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ABSTRACT

Objective: To better understand clinician information needs and learning opportunities by exploring the use of

best-practice algorithms across different training levels and specialties.

Methods: We developed interactive online algorithms (care process models [CPMs]) that integrate current

guidelines, recent evidence, and local expertise to represent cross-disciplinary best practices for managing clini-

cal problems. We reviewed CPM usage logs from January 2014 to June 2015 and compared usage across spe-

cialty and provider type.

Results: During the study period, 4009 clinicians (2014 physicians in practice, 1117 resident physicians, and 878 nurse

practitioners/physician assistants [NP/PAs]) viewed 140 CPMs a total of 81 764 times. Usage varied from 1 to 809

views per person, and from 9 to 4615 views per CPM. Residents and NP/PAs viewed CPMs more often than practicing

physicians. Among 2742 users with known specialties, generalists (N¼1397) used CPMs more often (mean 31.8, me-

dian 7 views) than specialists (N¼1345; mean 6.8, median 2; P< .0001). The topics used by specialists largely aligned

with topics within their specialties. The top 20% of available CPMs (28/140) collectively accounted for 61% of uses. In

all, 2106 clinicians (52%) returned to the same CPM more than once (average 7.8 views per topic; median 4, maxi-

mum 195). Generalists revisited topics more often than specialists (mean 8.8 vs 5.1 views per topic; P< .0001).

Conclusions: CPM usage varied widely across topics, specialties, and individual clinicians. Frequently viewed

and recurrently viewed topics might warrant special attention. Specialists usually view topics within their spe-

cialty and may have unique information needs.
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INTRODUCTION

Although estimates vary, clinicians typically identify a clinical ques-

tion (ie, a question that could potentially be answered by referencing

a knowledge resource) for at least half of the patients they see.1,2

Yet they seek answers for only about half of these questions.2–5 The

barriers to answering clinical questions remain incompletely under-

stood, but include lack of time, information overload, difficulty

selecting among various knowledge resources, and doubt that an an-

swer will be easily found.2,6–10 Helping clinicians to overcome these

information-seeking barriers could enhance patient care and facili-

tate lifelong learning.11–14

Computer-based information technologies have long been pro-

posed as a means to support information seeking at the point of

care.15–18 Various computer knowledge resources exist for this pur-

pose, including information repositories (such as UpToDate,
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http://www.uptodate.com, and Micromedex, www.micromedexsolu

tions.com), diagnosis support tools (such as DXplain, www.mghlcs.

org/projects/dxplain), literature search resources (such as PubMed,

www.pubmed.gov), and context-sensitive links in the electronic

health record (EHR) (such as infobuttons19,20). These and other

tools vary widely in their intended purpose (ie, diagnosis, treatment

options, drug dosing, or patient education) and in the degree to

which they incorporate essential design features such as efficiency,

integration with the clinical workflow, credibility, and reflection of

local best practices.17,21

Understanding clinician information needs constitutes an impor-

tant step in developing effective, efficient computer knowledge re-

sources. Analyzing clinicians’ use of knowledge resources during

their daily workflow offers one useful approach to investigating

such needs. This has been done with, for example, infobuttons,19,20

a commercial resource (UpToDate22), and a library Web page.23

Work to date has emphasized the frequency of questions2 and high-

lighted differences across clinical roles (eg, physician vs nurse) and

EHR context (problem list, lab result, treatment).20,24,25 Less is

known about the specific topics pursued, and especially how topics

vary across clinical specialties and training levels.

The purpose of this study was to characterize clinician informa-

tion needs and learning opportunities by exploring the use of clinical

best-practice algorithms (locally developed “care process models”

[CPMs]) across different training levels and specialties. Specific

questions and anticipated results included:

• How often do clinicians access CPMs, and what are the most fre-

quently accessed topics? We expected that a small number of

model topics (largely reflecting conditions frequently seen in pri-

mary care practice) would account for the majority of use.
• How does usage vary across specialties? We expected that gener-

alists would use CPMs more often than specialists, and that spe-

cialists would most often access topics unrelated to their own

specialty.
• How often do clinicians return to the same topic? We expected

that individual clinicians would recurrently visit the same model.

METHODS

This was a retrospective study using data from computer logs. The

study was deemed exempt by the Mayo Clinic Institutional Review

Board.

Care process model development and description
Within our institution, we recognized the need for a tool that would

provide rapid, relevant answers that reflect institution-accepted

best practices. To meet this need, we developed MayoExpert,26 a

multipronged online platform that unifies 5 core elements: (1) a re-

pository of concise and clinically relevant information, (2) CPMs

(described below), (3) an expert directory, (4) clinical notifications

of high-priority test results, and (5) links to other information and

resources (eg, clinical calculators, patient education materials).

Two previously described26 elements of MayoExpert, self-

assessment questions and a learning portfolio, were no longer fully im-

plemented during the time of this study. This study focused on the usage

of CPMs.

We developed CPMs as online best-practice algorithms for man-

aging clinical problems.27 The intent was not to replace national

guidelines, but to facilitate the application of guideline recommendations

in practice. Model content integrated guidelines available from na-

tional expert panels, government task forces, and professional orga-

nizations, and supplemented and extended guideline-based

recommendations with emerging evidence and local expertise. These

recommendations were distilled into a format that clinicians could

quickly and easily apply at the point of care. For example, when

guidelines allowed selection among equally effective diagnostic or

treatment pathways, CPMs would highlight an institution-preferred

approach if such existed (eg, a cost-effective test or drug). Models

also reflected, when possible, practical aspects of care within our

health system (eg, when and how to request a specific test, proce-

dure, or referral). Each model was developed by a team of at least 1

physician content expert, a clinician with expertise in algorithm elic-

itation and development, and a user experience designer. Each

model was revised as needed and then approved by other topic-

relevant experts at each of the Mayo sites (in Rochester, Minnesota,

Jacksonville, Florida, Scottsdale/Phoenix, Arizona, and a group of

community practices in Minnesota, Iowa, and Wisconsin). The au-

thoring expert and a content board of at least 3 subspecialist experts

reviewed each model annually. Models thus represented cross-

disciplinary institutional best practices for that clinical problem.

Model development was prioritized toward problems with evolving

standards (eg, revisions to national guidelines), complex or

institution-specific management approaches, suboptimal cost or

practice patterns, or potential patient safety issues. Most topics dur-

ing the study period reflected medical (vs surgical) practice and ad-

dressed specific diagnoses rather than symptoms.

Each model consisted of several nodes reflecting key decision or

action points (see Figure 1, and the more detailed example in Supple

mentary eFigure 1). Information was provided at each node (eg, ele-

ments of history to solicit from the patient or medical record, sug-

gested tests and their interpretation, or potential management

strategies) to guide clinicians in making decisions or taking needed

actions. Nodes and branches expanded or collapsed, and additional

information was revealed or hidden, as users clicked on interactive

links. CPMs were accessible online from any computer or mobile de-

vice with appropriate institutional access (Mayo sites or affiliated

partners). We actively sought and responded to user suggestions to

improve both model content and functionality. We supported inte-

gration into the clinical workflow by embedding direct links to

CPMs from EHR test result notification messages for topics includ-

ing prolonged QT, heart failure with reduced ejection fraction, and

ST-elevation myocardial infarction, and by including models among

the resources indexed by EHR infobuttons. High-priority updated

or new topics were commonly announced in staff newsletters at the

time of release.

Data collection
We obtained raw data on CPM use, including topic and clinician

unique identifier, from computer log files from January 1, 2014, to

June 30, 2015. We matched unique identifier with clinician training

level and, when available, main clinical specialty. We classified as

“generalists” all clinicians who practiced or trained in family medi-

cine, internal medicine, or pediatrics without a subspecialty designa-

tion. All other clinicians were classified as specialists.

Data analysis
Given the skewed distribution of usage rates, we report means, me-

dians, and ranges but not standard deviations. We used nonparamet-

ric tests to compare usage rates across demographic subgroups: we

used the Wilcoxon rank-sum test to compare generalists and
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specialists, and general linear models applied to ranked usage data

for comparisons across training levels. We analyzed changes in the

monthly usage rates (standardized to 30 days) for the top 10 topics

across all users over the final 12 months.

RESULTS

By January 2014 we had developed 106 models, and as of June 30,

2015, we had 140 models. Over the 18-month study period, 4009

clinicians (60% of approximately 6700 clinicians with access)

viewed CPMs a total of 81 764 times. These clinicians comprised

2014 physicians in practice, 1117 postgraduate physician trainees

(residents and fellows), and 878 nurse practitioners (NPs) or physi-

cian assistants (PAs). Usage varied from 1 to 809 views per person,

and from 9 to 4615 views per model. As shown in Table 1, post-

graduate trainees used models most often, followed closely by NP/

PAs (usage rates not statistically significantly different, P¼ .99), and

then by physicians in practice (P< .001 compared with both other

groups). Monthly usage varied widely, starting at 2655 views in Jan-

uary 2014, peaking at 6421 views in December 2014, and ending at

5313 views in June 2015 (all usage standardized to a 30-day month;

see Supplementary eFigure 2).

We were able to determine the clinical specialty for 2742 users

(68%). Among these, generalists (N¼1397) used models much

more often (mean 31.8, median 7 views) than specialists (N¼1345;

mean 6.8, median 2; P< .0001); see Table 1. We also examined use

across medical and surgical specialties. As shown in Table 1, clini-

cians in general internal medicine used models more often (per clini-

cian) than those in family medicine or pediatric practice. Those in

turn used models more often than emergency medicine clinicians,

internal medicine subspecialists, or other surgical and medical

specialists.

Table 2 lists the 30 most frequently viewed topics for all clinician

types and specialties, while Table 3 reports the top 10 topics for se-

lected specialties. Across all specialties, frequently visited topics re-

flect a mix of outpatient (eg, screening recommendations and

hyperlipidemia) and acute care/inpatient (eg, Clostridium difficile

colitis, myocardial infarction) medical problems. Contrary to our

expectation, the topics used by specialists (Table 3) largely aligned

Figure 1. Typical care process model. (A) Screenshot of the Urinary Tract Infection (Adult) model, illustrating the decision nodes and expandable pathways. (B)

Screenshot illustrating the additional information available as a popup within most model elements.
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with topics specific to their specialty (eg, gastroenterologists most

often viewed topics related to bowel and liver disease rather than

cardiology, and cardiologists most often viewed topics related to

heart disease). The least-viewed topics focused on narrow patient

populations (eg, Joint Infections [Pediatric], 12 views) or niche spe-

cialty issues (eg, Cardiac Surgery Excessive Bleeding, 20 views;

Enhanced Recovery Pathway: Elective Colorectal Surgery, 25

views).

We explored whether usage followed the Pareto principle, ie,

that a small percentage of topics would account for the majority of

usage. We found that the top 20% of available models (28/140) col-

lectively accounted for 61% of uses, and 80% of total uses arose

from the top 54 models (38%).

In all, 2106 clinicians (52%) returned to the same model topic

more than once over the 18-month study period, with an average of

7.8 views per topic (median 4, maximum 195); 733 clinicians re-

visited the same topic >5 times and 168 revisited the same topic

>20 times. Generalists (N¼926) revisited topics more often than

specialists (N¼560; mean 8.8 vs 5.1 views [median 4 vs 3];

P< .0001).

We examined the variation in usage over time for the 10 most

frequently viewed topics from July 2014 to June 2015. Figure 2

shows a subset of these data (6 topics) to illustrate some of these

trends, while Supplementary eFigure 3 shows all 10 topics. Two sea-

sonal illnesses (influenza and community-acquired pneumonia)

showed a peak in December–January, and in fact influenza ac-

counted for 18% (1109/6421) of all views in December 2014. Other

topics, such as screening recommendations for adults and Clostri-

dium difficile colitis, remained nearly flat, while others, such as hy-

perlipidemia and perioperative anticoagulation, seemed to show an

overall rise over time. The latter upward trends could reflect ongoing

institutional efforts to increase the visibility of new hyperlipidemia

guidelines and the appropriate periprocedural management of novel

anticoagulants, which might have prompted clinicians to seek addi-

tional guidance on these topics.

DISCUSSION

We created over 140 CPMs defining institution-accepted best prac-

tices in the form of interactive online algorithms. During an 18-

month period, over 60% of the clinicians with access used these

models at least once, with some clinicians using them with high fre-

quency. A relatively small subset of topics accounted for the vast

majority of use, and many individuals repeatedly visited the same

model. Generalists used models more often than specialists, and

postgraduate trainees and NPs/PAs used models more often than

board-certified physicians. Specialists tended to access topics related

to their own specialty. We continue to create new CPMs, update ex-

isting models, and explore how to more effectively integrate these

into clinicians’ workflow.

Limitations
The data in this retrospective study are limited to usage and simple

demographics. Although our purpose was to understand informa-

tion needs, we evaluated this indirectly by analyzing information-

seeking behaviors. We do not know the denominators for questions

(ie, the total number of questions raised, including those not pur-

sued, those pursued using other knowledge resources, or those that

remained unanswered), clinicians within specialties (eg, the number

of cardiologists vs the number of anesthesiologists), or the time

spent in practice by a given clinician (which would determine in part

the number of patients seen and thereby the number of questions

generated). Regarding the latter, it is likely that residents, NPs, and

Table 1. Overall frequency of use of care process models over 18 months, by training status and specialty

Demographic Role or specialty (no. of users) Total uses per persona Repeat use (same user, same model)a

Training Resident physician (N¼ 1117) 26.9 (4; 602) 2.7 (1; 104)

Nurse practitioner/physician assistant (N¼ 878) 24.5 (4; 809) 3.0 (1; 120)

Board-certified physician (N¼ 2014) 15.0 (3; 577) 2.4 (1; 195)

Generalistb Generalist (N¼ 1397) 31.8 (7; 809) 2.8 (1; 129)

Specialist (N¼ 1345) 6.8 (2; 161) 1.9 (1; 78)

Specialtyb Internal medicine, general (N¼ 383) 40.1 (11; 577) 2.8 (1; 129)

General practice nurse practitioner/physician assistant (N¼ 608)b 31.3 (6; 809) 3.1 (1; 120)

Family medicine (N¼ 343)b 25.2 (7; 278) 2.3 (1; 100)

Pediatrics, general (N¼ 63)b 22.4 (4; 187) 3 (1; 36)

Emergency/urgent care (N¼ 104) 10.4 (4; 152) 2.1 (1; 19)

Obstetrics-gynecology (N¼ 52) 9.8 (3.5; 95) 2.7 (1; 78)

Internal medicine specialty (N¼ 514) 9.3 (3; 161) 2 (1; 67)

Pediatric specialty (N¼ 39) 8.6 (2; 134) 2.3 (1; 22)

Diagnostic (laboratory, pathology) (N¼ 32) 6.7 (2; 89) 1.7 (1; 16)

Physical medicine (N¼ 35) 7.6 (3; 63) 1.8 (1; 52)

Hospitalist (N¼ 35) 5.9 (4; 48) 1.7 (1; 11)

Neurology (N¼ 91) 4.4 (3; 32) 1.4 (1; 28)

Surgery (N¼ 119) 3.0 (2; 31) 1.3 (1; 8)

Anesthesiology (N¼ 148) 2.9 (1.5; 37) 1.6 (1; 21)

Radiology (N¼ 82) 2.9 (2; 29) 1.5 (1; 17)

Psychiatry (N¼ 63) 2.8 (2; 13) 1.4 (1; 9)

Dermatology (N¼ 26) 2.5 (2; 9) 1.3 (1; 4)

Other clinical specialty (N¼ 5) 1.4 (1; 2) 1 (1; 1)

aMean number of views (median; maximum); minimum of 1 view required for inclusion in this study.
bInformation on specialty was available for 2742 clinicians. Clinicians in general internal medicine, family medicine, and pediatrics were classified as general-

ists; all others were classified as specialists.
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PAs spend a higher proportion of their work hours in clinical prac-

tice than physicians, who have more time allotted to other academic

responsibilities. We also do not know the actual clinical questions

pursued nor how often answers were found in the CPMs. Perceived

success with initial use (eg, finding answers and usability) might in-

fluence subsequent usage, which in turn could have influenced re-

sults generally (across all topics) or for specific topics. Finally, these

data reflect 1 institution’s experience, and the topics emphasized

specific diagnoses rather than symptoms. Relative usage frequencies

(eg, over time or across specialties) may support more generalizable

conclusions than absolute frequencies.

Strengths include the large sample size, the detailed information

on topics pursued, and the granularity of specialty (known for two-

thirds of the clinicians).

Integration with previous work
This study contributes to our understanding of the nature of clinical

work28 and complements prior studies exploring the frequency and

type of clinical questions,1–3,5,29 the barriers encountered in quickly

answering clinical questions,6,7,9 and the type of resources employed

in seeking such answers.16,17,30 Our work further builds upon studies

exploring information needs using infobuttons19,20 and UpToDate,22

clarifying the topics pursued and highlighting between-specialty dif-

ferences in information-seeking behaviors.

Wide variation in clinical practice31 has been well demonstrated

at national,32 regional,33,34 and local35 levels. Best-practice algo-

rithms such as CPMs could, in theory, help to standardize practice

within and between institutions36,37 and improve the quality, effi-

ciency, and overall value of patient care. Our CPMs are intended to

facilitate the point-of-care application of best practices, and other

institutions have developed clinical care pathways with similar in-

tent, including Standardized Clinical Assessment and Management

Plans,38 Institute for Clinical Systems Improvement guidelines

(www.icsi.org/guidelines__more), and Intermountain Health Care

CPMs (https://intermountainphysician.org/clinical/Pages/Care-Proc

ess-Models-(CPMs).aspx). However, the aspirational goal of prac-

tice standardization must be counterbalanced by the unique needs of

individual patients38 and the logistical, legal, and financial differ-

ences that exist across institutions, social contexts, and regulatory

environments.26

Implications for current practice and future research
Our findings have implications for current practice. First, we exam-

ined the usage patterns of generalists and specialists and used these

patterns to identify high-priority information needs. We note that a

subset of topics accounts for the majority of use, although the distri-

bution was wider than the “classic” Pareto distribution (ie, 20% of

topics accounted for only 61% of usage rather than the classic

80%). These highly used topics might warrant greater attention

through, for example, more rigorous content development, more fre-

quent updates, more robust usability testing, and development of

models on related subtopics. We also speculate (based on anecdotal

feedback) that in some cases clinicians recurrently seek a specific re-

source that could be made available more efficiently in other ways

(eg, medication dosing table, timeline for follow-up, risk calculator,

decision aid, or patient education handout). Finally, cataloging the

topics commonly sought by clinicians can help to prioritize other

efforts to support clinician decisions (eg, through infobuttons19,20

or other decision support tools22) and shared decision-making with

patients.39,40

Second, usage varied widely across individuals (1–809 views per

person) and specialties (within-specialty average 1.4–40.1 views per

person). The higher use by generalists likely reflects a combination

of the information needs of this group and our initial targeting of

this audience in topic selection and level of detail. We do not know

what prompted a subset of clinicians to use models with very high

frequency, and conversely we do not know why 40% of potential

users never accessed a model during the period of this study. Low

usage and nonusage might reflect preferences for other knowledge

resources, the absence of relevant topics, access difficulties, insuffi-

cient time to seek answers to clinical questions, management of pa-

tient problems that do not generate new questions (eg, niche

subspecialist), or less time dedicated to clinical practice. Regular use

of institution-approved knowledge resources has the potential ad-

vantage of updating and standardizing the practice. Future work

might explore what factors promote and inhibit use, when and how

clinicians prefer to answer their clinical questions, and how clini-

cians determine when the information they get is sufficient to an-

swer their question.6 Cataloging clinical questions that remain

unanswered would help prioritize topics for future development.

Third, some clinicians commonly revisit the same topics numer-

ous times. Such recurrent use might reflect a focused need for a given

resource accessible from the model (eg, medication dosing). How-

ever, recurrent use might also reflect a failure to retain knowledge

Table 2. Thirty most highly used care process models over 18

months

Topic (no. of uses; % of totala)

1. Screening Recommendations for Adults (N¼ 4615; 5.6%)

2. Hyperlipidemia (N¼ 4323; 5.3%)

3. Colorectal Polyp Surveillance (N¼ 3026; 3.7%)

4. Urinary Tract Infection (Adult) (N¼ 2823; 3.4%)

5. Influenza (N¼ 2672; 3.3%)

6. Clostridium difficile (N¼ 2648; 3.2%)

7. Type 2 Diabetes Mellitus (N¼ 2328; 2.9%)

8. Hypertension (N¼ 2294; 2.8%)

9. Perioperative Anticoagulation (N¼ 2103; 2.6%)

10. Community-Acquired Pneumonia (N¼ 2103; 2.6%)

11. Atrial Fibrillation (N¼ 1795; 2.2%)

12. Diarrhea (N¼ 1540; 1.9%)

13. Migraine (N¼ 1444; 1.8%)

14. Osteoporosis (N¼ 1382; 1.7%)

15. Non–ST-Elevation Myocardial Infarction (N¼ 1328; 1.6%)

16. Antithrombotic Agents (N¼ 1238; 1.5%)

17. Streptococcal Pharyngitis (N¼ 1207; 1.5%)

18. Helicobacter pylori (N¼ 1194; 1.5%)

19. Lower Extremity Cellulitis (N¼ 1107; 1.4%)

20. Gastroesophageal Reflux Disease (N¼ 1089; 1.3%)

21. Acne (N¼ 1055; 1.3%)

22. Deep Vein Thrombosis (N¼ 1053; 1.3%)

23. Anemia (N¼ 1007; 1.2%)

24. Pulmonary Embolism (N¼ 929; 1.1%)

25. Asthma Diagnosis (N¼ 923; 1.1%)

26. Prolonged QT (N¼ 912; 1.1%)

27. Gout (N¼ 883; 1.1%)

28. Abnormal Uterine Bleeding (N¼ 821; 1%)

29. Urinary Tract Infection (Pediatric) (N¼ 800; 1%)

30. Depression (N¼ 763; 0.9%)

aA total of 81 764 uses across all 140 topics and 4009 clinicians. Repeated

uses by clinicians are included in this total, but maximum 1 use per topic per

day per clinician.

758 Journal of the American Medical Informatics Association, 2017, Vol. 24, No. 4

www.icsi.org/guidelines__more
https://intermountainphysician.org/clinical/Pages/Care-Process-Models-
https://intermountainphysician.org/clinical/Pages/Care-Process-Models-


gained during an earlier visit. Information obtained when using a

knowledge resource can facilitate immediate decision-making with-

out any lasting memory (“decision support”); if the same question

subsequently recurs, the user will need to revisit the knowledge re-

source. Alternatively, information can be linked with existing

knowledge structures and stored for future application without the

need to rely on external support (“learning”). We suspect that much

point-of-care learning is really point-of-care decision support, and

that true learning may at times be minimal. Decision support as thus

defined isn’t necessarily bad, provided that the knowledge resource

can efficiently provide an answer each time it is required. True learn-

ing is most needed when seeking an answer impairs clinical effi-

ciency or when the knowledge resource is not immediately available.

The balance between decision support and learning, and how and

when to promote the latter, is an important topic for future study.

Future work might also explore other factors that prompt repeated

use and investigate how online resources could be optimized to help

clinicians efficiently answer questions they recurrently encounter.

Finally, at the other extreme, it will at times be necessary to notify

users who do not recurrently revisit a topic that they should do so,

Table 3. Most highly used care process models for selected special-

ties over 18 months

Specialty (no. of

clinicians in that

specialtya)

Topic (no. of uses by

clinicians in that specialty)

Generalistb

(1397 clinicians)

1. Hyperlipidemia (2433)

2. Screening Recommendations for Adults

(2190)

3. Colorectal Polyp Surveillance (1781)

4. Influenza (1469)

5. Urinary Tract Infection (Adult) (1405)

6. Hypertension (1377)

7. Type 2 Diabetes Mellitus (1302)

8. Clostridium difficile (1184)

9. Community-Acquired Pneumonia (1080)

10. Atrial Fibrillation (1008)

Specialistb

(1345 clinicians)

1. Perioperative Anticoagulation (517)

2. Influenza (428)

3. Clostridium difficile (378)

4. Hyperlipidemia (326)

5. Atrial Fibrillation (297)

6. Antithrombotic Agents (288)

7. Prolonged QT (206)

8. Urinary Tract Infection (Adult) (188)

9. Non–ST-Elevation Myocardial Infarc-

tion (186)

10. Colorectal Polyp Surveillance (176)

Cardiology

(141 clinicians)

1. Perioperative Anticoagulation (246)

2. Hyperlipidemia (190)

3. Atrial Fibrillation (170)

4. Antithrombotic Agents (122)

5. Heart Failure Reduced Ejection (117)

6. Prolonged QT (101)

7. Non–ST-Elevation Myocardial Infarc-

tion (96)

8. Thoracic Aortic Aneurysm (83)

9. Aortic Stenosis (79)

10. Abdominal Aortic Aneurysm (53)

Endocrinology

(48 clinicians)

1. Inpatient Hyperglycemia (58)

2. Type 2 Diabetes Mellitus (57)

3. Hyperlipidemia (39)

4. Hyperlipidemia (Pediatric) (36)

5. Screening Recommendations for Adults

(34)

6. Osteoporosis (32)

7. Hypertension (25)

8. Celiac Disease (15)

9. Gastroesophageal Reflux Disease (12)

9. Hyperglycemia (Pediatric) (12)

9. Perioperative Anticoagulation (12)

9. Weight Management (12)

Gastroenterology

(93 clinicians)

1. Colorectal Polyp Surveillance (101)

2. Clostridium difficile (98)

3. Helicobacter pylori (71)

4. Pancreatic Cystic Lesions (45)

5. Perioperative Anticoagulation (43)

6. Abnormal Liver Tests (38)

7. Barrett Esophagus (34)

8. Antithrombotic Agents (24)

9. Diarrhea (23)

10. Acute Pancreatitis (18)

Emergency medicine/urgent

care (104 clinicians)

1. Influenza (218)

2. Non–ST-Elevation Myocardial Infarc-

tion (63)

(Continued)

Table 3. Continued

Specialty (no. of

clinicians in that

specialtya)

Topic (no. of uses by

clinicians in that specialty)

3. Urinary Tract Infection (40)

4. ST-Elevation Myocardial Infarction

(38)

5. Bronchiolitis (Pediatric) (36)

5. Clostridium difficile (36)

5. Community-Acquired Pneumonia (36)

8. Atrial Fibrillation (35)

9. Hyperlipidemia (30)

10. Streptococcal Pharyngitis (26)

Neurology (91

clinicians)

1. Migraine (79)

2. Immune Globulin Intravenous (27)

3. Perioperative Anticoagulation (22)

4. Prolonged QT (21)

5. Antithrombotic Agents (19)

6. Peripheral Neuropathy (16)

7. Carotid Artery Disease (13)

8. Celiac Disease (12)

8. Community-Acquired Bacterial Menin-

gitis (12)

10. Atrial Fibrillation (10)

10. Giant Cell Arteritis (10)

Surgery (N¼ 119

clinicians)

1. Perioperative Anticoagulation (27)

2. Clostridium difficile (20)

3. Giant Cell Arteritis (14)

3. Scoliosis (14)

5. Acute Small Bowel Obstruction (13)

5. Weight Management (13)

7. Antithrombotic Agents (12)

7. Preoperative Evaluation (12)

7. Streptococcal Pharyngitis (12)

10. Breast Cancer Screening (11)

10. Gross Hematuria (11)

aNumber of clinicians who used at least 1 care process model.
bClinicians in general internal medicine, family medicine, and pediatrics

were classified as generalists; all others were classified as specialists.
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eg, after a practice change or if evidence emerges that their practice

is not aligned with current standards.

Finally, given the frequent use by generalists, it makes sense to

continue to target them in the development and implementation of

current and future models. This raises questions about their unique

information needs, not only in topics (which we have cataloged

herein) but also in the depth, breadth, and presentation of informa-

tion. Generalists seem to prefer answers that are concise and

straightforward.41 However, although the overall usage per special-

ist was much lower, the number of specialist and generalist users

was nearly the same. Specialists may reflect a large potential audi-

ence with possibly unique information needs. Our finding that spe-

cialists most often viewed topics related to their own specialty is

particularly salient, and suggests the need for further development

of focused topics within a given specialty. It also raises questions

about the ideal depth, breadth, and presentation of information for

specialists, which might differ from that for generalists (eg, special-

ists might prefer longer answers that more completely capture the

complexity of issues for which evidence is incomplete or controver-

sial). Research comparing the information-seeking needs of general-

ists and specialists is limited.41

CONCLUSIONS

CPM usage varied widely across topics, individuals, and specialties;

future work might identify factors that promote and inhibit use.

High-usage topics might warrant greater attention in development

and maintenance. We identify 2 complementary purposes in

point-of-care knowledge resources, namely decision support

(which might require recurrent use with subsequent, similar deci-

sions) and promotion of learning (which lessens the need for recur-

rent use). Specialists constitute a large potential audience with

possibly unique information needs.
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Figure 2. Care process model usage for select topics over 12 months. This figure illustrates usage patterns for models with relatively stable use over time (Screen-
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topics relevant to institution-wide quality improvement efforts (Hyperlipidemia and Perioperative Anticoagulation). Numbers of views per month were standard-

ized to a 30-day period.
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