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一、中文摘要 

 

醫學資料探勘是 2001 年台灣地區健

保局釋出健保資料庫 (NHIRD) 供研究使用

後的熱門題目。本團隊以多重外傷為例，

探討階層式叢集分析在此種大型資料庫上

協助醫學研究及醫院管理之重要性與適用

性。 

階層式叢集分析具有顯現叢集過程的

優點，提供專家在互動環境下依研究目的

來探討資料結構。我們以 Matlab 實作與

資料庫聯結，產生資料倉儲的線上分析 

(OLAP) 所需之維度資料表，供進一步資料

分析。對於健保資料庫來源龐雜的主副 

ICD 診斷資訊的整理，我們引入臨床分類

系統 (CCS) 作資料的初步整理。 

我們在兩個主題上介紹在醫學研究及

發現的細節──(1)以叢集排序後之樹狀

圖展現台灣地區多重外傷之分布情況，可

提供政策制定與監測之用;(2)以叢集分析

各級醫院在燙傷住院時的不同治療類型，

而分群可協助發掘同質性的病人族群，做

更精細的統計分析，或用以發現異常的病

例或醫院。 
 

關鍵詞：資料探勘, 叢集分析, 醫學資料

庫,申報資料庫, 全民健保研究資料庫, 

外傷, 燙傷 

 

ABSTRACT 
 

Medical data mining becomes more 
mandatory after the release of national 
healthcare insurance research database 
(NHIRD) in 2001. In multiple trauma injuries, 
our research demonstrated the feasibility and 
benefits of the hierarchical clustering 
methodology in medical research and in 
hospital administration. 

The process of clustering could be 

explicit shown in hierarchical cluster analysis. 
The domain experts could elucidate the 
structure of data in interactive setting. We 
implement in Matlab the realtime linkage 
with the data sources, and propose the 
methodology of dimensional table generation 
for further online analytical processing 
(OLAP) in a data warehouse. For the widely 
varied coding policy in the International 
Classification of Disease (ICD) diagnosis 
fields, we introduced Clinical Classification 
System (CCS) for more medically relevant 
data preparation. 

The medical findings were illustrated in 
details in two topics – (1) Visualization of 
the distribution and correlation of multiple 
trauma in Taiwan, which could provide 
abundant information for research needs 
from clinical and administrative fields; (2) 
To find the major treatment patterns of 
hospitalized burn patients in various 
hospitals, to facilitate sophisticated statistical 
analysis of more homogeneous patient 
populations after clustering, or as the 
surveillance of normal pattern and to find 
patient or hospital/doctor outliers. 

 
Keywords: Data mining, Cluster analysis, 
Medical database, Claim database, National 
Healthcare Insurance Research Database 
(NHIRD), Trauma, Burn injury. 
 

BACKGROUND: 
 

The release of National Health 
Insurance Research Database (NHIRD) in 
2001 brought a new challenge to the medical 
informatics society in Taiwan [11]. In 
addition to its huge size and the need of data 
warehouse for management, the issue of data 
quality and complexity, as mixture of various 



clinical severity and indications from 
heterogeneous sources, rendered more 
difficulties on the researchers from clinical 
medicine or hospital administration. 

To find the risk factors contributing to 
the clinical outcome is always one of the 
major aims of clinical research. The interplay 
of co-mobidities and complications is 
especially important in the retrospective 
insurance claim database [7]. In our 
preliminary experience in NHRID, to add 
more clinical details, and to focus on more 
homogeneous patient subpopulations was the 
key factor of yielding data mining in the 
heterogeneous medical datasets [10][13].  

Hierarchical clustering (HC) is recently 
revisited vigorously for phylogenomics 
study and the genetic expression pattern of 
microarray [3][5][8]. We use the 
agglomerative algorithm (HAC) for the 
same reason as in bioinformatics, in order to 
allow intervention by domain knowledge in 
data rescaling and in the intermediate stages 
of clustering, to explore the unknown 
pattern of diagnosis and treatment pattern in 
the dataset of 96% coverage of Taiwan 
population. 

 
MATERIALS AND METHODS: 
 
Data preparation and warehousing 

The trauma subsets of NHIRD from 
1997 to 2001 were pooled into a Oracle 8i 
data warehouse. Another copy was managed 
in a Microsoft SQL 2000 for comparison. 
About 20G of disk space were required for 
each copy, and the OLAP manipulation 
might need additional 10 to 40 G. 

The hospitalized trauma patients with 
more than two diagnoses were extracted, 
totally 1,319,176 cases. 

To smooth out the various coding 
policies of different hospitals of similar 
clinical conditions, we introduced AHRQ 
clinical classification system (CCS) ICD 
remapping [2]. 

To study the treatment pattern of burn 
trauma, 1519 cases with information about 
area of injury were extracted from the 2860 
cases in the 1/20 sampled datasets with 
clinical details. 

 
Clustering programs 
 The TreeView and Hierarchical Cluster 

 
Fig.1. OLAP display of hierarchical ICD 

categories of disease and statistics of subgroup 

 

 
Table.1. Dimensional table for OLAP service, 

generated directly from the clustering results 



Fig.3a. Unsorted burn data set; Fig.3b,c, the 

dendrogram and respective clusters after sorting. (by 

Matlab)

Explorer (HCE) available in the public 
domain during the bioinformatics hype were 
surveyed [4][6]. 

Mathwork Matlab 6.1, with the 
Database and Statistical toolboxes, was used 
for data connection and clustering. The cases 
were sorted in clusters, and the dimensional 
table was then generated, in regular 
user-specified intervals (based on the number 
of clusters or criteria of similarity), then 
delivered to the OLAP service. An example 
were given in Table 1 and Figure 1. 

Exploratory data analysis was performed 
in the java-based IndexMiner data mining 
package, developed by the senior author [1]. 
 aVarious combinations of data rescaling, 
normalization, linkage and similarity 
function were tried [3][8]. 
  
RESULT & DISCUSSION: 

 
Distribution of multiple trauma 
 The CCS numerical codes were 
clustered after rescaling the trauma codes 
(from  16.1 to 16.9) to between 1 and 9 
(red), and recoding of the other non-traumatic 
disease to their negative values (green) with 
single linkage (Fig.2). If the criterion of 
similarity was set too high, only the clusters 
with much variable disease combination were 
shown (Fig.2a). The lower, and more 
homogeneous, clusters need change of the 
threshold for separation, comparing Fig.2c 
with Fig.2b. The interactive nature supported 
the need of customizable views in a data 
warehouse. 
 To show the burn injury of particular 
interest, the burn diagnosis was recoded to 18, 
and then the burn clusters with or without 
associated injuries or diseases were 
highlighted clearly. 
  
Treatment patterns of burn injury 

According to the “vector models” in text 
mining[9], the most frequently present 
medical orders or the orders with statistical 
significance according to users’ interest 
yielded small clusters (Fig.3). Some of the 
purified patient groups could arouse clinical 
interest, but the overall pattern were not 
clear. 

After data normalization and 
“windowing” specific to the clinical interest, 
the importance of management of extreme 
values and missing values was stressed. 

Fig.2a,b,c.. HAC of multiple trauma in Taiwan. 

Red designated for various trauma injuries; green, 

for associated nontraumatic diseases. Fig.2d, burn 

cases highlighted after data rescaling. (by HCE) 



Dressing-change, debridement operations, 
and skin grafting were finally used as criteria 
of clustering (Table 2). Six groups of 
treatment patterns were noted (Fig.4).  More 
heavy-grafting type and 
heavy-dressing-change type occurred in 
hospitals with burn specialties. 
No-grafting-and-low-fee and more-dressing- 
change-than-debridement styles were favored 
by hospitals without burn specialties. 

Clustering of treatment patterns 
improved the fit and decreased the errors of 
regression models for prediction of total 
medical expenses, and helped the judgment 
of outliers (Fig.5). After clustering, R square 
of multiple linear regression was improved 
from 0.650 to 0.702 and 0.876, and R square 
of regression trees were improved from 0.697 
to 0.790 and 0.924, by demographic factors 
and cluster information, or by addition of  
length of stay as an independent variable. 
(Table 3). 

The patterns of clustering could be used 

as reference for hospital administration, for 
comparison of high-risk and low-risk patient 
components. More delicate studies could be 
arose by the homogeneous patient partitions 
after cluster analysis. 

 
 
CONCLUSION & FUTURE WORKS: 
 
 We demonstrated the feasibility of 
hierarchical clustering methodology for 
research multiple trauma in a huge claim 
database. The intervention of domain 
knowledge in many processes of analysis and 
the interactive nature were addressed, which 
is especially important for participation of 
domain experts to handle complicated 
problems in medical informatics. 
 In the first example, the overall trauma 
pattern of the five year NHIRD were 
explored by the numerical values of CCS 

 
Fig.4. Six major treatment pattern after regrouping 

of attributes to 1)  Dressing-change, 2) 

debridement operatDressing-change, debridement 

operations, and 3), 4) two kinds of skin grafting. 

 
Fig. 5. Hospitalization fee versus days of 

hospitalization, cleaner data in more homogeneous 

patient population after clustering. 

 

 

 
Table.3. Benefits of clustering on the regression 

tree model for prediction of burn outcome. 

Table 2. Clustering center of the 4 attributes.



codes, the numerical values were for 
proximity, and their order was only a 
byproduct. In the future, we should treat the 
CCS or ICD codes as simply nominal 
categories, and define newer distance 
function. 

In the beginning of the second example, 
the vector model of medical orders could be 
further explored. The “meaning” of the 
smaller clusters might be understood with the 
help of other external utility scores. We think 
the advancements in text mining and 
information retrieval could contribute to part 
of the solution. 
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