per day. The wound EMR algorithm 
evaluates this survey information and the values stored 
by Abe’s glucose meter, and then notifies the physician 
that Abe’s glucose measurements have been trending 
up and that his wound is at risk of developing an infec-
tion despite the antibiotics he is currently prescribed. 
The system coordinates with the calendar app on Abe’s 
smartphone to schedule an appointment with his endo-
crinologist for diabetes management and an appointment 
to visit the wound clinic after seeing his endocrinologist. 
At the wound clinic, the surgeon performs addition-
al minor debridement and confirms wound hemostasis. 
Abe’s wound heals completely three weeks later. With 
big data and machine learning– enabled care, Abe’s wound 
outcome was improved because his physician was able 
to optimize his care plan by debriding sooner, addressing 
potential complications proactively, avoiding a readmis-
sion, optimizing comorbid conditions, and providing the 
most beneficial advanced wound care dressing and antibi-
otics for Abe’s specific needs.

DISCUSSION
Big data and machine learning hold immense prom-
ise and potential for health care. Although big data’s 

involvement with wound care in particular is limited at 
the current time, there is plenty of room for innovation. 
For instance, neural networks have been able to differ-
entiate keratinocyte carcinomas from seborrheic kerato-
sis and malignant melanomas from benign nevi with the 
same level of competence as attending dermatologists.28 
Patients could benefit immensely from the ability to dis-
cern if their wounds are infected, improving, or declining 
through use of their smartphones in their own homes. 
Neural networks also have been used in identifying 
lesions in radiology,29 and in the tissue classification of 
hematoxylin- eosin histopathology slides with 98% accu-
racy.30 When paired with specific biomarker staining, 
neural networks could predict wound healing, provide 
guidance for advanced biologic dressings, and screen 
pathology slides for a variety of diagnoses, including 
cancer.

There are many issues to address in the future, such as 
the creation of and access to disease- specific patient 
registries, the integration of patient medication purchas-
ing and use, and the assessment of the patient’s home 
status and progress through use of surveys and data 
from personal health devices. As data is collected from 
an increasing number of sources and becomes more ful-
ly integrated into the patient experience, a quagmire of 
ethical issues arises. Is it possible to ensure patient data 
security? Do current statutory and regulatory environ-
ments provide sufficient guidance, standardization, and 
protection? Who owns the data and do patients have the 
right to direct its use? What is the level of risk for cyber- 
attack because of the elevated levels of connectivity 
that leave the hospital system vulnerable, and how can 

Key Takeaways

 The term “big data” refers to datasets that are extremely large in size and are usually too large to be pro-

cessed by traditional software. However, specialized tools and algorithms can analyze big data and lead to 

invaluable insights that cannot be inferred from smaller, segregated datasets.

 There are five important attributes of the massive datasets typically used in big data analysis: volume, variety, 

velocity, variability, and veracity.

 Machine learning enables health care systems to cater to individual clinicians, nurses, or patients by learning 

and adapting to their preferences and special needs, thus streamlining and improving health care across all 

levels and specialties. Predicting which treatments will be most effective and safe for a particular patient is 

one of the most significant applications of machine learning in health care.

 Big data and machine learning hold immense promise and potential for health care. Although big data’s 

involvement with wound care in particular is limited at the current time, there is plenty of room for innovation.
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it be mitigated? Before machine learning is ubiquitously 
adopted in health care, these issues and questions need 
to be addressed.1,31

Researchers have already used big data and machine 
learning to predict sepsis onset20 and to help evaluate 
patient status in the neonatal intensive care unit by 
using ambient environmental and patient monitors to 
distinguish between a neonate’s distress and normal 
responses to stimuli.21 There are few current wound care 
studies, but the ones that exist have been able to predict 
wounds that may have poor healing rates.32-34 The ability 
to generalize the algorithms in these studies to a larger 
patient base is still somewhat limited.23,32-35 Researchers 
are undertaking additional studies and plan to test new-
er and more accurate algorithms and their application to 
wound healing that will hopefully lead to better predic-
tive models.

CONCLUSION
The use of big data and machine learning to evaluate 
millions of patients for personalized medicine is antic-
ipated to lead to better and more focused patient care. 
As clinicians incorporate patients’ data into larger health 
databases, patterns will emerge and clinicians will gain 
new insights. Although big data consists of numbers and 
algorithmic models, it is imperative that care providers not 
lose touch with their patients and remember that each 
patient’s experience—including their pain, laboratory val-
ues, and clinical experience—is unique.

Editor’s notes: Netflix is a trademark of Netflix, Inc, Los Gatos, 
CA. Google is a trademark of Google, Inc, Mountain View, CA. 
SYNTEGRITY Standardized Perioperative Framework is a trade-
mark of AORN, Inc, Denver, CO. Microsoft Excel, Microsoft 
Access, and Microsoft SQL Server are registered trademarks of 
Microsoft Corporation, Redmond, CA. Apache Hadoop is a reg-
istered trademark of IBM Analytics, Armonk, NY.

Disclaimer: This research did not receive any specific grant 
from funding agencies in the public, commercial, or not-for-
profit sectors.
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