
Chapter 7 

 

Conclusions and Future Work 
 

7.1 Conclusions 
 

Most of the past work for analyzing spatial disease or mortality pattern either focuses 

on individual level data or relies on circular cluster assumption. In this thesis, we 

suggest a new approach to detect clusters for aggregate level data and our method no 

longer requires the clusters to be circular. In addition to the regular 0-1 error, i.e., 

correct vs. incorrect, we also define another error function to test if the proposed 

method is valid. Furthermore, in order to use inter-regions’ distance, we use the 

adjacency of the regions as neighborhood information. Note that by using the 

“distance-base” neighborhood information, we can easily make an inference about the 

cluster because they are spatially correlated. However, we may not detect the cluster 

in non-circular shape. On the other hand, by using the “adjacency-base” neighborhood 

information, we can detect non-circular cluster, but we may sometimes hardly make 

an inference because the regions included in the cluster have spatial variance. 

In the part of the clustering test, the results closely match to the conjecture of 

Choynowski. From the simulated results in Section 4.1, for models with no cluster 

and no clustering regions, the simulated Type I errors is very low when the population 

sizes are constant and non-constant. Since Type II error is inversely related to Type I 

error, the simulated Type II errors for models with no cluster but clustering regions in 

Section 4.1 is large, as expected. So, by using the idea of Choynowski, we may not 

easily conclude that significant clustering occurs within the study area; however, once 

such conclusion is made, it is a trustworthy inference. For test for detection of cluster, 

simulated Type I errors from Section 4.1 and simulated Type II errors from Section 

4.2 give us a picture on the performance of our proposed method. Similar with the 

results for test of clustering, the Type I errors are low and the Type II errors are high. 

On the other hand, when we use the proposed error function that include the 
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information of true positives, false positives, false negatives and true negatives, 

average error rate, our proposed method seems to be effective in detecting irregular 

shape cluster based on aggregate data. 

 In test of detection for cluster, we propose two approaches to detect the cluster, 

which are maximum numbers of regions linked and maximum size of population at 

risk. The reason why we design the second approach is the first approach may 

sometimes infer a significant cluster with some low population density regions. 

However, the second approach can hardly infer a significant cluster most of the time 

unless the regions within the detected cluster are populous. So, when there are large 

differences in the population density among those study regions, the first approach is 

more appropriate, and vice versa. The simulation results indicate that the method can 

successfully detect both sinuous and circular clusters, and the result is especially good 

when the relative risk of the cluster is large. 

As we know, Nagarwalla’s Spatial Scan Statistic also assumes that there is 

only one cluster within the study area. So, we compare our proposed method with the 

scan statistic in Chapter 5. As a result, our proposed method seems to have better 

performance in detecting either sinuous or circular cluster. 

As a conclusion, we believe that our proposed method, which is specially 

designed for handling aggregate data, can be used to detect irregular cluster. In this 

study, from the empirical results by using Taiwan cancer mortality data, we notice that 

clustering exists in each of the sex-age category stated above. Since there are large 

variations among the population density of townships in Taiwan, we adopt the 

approach based on maximum numbers of regions linked for detection of cluster. From 

the results, we found no significant cluster along downstream of contaminated rivers 

in Taiwan area. However, a significant cluster is respectively detected in some 

populous townships in Yunlin and Chia-I County within the category of male ages 65 

and beyond and in some mountain townships in Taitung County within the category of 

female ages below 50. We have to note that when we are interested in a relatively rare 

disease, e.g. certain cancer with the number of cases less than 5, the results from both 

test of clustering and test for detection of cluster should be treated with caution. Since 

the number of cases in the category of male ages 65 and beyond is large enough 
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compared to the category of female ages below 50, the cluster detection result in the 

male category is more reliable. 

Cooperation of all involved fields to take advantage of advanced 

computational technologies and computational geographical information system and 

graphical tools will contribute to the analysis of disease patterns for sure. Last, but not 

least, we would like to remind the readers to ensure the information of the data 

gathered, such as the corresponding case reported, population data, geographic 

boundaries of the study regions, are reliable. Case ascertainment is an important issue 

for both test of clustering and test of detection of cluster. 
 

7.2 Future Work  
 

First of all, we intend to compare the statistical power of our proposed method with 

other methods published such as Openshaw’s GAM/K and Rushton and Lolonis’ 

(1996) significance map at a later date. Many possible one cluster models would also 

need exploration in detailed studies. 

 In this study, we use “adjacency-base” neighborhood information; we would like 

to explore the results of our proposed method by using “distance-based” 

neighborhood information. Then, we may compare the performances of our method 

and those methods by using “distance-base” neighborhood information such as 

Openshaw’s GAM/K. 

 Next, since the multiple testing problems exist in our proposed method, different 

significance values used may bring different conclusions or inferences on the tests. So, 

we would like to apply some smoothing strategies to assign different weights to the 

significance values. (An example is illustrated in Figure 7.2) For instance, if the 

significance value for the cluster is 0.05 and there exists a neighbor region with 

significance value 0.10, we may apply randomization rule to decide on including the 

neighbor region into the cluster.  

At the current stage, our cluster detection method is under the assumption of 

only one cluster in the whole study area. Suppose more than one cluster exist, after 

the largest cluster is detected and the regions in it are excluded, the neighborhood 
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information and significance of some regions may be affected. Furthermore, we also 

have to consider about the definition of the error rates. For example, suppose there 

exist two “real” cluster composed of 4 regions each, in the situation where only one 

cluster (with 9 regions) is detected and successfully find out those 8 regions from the 

“real” cluster, the error rate is 1/9; however, in the situation where two clusters (one 

with 3 regions and the other with 4 regions) is detected and these regions are from the 

“real” cluster, from our error rate definition, the error made is 1/8. Obviously, the 

second situation is a better result but it posses a larger error rate; therefore, besides 

thinking of a method to detect more than one cluster, we have to consider a more 

appropriate error definition. On the other hand, we would also present some 

theoretical results for the tests of detection of cluster. 

Our proposed test in focus on space test in this study, the method may be 

extended to a space-temporal test in the future. Since these time series data may be 

correlated and confounded by the time factor, more complicated procedure and 

method may be needed. 

 

Figure 7.2: Suggested Weight of Smoothing Function 
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