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ABSTRACT

Objective: The study sought to examine the association between clinician burnout and measures of electronic

health record (EHR) workload and efficiency, using vendor-derived EHR action log data.

Materials and Methods: We combined data from a statewide clinician survey on burnout with Epic EHR data

from the ambulatory sites of 2 large health systems; the combined dataset included 422 clinicians. We exam-

ined whether specific EHR workload and efficiency measures were independently associated with burnout

symptoms, using multivariable logistic regression and controlling for clinician characteristics.

Results: Clinicians with the highest volume of patient call messages had almost 4 times the odds of burnout

compared with clinicians with the fewest (adjusted odds ratio, 3.81; 95% confidence interval, 1.44-10.14; P ¼
.007). No other workload measures were significantly associated with burnout. No efficiency variables were sig-

nificantly associated with burnout in the main analysis; however, in a subset of clinicians for whom note entry

data were available, clinicians in the top quartile of copy and paste use were significantly less likely to report

burnout, with an adjusted odds ratio of 0.22 (95% confidence interval, 0.05-0.93; P ¼ .039).

Discussion: High volumes of patient call messages were significantly associated with clinician burnout, even

when accounting for other measures of workload and efficiency. In the EHR, “patient calls” encompass many of

the inbox tasks occurring outside of face-to-face visits and likely represent an important target for improving cli-

nician well-being.

Conclusions: Our results suggest that increased workload is associated with burnout and that EHR efficiency

tools are not likely to reduce burnout symptoms, with the exception of copy and paste.

Key words: professional burnout, occupational stress, electronic health records, health information technology, medical infor-

matics

INTRODUCTION

Over the past decade, researchers, physicians, and increasingly, the

public have focused their attention on burnout among healthcare

workers.1–4 As the field moves from recognition of the widespread

prevalence of burnout5 to assessment of its impact on patient out-

comes6,7 and industry costs,8–10 investigators are also studying

approaches to mitigate burnout.11,12 To successfully reduce burnout

for physicians and other providers, interventions need to target mul-

tiple contributing factors, among which is health information tech-

nology (HIT).13,14 Stress related to HIT is both measurable and

common, with two-thirds of physicians and half of advance practice
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providers reporting in one survey that electronic health records

(EHRs) add to the frustration of their workday.15,16

Several studies have examined the impact of EHRs on clinician

well-being.17–21 In a large national study, investigators found low sat-

isfaction with EHRs generally; computerized physician order entry, in

particular, was associated with a 30% increase in the risk of burning

out among survey respondents.22 Others have explored burnout less

directly by quantifying the amount of time physicians spend interact-

ing with their EHR during the workday, as well as time spent on tasks

in the EHR after clinic hours and on days without appointments—col-

lectively referred to as “work outside of work” or “pajama time.”

One study determined that for every hour an outpatient physician

spends face to face with patients, they spend 2 additional hours on

EHR and desk work during office hours; physicians then log another

1-2 hours each night to complete their unfinished work.23 Another

study found similar EHR usage after clinic hours, with primary care

physicians (PCPs) spending approximately 6 hours per day interacting

with the EHR.24 Physicians also spend 3 hours in their EHRs on days

when they do not have appointments scheduled completing documen-

tation or handling other tasks.25

In light of the evidence demonstrating that clerical and adminis-

trative tasks and inbox management consume a substantial propor-

tion of clinicians’ total EHR time and contribute to burnout,24,26,27

we set out to identify whether certain components of work within

the EHR contribute more to burnout than others, with particular at-

tention to measures of workload and efficiency within the EHR it-

self. Specifically, the aim of this study was to examine the

association between clinician burnout and measures of EHR work-

load and efficiency, using EHR usage data. We hope that by identi-

fying individual EHR elements that are associated with burnout, we

can then more effectively direct interventions to improve well-being

among physicians and other providers.

MATERIALS AND METHODS

Study design and population
We conducted a retrospective cohort study of clinicians practicing in

ambulatory sites across the 2 largest health systems in Rhode Island.

Both health systems use Epic EHRs (Epic Systems, Verona, WI) at

their ambulatory sites. These 2 systems both have large academic mis-

sions and encompass several large hospitals and a myriad of both aca-

demic and private practice ambulatory sites covering virtually all

specialties. The study population included physicians, advanced prac-

tice registered nurses (APRNs), and physician assistants (PAs)—across

a range of specialties—who are in active practice. The study was

reviewed and approved by the Lifespan Institutional Review Board.

Data sources
Data for this study came from 2 sources: (1) EHR usage data from

Epic and (2) the 2017 Rhode Island Department of Health Physician

and Advance Practice Provider Health Information Technology Sur-

vey. Regarding the EHR usage data, we partnered with Epic to ob-

tain preprocessed Provider Efficiency Panel (PEP) data from

ambulatory EHRs for both health systems, with the approval of

HIT leadership at each institution. Data were provided for 1469

unique clinicians. The EHR usage data covered a period from the

end of March to the beginning of June 2017 because those dates

most closely matched the 2017 administration of the Rhode Island

Department of Health survey. EHR use data were not available for

every week during the study period in either health system.

Regarding the Rhode Island Department of Health survey, we

obtained a dataset from the 2017 administration of the survey via a

data use agreement. The Rhode Island Department of Health has ad-

ministered the Physician and Advanced Practice Provider HIT Sur-

vey since 2008 as part of the state’s legislatively mandated

Healthcare Quality Reporting Program. Survey data are used to

measure and report process measures related to EHR use, as well as

the impact of technology on clinicians’ workflow and well-being.

The survey dataset incorporates age and gender from licensure files.

The 2017 survey was sent to all 4197 physicians and 1686 advanced

practice providers with active Rhode Island licenses and who had

current addresses in Rhode Island or 1 of the 2 adjacent states (Con-

necticut or Massachusetts). Resident and fellow physicians were ex-

cluded. Survey responses are not anonymous, and no incentive is

provided for completion. The 2017 survey was administered from

May 8 to June 12, 2017. A total of 2310 clinicians responded, for a

response rate of 39.3%. A copy of the 2017 survey is included in the

Supplementary Appendix (note that not all questions were answered

by all respondents given branching logic within the survey).

We merged the clinician-level EHR usage data with the Rhode

Island Department of Health survey data using National Provider

Identifier numbers for matching. The National Provider Identifier

numbers were subsequently purged to yield a de-identified dataset.

The combined dataset included 422 clinicians with both EHR usage

data and responses to the 2017 survey; no clinicians were dropped

due to lack of matching.

EHR workload and efficiency variables
We obtained the EHR usage data from PEP metrics calculated by

Epic Systems. PEP metrics are proprietary measures of EHR usage

within the Epic system of a given installation and are only available

to current Epic users (these are now included in Epic’s Signal prod-

uct). Prior studies have identified inbox management volume along

with data entry tasks and documentation burden as key drivers of

burnout.17,18,24,26 Based on these findings, we defined measures of

workload to include the following: number of daily appointments

(averaged over the study period), the minutes spent reviewing pa-

tient charts (weekly average), medication orders authorized by the

clinician (weekly average), nonmedication orders authorized by the

clinician (weekly average), patient call messages received (weekly

average), results messages received (weekly average), and note

length per visit in characters (averaged over the study period). It is

important to note that patient call messages not only refer to phone

calls from patients and families, but also encompass other patient

care tasks occurring outside of a face-to-face visit. Thus, patient call

messages include everything from refill requests (that did not come

via an electronic interface), patient requests and questions, various

patient care forms, and many other tasks. In many systems, these pa-

tient call messages are the workhorse tool for communication and

coordination of care between visits. These messages, in addition to

medication authorizations, compose a significant portion of clini-

cians’ inbox work.

We defined measures of efficiency to include the following: use

of any precharting of visit notes (ie, notes started before the patient

was checked in) during the study period (dichotomous), use of the

Chart Search function (a tool to find help clinicians find information

located anywhere in the chart) during the study period (dichoto-

mous), the number of SmartPhrases (personalized text templates

inserted into notes by typing a few characters, commonly known as

“dot phrases”) owned by or shared with the clinician during the
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study period, and the percent of the clinician’s orders that were

placed either from a preference list (a personalized set of frequently

used orders with information prepopulated) or from a SmartSet (a

combination of orders related to a particular clinical scenario with

information prepopulated used in the ambulatory clinical setting).

For clinicians in one health system, we had data on the number

of characters in a clinician’s notes that were entered by methods

other than clinician directly entering text, including dictation. From

these data, we calculated the following additional efficiency varia-

bles for the subset of clinicians with these data available: the percent

of a clinician’s note content that was entered using SmartTools (doc-

umentation shortcuts to insert templates or preconfigured blocks of

text), the percent of a clinician’s note content that was entered using

copy and paste, and whether the clinician used transcription or voice

recognition technology during the study period (dichotomous).

Several of the EHR workload and efficiency variables had

skewed distributions due to outlier variables. We defined variables

as having outliers if the ratio of the mean to the median was >2; we

then excluded individuals with values at least 3 SDs above the mean

from the analysis. These variables included the following: medica-

tion orders authorized by the clinician (7 outlier clinicians ex-

cluded), nonmedication orders authorized by the clinician (11

excluded), patient call messages received (10 excluded), and number

of SmartPhrases owned by or shared with the clinician (12 ex-

cluded). We chose to exclude these clinicians from the primary anal-

ysis because these likely represent clinicians with job types that

inherently involve very high EHR usage for certain tasks and are

therefore not representative of usual ambulatory practice. For exam-

ple, these could represent residency training clinic sites where a

small number of physicians or advanced practice practitioners han-

dle most calls or refill orders. We performed a sensitivity analysis to

examine whether including outliers would affect any of the meas-

ures’ association with burnout.

Demographic and practice variables
We obtained clinicians’ demographic and practice characteristics from

the Rhode Island Department of Health survey. The variables in-

cluded clinician gender, age (categorized into <40, 40-60, and over

60 years of age), provider type (physician, APRN, or PA), practice size

(categorized as 1-3 clinicians, 4-15 clinicians, 16 or more clinicians),

whether they provide primary care (dichotomous), and whether they

use a medical scribe (dichotomous). Physicians provided information

regarding their specialty; specialty responses were grouped into 5 cate-

gories: medicine or pediatrics (which included family medicine, inter-

nal medicine, and pediatrics), obstetrics and gynecology, psychiatry,

surgery (general and subspecialty), and other/unknown. APRNs were

added to specialty groups based on their license type. All PAs were in-

cluded in the other/unknown category because they were not asked to

provide their specialty in the survey.

Burnout variable
Our main dependent variable was the presence of self-reported burn-

out symptoms. Burnout was measured in the 2017 survey using a sin-

gle question item from the Mini Z Survey, a 10-item instrument

developed from the Physician Work Life Study.28–30 This single-item

measure has been previously validated for physicians31 and shown to

have a sensitivity of 83.2% and specificity of 87.4% when compared

with the longer and more detailed Maslach Burnout Inventory.32

Respondents were asked to characterize their symptoms of burnout

using a 5-point scale: (1) “I enjoy my work. I have no symptoms of

burnout”; (2) “I am under stress, and don’t always have as much en-

ergy as I did, but I don’t feel burned out”; (3) “I am definitely burning

out and have one or more symptoms of burnout, eg, emotional

exhaustion”; (4) “The symptoms of burnout I am experiencing won’t

go away. I think about work frustrations a lot”; and (5) “I feel

completely burned out. I am at the point where I may need to seek

help.” Similar to previous studies, we dichotomized this measure into

“no symptoms of burnout” (�2 on the 5-point scale) and “one or

more symptoms of burnout” (�3 on the 5-point scale).29,30 We per-

formed a sensitivity analysis with the dependent variable as the 5-level

burnout scale, instead of the dichotomized response categories used in

the main analysis, using an ordered logit model.

Statistical analysis
We used univariable statistics to describe the sample characteristics,

the prevalence of burnout and the EHR workload and efficiency

measures. We used t tests to compare the EHR usage data between

PCPs vs non-PCPs. Logistic regression was used to measure the

unadjusted associations between burnout and individual clinician

characteristics (age, gender, practice size, primary care status, spe-

cialty, use of a medical scribe, clinician type, and health system site),

workload measures (number of daily appointments, number of

minutes spent reviewing patient charts per week scaled into 5-min-

ute increments, number of medication and nonmedication orders au-

thorized by the clinician per week categorized into quartiles, patient

call messages received per week categorized into quartiles, results

messages received per week categorized into quartiles, and note

length per visit scaled into 500-character increments), and efficiency

measures (any precharting of visit notes, any use of the Chart Search

function, number of SmartPhrases, the percent of orders placed

from preference list or from a SmartSet, and where available, the

percent of note content entered using SmartTools categorized into

quartiles, the percent of note content entered using copy and paste

categorized into quartiles, and any use of transcription or voice rec-

ognition entry).

We used multivariable logistic regression to measure the associa-

tion between burnout and the individual clinician and practice char-

acteristics, workload measures, and efficiency measures. Because the

efficiency measures related to note entry were only available for

clinicians from 1 of the 2 health systems, we conducted the regres-

sion analysis both with and without the note entry measures. In ad-

dition, all statistical analyses were conducted using SAS version 9.3

(SAS Institute, Cary, NC). Owing to potential concerns for collin-

earity among the variables, multiple collinearity diagnostics33 were

examined and indicated no evidence of multicollinearity (Pearson

correlation coefficients <0.8, variance inflation factors <10, and

tolerance values >0.1).

RESULTS

Characteristics of the sample are shown in Table 1. More than half

the clinicians (56.6%) were between 40 and 60 years of age, and

55% were women. About a quarter (25.8%) identified themselves

as providing primary care. Within our cohort, 116 (27.5%) clini-

cians reported 1 or more symptoms of burnout. A higher proportion

of PCPs reported burnout than non-PCPs (39.5% vs 23.6%; P ¼
.001).

EHR measures of workload and efficiency for the study popula-

tion are shown in Table 2. Clinicians had a mean of 7.58 appoint-

ments per day, and they spent a mean of approximately 80 6 79.3
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minutes per week reviewing patient charts. They authorized a mean

of more than 50 6 53.14 medication and nonmedication orders per

week, combined, and received a mean of more than 30 6 31.62 pa-

tient call and results messages per week, combined. Fewer than half

of clinicians precharted their notes at any point during the study pe-

riod (43.84%), and only 17% used the Chart Search function.

Among the subset of clinicians for whom note entry data were avail-

able, almost half of their note content was entered using SmartTools

(45.97%), and a quarter was entered via copy and paste (24.24%);

fewer than 5% of clinicians (4.14%) used transcription or voice rec-

ognition technology to compose their notes during the study period.

PCPs, on average, had a higher workload than non-PCPs. For

example, PCPs received 4 times as many patient call messages as

non-PCPs, with an average of 20 messages a week compared with

an average of 5.1 messages among non-PCPs (P< .001) (Table 2).

In the unadjusted model, we identified several individual charac-

teristics, as well as EHR workload and efficiency variables, associ-

ated with higher odds of burnout (Table 3). For example, clinicians

placing the most nonmedication orders had twice the odds of burn-

out compared with those placing the fewest orders (odds ratio [OR]

for the fourth quartile vs the first, 1.98; 95% confidence interval

[CI], 1.05-3.74; P ¼ .035). Clinicians receiving the most patient call

messages had almost 3 times the odds of burnout compared with

those receiving the fewest (OR for the fourth quartile vs the first,

2.88; 95% CI, 1.53-5.39; P ¼ .001). In addition to nonmedication

orders and call messages, other variables associated with increased

odds of burnout in the unadjusted model included the number of

minutes per week spent reviewing patient information in the EHR,

the number of medication orders authorized per week, the number

of results messages received per week, and the percent of orders

placed from preference lists or SmartSets. Among the subset of clini-

cians for whom note entry data were available, clinicians who used

SmartTools in a higher proportion of their notes had higher odds of

burnout (OR for the fourth quartile vs the first, 2.94; 95% CI, 1.37-

6.31; P ¼ .006), while those who used a higher proportion of copy

and paste had lower odds of burnout (OR for the fourth quartile vs

the first, 0.44; 95% CI, 0.20-0.98, P ¼ .044). PCPs and older clini-

cians were also more likely to report symptoms of burnout in the

unadjusted model.

In the fully adjusted model, PCP status and older age remained

significant predictors of burnout symptoms (adjusted OR [AOR] for

PCPs vs non-PCPs, 2.16; 95% CI, 1.02-4.59; P ¼ .044; AOR for

clinicians >60 years of age vs those <40 years of age, 2.29; 95% CI,

1.02-5.13; P ¼ .044) (Table 3). Gender, practice size, specialty, cli-

nician type, use of a scribe, and health system were not associated

with either increased or decreased odds of burnout.

Among the workload variables, the number of patient call mes-

sages per week remained significant in the fully adjusted model (Ta-

ble 3). Those in the highest quartile of patient call messages received

had almost 4 times the odds of burnout compared with clinicians in

the lowest quartile (AOR, 3.81; 95% CI, 1.44-10.14; P ¼ .007).

Overall, the number of orders placed, results messages received, and

daily appointments were not associated with burnout.

Among the measures of efficiency—precharting of notes, use of

the Chart Search function, number of SmartPhrases, and percent of

orders placed from preference lists or SmartSets—none were signifi-

cantly associated with burnout in the fully adjusted model (Table 3).

However, when we looked at the subset of clinicians for whom note

entry data were available, we found that clinicians in the top quar-

tile of copy and paste use were significantly less likely to report

burnout, with an AOR of 0.22 (95% CI, 0.05-0.93; P ¼ .039). Nei-

ther a higher proportion of SmartTools use in notes nor use of tran-

scription or voice recognition technology was associated with lower

burnout prevalence. Interestingly, the majority of PCPs fell into the

higher quartiles of SmartTool use for documentation and overall

into the lower quartiles for copy and paste use (Table 2).

When the participants were stratified by PCP status or by median

number of daily appointments, we found that the association be-

tween burnout and the volume of call messages persisted, although

it was no longer statistically significant in the subset of PCPs (Ta-

ble 4). For the subset of clinicians with a higher-than-average num-

ber of daily appointments, the odds of burnout were lower with

higher volumes of medication orders. This relationship, although

not statistically significant, was also observed among the subset of

PCPs.

Table 1. Sample characteristics (N¼ 422)

Age

<40 y 117 (27.7)

40-60 y 239 (56.6)

>60 y 66 (15.6)

Female 232 (55.0)

Practice size

1-3 clinicians 82 (19.4)

4-15 clinicians 175 (41.5)

16 or more clinicians 163 (38.6)

Primary care cliniciana 109 (25.8)

Specialty

Medicine or pediatricsb 209 (49.5)

Obstetrics and gynecology 40 (9.5)

Psychiatry 53 (12.6)

Surgery 51 (12.1)

Other/unknown 69 (16.4)

Use of medical scribe 20 (4.7)

Clinician type

Physician 358 (84.8)

Advance practice registered nurse 47 (11.1)

Physician assistant 17 (4.0)

Health system

A 116 (27.5)

B 306 (72.5)

Burnout prevalence

1. “I enjoy my work. I have no symptoms of burnout” 94 (22.3)

2. “I am under stress, and don’t always have as much

energy as I did, but I don’t feel burned out”

209 (49.5)

3. “I am definitely burning out and have one or more

symptoms of burnout, eg, emotional exhaustion”

85 (20.1)

4. “The symptoms of burnout I am experiencing won’t

go away. I think about work frustrations a lot”

25 (5.9)

5. “I feel completely burned out. I am at the point where

I may need to seek help”

6 (1.4)

One or more symptoms of burnout presentc 116 (27.5)

Primary care clinician 43 (39.5)

Non–primary care clinician 73 (23.6)

Values are n (%). Column totals may not sum to sample size due to missing

responses.
aSurvey respondents who replied yes to the question: “Do you provide pri-

mary care?”
bIncludes internal medicine, family medicine, and pediatrics.
cBurnout measure was dichotomized into “no symptoms of burnout” (�2

on 5-point scale) and “one or more symptoms of burnout” (�3 on 5-point

scale).
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Table 3. Odds of burnout adjusted for elements of electronic health record use and respondent characteristics (N¼ 422)

Unadjusted model Adjusted model

Adjusted model

(Subset of clinicians with

note composition data)

Workload variables

Number of daily appointments 1.00 0.95 1.01

Minutes spent reviewing charts per week, in 5-min increments 1.02b 1.01 1.01

Medication orders authorized per week

Quartile 1 Ref Ref Ref

Quartile 2 1.80a 1.30 1.31

Quartile 3 2.12b 1.03 0.89

Quartile 4 1.81a 0.54 0.43

Nonmedication orders authorized per week

Quartile 1 Ref Ref Ref

Quartile 2 1.13 0.79 0.75

Quartile 3 2.02b 0.95 0.75

Quartile 4 1.98b 0.53 0.43

Patient call messages received per week

Quartile 1 Ref Ref Ref

Quartile 2 1.27 1.27 1.65

Quartile 3 1.47 1.32 1.70

Quartile 4 2.88c 3.81c 6.59c

Results messages received per week

Quartile 1 Ref Ref Ref

Quartile 2 1.55 1.41 1.44

Quartile 3 1.55 1.19 0.99

Quartile 4 1.97b 1.49 1.55

Note length per visit, in 500-character increments 1.01 1.00 1.01

Efficiency variables

Any precharting of visit notes

No Ref Ref Ref

Yes 0.96 0.74 0.84

Any use of Chart Search function

No Ref Ref Ref

Yes 1.50 1.00 0.68

Number of user SmartPhrases 1.00b 1.01a 1.01

Percent of orders placed from preference lists or SmartSets 2.17b 1.90 2.60

Percent of note entered using SmartToolsd

Quartile 1 Ref Ref

Quartile 2 2.07a — 1.49

Quartile 3 1.11 — 0.48

Quartile 4 2.94c — 1.48

Percent of note entered using copy and pasted

Quartile 1 Ref Ref

Quartile 2 1.26 — 0.70

Quartile 3 0.61 — 0.46

Quartile 4 0.44b — 0.22b

Any use of transcription or voice recognition technology for note entryd

No Ref Ref

Yes 0.91 — 1.47

Individual characteristics

Age

<40 y Ref Ref Ref

40-60 y 1.12 1.02 0.68

>60 y 1.89a 2.29b 1.84

Gender

Male Ref Ref Ref

Female 1.12 1.12 0.86

Practice size

1-3 clinicians Ref Ref Ref

4-15 clinicians 0.70 0.77 0.66

16 or more clinicians 0.78 1.00 0.76

Primary care clinician

No Ref Ref Ref

(continued)
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The sensitivity analysis that included the dependent variable

burnout with its ordinal response categories (vs dichotomized re-

sponse categories) produced results similar to those of the primary

analysis, as did the sensitivity analysis that included all outlier clini-

cians.

DISCUSSION

In this study examining burnout and actual EHR usage, we found

that physicians and other providers with the highest volume of call

messages had almost 4 times the odds of burnout as clinicians with

the fewest call messages, even when controlling for demographic

and practice characteristics and workload and efficiency measures.

We also found that, with the exception of copy and pasting note

content, EHR-based efficiency tools were not associated with de-

creased odds of burnout, suggesting that these strategies, as cur-

rently deployed, are not sufficient to mitigate burnout related to

EHR-based tasks.34 In fact, these suggested efficiency tools may not

provide for or measure efficiency at all.

We identified the inbox volume of patient call messages as the

most significant predictor of self-reported burnout among clinicians.

In this context, the category of patient calls not only includes tele-

phone inquiries from patients, but also represents much of the care

coordination and other inbox tasks that occur outside of a face-to-

face visit. Work generated under this heading can include medica-

tion refills, prior authorization forms, disability paperwork, and

communication with other physicians, among many other tasks.

PCPs had the largest burden of these messages, along with a higher

burden of results and orders. Perhaps the call volume measure is as-

sociated with increased burnout because virtually all of the tasks are

uncompensated. Medicare has attempted to address this lack of

compensation by implementing a separately billable Chronic Care

Management code to reimburse clinicians for time spent coordinat-

ing care between visits, but uptake has been inconsistent and gener-

ally low.35

Compensation is just one explanation for why patient call vol-

ume was strongly associated with burnout; lack of control over

workload, an excessive amount of time spent on the EHR at home,

and a high proportion of work not requiring physician-level skills

likely contribute substantially.36,37 A study of cardiologists found

that those reporting poor control over their workload had twice the

prevalence of burnout, after controlling for demographic factors,

perceived discrimination, and characteristics of the work environ-

ment.38 Similar findings in a study of general internists led to an in-

tervention specifically designed to address stress and burnout related

to inbox volume. The group hired a nurse practitioner to help with

inbox tasks and created 2 administrative “desktop” slots during

each clinic session to give physicians time to complete tasks during

the workday, decreasing relative value unit expectations accord-

Table 3. continued

Unadjusted model Adjusted model

Adjusted model

(Subset of clinicians with

note composition data)

Yese 2.12c 2.16b 2.51a

Specialty

Medicine or pediatricsf Ref Ref Ref

Obstetrics and gynecology 0.61 0.76 0.52

Psychiatry 0.68 2.67a 5.96b

Surgery 0.51a 1.62 0.49

Other/unknown 0.70 1.47 0.87

Use of medical scribe

No Ref Ref Ref

Yes 0.45 0.54 1.97

Clinician type

Advanced practice providerg Ref Ref Ref

Physician 0.87 1.13 1.51

Health system

A Ref Ref —

B 0.80 0.74 —

See Supplementary Table 1 for results with confidence intervals and P values. Epic SmartPhrases are personalized shortcuts to auto-populate large blocks of

text in a note by typing a few characters, also known as “dot phrases.” These are either created by the clinician or shared with them by another user. Preference

lists within Epic are a personalized set of frequently used orders with information prepopulated. These are either created or modified by the clinician or by institu-

tional information services support. SmartSets, in this context, are a combination of orders related to a particular clinical scenario with information prepopulated;

at the time of this study, they could only be created by information services support. SmartTools are a set of documentation shortcuts that enable insertion of pre-

configured phrases, selectable lists, and links to data within the electronic health record that are intended to standardize and streamline documentation.
.P< .10.
bP< .05.
cP< .01.
dData were available for this variable for 290 clinicians in 1 of the 2 health systems.
eSurvey respondents who replied yes to the question: “Do you provide primary care?”
fIncludes internal medicine, family medicine, and pediatrics.
gIncludes advance practice registered nurses and physician assistants.
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ingly. The study demonstrated marked improvement in stress and

burnout and found that lack of control over workload decreased

from 61% to 31% after the intervention.39

In addition to reducing message volume, those committed to

addressing the impact of inbox tasks will also likely need to target

EHR usability.36,37,40 Qualitative studies suggest that EHR vendors

and healthcare organizations could improve inbox usability by

reducing the complexity of processing inbox messages; study partici-

pants suggested better matching of EHR workflows with clinical

workflows and reducing the number of mouse clicks for inbox tasks.

Implementing strategies to reduce clinicians’ cognitive load by sim-

plifying the design of the inbox and streamlining message content

may also improve usability. In addition, others have suggested up-

stream interventions that can reduce the volume of inbox tasks, in-

cluding ordering labs before visits and standardizing yearly refills on

most prescriptions.41 Finally, these studies recommended designing

Table 4. Odds of burnout adjusted for elements of electronic health record use and respondent characteristics, stratified by PCP status and

median number of daily appointments (N¼ 422)

By PCP status By median number of appointments

Full sample PCP Non-PCP Above median Below median

Workload variables

Number of daily appointments 0.95 0.89 0.95 — —

Minutes spent reviewing charts per week, in 5-min increments 1.01 1.02 1.01 1.03 1.00

Medication orders authorized per week

Quartile 1 Ref Ref Ref Ref Ref

Quartile 2 1.30 0.01b 2.13 0.24 2.11

Quartile 3 1.03 0.07 1.49 0.11b 1.72

Quartile 4 0.54 0.05 0.48 0.03c 0.49

Nonmedication orders authorized per week

Quartile 1 ref ref Ref ref ref

Quartile 2 0.79 0.32 0.77 2.09 1.05

Quartile 3 0.95 3.67 0.90 4.18 0.47

Quartile 4 0.53 0.58 0.38 1.57 <0.01

Patient call messages received per week

Quartile 1 Ref Ref Ref Ref Ref

Quartile 2 1.27 1.77 1.13 2.03 0.69

Quartile 3 1.32 1.16 1.05 2.22 1.02

Quartile 4 3.81c 2.01 3.61b 5.37b 5.86b

Results messages received per week

Quartile 1 Ref Ref Ref Ref Ref

Quartile 2 1.41 1.95 1.59 3.05 1.52

Quartile 3 1.19 4.69 1.77 1.38 1.79

Quartile 4 1.49 5.41 1.81 3.50 1.53

Note length per visit, in 500-character increments 1.00 1.03 1.01 0.99 1.01

Efficiency variables

Any precharting of visit notes

No Ref

Yes 0.74 0.61 0.72 1.31 0.56

Any use of Chart Search function

No Ref Ref Ref Ref Ref

Yes 1.00 0.80 0.96 0.59 1.06

Number of user SmartPhrases 1.01a 1.02b 1.00 1.00 1.01

Percent of orders placed from preference lists or SmartSets 1.90 0.52 2.21 5.54a 2.22

PCP status was determined by survey respondents who replied yes to the question: “Do you provide primary care?” The model fit for the below-median stratifi-

cation may not be valid, owing to quasi-complete separation of data points. Models in the table were adjusted for the following: age, gender, practice size, pri-

mary care status, specialty, use of a medical scribe, clinician type, health system site, number of daily appointments, number of minutes spent reviewing patient

charts per week, number of medication and nonmedication orders authorized per week, patient call messages received per week, results messages received per

week, note length per visit, any precharting of visit notes, any use of the Chart Search function, number of SmartPhrases, and the percent of orders placed from

preference list or from a SmartSet. The results stratified by PCP status did not include the PCP variable in the model, and the results stratified by number of daily

appointments did not include the appointments variable in the model. See Supplementary Table 2 for results with confidence intervals and P values. Epic Smart-

Phrases are personalized shortcuts to auto-populate large blocks of text in a note by typing a few characters, also known as “dot phrases.” These are either created

by the clinician or shared with them by another user. Preference lists within Epic are a personalized set of frequently used orders with information prepopulated.

These are either created or modified by the clinician or by institutional information services support. SmartSets, in this context, are a combination of orders related

to a particular clinical scenario with information prepopulated; at the time of this study, they could only be created by information services support.

PCP: primary care physician.
.P< .10

.
bP< .05.
cP< .01.
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inbox management tools that ensure that messages are related to pa-

tient care and relevant to the clinician receiving them.36,40

We also found that physicians and other providers who used a

higher proportion of copy and paste for their documentation were

less likely to report burnout symptoms, even after controlling for

workload and PCP vs specialist status. This association has face va-

lidity, as copy and paste likely allows for completion of documenta-

tion in a shorter time frame and with less effort. Certainly, there is

an argument for improved efficiency; however, copy and paste often

leads to longer, less useful notes and potentially dangerous errors or

miscommunication.42 In addition, reading copy-and-pasted note

content was independently associated with increased stress and

burnout in a large study of ambulatory clinicians,39 suggesting that

a decrease in burnout for the note writer may be offset by an in-

crease in the note reader. Higher-than-average use of copy and paste

may also be a marker for professionalism concerns43 or for deficits

in clinical reasoning among trainees.44 We also wonder if there

might be an element of underlying moral unease related to copy and

paste that has other unmeasured adverse impact on clinicians who

rely on this tool for a substantial proportion of their notes. Interest-

ingly, though we were able to study a number of tools designed to

improve documentation efficiency, copy and paste was the only one

associated with decreased burnout, although we found that 75% of

the note content was populated either by copy and paste or tem-

plates. However, use of efficiency tools among our study partici-

pants was relatively low, which may affect our ability to detect an

impact on burnout.

Strengths of this study include a large, diverse, state-wide sample

of physicians and other providers, including the majority of ambula-

tory clinicians in the state who use an Epic EHR. Importantly, we

were able to link burnout with actual keystroke and mouse click

data within the EHR itself, instead of relying on self-reported EHR

use. However, our findings should be considered in the context of

several limitations. First, the survey response rate may affect gener-

alizability. Though our sample size is large, and the response rate is

high for an uncompensated physician survey, there are likely differ-

ences between respondents and nonrespondents. Generalizability

may also be limited by the fact that our data are from a single state

and a single EHR vendor, as well as the fact that data on note effi-

ciency tools were available only for a subset of clinicians. Second,

clinicians may have been reluctant to report the full extent of their

burnout symptoms because the survey was not anonymous and was

administered by the state Department of Health, which also oversees

medical licensure; therefore, the prevalence of burnout may be

underestimated. Third, the survey was administered electronically,

potentially selecting for respondents who are more comfortable with

computers in general. Fourth, the study design does not allow us to

determine whether the association between burnout and the number

of call messages is related to the volume of work, regardless of tech-

nology, vs something inherent in how tasks are generated, delegated,

and completed in the EHR specifically—or some combination of

these. Last, the current metrics do not allow for identification of

workload that falls solely on the physician or other provider vs

work that is shared by support staff, nor were we able to stratify

results based on individual practice settings and resources, which

likely vary substantially among practice locations.

CONCLUSION

In conclusion, this study used EHR usage data to examine the asso-

ciation between clinician burnout and measures of workload and ef-

ficiency and found that clinicians with the highest volume of patient

call messages had 4 times the odds of burnout as did those with the

fewest calls. Our results also suggest that EHR efficiency tools, as

currently used by clinicians in the study, are not likely to reduce

burnout symptoms, with the possible exception of copy and paste.

In addition to delegating appropriate inbox messages to nonphysi-

cian staff and improving EHR usability, we recommend that future

studies explore prospectively testing a model of EHR use character-

istics predictive of burnout, so that individual institutions could pro-

vide customized assistance to clinicians.
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