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ABSTRACT 

Digital technology has huge potentials in transforming clinical 

trial research. One common issue in digital clinical trials for 

long-term behavioral treatments is incomplete longitudinal 

data, as subjects’ behavior changes over time. In this paper, we 

aim to improve the fuzzy clustering accuracy and stability of 

digital clinical trials by intelligently searching for the optimal 

fuzzifier, which is the key to identify the optimal number of 

overlapped clusters for incomplete longitudinal data. Our 

findings showed that integrating optimal fuzzifier searching 

with cluster validation can streamline the clustering process, 

thus enabling the intelligent fuzzy clustering procedure.  
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1 Introduction 

The use of digital technology in clinical trial research has the 

potential not only to reduce the cost and time for research, but 

also enable research opportunities that are more patient-

centered to quickly address important health issues such as 

substance abuse, mental health, chronic diseases, and cancers, 

etc. In digital clinical trial research, one of the emerging smart 

health areas, missing data is common, especially for 

longitudinal digital trials.  Clustering incomplete longitudinal 

digital trial data is another challenge due to participants’ 

complex behaviors over time during these trials. Fuzzy 

clustering uses the concept of membership into data partition 

to indicate the degree to which an object belongs to different 

clusters. To fully enable intelligent validation of fuzzy methods, 

such as MIFuzzy [1], one key component is to search for the 

optimal fuzzifier, also called the weighing exponent. In this 

paper, we propose an intelligent fuzzifier-based cluster 

validation method for incomplete longitudinal digital data.   

2 Related Work 

Figure 1: Potential of Digital Trials 

MIFuzzy clustering is a non-parametric soft clustering method, 

used for semi-supervised or unsupervised learning [1]. 

Multiple Imputation (MI) seeks to deal with missing data that 

happens often in longitudinal digital trials, e.g., when people 

drop out of treatments, fail to respond to a survey, etc. To 

validate fuzzy clustering results, we need to use fuzzy 

validation indices. The Xie-Beni (XB) Index is a popular fuzzy 

cluster validity measure [2]. It measures the compactness of 

the fuzzy partition over the separation of the clusters.  

Aside from validating indices, selecting an appropriate fuzzifier 

(m) is particularly crucial in identifying the optimal number of 

clusters. Studies explore this idea of obtaining the fuzzifier 

directly from the dataset [3,4,5]. In [3], the author theoretically 

proved and computed the fuzzifier by searching a global 

optimal solution. Similarly, study [4] learned a general function 

relation between the fuzzifier and the dataset properties: data 

dimension and size. In [5], the authors proposed a new 

integrated fuzzifier evaluation and selection to assess and 

select the fuzzifier. 

This paper proposes an intelligent fuzzifier-based cluster 

validation for incomplete longitudinal digital trials. This

method aims to intelligently (auto-) select the fuzzifier for 
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incomplete digital trial data to further reduce the complexity of 

applying such methods and make the validation more tractable. 

3 Methodology 

Algorithm 1 Intelligent Fuzzifier-based Cluster 

Validation for incomplete longitudinal digital trials 

Input:  incomplete data X, fuzzifier testing size P, imputed 

datasets number Q, cluster range R 

Output: Optimal fuzzifier m and optimal number of cluster 

k 

1:  Multiple Imputation on dataset X to create Q MI sets 

_ to _ 

2:   for p = 1 to P do 

3:     for q = 1 to Q do 

4:       m = 1 + p*0.1 an data = _;  

5:       for r = 2 to R do 

6:          = ( ,  ,  ) 

7:       end for    

8:     end for 

9:   Calculate  using MI_XB  

10: end for 

11: return m = ,  =  such that  =   =   =
 

We describe our algorithms in Algorithm 1. This algorithm uses 

MI_XB, which finds the optimal number of clusters across 

multiple imputed datasets. For each imputed dataset and each 

fuzzifier, MI_XB find the number of clusters   such that: 

I_XB() =  min {x ∈  : x is a local minimum of  }

        (1) 

And the number of cluster  such that: 

 =               (2) 

Where XB is calculated as:  

XB =  ∑ ∑ 
 







 
          (3) 

In these equation,   is the set of to ;   is the 

set of to ;   is the mode of ;  is the membership 

value of ith point in jth cluster; n is the number of points in the 

set; and c is the cluster number. 

4 Analysis 

For analyses, we use the incomplete dataset from a longitudinal 

dietary trial dataset [6]. The dataset contains 240 subjects and 

we used 4 variables that describe subjects’ diet quality over 

time with a missingness of approximately 18%. This data is 

then imputed into 10 complete datasets MI_X1 to MI_X10, where 

each dataset contains 240 observations and 4 variables. The 

MIFuzzy algorithm is then applied to each of the 10 datasets, 

with the fuzzifier m ranging from 1.1 to 3. This results in 10x20 

partition tables  . With the partition tables  , we use the 

MI_XB scores to determine the optimal number of clusters, 

which is 5 clusters. Finally, using the table of the majority 

voting results, we auto-identified the optimal m to be  = 2.1. 

Figure 2 shows the Fuzzy Sammon mapping of the clustering 

results to support the 5-cluster validation, thus fulfilling a 

streamlined fuzzy cluster validation. 

 

Figure 2: Example of MI_XB Scores for the optimal number 

of clusters at 5 clusters 

5 Conclusion 

In recent years, digital trials are becoming popular with the 

advanced development of information technology. We aim to 

improve the accuracy and stability of fuzzy clustering, which is 

useful in digital clinical trials. Specifically, we proposed to 

streamline a fuzzy cluster validation procedure for incomplete 

digital trials based on intelligent optimal fuzzifier search and 

fuzzy cluster validation index. The results show that this 

approach can find the adaptive fuzzifier for the real trial dataset 

and facilitate the identification of the optimal number of 

clusters. In future research, more real and synthetic digital trial 

data will be used to further test multiple imputation-based 

fuzzy clustering validation for incomplete digital trial data. 
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