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The potential for artificial intelligence (AI) to transform healthcare has been both championed and 
challenged. In 2019, KLAS published our first research on healthcare AI data science solutions, 
exploring healthcare organizations’ clinical, financial, and operational use cases and the early 
outcomes they were achieving. An update to that research, this report examines how outcomes 
and customer satisfaction have evolved in the years since. Though progress has been somewhat 
hamstrung by the financial and operational constraints of COVID-19, many of the organizations 
interviewed for this research have found results by focusing on the right problems.

Healthcare AI 2022
Proven Outcomes with Data Science Solutions

ClosedLoop.ai Provides Top-Shelf Experience; Satisfaction with Health Catalyst 
Surges Following Increase in Prescriptive Guidance

Customers are highly satisfied with ClosedLoop.ai, who is used 
by both payer and provider organizations to improve risk scores, 
decrease readmissions, close care gaps, and reduce claims 
denials. Reported strengths include strong implementations and 
consultative partnering and guidance. The vendor excels at helping 
customers identify the root problems they want to solve and then 
find models that will deliver the desired results. Additionally, 
ClosedLoop.ai is highly involved in change management, sharing 
best practices, and helping organizations implement them; this 
leads to better physician adoption and thus better outcomes (see 
next chart). One potential hindrance is the need for technical 
resources within the customer organization to support the solution 
and monitor the models.

Trend in Overall Performance Score  
December 2020 vs. December 2021  (100-point scale)

Overall Score Dec. 2021

50.0 100.0

Overall Score Dec. 2020

Note: Though KenSci and Medial EarlySign provided case studies for this report, they 
are excluded from the performance charts due to insufficient data.

*Limited data

Customer satisfaction with Health Catalyst has jumped sharply over the last year as the company has improved at digging into customers’ data 
and providing prescriptive guidance as to where they should focus their AI efforts. Customers report that this guidance enables them to focus 
on the right populations and problems. They speak highly of the vendor’s expertise and willingness to help them achieve their goals. Newer AI 
customers in particular have experienced close partnering during implementation. 

Cerner 78.2 Insufficient data(n=18)

ClosedLoop.ai 96.591.7*(n=6) (n=18)

Epic 81.2 84.6(n=33) (n=22)

Health Catalyst 93.2*75.0*(n=7) (n=7)

Jvion 70.7* 78.0(n=8) (n=17)

Struggling Jvion Customers Leaving Due to 
Unmet Outcomes and Financial Constraints

Citing pandemic-related financial constraints and a lack of 
worthwhile outcomes, a high number of Jvion customers have 
left the previous market share leader. KLAS has validated that 
of the 38 clients Jvion reported to KLAS in 2019, at least 12 no 
longer use the product (Jvion has not shared an updated client 
list). Organizations that are staying say that to make the system 
impactful, they need more proactive support to promote adoption 
and turn the models’ data into actionable insights. They also want 
the prescriptive outputs to better integrate into EMR workflows. 
A couple of respondents say progress is finally being made 
following major leadership changes over the last couple of years.

Keeps All Promises and Would You Buy Again
Percent of respondents who answered yes; vendors ordered alphabetically

Keeps all promises

0% 100%

Note: Though KenSci and Medial EarlySign provided case studies for this report, they are excluded 
from the performance charts due to insufficient data. Additionally, though examined in past KLAS 
research, DataRobot is also excluded due to insufficient data. They declined to provide candidates 
for case studies.

*Limited data

Cerner
(n=17)
(n=17)

84%
78%

ClosedLoop.ai
(n=18)
(n=18)

100%
100%

Epic
(n=31)
(n=29)

91%
81%

Health Catalyst
(n=6)
(n=7)

100%*
100%*

Jvion (n=7)
(n=8)

50%*
46%*

Would you buy again

This report includes two 
types of data: (1) customer 
satisfaction ratings for several 
key performance metrics, and 
(2) case studies from individual 
organizations detailing their 
use cases, outcomes, and 
lessons learned. Summaries 
of the case studies are shared 
on the following pages. The 
complete case studies can be 
found in the full report.

https://klasresearch.com/report/healthcare-ai-2019/1291


Ease-of-Use Challenges Can Hinder Outcomes for Cerner and Epic Customers

Though Cerner and Epic EMR users often turn to their enterprise 
vendors for AI capabilities, ease of use is a concern and can hinder 
outcomes. Epic customers can choose a limited number of prebuilt 
models from a broad library at no additional cost. These users 
represent the bulk of Epic’s AI customer base, and most use the 
models for clinical use cases. A growing number of customers are 
starting to also license Cognitive Computing Developer Platform, 
which allows for custom model deployment. Customers feel the 
prebuilt models are generally well integrated into their workflows. 
However, many report that testing these models and getting them to 
a state where they are delivering outcomes requires a significantly 
larger lift than expected. Epic’s customer support is typically a 
strength, and many respondents say it is easy to get ahold of the 
support resources. Feedback on training and proactive guidance is 
mixed—some describe the documentation as strong, and others feel it 
lacks needed information. Customers must pay for additional prebuilt 
models (beyond those that are free), leading 25% of respondents to 
mention nickel-and-diming as a frustration. Despite a few challenges, 
customers are optimistic about Epic’s direction and believe the 
vendor will help them achieve their goals.

Adoption of Cerner’s AI solutions has recently grown. Users of the 
prebuilt ML models (referred to as Managed ML Models) report more 

success than those who develop their own models (via HealtheDataLab). Regardless of which solution they are using, many respondents report difficulty 
getting the models up and running. Users of the prebuilt models are more likely to report guidance from Cerner on how to utilize the data, and they are 
also more likely to report achieving desired outcomes (e.g., reduced readmissions and improved care management). Customers that choose to build 
their own models struggle more and say they would benefit from additional training, documentation, and guidance to help them achieve desired results.

Summary of case studies

Case Study Summaries To more deeply explore the current state of healthcare AI, KLAS interviewed two of each vendor’s deepest AI 
adopters regarding their AI use cases and the outcomes being achieved. Summaries of the case studies are 
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Ease of use (1–9 scale) (n=83)

Hollow circle=limited dataDrives tangible outcomes (1–9 scale) (n=77)

Ease of Use vs. Drives Tangible Outcomes

Note: Though KenSci and Medial EarlySign 
provided case studies for this report, they are 
excluded from the performance charts due to 
insufficient data.
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shared below. The complete case studies can be found in the full report. These case studies are meant to both showcase specific vendor capabilities 
and encourage healthcare organizations that have not harnessed AI technology to consider how it could benefit their organizations.

Case Study #1: Encompass Health

Case Study #1: Healthfirst

Case Study #1: OhioHealth

Preventing Readmission in Post–Acute Care Population: Using 
two models that predict likelihood of hospital readmission during 
and after a post–acute care stay, Encompass Health has decreased 
readmissions and seen financial benefits. Getting buy-in and adoption 
from those who would use the information was key to success.

Improving Care Plan Adherence and Reducing 
Readmission Risk: Healthfirst uses their models to identify 
and then reach out to patients at risk for readmission or for 
care plan noncompliance, employing different reach-out 
methods based on the patient’s risk level.

Achieving Clinical Benefits with Prebuilt Models: OhioHealth 
has implemented 17 AI models, 10 of which are prebuilt models 
from Epic. Results include improved sepsis monitoring and 
reduced length of stay. They recommend engaging key 
stakeholders and creating a long-term maintenance plan.

Improving Organization Challenges with a Combination of 
Prebuilt and Custom Models: UW Health utilizes prebuilt models 
to help them reduce readmissions and sepsis rates and leverages 
custom models to prevent falls and intervene earlier in sepsis 
cases. They recommend doing your homework to decide when it 
would be best to use prebuilt vs. custom models.

Using a Command Center to Improve Hospital Operations: 
Northern Light Health’s command center has utilized AI 
algorithms to improve patient flow management and real-time 
visibility to help with decision-making. Building trust and 
encouraging adoption were key areas of focus.

Automated Identification of Care Management Candidates: 
To optimize their limited number of care management resources, 
Medical Home Network uses a cost-of-care AI model to identify the 
top 4% of patients who should be prioritized for care management. 
Another model helps them identify patients at risk for readmission.

Case Study #2: Northern Light Health

Case Study #2: Medical Home Network (MHN)

Case Study #2: UW Health



Note: Jvion declined to provide 
candidates for case studies.

Recommendations from Successful Organizations 

Preimplementation
• Analytics solutions are foundational to AI and often need to be 

implemented before predictive/prescriptive models.
• Identify the problem you are trying to solve. Then determine 

whether AI is the right solution for the problem.
• Set meaningful, clearly articulated goals for your use cases.
• An out-of-the-box solution is a great place to start, but the 

models will require examination before the predictions or 
prescriptive output can be implemented.

• For each use case, collaborate and get buy-in across teams 
before, during, and after the implementation; create an inclusive 
governance structure that represents all stakeholder groups and 
plan carefully for change management.

“I often see people who want to throw AI at everything, but it isn’t 
the right solution for every problem. We run about 10 models. We 
get a very high ROI from all of those models because we were very 
prescriptive in determining which scenarios we could use AI in to 
really deliver value. Good opportunities for AI are scenarios that 
require a lot of data. People should focus on use cases where they 
need AI to learn a lot of data and predict various conditions. Not 
everything is a good use case for AI.” —CIO

Implementation
• Don’t get hung up on perfecting the incoming data. The 

machine learning needs to happen with your data as it really is.
• Plan for the model testing to take more time and resources 

than expected.

• Don’t spend too much time trying to perfect a model. Models 
that are “good enough” can still drive significant outcomes.

• Figuring out how to operationalize the model (i.e., defining the 
intervention) often requires more work than the actual build.

• Foster buy-in and adoption by helping end users understand 
the models and how the data is generated.

“The biggest challenge with AI is operationalizing the models. 
We could create models left and right all day long, but they don’t 
mean anything until they are put into operation and can make a 
difference in decision-making.” —VP

Change Management & Long-Term Success
• Drive long-term outcomes and prevent model drift by making 

sure your team is educated and ready to support the models, 
which will need continued iteration.

• For long-term success, integrate the models into processes 
and systems, especially the EMR.

“I would tell people to go in with a pretty open mind because 
there is more to learn than people think. People are probably 
better off going in with an open mind about the possibilities rather 
than demanding x, y, and z. Developing the models is a very 
iterative process.” —VP
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2

2

2

This material is copyrighted. Any organization gaining unauthorized 
access to this report will be liable to compensate KLAS for the full retail 
price. Please see the KLAS DATA USE POLICY for information regarding 
use of this report. © 2022 KLAS Enterprises, LLC. All Rights Reserved.

Case Study #1: ChristianaCare

Case Study #1: Geisinger Health System

Case Study #1: SCAN Health Plan

Case Study #2: INTEGRIS Health

Case Study #2: Kaiser Foundation 
Health Plan of the Northwest

Case Study #2: 
St. Luke’s University Health Network

Enabling Better Identification of Heart Failure Patients at Risk 
for Hospital Readmission: By putting data from their AI models 
directly in their care managers’ workflows, ChristianaCare 
enables these resources to make better decisions as to which 
heart failure patients might be at risk for hospital readmission. 
Using the models has led to reduced readmissions (from well 
over 20% down to about 16%) and positive shared savings.

Targeting Improved Care Management for At-Risk Seniors: 
SCAN Health Plan uses AI to focus on the at-risk senior members 
who could most benefit from care management. They have 
improved their identification of at-risk seniors by 20%–30%.

Using AI to Identify and Target Patients Most Likely to Need 
Colorectal Cancer Screening: Geisinger Health System uses 
AI algorithms to identify the patients most at risk for colorectal 
cancer and to encourage them to receive screenings. They 
estimate that the program saves 5–6 lives per year.

Promoting Preventive Care for Members Most at Risk for 
Hospitalization from Flu or COVID-19: Kaiser Foundation Health 
Plan of the Northwest utilizes AI to identify the members most 
at-risk for hospitalization from flu or COVID-19. They then use 
these lists to contact members and encourage preventive care.

Using Augmented Intelligence to Guide Strategic Initiatives 
and Determine Areas of Focus: INTEGRIS Health uses AI to 
establish strategic benchmarks, set realistic stretch goals 
throughout their organization, and then measure improvement. 
They put strong emphasis on using the data to set the right goals 
in the right areas.

Optimizing Care Management Efforts by Assessing Population 
Needs: To ensure they are focusing their care management 
efforts on the right patients, St. Luke’s University Health Network 
created a dashboard for HEDIS metrics to help them identify high-
risk patients with conditions such as diabetes or hypertension.

https://klasresearch.com/data-use-policy


Report Information

Standard Evaluations Case Studies Estimated Customer Base 
for Measured Solution  

(# of unique organizations)# of unique 
organizations

# of individual 
respondents

Cerner 18 20 2 31-50

ClosedLoop.ai 18 20 2 11-30

Epic 33 36 2 51+

Health Catalyst 7 7 2 1–10

Jvion 8 14 — 11-30

KenSci 3 3 2 1–10

Medial EarlySign — — 2 1–10

Case Study Interviews
To more deeply explore the current state of healthcare AI, we interviewed two of each vendor’s deepest AI adopters regarding their 
AI use cases and the outcomes being achieved. Helpful insights from each of these interviews can be found in the full report. 

KLAS Performance Data
Each year, KLAS interviews thousands of healthcare professionals about the IT solutions and services their organizations 
use. For this report, interviews were conducted over the last 12 months using KLAS’ standard quantitative evaluation 
for healthcare software, which is composed of 16 numeric ratings questions and 4 yes/no questions, all weighted equally. 
Combined, the ratings for these questions make up the overall performance score, which is measured on a 100-point scale. 
The questions are organized into six customer experience pillars—culture, loyalty, operations, product, relationship, and value.

Sample Sizes
Unless otherwise noted, sample sizes 
displayed throughout this report 
(e.g., n=16) represent the total number 
of unique customer organizations 
interviewed for a given vendor or 
solution. However, it should be noted 
that to allow for the representation 
of differing perspectives within any 
one customer organization, samples 
may include surveys from different 
individuals at the same organization. 

The table to the left shows the total 
number of unique organizations 
interviewed for each vendor or 
solution as well as the total number of 
individual respondents.

Note: Some organizations may have rated more than one product.
Note: Though DataRobot has been examined in past KLAS research, customer satisfaction feedback was insufficient for the vendor 
to be included in performance charts. The vendor declined to provide candidates for case studies.

About This Report

Customer Experience Pillars

Category

Standard software 
evaluation metrics

Quality of training

Quality of 
implementation

Ease of use

Operations

Money’s worth

Avoids nickel-
and-diming

Drives tangible 
outcomes

Value

Would you buy again

Part of 
long-term plans

Forecasted 
satisfaction

Overall satisfaction

Likely to recommend

LoyaltyCulture

Proactive 
service

Keeps all 
promises

Product works as 
promoted

Product quality

Product has needed 
functionality

Supports 
integration goals

Delivery of new 
technology

Product

Quality of phone/
web support

Executive 
involvement

Relationship

The data in this report comes from two sources: (1) case study interviews with two of each vendor’s 
deepest AI adopters and (2) KLAS performance data. 
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Cerner: HealtheDataLab

KLAS Performance Insights

Figure 1 

Figure 2 
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Figure 3 
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Note: Percentages are calculated based on individual respondent counts, not unique organizations.
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Cerner Case Study #1
Preventing Readmission in Post–Acute 
Care Population

Contact 
Dayle Unger, Director of Clinical Transformation

Primary Use Case
Using prebuilt ML models to prevent hospital 
readmissions in post–acute care patients

Summary
Encompass Health has an innovation agreement with Cerner in which the vendor provides both data science and strategic AI 
consulting. To reduce the readmission rate within their post–acute care population, Encompass Health partnered with Cerner 
to focus on two models: (1) the acute care transfer-prediction model, which calculates the chance a patient’s condition will 
deteriorate and the patient will be transferred back to an acute care hospital, and (2) the acute care readmission risk model, which 
predicts whether a patient will be readmitted within 30 days of leaving a post–acute care facility. These two models have helped 
the organization identify the patients most at risk for a hospital readmission, both during and after a post–acute care stay.

Top Learnings and Steps to Success
•	 Focus first on big-impact areas: With help 

from Cerner, Encompass Health strategically 
chose to focus their efforts on hospital 
readmissions, an area where they felt AI could 
have a significant impact.

•	 Partner with your vendor 50/50: Encompass 
Health provided clinical data and clinical 
expertise, and Cerner contributed their models 
and expertise in data science. Cerner assigned 
dedicated data scientists to Encompass Health’s 
innovation center, and they used HealtheIntent 
to ingest data from Cerner and non-Cerner 
sources. This has significantly lightened the 
load for the customer organization.

•	 Utilize clinical leadership to get buy-in 
among clinicians and disseminate training: 
Encompass Health opted to do their own 
education and training. Cerner played a 
supportive role by making sure key leaders at 
Encompass Health had a good understanding of 
the product and of the models the organization 
would be using. Several clinical VPs and 
executives were brought in to help disseminate 
the training in a formalized fashion and get buy-
in with clinicians. Some clinicians pushed back 
on the statistical relevance of the model, so the 
VPs learned it first and them translated it for the 
clinicians in a peer-to-peer way.

Top Outcomes Achieved
•	 Increased visibility: Encompass Health’s CMO 

and CEO talk about the initiative frequently in 
employee townhalls and investor calls. They 
regularly report on the outcomes and highlight  
the great job the clinical employees are doing 
using the tools.

•	 Decrease in hospital readmissions:                   
Two years after deploying the predictive 
models, the 145-hospital organization has seen 
a   decrease in hospital readmissions. This 
has resulted in financial benefits, but more 
importantly, it means more patients are seeing 
positive health outcomes.
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Cerner Case Study #2
Using a Command Center to Improve 
Hospital Operations Contacts

Jennifer Fogel, MSN, RN-BC, Vice President, Regional 
Nursing Informatics Officer
Lori Dunivan, MS, BSN, RN, Vice President, Regional 
Informatics Officer

Primary Use Case
Using prebuilt ML models to improve hospital operations

Summary
Northern Light Health was a development partner with Cerner in using prebuilt ML models to generate real-time data and analytics 
for a command center dashboard. The organization says Cerner has been a phenomenal partner to work with. The onset of the 
COVID-19 pandemic necessitated the rapid implementation of command centers across all of Northern Light Health’s Millennium 
facilities. This broad deployment brought significant visibility to the organization’s decisions regarding where to place patients as 
COVID case counts accelerated. After command centers had been implemented in all of their Millennium facilities, Northern Light 
Health turned their attention to their CommunityWorks deployments and, in spring 2022, became the first organization to bring a 
command center live in a CommunityWorks partner facility. The additional visibility from this partner has only further improved 
the organization’s operations.

Top Learnings and Steps to Success
•	 Build trust in the data: Some staff at Northern 

Light Health initially distrusted the predictions, 
so the organization took the time to calculate 
the data manually and compare it to the outputs 
from the algorithms. The manually calculated 
numbers always fell within the predicted range, 
and this enabled the organization to quickly 
build trust among their frontline staff.

•	 Executive buy-in and inclusive governance 
structure: Anytime new technology is 
introduced—whether it be a new alert or a new 
documentation process—engagement and 
participation from the frontline people who 
will be using it is critical. Northern Light Health 
created a governance structure that includes 
a frontline nursing council. They also focused 
on executive engagement and sponsorship. 
This alignment and partnership between 
the frontline staff and executives generated 
excitement and trust in the solution.

•	 Change management: Northern Light Health 
highlights Cerner’s role in helping them with 
change management. Staff at Cerner had a 
deep understanding of the process and the 

change management that would be required, and 
they helped the customer organization bring in 
key stakeholders and consider all aspects of the 
system implementation.

Top Outcomes Achieved
•	 Visibility for executive leadership team: 

Executives have 24/7 visibility into what is 
happening at every facility in the organization, and 
they all share one source of truth.

•	 Visibility into future case load: The data allows 
the organization to estimate what the patient 
load will be at any given facility hours in advance, 
enabling them to proactively manage the patient 
flow. For instance, if a facility anticipates a high 
number of patients, they can staff up in advance 
and convert private rooms into multi-patient 
rooms. Having trusted, real-time information has 
been extremely helpful as the organization has 
worked to manage patient flow.

•	 Improved utilization of behavioral health beds: 
The model also helps the organization place 
patients in the right location and turn over beds 
faster, helping ensure limited behavioral health 
resources are available when needed.
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ClosedLoop.ai: Healthcare Artificial Intelligence: Data Science Solutions

KLAS Performance Insights

Figure 4 

Figure 5 
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Figure 6 
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Note: Percentages are calculated based on individual respondent counts, not unique organizations.
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ClosedLoop.ai Case Study #1
Improving Care Plan Adherence and 
Reducing Readmission Risk Contact 

Christer Johnson, Chief Analytics Officer

Primary Use Case
Lack of medication or care plan adherence leading  
to readmission and other issues

Summary
Healthfirst—one of New York’s largest not-for-profit health 
insurers—uses multiple models from ClosedLoop.ai to help 
them identify patients who are at risk for not adhering to 
their medication plans or who are high risk for readmission. 
They then use this information to reach out to patients and help them be more compliant with their care plans, employing different 
reach-out methods based on the patient’s risk level. Healthfirst also uses predictive models to identify patients at risk for a variety 
of other clinical issues, including avoidable hospitalization, pregnancy complications, and diabetes progression.

Note: Healthfirst is an investor in ClosedLoop.ai.

Top Learnings and Steps to Success
•	 Use prebuilt models as a starting point: 

ClosedLoop.ai’s healthcare-specific focus is one 
reason Healthfirst chose to partner with them. The 
health insurer also likes that they can use ClosedLoop.
ai’s prebuilt models as a starting point but then 
modify and tweak them for their unique needs. When 
concerns about bias are brought up, Healthfirst 
can run their models in different ways to determine 
whether bias of any kind might be impacting the 
output.

•	 Proactively monitor the models: Healthfirst has 
deployed the vendor’s ML Ops package, which allows 
them to run models on a regular basis, monitor how 
they are performing, and check for model drift.

•	 Prioritize use cases: Every use case Healthfirst 
adds requires buy-in from all relevant stakeholders, 
and they sometimes need to be strategic about how 
they do that. They note the importance of prioritizing 
possible use cases so that each use case gets the 
proper attention it needs.

•	 Partner with an AI vendor to better operationalize 
models: Healthfirst notes that organizations that 
use open-source models will find it much harder 
to operationalize the models. Machine learning 
is about leveraging math and advanced analytics 
embedded into an operational system so that the 
resulting decisions are based not on hard-coded 
rules but actual algorithms that can take a lot of 
variables into account and help organizations make 
better operational decisions. Healthfirst worked with 
ClosedLoop.ai to figure out how to share the results 
and the underlying variables in a way that they can be 
consumed by many different operational systems.

•	 Don’t wait until the data is “perfect” before jumping 
in with machine learning: Healthfirst notes that it 
is impossible to get data ready for machine learning 
without actually starting to do machine learning. An 
organization could spend years trying to get their 
data perfect for machine learning but they would still 
fail because the way data needs to be structured for 
machine learning is not the same as the way it needs 
to be structured for things people are used to, like 
reporting.

•	 Share models with other organizations: During the 
COVID-19 pandemic, Healthfirst worked with ClosedLoop.
ai to build a model that predicts the likelihood someone 
with COVID-19 will end up hospitalized or with severe 
complications. They made this model available to other 
health insurers across the country to help them identify 
which members to proactively focus on.

•	 Think about machine learning holistically: For 
machine learning to be successful, it needs to become 
part of an organization’s systems and processes. The 
data science team can’t be working independently 
from the IT team, and the predictive insights need to be 
shared in a way that clinicians can actually use them.

Top Outcomes Achieved
•	 Improved medication adherence
•	 Identification of members at risk for hospital 

readmission
•	 Identification of members at risk to leave the              

health insurer
•	 Identification of members at risk for pregnancy 

complications
•	 Identification of members at high risk                                   

for COVID-19 complications
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Organization 
Medical Home Network (MHN)

Contact 
Todd Burkard, Vice President of Data Analytics

Primary Use Case
Limited care management resource and difficulty of 
identifying best candidates for care management

ClosedLoop.ai Case Study #2
Automated Identification of 
Care Management Candidates

Summary
Prior to partnering with ClosedLoop.ai, Medical Home Network (MHN) had some manual stratification processes in place to 
help with their care management efforts. However, they realized these processes were not scalable and decided to bring in a 
technology vendor who would be a strong partner. To optimize their limited number of care management resources, Medical Home 
Network (MHN) uses a cost-of-care model from ClosedLoop.ai to identify the 4% of their population that could benefit most from 
participation in a care management program. This helps the care management staff know which members to target for outreach. 
The organization also uses another model to identify patients at higher risk for readmission.

Top Learnings and Steps to Success
•	 Use initial models to build confidence among 

the clinical staff: MHN’s proof of concept with 
ClosedLoop.ai stated that if their initial model 
could work better than the organization’s current 
process, MHN would extend their engagement 
with the vendor. The initial model was used to 
build confidence in the solution and convince the 
clinical staff that it could be operationalized. It 
took a few iterations, but ClosedLoop.ai worked 
to include more contributing factors, and the 
organization eventually achieved clinical buy-in. 
MHN notes that ClosedLoop.ai’s team was flexible 
and willing to explore any idea the organization 
came up with. They say the vendor often goes 
above and beyond to get the models created, 
implemented, and operationalized.

•	 The operational side is critical: The majority of 
the work it takes to bring a model live is done on 
the operational side, not the developmental side. 
MHN notes that ClosedLoop.ai can turn things 
around in a week or two, and then MHN spends 
another week or two evaluating. However, after 
that, the operational piece becomes critical.

•	 Make sure you understand what problem 
you are trying to solve: There can be a lot of 
confusion about where to utilize AI in healthcare, 
so before they even start building a model, MHN 
goes through a kind of checklist to pinpoint 
the root problem they are trying to solve and 
determine whether AI is the right solution.

•	 Leverage both prebuilt and custom models: MHN 
has developed models on their own, but they can 
also leverage the vendor’s toolkit or research when 
needed. They appreciate being able to leverage 
ClosedLoop.ai for the detailed work and then focus 
their own efforts on the areas in which they know 
the data better.

Top Outcomes Achieved
•	 Identification of high-spend members: With the 

cost-of-care model, MHN has been able to focus 
their care management efforts on the members 
who could most benefit from it.

•	 Decrease in readmissions: Utilizing the risk-of-
readmission model has led to a decrease in the 
number of hospital readmissions.
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Organization 
OhioHealth 

Contact 
Stephanie Risteff, Senior IT Director

Primary Use Case
Improving processes around workforce management 
and patient deterioration

Epic Case Study #1
Achieving Clinical Benefits with Prebuilt Models

Summary
OhioHealth has implemented 17 models, 10 of which are prebuilt models from Epic. They use the models to help in several areas, 
including predicting patient deterioration, improving clinical processes, and reducing their average length of stay. They say 
fostering engagement from key stakeholders and developing a long-term maintenance plan are keys to success.

Top Learnings and Steps to Success
•	 Start small and expand once positive outcomes 

have been achieved: After achieving success 
with a few initial models, OhioHealth expanded to 
additional areas. The organization now leverages 
both clinical and operational models, including 
a patient-deterioration model and a model that 
sends alerts to help with patient flow.

•	 Don’t deviate too much from the out-of-
the-box algorithms: Through trial and error, 
OhioHealth has found that success with the 
prebuilt Epic models is most likely when they stay 
close to the original models. Getting a model to 
work requires a lot of resources and training for 
the model.

•	 Epic’s models work best for clinical use cases: 
Workforce management use cases are not a good 
fit for Epic’s models since these use cases require 
data from non-Epic sources.

•	 Informatics team is responsible for the models: 
Over time, OhioHealth has moved accountability 
for the models to the informatics space, so AI is 
now part of the CMIO’s responsibilities.

•	 Position the data as a supplement to—not 
a replacement for—clinical judgment: It is 
generally hard to implement workflow changes, 
and it can be especially difficult if clinicians feel 
those changes are meant to replace their own 
knowledge. OhioHealth has found it effective 
to position the AI as an additional tool to give 
clinicians more information.

•	 Develop a long-term maintenance plan: 
OhioHealth has found that having a long-term 
sustainment plan is critical. Success with AI 
requires a high level of engagement from the care 
team up to the highest-level executives.

•	 Support for AI is not as robust as support 
for other Epic modules: OhioHealth notes 
that while the Epic team is very responsive and 
willing to engage with them, there isn’t technical 
support specific to AI like there is with other Epic 
solutions.

•	 Create a standard process for implementing 
new models: OhioHealth has a standard process 
they use for each new model to make sure they 
have clearly defined the problem they are trying 
to solve, identified all relevant stakeholders, 
walked through a checklist with Epic, prepared the 
organization to use the model, consulted a subject 
matter expert, considered the model’s ethical 
impacts, and appropriately allocated resources 
within the organization.

Top Outcomes Achieved
•	 Process improvements: OhioHealth is proud of 

how their teams work together and collaborate.
•	 Improved sepsis care
•	 Reduced length of stay
•	 Improved order search: Improvements to the 

order search have increased efficiency and have 
been a highly visible way for clinicians to see the 
benefits of the Epic models.
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Organization 
UW Health

Contact 
Frank Liao, Director of Data Science & Advanced 
Analytics

Primary Use Case
Using prebuilt models from Epic to improve hospital 
readmissions and sepsis detection; using custom models 
to reduce fall rates and improve sepsis detection

Epic Case Study #2
Improving Organization Challenges with a 
Combination of Prebuilt and Custom Models

Summary
One reason UW Health chose Epic’s AI tools is that they wanted both out-of-the-box models as well as the ability to develop their 
own custom models. As an Epic EMR customer, UW Health is also able to benefit from native integration within the Epic EMR 
workflow. One of UW Health’s hospitals uses out-of-the-box models from Epic for readmission prediction and sepsis prediction. 
Additionally, UW Health uses custom algorithms built in Cognitive Computing Developer Platform to predict and prevent at-home 
falls and improve sepsis detection.

Top Learnings and Steps to Success
•	 Ask questions to find out what people can’t do 

today that the AI could help with: For example, 
the organization saw that considering a patient’s 
fall risk was a universal precaution that should 
be taken into account at every discharge but had 
basically zero compliance. They recognized that 
the clinicians already had a crowded workflow 
and needed help remembering to refer high-
risk patients. The predictive model runs in the 
background, so it isn’t disruptive, but it prompts 
clinicians to consider fall referrals at discharge.

•	 Take an out-of-the-box approach first: To 
enable them to focus more on operationalizing 
the models, UW Health uses out-of-the-box 
models when they can. This frees them to focus 
on the hardest part, which is operationalizing the 
model through training, compliance, and so on. 
Once those things have been taken care of, they 
decide over time if they want to move to a more 
custom model. But capturing the value of a custom 
model is dependent on how well the operational 
foundation has been laid.

•	 Change management is multifactorial: First, 
model explainability is critical to actionability 
and outcomes. People will not trust or use the 
output if they don’t understand how it is being 
calculated. Additionally, every use case needs 
a multidisciplinary governance structure that 
includes not just data scientists but also clinicians. 

Endorsement from these stakeholders can generate 
confidence across the organization. Finally, each 
use case needs boots-on-the-ground clinical 
champions to help the staff understand and utilize 
the data.

•	 Develop a good relationship with your vendor: 
UW Health hasn’t engaged Epic’s specific Cogito 
implementation services, but they have stayed 
closely aligned with the vendor, and they highlight 
their strong partnership with Epic as a key to 
success. They note that Epic welcomes discussions 
about UW Health’s road map and about Epic’s future 
development plans.

Top Outcomes Achieved
•	 From the sepsis model, UW Health has seen a higher 

number of lactate orders being placed and a higher 
proportion of results coming back with evaluated 
lactate, meaning the orders are useful.

•	 Increase in number of fall referrals and interventions
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Figure 12 
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Contact 
Edward Ewen, Director of Clinical Data & Analytics

Primary Use Case
Improve identification of patients for care management 
initiatives, including identification of heart failure patients 
at risk for readmission; they have also used models to 
reduce disparities in care access among COVID-19 patients 

Health Catalyst Case Study #1
Enabling Better Identification of Heart Failure 
Patients at Risk for Hospital Readmission

Summary
When ChristianaCare initially engaged with Health Catalyst, they were looking for a partner to help with their data warehousing. 
Eventually, ChristianaCare developed an interest in applying AI to their problems, and they decided to utilize Health Catalyst for 
multiple AI models. They have had success with several models focused on improving their ACO metrics, including one focused on 
identifying and proactively intervening with heart failure patients at risk for readmission, and improving care equity for COVID-19 
patients during the pandemic.

Top Learnings and Steps to Success
•	 Start in areas that can see an immediate 

ROI: ChristianaCare’s first use case with Health 
Catalyst was in the area of value-based care. The 
organization was interested in predicting high 
utilization in the members covered by their risk-
sharing arrangements so that they could allocate 
their care management resources to the highest-
impact individuals. They also wanted to start in an 
area where the process and workflows supporting 
patient care were already in place, knowing that AI 
can only be effective if integrated into workflows 
so people can use it in their decision-making.

•	 Attack specific clinical problems that AI can 
actually help solve: ChristianaCare notes that, 
unlike other vendors, Health Catalyst doesn’t 
just provide pre-packaged models. Instead, the 
vendor provides models that are 80% of the way 
there and then partners to help the organization 
become very good and efficient at applying AI to 
their problems. They say Health Catalyst is adept 
at attacking very specific clinical problems that 
are common across health systems. Internal 
teams often propose potential AI use cases, but 
ChristianaCare is careful about examining the use 
cases up front to make sure the resulting data 
could be used to change behavior. Otherwise, the 
use case isn’t a good candidate for AI.

•	 Don’t skip the testing: It took about six months 
to develop the model, and then ChristianaCare 
spent more time testing it themselves. This was 

Organization 
ChristianaCare 

especially necessary since they were using the 
model for approximately 50,000 lives—not a small 
proof of concept.

•	 Use professional AI developers: Health Catalyst 
did a lot of the heavy lifting in terms of the data 
science work, and then ChristianaCare’s SQL 
programmers and data engineers worked alongside 
them to learn how to use and maintain the tool. 
Since then, the organization has accelerated the 
process by hiring a data scientist, and they note this 
has made a big difference.

•	 Make sure the organization is ready for AI:           
In order to successfully implement AI, health 
systems need to be organizationally ready for it 
and able to use the data to make their work more 
efficient. The bottom line is that the data should 
be able to help organizations focus their limited 
resources on the areas and patients that will have 
the greatest impact.

•	 For maximum efficiency, show the data in one 
display: To reduce readmissions among heart 
failure patients, ChristianaCare assembled a heart 
failure improvement team led by cardiologists and 
heart failure specialists and with representation 
from nursing and care management. The 
prediction model is used to build a worklist that 
stratifies patients by risk and includes any relevant 
information, like the patient’s social history and 
whether they already have a case manager 
assigned. All of this is shown in one display so the 
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Top Outcomes Achieved
•	 Reduction in heart failure readmissions: 

ChristianaCare saw a reduction in readmissions 
among heart failure patients from well above 
20% down to about 16%.

•	 Shared savings: The ACO has seen shared 
savings of around $12 million.

•	 Improved care equity among COVID-19 
patients

care managers can quickly determine how to best 
help a patient.

•	 Fail fast and move on if something isn’t 
working: When it comes to testing the models, 
ChristianaCare has found that perfection in the 
models doesn’t make an operational difference, so 
they don’t spend more than four weeks tweaking 
a model. The incremental improvements plateau 
quickly, which allows the organization to quickly 
discover whether a model works. If it doesn’t, they 
can fail fast and move on to other ideas.
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Contact 
Julie Watson, Senior Vice President & CMO

Primary Use Case
Using AI to establish strategic benchmarks, set 
realistic stretch goals for the organization, and then 
measure improvement

Health Catalyst Case Study #2
Using Augmented Intelligence to Guide Strategic 
Initiatives and Determine Areas of Focus

Summary
INTEGRIS Health has been strategic in their deployment of AI, putting strong emphasis on making sure they use their AI models to 
set the right goals in the right areas. They then set goals in key performance indicators across the entire organization so that all 
facilities are aligned in their efforts, whether that be mortality rates, readmission rates, patient experience, or no-show rates. Once 
the organization has set a KPI, it cascades throughout the organization so that all facilities are working on the same metrics. Their 
relationship with Health Catalyst has evolved from more analytics-focused work to their current AI efforts.

Top Learnings and Steps to Success
•	 Use the data to guide your improvement 

initiatives: The Health Catalyst solution shows 
INTEGRIS Health how their organization is 
performing in aggregate and also allows them 
to benchmark against similar organizations. 
INTEGRIS Health notes that Health Catalyst 
then takes things one step further by showing 
customers where there are improvement 
opportunities and how the data can be used to 
make a difference. To help customers maximize 
their limited resources, Health Catalyst also 
partners with organizations to teach them how 
to use the data to guide their analytics and their 
improvement work. INTEGRIS Health notes 
that this culture of partnership permeates the 
company and is paired with a passion for helping 
customers achieve outcomes.

•	 Don’t skip the prep work: INTEGRIS Health notes 
that they did a lot of prep work to get all of their 
targets set and to refocus their resources. They 
feel that gave them a much cleaner line of sight on 
how to leverage all the tools from Health Catalyst.

•	 Navigate conflicting opinions by being 
transparent about the data findings: In large 
organizations, there can be lots of emotion and 
differing opinions when it comes to setting 
organizational goals. INTEGRIS Health’s various 
entities are vastly diverse in terms of patient 
volumes, patient types, services offered, and so 
forth. Using the AI data to set goals and manage 
the change enables the broader organization to 

Organization 
INTEGRIS Health

be transparent about how they determine what 
goals to pursue and allows the individual entities 
to participate in setting realistic targets.

•	 Educate your leadership team: Make sure 
the leadership team is educated on the risk-
stratification models and benchmarking. 
INTEGRIS Health wanted to understand how 
they compared to like systems after adjusting 
for patient severity. The tools from Health 
Catalyst allowed them to level the playing field 
in terms of measuring improvements. This was 
game-changing for their facility leaders and 
smaller hospitals, as it allowed them to quantify 
differences in expectations.

Top Outcomes Achieved
•	 Ability to see improvement by lives: Using the 

risk-stratification models and benchmarking 
allows the organization to count improvements by 
lives, not just dollars or points.

•	 Improved organizational alignment: The data 
has allowed their various facilities to focus on the 
same goals.
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Figure 15 

Note: Jvion declined to provide candidates for case studies.
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KenSci Kensci.AI

KLAS Performance Insights

Note: Though Kensci.AI provided case studies for this report, KLAS does not have feedback from a sufficient number of customers to share performance data.
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Contact 
Josh Goode, Chief Information Officer

Primary Use Case
Identifying at-risk seniors for care management

KenSci Case Study #1
Targeting Improved Care Management 
for At-Risk Seniors

Summary
Knowing that AI and data science resources can be hard to find, SCAN Health Plan implemented KenSci’s technology to 
accelerate their efforts and partnered with the vendor to help train their internal resources. SCAN utilizes 10 models, including 
one that identifies at-risk seniors in their population who could benefit from care management. The data enables them to be 
targeted in their care management efforts. The CIO recommends that other organizations starting out with AI focus on achieving 
specific goals and identifying areas where the technology can have the most impact.

Top Learnings and Steps to Success
•	 AI models can catch scenarios overlooked 

by traditional analytics: AI models are able 
to ingest and process more data than the 
traditional analytics models SCAN Health Plan 
used previously. Because of this, the models 
are able to catch scenarios and patterns that 
traditional analytics would miss.

•	 AI isn’t for everything: It takes a lot of work 
to identify which use cases will be successful 
with AI. Some organizations approach AI as 
a cure-all, but it isn’t helpful with everything. 
SCAN runs about 10 models, and they all have 
a very high ROI because the organization was 
prescriptive in determining which use cases 
to focus on. They utilize a checklist process up 
front to identify which models are likely to yield 
the desired results.

•	 Plan enough time for the front-end work: 
It took SCAN about six to eight months to get 
up and running, and a lot of that was data 
prep, such as importing data into the cloud 
and building a data lake. It took a while to sort 
through some of the data-prep challenges 
and figure out how to work together internally. 
Within two to three months after the models 
went live, SCAN started to see results.

•	 Include all relevant stakeholders in setting 
clear goals: SCAN’s data scientists and 
analytics teams were involved, as were their 
business leaders and business analysts that 
work closely with clinicians. They also worked 

Organization 
SCAN Health Plan

with the KenSci staff to help them understand what 
the organization was trying to accomplish. They 
feel the vendor provided knowledgeable resources 
who understood what they were trying to achieve 
and brought a solid understanding of healthcare 
and clinical data.

Top Outcomes Achieved
•	 Improved identification of at-risk seniors: 

SCAN has been able to improve their identification 
of at-risk seniors, including those with chronic 
conditions such as diabetes, by 20%–30%.

•	 Reduced hospitalization due to early 
identification: The data SCAN received on 
high-risk members allowed the team to make 
early interventions. As a result, SCAN is seeing a 
reduction in hospital readmissions.
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Contact 
Charles Joseph Sonday, DNP, ACNP-BC, Medical 
Director of Informatics

Primary Use Case
Using analytic platform to assess population needs 
and assist in the patient identification process

KenSci Case Study #2
Optimizing Care Management Efforts by 
Assessing Population Needs

Summary
St. Luke’s University Health Network was exploring using AI to help reduce length of stay, but when the COVID-19 pandemic hit, 
they recognized the need to first focus on getting real-time data and analytics into place. Once those efforts were successful, the 
organization reexamined what problems they wanted to focus as they built out models and machine learning. One of their first 
initiatives was to use KenSci’s technology to create an NCQA dashboard that would help them better identify high-risk patients—
such as those with diabetes or hypertension—who could benefit from care management. The ability to filter populations with tens 
of thousands of patients allows them to be much more targeted in their care management efforts.

Top Learnings and Steps to Success
•	 Make sure you have relevant, real-time data: 

St. Luke’s University Health Network took a step 
back from their initial AI plans to make sure they 
had the right analytics in place so the models 
would work as intended. Stepping back also 
enabled them to identify what problems they really 
wanted to focus on for the future.

•	 Plan for multiple iterations: The organization’s 
first AI project was to use KenSci’s technology 
to build an NCQA dashboard for HEDIS metrics 
to help them identify high-risk patients with 
conditions such as diabetes or hypertension. 
They note that getting to the point where they 
could start using the data took several iterations. 
Now that the dashboard is up and running, the 
organization is looking at other areas in which 
they could build similar dashboards to help them 
manage large populations of patients that meet 
certain criteria, such as pharmacy utilization.

•	 Operationalize the data: Though the dashboard 
is not embedded in the EMR and is therefore 
outside the end users’ normal workflow, it has 
become the workflow, and the team uses it on a 
daily basis. The staff who triage the dashboard 
check it every day for new patients that meet the 
care management criteria and assign them a 
care manager. The teams were excited to get the 
dashboard and jumped right into using it.

Organization 
St. Luke’s University Health Network

Top Outcomes Achieved
•	 Improved identification of high-risk patients: 

The dashboard shows individual patients’ real-
time risk scores as well as real-time data points 
that would be pertinent to care management 
interactions. It basically does the triage for the 
care managers, enabling them to work with 
more patients. The organization notes that they 
would never be able to triage this many patients 
on their own.
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KLAS Performance Data
Note: Though Medial EarlySign provided case studies for this report, KLAS does not have feedback from a sufficient number of customers to share performance data.
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Contact 
David Vawdrey, PhD, Chief Data & Informatics Officer

Primary Use Case
Identifying patients at highest risk for colorectal 
cancer or other lower GI disorders

Medial EarlySign Case Study #1
Using AI to Identify and Target Patients Most 
Likely to Need Colorectal Cancer Screening

Summary
Through a collaborative partnership with Medial EarlySign, Geisinger Health System implemented a model to help them identify 
patients most at risk for developing colorectal cancer or other lower GI disorders. They feel this initiative is one that other 
organizations could easily replicate. Geisinger notes that they were drawn to Medial EarlySign’s evidence-based, outcomes-driven 
approach and that they appreciate the high integrity of the vendor’s team.

Top Learnings and Steps to Success
•	 Operationalizing the models is critical and 

requires input from multiple stakeholders:      
The algorithm is relatively simple, examining a few 
parameters and then determining which patients 
are most at risk for lower GI disorders, including 
colorectal cancer. But then there is the big  
question of “What next?” Actually doing something 
with the data requires a multidisciplinary team 
with a shared vision, and Geisinger has built an 
extensive intervention process that ties into the 
EMR and includes the IT team, clinicians, and 
business personnel, as well as the data scientists 
and analysts.

•	 Get clinical buy-in by making the data easy to 
act on: Every primary care provider in the country 
would love to have their patients be 100% compliant 
with things like cancer screenings. Geisinger 
provides centralized support for triage and 
outreach to high-risk patients, and this has led to 
strong support for the initiative among clinicians.

•	 The best technology is invisible: Organizations 
need to make sure the outputs are explainable 
and fit into the end users’ workflow. In this case, 
the users of the predictive model were members 
of Geisinger’s “Care Gaps” team. The output of the 
model—a prioritized list of high-risk individuals—
helps them do their job more effectively.

•	 “Good enough” models still drive outcomes: It 
isn’t necessary to have perfect models. Geisinger 
notes that the model they have is saving lives 
and extra preciseness wouldn’t necessarily drive 
additional outcomes.

Organization 
Geisinger Health System

Top Outcomes Achieved
•	 Higher screening rate in patients most at risk for 

colorectal cancer: In a normal population, about 
1 in 147 people will have colorectal cancer. The 
Medial EarlySign AI model deployed at Geisinger 
identifies the top 3% of people most at risk, and in 
this population, Geisinger finds cancer—often in an 
early stage—in about 1 in 13 individuals.

•	 Earlier detection and better clinical outcomes: 
Through this program, Geisinger has completed 
over 350 screenings in high-risk patients, and they 
estimate that the program saves 5—6 lives per 
year. In addition to these clinical outcomes, they 
have seen health plan savings thanks to patients 
receiving earlier treatment.
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Contact 
Micah Thorp, Nephrologist, Vice President  
Business Strategy

Primary Use Case
Using AI to identify members most at risk for 
hospitalization from flu or COVID-19 and to then 
encourage preventive care

Medial EarlySign Case Study #2
Promoting Preventive Care for Members Most at 
Risk for Hospitalization from Flu or COVID-19

Summary
Prior to the COVID-19 pandemic, Kaiser Foundation Health Plan of the Northwest had put a “winter action plan” in place to minimize 
the seasonal surge in patients hospitalized with the flu. One part of the plan was to figure out which high-risk members haven’t 
gotten a flu shot and provide outreach to those people to encourage vaccination. Once the pandemic began, the organization 
applied the model to COVID-19 cases as well. This initiative was achieved with technology from Medial EarlySign, who Kaiser views 
as an engaged, collaborative partner rather than just a technology provider.

Top Learnings and Steps to Success
•	 AI use cases need to be chosen thoughtfully: 

There are lots of areas in healthcare that can 
benefit from predictive analytics, but most of them 
don’t need actual AI. In these areas, the added 
benefit of using machine learning over analytics is 
relatively incremental. Kaiser put a lot of thought 
into what clinical problem they wanted to solve 
before they implemented any models.

•	 Get permission to use the data: Organizing their 
huge volume of data was not really a problem 
for Kaiser, but getting permission to use it was. 
They had to work to get people at all levels of the 
organization to agree to the initiative.

•	 The intervention is the hard part: Implementing 
the model was fairly easy, and for the most part, 
people understood the goal of the initiative. While 
the model was able to provide highly accurate 
predictions, the hard part was figuring out how 
to move the needle on vaccinations. Kaiser had 
nurses call the highest-risk patients to encourage 
vaccination, and the organization also sent out 
letters specifically targeted to the individual. 
They found the phone calls to be more effective 
in producing outcomes. A large part of the 
population will get their shots, but convincing the 
rest is not easy.

•	 Expect iteration: Working with AI models is a very 
iterative process. Be open-minded up front.

Organization 
Kaiser Foundation Health Plan of the Northwest

Top Outcomes Achieved
•	 Identification of members most at risk for 

complication from flu or COVID-19: Kaiser 
has been able to reach out to these members to 
encourage vaccination.

•	 Continued iteration: Kaiser is continuing to 
evolve their outreach efforts to better achieve their 
desired outcomes.
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Figure 16 

Figure 17 

*Limited Data

0.0 100.0

Jvion (n=8)

Health Catalyst (n=7)

Cerner (n=18)

Epic (n=33)

ClosedLoop.ai (n=18)

Overall Score
(100-point scale)

70.7*

93.2*

78.2

81.2

96.5

Market Average

*Limited Data

1.0 9.0

Jvion (n=8)

Cerner (n=14)

Health Catalyst (n=7)

Epic (n=32)

ClosedLoop.ai (n=18)

Proactive Service
(1–9 scale)

6.7*

7.0*

8.0*

6.7

8.8

Market Average
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Figure 18 

Figure 19 

*Limited Data

1.0 9.0

Jvion (n=8)

Health Catalyst (n=7)

Cerner (n=17)

Epic (n=33)

ClosedLoop.ai (n=18)

Product Works as Promoted
(1–9 scale)

6.3*

8.4*

6.8

7.3

8.7

Market Average

*Limited Data

1.0 9.0

Jvion (n=8)

Health Catalyst (n=6)

Epic (n=28)

Cerner (n=15)

ClosedLoop.ai (n=18)

Executive Involvement
(1–9 scale)

7.2*

9.0*

7.2

7.8

8.8

Market Average
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Figure 20 

Figure 21 

*Limited Data

1.0 9.0

Jvion (n=8)

Health Catalyst (n=6)

Cerner (n=16)

Epic (n=31)

ClosedLoop.ai (n=18)

Quality of Phone/Web Support
(1–9 scale)

6.9*

8.3*

7.3

7.8

8.8

Market Average

*Limited Data

1.0 9.0

Jvion (n=8)

Health Catalyst (n=7)

Cerner (n=17)

Epic (n=33)

ClosedLoop.ai (n=18)

Ease of Use
(1–9 scale)

6.9*

8.3*

6.6

7.1

8.3

Market Average
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Figure 22 

Figure 23 

*Limited Data

1.0 9.0

Jvion (n=8)

Health Catalyst (n=6)

Cerner (n=16)

Epic (n=31)

ClosedLoop.ai (n=18)

Quality of Implementation
(1–9 scale)

5.9*

8.5*

7.3

7.4

8.5

Market Average

*Limited Data

1.0 9.0

Jvion (n=8)

Cerner (n=14)

Epic (n=29)

ClosedLoop.ai (n=16)

Quality of Training
(1–9 scale)

6.9*

6.9*

6.7

8.3

Market Average

Note: Health Catalyst not charted due to insufficient data.
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Figure 24 

Figure 25 

*Limited Data

1.0 9.0

Jvion (n=8)

Health Catalyst (n=6)

Cerner (n=17)

Epic (n=32)

ClosedLoop.ai (n=17)

Overall Product Quality
(1–9 scale)

6.8*

8.2*

7.0

7.6

8.6

Market Average

*Limited Data

1.0 9.0

Cerner (n=14)

Jvion (n=8)

Health Catalyst (n=6)

Epic (n=32)

ClosedLoop.ai (n=18)

Delivery of New Technology
(1–9 scale)

6.7*

6.8*

8.2*

7.0

8.6

Market Average
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Figure 26 

Figure 27 

*Limited Data

1.0 9.0

Jvion (n=8)

Health Catalyst (n=6)

Cerner (n=18)

Epic (n=32)

ClosedLoop.ai (n=18)

Product Has Needed Functionality
(1–9 scale)

6.0*

7.8*

6.1

6.6

8.5

Market Average

*Limited Data

1.0 9.0

Jvion (n=8)

Health Catalyst (n=7)

Cerner (n=17)

Epic (n=27)

ClosedLoop.ai (n=18)

Supports Integration Goals
(1–9 scale)

6.5*

7.3*

6.7

7.3

8.4

Market Average
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Figure 28 

*Limited Data

1.0 9.0

Jvion (n=8)

Health Catalyst (n=7)

Cerner (n=15)

Epic (n=31)

ClosedLoop.ai (n=16)

Drives Tangible Outcomes
(1–9 scale)

6.8*

8.4*

6.2

7.2

8.5

Market Average

Figure 29 

*Limited Data

1.0 9.0

Jvion (n=8)

Cerner (n=14)

Health Catalyst (n=6)

Epic (n=25)

ClosedLoop.ai (n=17)

Money's Worth
(1–9 scale)

5.5*

6.8*

8.2*

7.3

8.7

Market Average
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Figure 30 

Figure 31 

*Limited Data

1.0 9.0

Jvion (n=8)

Health Catalyst (n=7)

Cerner (n=18)

Epic (n=32)

ClosedLoop.ai (n=18)

Overall Satisfaction
(1–9 scale)

6.1*

8.4*

6.9

7.1

8.8

Market Average

*Limited Data

1.0 9.0

Jvion (n=8)

Health Catalyst (n=6)

Cerner (n=18)

Epic (n=32)

ClosedLoop.ai (n=18)

Likely to Recommend
(1–9 scale)

5.7*

8.7*

6.7

7.6

8.8

Market Average
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Figure 32 

Figure 33 

*Limited Data

0% 100%

Jvion (n=7)

Health Catalyst (n=6)

Cerner (n=17)

Epic (n=31)

ClosedLoop.ai (n=18)

Would You Buy Again?
Percent of respondents who answered yes

50%*

100%*

84%

91%

100%

Market Average

*Limited Data

1.0 9.0

Jvion (n=7)

Epic (n=32)

Cerner (n=17)

ClosedLoop.ai (n=16)

Forecasted Overall Satisfaction
(1–9 scale)

6.6*

7.3

7.5

8.8

Market Average

Note: Health Catalyst not charted due to insufficient data.

*
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Figure 34 

Figure 35 

*Limited Data

0% 100%

Jvion (n=7)

Health Catalyst (n=6)

Cerner (n=17)

Epic (n=32)

ClosedLoop.ai (n=18)

Part of Long-Term Plans
Percent of respondents who answered yes

75%*

100%*

89%

97%

100%

Market Average

*Limited Data

0% 100%

Jvion (n=8)

Health Catalyst (n=7)

Cerner (n=17)

Epic (n=29)

ClosedLoop.ai (n=18)

Keeps All Promises
Percent of respondents who answered yes

46%*

100%*

78%

81%

100%

Market Average

*

*
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Figure 36 

*Limited Data

0% 100%

Jvion (n=7)

Health Catalyst (n=6)

Epic (n=25)

Cerner (n=16)

ClosedLoop.ai (n=17)

Avoids Nickel-and-Diming
Percent of respondents who answered yes

92%*

100%*

74%

88%

100%

Market Average

*


