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Abstract
What is the message? Hospitals are facing a growing workforce crisis fueled by staff
burnout and less time for patient care as providers spend more of their day interfacing
with the time-consuming electronic medical records (EMR). Software as a service (SaaS)
has driven significant productivity gains across numerous industries and in hospitals, SaaS
is used from revenue management to employee scheduling. Healthcare technology
innovation strategies that expand the use of SaaS to both redesign workflows and ensure
technical integration with the EMR, could increase productivity and help mitigate
workforce challenges.

What is the evidence? The authors analyze existing EMR-integrated decision-support
tools and illustrate the benefits of a provider-focused approach.
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Introduction
United States healthcare costs, especially the cost of hospital care, have grown far faster than
those of other countries or corresponding improvements in quality.[1] A long-brewing workforce
shortage has been exacerbated by the COVID-19 pandemic.[2] Hospitals are facing a workforce
crisis, in addition to the perennial problems of “unsustainably” high costs and poor consumer
experience. Care providers such as physicians and nurses are trapped in a vicious cycle: burnout
increases workforce attrition,[3] attrition and staff turnover leads to more work for those
remaining, more work increases stress, and more stress leads to more burnout. The
implementation of electronic medical record (EMR) systems have increased care provider
documentation burden, aggravated provider burnout, and failed to provide hoped-for
productivity gains or to provide interoperability across sites or systems.[4] As a result of reduced
productivity and COVID-created demand surges, many hospitals and clinical programs are
struggling to maintain access to care while suffering operating losses.

Hospital EMRs often lack basic functions needed to optimize workflows. Single-institution studies
of low-value interactions with the EMR (interactions that have been eliminated without
impacting patient care or essential documentation), found that these activities can be reduced
by more than an hour per 12-hour nurse shift.[5]  Specific EMR tasks, such as admitting a
patient to a hospital, could be shortened by an average of 30%.[6] In a survey of over 70,000
nurses, about 71%  said that the way orders were handled in the EMR impeded patient care,
nurse efficiency, or both.[7]

Software as a service (SaaS) companies have driven significant productivity gains across
numerous industries. In hospital care, SaaS is available for essentially every other aspect of
hospital operations except patient care workflows; SaaS is common for revenue management,
data visualization or business intelligence, and staff scheduling. In theory, EMR should improve
productivity through enhanced analytics enabling more efficient workflows, and through better
patient outcomes. In practice, the difficulties of changing workflows and of integrating new
analytics with the EMR are major barriers to achieving this vision. Over the last two decades,
academic researchers and technology companies have designed thousands of machine learning,
optimization, and other powerful analytical models[8] with the potential to improve the value of
hospital clinical care, but very few have been usefully implemented or scaled.[9,10]

Low-productivity technologies are those that add elements to existing workflows and business
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processes, and serve to sustain existing business models.[11] In most cases, these innovations
end up adding cost to the healthcare system, such as using CAT scans instead of routine X-rays.
Reducing healthcare costs requires the adoption of high-productivity technology: technology
that changes business processes, substitutes away from low-value care, reduces overhead and
management costs, or disrupts existing business models. Most technology innovation in
healthcare seems to be in the low-productivity category when we desperately need innovation in
the high-productivity category. There is limited understanding of why the massive investments
in health information technology have not been more successful. There are two dimensions to
process improvements involving information technology: technology integration and care
provider workflows (Figure 1). Most information technology innovation strategies focus first on
the technology and then, if at all, on workflows. We examine efforts to implement process
innovation across both dimensions.

Figure 1: Quadrants of institutional effort required for full implementation
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The Technology-First Approach
The few EMR-integrated decision-support tools that have been adopted into provider workflows
are exceptions that illustrate the rule. The most common approach is to train or develop models
on historical data, integrate the model into the EMR, or deploy the model on a server that pulls
data from the EMR, and then attempt to integrate the model into the workflow of the care
providers. Several examples demonstrate the limited success, difficulty, or reliance on
specialized tools, and expense of this approach.

Sepsis is a bacterial infection that can lead to organ failure and death if not recognized and
treated early. It is a leading cause of death in hospitalized patients. Thus, early recognition of
patients with sepsis has the potential for significant improvement in clinical outcomes. In theory,
clinical data from an EMR can be used to identify sepsis, integrating laboratory data,
medications, clinical condition, and patient vital sign information. Single-site studies have
suggested the potential for adoption of machine learning algorithms using data from EMRs.[12]
On the other hand, a proprietary sepsis prediction model tied to EPIC and implemented in
hundreds of hospitals turned out to perform poorly when it was studied carefully.[13] It
identified only 7% of those sepsis patients who were missed by clinicians. Meanwhile it
generated sepsis alerts on 18% of patients, most of which were false alarms. It is common to
see analytical models exhibit worse performance in practice than in development due to the
reduced quality and quantity of data available during patient care. A different sepsis early
warning system was successful[14], but its success was so unusual that an additional paper was
written about its development and adoption.

A system for automated predictions of acute kidney injury depended on the infrastructure
provided by the custom EMR used at the Department of Veterans Affairs and a specialized
mobile medical assistant and alerting system.[15] Another healthcare system calculated the
cost to validate and integrate a single algorithm for chronic kidney disease detection into clinical
workflow was $217,138.[16]

Far more common, though less likely to be reported in prestigious journals or advertised by
companies, are interventions that fail to make a difference such as a program to improve statin
prescriptions.[17] These efforts are instead reported as a proof of concept.

Such efforts face two closely related barriers that prevent hospitals from effectively leveraging
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SaaS to redesign workflows with software integrated into their EMR. Care providers resist
changes to their workflows, based on legitimate concerns about the uncertain performance of
new technology. The larger the proposed change in workflow, the greater the odds that it will
create unanticipated problems and the more effort is needed for development and testing
(Vertical axis of Figure 1). Second, technical integration with the EMR is prohibitively time-
consuming and expensive (Horizontal axis of Figure 1).[16]

Since hospital operations are based around EMR workflows, reducing reliance on EMR
integration often necessitates reducing the extent to which new tools can reshape workflows.
Numerous research groups and healthcare companies have turned to process redesigns that
allow care providers to keep their current workflows and require only limited interaction with the
EMR, such as a single initial data extract of historical EMR data stored in a data warehouse, a
much lower bar than requiring EMR integration (Bottom left quadrant Figure 2).

The multibillion-dollar healthcare operations consulting industry often follows this strategy,
typically performing historical analyses followed by suggestions for one-time processes
redesigns. The value of the work of consultants depends on their skill, and there is little scale
economy from one project to the next. This leads to slower improvements than from technology
and software in other industries where a software developer can invest tens of millions of dollars
to provide improvements to all users.

Technology companies serving hospitals have been forced to balance the efficiencies of
improving software with the costs of providing consulting services. Technology startup
LeaNTaaS was originally conceptualized as a SaaS company to improve productivity using EMR
data, but the company was forced to pivot to a model with only a one time pull of historical EMR
data to optimize the templates that schedulers use for infusion appointments.[18] The optimized
templates are then manually entered into the EMR in a one-time update. The infusions clinic or
hospital resumes its original workflows, and the templates facilitate more efficient scheduling.
Similarly, QVentus, an early healthcare analytics SaaS company, transitioned to a software-
empowered consulting model where its customers are “partners.”[19] A variety of academic
groups have pursued one-time, data-driven updates to: surgical preference cards (supply lists)
to reduce errors, and surgical blocks to improve access for emergency surgery or reduce
variation in hospital census.[20–22]  The simplicity of such approaches facilitates their
implementation, but limits their potential to transform care delivery (Figure 2 diagonal).
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An alternative approach to easing the barriers to implementation is to focus on tools that
change only the software that care providers use, not their workflows or processes (Figure 1
tope left quadrant), or the tools that information services use (Figure 1 bottom right quadrant).
This is the target of SaaS companies that focus on revenue management, data visualization or
business intelligence, or staff scheduling. The Tableau data visualization software is increasingly
popular with hospitals to save time generating and interacting with dashboards. Dashboards are
suitable primarily for retrospective data review for managers, not for the implementation of
more efficient, software-supported real-time workflows. Hospitals commonly use staff scheduling
software that does not integrate with the EMR. Industry-leading scheduling tools such as Kronos
require manual data entry, lack functionality compared to a tool that integrates with the EMR,
and sometimes use paper timecards.[23] Such solutions have achieved significant scale across
hospitals, but have limited relevance to more efficient, labor saving care delivery.

Figure 2: Tradeoffs between the effort required for implementation and the potential
of the tool to transform care delivery
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 A Provider-First Approach
An alternative is to reverse the tech-first, workflow later approach. We propose meeting care
providers and their workflows where they are by starting with the simplest possible version of
the tool, or a one-time process redesign, and then iterating up along the workflow, EMR-
integration diagonal. Such an approach reduces risk with an easier initial deployment and has
the benefit of collecting data and feedback to improve in subsequent stages. It comes at the
cost of a more labor-intensive and collaborative development process than e.g., building a ML
model based on historical data in isolation from workflows or the constraints of the EMR.

We recently reported on the design and deployment of an algorithm-enabled care model for
personalized care at population scale.[24] TIDE (Timely Interventions for Diabetes Excellence)
reduces provider screen time,[25] effectively analyzes data from continuous glucose monitors
(CGMs) to identify patients in need of care provider attention, and is associated with improved
type 1 diabetes management (lower HbA1C).[26] The key to the current success of TIDE is its
iterative co-design by a team of care providers and engineers. TIDE started out as a simple, data
visualization tool running locally on care provider laptops based on historical data manually
pulled from the CGM manufacturer portal (Figure 3A).[25] It is currently an interactive
dashboard that displays data generated by sophisticated algorithms, pulls data from the servers
of the CGM manufacturer, and is hosted on a server with access to EPIC data (Figure 3B).

Figure 3: Initial and current versions of TIDE

3A Initial version of TIDE, no analytics, run locally on laptops, and requiring manual
data downloads
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Reproduced from [25] with the permission of the authors

 3B Current version of TIDE, data pre-processed with sophisticated analytics, run on
institution server, and automated data pulls

The initial, minor improvements in user workflows generated enough enthusiasm that providers
participated in improving TIDE, and adapting their workflows based on those improvements. The
data collected in the USE of TIDE were used to update TIDE’s algorithms and improve its
specificity without any impact to workflows. Subsequent demonstrations of time savings for
providers and improved clinical outcomes, generated enough institutional enthusiasm to
dedicate the information resources to facilitate a more robust deployment of TIDE, and provided
resources and priority to allow integration of TIDE with the EMR. At each step, the changes
required, and the risk of failure, were significantly smaller than they would have been when
asking an institution to adopt and integrate the final version of TIDE (Figure 4). The final version
of TIDE is now available as an open-source tool for other institutions to use freely to manage
their type-1 diabetes patient populations. It is designed for an initial launch of more limited,
simpler functionality that expands along with the needs and the comfort level of the clinical
team.

Figure 4: Transition from an an initial implementation of a modest tool that preserved
workflows to a partially EMR-integrated tool that shapes workflows
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Conclusions
 These challenges of improving productivity with new technology are not unique to healthcare.
Several decades ago, many industries faced similar problems with slow and awkward software
development that resulted in expensive, inflexible and late system deliveries. This led to a
collection of methods for rapid, less formal, user-centric, and incremental development under a
number of labels such as “agile software development” and DevOps.[27]  Reducing the effort
required for software integration with the EMR will lower the barrier to technology adoption and
lead to a pathway to high productivity innovation. Pressuring large EMRs to comply with the
rules of the 21st Century Cures Act against data blocking would be a meaningful step in this
direction.[28] It remains an open question how much IT companies that purchased EMR vendors
will redesign EMRs to fit into the broader technical infrastructure of healthcare.

In the meantime, productivity efforts focused on care providers provide an opportunity for
meaningful improvement. The agile, multi-stage, and co-development paradigms mitigate the
risk of adoption failure without sacrificing the final impact of the use of the tool.
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