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Structured Abstract

Purpose: Quality improvement in care management often involves standardizing care processes using
order sets. We hypothesized that the reduction of care variation through the use of order sets improves
clinical outcomes.

Scope: We performed a retrospective cohort study of hospitalized patients from 2018 to 2019 at three
hospitals in New York. A total of 188,802 patients’ data were extracted for the study analysis.

Methods: Study data included computerized physician order entry (CPOE), clinical, and demographic
data extracted from electronic health records (EHR). We examined the relationships between clinician
use of order sets, patient-level order variation, and patient outcomes while adjusting for acuity, patient
demographics and comorbidity burden. Order variation was defined by a metric named longest common
subsequence (LCS) that considers the type, frequency, and general trend in the sequences of orders. In
conjunction, we also conducted a clinician survey to seek clinician perception of order sets for pain
management.

Results: Significant findings were identified among septic patients. Septic patients with a high proportion
of order set orders had significantly shorter length of stay (LOS) and lower inpatient mortality compared
to those with low proportion. Patients with high proportion of order-set orders also experienced a shorter
time to first antibiotics order in the emergency department. Thus, order set usage was associated with
less order variation and better outcomes among patients hospitalized for sepsis. Clinician surveys
revealed that the intention to use order sets for pain management was associated with performance of
existing order sets, influence by leadership and peers, and EHR training and function integration.

Key Words: Order Set, Care Variation, Electronic Health Records

Purpose

Adherence to best practices vary across hospitals due to a myriad of barriers, including hospital resources,
emergency department (ED) crowding, and patient characteristics.(1-6) These varying patient care
settings affect clinical decision making as reflected in safe and efficient order entries. In response,
hospitals have widely designed and implemented clinical decision support (CDS) tools in electronic health
record (EHR) systems to improve clinical management through order entry.(7-10) Order sets, a type of
CDS in computerized physician order entry (CPOE) that suggests orders as bundles and clinical
pathways, are commonly used to standardize care and recommend best practices such as reducing the
time to first antibiotics treatment.(11, 12) The positive effects of order sets on patient outcomes has been
demonstrated through prior research.(7, 8, 10, 13) For example, Afessa et al. studied a paper
protocolized sepsis order set and care process, and found that order set use improved compliance but
not mortality.(14) Thiel et al., Micek et al., and Fargo et al. identified positive effects of EHR order sets
on improved treatment related to fluid administration and antibiotic therapy, as well as improved patient
outcomes including reduced organ failure and mortality.(7, 8, 13)

The positive impact of order sets reflects the mediating effect of order sets on the standardization of care
and outcomes.(12) In this study, we proposed that the previously observed relationship between order
sets and patient outcomes is in part mediated by reduced variability in order entry.(15) In other words,
the use of order sets is associated with improved clinical outcomes, and the relationship may be in part



mediated by the reductions in order variation through order set as a form of CDS. We aimed to discover
the mechanism by which the use of order sets improves clinical outcomes.

Scope

We examined the trend in order placement across clinical departments at three sites of a large hospital
system in New York, New York-Presbyterian (NYP) Hospital. Our overarching hypothesis for this project
is that order set use is associated with improved quality of care (i.e., fewer unexplained variations in care).
However, clinician-level barriers are limiting uptake of this proven CDS modality. Specifically, we
hypothesize that patients receiving care through a higher percentage of orders from order sets for any
type and purpose will have less order variability and better clinical outcomes than patients whose care
resulted from a lower percentage of orders from order sets, even after controlling for sociodemographic
and clinical factors that may contribute to order set variation. To test this hypothesis, we analyzed EHR
CPOE data of orders entered to reconstruct the care process of patients admitted at three hospitals. Each
patient, from arrival to disposition, receives a series of orders from treating clinicians that form a sequence
of orders. These sequences can be evaluated for similarity and dissimilarity using established methods
in sequential pattern mining.(15-17) Thus, among controlled patient populations, we can estimate the
order variation in care by measuring the similarity and dissimilarity in the orders placed by treating
clinicians. In this retrospective cohort study, our primary objective was to estimate the relationships
between clinician use of order sets, patient-level order variation, and patient outcomes (mortality and
length of stay), while adjusting for patient demographics and comorbidity burden. In addition, we
conducted a survey to a wide population of clinicians at the study sites. We hypothesized that a lack of
demonstrated benefit of order sets and a lack of supporting conditions may limit order sets’ acceptability
and intention to use by clinicians. To test our hypothesis, we used the Unified Theory of Acceptance and
Use of Technology (UTAUT) framework.(18)

Collectively, we conducted three investigations in the study. First, we assessed the relationship between
order set use and care variation while controlling for principal diagnoses, patient complexity, and campus
location. Second, we analyzed whether more frequent use of order sets was associated with better care
outcomes while controlling for principal diagnoses, patient complexity, and campus location. Third, we
conducted a survey with Internal Medicine, Surgery, and Emergency Medicine clinicians in three
campuses associated with NYP Hospital.(19)

Methods
Retrospective Analyses
Study Design

We conducted a retrospective cohort study using EHR data for patients admitted to the internal medicine
service for all levels of care of the hospital through the ED in 2018 and 2019 from three hospitals in a
large US hospital system (NYP Hospital). The three hospitals are distinct in their patient populations and
neighboring communities, clinical workflows, and provider characteristics. Two of the hospitals are
teaching hospitals from two distinct academic medical centers affiliated with the health system, and one
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hospital is an affiliated community hospital. We focused on order set use for three areas: sepsis, heart
failure, and urinary traction infection (UTI). These areas were selected for the availability of institutionally
created order sets as well as the common need for multiple diagnostic events in treating patients.

Selection of Participants

Patients who left against medical advice or walked out before medical evaluation were excluded from the
study. Patients who expired in the ED were excluded due to the rarity and likely different presentation of
sepsis, but patients who expired after being admitted to the hospital were included. Physicians chose an
average of 5.4 order sets according to previous studies of inpatient clinical order patterns’ prediction.(20)
Thus among the remaining patients, those whose number of orders were three standard deviations above
the mean and those who had fewer than five orders were removed as outlier patients whose care patterns
were likely different or unique.

Data Sources

Figure 1. Patient inclusion figure

Patients who had inpatient visits in 2018 and
2019 (N=188802)

Exclude:
Patients without MED hospital service (N=58917)

Patients with MED hospital service
(N=129885) Exclude:
Patients without medication/diagnostic orders, or who
all had cancelled/no-task orders, or orders from non-
Patients who had qualified physician/nurse practitioner providers (N=1083)
medication/diagnostic orders (N=128802)

Exclude:

Patients without diagnoses, or principal diagnoses based
on Clinical Classifications Software body system
categories (N=618)

Patients who had principal diagnoses based on
Clinical Classifications Software body system
categories (N=128184)

Exclude:
Patients without demographics information or < 18 years
Patients with age >= 18 years old old (N=181)
(N=128003)
Exclude:
Patients whose discharge disposition against medical

advice, walked out after medical evaluation, or expired

Patients with qualified discharge disposition in ED prior to hospital admission(N=3206)

(N=124797)

Figure 1 displays the inclusion and exclusion criteria of the study. Study data were derived from the EHR,
including patient demographics (date of birth, gender, race, preferred language, hospital, ED presentation
time, hospital admission time, hospital discharge time, and discharge disposition). The study data

5



focused on diagnostic and medication orders placed by resident physicians, fellow physicians, attending
physicians, physician assistants, and nurse practitioners. Within each encounter, we extracted order
name, order set name, order status (completed or cancelled), order category (Laboratory, Radiology,
Cardiology, Transfer/Admit, Neurophysiology, Nursing, Speech and Hearing), time of order placement,
clinician role, and clinician department. Medication orders were grouped by Multum MediSource Lexicon.
We extracted data regarding diagnoses including ICD-10 code and diagnosis type (principal or
secondary). In addition, All Patients Refined Diagnosis Related Groups (APR DRG) and Severity of
lliness (SOI)(21) data were extracted for each visit.

Orders that were cancelled were excluded from analysis. We define an order sequence as a sequence
of orders for a patient from ED presentation until hospital discharge, including orders for assessment,
diagnosis, and treatment. Multiple orders placed in the same minute are considered to be placed at once
for the purposes of this analysis, as there is unlikely to be a clinical difference based on the sequence
they were submitted in the order. Orders can be placed by multiple clinicians in the care team based on
a group decision; thus, we did not attribute each order to a specific clinician role in the study data.

Analysis

The patient outcomes were length of stay (LOS) and in-hospital mortality. Our analysis focused on
quantifying the variations in the order sequences among patients, assuming that orders needed for
diagnosis and treatment should be similar among patients with similar clinical needs. Clinical needs are
controlled by having the same principal diagnosis, APR DRG, and similar comorbidity level. In order to
measure the variation in order sequences, we applied a machine learning-based process mining
algorithm which derives sequences of ordering events.(22) This algorithm has previously been applied
to measure variations in the management of chronic kidney disease,(22) diagnosis of undifferentiated
abdominal pain,(23) and tracking adverse events after left ventricular assist device (LVAD) implants.(24)
Instead of following the trajectory of single order over time, this algorithm captures the interaction of
multiple orders over time, thereby allowing us to study order variation more comprehensively.

Order sequences were constructed in the data as follows. For simplicity, we use N to define the number
of unique orders observed in the population, and m as the number of orders in each order entry session.
At each order placement session, there is a possibility for each patient to receive one, or up to N orders.
Thus, each time point forms an N-dimensional vector. In the vector, we set the value to 1 for the presence
of an order and 0 for absence. When m orders are placed at one time, m dimensions are set to 1 in the
N-dimension vector. Thus, for each patient, we can form a single order sequence which consists of
multiple N-dimension vectors sorted by the time of order entry, reflecting the care process from arrival to
disposition. This setup of the data can accommodate multiple orders being placed at the same time. The
variations among patients’ order sequences are measured by computing the longest common
subsequence (LCS) distance. LCS is the longest subsequence that two sequences have in common
while preserving the order of occurrence.(17) LCS is a reasonable metric for measuring order variation,
as it considers the individual sequence length as well as a general trend in the sequence. As a distance
measure between a pair of sequences, it is defined as the sum of the two sequences minus twice their
LCS, or dLCS = |seq 1| + |seq 2| — 2LCS. Smaller values of LCS distance (dLCS) indicate higher similarity
between two order sequences. Within a cohort of patients, we can measure the average dLCS between
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each pair of order sequences. Thus, a smaller average dLCS indicates less order variation within a cohort
of patients in this study. P patients can have up to P distinct order sequences, but similar patients would
be expected to have similar sequences. Due to the high number of unique orders, the computation of
LCS targeted commonly placed orders that were a union of orders related to the treatment.

Since the level of care is expected to differ according to individual clinical conditions, in order to adjust
for the expected level of variation by clinical needs to the best level possible, we computed comorbidity
burden as measured by the Charlson Comorbidity Index (CCI)(25), categorizing patients into 3 CCI
groups: low (CCIl= 0), medium (CClI= 1-2), and high (CCI>=3). CCl was computed based on all diagnosis
codes extracted from the EHR during individual patient encounters. We then computed LCS within each
CCI group of patients as intra-group variation. Within each CCI group, we categorized patients by the
level of order set orders in their total orders. Order set use level is defined by stratifying patients into
quartiles according to patients’ proportions of orders placed from order sets out of all orders received
from the encounter. Specifically, we compared patients who were in the fourth quartile (highest order set
proportion) against those who were in the first quartile (lowest order set proportion). Within each group,
the intra-group LCS distances between each pair of patients’ order sequences were computed.

Statistical tests were conducted according to data types (numeric and categorical) and distributions
(normal and non-normal). For bivariate analyses, we used Wilcoxon rank sum test or Welch t-tests to test
the differences in LCS distance, LOS, and time to first antibiotics. We used Fisher’s exact test for the
differences in mortality between the low and high order set patients for each group. Statistical modeling
was used to evaluate the relationship between order set use and LOS, and between order set and
mortality. The models considered patients’ age, preferred language (English vs. non-English), sex, CCl,
race, and hospital location.

Prospective Analysis
Study Design

We used a cross-sectional, online survey in English that was accessible via a secure website. It generally
took 5 to 10 minutes to complete. Provider characteristics included department affiliation, clinical role,
levels of experience (attending physician, resident, and nurse practitioner), and gender. Under UTAUT,
we extracted effort expectancy (perceived ease of use), performance expectancy (perceived value of
using order sets in terms of easing workload and providing CDS), social influence, and facilitating
conditions (level of IT training and literacy provided by the institution (26, 27) and past experience in
designing or modifying order sets), and behavioral intention. Lastly, we surveyed on desired functions in
the order set particularly related to pain management. Response options were multiple choices and 7-
point Likert scales.

Selection of Participants

We recruited clinicians including physicians, physician assistants, and nurse practitioners. There were
two inclusion criteria. First, the participant had to be eligible to use order sets to order or prescribe, and
second, the eligible participant had to have used, or tried to use, order sets to place an order at least
once within a 1-year period before the survey. Participants were recruited from emergency medicine,
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internal medicine, surgery, and other divisions in medicine. Recruitment venues included the listservs of
departmental residents and faculty/staff. Participants received a $10 gift card as an incentive.

Data Sources

Anonymous survey responses were collected using Qualtrics (Provo, UT) for analysis. Table 1 displays

the questions and response rate.

Table 1. Summary of answers to question related to UTAUT

Construct | Question N (%)
answered
agreel/yes *

EE1 Q8: The current EHR is easy to use. 105 (90.5%)

EE2 Q10: It requires less work to use order sets compared to free- | 64 (55.2%)
standing orders in the current EHR.

PE1 Q9: The current order sets in the EHR make order placement easier. | 103 (88.8%)

PE2 Q15: Current order sets help me practice safe pain management. 32 (27.6%)

SI1 Q20: My institution encourages me to use order sets. 93 (80.2%)

SI2 Q21: My current peers use order sets regularly for clinical decision | 88 (75.9%)
support or convenience.

FC1 Q7: Did you receive sufficient electronic health record (EHR) training | 110 (94.8%)
at your current institution?

FC2 Q11: | know how to suggest changes to order sets at my current | 47 (40.5%)
institution.

FC3 Q14: Order sets for pain management are well integrated with other | 25 (21.6%)
functions in the EHR at my current institution.

BI Q16: Would you be interested in having an order set for pain | 103 (88.8%)
management?

Bl Q17: Would you be interested in having an order set, with decision | 105 (90.5%)
support, for alternative pain management to opioids?

Other Q12: | want reminders within the EHR for me to practice safe pain | 74 (63.8%)
management.

Other Q13: Do you have access to a pain management order set in your | 18 (15.5%)
EHR?

Analysis

For each construct, to test the difference of provider characteristics and UTAUT constructs between
participants with high and low construct score groups, we defined those with scores higher than 4 as high
construct score group and others as the low construct score group. To compare the scores of different
constructs for different groups of participants, we conducted Wilcoxon rank sum tests for continuous
variables and chi-square or Fisher’s exact tests for categorical variables at an alpha of 0.05. Further, we
converted answers to behavioral intention (Bl) questions to be a binary outcome variable. We tested the



difference in provider characteristics and the four constructs between outcome groups, with Wilcoxon
rank sum tests for continuous variables and Chi-square or Fisher’'s exact tests for categorical variables
at a significant level of 0.05. Lastly, we built a logistic regression model to analyze the relationship
between clinical roles and UTAUT constructs.

Results
Retrospective Analysis
Principal Findings

This study analyzed the order set use at three urban hospitals with distinct provider groups and patient
populations. Among sepsis patients, we found that patients with a higher percentage of orders placed
from any order sets, while adjusting for comorbidity burden, have shorter LOS and less mortality. This
analysis also found that order set use is associated with smaller order variation related to the sepsis care
processes, and shorter time to first antibiotics, potentially explaining study findings. Order sets analyzed
include not only sepsis-specific order sets but all order sets, thus suggesting the value of order sets
generally for sepsis care.

Outcomes

Of the study-eligible patients, there were 9663, 6063, 3283 sepsis, heart failure, and UTI patients,
respectively, in the analysis across the three hospital campuses. There were 4,831 sepsis patients in the
lowest and highest quartiles of order set use by their treating clinicians. As shown in Table 2, 3, 4, patients’
sex and age did not differ significantly across hospitals. The racial composition of the populations varied,
with each of the three hospitals (labelled as A, B, C) having most White, Asian, and Black patients for
sepsis and UTI population, respectively. For heart failure patients, hospital B had the highest proportion
of Asian and white patients, while hospital A had the highest proportion of black patients.

Table 2. Demographics and clinical profiles for sepsis population

Hospital Overall Hospital A | Hospital B | Hospital C
N 9663 2211 4595 2857
Female (%) 4919 (50.9) | 1077 (48.7) | 2377 (51.7) | 1465 (51.3)
Age (mean (SD)) | 71.08 72.11 71.92 68.93
(17.57) (17.60) (17.05) (18.18)
Race (%)
Asian 1823 (18.9) | 461 (20.9) 1295 (28.2) | 67 (2.4)
Black 1216 (12.6) | 236 (10.7) 540 (11.8) 440 (15.4)
Other 1477 (15.3) | 314 (14.2) 1088 (23.7) | 75 (2.6)
Unknown | 1706 (17.7) | 135 (6.1) 44 (1.0) 1527 (53.5)
White 3441 (35.6) | 1065 (48.2) | 1628 (35.4) | 748 (26.2)




Table 3. Demographics and clinical profiles for heart failure population

Hospital Overall Hospital A | Hospital B | Hospital C
N 6063 1660 1789 2614
Female (%) 3031 (50.0) | 829 (50.0) 885 (49.5) 1317 (50.4)
Age (mean (SD)) | 74.14 73.63 77.10 72.44
(14.59) (15.21) (13.56) (14.56)
Race (%)
Asian 635 (10.5) 209 (12.6) 375 (21.0) 51 (2.0)
Black 1197 (19.7) | 435 (26.2) 278 (15.5) 484 (18.5)
Other 686 (11.3) 285 (17.2) 360 (20.1) 41 (1.6)
Unknown | 1592 (26.3) | 98 (6.0) 15 (0.8) 1479 (56.6)
White 1953 (32.2) | 633 (38.1) 761 (42.5) 559 (21.4)
Table 4. Demographics and clinical profiles for UTI population
Hospital Overall Hospital A | Hospital B | Hospital C
N 3283 1137 1023 1123
Female (%) 2256 (68.7) | 779 (68.5) 720 (70.4) 757 (67.4)
Age (mean (SD)) | 72.97 71.77 76.26 71.19
(18.83) (20.19) (16.70) (18.86)
Race (%)
Asian 353 (10.8) 140 (12.3) 195 (19.1) 18 (1.6)
Black 398 (12.1) 154 (13.5) 86 (8.4) 158 (14.1)
Other 445 (13.6) 200 (17.6) 219 (21.4) 26 (2.3)
Unknown | 731 (22.3) 66 (5.8) 11 (1.1) 654 (58.2)
White 1356 (41.3) | 577 (50.8) 512 (50.1) 267 (23.8)

The results from a structural equation model to evaluate the relationship between order set use and
mortality are listed in Tables 5 to 7. We controlled for patients’ age, a binary indicator of whether the
patient is English speaking, sex, CCl, race, and hospital. Findings on order set use was significant among
only sepsis patients. As shown in Table 5, the results suggest that just a 1% increase use of order set
orders is associated with 0.34% decrease in odds of mortality for sepsis population, while adjusting for
patient characteristics and hospital location. The results indicate that a 1% increase use of order sets is
associated with a 0.02% decrease in the odds of mortality for heart failure patients and a 0.01% decrease
in the odds of mortality for UTI patients, after adjusting for patient characteristics and hospital location.
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Table 5. Structural equation modeling results on mortality for sepsis population

Outcome Variable Coefficient P-value 95% CI
Mortality
-0.00338
% OS orders (odds ratio <0.001 -0.00399 -0.00276
=0.9966)
%QOS orders
Age 0.055 <0.001 0.043 0.067
English as
preferred -0.696 0.002 -1.142 -0.251
language
Sex (Female) -0.957 <0.001 -1.342 -0.572
Charlson Index -0.800 <0.001 -0.926 -0.674
Race (White)
Asian 1.132 <0.001 0.516 1.749
Black 0.595 0.069 -0.046 1.235
Other 0.836 0.009 0.206 1.465
Unknown 0.669 0.051 -0.004 1.341
Hospital (C)
B 3.475 <0.001 -4.015 -2.752
A -3.383 <0.001 2.881 4.069
Table 6. Structural equation modeling results on mortality for heart failure population
Outcome Variable Coefficient P-value 95% CI
Mortality
-.000222
% OS orders (odds ratio 0.229 -.000584 0.0001395
=0.9998)
%OS orders
Age 0.027 0.007 0.0074 0.046
English as
preferred -0.443 0.123 -1.006 0.121
language
Sex (Female) -0.622 0.018 -1.139 -0.106
Charlson Index -0.387 <0.001 -0.572 -0.202
Race (White)
Asian 0.922 0,056 -0.025 1.869
Black 0.827 0.035 0.059 1.595
Other 0.271 0.559 -0.638 1.180
Unknown -0.338 0.408 -1.137 0.462
Hospital (C)
B 4,122 <0.001 3.357 4.887
A -2.467 <0.001 -3.210 -1.724

11




Table 7. Structural equation modeling results on mortality for UTI population

Outcome Variable Coefficient P-value 95% ClI
Mortality
-0.00014
% OS orders (odds ratio 0.161 -0.00034 0.00006
=0.9999)
%QOS orders
Age 0.061 <0.001 0.039 0.083
English as
preferred -1.395 0.003 -2.310 -0.481
language
Sex (Female) -1.253 0.004 -2.094 -0.411
Charlson Index -0.403 0.009 -0.703 -0.103
Race (White)
Asian 1.457 0.047 0.018 2.896
Black -0.193 0.773 -1.505 1.119
Other 0.959 0.147 -0.336 2.254
Unknown -0.616 0.348 -1.903 0.671
Hospital (C)
B 2.466 <0.001 1.212 3.719
A -1.835 0.002 -3.018 -0.652
Table 8: Order variation and patient mortality
Comorbidity OS N N inpatient | Order Average Average N
burden use mortality (%) | Variation OS/order ratio | orders
level (SD) (SD)
Low low 352 12 (3.4) 7.02 0.38 (0.06) 110.57
(5.20) *** (75.88)
high 349 6 (1.7) 5.03 0.66 (0.06) 68.84
(4.16) (37.98)
Medium low 1138 151 (13.3) 8.61 0.39 (0.06) 146.32
i (6.83) *** (91.75)
high 1137 84 (7.4) 6.29 0.64 (0.06) 91.34
(4.83) (57.78)
High low 929 269 (29.0) 9.58 0.38 (0.05) 179.88
e (6.09) *** (96.23)
high 926 145 (15.7) 8.18 0.62 (0.06) 132.17
(5.94) (86.84)

We did additional analysis among the sepsis patients. Table 8 shows the number of patients, order
variation defined by the average LCS distance, the number of inpatient mortalities, the percentage of
order set orders, average number of orders by comorbidity burden level. We found that the order variation
is smaller among patients who had higher percentage of order set orders. Among patients with medium
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and high comorbidity burden, patients who had a high proportion of order set orders had a significantly
lower mortality than patients who had a low proportion of order set orders.

To better elucidate our findings, we examined the time to antibiotics between the high and low order set
groups with the median and interquartile range (IQR) across groups, as shown in Table 9. While not
statistically significant, the median hours to first antibiotic order was lower among patients who had high
proportion of order set orders across comorbidity burden levels.

Table 9. The time to first antibiotics

Comorbidity | OS use | Median hours to 1st sepsis | P-value Total N and N
burden level antibiotic order since ED patients without
presentation [IQR] antibiotics

Low low 3.23[1.42, 5.88] 0.113 352 (3)
high 1.70[0.72, 3.83] 349 (4)

Medium low 1.95[0.70, 4.35] 0.655 1138 (10)
high 1.18 [0.52, 3.22] 1137 (14)

High low 1.77 [0.67, 4.22] 0.700 929 (4)
high 1.23 [0.53, 3.49] 926 (4)

Discussion

This analysis of CPOE data from three urban hospitals associated with a large US hospital system,
among cohorts of patients with sepsis found an association between order set use, smaller order variation,
and better patient outcomes as defined by LOS and mortality. We did not observe significant findings
with UTI and heart failure patients, suggesting that the benefit of order set is dependent on the condition
and workflow. The shorter median time to first antibiotics since ED presentation could explain the shorter
LOS and lower mortality observed across hospitals. Sepsis is a leading cause of death in hospitalized
patients and the implementation of sepsis-specific order sets has been reported to be associated with
decreased mortality (7-10,12). This analysis supports prior pre-post studies showing the benefit of sepsis
order sets. Moreover, this analysis reveals that greater percentage of orders placed from any order set,
not necessarily sepsis-specific order sets, is associated with smaller care variation and patient outcomes.
Additionally, this study offers a quantitative measure for the variation in consistency and quality of order
placement in the sepsis care processes, demonstrating the association between less variation and better
outcomes. Our finding suggests that order variation is computable and an important process metric to
target when implementing CPOE interventions for sepsis. The three hospitals, while all in an urban setting,
comprise of distinctly different patient populations in terms of race and social determinants of health. The
care providers in the hospital also follow different workflows and affiliations. Thus, the results observed
from this multi-site study data allow us to potentially generalize them across urban patient and provider
populations.

Our study has a few limitations. First, it is possible that patients whose symptoms were more indicative
of sepsis were easier to diagnose and treat via order sets. For example, clinicians who were treating
patients who had clearer sepsis symptoms may have been more likely to opt for order sets, while patients
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with more complicated presentations could have warranted more a la carte orders. Our analysis may not
have been able to tease out clinical differences that prompted more order set usage. Nevertheless, our
analysis included all order sets and not only sepsis-focused, thus alleviating the potential confounding
between sepsis symptoms and usage of order sets. Relatedly, in the structural equation models, while
we controlled for demographics and comorbidity burden by CCI, the modeling was not able to incorporate
other nuances such as acuity. Future studies may use other acute disease burden indicators such as
Laboratory-based Acute Physiology Score (LAPS)(28) to better adjust for clinical needs and acute
symptoms. In addition, we used the time to first antibiotic use as a proxy for time to first antibiotic use
used for the purpose of treating sepsis, selecting only the antibiotics suggested in the CDC Hospital
Toolkit for Adult Sepsis Surveillance.(29) The majority of sepsis is present on ED arrival and treated in
the ED, and all patients included in our analysis had a diagnosis of sepsis. However, our analysis could
still have included antibiotics used to treat other infections before patients developed sepsis. Moreover,
while each order can be attributed to a single clinician, the order decision is often made jointly by a care
team, limiting the characterization of providers who were more likely to use order sets from those with
less tendency. We were not able to examine the effect of individual clinician-level order set usage on
patient outcomes as patients often have many clinicians involved in placing orders. Lastly, the EHR used
at the time of the study was Allscripts Sunrise. The EHR system configuration and usability may affect
clinicians’ likelihood of order set use, and future studies should investigate whether findings from this
study may replicate in other EHR systems, and in other health systems and non-urban, non-academic
environments or resource constrained settings.

Conclusions

Through analyzing order placement patterns in the EHR, we found that order set use was associated
with smaller order variation and better hospital outcomes in some patient populations but not others. The
findings may be explained by the availability of appropriate order sets for the condition, as well as the
nature of the treatment.

Prospective analysis
Principal Findings

The intention to use order sets for pain management was associated with performance expectancy to
existing order sets, social influence by leadership and peers, and facilitating conditions for electronic
health record training and function integration. Intention to use did not significantly differ by gender or
clinician role. Moderate differences were observed in the perception of the effort of, and facilitating
conditions for, order set use across gender and roles of clinicians, particularly emergency medicine and
internal medicine departments.

Outcomes

The survey was distributed to at least 630 clinicians through emails containing web links to the survey. A
total of 116 surveys were analyzed. The gender distribution between male and female is 54 (46.6%) vs.
62(53.4%) and attending physicians 37 (31.9%) vs non-attending clinicians 79 (68.1%). Participants from
Internal Medicine, Emergency Medicine, and other departments accounted for 45.7% (N = 53), 44.0% (N
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= 51), and 10.3% (N = 12), respectively. The clinicians had a strong interest in order sets for pain
management. A majority (88.8%) was interested in having an order set for pain management; 90.5%
were interested in using an order set with clinical decision support functions for alternative pain
management to opioids. Nearly 89% agreed that order sets make order placement easier, and over half
(55.2%) clinicians agreed that it requires less work to use order sets compared to standalone orders in
the current EHR.

Figure 2. UTAUT model applied to the study.

Behavioral
intention

Social
Influence

Facilitating

conditions

Three out of four major constructs, performance expectancy, social influence, and facilitating conditions,
have statistical significant impacts on clinicians adoption intention, which are consistent with previous
studies on factors impacting clinicians’ technology adoption intention by using UTAUT framework.(30-33)
Figure 2 displays the mechanism we identified in this analysis.(19) Our study found that social influence
has the strongest impact (Odds ratio = 5.25, p-value = 0.015) on clinicians’ intention to use order sets in
EHR among the four constructs in our UTAUT model. Social influence has been found to be a strong
factor which impacts physicians EHR adoption in extant research via various research methods, (30, 34-
37) although the impact level varied across studies. We found that performance expectancy has the
second strongest impact on clinicians’ intention to use the order sets (odds ratio = 3.32, p-value = 0.013).
On the contrary to previous studies, we found that the effort expectancy does not have a statistically
significant impact on clinician’s intention to use the order sets. We also found trends across gender and
clinician types. Contrary to our expectation, facilitating conditions, particularly related to EHR training,
were negatively associated with intention to use. Since the question asked about order sets, although we
are not able to verify, it is possible that those who are more experienced with the EHR had other
preferences such as quick-list or order panels.

Discussion

Findings of the study highlight the importance of performance and the technological culture present in
the health system in understanding the barriers to order set use. Under the UTAUT framework, we found
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that the acceptance of order set use for pain management may be steered by its ability as CDS, peer
usage, organizational endorsement, and smooth integration. Ensuring that order set design is configured
to improve quality metrics and having organizational leadership support to raise awareness may increase
acceptance. Ensuring that clinicians across experience levels receive the same training and environment
may provide more support to order set use. Future work may also investigate detailed clinician
characteristics to determine acceptance. While we considered broad factors in developing our research
questions and questionnaires, future studies could assess respondents’ attitudes in terms of their specific
user preferences as well as their perceptions on having educational initiatives for the same. Qualitative
analysis on open-ended free-text responses could provide additional insights.

Conclusions

This study attempted to identify the barriers of order set adoption for pain management and suggests
future directions in designing and implementing CDS systems that can improve order set adoption by
clinicians. Study findings imply the importance of order set effectiveness, peer influence, and EHR
integration in determining the acceptability of the order sets.

Significance

Clinical decision support presents healthcare providers with relevant clinical knowledge and patient
information to improve health and healthcare delivery(38). Examples of CDS include computerized alerts,
diagnostic support, visualized summaries, and many other modalities(39). One of the key areas for CDS
is within computerized physician order entry (CPOE). Adopted by over 95% of the US’ non-federal acute
hospitals,(40) CPOE allows clinicians to place medical orders electronically, and is one of the most
important phases in patient care. Since a majority of potential adverse drug events occur as a result of
errors during order placement(41), CPOE also is an area that can be targeted to reduce medical
errors(41). A classic CDS for order entry in CPOE is an order set. Order sets present multiple orders for
a particular clinical purpose as a set, with appropriate default settings, for clinicians to select(42). Despite
order sets’ common presence in CPOE and expected benefit, evidence on the mechanism of how order
sets facilitate better care processes and outcomes in inpatient and emergency room (ER) settings
remains limited.(43, 44) Addressing the knowledge gap, this study investigated the mechanisms of order
set and care outcomes while controlling for patient characteristics.

Implications

Findings from the study may lead to strategies to improve clinical decision making and evaluate care
quality. They may also lay the groundwork for prospective large-scale and interventional studies to
strategize safe and efficient care practices through order sets that have sufficient clinician uptake. For
example, hospitals may track order set use as part of performance metric to encourage higher usage of
well-designed order sets and to evaluate the adherence of best practices. In addition, our findings
suggest order sets lead to smaller care variations in certain population such as patients with sepsis.
Thus, order sets may be used to ensure consistent and equitable care for patients. Through a survey
using pain management as a use case, this study also identified factors to be considered when
incorporating order sets. Identified factors represented the importance of performance expectancy, social
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influence, and facilitating conditions in using order sets. Insights into barriers of order set use are crucial
to understand in implementing system-level changes to ensure its efficacy in patient care.
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