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ABSTRACT

Objective: We quantify the use of clinical decision support (CDS) and the specific barriers reported by ambula-

tory clinics and examine whether CDS utilization and barriers differed based on clinics’ affiliation with health

systems, providing a benchmark for future empirical research and policies related to this topic.

Materials and Methods: Despite much discussion at the theoretic level, the existing literature provides little em-

pirical understanding of barriers to using CDS in ambulatory care. We analyze data from 821 clinics in 117 medi-

cal groups, based on in Minnesota Community Measurement’s annual Health Information Technology Survey

(2014-2016). We examine clinics’ use of 7 CDS tools, along with 7 barriers in 3 areas (resource, user acceptance,

and technology). Employing linear probability models, we examine factors associated with CDS barriers.

Results: Clinics in health systems used more CDS tools than did clinics not in systems (24 percentage points

higher in automated reminders), but they also reported more barriers related to resources and user acceptance

(26 percentage points higher in barriers to implementation and 33 points higher in disruptive alarms). Barriers

related to workflow redesign increased in clinics affiliated with health systems (33 points higher). Rural clinics

were more likely to report barriers to training.

Conclusions: CDS barriers related to resources and user acceptance remained substantial. Health systems,

while being effective in promoting CDS tools, may need to provide further assistance to their affiliated ambula-

tory clinics to overcome barriers, especially the requirement to redesign workflow. Rural clinics may need more

resources for training.
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INTRODUCTION

Clinical decision support (CDS), a key component of an electronic

health record (EHR), is generally defined as tools to enhance decision

making in the clinical workflow.1 Examples of CDS tools include com-

puterized alerts and reminders to care providers and patients, and pre-

established condition-specific order sets based on clinical guidelines

that can improve the receipt of recommended care by targeted

patients.1 Because of its potential for reducing medical errors and im-

proving quality of care,2 CDS featured prominently in the Center for

Medicare and Medicaid Services Meaningful Use (MU) program, first

established in 2009 to provide financial incentives to hospitals and

physicians for adopting and using EHRs. To receive funding in each

stage of MU, healthcare providers had to meet specific CDS require-

ments, including the number of decision support rules, medication
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alerts, and the use of patient registries.3 Partly driven by government

incentive policies, the variety of CDS tools and the proportion of pro-

viders using CDS increased significantly in recent years.4 While the ma-

jority of published studies of CDS reported positive effects on clinical

and patient outcomes, in some cases, the benefits were not as large as

expected or not realized at all.5 The varying effectiveness of CDS has

been attributed to particular contextual or implementation factors,

such as provider education and training.5 In the existing literature,

there has been discussion of challenges and barriers to adopting and us-

ing CDS,6 but the empirical understanding is mostly limited to case

studies,7 qualitative analyses,8 and surveys focusing on physician satis-

faction.9 In particular, to our knowledge, there have been no studies

quantifying the magnitude of major barriers to using CDS in ambula-

tory care.

The rapidly changing landscape of healthcare delivery, especially

the significant expansion of health systems due to an increase of

mergers among hospitals and their acquisitions of physician practi-

ces,10 will likely impact whether and how providers use CDS. On

the one hand, health systems, functioning as parent organizations of

hospitals, ambulatory clinics, and other care providing units (such

as nursing homes), may facilitate the implementation and sharing of

enterprise-wide EHRs that include CDS as a component, and

thereby reduce barriers faced by providers in using the technology.

On the other hand, being a part of a health system may require an

ambulatory clinic to quickly “migrate” to a new EHR with a differ-

ent CDS design, which potentially entails changes in care processes

and thus creates barriers to using CDS.

During recent years, there have been important progresses in

CDS technologies and standards, such as CDS hooks11 and Fast

Healthcare Interoperability Resources (FHIR)–based platforms.12

These new advancements can potentially facilitate the integration of

decision support mechanisms into existing EHRs, the exchanges of

patient information among care providers, and the utilization of

more current and expanded evidence base. However, CDS hooks

and FHIR are still in the early stage of being adopted,13 and their

impact on care delivery has not been empirically assessed yet.

We analyze a unique dataset containing information about the use

of CDS and barriers reported by ambulatory clinics in Minnesota,

which is among the states leading the efforts of adopting EHR and

CDS. These clinics’ experience with CDS can be valuable for providers

in other regions as CDS adoption increases nationwide. This study

expands the empirical literature on CDS in 3 ways. First, we document

the longitudinal trends (2014-2016) of CDS use and barriers reported

by ambulatory clinics, allowing examination of the change over time.

Given the lack of understanding in the existing literature of the magni-

tude of barriers to CDS adoption and use in ambulatory care, our find-

ings serve as an important benchmark. Second, we examine 7 specific

barriers relevant to 3 distinct aspects of using CDS: resource barriers,

user acceptance barriers, and technology barriers. Third, given the in-

creasing role of health systems in care delivery14 and EHR implemen-

tation,10 we compare CDS use and barriers in clinics that were

affiliated with health systems to those that were not. Although our

data extend to only 2016, the information reported by these clinics on

CDS use and barriers, such as issues related to clinical workflows and

false alarms, are consistent with the major ongoing concerns in the

field.15–17 Moreover, as the CDS continues to be adopted by ambula-

tory providers and the influence of health systems increases, the key

insights from this study have current relevancy, even if the magnitude

of some barriers may have changed after 2016. Our findings can in-

form care providers, EHR vendors, health system administrators, and

future policies to improve CDS utilization.

MATERIALS AND METHODS

Data and sample
We use 2014-2016 data from the Minnesota Health Information

Technology Ambulatory Clinic Survey (MN-HIT), conducted annu-

ally by Minnesota Community Measurement.18 The first wave of

the MN-HIT was completed in 2014 by 1316 clinics in 234 medical

groups, with a response rate of 90%. More than half of these clinics

were affiliated with 20 health systems. The survey successfully

retained responses from most of these clinics in 2015 and 2016,

with 928 clinics (71% of the 2014 sample) responding in all 3 years.

The data contain detailed information on the adoption and use of

EHRs and CDS, as well as barriers to using CDS. The same data

source has been used and discussed in previous studies on related

topics.19,20

To identify whether a particular clinic belongs to a health sys-

tem, we compare the clinics and medical groups in the MN-HIT to

the Medicare Provider Enrollment, Chain, and Ownership System

(PECOS) database21 and the Healthcare Information and Manage-

ment Systems Society (HIMSS) annual surveys of ambulatory clinics,

provided by the HIMSS Analytics LOGIC Market Intelligence Plat-

form. We consider a health system as an organization that owns at

least 1 hospital and 1 group of physicians, following the definitions

of health systems developed by the Agency for Healthcare Research

and Quality and the RAND Center of Excellence on Health System

Performance.22,23 Both PECOS and HIMSS identify affiliations with

health systems by ownership or management.20 For clinics and med-

ical groups that cannot be located in either PECOS or HIMSS, we

use information from these provider organizations’ website to deter-

mine whether they belong to health systems. Because we aim to un-

derstand barriers among CDS users, we only include clinics that

reported using CDS in all 3 years. The final study sample is a bal-

anced panel of 821 clinics (62% of the 2014 sample) in 117 medical

groups from 2014 to 2016.

Outcomes: use of CDS tools and barriers
Several frameworks for innovation and diffusion have theorized the

major aspects of barriers to adopting and using new technology.24

The Technology Acceptance Model (TAM)25 and the Resource-

Based Theory (RBT)26 are particularly relevant in the context of

CDS adoption and use. The TAM links the level and success of

technology use to the interaction between the (perceived) usefulness

of the technology and the behavioral intention of the targeted users.

Based on the TAM, the key barriers to using technology include

user resistance or unwillingness due to the (perceived) limited effec-

tiveness or high cost (eg, disruption of current process).27 By con-

trast, the RBT focuses on the resources, the readiness, and the

competencies of the potential recipients of technology (eg, available

resources for training and maintenance). In the MN-HIT survey,

clinics reported whether they used the following CDS tools in each

year (Table 1): automated reminders for missing labs and tests,

chronic disease care plans and flow sheets, clinical guidelines based

on patient problems list; high-tech diagnostic imaging decision sup-

port tools, medication guides/alerts, patient or condition-specific

reminders, and preventive care services reminders. Additionally, the

survey asked all clinics whether they face the following 7 specific

barriers when using decision support at the point of care (Table 1):

lack of resources to build/implement, lack of staff and/or provider

training, requires a redesign of workflow processes, too many false

alarms/too disruptive, requires a system upgrade, software not

available, and hardware issues. Corresponding to the TAM and
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RBT, we categorize the 7 reported barriers (Table 1) in the survey

based on whether they are mainly related to resources, user accep-

tance, or technology. Based on the responses to these questions

(yes/no), we create an indicator for each CDS tool and barrier, as

well as a count variable for the total number of barriers in each

year. These indicators and the count of barriers are the main out-

comes for the analysis.

Explanatory variables: Characteristics of clinics and

medical groups
We examine the association between reported CDS barriers and

characteristics of clinics and medical groups, including clinic type

(primary care vs specialty or mixed), location (urban vs rural), num-

ber of physicians in a clinic (1-19 vs 20 or more), number of clinics

in a medical group (1; 2-10; 11-20; 21 or more), and an indicator

for a clinic’s affiliation with a health system (yes/no).

Additionally, we include in our analysis 4 important measures

that reflect the comprehensiveness of a clinic’s CDS and EHR sys-

tem, and a clinic’s length of experience in using EHR: (1) a count

variable (range, 0-7) based on whether a clinic has each of the 7

CDS tools; (2) a count variable (range, 0-7) based on whether a

clinic has a set of core EHR functionalities; (3) a count variable

(range, 0-6) reflecting the scope of the e-prescribing functions; and

(4) the timing of EHR implementation (2011 or before; 2012-2013;

2014-2016), used as a proxy for a clinic’s overall experience with

health information technology. The details of the 2 measures for

EHR comprehensiveness can be found in Supplementary Tables A1

and A2.

Finally, we control for these clinics’ EHR vendors in our analy-

sis, using indicators for any vendors that show at least 3% of share

in our sample in any given year. The remaining vendors (ie, <3% of

shares in all years) are grouped together. Recent studies have shown

that different EHR vendors lead to variations in hospital perfor-

mance based on MU criteria,28 and hence may have implications on

materializing the productivity of health information technology in

general.

The Human Subjects Protection Committee, which is the Institu-

tional Review Board of RAND Corporation, has determined that

the study is minimal risk and approved a waiver of consent for using

the corresponding secondary data.

Analysis
We first examine the trends of CDS utilization and barriers reported

by the clinics in our sample and test whether the changes over time

are statistically significant. Linear probability (regression) models

are then employed to test whether the reported barriers are associ-

ated with clinic and medical group characteristics. Next, using the

subgroup of the clinics that reported at least 1 barrier in 2014, we

explore possible predictors of change in the count of barriers over

time, also with a linear probability model. Specifically, we create an

indicator for barrier reduction by comparing the number of barriers

reported in 2014 to that reported in 2016 (1 ¼ fewer barriers

reported in 2016; 0¼ same number or more barriers reported in

2016) and use the same set of explanatory variables from 2014.

Also, considering the important differences between large (with 21

or more clinics) and small medical groups (with 20 or fewer clinics),

we conduct a subsample analysis using clinics in small medical

groups with the same specifications. Finally, to ensure that our

results are robust, we conduct sensitivity analyses using logistic re-

gression models.

Fixed effects for time periods are included in all models. Stan-

dard errors are clustered at the medical group level to adjust for

intragroup and serial correlations.

RESULTS

Table 2 presents the characteristics of the study sample by year. The

majority of the clinics in our sample provided at least some specialty

care (57%), had 19 or fewer physicians (86%), were in medical

groups with 21 or more clinics (58%), and were located in urban

areas (82%). Over the study period, the proportion of clinics affili-

ated with (owned or managed by) health systems slightly increased

from 60% in 2014 to 62% in 2016. Most clinics (87%) imple-

mented EHR in 2011 or earlier. Among all EHR vendors reported in

our data, Epic (Epic, Verona, WI) had a dominant share and in-

creased over time (48% in 2014 and 59% in 2016).

The use of different CDS tools and the reported barriers are sum-

marized in Figures 1 and 2, with additional results available in Sup-

plementary Table A3. By 2016, almost all clinics (98%) used

electronic medication guides and alerts, whereas only 61% of clinics

used high-tech diagnostic imaging. While the use of all CDS tools in-

creased over time, the largest increases occurred in the use of clinical

guidelines based on patient problem list (from 77% in 2014 to 92%

in 2016) and chronic disease care plans (from 74% in 2014 to 84%

in 2016). Overall, clinics affiliated with health systems used more

CDS tools than did those not in health systems. In 2014, 55% of

system-affiliated clinics used all 7 CDS tools, and the proportion in-

creased to 66% in 2016. In comparison, among clinics outside

health systems, only 30% used all 7 CDS tools in 2014 and 38% in

2016.

In 2014, 83% of the clinics reported at least 1 barrier, and the

proportion decreased slightly to 80% in 2016. Barriers related to

user acceptance and resources were substantial. By large margins,

the 4 most commonly reported barriers were “too many false alarms

or too disruptive” (51% in 2014 and 56% in 2016), “lack of re-

source to build or implement” (51% in 2014 and 48% in 2016),

“requires a redesign of workflow processes” (28% in 2014 and

45% in 2016), and “lack of staff or provider training” (40% in

Table 1. List of CDS tools and barriers included in the survey

CDS tools used by clinics

Automated reminders

Chronic disease care plans and flow sheets

Clinical guidelines based on patient problems list, gender, and age

High tech diagnostic imaging

Medication guides/alerts

Patient-specific or condition-specific reminders

Preventive care services reminders

Barriers to CDS use

Barriers related to resources

Lack of resources to build/implement

Lack of staff and/or provider training

Barriers related to user acceptance

Requires a redesign of workflow processes

Too many false alarms/too disruptive

Barriers related to technology

Requires a system upgrade

Software not available

Hardware issues

CDS: clinical decision support.
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2014 and 30% in 2016). In contrast, barriers related to technology

were only reported by a small fraction of the clinics in 2014, and

they decreased further in 2016. Over time, the 2 resource barriers

decreased while both user acceptance barriers increased. Compared

with clinics outside health systems, those affiliated with health sys-

tems were more likely to report barriers related to resources and

user acceptance but were less likely to report technology barriers.

For example, 54% of clinics affiliated with health systems reported

barriers due to workflow redesign in 2016, whereas for clinics with-

out system affiliation, the proportion was only 31% in the same

year. On average, system-affiliated clinics had 2 barriers in 2014,

which increased to 2.2 in 2016. In contrast, clinics not affiliated

with health systems reported an average of 1.8 barriers in 2014,

which decreased to 1.5 in 2016.

Based on the estimates from the linear probability models using

the whole sample (Table 3), several factors were significant predic-

tors of barriers related to user acceptance. Clinics in rural areas

were less likely to report issues in workflow redesign (13 percentage

points lower) relative to other clinics. Clinics affiliated with health

systems were more likely to report excessive or disruptive alarms

(21 percentage points higher), and so were clinics in large medical

groups (43 percentage points higher for medical groups with 21 or

more clinics). Clinics using more EHR functionalities were less likely

to report workflow redesign issues (15 percentage points lower for

each additional EHR functionality).

Resource barriers were associated with 2 important factors.

Clinics in large medical groups were more likely to report resource

issues in implementation than single clinics (26 percentage points

higher), whereas clinics in rural areas were more likely to report

issues in staff and provider training (22 percentage points higher).

Based on the model using longitudinal changes of the number of bar-

riers, most factors included in the analysis were not associated with

barrier reduction over time.

The results from analyzing the subsample of clinics in small med-

ical groups (with 20 or fewer clinics) show that health systems affili-

ation is associated with increased resource barriers related to

implementation (21 percentage points higher) and training (16 per-

centage points higher) (Table 3). Also, in this subsample, more re-

cent EHR implementation, between 2014 and 2016, was associated

with a lower probability of reporting CDS barriers related to work-

flow redesign (19 percentage points lower), compared with EHR im-

plementation in 2011 or earlier. Full results from the linear

probability models can be found in Supplementary Tables A4 and

A5.

Table 2. Characteristics of clinics and medical groups by year (N¼ 821)

Year 2014-2016 Percentage

Point Change

(None of the changes is

statistically significant.)

2014 2015 2016

Health system affiliation (by ownership or

management)

No 39.8% 38.7% 37.8% �2.0%

Yes 60.2% 61.3% 62.2% 2.0%

Geographic location

Rural 17.8% 17.9% 17.9% 0.1%

Urban 82.2% 82.1% 82.1% �0.1%

Type of practice

Primary care only 43.1% 42.9% 44.7% 1.6%

Specialty/mixed 56.9% 57.1% 55.3% �1.6%

Clinic size

1-19 physicians 85.9% 83.3% 84.0% �1.9%

20 or more physicians 14.1% 16.7% 16.0% 1.9%

Medical group size (number of clinics)

1 5.0% 5.0% 5.0% 0

2-10 26.4% 26.4% 26.4% 0

11-20 10.7% 10.7% 10.7% 0

21þ 57.9% 57.9% 57.9% 0

Electronic Health Record implementation

2011 87.1% 87.1% 87.1% 0

2012-2013 9.9% 9.9% 9.9% 0

2014-2016 3.0% 3.0% 3.0% 0

EHR vendor

Other 17.3% 16.2% 14% �3.3%

Allscripts 6.5% 4.5% 5.6% �0.9%

Centricity 2.8% 3.2% 1.7% �1.1%

Cerner 5.7% 6% 5.8% 0.1%

eClinicalWorks 5.6% 4.1% 5.7% 0.1%

Epic 47.9% 58% 59.2% 11.3%

Greenway 9.7% 4.1% 4.3% �5.4%

NextGen 4.5% 3.9% 3.7% �0.8%

Electronic Health Record comprehensiveness

EHR functionality scale (0-7) 4.7 4.7 5.0 0.3

E-prescribing scale (0-6) 4.6 4.7 5.0 0.4
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Finally, in our sensitivity analyses, the marginal effects estimated

from the logistic regressions were similar to the linear probability

models (Supplementary Tables A6 and A7), although the magni-

tudes and significance levels slightly increased.

DISCUSSION

While the use of CDS tools proliferated among ambulatory clinics

between 2014 and 2016, there was still much room for increasing

the scope of their utilization. By 2016, among clinics not affiliated

with health systems, only one-third were using all 7 CDS tools in-

cluded in the survey. The limited use of high-tech diagnostic imaging

in both groups was not surprising, as its cost-effectiveness has been

increasingly questioned.29,30 However, the relatively low use of au-

tomated reminders and chronic disease care plans by clinics not affil-

iated with health systems is concerning, as these 2 CDS functions

may be effective in improving patient outcomes.31,32 The level of

CDS use found in our data is consistent with another recent study

based on a different data source.33

Our findings show that, despite the accumulation of experience

with CDS by these clinics, some important barriers were consistently

Figure 1. Reported use of clinical decision support (CDS) tools for (A) all ambulatory clinics in the sample, (B) ambulatory clinics affiliated with health systems,

and (C) ambulatory clinics not affiliated with health systems by year.

Figure 2. Reported barriers to using clinical decision support (CDS) tools for (A) all ambulatory clinics in the sample, (B) ambulatory clinics affiliated with health

systems, and (C) ambulatory clinics not affiliated with health systems by year.
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reported. Workflow redesign and false alarms or disruptions, 2 major

barriers related to user acceptance, increased significantly over time.

Prior research on CDS highlighted these 2 barriers as significant fac-

tors associated with provider resistance and frustration.34,35 Our find-

ings quantified their prevalence as reported by ambulatory clinics in

Minnesota. Considering that all clinics in our sample had at least 3

years of experience using CDS by the end of 2016, these barriers seem

to be persistent. Although we do not have information on the trends

of these barriers after 2016, the observation from our data is consis-

tent with recent and current focuses in CDS policy and research.

Workflow redesign and alert fatigue continue to be the 2 main issues

in conceptualizing and understanding CDS effectiveness.15–17

The integration of workflows into CDS (or EHR in general) is key

to the success in using decision support, as outlined in the Five Rights

framework of CDS implementation.36 Between 2014 and 2015, for

clinics with health systems affiliation, there was an increase of 32 per-

centage points in the reported barriers due to the required workflow re-

design, and the level further increased in 2016. This increase could be

due to difficulties faced by clinics when working with vendors in cus-

tomizing CDS and their inability to effectively configure the adopted

CDS tools. Barriers to redesigning clinical workflows may not be appar-

ent until sometime after initial adoption and can become more conspic-

uous when clinics start their efforts to optimize CDS. Interestingly,

clinics that were not in health systems reported a much lower level of

workflow redesign issues and showed a decreasing trend, which might

reflect the lower need among these clinics to adapt because of their

slower expansion of CDS use. Although our data do not have sufficient

information to explain the exact reasons behind the clinical workflow

issues, our results indicate that, among clinics in small medical groups,

more recent EHR implementation was associated with lower barriers

related to workflows. This finding can be somewhat puzzling, as it often

takes years for providers to fully optimize EHR, and presumably, clinics

with less experience would have more challenges in integrating CDS

into workflows. Previous research suggested that late EHR adopters

were able to learn from their peers’ earlier experiences and were thus

more prepared.37,38 However, another possibility is that clinics with

more recent EHR implementation did not immediately start using some

of the important features embedded in these CDS tools that require

workflow redesign and hence reported lower barriers. Similarly, our

finding that rural clinics were less likely to report workflow redesign

issues might also be due to the more limited scope of CDS use among

these clinics. Future research may investigate this particular phenome-

non to better understand workflow redesign in the context of using

CDS. Some providers’ early experiences with CDS hooks and FHIR sug-

gest that clinical workflow integration might improve with these new

tools and emerging standards.13 Our findings support efforts to further

their adoption and use.

Barriers related to resources for implementation and training, al-

though decreasing, were still substantial by the end of the study period.

By contrast, technological barriers stemming from hardware, software,

and system upgrade were low, possibly due to overall improvements in

health information technology and vendor services. The increased ten-

dency of clinics in large medical groups to report resource barriers might

reflect the complexity of implementing and standardizing CDS in multi-

clinic settings, as well as the cost implications.39 Having the same CDS

across all clinics within a medical group or a health system can produce

Table 3. Factors significantly associated with barriers to using CDS: coefficients (percentage points) and P values (in parentheses) from lin-

ear probability models

Barriers to using CDS Associated factors Coefficient (P Value)

Entire sample (N¼ 821)

Resource barriers

Resources to implement Clinics from large medical groups (21þ clinics) 25.9 (.05)

EHR vendor eClinicalWorks compared with other vendors �21.4 (.02)

Staff and provider training Clinics located in rural areas 22.0 (<.01)

User acceptance barriers

Workflow redesign Clinics located in rural areas �12.7 (.03)

EHR functionality scale �14.6 (<.01)

Year of survey—2015 21.3 (.014)

Year of survey—2016 21.5 (<.01)

Too many alarms or disruptive Clinics affiliated to a health system 20.9 (.05)

Clinics from large medical groups (21þ clinics) 43.1 (<.01)

EHR vendor Centricity compared with other vendors 37.8 (.02)

EHR vendor Greenway compared with other vendors 34.7 (<.01)

Reduction of barriers EHR vendor Allscripts compared with other vendors 46.2 (.05)

Small group (n¼ 346)

Resource barriers

Resources to implement Clinics affiliated to a health system 21.2 (<.01)

Clinics with 20 or more physicians �18.9 (<.01)

Year of survey—2016 �14.1 (.04)

Staff and provider training Clinics affiliated to a health system 16.2 (.03)

Clinics with 20 or more physicians �12.2 (.03)

User acceptance barriers

Workflow redesign EHR system implemented in 2014-2016 �19.2 (.05)

EHR vendor Greenway compared with other vendors �25.1 (<.01)

Too many alarms or disruptive EHR vendor Centricity compared with other vendors 32 (.04)

Reduction of barriers No factors associated to this barrier –

The full results from the linear probability model can be found in Supplementary Tables A4 and A5.

CDS: clinical decision support; EHR: electronic health record.
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efficiencies, but if providers in these clinics vary significantly in their

clinical processes, some may face barriers when using such tools. To

build a good alert and reminder system in CDS requires high levels of

specificity and sensitivity,40,41 which can be particularly difficult to

achieve in large medical groups with considerably heterogeneous pro-

viders. We also find that rural clinics were more likely to report resource

barriers related to staff and provider training, suggesting that these clin-

ics may need targeted assistance after CDS adoption to fully leverage

the technology in their care delivery.

Finally, clinics in health systems showed a much higher level of

using alerts, reminders, and chronic disease care plans, which also

seemed to have led to more frequent reporting of false alarms and

disruptions. Although health systems may become the driving force

for EHR and CDS adoption in ambulatory care,42 their effectiveness

in reducing barriers, and thus improving the actual experience of us-

ing CDS, was not reflected in our data. On the contrary, among clin-

ics in small medical groups, affiliation with a health system was

associated with significantly increased resource barriers, possibly

due to their need to quickly adapt to the health system’s enterprise-

wide EHR and CDS, but without sufficient resources allocated for

implementation and training.

In recent years, the increasing trend of using CDS that incorpo-

rates artificial intelligence (AI)43 and large scale health data ex-

change partnerships, such as Observational Health Data Science and

Informatics (OHDSI),44 may help care providers overcome some of

the key barriers to using decision support. For example, AI and ma-

chine learning tools can potentially tailor alerts and reminders based

on the specific preference and expertise of physicians,45 whereas

OHDSI and other similar partnerships enable the utilization of a

more expanded evidence base and more standardized data ex-

change.46 As a result, CDS use may be less constrained by providers’

own EHRs and the need to change clinical workflows. However, to

effectively and safely implement these technological advancements

in CDS can be challenging and requires rigorous and real-time evalu-

ations.43 More research is needed to fully understand the impacts of

AI, OHDSI, and FHIR on CDS use.

Limitations
Our study has important limitations. First, our data do not extend

beyond 2016 and may not capture the trends in CDS use and bar-

riers afterward. Nonetheless, the main insights from our analyses

are unlikely to have changed in most recent years, as new CDS tech-

nologies have not been widely adopted yet, while managerial practi-

ces that can reduce user acceptance barriers take considerable time

to establish. Second, we only have data from Minnesota, and our

findings may not be generalizable to clinics in other states. However,

Minnesota is considered one of the leading states in health informa-

tion technology,47 and the experience of clinics may provide useful

lessons to other regions as CDS adoption continues. Third, the MN-

HIT data do not contain important organizational characteristics

such as leadership, governance structures, and information technol-

ogy management processes, which can significantly affect CDS use

and the potential barriers encountered. Fourth, the count variables

measuring the comprehensiveness of CDS and EHR used in the anal-

ysis may not fully characterize their complexity and heterogeneity

across clinics because the same CDS tool or EHR functionality can

be designed and configured in different ways. Finally, the main out-

comes in this study, the use of CDS and barriers, are based on binary

responses to survey questions at the clinic level, which are subject to

measurement errors and do not capture the intensity of CDS use and

the severity of barriers.20

CONCLUSION

Despite the continuing diffusion of CDS in ambulatory care, a sig-

nificant proportion of ambulatory clinics reported barriers to using

the technology. Issues with clinical workflows and resources pre-

vailed or even increased over time. Affiliation with health systems

was associated with increased barriers. Health systems may need to

target certain clinics when allocating resources for implementation

and training, providing assistance to effectively bridge the gap be-

tween CDS and clinical workflows, and reduce alert fatigue. Rural

clinics may need more training resources. Our findings also echo

the advocacy to establish federal leadership in advancing CDS

standards and creating a national CDS repository,48 which can po-

tentially facilitate and coordinate CDS implementation, training,

and workflow redesign across the board. For clinics outside health

systems, there may need to be policies to further incentivize the ex-

pansion of CDS use.
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