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Clinician Network Management, Cloud-computing Models for Healthcare, IT-enabled Accountable Care Organiza-
tions, Care Coordination, Adoption of Mobile Technology and Consumer-facing Healthand Wellness Applicationsand

Services.
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search structuresitsresearchreportsto serve the needs of technology adopters, consultants, investors and technol-
ogy vendors. In addition to reports for the general market, Chilmark Research performs research for clients based on
their specific needs. Such research hasincluded competitive analyses, market opportunity assessments, strategic as-

sessment of market and vendors for partnership and/or acquisition.

In 2012, Chilmark Research launched its newest service, the Chilmark Advisory Service (CAS). The CAS was created
in direct response to clients’ request for a continuous feed of research on the most pertinent trends in the adoption
and use of healthcare IT. Thisis an annual subscription that provides not only access to a number of re-search reports
throughout the year, but also direct access to Chilmark Research analysts to answer specific client needs. Please con-

tact us directly for further information about CAS.

Chilmark Researchis proud of the clients it has had the pleasure to serve including Abbott Labs, Bluetooth Special In-
terest Group, Catholic Healthcare East, Cerner, HCA, Highmark, IBM, Kaiser-Permanente, McKesson, McKinsey, Mi-
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www.ChilmarkResearch.com
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Executive Summary

The great struggle to digitize the business of healthcare and practice of medicine is over; however, the war to
wrangle and analyze the data collected will rage on for years. In the rush to digitize and not unreasonably disrupt
established clinical workflows and documentation practices, as much as 80 percent of the data captured by IT
systems is unstructured, and the text is often poor quality. In its current format and given the high cost in human
time and effort it would take to read, the extensive library of health data is effectively unusable. Thus, the quest
to drive better healthcare decision making and analytics remains an unfulfilled promise.

Yet the need to leverage unstructured data is growing in importance as the business model for reimbursement
of care shifts from fee-for-service to value-based care (VBC). Natural Language Processing (NLP), a subcategory
of artificial intelligence (Al), has the ability to augment and automate human behaviors and skills. It can be used
to parse and abstract key information from a variety of sources, such as clinician notes, thereby unlocking un-
structured data and helping ease payers and providers through the transition to a new reimbursement model.
This augmentation - leading to automation of such mundane tasks as quality reporting and creating patient reg-
istries among others - has the potential to save healthcare organizations (HCOs) significant money and time.

The current market for NLP technology in healthcare is nascent, dominated by a few legacy vendors that are fo-
cusing on front-end speech recognition (for computer assisted physician documentation) and back-end coding (to
optimize billing). While a number of tech giants continue to advance NLP technology for more general use, there
are only a handful of niche solutions from highly specialized healthcare vendors pursuing additional use cases.
We have outlined several of these vendors in this report. Many academic institutions are also developing their
own solutions, often using open-source software. Such academic solutions offer the potential that joint ventures
with vendors could lead to commercialization and potentially broader acceptance of NLP.

The best-performing NLP engines are able to combine the precision of traditional rule-based methods with ad-
vanced machine learning methods. State-of-the-art NLP systems also exploit the latest in deep learning methods
- they excel by utilizing painstakingly developed gold-standard (i.e., expert-annotated) training datasets to learn
how to classify new cases based on the accumulated knowledge of all historical cases.

This report describes a dozen significant NLP healthcare use cases, including computer assisted coding, speech
recognition, and data mining. Five of these solutions have proven ROl and are commercially available from nu-
merous well-established vendors. Another four are going through the initial phase of the adoption cycle and are
primed to have an immediate impact under the new value-based care paradigm. These solutions focus on iden-
tifying the highest-cost patients earlier, tracking basic quality metrics related to annual follow-up, and reducing
readmissions. The last group of solutions will mature over the next three-plus years and includes computational
phenotyping for precision medicine, ambient virtual scribes to improve the electronic health record (EHR) user
experience, and digital biomarker discovery using advanced voice-based diagnostic techniques.

There are many challenges to developing sophisticated NLP applications; these include the complexity of natural
language, multiple technology approaches, and choice of metrics to measure success. Implementing NLP brings
yet more challenges, including hiring people with specialized skills and achieving data liquidity. While these chal-
lenges are not insurmountable, they require a full appreciation of what it will take to succeed.

This report provides insights and advice for HCOs that are considering, implementing, and deploying NLP technolo-
gies. Following months of market research and interviews with healthcare providers and NLP vendors, we have com-
piled advice regarding newer technologies, proven methods, and the most impactful use cases. We also identify and
analyse key performance metrics that users should expect to see cited by NLP vendors as key differentiators. This
report concludes with profiles and analysis of a dozen significant NLP-focused vendors that Chilmark Research con-
siders representative of the stack of technologies, development platforms, use cases, and services.

NLP: ENABLING THE POTENTIAL OF A DIGITAL HEALTHCARE ERA
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Market Dynamics

Natural Language Processing (NLP) is a subfield of computer science, computational linguistics, artificial intelli-
gence (Al) and machine learning (ML). It has several sub-disciplines, including Natural Language Understanding
(NLU), Natural Language Generation (NLG), and Natural Language Query (NLQ). NLP can be defined as the auto-
matic processing of human natural language.

NLP has two large, overarching and related use cases:
1. Understanding human speech and extracting meaning.

2. Unlocking unstructured data in documents and databases by abstracting out key concepts and
values and making this information available for decision support and analytics.

Nearly everyone uses NLP technologies every day without even realizing it. Spellcheck is the original NLP fea-
ture and one of its most common use cases. Voice assistants such as Apple’s Siri are routinely used to improve a
user’s smartphone experience. Search engine use of NLP is also commonplace. In 2016, Google changed the al-
gorithm powering its search engine from its original keyword-driven algorithm to a natural language query ap-
proach. Google Translate also uses NLP for machine translation to present any webpage in the native language
of the browser.

SMART SPEAKER PENETRATION, U.S., YEARS FROM INCEPTION, % POPULATION
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Figure 1: Ambient Virtual Assistant adoption rate relative to previous consumer technology paradigms

NLP: ENABLING THE POTENTIAL OF A DIGITAL HEALTHCARE ERA

11



12

JULY 2018

The most significant advancement in consumer
adoption of NLP is the rapid adoption of ambi- ;
ent voice assistants built into smart speakers. 200,000 of skl
Consumers have already filled their homes and

lives with this newest category of consumer de- 150,000
vice faster than any other in history - a few
years rather than a few decades. (See Figure 1.)
Since the beginning of 2017, 400 million Android
users were introduced to Google Assistant. Am-
azon’s Alexa, with 39 million such devices sold in 50,000
the US as of the end of 20174 is on track to

reach 55-percent of households by 2022.2 Since 0
2017, the number of Alexa Skills went from 1117 7117 1118 7118 1/1/19
7,000 to 40,000.3

@ Numbers

100,000

Numbers of Skills

Date
We project Alexa’s Skills to start growing expo-

nentially as Amazon continues offering tools that Figure 2: Projected growth in Alexa Skills
make it easier for non-technical users to create
their own customized skills. (See Figure 2.)

DRIVERS FOR NLP INHEALTHCARE

The long-promised digitization of the business of healthcare and practice of medicine is nearly complete. This
major accomplishment in the quest to modernize the industry has given rise to a population-scale dataset with
unprecedented potential to generate insights that provide opportunities to improve quality of care and decrease
costs. The next stage of this digitization journey will require advances in the two key areas of NLP, speech inter-
faces and analyzing unstructured data.

Three main imperatives are driving the need for healthcare-specific NLP:
1. Supporting the needs of value-based care (VBC) and population health management (PHM).
2. Coding and analyzing encounters more effectively.

3. Decreasing physician workload and burnout.

Support for VBC and PHM. The shift in business models and outcomes is driving the need for better use of un-
structured data. Legacy health information systems have focused almost exclusively on extracting value from
the 20 percent of clinical data that is captured in structured, computable formats. Next-generation management
care and PHM applications, patient engagement portals, and advanced predictive/prescriptive analytics algo-
rithms will be limited in their impact unless they can also tap into the information locked up in the 80 percent of
clinical data that is unstructured. NLP offers a viable technical solution to this problem.

Coding. Because payers could arbitrarily approve or deny claims without auditing the EHR, this has led to wide-
spread deficiencies in clinical documentation practices. Clinical documentation was traditionally used to inform
billing/coding teams who would in turn use their specialized knowledge to choose the code with the highest re-
imbursement rate. With the shift from patient-level to population-level metrics for determining reimbursement
demands, coders have had to shift their workflow from accurately documenting procedures and therapies to ac-
curately documenting all diagnoses and related complications/comorbidities.

Physician Workload and Burnout. One of the greatest complaints of physicians today is the soul-crushing user
experience of current-generation EHRs. Research has determined that for every hour spent in direct contact
with patients, physicians now spend two hours doing EHR-based clerical work. As a direct result, physician burn-

MARKET DYNAMICS {R nggMégﬁ
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Appendix A: Scope and Methodology

For this report, Chilmark Research identified more than 250 vendors that claimed NLP capabilities in healthcare.
From this long list, Chilmark combined secondary and primary research methodologies to identify more than two
dozen healthcare NLP companies that had a level of “market mind-share.” These meetings and calls were typical-
ly 30 to 60 minutes including discussions of market drivers, technology, use cases, clients, adoption, pricing, and
competition.

Chilmark also had discussions with many academic medical centers, consultants, and some government entities
involved in reporting registries and NLP research. These interviews provided further perspectives on NLP, core
use cases, vendors of note, and specific vendor experiences.

From this work, a subset of a dozen NLP companies were chosen based on multiple factors, including their expe-
rience/traction in healthcare, the breadth (or uniqueness) of their solution, their technology approach, and their
results. Vendors all had an opportunity to review their profile and provide comments, which were considered
and, where relevant, incorporated into the profile. In the end, the final vendor assessments are from the Chilmark
Research analysts who authored this report. Only one vendor (Optum) opted to not provide feedback/review of
their profile.

In compiling this extensive report, Chilmark Research maintained absolute objectivity throughout the entire re-
search process, and it is our sincere hope that this report brings greater clarity to this rapidly developing and po-
tentially high-value market.

APPENDIX A: SCOPE AND METHODOLOGY ¢{R GHILMARK
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Appendix B: Measuring NLP Performance

Developing useful and powerful NLP applications is all about optimizing methods to improve performance using
annotated training datasets. The performance of NLP systems can be crucial in determining whether to apply
those systems alongside humans or replace humans and calculating ROI. The two most important measures are
precision and recall. The F1 score is calculated by averaging the precision and recall and represents the . The goal
of any NLP system is to achieve optimal performance on both measures. (See Table 7.)

Positive TRUE POSITIVE FALSE POSITIVE

Predicted

Negative FALSE NEGATIVE TRUE NEGATIVE

Table 7: The Confusion Matrix: A Standard Method of Visualizing NLP Performance

Examples of metrics for different types of NLP processing include the following:

Auto Summarization

When comparing auto-summarization applications to human performance, BLEU and ROUGE scores are varia-
tions of precision and recall respectively.

> BLEU scores measure how often the words that appeared in the machine-generated summary ap-
peared in the human-reference summaries.!!

> ROUGE scores measure how often the words that appeared in the human-reference summaries ap-
peared in the machine-generated summary.

Rank Model EM F1
Human Performance
Stanford University 82.304 91.221
(Rajpurkar et al. '16)
1 Hybrid AoA Reader (ensemble)
82.482 89.281
Jan 22, 2018 Joint Laboratory of HIT and iFLYTEK Research
1 QANet (ensemble)
82.744 89.045
Mar 06, 2018 Google Brain CMU
1 Reinforced Mnemonic Reader + A2D (ensemble model)
82.849 88.764
Feb 19, 2018 Microsoft Research Asia & NUDT
2 SLQA+ (ensemble)
82.440 82.607
Jan 5, 2018 ALibaba iDST NLP

Figure 11: Algorithms That Outperform Humans at Reading
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Automatic Speech Recognition

When assessing automatic speech recognition (ASR) systems, Word Error Rate (WER) is the standard measure.
To determine WER, the ASR output is dynamically aligned to a reference transcript, which then identifies three
different types of error: Substitution errors, insertion and deletion errors.

Reading Comprehension

Stanford Question Answering Dataset (SQUAD) is a test of reading comprehension based on a dataset of more
than 500 Wikipedia articles and 500,000 question-answer pairs associated with the articles.’2 At the end of
2017, humans remained unequaled in their question answering skills, but in the five months since the start of
2018 at least four separate research groups from Microsoft, Alibaba, Google, and China’s Joint Laboratory of HIT
and iFLYTEK Research have bested humans on the SQUAD dataset.!3

Transcribing Conversations

Algorithms have also now matched humans at transcribing conversations, achieving 95-percent Word Accuracy
(WAcc) using the Switchboard HUB5'00 data set of 40 audio files and the corresponding human transcriptions.?
(See Figure 12.)

Speech Recognition, Switchboard HUB5'00

100%
mmm Best Al System
mmm Human Performance
95%
5
I\
3 90%
<
o
&
2
85%
80%

2011 2012 2013 2014 2015 2016 2017

Year

Figurel2: Speech Recognition vs. Human on Switchboard HUB5'00 Dataset
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Appendix C: Acronyms Used in this Report

ADE
AMCs
ANN
ASR
Bl
CAC

CAPD

CCD
CCE
CDI

CTAKES

CT™M
Cul
DBN
DL
DNR
DOS
EDW
EHR
ELT
ETL
FDA
GSC
HCC
HCOs
HIE
HIT
HMM
LHS

Adverse Event

Academic Medical Centers
Artificial Neural Network
Automatic Speech Recognition
Business Intelligence
Computer Assisted Coding

Computer Assisted Physician
Documentation

Continuity of Care Document
Clinical Concept Extraction
Clinical Documentation Improvement

Text Analysis and Knowledge
Extraction

Clinical Trial Monitoring
Concept Unique Identifier
Deep Belief Network

Deep Learning

Drug Name Recognition

Data Operating System
Enterprise Data Warehouse
Electronic Health Record
Extract Load Transform
Extract Transform Load

Food and Drug Administration
Gold Standard Corpora
Hierarchical Condition Category
Healthcare Organizations
Health Information Exchange
Health IT

Hidden Markov Models
Learning Health System

LSA
LSTM
MedLEE
MIPS
ML
NER

NLPaaS

NLPOS

NLQ
NLU
NN
PHM
PPC
PPV
RA
RNN
ROI
SaaS
SL

SNOMED-

CT
STS
SVM

UIMA

UMLS
VBC
VPAs
WACcc
WER

Latent Semantic Analysis

Long Short-Term Memory

Medical Extraction and Encoding
Merit-based Incentive Payment System
Machine Learning

Named Entity Recognition

Natural Language Processing as a
Service

Natural Language Processing
Operating System

Natural Language Query
Natural Language Understanding
Neural Network

Population Health Management
Payer Provider Convergence
Positive Predictive Value

Risk Adjustment

Recurrent Neural Network
Return on Investment

Software as a Service
Supervised Learning

Systematized Nomenclature of
Medicine-Clinical Terms

Semantic Textual Similarity
Support Vector Machine

Unstructured Information
Management Architecture

Unified Medical Language System
Value-Based Care

Virtual Personal Assistants

Word Accuracy

Word Error Rate

NLP: ENABLING THE POTENTIAL OF A DIGITAL HEALTHCARE ERA

59



60

JULY 2018

Endnotes

1

28

Ong, T. 39 million Americans reportedly own a voice-activated smart speaker. The Verge (2018). Available at:
www.theverge.com/2018/1/15/16892254/smart-speaker-ownership-google-amazon.(Accessed: 17thMarch
2018)

Perez, S. Voice-enabled smart speakers to reach 55% of U.S. households by 2022, says report. TechCrunch
(2017)

Higbie, P. by P. 2017 Was the Year of the Smart Speaker, Voice Assistants and XAPPmedia | XAPPmedia.
XAPPmedia (2018). Available at: xappmedia.com/2017-year-smart-speaker-voice-assistants-xappmedia/.
(Accessed: 24th March 2018)

Columbia Grants Health Fidelity Exclusive License to MedLEE NLP. (2012). Available at: www.businesswire.
com/news/home/20120111006135/en/Columbia-Grants-Health-Fidelity-Exclusive-License-MedLEE.
(Accessed: 22nd February 2018)

Health Catalyst, Regenstrief partner to commercialize natural language processing technology. Healthcare IT
News(2017).Availableat:www.healthcareitnews.com/news/health-catalyst-regenstrief-partner-commercial-
ize-natural-language-processing-technology. (Accessed: 15th March 2018)

MetaMap | HealthData.gov. Available at: www.healthdata.gov/dataset/metamap. (Accessed: 14th March 2018)
“Using a Machine Learning Approach to Predict Outcomes after - Nature.” 9 Feb. 2016, www.nature.com/
articles/srep21161. Accessed 23 Mar. 2018.

Hardesty, L. & Office, M. N. Explained: Neural networks. MIT News Available at: news.mit.edu/2017/ex-
plained-neural-networks-deep-learning-0414. (Accessed: 1st May 2018)

Deleger, L. et al. Preparing an annotated gold standard corpus to share with extramural investigators for
de-identification research. J. Biomed. Inform. 50, 173-183 (2014)

Wissler, L., Almashraee, M., Diaz, D. M. & Paschke, A. The Gold Standard in Corpus Annotation. in IEEE GSC
(pdfs.semanticscholar.org, 2014).

i2b2: Informatics for Integrating Biology & the Bedside. Available at: i2b2.org/NLP/DataSets/ . (Accessed: 4th
March 2018)

“MIMIC Il Databases - PhysioNet.” physionet.org/mimic2/. Accessed 4 Mar. 2018.

Johnson, A. E. W. et al. MIMIC-III, a freely accessible critical care database. Sci Data 3, 160035 (2016).
“MTSamples.” mtsamples.com/. Accessed 4 Mar. 2018.

‘GitHub - stylerw/thymedata: This is a repository for annotation data for ...." github.com/stylerw/thymedata.
Accessed 4 Mar. 2018.

Young, T., Hazarika, D., Poria, S. & Cambria, E. Recent Trends in Deep Learning Based Natural Language
Processing. arXiv [cs.CL] (2017).

Cloud Natural Language | Google Cloud. Google Cloud Available at: cloud.google.com/natural-language/.
(Accessed: 15th June 2018)

Kiger, J. Mayo Clinic offers 400 transcriptionists buyout packages. (2018).

emr.ai | Transforming clinical documentation using Artificial Intelligence. Available at: http://emr.ai/. (Accessed:
1st May 2018)

Salloum, W., Edwards, E., Ghaffarzadegan, S., Suendermann-Oeft, D. & Miller, M. Crowdsourced continuous
improvement of medical speech recognition. Proc AAAI Wrkshp Crowdsourcing, San Francisco, CA, AAA
(2017).

Mobius Scribe - Mobius MD. Mobius MD Available at: www.mobius.md/mobius-scribe/. (Accessed: 10th May
2018)

Rosenbloom, S. T. et al. Data from clinical notes: a perspective on the tension between structure and flexible
documentation. J. Am. Med. Inform. Assoc. 18, 181-186 (2011).

Suominen, H., Zhou, L., Hanlen, L. & Ferraro, G. Benchmarking clinical speech recognition and information
extraction: new data, methods, and evaluations. JMIR Med Inform 3, e19 (2015).

Tan, P-N. & Others. Introduction to data mining. (Pearson Education India, 2006).

Computer Assisted Coding for Physicians. Available at: www.optum360.com/physician/coding/computer-as-
sisted-coding.html. (Accessed: 1st May 2018)

Fusion CAC | Dolbey Systems, Inc. Available at: www.dolbey.com/solutions/coding/fusion-cac/. (Accessed:
10th May 2018)

nThrive. nThrive - Patient-to-PaymentSM Solutions. Available at: www.nthrive.com/. (Accessed: 10th May
2018)

Advanced Medical Coding Solutions & Coding Automation. M*Modal Available at: mmodal.com/coding-solu-

ENDNOTES CR CHILMARK


https://www.theverge.com/2018/1/15/16892254/smart-speaker-ownership-google-amazon
https://xappmedia.com/2017-year-smart-speaker-voice-assistants-xappmedia/
https://www.businesswire.com/news/home/20120111006135/en/Columbia-Grants-Health-Fidelity-Exclusive-License-MedLEE
https://www.businesswire.com/news/home/20120111006135/en/Columbia-Grants-Health-Fidelity-Exclusive-License-MedLEE
http://www.healthcareitnews.com/news/health-catalyst-regenstrief-partner-commercialize-natural-language-processing-technology
http://www.healthcareitnews.com/news/health-catalyst-regenstrief-partner-commercialize-natural-language-processing-technology
https://www.healthdata.gov/dataset/metamap
http://www.nature.com/articles/srep21161
http://www.nature.com/articles/srep21161
http://news.mit.edu/2017/explained-neural-networks-deep-learning-0414
http://news.mit.edu/2017/explained-neural-networks-deep-learning-0414
https://i2b2.org/NLP/DataSets/
https://physionet.org/mimic2/
http://mtsamples.com/
https://github.com/stylerw/thymedata
https://cloud.google.com/natural-language/.
http://emr.ai/
https://www.mobius.md/mobius-scribe/
https://www.optum360.com/physician/coding/computer-assisted-coding.html
https://www.optum360.com/physician/coding/computer-assisted-coding.html
https://www.dolbey.com/solutions/coding/fusion-cac/
https://www.nthrive.com/
https://mmodal.com/coding-solutions/

JULY 2018

41

42

43

44

45

46

47

48

49

tions/. (Accessed: 10th May 2018)

RoPR - The Registry of Patient Registries. Available at: patientregistry.ahrqg.gov/. (Accessed: 1st May 2018)
Obstacles Continue to Hinder Cancer Clinical Trial Enroliment - ACRP. ACRP (2018). Available at: www.
acrpnet.org/2018/05/07/obstacles-continue-hinder-cancer-clinical-trial-enroliment/. (Accessed: 10th May
2018)

IBM Watson Health - Clinical Trial Matching. IBM Watson Health Available at: www.ibm.com/watson/health/
oncology-and-genomics/clinical-trial-matching/. (Accessed: 10th May 2018)

WellPoint and IBM Announce Agreement to Put Watson to Work in Health Care. (2011). Available at: www-
03.ibm.com/press/us/en/pressrelease/35402.wss. (Accessed: 1st May 2018)

Hindsait artificial intelligence for better healthcare. Hindsait artificial intelligence for better healthcare
Available at: www.hindsait.com/. (Accessed: 22nd March 2018)

Ray Sipherd, S. to C. C. The third-leading cause of death in America most doctors don’t want you to know
about. (2018).

Tou, H., Yao, L., Wei, Z., Zhuang, X. & Zhang, B. Automatic infection detection based on electronic medical
records. BMC Bioinformatics 19, 117 (2018).

Gidwani, R. et al. Impact of Scribes on Physician Satisfaction, Patient Satisfaction, and Charting Efficiency: A
Randomized Controlled Trial. Ann. Fam. Med. 15, 427-433 (2017).

EHRIntelligence. athenahealth, eClinicalWorks, Epic to Launch Virtual Assistants. EHRIntelligence (2018).
Available at: ehrintelligence.com/news/athenahealth-eclinicalworks-epic-to-launch-virtual-assistants. (Ac-
cessed: 16th March 2018)

NoteSwift - Treat More, Click Less. Available at: www.noteswift.com/. (Accessed: 30th April 2018)

Saykara - Al for Healthcare. Available at: www.saykara.com/. (Accessed: 14th February 2018)

Ben-Joseph, E., Wilson, N. & Moulia, T. HealthTensor. Available at: www.healthtensor.com/. (Accessed: 30th
April 2018)

Beyond Verbal - Emotion Al and Vocal Biomarkers. Available at: www.beyondverbal.com/. (Accessed: 1st May
2018)

Mullin, E. Voice Analysis Tech Could Diagnose Disease. MIT Technology Review (2017).

WinterLight Labs - Monitoring cognitive health through speech. Available at: www.winterlightlabs.com/.
(Accessed: 1st May 2018)

Fraser, K. C., Meltzer, J. A. & Rudzicz, F. Linguistic Features Identify Alzheimer’s Disease in Narrative Speech. J.
Alzheimers. Dis. 49, 407-422 (2016).

Sonde Health. Sonde Health Available at: www.sondehealth.com/. (Accessed: 1st May 2018)

Al forsaving lives. - Cortiis a digital assistant that augments medical professionals. Available at: www.corti.ai/.
(Accessed: 1st May 2018)

Peters, A. Having A Heart Attack? This Al Helps Emergency Dispatchers Find Out. Fast Company (2018).
Available at: www.fastcompany.com/40515740/having-a-heart-attack-this-ai-helps-emergency-dispatchers-
find-out. (Accessed: 1st May 2018)

Duijari, D. Ellipsis Health. Available at: www.ellipsishealth.com/. (Accessed: 2nd May 2018)
Pharmacosurveillance is defined by the WHO as the marketing, distribution and use of drugs in a society, with 61
special emphasis on the resulting medical, social and economic consequences. [Introduction to Drug Utilization
Research: Chapter 1: What is drug utilization research and why is it needed?: 1.1. Definition and domains.
Available at: apps.who.int/medicinedocs/en/d/Js4876e/2.html. (Accessed: 19th February 2018)]

WHO | Pharmacovigilance. (2015). Available at: www.who.int/medicines/areas/quality_safety/safety_efficacy/
pharmvigi/en/. (Accessed: 19th February 2018)

Luo, Y. et al. Natural Language Processing for EHR-Based Pharmacovigilance: A Structured Review. Drug Saf.
(2017). doi:10.1007/s40264-017-0558-6

Microsoft Professional Program Artificial Intelligence track. Available at: academy.microsoft.com/en-us/
professional-program/tracks/artificial-intelligence/. (Accessed: 1st May 2018)

Learn with Google Al. Google Al Available at: ai.google/education/. (Accessed: 27th April 2018)

Zheng, K. et al. Ease of adoption of clinical natural language processing software: An evaluation of five systems.
J. Biomed. Inform. 58 Suppl, S189-5196 (2015).

Hackers hit Nuance again in 2017, while NotPetya cost $98 million in lost revenue. Healthcare IT News (2018).
Available at: www.healthcareitnews.com/news/hackers-hit-nuance-again-2017-while-notpetya-cost-98-mil-
lion-lost-revenue. (Accessed: 1st May 2018)

Creasey, J. & Glover, I. Cyber Security Incident Response Guide. (CREST).

Carlini, N. & Wagner, D. Audio Adversarial Examples: Targeted Attacks on Speech-to-Text. arXiv [cs.LG] (2018).
The Health Catalyst Data Operating System (DOSTM) Solution. Health Catalyst Available at: www.healthcata-

NLP: ENABLING THE POTENTIAL OF A DIGITAL HEALTHCARE ERA


https://mmodal.com/coding-solutions/
https://patientregistry.ahrq.gov/
https://www.acrpnet.org/2018/05/07/obstacles-continue-hinder-cancer-clinical-trial-enrollment/
https://www.acrpnet.org/2018/05/07/obstacles-continue-hinder-cancer-clinical-trial-enrollment/
https://www.ibm.com/watson/health/oncology-and-genomics/clinical-trial-matching/
https://www.ibm.com/watson/health/oncology-and-genomics/clinical-trial-matching/
https://www-03.ibm.com/press/us/en/pressrelease/35402.wss
https://www-03.ibm.com/press/us/en/pressrelease/35402.wss
https://www.hindsait.com/
https://ehrintelligence.com/news/athenahealth-eclinicalworks-epic-to-launch-virtual-assistants
http://www.noteswift.com/
http://www.saykara.com/
https://www.healthtensor.com/
http://www.beyondverbal.com/
http://www.winterlightlabs.com/
https://www.sondehealth.com/
http://www.corti.ai/
https://www.fastcompany.com/40515740/having-a-heart-attack-this-ai-helps-emergency-dispatchers-find-out/
https://www.fastcompany.com/40515740/having-a-heart-attack-this-ai-helps-emergency-dispatchers-find-out/
http://www.ellipsishealth.com/
http://apps.who.int/medicinedocs/en/d/Js4876e/2.html
http://www.who.int/medicines/areas/quality_safety/safety_efficacy/pharmvigi/en/
http://www.who.int/medicines/areas/quality_safety/safety_efficacy/pharmvigi/en/
https://academy.microsoft.com/en-us/professional-program/tracks/artificial-intelligence/
https://academy.microsoft.com/en-us/professional-program/tracks/artificial-intelligence/
https://ai.google/education/
http://www.healthcareitnews.com/news/hackers-hit-nuance-again-2017-while-notpetya-cost-98-million-lost-revenue
http://www.healthcareitnews.com/news/hackers-hit-nuance-again-2017-while-notpetya-cost-98-million-lost-revenue
https://www.healthcatalyst.com/healthcare-data-operating-system-solution

62

JULY 2018

60

61

62

63

64

65

66

67

68

69

70

71

72

73

74

75

76

77

78

79

lyst.com/healthcare-data-operating-system-solution. (Accessed: 24th March 2018)

3M'’s unique solution for value-based health care. Available at: multimedia.3m.com/mws/me-
dia/10050010/3m-value-based-care-eguide-part1.pdf.

3M and Verily Life Sciences Collaborate to Develop Population Health Measurement Technology for Health-
care Providers and Payers. Available at: investors.3m.com/news/. (Accessed: 8th February 2018)

Inspirata Acquires Toronto-based Artificial Intelligence In Medicine, Inc. (AIM) - Digital Pathology | Cancer
Diagnostics | Inspirata. Digital Pathology | Cancer Diagnostics | Inspirata Available at: http://www.inspirata.
com/news/inspirata-acquires-toronto-based-artificial-intelligence-in-medicine-inc-aim/. (Accessed: 8th
February 2018)

Inspirata Acquires Precision Medicine Network, Inc. and the ‘Crosswalk’ Platform to Bridge the Gap Between
Digital Pathology and Molecular Oncology. PRWeb (2016). Available at: www.prweb.com/releases/2016/09/
prweb13669936.htm. (Accessed: 25th March 2018)

Inspirata, I. Inspirata Acquires Digital Pathology Company Omnyx, Enabling Delivery of an IVD Device for
Primary Diagnosis in Europe and Canada. GlobeNewswire News Room (2018). Available at: globenewswire.
com/news-release. (Accessed: 25th March 2018)

Inspirata, I. Inspirata Acquires Health Analytics Company, Caradigm; Plans to Use its Award-Winning Platform
to Accelerate Development of its Cancer Information Data Trust. GlobeNewswire News Room (2018).
Available at: globenewswire.com/news-release. (Accessed: 13th June 2018)

Ni, Yizhao, Stephanie Kennebeck, Judith W. Dexheimer, Constance M. McAneney, Huaxiu Tang, Todd Lingren,
Qi Li, Haijun Zhai, and Imre Solti. “Automated clinical trial eligibility prescreening: increasing the efficiency of
patient identification for clinical trials in the emergency department.” Journal of the American Medical Infor-
matics Association 22, no. 1 (2014): 166-178.

Clinithink. Clinithink | Clinithink’s CLiX natural language processing solution plays a key role in achieving a
GUINNESS WORLD RECORDSTM fitle for fastest genetic diagnosis. (2018). Available at: clinithink.com.
(Accessed: 14th March 2018)

Parmar, A., Baum, S., Preston, J. & Dietsche, E. Regenstrief commercializing NLP with help of Health Catalyst
-MedCity News. MedCity News (2017). Available at: medcitynews.com/2017/02 /regenstrief-nlp-health-cata-
lyst/. (Accessed: 8th February 2018)

Columbia Grants Health Fidelity Exclusive License to MedLEE NLP. (2012). Available at: www.businesswire.
com/news/home/20120111006135/en/Columbia-Grants-Health-Fidelity-Exclusive-License-MedLEE.
(Accessed: 21st March 2018)

Risk adjustment coding tech leads to $62 million in additional revenue. SearchHealthIT Available at: search-
healthit.techtarget.com/feature/Risk-adjustment-coding-tech-leads-to-62-million-in-additional-revenue.
(Accessed: 12th February 2018)

IBM Watson Breakthroughs Transform Quality Care for Patients. (2013). Available at: https://www-03.ibm.
com/press/us/en/pressrelease/40335.wss. (Accessed: 2nd April 2018)

Devarakonda, M. & Tsou, C. H. Automated Problem List Generation from Electronic Medical Records in IBM
Watson. AAAI (2015).

Charnow, J. A. Cognitive Computing Expedites Matching Patients to Clinical Trials. ONA (2017). Available at:
https://www.oncologynurseadvisor.com/asco-2017/using-the-ibm-watson-system-to-aid-ctm/arti-
cle/666580/. (Accessed: 25th February 2018)

2016 Global NLP-based Text Mining & Decision Support for Life Sciences Market Leadership Award. (Frost
Sullivan, 2016).

Linguamatics. Cambridge Text Analytics Company Linguamatics Hits $10M in Sales. PR Newswire (2014).
Available at: https://www.prnewswire.com/news-releases/cambridge-text-analytics-company-linguamat-
ics-hits-10m-in-sales-250770171.html. (Accessed: 23rd February 2018)

Cormack, J., Nath, C., Milward, D., Raja, K. & Jonnalagadda, S. R. Agile text mining for the 2014 i2b2/UTHealth
Cardiac risk factors challenge. J. Biomed. Inform. (2015). doi:10.1016/}.jbi.2015.06.030

Nuance Unveils Virtual Assistant Designed for Healthcare Providers. Nuance Communications Available at:
www.nuance.com/about-us/newsroom/press-releases/nuance-unveils-virtual-assistant-for-healthcare.html.
(Accessed: 19th March 2018)

Ragan, S. Nuance says NotPetya attack led to $92 million in lost revenue. CSO Online (2018). Available at:
www.csoonline.com/article/3258768/security/nuance-says-notpetya-attack-led-to-92-million-in-lost-reve-
nue.html. (Accessed: 21st March 2018)

Nuance ®TM and Epic Deliver Computer-Assisted Physician Documentation. Nuance Communications
Availableat:www.nuance.com/about-us/newsroom/press-releases/nuance-and-epic-deliver-computer-assist-

ENDNOTES CR SHIEMARK


https://www.healthcatalyst.com/healthcare-data-operating-system-solution
https://multimedia.3m.com/mws/media/1005001O/3m-value-based-care-eguide-part1.pdf
https://multimedia.3m.com/mws/media/1005001O/3m-value-based-care-eguide-part1.pdf
http://investors.3m.com/news/press-release-details/2016/3M-and-Verily-Life-Sciences-Collaborate-to-Develop-Population-Health-Measurement-Technology-for-Healthcare-Providers-and-Payers/default.aspx
http://www.prweb.com/releases/2016/09/prweb13669936.htm
http://www.prweb.com/releases/2016/09/prweb13669936.htm
http://globenewswire.com/news-release/2018/01/31/1329021/0/en/Inspirata-Acquires-Digital-Pathology-Company-Omnyx-Enabling-Delivery-of-an-IVD-Device-for-Primary-Diagnosis-in-Europe-and-Canada.html
http://globenewswire.com/news-release/2018/01/31/1329021/0/en/Inspirata-Acquires-Digital-Pathology-Company-Omnyx-Enabling-Delivery-of-an-IVD-Device-for-Primary-Diagnosis-in-Europe-and-Canada.html
http://globenewswire.com/news-release/2018/06/13/1520878/0/en/Inspirata-Acquires-Health-Analytics-Company-Caradigm-Plans-to-Use-its-Award-Winning-Platform-to-Accelerate-Development-of-its-Cancer-Information-Data-Trust.html
https://clinithink.com/clinithink-plays-key-role-in-achieving-a-new-world-record-for-rapid-diagnosis-of-rare-genetic-disorders-2/
https://medcitynews.com/2017/02/regenstrief-nlp-health-catalyst/
https://medcitynews.com/2017/02/regenstrief-nlp-health-catalyst/
https://www.businesswire.com/news/home/20120111006135/en/Columbia-Grants-Health-Fidelity-Exclusive-License-MedLEE
https://www.businesswire.com/news/home/20120111006135/en/Columbia-Grants-Health-Fidelity-Exclusive-License-MedLEE
http://searchhealthit.techtarget.com/feature/Risk-adjustment-coding-tech-leads-to-62-million-in-additional-revenue
http://searchhealthit.techtarget.com/feature/Risk-adjustment-coding-tech-leads-to-62-million-in-additional-revenue
https://www.nuance.com/about-us/newsroom/press-releases/nuance-unveils-virtual-assistant-for-healthcare.html
https://www.csoonline.com/article/3258768/security/nuance-says-notpetya-attack-led-to-92-million-in-lost-revenue.html
https://www.csoonline.com/article/3258768/security/nuance-says-notpetya-attack-led-to-92-million-in-lost-revenue.html
https://www.nuance.com/about-us/newsroom/press-releases/nuance-and-epic-deliver-computer-assisted-physician-documentation.html

JULY 2018

80

81

82

83

84

85

86

87

88

89

100

101

102

103

104

105

106

107

108

ed-physician-documentation.html. (Accessed: 19th March 2018)

O'Brien, K. J. Nuance taps NCR President Mark Benjamin as CEO - Boston Business Journal. Boston Business
Journal (2018). Available at: www.bizjournals.com/boston/news/2018/03/22/nuance-taps-ncr-president-
mark-benjamin-as-ceo.html. (Accessed: 22nd March 2018)

UnitedHealth Group To Acquire A-Life Medical. Available at: histalk2.com/2010/09/21/unitedhealth-group-
to-acquire-a-life-medical/. (Accessed: 11th May 2018)

Siwicki, B. Radiology practices using Al and NLP to boost MIPS payments. Healthcare Finance News Available
at: www.healthcarefinancenews.com/news/radiology-practices-using-ai-and-nlp-boost-mips-payments.
(Accessed: 3rd March 2018)

Synergy Research Group, Reno & NV. Cloud Market Keeps Growing at Over 40%; Amazon Still Increases its
Share | Synergy Research Group. Available at: https://www.srgresearch.com/articles/cloud-market-keeps-
growing-over-40-amazon-still-increases-share. (Accessed: 19th February 2018)

Spitzer, J. Google sets out to organize health records. Available at: https://www.beckershospitalreview.com/
healthcare-information-technology/google-sets-out-to-organize-health-records.html. (Accessed: 24th March
2018)

Natural Language Processing - Research at Google. Available at: https://research.google.com/pubs/Natural-
LanguageProcessing.html. (Accessed: 27th April 2018)

Google. Understanding Medical Conversations. Research Blog Available at: https://research.googleblog.
com/2017/11/understanding-medical-conversations.html. (Accessed: 29th December 2017)

Chiu, C.-C. et al. Speech recognition for medical conversations. arXiv [cs.CL] (2017).

Bach, B. Stanford-Google digital-scribe pilot study to be launched | Scope Blog. (2017). Available at: scopeblog.
stanford.edu. (Accessed: 1st February 2018)

D’Onfro, J. Google is hiring people to work on improving visits to the doctor’s office with voice and touch
technology. CNBC (2013). Available at: www.cnbc.com. (Accessed: 17th June 2018)

Google. Google Duplex: An Al System for Accomplishing Real-World Tasks Over the Phone. Google Al Blog
Available at: ai.googleblog.com. (Accessed: 29th May 2018)

Microsoft Health Bot Project - Al At Work For Your Patients. Available at: www.microsoft.com. (Accessed:
14th March 2018)

Bitran, H., Principal Group Manager & NEXT, A. H. Microsoft announces private preview, partnerships for
Al-powered health bot project. (2017). Available at: enterprise.microsoft.com. (Accessed: 24th March 2018)
Microsoft Research. EmpowerMD - Medical Conversations to Medical Intelligence. Youtu.be (Youtube, 2018).
Microsoft collaborates with Epic to improve health care cloud solutions - The Fire Hose. (2015). Available at:
blogs.microsoft.com. (Accessed: 17th June 2018)

Allscripts to show new Microsoft Azure-powered EHR at HIMSS18. Healthcare IT News (2018). Available at:
www.healthcareitnews.com. (Accessed: 17th June 2018)

Catalyst, H. Health Catalyst and Microsoft Partnership. Health Catalyst Available at: www.healthcatalyst.com.
(Accessed: 17th June 2018)

EHRIntelligence. Rumored Cerner EHR, Amazon Partnership Talks in Final Stages. EHRIntelligence (2017).
Available at: ehrintelligence.com. (Accessed: 5th March 2018)

The Alexa Diabetes Challenge. The Alexa Diabetes Challenge Available at: www.alexadiabeteschallenge.com.
(Accessed: 27th April 2018)

Amazon rumored to start Alexa-focused ‘health & wellness’ team. MobiHealthNews (2018). Available at:
www.mobihealthnews.com. (Accessed: 1st June 2018)

Epic tointegrate Nuance Al virtual assistantinto EHR. Healthcare IT News (2018). Available at: www.healthca-
reitnews.com. (Accessed: 24th March 2018)

App Orchard - LungMyne. Available at: apporchard.epic.com. (Accessed: 17th June 2018)

App Orchard - CLiX ENRICH by Clinithink. Available at: apporchard.epic.com. (Accessed: 17th June 2018)
App Orchard - AdvocateMD Powering NoteReader. Available at: apporchard.epic.com.(Accessed: 17th June
2018)

App Orchard - Invenio + NoteReader. Available at: apporchard.epic.com. (Accessed: 17th June 2018)

App Orchard - Health Navigator Natural Language Processing. Available at: apporchard.epic.com. (Accessed:
17th June 2018)

McCluskey-Reporter, P. D. Meet Eva, the voice-activated ‘assistant’ for doctors - The Boston Globe. Boston-
Globe.com (2018). Available at: www.bostonglobe.com. (Accessed: 24th March 2018)

Spitzer, J. NoteSwift introduces Samantha, the Al-powered assistant for athenaClinicals EHR. Available at:
www.beckershospitalreview.com. (Accessed: 24th March 2018)

NLP: ENABLING THE POTENTIAL OF A DIGITAL HEALTHCARE ERA

63


https://www.nuance.com/about-us/newsroom/press-releases/nuance-and-epic-deliver-computer-assisted-physician-documentation.html
https://www.bizjournals.com/boston/news/2018/03/22/nuance-taps-ncr-president-mark-benjamin-as-ceo.html
https://www.bizjournals.com/boston/news/2018/03/22/nuance-taps-ncr-president-mark-benjamin-as-ceo.html
https://histalk2.com/2010/09/21/unitedhealth-group-to-acquire-a-life-medical/
https://histalk2.com/2010/09/21/unitedhealth-group-to-acquire-a-life-medical/
http://www.healthcarefinancenews.com/news/radiology-practices-using-ai-and-nlp-boost-mips-payments
http://scopeblog.stanford.edu/2017/11/21/stanford-google-digital-scribe-pilot-study-to-be-launched/
http://scopeblog.stanford.edu/2017/11/21/stanford-google-digital-scribe-pilot-study-to-be-launched/
https://www.cnbc.com/2018/06/14/google-medical-brain-job-postings.html
http://ai.googleblog.com/2018/05/duplex-ai-system-for-natural-conversation.html
https://www.microsoft.com/en-us/research/project/health-bot/
https://enterprise.microsoft.com/en-us/articles/industries/health/microsoft-announces-private-preview-partnerships-for-ai-powered-health-bot-project/
https://youtu.be/c6exHAzNwy4
https://blogs.microsoft.com/firehose/2015/04/24/microsoft-collaborates-with-epic-to-improve-health-care-cloud-solutions/
http://www.healthcareitnews.com/news/allscripts-show-new-microsoft-azure-powered-ehr-himss18
https://www.healthcatalyst.com/news/health-catalyst-collaborates-with-microsoft-on-data-warehouse-and-analytics-for-healthcare-industry/
https://ehrintelligence.com/news/rumored-cerner-ehr-amazon-partnership-talks-in-final-stages
http://www.alexadiabeteschallenge.com/
http://www.mobihealthnews.com/content/amazon-rumored-start-alexa-focused-health-wellness-team
http://www.healthcareitnews.com/news/epic-integrate-nuance-ai-virtual-assistant-ehr
http://www.healthcareitnews.com/news/epic-integrate-nuance-ai-virtual-assistant-ehr
https://apporchard.epic.com/Gallery?id=204
https://apporchard.epic.com/Gallery?id=668
https://apporchard.epic.com/Gallery?id=647
https://apporchard.epic.com/Gallery?id=655
https://apporchard.epic.com/Gallery?id=732
https://www.bostonglobe.com/business/2018/01/09/meet-eva-voice-activated-assistant-for-doctors/uvvvtEvOu8R3SC2AhIC8xI/story.html
https://www.beckershospitalreview.com/ehrs/noteswift-introduces-samantha-the-ai-powered-assistant-for-athenaclinicals-ehr.html

64

JULY 2018

109

110

111

112

113

114

Athenahealth partners with NoteSwift on Al-powered EHR documentation. Healthcare IT News (2018).
Available at: www.healthcareitnews.com/news/. (Accessed: 24th March 2018)

Allscripts to market NoteSwift 2.0 for Allscripts Professional EHR. (2015). Available at: www.news-medical.net.
(Accessed: 30th April 2018)

Papineni, K., Roukos, S., Ward, T. & Zhu, W.-J. BLEU: A Method for Automatic Evaluation of Machine Transla-
tion. in Proceedings of the 40th Annual Meeting on Association for Computational Linguistics 311-318
(Association for Computational Linguistics, 2002). doi:10.3115/1073083.1073135

The Stanford Question Answering Dataset. Available at: rajpurkar.github.io. (Accessed: 14th February 2018)
Rajpurkar, P., Zhang, J., Lopyrev, K. & Liang, P. SQUAD: 100,000+ Questions for Machine Comprehension of
Text. arXiv [cs.CL] (2016).

2000 HUBS English Evaluation Transcripts - Linguistic Data Consortium. Available at: catalog.ldc.upenn.edu.
(Accessed: 25th March 2018)

ENDNOTES CR SHIEMARK


http://www.healthcareitnews.com/news/athenahealth-partners-noteswift-ai-powered-ehr-documentation
https://www.news-medical.net/news/20150319/Allscripts-to-market-NoteSwift-20-for-Allscripts-Professional-EHR.aspx
https://catalog.ldc.upenn.edu/LDC2002T43

(R CHILMARK

RESEARCH

ONE BEACON STREET

BOSTON, MA 02108

PH: 617.615.9344



https://www.chilmarkresearch.com/

	Executive Summary
	Market Dynamics
	Drivers for NLP in Healthcare
	An Evolving Market
	NLP’s Contribution to Intelligent Systems
	Measuring NLP Performance
	NLP ROI


	Types of NLP Systems and Methodologies 
	Rule-based Systems
	Machine Learning and Statistics-based Systems
	Supervised Learning
	Gold Standard Corpus (GSC) 
	How much of the training data should be withheld for testing?
	Are open source gold standard datasets available?

	Unsupervised Learning
	Deep Learning 
	Transfer Learning


	Hybrid Systems

	Implementation Challenges of NLP Solutions
	Customer Types and End Users 
	Primary NLP Use Cases in Healthcare
	Proven (Mainstay) NLP Healthcare Use Cases
	Speech Recognition
	Clinical Documentation Improvement (CDI)
	Data Mining Research
	Computer-Assisted Coding 

	Emerging NLP Healthcare Use Cases
	Clinical Trial Matching 
	Prior Authorization
	Clinical Decision Support 
	Risk Adjustment and Hierarchical Condition Categories

	Next-Generation NLP Healthcare Use Cases
	Ambient Virtual Scribe 
	Computational Phenotyping and Biomarker Discovery
	Population Surveillance

	Notable Use Case – Chatbots

	Barriers to Adoption
	Human Challenges
	Skills Gap
	System Usability
	Cyber Attacks

	Data Challenges
	Quality, Completeness, and Bias
	Metadata (or lack thereof)
	Adversarial Data
	Data Warehouse → Data Lake → Data Operating System


	NLP Vendor Landscape
	NLP Vendor Use Case Analysis

	NLP Vendor Profiles
	3M
	Artificial Intelligence in Medicine (an Inspirata Company)
	Clinithink
	Digital Reasoning
	Health Catalyst
	Health Fidelity
	IBM Watson Health
	Linguamatics Health
	M*Modal
	Nuance
	Optum 
	SyTrue



	Future NLP Market Players
	Cloud Computing Vendors and Technology-Enabled Services
	Alphabet – Google & Verily
	Microsoft
	Amazon

	EHR Vendors

	Conclusions and Recommendations
	Appendix A: Scope and Methodology
	Appendix B: Measuring NLP Performance 
	Auto Summarization
	Automatic Speech Recognition
	Reading Comprehension 
	Transcribing Conversations


	Appendix C: Acronyms Used in this Report
	Endnotes
	Executive Summary
	Market Dynamics
	Figure 1: Ambient Virtual Assistant adoption rate relative to previous consumer technology paradigms
	Figure 2: Projected growth in Alexa Skills
	Table 1: Current State of Big Data in Healthcare vs. the Emerging Paradigm
	Figure 3: The Three Phases of AI Integration in Healthcare
	Figure 4: Formulas for Calculation Common NLP Performance Metrics.

	Types of NLP Systems and Methodologies 
	Table 2: Advantages and Challenges of NLP Methods
	Figure 5: Basic processes required for implementing an NLP system.
	Figure 6: The Three Levels of Linguistic Analysis
	Table 3: Syntax-related data preprocessing tasks

	Implementation Challenges of NLP Solutions
	Figure 7: Example of preprocessed NLP
	Table 4: Customer Types and End Users

	Customer Types and End Users 
	Primary NLP Use Cases in Healthcare
	Figure 8: Current Standard NLP Use Cases in Healthcare and Key Vendors
	Figure 9: Emerging Use Cases for NLP in Healthcare and Key Vendors
	Figure 10: Next-Generation Use Cases of NLP in Healthcare and Key Vendors

	Barriers to Adoption
	Table 5: Comparison of Batch and Streaming Data Processing

	NLP Vendor Landscape
	Table 6: NLP Vendors and Use Cases Supported

	NLP Vendor Profiles
	Future NLP Market Players
	Conclusions and Recommendations
	Appendix A: Scope and Methodology
	Appendix B: Measuring NLP Performance 
	Table 7: The Confusion Matrix: A Standard Method of Visualizing NLP Performance
	Figure 11: Algorithms That Outperform Humans at Reading
	Figure12: Speech Recognition vs. Human on Switchboard HUB5’00 Dataset

	Appendix C: Acronyms Used in this Report
	Endnotes

