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Background Hospital readmissions are a key quality metric, which has been tied to
reimbursement. One strategy to reduce readmissions is to direct resources to patients
at the highest risk of readmission. This strategy necessitates a robust predictive model
coupled with effective, patient-centered interventions.

Objective The aim of this study was to reduce unplanned hospital readmissions
through the use of artificial intelligence-based clinical decision support.

Methods A commercially vended artificial intelligence tool was implemented at a
regional hospital in La Crosse, Wisconsin between November 2018 and April 2019. The
tool assessed all patients admitted to general care units for risk of readmission and
generated recommendations for interventions intended to decrease readmission risk.
Similar hospitals were used as controls. Change in readmission rate was assessed by
comparing the 6-month intervention period to the same months of the previous
calendar year in exposure and control hospitals.

Results Among 2,460 hospitalizations assessed using the tool, 611 were designated
by the tool as high risk. Sensitivity and specificity for risk assignment were 65% and 89%,
respectively. Over 6 months following implementation, readmission rates decreased
from 11.4% during the comparison period to 8.1% (p < 0.001). After accounting for the
0.5% decrease in readmission rates (from 9.3 to 8.8%) at control hospitals, the relative
reduction in readmission rate was 25% (p < 0.001). Among patients designated as high
risk, the number needed to treat to avoid one readmission was 11.

Conclusion We observed a decrease in hospital readmission after implementing
artificial intelligence-based clinical decision support. Our experience suggests that use
of artificial intelligence to identify patients at the highest risk for readmission can
reduce quality gaps when coupled with patient-centered interventions.
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Artificial Intelligence-Based Clinical Decision Support at hospital

Background and Significance

Artificial Intelligence in Health Care

Although artificial intelligence (Al) is widely utilized in many
disciplines outside of medicine, its role in routine clinical
practice remains limited.! Even where Al has been imple-
mented in a clinical setting, published studies primarily
focus on reporting of the algorithm’s performance character-
istics (e.g., area under the curve) rather than measuring the
effect of Al implementation on measures of human health. In
asense, Al in health care is in its infancy. Several quality gaps
have emerged as targets for Al-based predictive analytics.
These include early recognition and management of sepsis
and hospital readmission.”™*

Hospital Readmission

Hospital readmission is often used as a surrogate outcome to
assess the quality of initial hospitalization care and care
transitions. The underlying rationale is that readmissions are
often preventable because they may result as complications
from the index hospitalization, foreseeable consequences of
the initial illness, or failures in transitions of care.>® Hospital
readmission is also seen as a significant contributor to the
cost of health care. The annual cost of unplanned hospital
readmissions for Medicare alone has been estimated at $17.4
billion.” The validity of hospital readmission as a surrogate
quality outcome has been criticized, and many consider this
binary outcome to be an oversimplification that fails to
account for the complexity of patient care and individual
patient context.>® Notwithstanding, hospitals are assigned
financial penalties for excessive readmission rates?® and
there is evidence that financial incentives are effective for
reducing hospital readmission rates.’

Facing this reality, many hospitals have developed inter-
ventions aimed at reducing preventable hospital readmis-
sions.® One strategy is to identify patients who are at the
highest risk for readmission and focus resources and attention
on this high-risk group. This requires accurate identification of
patients at high risk for readmission coupled with individual-
ized interventions that are effective in this population.

Predictive Analytics for Hospital Readmission

Various models have been used to predict hospital readmis-
sion, including logistic regression, decision trees, and neural
networks.>'%'* One widely used predictive model—the
LACE index—takes into account length of stay, acuity, comor-
bidities, and emergency department utilization to predict
30-day hospital readmission.'> However, the LACE index has
been criticized because it may not apply to some popula-
tions,'® and it may provide little value-add when compared
with clinical judgment alone."”

An abundance of studies has described the application of
Al-based techniques to predict hospital readmission.'8-2°
Although many studies have concluded that Al-based models
are superior to traditional models for risk stratification, other
studies have observed otherwise.!27-3°

While clinical factors have primarily been used to predict
readmission, there has also been interest in incorporating
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sociodemographic factors into models to more accurately
account for patients’ sociopersonal contexts, which are increas-
ingly recognized to affect health-related outcomes.'%340 This
is critical because health behaviors, social factors, and economic
factors are estimated to account for 70% of a person’s health.*

Despite great enthusiasm to use Al to reduce hospital
readmissions, most studies appear to stop short of translating
the predictive abilities gathered at the computing bench into
action at the patient’s bedside. This highlights the need to
utilize in silico predictive modeling to improve patient-cen-
tered outcomes in vivo. Doing so requires coupling of risk
stratification with evidence-based interventions which pre-
vent readmissions among those at risk. Thus, even if Al-based
methods prove effective at identifying patients who are at risk
for readmission, the potential impact of these methods will be
lost if they are not coupled with effective interventions.
Although interventions such as self-care have been proposed,
their impact on readmission rates remains unclear.*!

Objectives

At our institution, we aimed to reduce readmission rates as
part of larger efforts at our institution to help achieve high-
value care consistent with the triple aim.*2*3we hypothesized
that coupling Al-based predictive modeling with a clinical
decision support (CDS) intervention designed to reduce the
risk of readmission would reduce hospital readmission rates.
Our clinical question in population, intervention, control, and
outcomes (PICO) form was as follows: (P) Among patients
hospitalized at a regional hospital, (I) does application of an Al-
based CDS tool (C) compared with standard care, and (O)
reduce hospital readmission rate.

Methods

Human Subjects Protection

The data collected and work described herein were initially
conducted as part of an ongoing quality improvement initia-
tive. The data analysis plan was reviewed by the Mayo Clinic
Institutional Review Board (application 19-007555) and
deemed “exempt.”

Artificial Intelligence-Based Clinical Decision

Support Tool

The Al tool combined clinical and nonclinical data to predict a
patient’s risk of hospital readmission within 30 days using
machine learning. The tool was developed by a third-party
commercial developer (Jvion; Johns Creek, Georgia) and
licensed for use by Mayo Clinic. Details on the data used by
the vendor as well as their decision tree-based modeling
approach have been described in detail elsewhere.** Clinical
data incorporated into risk prediction included diagnostic
codes, vital signs, laboratory orders and results, medications,
problem lists, and claims. Based on the vendor’s description,
nonclinical data included sociodemographic information avail-
able from public and private third-party databases. Data that
were not available at the patient level were matched at the
ZIP + 4 code level.
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The tool extracted inputs from the electronic health record
(EHR), combined them with inputs from the nonclinical sour-
ces, processed them, and generated a report for each high-risk
patient daily in the early morning prior to the start of the
clinical work day. Each patient’s individual report identified a
risk category, risk factors, and targeted recommendations
intended to address the identified risk factors. The risk factors
contributing to a patient’s high risk were displayed to provide
model interpretability to the frontline clinical staff. There were
26 possible recommendations that could be generated by the
tool. Examples included recommendations to arrange specific
postdischarge referrals (e.g., physical therapy, dietician, and
cardiac rehabilitation), implementation of disease-specific
medical management plans (e.g., weight monitoring and
action plan, pain management plan), enhanced coordination
with the patient’s primary care provider, and enhanced edu-
cation (e.g., predischarge education).

At the time of the implementation, the institution had
limited extensible information technology resources be-
cause other sites within the institution were undergoing
an EHR transition. For this reason, automatically generated
reports were not integrated directly within the EHR but were
instead made available to clinical staff via a standalone web-
based tool. The machine learning model was trained by the
vendor on data from other institutions that were previous
clients. Per the vendor, that model was adjusted for our
institution using 2 years of historical data.

Pilot Program and Setting

The pilot occurred at Mayo Clinic Health System, La Crosse
Hospital in La Crosse, Wisconsin. The project was conducted
over a 12-month period: the first 6 months were used to
prepare for the pilot, with the Al tool integrated into clinical
practice for the following 6 months ( ).

Local Adaptation

Prior to the pilot, the project team collaborated with local
practice partners to map local workflows and identify how to
best integrate the tool ( ). Patients identified as high
risk were identified with a purple dot placed next to their
name on the unit whiteboard. Recommendations generated
by the tool were discussed at the daily huddle, and the care
team determined how to best implement them. Additionally,
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discharge planners contacted physicians daily to review
recommendations, and the tool was further used during a
transition of care huddle in collaboration with outpatient
care coordinators.

Implementation Timing

The 30-day all-cause readmission rates were extracted from
administrative records. Admissions for the following reasons
were excluded because they were considered planned read-
missions: chemotherapy, radiation therapy, rehabilitation,
dialysis, labor, and delivery. The first 2 months after the tool
went live (September and October 2018) were considered
the ramp-up period and were excluded from both the
preimplementation and postimplementation periods
( ). The 8 months prior to the ramp-up period were
considered the preimplementation period. The 6 months of
the pilot (November 2018 through April 2019) were included
in the postimplementation period. The 6 months a year prior
to the postimplementation period (November 2017 through
April 2018) were considered the comparison period for the
primary analysis ( ).

Statistical Analysis

The primary outcome was the change in all-cause hospital
readmission rate for the first 6 months of the implementation
period compared with the same 6 months the year prior. We
chose to measure all-cause readmission rates—rather than
preventable readmission rates—due to ambiguity in which
readmissions are considered preventable and our desire to
calculate a conservative and unqualified estimate of the tool’s
impact. However, five types of readmissions were excluded
because they were considered universally planned (see above).
The timeframe for this analysis was chosen to reduce the
impact of seasonal variations on hospital admissions on the
results. As a sensitivity analysis, we also compared with
the readmission rate over the preimplementation period after
exclusion of the ramp-up period. We furthermore conducted a
difference-in-differences analysis for the same time points,
taking into account baseline changes in readmissions over the
study time period at three other regional hospitals within our
health system ( ) chosen for their similarity and
proximity. All comparison hospitals were regional hospitals
within the not-for-profit Mayo Clinic Health System, which

Pre-implementation period

2018

Ramp-up
Identify clinical » Create clinical workflows to Test&
processes incorporate AHI-based CDS refine
* Preparing training materials and  «Interface
training staff « Workflow
» Setting information technology
infrastructure
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La Crosse, WI 51,886 23.4% 28.8 142 189 563 74 0

Eau Claire, WI 60,086 17.2% 31.3 192 234 793 98 88

Mankato, MN 41,701 24.7% 25.9 167 139 561 78 155

Red Wing, MN 16,365 14.0% 43.4 50 50 145 25 96

were located within nonmetropolitan cities in Minnesota and Results

Wisconsin within the United States of America. Readmission
rates for the control hospitals were pooled using a weighted
average based on number of admissions. To perform a statisti-
cal test of significance for the difference in differences, we use a
hypothetical scenario assuming a common effect equal to the
pre-post readmission reduction in the control hospitals.
Finally, subset analysis was performed to analyze only those
patients classified by the tool as “highrisk.” Predictive accuracy
of the Al algorithm was assessed by assessing the readmission
rate among patients identified as “high risk” and “low
risk” prior to the tool's integration into clinical workflows
(i.e., before interventions targeting high-risk patients were
implemented).

JMP version 14.1 (SAS Institute, Cary, North Carolina) was
used for statistical analysis. Chi-square test was utilized to
assess changes in readmission rates. All hypothesis tests
were two sided.

Risk Stratification and Recommendation Engine
Performance

To achieve a balance between sensitivity and specificity and
avoid overburdening staff, the algorithm was tailored to
identify the top 20th percentile at risk for readmission using
retrospective tuning data. Sensitivity and specificity were 65
and 89%, respectively. Negative and positive predictive
values were 95 and 43%, respectively. The tool identified a
total of 611 high-risk hospitalizations out of 2,460 total
hospitalizations over the pilot period (24%).

Hospital Readmission Rate

During the 6-month postimplementation period (November
2018 through April 2019), the readmission rate was 8.1%,
which represented a statistically significant decrease com-
pared with the same months the year prior (November 2017
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through April 2018; 11.4%; p < 0.001) and yielding a number
needed to treat of 30 patients to prevent one readmission.
Readmission rate was also decreased compared with the
trailing 10 months preimplementation, after excluding the
ramp-up period (i.e., November 2017 through August 2018;
8.1 vs. 10.8%, p < 0.001).

Difference in Differences

The intervention hospital experienced an absolute readmis-
sion reduction rate of 3.3%, decreasing from 11.4% 1 year
prior to the implementation period to 8.1% in the post-
implementation period. In contrast, control hospitals expe-
rienced an absolute readmission reduction rate of 0.5%,
decreasing from 9.3 to 8.8%. Taking into account the absolute
readmission reduction rate at control hospitals, the adjusted
difference in differences reduction in the intervention hos-
pital was 2.8%, corresponding to 25% relative reduction from
the baseline rate of 11.4% (p < 0.001; ).

High-Risk Subgroup Analysis
Subgroup analysis was performed to consider the outcomes
of patients who were identified by the Al-based CDS as being
at high risk for hospital readmission. In this subgroup, the
readmission rate decreased to 34% in the postimplementa-
tion period, compared with 43% during the same 6 months 1
year prior (p = 0.001). This corresponded to a number need-
ed to treat of 11 patients to avoid one readmission ( ).
In contrast, the readmission rate in patients identified by
the Al-based CDS as being at low risk of hospital readmission
did not significantly differ in the same two time periods,

Readmission rates by risk group

Preintervention | Postintervention | NNT | p-Value
High-risk | 43% 34% 1 0.001
subgroup
Low-risk 5.0% 6.1% 0.08
subgroup
All 11.4% 8.1% 30 <0.001
patients
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suggesting that the difference in overall readmissions was
accounted for by changes in the high-risk subgroup ( ).

Discussion

Summary of Results

We observed a significant reduction in hospital readmission
following implementation of Al-based CDS. This difference
persisted when two different pre-implementation time peri-
ods were considered and when a difference-in-difference
sensitivity analysis was performed to account for reduction
in hospital readmission observed at control hospitals. The
overall reduction was due to the reduction in readmission
rate among patients identified as “high-risk.” The overall
number needed to treat was 30 admitted patients to prevent
one readmission. Focusing only on patients who received an
intervention (patients designated as “high-risk”), results in a
number needed to treat of 11.

Qualitative Experience

Although this study was designed to be primarily quantitative,
several qualitative insights emerged as we underwent planning
and implementation along with the partner site. Anecdotal
experience and staff feedback identified that staff felt the
generated recommendations were not sufficiently tailored to
individual patients, were inappropriate, or were not useful. In
many cases, staff shared that the same recommendations were
provided frequently for very dissimilar patients. It is impossible
to separate the effect of the knowledge base and recommenda-
tion engine from the actual clinical implementation. However,
our observations suggest that the most useful component of
the Al tool was its ability to identify and prioritize patients who
are at risk for hospital readmission. This, in turn, prompted
multidisciplinary discussions and collaboration to reduce the
risk of readmission. The management recommendation engine
may have played less of a role in the outcomes observed, as for
most patients the interventions recommended were basically a
standard checklist and were very similar for most patients.
These observations are consistent with the widely accepted
belief that Al performs well with tasks with a discrete and
verifiable endpoint (e.g., predicting risk of hospital readmis-
sion) but is less adept at handling complex tasks without
discrete endpoints or defined standards, especially when tasks
involve incorporation of sociopersonal context (e.g., formulat-
ing a clinical management plan).*?

These complex and nuanced tasks can become even more
challenging for Al when factors that need to be considered
when formulating a plan are not available to the system in a
structured format.*® Even as these data elements become
available as discrete elements in the EHR, Al-based algorithms
may face challenges when handling and consideration of these
factors requires a degree of finesse and interpersonal skills.

Artificial Intelligence for Hospital Readmission
Reduction: Facilitators and Barriers

Al-based tools must be developed on the bedrock of high-
performing predictive modeling capabilities, since tailored
interventions can only be enacted once high-risk patients are
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identified. One key facilitator of our ability to reduce hospital
readmissions was our ability to identify patients at highest
risk for hospital readmission. The observation that the risk
reduction was highest in the high-risk subgroup suggests
that interventions targeted toward high-risk patients ac-
count for most of the change observed. While a sensitivity
of 65% may seem low, safety-net decision support systems
such as this one may benefit more from a high specificity that
reduces the burden on staff.’

Notwithstanding, there are many real and perceived barriers
that may have limited our ability to use Al to improve patient
care. Although we observed acceptable performance character-
istics, analytical models may become unreliable if the model is
not tailored to the local setting and population.*® Additionally,
asdiscussed earlier, key data that reliably predict the outcome of
interest may not be readily available as structured, discrete data
inputs from the EHR,* or the available data may be insufficient
to reliably make a prediction even when available as discrete
elements (i.e., “big data hubris").*> We hypothesize that these
limitations hamper the ability of the tool to generate meaning-
ful recommendations for care management.

Implementation may fail when a system is poorly integrated
into clinical workflows or when recommended interventions
fail to reduce readmission rates. It has widely been recognized
that implementation of CDS systems—including those based on
Al—requires great care to ensure that decision support is
accepted and used by end users.* This process requires that
CDS is integrated into existing workflows in a manner that is
acceptable to care team members.*?

Strengths and Limitations

Strengths of this study include that we assessed the impact of
Al-based CDS on an important clinical outcome—namely,
hospital readmission—in comparison to a control group. We
also performed a subgroup analysis to assess the groups
within which the effect size was the largest. In addition to
assessing the quantitative impact, we also discuss qualitative
challenges that may constrain the CDS. Limitations include
that the results may not generalize to other Al-based CDS
systems or the same Al-based CDS system applied to differ-
ent patient populations. We also cannot separate out the
effect of the risk prediction engine from the recommenda-
tion engine, thereby limiting our ability to understand why
the intervention was effective. Furthermore, we cannot rule
out that other quality improvement initiatives may have
impacted the observed improvements on hospital readmis-
sions. Other methods, such as a cluster randomized con-
trolled trial, may better control for confounding factors.

Conclusion

Al' may be used to predict hospital readmission. Integration of
predictive analytics, coupled with interventions and multidis-
ciplinary team-based discussions aimed at high-risk patients,
can be used to reduce hospital readmission rates. The entity to
which a task is delegated (i.e., computer or human) must be
carefully considered. Practical and technical barriers limit
current adoption of Al in routine clinical practice.

Romero-Brufau et al.

Clinical Relevance Statement

In a nonrandomized and controlled study, hospital readmis-
sions decreased following pilot implementation of Al-based
CDS, to 8.1% during the 6-month pilot period, compared with
11.4% during the comparison period (p < 0.001). This differ-
ence remained significant when adjusted for a decrease in
readmission rates in control hospitals. Al-based CDS can be
used to identify high-risk patients and prompt interventions
to decrease readmission rates.

Multiple Choice Questions

1. When implementing artificial intelligence based CDS,
which of the following represents the greatest challenge?
a. Risk prediction based on clinical factors.
b. Risk prediction based on socio-personal factors.
c. Formulating clinical management plans based on
socio-personal factors.
d. Lack of available training data.

Correct Answer: The correct answer is option c. Formu-
lating clinical management plans based on sociopersonal
factors. In the present study, a risk prediction model based
on third-party and local training data predicted risk of
hospital readmission based on clinical and sociopersonal
factors with a sensitivity and specificity of 65 and 89%.
However, clinical recommendations were observed to be
insufficiently tailored to individual patients and often
were inappropriate for a given patient. While artificial
intelligence performs well with prediction and grouping
tasks—and training data pertaining to clinical and socio-
personal factors are available—it is less adept at socio-
personally nuanced clinical decision-making.

2. Which of the following strategies is most likely to make
artificial intelligence-based CDS more cost-effective by
reducing the number needed to treat to prevent one
hospital admission?

a. Focusing clinical interventions on “high-risk” patients.

b. Focusing clinical interventions on both “high-risk” and
“low-risk” patients.

c. Strictly following recommendations generated by the
recommendation engine.

d. Expanding the list of possible recommendations gener-
ated by the recommendation engine.

Correct Answer: The correct answer is option a. Focus-
ing clinical interventions on “high-risk” patients. In the
present study, the overall number of patients needed to
treat to avoid one hospital readmission was 30. There
was no significant change in hospital readmission rate
among the low-risk subgroup, despite the implementa-
tion of clinical interventions. On the other hand, there
was a significant reduction in readmission rate among
the high-risk subgroup, with a number needed to treat of
11 among this subgroup. This suggests that interventions
expended in the low-risk subgroup did not have an
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impact on hospital readmission rate, but interventions in
the high-risk subgroup did. Therefore, focusing clinical
interventions on high-risk patients reduces the number
needed to treat and improves the cost effectiveness of
the CDS. Users of the tool described in the study noted
the recommendation engine as a weakness due to similar
and relatively generic clinical recommendations being
generated for individual patients. There is no evidence
that strictly following these recommendations or
expanding the list of possible recommendations would
improve cost effectiveness.

This study was reviewed by the Mayo Clinic Institutional
Review Board and deemed “exempt.”

This study received its financial support from Mayo Clinic
research funds.

Mayo Clinic and the third-party Al-based CDS software
tool developer (Jvion; Johns Creek, Georgia) have existing
licensing agreements for unrelated technology. Jvion was
not involved in the production of this manuscript except
to answer queries made during the peer review process
regarding details of the software. Jvion otherwise played
no role in the conception, drafting, or revision of the
manuscript nor did they play a role in the decision to
submit it for publication. The pilot project was funded
with internal Mayo Clinic funds.
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