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INTRODUCTION

Predictive analytics in healthcare has generated growing
enthusiasm, fueled by the availability of rich patient
data from electronic health records and a growing body
of published predictive models, such as those predicting
hospital readmission and clinical deterioration1. Predic-
tive analytics applies techniques from data mining, sta-
tistics, modeling, and artificial intelligence to use data to
make predictions about risk1. In healthcare, these ap-
proaches offer opportunities to improve clinical out-
comes, reduce costs, and support population health2.
However, little is known about how healthcare systems
organize and manage predictive analytics at the hospital
or system level to ensure safe, effective, transparent, and
equitable algorithm deployment2.

METHODS

To address this question, we surveyed healthcare leaders
with the most local knowledge of predictive analytics
activities at all non-academic healthcare system member
sites of The Scottsdale Institute (SI), a not-for-profit
organization of 60 non-profit healthcare systems com-
mitted to sharing best practices, with a particular focus
on information technology and innovation3. The survey
was developed with input from a representative sample
of key stakeholders, emailed by SI leadership to non-
academic SI members (with reminders sent at 2 weeks
and 1 week prior to survey closing), and completed
between 4/13/2021 and 5/172021 using Research Elec-
tronic Data Capture (REDCap)4. We examined the as-
sociation between healthcare system characteristics (i.e.,
number of system beds [>2000 versus other], and

primary population served [urban versus other]) and
having a dedicated predictive analytics team using chi-
square statistics. A P value < 0.05 denoted statistical
significance. The study was approved by the University
of Chicago Institutional Review Board.

RESULTS

The response rate was 60% (25/42)5. Respondents were
primarily leaders in clinical analytics or medical infor-
matics (Table 1). The healthcare systems represented
were diverse in geography and populations served; the
majority had 10 or more acute care hospitals and 2000
or more system beds caring for both adults and children
(Table 1). Most (16/25, 64%) reported having a team or
individual focused on clinical applications of predictive
algorithms, with analytics (5/16, 31%), informatics
(4/16, 25%), and information technology (IT) (3/16,
19%) leaders most responsible for establishing the pro-
grams. Most programs included fewer than nine mem-
bers (12/16, 75%), have existed for five or fewer years
(11/16, 69%), have implemented six or fewer algorithms
(11/16, 69%) (with a mix between buying and building
algorithms), include diverse roles, and have broad re-
sponsibilities (Table 2), although only a minority (6/25,
24%) have a dedicated budget for predictive analytics.
Algorithms most commonly focused on identifying risk
for acute clinical deterioration or excess healthcare uti-
lization. Healthcare leaders viewed acceptance by clini-
cal teams and the technology needed to integrate algo-
rithms into care as the most significant threats (Table 2).
Healthcare systems with predictive analytics teams were
not significantly more likely to have more than 2000
hospital beds (44% vs. 56%, p=0.57) or primarily serve
urban patients (56% vs. 64%, p=0.51).

DISCUSSION

To our knowledge, this is the first US survey examining
how healthcare systems integrate predictive analytics
into everyday clinical care. Despite targeting large non-
profit healthcare systems focused on informatics and
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innovation (as indicated by their SI membership), only
64% reported having a team or individual accountable
for the clinical application of predictive algorithms. This
is notable as many experts have advocated for creating
teams and processes to ensure predictive models are
safe, effective, equitable, and successfully adopted into
clinical practice6. If large healthcare systems are strug-
gling to develop teams and processes to appropriately
manage predictive analytics programs, it is likely that
smaller healthcare systems will be even more underpre-
pared to safely integrate predictive algorithms into clin-
ical practice
For those organizations that did have established pro-

grams, we found that program responsibilities varied
from those solely focused on deploying algorithms to
others involved in the identification, development, vali-
dation, and deployment of predictive models. This inter-
hospital variation was not surprising as it reflects the
lack of evidence-based frameworks to guide the adop-
tion of predictive algorithms in healthcare. Our study
was limited by a small sample; unadjusted statistical
analyses; and a focus on larger innovative healthcare
systems, which may limit the generalizability of our

findings but likely provide the most optimistic estimates
for organization-level management of predictive analyt-
ics. Future work is needed to assess the management of
predictive analytics programs in healthcare to ensure
safe algorithm deployment.

Table 2 Survey Responses

Survey responses Responses,
n (%)
(N=25)*

What members of your healthcare organization
are on the predictive analytics team?
Data Scientist 12 (75)
Clinical Analytics Expert 11 (69)
Physician 9 (56)
Clinical Informatics Expert 8 (50)
Information Technology Expert 7 (44)
Nurse 5 (31)
Clinical Operations Leader 3 (19)
Process/Quality Improvement Expert 3 (19)
What is the responsibility of the team
or individual focused on predictive analytics?***
Identify algorithms of potential value 13 (81)
Develop algorithms 11 (69)
Facilitate the deployment of predictive algorithms 16 (100)
Evaluate the safety and accuracy of proposed
algorithms in the local patient population

13 (81)

Evaluate the safety and accuracy of already
implemented algorithms

10 (63)

Other responsibilities 1 (6)
Do you tend to buy or internally build
your predictive analytic algorithms?****
Buy all 2 (8)
Mostly buy 11 (44)
Even between build or buy 3 (12)
Mostly build 8 (32)
Build all 1 (4)
What are the current focus areas of the
models deployed in your healthcare system?***
Sepsis risk/identification 14 (88)
Hospital readmission risk 14 (88)
Inpatient length of stay prediction 10 (67)
Ambulatory no-show prediction 10 (63)
Acute care utilization prediction 6 (38)
Cardiac arrest risk 5 (31)
ICU transfer risk 4 (25)
Other 9 (57)
What do you think are the greatest threats to
predictive analytics in healthcare in the next 3–5 years?
Acceptance by clinical teams 14 (56)
Technology integration 13 (52)
Liability issues 9 (36)
Concerns about data sharing with outside vendors 9 (36)
Limited generalizability of algorithms across
institutions

9 (36)

Regulatory issues 7 (28)
Cybersecurity 5 (20)
Other 2 (8)

*n=25 unless otherwise specified
**n=16 as these questions were only asked to survey respondents who
had an individual or team focused on clinical applications of predictive
algorithms
***n=16 as these questions were only asked to survey respondents who
had an individual or team focused on clinical applications of predictive
algorithms. In addition, the respondents could select all answers that
correctly answered the survey question
****n=25 as these questions were asked to all survey respondents. In
addition, the respondents could select all answers that correctly
answered the survey question

Table 1 Respondent and Hospital Characteristics

Hospital characteristics Responses,
n (%)
(N=25)

Respondent
Data Analytics Leader (e.g., CAO) 11 (44)
Medical Informatics Leader (e.g., CMIO, CHIO) 9 (36)
Nursing Informatics Leader (e.g., CNIO) 2 (8)
Chief Information Officer 2 (8)
Other (CMO) 1 (4)
Primary population area served
Suburban 11 (44)
Urban 9 (36)
Rural 5 (20)
Primary patients served
Both adults and children 14 (56)
Just adults 11 (44)
Location of healthcare organization
Northeast 2 (8)
South 9 (36)
Midwest 9 (36)
West 5 (20)
Number of acute care hospitals
1–3 3 (12)
4–5 2 (8)
6–9 4 (16)
10 or more 16 (64)
Number of staffed beds
350–500 beds 1 (4)
501–100 beds 4 (17)
1001–1500 beds 6 (24)
1501–2000 beds 2 (8)
>2000 beds 12 (50)

Abbreviations: CAO Chief Analytics Officer; CHIO Chief Health
Information Officer; CMIO Chief Medical Informatics Officer; CMO
Chief Medical Officer; CNIO Chief Nursing Information Officer
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