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Example 4: Predicting Hospital ReExample 4: Predicting Hospital Re--admissionsadmissions

Purpose
• 2012- Centers for Medicare and Medicaid Services reduced Medicare 

payments for hospitals with excess readmissions.
• Conditions: Heart Attack, Heart Failure, Pneumonia, Hip/Knee Replacement, 

Chronic Obstructive Pulmonary Disease.

What are excess readmissions?
• Admissions 30 days after discharge.
• Patients with select conditions (heart attack, heart failure, pneumonia, 

knee/hip replacement, COPD).

Calculated by a ratio:

No. Predicted Readmissions
No. Expected Readmissions

https://www.medicare.gov/hospitalcompare/readmission-reduction-program.html
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Example 4: Predicting Hospital ReExample 4: Predicting Hospital Re--admissionsadmissions

• Create models that can be used to predict the risk of 
readmission

• Understand causes of readmissions
• Vulnerable Groups

o Are there specific age, race or gender groups that 
are at a higher risk of being admitted?

Objective
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Example 4: Predicting Hospital ReExample 4: Predicting Hospital Re--admissionsadmissions

Most Common Approach:
LACE

• L: Length of stay
• A: Acuity (ER vs. elective)
• C: Co-morbidity (Charlson)
• E:  #  ED Visits
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Example 4: Predicting Hospital ReExample 4: Predicting Hospital Re--admissionsadmissions

Why is LACE popular?

LACE ranges 0-19:

o Low risk: 0-4
o Moderate risk: 5-9
o High risk: >=10

Predict early death and urgent readmission.

Paper tool, uses existing resources.

Easy to use in daily workflow.
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Example 4: Predicting Hospital ReExample 4: Predicting Hospital Re--admissionsadmissions

Why should hospitals not rely solely on LACE?

• Assumption: valid to use on different hospitals’ populations.

• NOT clinical data.

• Accuracy of the score (c-statistic) is .72

• Does not account for specific information on the patients (e.g.: race, 
age, sex…)

“Until the LACE index is externally validated with primary data, we 
recommend that it be used for outcomes research and quality assurance 

rather than in decision-making for individual patients.”

Van Walraven C, Dhalla IA, Bell C, et al. Derivation and Validation of an Index to Predict Early 
Death or Unplanned Readmission After Discharge From Hospital to the Community. CMAJ 
2010; 182: 551-557.
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Example 4: Predicting Hospital ReExample 4: Predicting Hospital Re--admissionsadmissions

Data Summary for Total Patients 

Variable Type Summary

Race Category

White: 75%

Hispanic: 19%

Asian: 2%

Black: 2%

Native American, Hawaiian/Pac.
Island, Other & Unknown: 2% 

DRG Class Category

DRG Medical: 50%

DRG Surgical: 43%

DRG Ungroup: 7%

Gender Category
Female: 59%

Male: 41%
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Example 4: Predicting Hospital ReExample 4: Predicting Hospital Re--admissionsadmissions

Variable Type Summary

Admit From Type Category

Emergency: 43%

Pre Admit: 36%

Observation: 15%

Pre Clinic, Clinic, and SDC & Other: 6%

Readmission Category
No Readmission: 93%

Readmission: 7%

Length of Stay
(days) Numeric

Min:0

Median:3

Mean: 4.04

Max: 239

AGE Numeric

Min: 15

Mean: 58

Max: 112
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Variable Type Summary

ED Visits in 2010 Numeric

Min: 0

Mean: 0.16

Max: 43

ED Visits in 2011 Numeric

Min: 0

Mean: 0.16

Max: 41

ED Visits in 2012 Numeric

Min: 0

Mean: 0.18

Max: 38

ED Visits in 2013 Numeric

Min:0

Mean: 0.18

Max:38

ED Visits in 2014 Numeric

Min: 0

Mean: 0.18

Max:38
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• CDPS Risk Score
o Diagnostic-based risk model that uses ICD-9 codes to assess risk.
o Provides a summary measure of the burden of illness.   

• LACE Index
o Length of stay            
o Number of Charlson comorbidity index conditions. 
o Acuity of admission.   
o Number of ED visits in previous 6 months.

Variable Type Summary

CDPS Risk Score Numeric

Min: 0.14

Mean: 3.24

Max: 29.85

LACE Index Numeric

Min: 1

Mean: 5.87

Max: 19
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Example 4: Predicting Hospital ReExample 4: Predicting Hospital Re--admissionsadmissions
Logistic Regression

Model the probability of an event occurring depending on the
values of the independent variables.

Estimate the probability that an event occurs for a random
selected observation versus the probability that event does not
occur.

Odds =Pr(Occurring)/Pr(Not Occurring)

Odds Ratio: a ratio between two odds

Odds ratio for a variable represents how the odds change with a
1 unit increase in that variable holding all other variables
constant.
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Summary of the model

Variable Coefficient Odds Ratio 95% Confidence
Interval 

Intercept 
-3.130 0.044 (.032,0.059)

Sex Male 
(vs. Female) 0.079 1.072 (1.004,1.145)

Race Black 
(vs. Asian) 0.198 1.219 (0.885,1.686)

Race Hispanic
(vs. Asian) 0.299 1.348 (1.054,1.749)

Race White
(vs. Asian) 0.101 1.106 (0.873,1.423)

Race Other
(vs. Asian) -0.410 0.664 (0.409,1.047)
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• Data source: 11 hospitals in 
Ontario, Canada (2002-2006)
_ 6 university affiliated
_ 5 community

• 4821 medical and surgical 
patients.

• Collected data before 
discharge from hospitals.

• Validation: 
_ Internal data
_ Historical administrative

data in 2004-2008.

Example 4: Predicting Hospital ReExample 4: Predicting Hospital Re--admissionsadmissions

Summary of the model (contd.)

Variables Coefficient Odds Ratio 95% Confidence Interval

Intercept -3.130 0.044 (.032,0.059)

Admission From ED
(vs. No Admission 

From ED)
0.420 1.522 (1.403,1.653)

DRG Surgical
(vs. DRG Medical) -0.761 0.467 (0.429,0.508)

DRG Ungroup
(vs. DRG Medical) 0.128 1.137 (1.021,1.263)

LACE Low
(vs. LACE High) -1.157 0.314 (0.270,0.365)

LACE Moderate
(vs. LACE High) -0.240 0.786 (0.723,0.855)
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• Data source: 11 hospitals in 
Ontario, Canada (2002-2006)
_ 6 university affiliated
_ 5 community

• 4821 medical and surgical 
patients.

• Collected data before 
discharge from hospitals.

• Validation: 
_ Internal data
_ Historical administrative

data in 2004-2008.

Example 4: Predicting Hospital ReExample 4: Predicting Hospital Re--admissionsadmissions

Summary of the model (contd.)

Variables Coefficient Odds Ratio
95% Confidence
Interval

Intercept -3.130 0.044 (.032,0.059)

Age (at 65) 0.003 1.208 (1.211,1.211)

CDPS Risk Score 0.101 1.107 (1.096,1.118)

Length of Stay 0.014 1.014 (1.009,1.019)

ED visits in 2010 0.069 1.072 (1.050,1.093)

ED visits in 2011 0.093 1.098 (1.073,1.123)

ED visits in 2012 0.106 1.112 (1.090,1.135)

ED visits in 2013 0.081 1.085 (1.061,1.108)

ED visits in 2014 0.075 1.078 (1.057,1.100)
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• Data source: 11 hospitals in 
Ontario, Canada (2002-2006)
_ 6 university affiliated
_ 5 community

• 4821 medical and surgical 
patients.

• Collected data before 
discharge from hospitals.

• Validation: 
_ Internal data
_ Historical administrative

data in 2004-2008.

Example 4: Predicting Hospital ReExample 4: Predicting Hospital Re--admissionsadmissions

ROC Curve
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• Data source: 11 hospitals in 
Ontario, Canada (2002-2006)
_ 6 university affiliated
_ 5 community

• 4821 medical and surgical 
patients.

• Collected data before 
discharge from hospitals.

• Validation: 
_ Internal data
_ Historical administrative

data in 2004-2008.

Example 4: Predicting Hospital ReExample 4: Predicting Hospital Re--admissionsadmissions

Financial Modeling (example)

ALL PATIENTS MEDICARE PATIENTS

Decile
Number in 

decile
Mean Prediction 
within Quantile

Actual 
Readmissions

Predicted 
Readmissions

Number in 
decile

Mean Prediction 
within Quantile

Actual 
Readmissions

Predicted 
Readmissions

0-10 1,611 0.0092 8.0 14.7 666 0.0092 6.0 6.1

10-20 1,611 0.0112 11.0 18.1 666 0.0114 4.0 7.6

20-30 1,611 0.0177 20.0 28.5 666 0.0185 15.0 12.3

30-40 1,611 0.0248 48.0 39.9 666 0.0255 15.0 17.0

40-50 1,611 0.0359 68.0 57.8 666 0.0364 22.0 24.2

50-60 1,611 0.0569 94.0 91.7 666 0.0568 48.0 37.8

60-70 1,611 0.0822 130.0 132.5 666 0.0821 60.0 54.7

70-80 1,611 0.1025 164.0 165.1 666 0.1032 61.0 68.7

80-90 1,611 0.1339 230.0 215.7 666 0.1366 98.0 91.0

90-100 1,611 0.2351 360.0 378.7 666 0.2319 157.0 154.4

16,110 1,133.0 1,142.8 6,660 486.0 473.9
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• Data source: 11 hospitals in 
Ontario, Canada (2002-2006)
_ 6 university affiliated
_ 5 community

• 4821 medical and surgical 
patients.

• Collected data before 
discharge from hospitals.

• Validation: 
_ Internal data
_ Historical administrative

data in 2004-2008.

Example 4: Predicting Hospital ReExample 4: Predicting Hospital Re--admissionsadmissions

Financial Modeling (example)

90% 15% 20% 15% 20% 15% 20%
Population 

Decile
No. 

Patients
Expected 
Re-admits Enrolled Cost/ mgd

Avoided Re-
admit

Avoided Re-
admit

Revenue 
Reduction

Revenue 
Reduction

Penalty 
Reduction

Penalty 
Reduction

1 700 140 630 $   315,000 21 28 $     252,000 $     336,000 

2 700 105 630 $   315,000 15.75 21 $     189,000 $     252,000 

3 700 84 630 $   315,000 12.6 16.8 $     151,200 $     201,600 

4 700 63 630 $   315,000 9.45 12.6 $     113,400 $     151,200 

5 700 63 630 $   315,000 9.45 12.6 $     113,400 $     151,200 

6 700 56 630 $   315,000 8.4 11.2 $     100,800 $     134,400 

7 700 52.5 630 $   315,000 7.875 10.5 $       94,500 $     126,000 

8 700 49 630 $   315,000 7.35 9.8 $       88,200 $     117,600 

9 700 45.5 630 $   315,000 6.825 9.1 $       81,900 $     109,200 

10 700 35 630 $   315,000 5.25 7 $       63,000 $       84,000 

7,000 693 6,300 $3,150,000 104 139 $  1,247,400 $  1,663,200 
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Example Example 55: Case Finding and Opportunity Analysis: Case Finding and Opportunity Analysis
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Example Example 55: Case Finding and Opportunity Analysis: Case Finding and Opportunity Analysis

A recent article about the application 
of predictive models to the “Triple 
Aim:”
• Lower cost
• Better Quality Care
• Higher patient satisfaction.
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Example Example 55: Case Finding and Opportunity Analysis: Case Finding and Opportunity Analysis

Traditionally, predictive modeling for case-finding has aimed at identifying 
high-risk  individuals.  This is frequently done by applying a commercial risk-
adjuster model and intervening on the highest-risk score population. The 
following procedures are common:

Model 1:  Run a predictive model and stratify members according to their predictive risk score. One 
potential draw-back of this approach is the high prevalence at the top of that list of members who  
(although high risk) are minimally intervenable.  Even if an intervenability algorithm is applied to the 
entire population, the resulting list will consist of a mix of members with different conditions, issues 
and needs. 

Model 2:  Model 2 is a condition-specific model.   For simplicity, Program planners frequently want to 
focus on members with a specific condition, say diabetes.  This approach has the benefit of addressing 
the member heterogeneity inherent in Model 1.  However, the high prevalence of co-morbidities in the 
high-risk population requires that any program targeted at a condition population will ultimately have 
to be sufficiently broad to address all conditions of the population. Moreover, it is often the interplay 
between comorbidities that drives the complexity and its associated costs, so a focus on one disease 
may well miss this greater opportunity.  

Model 3: a rules-based approach is often used in case management programs.  In this model, program 
managers determine a set of rules to identify target patients for management.  Sometimes the rules are 
condition-specific; sometimes a financial threshold is used (for example, $50,000). Depending on how 
the rules are determined, high-opportunity members may or may not be targeted for intervention.  
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Example Example 55: Case Finding and Opportunity Analysis: Case Finding and Opportunity Analysis

• Opportunity Analysis is designed to address a number of the shortcomings 
associated with the typical models.  It maintains the stratification of Model 
1 but adds the element of intervenability by assigning lower priority to 
those patients with conditions that are less amenable to an intervention 
program.  

• As a general rule, Opportunity Analysis avoids disease-specific programs in 
favor of programs that target members with common risk profiles (for 
example, all chronic members or all members at end of life) although there 
may be a few notable exceptions (for example end-stage kidney disease or 
some specific preference-sensitive conditions). 

• Opportunity Analysis requires research and understanding of the targeting, 
operation and outcomes of programs that have been implemented in 
similar populations.  

• Finally, Opportunity Analysis takes into consideration the economics of 
programs: the cost of the intervention vs. the expected reduction in 
utilization that each individual can be expected to contribute.  
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Example 5: Case Finding and Opportunity AnalysisExample 5: Case Finding and Opportunity Analysis
Opportunity Analysis - Process

Model net impact 
on targeted 
outcome(s)

Match members to
programs

Segment 
members by 
condition(s),
utilization, 
other criteria

Inventory current 
and potential programs
and required resources
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Condition Category Population % Cost %

Episodic, Mental Health and Chronic 12% 42%
Episodic and Mental Health 4% 7%
Episodic and Chronic 15% 27%
Episodic only 9% 7%
Mental Health and Chronic 5% 5%
Chronic only 14% 6%
Mental Health only 5% 2%
Emerging Conditions 12% 3%
None 24% 1%

100% 100%

A summarization that we have found helpful is to group patients not be risk or 
condition but by class of condition; this helps with relative intervenability and 
in the design of programs.  Note the disproportionate cost of the “Episodic, 
Mental Health and Chronic” group, whose costs are about three and one-half 
times their numbers. Almost half of the total cost of the population is 
concentrated in this, the most complex segment of members.  Unfortunately, 
this is also the most difficult segment to design programs for or to manage.  
But any population program that avoids addressing the needs of the most 
complex patients will be doomed to financial failure.  
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Example 5: Case Finding and Opportunity AnalysisExample 5: Case Finding and Opportunity Analysis

Considerable analytics can be performed to try to identify classes of patients 
who represent both high cost and an opportunity to change the outcome.  
One such class consists of patients within 6 to 12 months of end of life.  This 
class consumes considerable resources, without much affecting the ultimate 
outcome.  

Service Category Complex 
Population 

End-of-life Sub-
Population

Inpatient Admissions 1,000 per 1000 2,500 per 1000

IP Admissions Medical 750 per 1000 2,150 per 1000

IP Admissions Surgical 250 per 1000 350 per 1000

IP 30 day readmissions 18% 25%

30-day Readmits Medical 20% 25%

30-day Readmits Surgical 12% 20%

Emergency Room visits 1,200 per 1000 200 per 1000

Specialist visits 6,500 per 1000 5,000 per 1000

MRI services 400 per 1000 500 per 1000

Primary care visits 4,500 per 1000 3,000 per 1000
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Example 5: Case Finding and Opportunity AnalysisExample 5: Case Finding and Opportunity Analysis

Fortunately, there is plenty of peer-reviewed literature about, and good 
outcomes from programs that aim to manage patients at the end of life.  We 
developed a program and constructed a predictive model to predict those 
patients at risk of death in the next 6 to 12 months.    Not all patients, 
however, are targets for the program.  We combine the predictive model and 
program with an economic model, ranking members by likelihood death.   

Cumulative population %

Likelihood of
Death in next 12 months
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Combining the predicted probability of the event, the likelihood of the 
member engaging, and the expected outcome (earlier transfer to hospice, for 
example) with the cost of intervention, we are able to determine which 
members represent an economic return for a particular program.  

Member #

001
002
003

…

1000

Net-Net 
Opportunity

$5,000
$4,800
$4,300

$0
-$100
-$500

…

Intervention
Cost

Cum 
Savings

$500
$500
$500

$500
$500
$500
$500

…

5,000
9,800

14,100

100,000

…

Dive
%

0.1%
0.2%
0.3%

….

100%

ROI TargetDepth of Dive Target

Max. Absolute Savings

Cum 
ROI

10.0
9.8
9.4

2.0

…
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