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ABSTRACT

The field of biomedical informatics experienced a productive 2015 in terms of research. In order to highlight the

accomplishments of that research, elicit trends, and identify shortcomings at a macro level, a 19-person team

conducted an extensive review of the literature in clinical and consumer informatics. The result of this process

included a year-in-review presentation at the American Medical Informatics Association Annual Symposium

and a written report (see supplemental data). Key findings are detailed in the report and summarized here. This

article organizes the clinical and consumer health informatics research from 2015 under 3 themes: the electronic

health record (EHR), the learning health system (LHS), and consumer engagement. Key findings include the fol-

lowing: (1) There are significant advances in establishing policies for EHR feature implementation, but increased

interoperability is necessary for these to gain traction. (2) Decision support systems improve practice behaviors,

but evidence of their impact on clinical outcomes is still lacking. (3) Progress in natural language processing

(NLP) suggests that we are approaching but have not yet achieved truly interactive NLP systems. (4) Prediction

models are becoming more robust but remain hampered by the lack of interoperable clinical data records.

(5) Consumers can and will use mobile applications for improved engagement, yet EHR integration remains

elusive.
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INTRODUCTION

The applications of informatics range from cutting-edge medical

research in genomics to helping consumers find basic medical infor-

mation. Due to its common core, however, informatics advances in

one area often benefit other areas of the field. For example, a

machine learning method for clinical research informatics might be

usable in clinical decision support, a clinical decision support algo-

rithm might be repurposed as a consumer mobile health app, a
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consumer engagement tool might provide insights into the develop-

ment of improved interoperability standards, and adoption of effec-

tive standards might enable new forms of clinical research such as

precision medicine. The different areas of informatics, therefore, can

learn a lot from each other.

To accelerate the cross-pollination that can lead to further

advances, several endeavors in the field have been proposed to

expose researchers to the wider parts of informatics. These include

year-in-review presentations at the AMIA Annual Symposium1,2

and in the annual International Medical Informatics Association

(IMIA) Yearbook.3 Of necessity, a year-in-review benefits from

examining a large number of articles and engaging in discussions

among the review team.

For the 2015 AMIA Year-in-Review in Clinical and Consumer

Health Informatics, we conducted a thorough literature review for

an entire year within the scopes of clinical informatics, clinical

research informatics, and consumer health informatics. Building on

the AMIA Symposium presentation by Patricia Flatley Brennan, we

produced a companion report (see online supplement) highlighting

the most novel research and most interesting trends in 18 topics in

informatics. While the presentation and report drew from the same

base of reviewed articles, they differ in the articles each chose to

highlight. The report details key findings, supported by over 250

citations, organized into 3 themes: methods of biomedical infor-

matics, tasks supported by informatics, and trends in informatics.

Table 1 lists all of the topics. In this perspective, we provide a sum-

mary of key observations and findings of the year, and argue for

future directions informatics should take.

METHODS

A review group of junior and senior scholars was empaneled to con-

duct the review. The group included 18 graduate students and post-

doctoral trainees from the JAMIA Student Editorial Board and the

2014 AMIA Media Year-in-Review group. Of these, 11 contributed

to the written report (the authors of this perspective). The group met

monthly over 6 months during the process.

With the assistance of a health science librarian, a multistage

review process of the published literature was conducted (see Figure

1). The scope for the search was English-language articles on topics

in clinical or consumer informatics appearing online or in print

between November 1, 2014, and October 31, 2015, in refereed jour-

nals indexed in PubMed, EBSCO, and Web of Science. The 3 search

engines (see Table 2) returned an initial total of 1132 unique articles

(after removal of 222 duplicates). This list was further filtered to

eliminate articles that were, based on their citation information,

clearly outside the scope of interest. This yielded 724 articles for

review. The goal of this process was not to conduct a strictly thor-

ough systematic review, but to gather a broad base of the literature.

As such, important papers may have been missed, but other parts of

the review process likely would have brought these back into

consideration.

All reviewers participated in a small calibration process with 3

papers to improve consistency on a 4-point scale (must include,

maybe include, possibly include, and do not include). To be consid-

ered “must include,” an article had to provide a significant advance

or novel application according to the reviewer’s (admittedly subjec-

tive) opinion. A survey system (Qualtrics
TM

) was employed to dis-

tribute the initial 724 citations, collect assessments, and summarize

results. Participants used the citation to obtain the full text. Papers

scoring 3 (possibly include) or 4 (must include) by at least 2

reviewers were considered for inclusion in the presentation or

report. The primary focus was on original informatics investiga-

tions, complemented by published review papers and policy perspec-

tives according to the judgment of the team.

Additional papers were included for consideration using other

mechanisms: (1) a second search of the most recent papers (the final

Table 1. Topics covered in year-in-review

Methods Tasks Trends

Information

Retrieval

Natural Language

Processing

Usability and

Human-Computer

Interaction

Visualization

Clinical Decision Support

Electronic Health Records

Patient Portals, Personal

Health Records, and

Patient

Access to EHR Data

Telemedicine

Terminologies and

Standards

Clinical Data Mining

Chronic Illness

Patient Behavior and

Decision-Making

Patient Reported Out-

comes

Precision Medicine

Using EHRs

Reducing Health

Inequities

Figure 1. Year-in-review process.
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2 months) was performed using the same search strategy; (2) 11 edi-

tors from well-known biomedical informatics journals were solicited

to provide a “top 10” list for their respective journals; (3) American

College of Medical Informatics members responded to a solicitation

for top papers; and (4) members of the review team recommended

papers. For the report, all papers included for consideration were

organized according to the topics in Table 1 and re-reviewed by the

respective section editor. Upon second review, the section editor

might choose to drop the paper.

FINDINGS

A hallmark of a maturing field is having a complementary relation-

ship between contributions to related fields while strengthening its

core knowledge base. This year’s AMIA Year-in-Review of Clinical

and Consumer Informatics reflects just that – growth in the applica-

tion of informatics tools to new areas, consolidation of the base

learning, and, importantly, revelation of areas yet to grow.

We organize this report in terms of contributions to 3 major pol-

icy objectives in informatics: (1) adopting, implementing, and

improving use of electronic health records; (2) advancing the goals

of the learning health system; and (3) engaging consumers in health

and health care decision-making using information technology. Full

details, including specific citations addressing the methods, tasks,

and trends in biomedical informatics, are provided in the companion

report, while a small number of citations are included here (when

they directly support highlighted items).

Adopting, implementing, and improving use of

electronic health records
With the Meaningful Use regulations shifting focus from adoption

of electronic health records (EHRs) (which was widely seen as suc-

cessful) to advancing specific EHR functions (which is more contro-

versial), the informatics research community has shifted focus to

how EHRs can improve patient care and outcomes. Thus the focus

of papers this year is EHR implementation, not adoption; the results

thus far have been mixed at best. The AMIA EHR-2020 Task Force4

issued a set of policy recommendations on how to improve the

EHR. The state of the literature largely confirms the importance of

these recommendations.

EHRs have an interesting impact on clinical documentation.

Burke et al.5 found that EHRs improved clinical note quality for 12

elements (eg, chief complaint, problem list, family history) in outpa-

tient visit notes. This should be contrasted with the EHR-2020 Task

Force’s concern about documentation burden and bloat (eg, from

copy/paste). This suggests the trade-offs related to increased docu-

mentation should be more fully explored, and it remains important

to address the various contributors to EHR note quality, including

provider behaviors, technical features, and local culture.

EHRs are very good at improving additional specific elements of

clinical processes, such as decision support6 and risk prediction.7

EHRs can increase rates of needed counseling8 and even reduce

medical malpractice.9 In spite of specific improvements, there

remains some burden arising from documentation time and mixed

effects on patient interaction.10 To date, the lack of improvement in

outcomes may not justify the risks: not only financial costs and

security concerns, but lack of data availability during downtimes.11

To improve outcomes, we must reconsider what aspects of the clini-

cal process really do affect patient health as opposed to what aspects

are simple to automate.

It seems clear that instead of altering clinical workflows to

gather process information, the focus should be on utilizing avail-

able technology and advancing research to enable seamless data cap-

ture. An important component for this is natural language

processing (NLP), which the EHR-2020 Task Force advocates as a

mechanism to perform structured data capture and improve data

entry. Clinical NLP research continues to focus on general-purpose

processing (eg, extracting and mapping concepts), secondary-use

applications such as the i2b2 challenge on identifying risk factors

for heart disease,12 mining social media data for adverse drug reac-

tions,13 and supporting systematic reviews.14 However, few advan-

ces have been made in the dynamic use of NLP in clinical care

processes to improve data capture and decision support while reduc-

ing burden. On the other hand, computerized innovations should be

permitted to alter clinical workflow when doing so would improve

health care. For example, data visualization holds great potential to

improve clinical cognition about patients, but workflows will have

be changed to ensure that visualizations are integrated into practice.

Visualizations have the potential to provide more intuitive data rep-

resentations, saving time while reducing cognitive load. There is an

increasing number of such visualization tools, for both clinicians

and patients.15,16

Table 2. Search criteria

PubMed

decision support systems [tiab] OR EHR [tiab] OR electronic health record*[tiab] OR M-health [tiab] OR consumer informatics [tiab] OR public

health informatics [tiab] OR BD2K [tiab] OR PCORnet [tiab] OR precision medicine [tiab] OR meaningful use [tiab] OR CPCP [tiab] OR patient

reported outcomes [tiab] OR clinical informatics [tiab] OR medical informatics [tiab] OR public health informatics [tiab] OR big data initiative*

[tiab] OR health information exchange [tiab] OR telemedicine [tiab] OR evaluation of EHR [tiab] OR consumer health informatics [tiab] OR

precision medicine [tiab] OR health informatics [tiab]

EBSCO

decision support systems [tia] OR EHR [tia] OR electronic health record*[tia] OR M-health [tia] OR consumer informatics [tia] OR public health

informatics [tia] OR BD2K [tia] OR PCORnet [tia] OR precision medicine [tia] OR meaningful use [tia] OR CPCP [tia] OR patient reported out-

comes [tia] OR clinical informatics [tia] OR medical informatics [tia] OR public health informatics [tia] OR big data initiative* [tia] OR health

information exchange [tia] OR telemedicine [tia] OR evaluation of EHR [tia] OR consumer health informatics [tia] OR precision medicine [tia] OR

health informatics [tia]

Web of Science

((((((((((((((((((((“decision support systems” OR EHR) OR “electronic health record*”) OR “M-health”) OR “consumer informatics”) OR “public

health informatics”) OR BD2K) OR cornet) OR “precision medicine”) OR “meaningful use”) OR CPCP) OR “patient reported outcomes”) OR

“clinical informatics”) OR “medical informatics”) OR “public health informatics”) OR “big data initiative*”) OR “health information exchange”)

OR telemedicine) OR “evaluation of EHR”) OR “consumer health informatics”) OR “health informatics”)
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Beyond clinical use of EHRs, an important recent trend is patient

access to health data. Initiatives such as OpenNotes and Blue Button

are enabling patients to access data17–19 that they have long had a

legal right to obtain. Roadblocks, including patients’ ability to

understand their own data and the impact on clinical practice work-

flows,17,20 remain and represent emerging areas of informatics

research.

Patient control of data is another emerging area, including access

control21,22 and even the ability to add data to the EHR from sour-

ces such as wearable technology and mobile health (mHealth) apps.4

While many view the integration of patient-generated data into the

EHR with skepticism, it has the potential to provide a patient’s

social, environmental, and functional contexts. As we enter an era

of precision medicine, these contexts should provide invaluable

information sources that are well understood to have important

health implications.

The information infrastructure for the learning

health system
The concept of the learning health system (LHS)23 influences much

of the research performed in biomedical informatics. From the long

understood need to standardize data, to large-scale analysis (“big

data”), to applications that analyze evidence at ever-finer levels (eg,

precision medicine), research reports are beginning to address the

informatics challenges inherent in meeting LHS goals.

As access to clinical data increases, research demonstrating

methods for extracting knowledge from clinical data keeps pace. A

core feature of much of this research is the ability to automatically

identify a cohort of patients according to some predefined pheno-

type. Frequently, artificial intelligence methods are utilized, such as

NLP, information retrieval, and machine learning.12,24–26 Such

methods have been used for clinical trial eligibility assessment,27

readmission reduction,28,29 and quality assessment.7

Prediction models are also popular. These include: (1) disease

risk stratification for baseline risk prediction, disease progression, or

mortality;30–34 (2) clinical effectiveness research, such as treatment

for patients at risk for a side effect;35–37 and (3) hospital admission

prediction, whether for readmission29,38 or estimating no-shows.39

There have even been several visualization methods to aid in this

type of analysis that may help spot trends that are difficult to define

before they arise.40

There are several barriers, however, that can limit the utility of

clinical data in the LHS. Since this is observational data, new forms

of bias are constantly being studied, such as biases toward sicker

patients41 and observation frequency.42 Many confounding factors

have been identified, including social risks affecting outcomes,43,44

geographic effects on rehabilitation,35 and even how birth month

impacts lifetime disease risk.45 Finally, clinical data is often siloed,

limiting the ability to study rare diseases and geographic effects. Sev-

eral initiatives, some general purpose and some condition-specific,

are under way to enable inter-institution analysis.46–48

The movement toward the LHS is thus very promising, if slower

than ideal. One trend toward speeding up the LHS cycle is the use of

social media data, especially for pharmacovigilance. Using NLP,

adverse effects can be detected long before they appear in traditional

clinical sources.13,49,50 Possibly what we need most, however, are

approaches to close the LHS loop. Given the constant stream of new

factors that affect the diagnosis and treatment of disease, it is clear

that every patient truly is unique. General-purpose tools to find

“patients like mine” and compare their characteristics, treatments,

and outcomes would allow doctors to decide which factors are

important on a case-by-case basis. Turning physicians into statisti-

cians and data scientists is not without its perils, but this would cre-

ate an organic LHS.

Engaging patients in health and health care through

information technology
Information technologies, particularly mHealth and telemedicine,

hold promise for engaging patients outside the clinic, especially in

improving patient-provider communication for patients with

chronic diseases. Several papers this year demonstrate how many of

the barriers to patient engagement with health information technol-

ogy can be overcome, including incorporating foundational infor-

matics features such as data standards or decision support.

Patients consider self-tracking to be work,51 the solution to

which is not only more usable apps, but involving the patient’s

social network (which itself is quite complex).52 Research has also

shown that when providers utilize self-tracking data, patient engage-

ment improves.53 But researchers also found that providers generally

lack the time and expertise to review this data,53 suggesting that

new care models are needed to enable providers to better engage

patients with chronic diseases. One compromise solution is teleme-

dicine, which can improve engagement while staying close to tradi-

tional patient-provider communication. Telemedicine, however,

faces several legal and regulatory (as opposed to technical) barriers.

To help overcome these, new frameworks have been proposed,

including one based on the Meaningful Use regulations.54 These all

suggest that informatics solutions to patient engagement must

consider the wider technological, social, economic, and political

contexts.

CONCLUSION

We have described high-level advances and trends in biomedical

informatics discovered during our review process across 3 broad

areas: electronic health records, the learning health system, and con-

sumer/patient engagement. These advances and trends indicate that

informatics is a growing and thriving field, integrating advances in

artificial intelligence and consumer technology while helping to

advance medical understanding and improve health.
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