MEDIZINISCHE UNIVERSITAT
INNSBRUCK

REGRESSION TREE CONSTRUCTION BY BOOTSTRAP:
MODEL SEARCH FOR THE AUSTRIAN DRG-SYSTEM

ISCB Prague, 23-27 August 2009

Thomas Grubinger, Conrad Kobel, Karl-Peter Pfeiffer

Department for Medical Statistics, Informatics and Health
Economics

Innsbruck Medical University
thomas.qgrubinger@i-med.ac.at




Introduction

Background

= DRG-systems are used to allocate resources to hospitals
= Regression trees [Breiman et al. 1984] can assist to model DRG-
systems

Problems

= Best models are often very complex
= Models are not always medically reasonable
= Manual performance degenerating adaptations are necessary

Proposed Solution

= Build diverse accurate trees to choose from
= Use of Bootstrap Bumping [Tibshirani & Knight 1997]
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The Austrian DRG-System

Background

= |In 1997 an Activity-based hospital financing system was
introduced

= Resources are allocated to hospital based on their individual
cases

= Basis is a 3-step classification procedure that result in
homogenous patient groups (LDF)

Alm
= Consolidate rapidly increasing costs by reducing LOS
= Reduce costs by substituting inpatient care through ambulatory

care
= Increase transparency of the hospitals’ activities
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The Austrian DRG-System

3-Step Classification Procedure

Selected Medical Service IMS ... Individual Medical
Services
yes no
ICD ... International
IMS-No. ICD-10 Code Step 1 Classification of Diseases
204 219 Step 2 MD ... Main Diagnosis
IMS-Groups MD-Groups LDF ... Leistungsorientierte
Diagnosefallgruppen
(Performance-oriented
427 552 Step 3 diagnoses groups)
LDF LDF
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Regression Trees

Recursive Partitioning

1. Examine every allowable split on each predictor variable.

2. Select and execute the split that minimizes the impurity
measure in the nodes (e.g.: the MSE).

3. Recursion stops when no significant improvement can be
achieved

Pruning after Recursive Partitioning

= Constructed trees are often too big
= Trees are usually pruned to smaller size
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Regression Trees

Example:
AGE >=557?
Mean=1.57
VSero 376 R2 examplex 0.31
N=8251
| |
Group 1 X.6837 =TRUE ?
Mean=1.41 Mean=1.88
MSE=0.273 MSE=0.408
N=5487 N=2764
|
Group 2 # Diagnoses >=4 ?
Mean=1.80 Mean=2.33
MSE=0.397 MSE=0.232
N=2376 N=388

Group 3 Group 4
Mean=2.20 Mean=2.48
MSE=0.210 MSE=0.241

N=207 N=181
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Boostrap Bumping

Basic ldea

= Diverse models are build on different bootstrap samples
= Solutions are single trees

Algorithm

1. A set of bootstrap samples 7 =(z*,z%,...,z®)is drawn from the
training set z

2. Models are fit to each bootstrap sample giving prediction f Taix)
each bootstrap b=(12,....B)

3. The best trees are selected based on their performance on the
original training-set Z

4. The best trees are compared to the standard CART algorithm
on the test-set
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Evaluation

Evaluation over Different Tree Sizes

= Predictive accuracy is estimated using 10-fold CV

= Use of tree sizes ranging from 2-16 internal nodes

= Final tree size can be chosen manually based on statistical
accuracy as well as on economic and medical consideration

Evaluation Criteria

= Compare the best bootstrapped based tree with the standard
CART tree

= Access the number of bootstrap-based trees that are more
accurate than the standard CART tree

= Compare the accuracy of different tree complexities
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Evaluated Data-Sets

DATA-SET DESCRIPTION POPULATION #VARIABLES
SIZE

HDGO106 Parkinson’s disease 6155 114

HDG0202 Malignant neoplasms 3933 55

HDGO0304 Eye-diagnoses 9067 41

HDGO502 Acute Affections of the respiratory 8251 100
tract and middle atelectasis

MELO101 Interventions on the skull 875 60

MELO203 Small interventions in connective tis- 17268 58
sue and soft tissue

MELO401 Interventions on the outer and mid- 4102 44
dle ear, designed to treat a liquorrhoe

MELO501 Interventions on the esophagus, 3432 86

stomach and diaphragm

Table 1: Description of the evaluated data-sets
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Results: Improvement of the Best
Bootstrapped Tree
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2 000 1.12 255 0.71 120 3.74 334 -152 1.39
3 0.00 278 333 165 596 1.8 3.92 -1.97 2.19
4 -0.36 5.7 3.52 123 b5.77 330 4.28 -1.05 2.78
5 042 3.18 3.8 230 743 0.26 3.81 -0.84 2.55
6 -0.24 438 547 1.13 9.65 12.03 2.33 441 4.90

-0.11  6.05 1.75 1.15 1.06 1291 2.67 3.63 3.64
10 -0.06 399 316 069 -293 509 194 283 1.84
12 -042 414 324 1.75 289 161 124 495 2.43
14 -1.87 335 182 120 -0.36 0.00 2.15 2.17 1.06
16 -0.v6 2.11 252 1.27v 138 1.18 1.89 0.65 1.28

Table 2: Relative average improvement of the best bootstrapped tree
compared to the standard CART tree.

0.9

Thomas Grubinger 10



Results: Diversity of Candiate Models
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2 0 0 0 3 1 0 0 4 0
3 0 5 0 0 9 0 38 3 1.5
4 0 17 6 1 25 4 43 0 5
H 2 20 26 20 38 7 9 1 14.5
6 1 18 34 37 H2 11 32 0 25
8 15 18 36 18 H 6 10 13 14
10 2 14 76 5 2 68 19 32 16.5
12 14 8 13 14 2 162 1 14 13.5
14 8 1 2 42 70 100 3 1 5.5
16 5! 15 5 107 0 157 7 1 6

Table 3: Number of bootstrapped based trees with improved ac-
curacy compared to the standard CART tree.

Thomas Grubinger 11



Results: Example HDG0502

Group 1
Mean=1.37
MSE=0.260

N=4952

AGE >=55 7
Mean=1.57
MSE=0.376
MN=8251
|
|
Group 1 X.6837 =TRUE ?
Mean=1.41 Mean=1.88
MSE=0.273 MSE=0.408
MN=5487 N=2764
| | |
Group 2 # Diagnoses >=4 ?
Mean=1.80 Mean=2.33
MSE=0.397 MSE=0.232
N=2376 N=388
|
| |
Group 3 Group 4
Mean=2.20 Mean=248
MSE=0.210 MSE=0.241
N=207 MN=181

Fig. 1: Two

(a)
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AGE >=65 7

Mean=1.57

MSE=0.376

MN=8251
|
|
MEL Kons >=1 7 Group 4
Mean=1.43 IMean=1.94
MSE=0.292 MSE=0.405
N=5964 N=2287
|
Selected HD3 ?
Mean=1.72
MSE=0.340
MN=1012

|

| |

Group 2 Group 3
Mean=1.33 Mean=1.79
MSE=0.427 MSE=0.293
N=154 MN=858

(b)

different trees constructed by bumping from the HDG.0502 data.




Results: Accuracy of Models with Different
Complexities
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Fig. 2: Reduction of the MSE obtained by the best bootstrapped tree for
different tree sizes
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Conclusions

= Bootstrap bumping can be used to find diverse and accurate
trees

= Often smaller models are found that offer the same accuracy
as more complex trees built by the standard CART algorithm

= Medical domain experts can choose among different models
= Manual performance degenerating adoptions of models are
minimized

= In the future alternatives to bootstrap bumping will be evaluated
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