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Abstract
Objective: Usage of autotext or “dotphrases” is ubiquitous among provider workflows in electronic health records (EHRs). Yet, little is known 
about the impact of these tools in inpatient settings and among resident physicians. We aimed to evaluate the association between autotext 
usage and documentation time among resident physicians in an academic medical center using the Cerner EHR.
Materials and Methods: The association between autotext executions and documentation time per patient seen for 705 resident physicians 
rotating at a large academic medical center from July 2021 to June 2023 was analyzed via linear regression after controlling for specialty, post- 
graduate year (PGY), provider gender and patient volume.
Results: There was no significant overall association between autotext executions per patient seen and documentation time per patient seen in 
specialties using Dynamic Documentation as their primary workflow (β¼−0.1 min per autotext execution per patient seen, 95% CI −0.6 to 0.5 
min, P¼.79). However, there was increased documentation time among residents with no autotext usage compared to residents who used 
autotext, and this effect was mediated by use of personalized autotexts. Specialty, PGY, gender and patient volume were significant determi
nants of documentation time.
Discussion: Efforts to decrease documentation time among resident physicians should encourage autotext adoption but should not be focused 
on promotion of autotext usage alone. Further research should address the questions of identifying other determinants of documentation time, 
autotext design standards, and how autotext usage affects measures of note quality.
Conclusion: Autotext adoption decreases documentation time among resident physicians, but among those who adopt autotext, higher levels 
of usage show no benefit.

Lay Summary
Physicians and other health care providers spend a significant portion of their working day entering documentation into the electronic health 
record, and the burden of completing documentation is a major cause of burnout. Providers often make use of tools known as “autotexts” to 
insert blocks of prepared text into their documentation; autotexts may be either pre-made as part of the system or personalized and customiz
able. While the intent of autotexts is to allow for faster documentation, there is minimal research available on whether they actually do improve 
the speed at which documentation is completed, especially in the specific case of resident physicians (physicians who have not yet completed 
their training). This article studied resident physicians at a single health system. The results showed that while residents who did not use any 
autotexts at all took longer to document than those who used customizable, personal autotexts, among residents who did use autotexts higher 
levels of use did not result in statistically meaningful improvements in time spent documenting. These findings suggest that, while customiz
able, personal autotexts in particular are helpful at low levels of usage, autotexts have rapidly diminishing returns with higher levels of usage 
and other strategies should also be pursued to reduce documentation burden for resident physicians.
Key words: clinical informatics; medical residency; electronic health record; documentation; occupational burnout. 

Background and significance
Electronic health record (EHR) use is a major component of 
the workload for physicians and other healthcare providers, 

with one study finding family physicians spending 5.9 h dur
ing clinic hours and 1.4 h of after-hours time per day on EHR 
tasks1 and a systematic review showing that EHR 
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implementation increased overall burden of documentation 
time for attending physicians, nurses, and interns.2 A large 
body of evidence links the burden of EHR workload to rising 
rates of physician burnout, decreased performance metrics, 
and decreased communication with patients.3–5

Many commercially available EHRs incorporate a tool var
iously referred to as “AutoText” (in the Cerner EHR), 
“SmartPhrases” (in the Epic EHR) or “dotphrases” in which 
standard blocks of text can be selected, entered into docu
mentation, and edited to expedite workflow. This functional
ity will henceforth be referred to as “autotext.” Past studies 
have implemented autotexts for a myriad of research and 
quality improvement applications.6–20 A normalized metric 
of documentation time has been proposed as one of seven 
core measures of EHR use to assess practice efficiency.21

Cerner specifically describes the goal of autotext as faster, 
more efficient documentation,22 but EHR tools may fail to 
accomplish the purposes for which they were designed.23

Research in the ambulatory setting focused on attending 
physicians has addressed the impact of autotext usage on 
documentation time as compared to other note composition 
modalities24 and found that the relationship follows a nonlin
ear and relatively flat curve.25 Resident physicians in inpa
tient settings, given differences in workflow and level of 
experience, may show a distinct relationship between auto
text usage and documentation time that deserves further 
exploration in light of their importance to the clinical work
force and risk of burnout.26,27

Beyond these studies, there is a dearth of research examin
ing whether and how autotext usage impacts documentation 
time in real-world settings. A PubMed search for the terms 
“autotext,” “dotphrase,” or “smartphrase” reveals only a 
single study related to autotext usage that specifically 
addresses impact on documentation efficiency.28 Although it 
includes residents, this study is limited to an emergency room 
setting using the Epic EHR, and uses time to final signature 
of documentation rather than time in documentation work
flows as an endpoint, finding no correlation with autotext 
usage. Further research is needed covering a wider range of 
settings and EHRs, and with special attention to resident 
physicians.

Objectives
The purpose of our study was to determine if increased auto
text usage leads to progressively decreasing documentation 
time among resident physicians working primarily in inpa
tient settings, a question that appears to have gone unad
dressed in prior research. As secondary goals we sought to 
evaluate the impact of system vs personal autotext adoption 
as well as patient volume, PGY, medical specialty and gender 
as determinants of documentation time and total EHR time.

Materials and methods
Setting
All data were collected from Cerner Millennium (Cerner Cor
poration, Kansas City, MO) workflows at a large academic 
medical center located in a midsize metropolitan area. Sites 
include an urban hospital offering full range cardiovascular 
services, a freestanding urban children’s hospital, a suburban 
center with surgical and obstetrical services, and a small pri
mary care footprint. Cerner is the major EHR. Depending on 

training program, residents also rotate at other health sys
tems throughout the region utilizing non-Cerner EHRs for 
which data was not included. Residents do not have access to 
scribes. The study protocol was approved by the University 
at Buffalo IRB (protocol #STUDY00007121).

Data sources
The primary sources of the data used in the study were the 
Cerner Lights On Network and Cerner Advance, integrated 
EHR efficiency toolkits used in previous studies to evaluate 
documentation time and other EHR measures.29–32 Gender, 
specialty, and PGY were determined from a separate list com
piled through a provider credentialing system.

Participants/inclusion criteria
Monthly data regarding total autotext executions, patients 
seen, note count by type, documentation time, and total EHR 
time from the two academic years July 2021-June 2022 and 
July 2022-June 2023 were downloaded. It was not possible 
to assess time outside of scheduled hours or “after hours” 
work from the available data given the inconsistency of inpa
tient schedules. Residents in combined medicine-pediatrics 
were excluded due to ambiguous specialty classification. All 
other resident physicians with at least one patient seen during 
the study period were included. The data was examined for 
outliers, upon which a single data point with one patient seen 
and 14 autotext executions was identified, felt to be clearly 
attributable to experimentation with the utility, and excluded 
from all figures and analyses. For radiation oncology resi
dents, while data was included in all analyses, specialty- 
specific results (coefficients, summary statistics) are not 
reported in order to preserve confidentiality given low sample 
size (N¼2).

Metrics
Autotexts may be pre-built by the vendor or institution and 
available to all users (“system” autotexts) or created and 
maintained by users for personal use (“personal” autotexts). 
One “patient seen” is defined per Cerner convention as a cal
endar day for a given patient with at least one note signed by 
the provider under consideration. Thus, two notes on the 
same patient on the same day count as one patient seen; two 
notes on the same patient on consecutive days count as two 
patients seen.

Residents were defined as autotext non-adopters if they 
had no autotext usage, whether system or personal, over the 
course of the academic year being studied. Data on total 
number of system vs personal autotext executions by pro
vider were not available. However, the variety of system vs 
personal autotexts in use were reported on a monthly basis, 
allowing residents to be classified as adopters or nonadopters 
of system and personal autotext.

Patient volume (defined as total patients seen over the 
course of the academic year), autotext executions per patient 
seen, total EHR time per patient seen, and documentation 
time per patient seen over the course of each academic year 
were calculated. Data was aggregated by academic year to 
control for variability due to rotation on different services by 
month; the unit of analysis is a single “resident-year,” with 
some individual residents thus contributing two resident- 
years to the data due to their presence in both academic 
years.
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Analysis
Unadjusted variation in variables of interest by specialty and 
PGY and for autotext adopters vs nonadopters was assessed 
for statistical significance by chi squared test, Kruskal-Wallis 
or Wilcoxon rank sum test, including all residents. For these 
tests, residents with data in both academic years were given a 
random, fixed assignment to drop data from one academic 
year in order to account for non-independent observations. 
Predictors of documentation time per patient seen and total 
EHR time per patient seen were studied by linear regression 
with robust errors clustered at the resident level. Compari
sons were two-sided with α set to 0.05. All analyses were con
ducted using STATA 17.0 (College Station, Texas, United 
States).33

During the study period, anesthesiology and emergency 
medicine encounters were documented using a Cerner func
tionality called Powernote, whereas residents in other special
ties primarily utilized Dynamic Documentation except when 
rotating in an emergency medicine setting. While autotext is 
supported in Powernote, it is not well-suited to Powernote’s 
highly templated format, and users frequently make use of an 
alternative tool with similar function (“macros”) for which 
data was not available. We include anesthesiology and emer
gency medicine in summary statistics and figures to support 
general insights into documentation burden and autotext use; 
however, to focus our analysis on users with primary work
flows appropriate to our research question, we present all 
regressions and results of statistical tests after excluding these 
specialties.

Cerner Advance reports a monthly total time in EHR met
ric that takes the total time in all EHR workflows for all 
patients, regardless of whether a note is authored on that 
patient, and divides it by the number of patients seen, which 
is calculated solely on the basis of note authorship as 
described above. This procedure may significantly decrease 
the validity of calculated total EHR time per patient seen 
when applied to senior residents in a supervisory role, as 
these residents may spend considerable EHR time on chart 
review, order entry, etc for their patients while delegating 
most documentation tasks to junior residents. Consistent 
with this phenomenon, review of the data for outliers showed 
that the 37 residents with the highest total EHR time per 
patient seen (>120 min) were all internal medicine residents 
in their PGY-2 or PGY-3 year. Given the sensitivity of linear 
regression to outliers, considerable bias would be introduced 
by including these residents in regressions studying total EHR 
time per patient seen. To mitigate this concern, for regres
sions including total EHR time, resident-years with greater 
than 120 min of total EHR time per patient seen were 
assumed to represent data primarily from residents in super
visory roles and excluded. As a sensitivity analysis these 
regressions were repeated with the cutoff adjusted to 60 min.

Results
Data were available for 705 residents (42% female) across 18 
specialties over the two years, with 327 residents present across 
both academic years, for a total of 1032 “resident-years” of 
data. This was decreased to 578 residents with 842 resident- 
years of data after excluding anesthesiology and emergency 
medicine residents. Summary statistics by specialty and PGY are 
presented in Table 1. Figure 1 presents distribution of residents 
by specialty graphically, while Figure 2 depicts the variation in 

autotext usage and documentation time among different spe
cialties. There were 681 308 patients seen. Mean documenta
tion time across the entire sample was 13.2 min (standard 
deviation 8.2 min) and mean autotext usage was 0.86 execu
tions per patient seen (standard deviation 0.79).

The remainder of this results section excludes specialties 
that primarily use Powernote, namely anesthesiology and 
emergency medicine. With these residents removed, 17% of 
encounters were in ambulatory settings, and 5% of notes 
were Powernotes. In unadjusted comparisons, autotext exe
cutions per patient seen, documentation time per patient 
seen, and percentage autotext nonadopters varied signifi
cantly by specialty (P< .001) (Table 1); documentation time 
per patient seen varied significantly by PGY year (P< .001), 
whereas percentage nonadopters and autotext executions per 
patient seen did not (P¼ .61 and P¼ .19, respectively). By 
linear regression, autotext executions per patient seen was 
not significantly associated with patient volume, PGY, or 
gender after controlling for specialty. Autotext nonadopters 
comprised a group of 164 resident-years. In unadjusted com
parisons, autotext nonadopters did not differ significantly 
from adopters with respect to documentation time per patient 
seen (median 12.3 vs 13.4 min, respectively, P¼ .16) but did 
differ with respect to patient volume (median 22 vs 528 
patients, respectively, P< .001). For residents with data 
present in both academic years, both autotext executions per 
patient seen and documentation time per patient seen were 
highly correlated across the 2 years (R2 0.80 and 0.73, 
respectively, P< .001).

After controlling for specialty, higher PGY and larger 
patient volume were strongly associated with a decrease in 
documentation time per patient seen while female gender was 
associated with an increase (β¼1.7 min, 95% CI 0.8 to 2.7 
min, P< .001), however the effect of autotext executions per 
patient seen was not significant (β¼ −0.1 min per autotext 
execution per patient seen, 95% CI −0.6 to 0.5 min, P¼ .79) 
(Table 2, panel A). Results of the overall regression were sim
ilar when the sample was restricted to autotext adopters 
(Table 2, panel B) or to residents with PGY¼1 and PGY >1 
(not shown) or expanded to include residents in anesthesia 
and emergency medicine (not shown). Specialty was a signifi
cant predictor (Table 2, panel A). Regressions stratified by 
specialty showed similar results.

There was significantly decreased documentation time per 
patient seen for autotext adopters vs nonadopters in the 
adjusted analysis (β¼−2.3 min, 95 CI −4.2 min to −0.4 min, 
P¼ .02) (Table 3, panel A). When simultaneously controlling 
for system and personal autotext adoption, personal autotext 
adoption significantly reduced documentation time per 
patient seen (β ¼−2.2 min, 95% CI −3.7 min to −0.8 min, 
P¼ .002) while system autotext adoption had no significant 
association (Table 3, panel B).

Sensitivity analyses were performed for the results in 
Tables 2 and 3 and showed similar results as reported in 
Appendix Tables S1-S3.

Similar regressions to those in Tables 2 and 3 were performed 
to evaluate the effect of autotext executions per patient seen as 
well as autotext adoption status on total EHR time measured in 
minutes per patient seen (Appendix Tables S4 and S5). The 
results demonstrate no association with autotext executions per 
patient seen or PGY, while patient volume, gender, and spe
cialty demonstrated similar relationships to total EHR time per 
patient seen as to documentation time per patient seen.
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To further explore the effect of autotext adoption and 
check for evidence of a nonlinear relationship between auto
text usage and documentation time, we conducted another 

regression in which residents were stratified into five groups 
representing autotext nonadopters and adopters by quartile. 
The results are presented in Figure 3, showing similar 

Table 1. Summary statistics by specialty and PGY.a

Department N

Documentation time 
per patient seen (min): 

mean (standard 
deviation)

Total EHR time per 
patient seen (min): 

mean (standard 
deviation)

Autotext executions per 
patient seen: mean 

(standard deviation)

Autotext  
nonadopters  

(percent)

Anesthesiology 94 6.5 (7.2) 15 (14.1) 0.14 (0.29) 51 (54)
Dental 18 6.2 (6.1) 11.1 (7.6) 0 (0) 18 (100)
Emergency Medicine 96 11.1 (4.0) 26.9 (6.1) 0.13 (0.20) 33 (34)
Family Medicine 100 16.7 (5.4) 39.0 (14.0) 0.69 (0.59) 13 (13)
Gynecology/Obstetrics 67 11.1 (2.8) 26.3 (8.3) 1.85 (0.86) 0 (0)
Internal Medicine 217 20.1 (7.1) 76.2 (45.0) 1.05 (0.63) 9 (4)
Neurology 40 22.3 (5.2) 42.3 (8.8) 1.69 (0.68) 0 (0)
Neurosurgery 37 5.6 (2.2) 17.5 (5.7) 1.44 (1.11) 0 (0)
Ophthalmology 17 9.3 (4.1) 16.1 (8.0) 0.62 (0.64) 4 (24)
Oral Maxillofacial Surgery 16 11.8 (3.4) 20.3 (4.9) 0.34 (0.45) 5 (31)
Orthopedics 50 4.1 (1.8) 12.7 (6.3) 0.55 (0.71) 11 (22)
Otolaryngology 18 4.7 (2.6) 13.2 (12.0) 1.01 (1.02) 1 (6)
Pediatrics 94 17.1 (4.5) 47.7 (14.3) 1.51 (0.55) 0 (0)
Psychiatry 27 22.8 (12.3) 40 (16.6) 0.26 (0.35) 12 (44)
Radiation Oncology 2 (omitted) (omitted) (omitted) (omitted)
Radiology 9 11.7 (5.4) 22.3 (9.9) 0.39 (0.41) 3 (33)
Surgery 101 8.2 (2.2) 21.1 (6.4) 0.89 (0.41) 1 (1)
Urology 29 5.2 (1.3) 13.3 (3.5) 0.62 (0.47) 1 (3)
PGY
PGY-1 315 16.0 (7.5) 34.3 (15.0) 0.88 (0.67) 23 (7)
PGY-2 282 14.0 (8.2) 44.1 (36.6) 0.95 (1.09) 41 (15)
PGY-3 265 12.3 (7.0) 44.7 (43.2) 0.81 (0.84) 67 (25)
PGY-4 116 9.3 (8.6) 22.9 (18.2) 0.79 (0.89) 28 (24)
PGY-5 43 5.4 (3.2) 16.0 (11.4) 0.88 (0.90) 4 (9)
PGY-6 5 5.8 (2.5) 20.5 (4.6) 1.51 (1.96) 1 (20)
PGY-7 7 6.5 (3.3) 20.2 (5.0) 0.71 (1.17) 0 (0)

a As noted, data for residents in radiation oncology are omitted to preserve confidentiality due to low sample size (N¼ 2).

Figure 1. Distribution of resident-years by specialty.
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coefficients across the four quartiles, all with a significant 
decrease compared to nonadopters.

Discussion
Key results
We found that adopters of autotext have significantly 
decreased documentation time compared to nonadopters 
after controlling for other important variables, a relationship 
that holds across all four quartiles of autotext usage by 
adopters, and is mediated by adoption of personal autotext 
specifically. However, higher levels of autotext usage among 
adopters are not associated with any change in documenta
tion time.

Autotext nonadopters appear to be a distinct population, 
and the significant difference in documentation time between 
adopters and nonadopters seems to be mediated by the adop
tion of personal (and not system) autotext in analyses 
adjusted for both specialty and the relatively low patient vol
ume among nonadopters. That is, while higher levels of auto
text usage do not appear to decrease documentation time, 
having at least a minimal usage of personal autotexts is 
related to consistent benefit. The apparently paradoxical 
result is mathematically possible because the relationship 
between autotext usage and documentation time is flat for 
autotext usage greater than zero (Figure 3). Our analysis can
not elucidate any particular mechanism, but we speculate 
that, instead of autotext, nonadopters may utilize strategies 
such as copy-paste and manual entry that have been shown 
to be relatively disadvantageous.24,25 Customizable personal 
autotexts may be better suited for expediting each user’s 
most burdensome stereotyped tasks.

The prior study most closely related to this one utilized a 
large national dataset of ambulatory encounters in the Epic 
EHR.25 It found a relatively flat, nonlinear relationship 
between autotext usage and documentation time with a 

statistically significant but small (0.53 min) decrease in docu
mentation time per patient seen associated with the top decile 
of autotext usage, as well as a similar decrease in the bottom 
decile compared to median, in contrast to our finding on 
increased documentation time for autotext nonadopters. We 
speculate that differing results at the lowest end of autotext 
usage may be related to the way alternative documentation 
strategies (eg, dictation, Epic’s NoteWriter) integrate into the 
respective EHRs in lieu of autotext. Otherwise, the overall 
relationship appears consistent with the results of our study, 
which extends the result by showing strikingly similar find
ings in a very different population (limited to resident physi
cians), EHR (Cerner) and practice setting (predominantly 
inpatient as opposed to exclusively outpatient encounters).

The failure to find an association between higher levels of 
auto text usage and decreased documentation time, while 
consistent with past work,24,25 is unexpected given the 
intended purpose of autotext in reducing time spent docu
menting. It is possible that by introducing a large body of 
text that requires extensive editing, autotext tends to negate 
the effect of fewer keystrokes to summon necessary text. This 
may involve introduction of extraneous text (“note bloat”). 
Documentation time per patient is not synonymous with effi
ciency—autotext users may appreciate efficiency gains unre
lated to time burden, such as fewer keystrokes or the ability 
to create a longer, more “complete” note or one more closely 
matching their own preferences (especially with personal 
autotext use). Autotext content may act as a form of clinical 
decision support, prompting clinicians to consider new diag
nostic or therapeutic avenues that require further elaboration 
in the final note. There was no relationship between level of 
autotext use or adoption and total EHR time, suggesting that 
the documentation time savings for autotext adopters are off
set by more time in other workflows important for patient 
care, such as chart review.

Figure 2. Scatterplot of autotext executions per patient seen and documentation time per patient seen. Data for residents in radiation oncology are 
omitted to preserve confidentiality due to low sample size (N¼ 2).
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Our study was powered to exclude a clinically significant 
improvement in documentation time with higher levels of 
autotext usage. The 95% confidence interval for the change 
in documentation time with execution of one additional auto
text per patient seen for autotext adopters had a lower bound 
of −0.3 min, 2% of the mean documentation time per patient 
seen across the sample. Thus, even under the most optimistic 
scenario, there are likely to be more fruitful strategies for 
decreasing documentation time among users who have 
already adopted autotext.

There does appear to be a modest benefit from adoption of 
personal autotexts not seen with adoption of system auto
texts; perhaps the greater customizability of personal auto
texts makes them optimal for use in elements of 
documentation that are both highly repetitive and unique to 
each provider (physical exams, common counseling points) 
and for which autotext is most able to produce time savings. 
While training in autotext, including the creation of personal 

autotext, should be a basic component of EHR education so 
that users realize time savings from adoption, career-long 
coaching on other aspects of efficient EHR usage may have a 
greater impact.

Our study suggests that volume of autotext usage is not an 
important determinant of documentation time for most 
resident physicians, and that identifying other contributing 
factors will be crucial to decreasing documentation burden. 
We did show that, similar to findings in prior stud
ies,29,30,32,34–37 specialty and level of experience (measured 
by both PGY and patient volume) were major determinants 
of documentation time.

This study adds to the literature showing an increase in 
documentation time per patient seen and other measures of 
EHR burden associated with female gender.32,38–40 This liter
ature has tended to focus on ambulatory settings and at times 
specifically excluded resident physicians.32 Further work is 
needed to understand the causes of this inequality at all levels 
of training, especially with female physicians at increased risk 
of burnout.41

Given the standardized educational curricula followed by 
residency programs, the mix of acuity, pathology, and 
encounter type across patients seen by two residents in the 
same specialty and PGY is expected to be broadly similar. 
Our study thus implicitly controls for these important but 
difficult-to-measure potential confounders. We chose to focus 
on resident physicians as a distinct population that forms the 
backbone of the inpatient provider workforce at many aca
demic medical centers. In view of their typical workflow of 
writing complete notes as compared to cosigning previously 
opened notes, we believe this study does suggest the true 

Table 3. Regression results showing effect of autotext adoption on 
documentation time per patient seen (min) controlling for PGY, patient 
volume, gender and specialty.a

Panel A: Adoption vs nonadoption (N 5 842)b

Predictor Coefficient (95% CI) P value

Autotext adoption −2.3 (−4.2, −0.4) .02
PGY −1.4 (−1.7, −1.0) <0.001
Patient volume −0.0027 (−0.0036, −0.0018) <0.001
Gender, male as reference

Female gender 1.7 (0.8, 2.7) <0.001
Controlling for specialty Yes

Panel B: Personal vs system adoption (N 5 842)c

Predictor Coefficient (95% CI) P value

Personal autotext adoption −2.2 (−3.7, −0.8) .002
System autotext adoption −0.9 (−2.1, 0.3) .14
PGY −1.3 (−1.8, −0.9) <0.001
Patient volume −0.0024 (−0.0033, −0.0015) <0.001
Gender, male as reference

Female gender 1.7 (0.8, 2.6) <0.001
Controlling for specialty Yes

a The sample with represented specialties is the same as in Table 2, panel 
A; coefficients by specialty are again omitted for brevity. For panel A, 
adoption status of any autotext is represented by a dummy variable, with 
autotext nonadoption as reference compared to autotext adoption. Panel B 
shows a similar regression with separate dummy variables for personal and 
system autotext adoption. Personal autotext nonadoption is the reference 
compared to personal autotext adoption; system autotext nonadoption is 
the reference compared to system autotext adoption.

b Adjusted R2¼0.60, F(19, 577)¼100.6, P< .001.
c Adjusted R2¼ 0.60, F(20, 577)¼97.9, P< .001.

Table 2. Predictors of documentation time per patient seen (min) among 
various subsamples.a

Panel A: Main sample (N 5 842)b

Predictor Coefficient (95% CI) P value

Autotext executions  
per patient seen

−0.1 (−0.6, 0.5) .79

PGY −1.3 (−1.7, −0.9) <.001
Patient volume −0.0027 (−0.0036, −0.0018) <.001
Gender, male as reference

Female 1.7 (0.8, 2.7) <.001
Department, Internal Medicine as reference

Dental −16.2 (−19.1, −13.3) <.001
Family Medicine −3.2 (−4.7, −1.6) <.001
Gynecology/Obstetrics −6.1 (−8.0, −4.1) <.001
Neurology 3.2 (1.0, 5.4) .004
Neurosurgery −8.7 (−10.8, −6.6) <.001
Ophthalmology −9.8 (−11.9, −7.6) <.001
Oral Maxillofacial 

Surgery 
−8.3 (−10.3, −6.2) <.001

Orthopedics −13.9 (−15.2, −12.6) <.001
Otolaryngology −13.8 (−15.9, −11.8) <.001
Pediatrics −2.1 (−3.8, −0.5) .013
Psychiatry 2.3 (−2.0, 6.7) .319
Radiation Oncology omitted omitted
Radiology −7.6 (−11.4, −3.8) <.001
Surgery −9.6 (−11.0, −8.3) <.001
Urology −10.8 (−12.5, −9.2) <.001

Panel B: Excluding autotext nonadopters (N 5 762)c

Predictor Coefficient (95% CI) P value

Autotext executions  
per patient seen

0.2 (−0.3, 0.7) .31

PGY −1.4 (−1.8, −1.1) <.001
Patient volume −0.0028 (−0.0038, −0.0019) <.001
Gender, male as reference

Female 1.7 (0.7, 2.6) <.001
Controlling for specialty Yes

a As noted, coefficient for residents in radiation oncology is omitted to 
preserve confidentiality due to low sample size (N¼2). Panel A includes the 
main sample, with 578 residents and N¼ 842 resident-years encompassing 
the indicated specialties. Panel B additionally excludes all resident years 
with no autotext executions (autotext nonadopters.) Specialty coefficients 
omitted in Panel B for brevity.

b Adjusted R2¼0.59, F(19, 577)¼108.4, P< .001.
c Adjusted R2¼0.63, F(17, 523)¼99.9, P< .001.
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impact of autotext usage on the construction of a complete 
summary of a clinical encounter, and thus may be generalized 
with caution to providers in non-academic settings.

Limitations
This was an observational study and cannot strictly be inter
preted to imply causality, although we feel that appropriate 
variables that could lead to a confounding impact on docu
mentation time were controlled for, allowing us to cautiously 
interpret the study as evidence for a lack of causal connection 
between high levels of autotext usage and reduced documen
tation time. Generalizability may be limited by this study’s 
single-center design, despite the inclusion of multiple sites 
within the same health system. We do not address the impact 
of autotext usage on note length, accuracy, or level of billing, 
and we could not control for use of alternate composition 
strategies such as dictation. No reliable scheduling data were 
available to normalize times to 8 h of scheduled work as sug
gested in prior studies,21,32 although documentation time per 
patient seen was also used in the closest antecedent to this 
study.25

Future research
Use of vendor-provided EHR audit logs32,42–46 for studies 
such as this one is increasingly widespread in the informatics 
literature47 and key to increasing the field’s understanding of 
EHR usage and efficiency, thereby opening avenues to reduce 
burnout. Vendors should continue to develop more granular, 
standardized toolkits with a greater variety of measures.

As the examples cited before demonstrate,6–20 decreasing 
documentation time is not the only possible goal of autotext. 
It remains a powerful tool to accomplish QI goals related to 

documentation improvement, data collection, and clinical 
decision support—the “what” rather than the “when” of 
documentation. These considerations must be balanced 
against the risk of autotext usage introducing “note bloat” or 
erroneous documentation. Recent work in the area of note 
templates has introduced modifications to increase the signal- 
to-noise ratio and address note bloat.48–50 A similar philoso
phy should be applied to the implementation of autotext in 
the future.

We emphasize that our result regarding autotext impact on 
documentation time applies specifically to autotext as it is 
currently implemented at our institution. Improved imple
mentation of autotext could involve coaching users on exten
sive customization of autotexts to fit their specific needs, or 
more thoughtful design and dissemination of system auto
texts to allow for efficient use by clinical scenario. As this 
tool will likely continue to be used widely in the era of EHRs, 
future efforts should focus on developing standards of auto
text design that will facilitate efficient composition of accu
rate, complete, and readable notes. To further this goal, 
studies of autotext-related interventions should include, 
where possible, balancing measures evaluating for impact on 
documentation time and/or note quality.

Conclusions
Documentation time was higher among autotext nonadopters 
as opposed to adopters, suggesting that a minimal level of 
autotext usage may be of benefit in facilitating efficient docu
mentation in a relationship that appears to be mediated by 
the adoption of personal as opposed to system autotext. 
However, there is no association between higher levels of 

Figure 3. Effect on documentation time of autotext adoption by quartile among autotext adopters compared to autotext nonadopters, measured by 
regression coefficient in an OLS regression controlling for PGY, patient volume, gender, and specialty. The first group are autotext nonadopters 
(designated as baseline). The remaining four groups Q1-Q4 were created by calculating the 25th, 50th, and 75th percentiles of autotext usage among 
autotext adopters and dividing into quartiles accordingly (0.59, 1.06, and 1.57 autotext executions per patient seen, respectively). Dots mark coefficients 
of dummy variables representing membership in each group that were included in the regression. Bars represent standard errors. Excludes residents 
from anesthesiology and emergency medicine. � represents P< .05 compared to baseline (autotext nonadopters). Adjusted R2¼ 0.59, F(22, 577)¼
87.38, P< .001.
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autotext usage and documentation time. PGY, patient vol
ume, provider gender and specialty are significant influences 
on documentation time. Further research into autotext 
should focus on the development of design standards for 
autotext to increase efficiency as well as the impact of auto
text on other measures of note quality.
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