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Additional File 1 

A) Extracting and Validating Multimorbidity Patterns by applying the Fuzzy C Means 

Clustering algorithm. 

In this annex we present a description of the procedure followed to obtain a set of multimorbidity 

patterns characterizing a patient population aged 65 or more in Catalonia (Spain). 

Dataset dimension reduction. 

The initial dataset was composed on 31st December, 2012, of a registered active diagnosis with 

a certain prevalence value, out of 60 possible diseases for the 𝑁=916,619 patients included in the 

study. Additionally, considering age and the gender, each patient was initially characterized by a 

vector of 62 features, most of which were binary variables indicating the presence/absence of a 

disease at the end of 2012. For most of the study, diseases with prevalence ≥2% were filtered, 

resulting in 47 diseases and the corresponding 49 features (adding age and gender). Since most 

of the selected features were categorical instead of quantitative, the dataset was a mixture of 

numerical and categorical variables. We processed this dataset by applying a mixture of the well-

known Principal Component Analysis (PCA) to the numeric original features and a Multiple 

Correspondence Analysis (MCA) to the binary ones, in order to obtain a new dataset of reduced 

dimension. We selected the PCAmix algorithm, as described by Chavent et al, to perform the 

dimensionality reduction. It follows the criterion based on concentrating most of the variability 

of the new transformed features, that is to say, variance of the data in the low-dimensional 

representation were maximized. The Karlis-Saporta-Spinaki rule was followed to select the first 

13 dimensions out of the 49 for the 2% prevalence filtering, according to the eigenvalues of the 

PCAmix and the number of features and individuals in the dataset. As a result, after the PCAmix 

transformation and the extraction of the optimal number of dimensions, the new dataset was 

composed of 𝑁=916,619 vectors of 𝑑 = 13 features each one. In the following we denote this 

new dataset as 𝓨 ≔ {𝒚1, 𝒚2, … , 𝒚𝑁} , denoting by 𝒚2 ∈ ℝ13  for 𝑛 = 1, … , 𝑁  the new vector 

representing patient 𝑛.  

Soft clustering algorithm 

Once the transformed dataset 𝓨 was computed, a soft clustering algorithm was applied to fuzzily 

distribute the population into a set of clusters, corresponding to the different multimorbidity 

patterns. In a traditional clustering procedure patients are grouped in an exclusive way, so that if 

a certain patient belongs to a definite cluster then s/he cannot be included in another one. In 

contrast, an overlapping clustering, such as the Fuzzy C Means (FCM) algorithm, uses fuzzy sets 

to cluster patients, so that each patient belongs to all clusters with different degrees of 

Supplementary material BMJ Open

 doi: 10.1136/bmjopen-2019-029594:e029594. 9 2019;BMJ Open, et al. Violán C



 

2 

 

membership. The choice between a hard or a soft clustering algorithm is traditionally made based 

on the application and the performance obtained. In our case, the use of the FCM algorithm 

presented performance results similar to those of the hard clustering algorithm Kmeans, but 

clinically more solid. It was, therefore, chosen as the most appropriate method for the description 

of the multimorbidity patterns.  

FCM was originally introduced by Bezdek and yields an unsupervised form of grouping in which 

individuals can belong to more than one cluster. To do so, they are associated with an appropriate 

set of  𝐾  membership values, where 𝐾  denotes the number of clusters. The parameters that 

determine the clustering process are a set of 𝐾 centroids 𝐕 = {𝒗1, … , 𝒗𝐾} where 𝑣𝑘 ∈ ℝ13 for  𝑘 = 1, … , 𝐾  and a set of membership factors 𝐔 = {𝑢𝑗𝑛; 𝑗 = 1, … , 𝐾; 𝑛 = 1, … , 𝑁}   with 0 ≤ 𝑢𝑗𝑛 ≤ 1. Factor 𝑢𝑗𝑛 indicates the degree to which individual 𝑛𝑡ℎ belongs to cluster  𝑗𝑡ℎ. Both 

centroids 𝐕  and membership factors 𝐔  are obtained by iteratively minimizing the objective 

function 𝐽𝑚(𝐔, 𝐕, 𝓨), which is the weighted sum of squared errors within clusters 

𝐽𝑚(𝐔, 𝐕, 𝓨) = ∑ ∑ (𝑢𝑗𝑛)𝑚𝐾𝑗=1𝑁𝑛=1 ‖𝒚𝑛 − 𝒗𝑗‖2;      1 < 𝑚 < ∞ (1) 

Thus, the similarity between an individual and a cluster centroid is measured through the squared 

error between the vector associated with the patient and the centroid prototyping the cluster. The 

fuzziness weighting parameter 𝑚, is selected to adjust the blending of the different clusters and it 

is any real number greater than 1. High m values would produce a fuzzy set of clusters so that 

individuals would tend to be equally distributed across clusters, whereas lower ones would 

generate a non-overlapped set of clusters. The FCM method iteratively alternates between 

computing the centroids in 𝐕 as the average of the individual’s features in 𝓨 previously weighted 

by the correspondent membership factors and estimating the membership factors in 𝐔 in order to 

maximize the cost function 𝐽𝑚(𝐔, 𝐕, 𝓨)  given the updated centroids in 𝐕 . In our work, we 

randomly initialized the set of centroids 𝐕 and halted the iterative process when 𝐽𝑚(𝐔, 𝐕, 𝓨) < 𝜖, 

where 0 < 𝜖 ≪1. This procedure converges to a local minimum or saddle point of 𝐽𝑚(𝐔, 𝐕, 𝓨). 

Cluster stability validation. 

Stable clusters are required in order to characterize multimorbidity patterns, consequently we 

applied 100 FCM independent runs to the transformed dataset 𝓨 and averaged both the 

membership factors and the centroid vectors, after ordering the clusters in descending order in 

terms of the summation of memberships to clusters, measured as ∑ (𝑢𝑗𝑛)𝑚𝑁𝑛=1 . This is 

equivalent to selecting the centroid and membership factors associated with the cluster with 

more population in each run and averaging them. Then after removing the selected cluster from 

each set, the procedure is repeated until a final set of clusters, composed of the 𝐾 averaged 
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centroids and the corresponding averaged membership factors, is obtained. In this averaging 

process we previously verified the similarity between the averaged parameters by a heuristic 

inspection of some randomly selected run results  

Number of clusters and fuzziness parameter validation. 

Since clustering algorithms are unsupervised, machine-learning techniques, the model fitting the 

dataset is traditionally computed through cost functions that depend on both the dataset and the 

clustering parameters and are denoted as validation indices. We computed three different well-

known validation indices to obtain the optimal number of clusters 𝐾 and the optimal value of the 

fuzziness parameter 𝑚: the partition coefficient validation index whose cost function is maximum 

for the optimal model, the Xie-Beni, and the partition entropy validation indices whose cost 

functions are minimum for the optimal models. A cross-validation technique was applied using a 

split sample approach, by randomly dividing the individuals into two different datasets, a first 

(50%) training dataset used for obtaining the averaged FCM clusters, and a second (50%) test 

dataset used to verify the model fitting the data.  

This validation procedure was applied to the set of clusters obtained after the previously explained 

averaging process, with the 2% prevalence filtering and considering 49 features before PCAmix 

reduction. We checked 𝑚 = 1.1, 1.2, and 1.5  and  𝐾 = 5, . . ,20 . In Figure1 the performance 

obtained through the three validation indices is depicted. The best behaviour is obtained for m=1.1 

and as is shown in Figure 2 and Figure 3 we can conclude that the optimal number of clusters for 

m=1.1 ranges from 6 to 12, validated with both the training dataset and the test dataset (more 

details are given in figures).  
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B) Computation of the observed/expected ratio and the exclusivity ratio. 

The observed/expected (𝑂/𝐸)𝑑𝑗 ratio and the exclusivity ratio 𝐸𝑋𝑑𝑗 have been used in this work 

in order to decide whether a disease 𝑑 is overrepresented or not in any given cluster 𝑗.  

The (𝑂/𝐸)𝑑𝑗 ratio was calculated by dividing disease prevalence in the cluster 𝑂𝑑𝑗 by disease 

prevalence in the overall population 𝐸𝑑 . As membership of an individual 𝑛 in a cluster 𝑗 was 

denoted by a membership degree factor 𝑢𝑛𝑗, and not as a binary variable, the observed disease 

prevalence 𝑂𝑑𝑗  in a cluster 𝑗  was computed as the ratio between the summation of the 

membership degree factors corresponding to all individuals suffering the disease 𝑑  and the 

summation of all the membership degree factors corresponding to the cluster 𝑗. Let us assume that 

there are 𝑛𝑑 individuals suffering the disease 𝑑 and that they are grouped in the set 𝐼𝑑, then the 

observed prevalence was computed as 

𝑂𝑑𝑗 = ∑ 𝑢𝑛𝑗𝑛∈𝐼𝑑∑ 𝑢𝑛𝑗𝑁𝑛=1  

while the expected prevalence was computed as  

𝐸𝑑 = 𝑛𝑑𝑁  

Exclusivity ratio 𝐸𝑋𝑑𝑗, defined as the proportion of individuals with the disease 𝑑 included in the 

cluster 𝑗 over the total number of individuals with the disease 𝑛𝑑, was computed as  

𝐸𝑋𝑑𝑗 = ∑ 𝑢𝑛𝑗𝑛∈𝐼𝑑𝑛𝑑  

 

 

References  

1. Chavent M, Kuentz-Simonet V, Labenne A, Saracco J. Multivariate analysis of mixed data: 

The PCAmixdata R package. 2014; eprint arXiv:1411.4911. 

2. Bezdek JC. Pattern Recognition with Fuzzy Objective Function Algorithms. New York: 

Plenum Press; 1981.    

3. Bora D, Kumar Gupta A. A Comparative study Between Fuzzy Clustering Algorithm and Hard 

Clustering Algorithm. Int J Comput Trends Technol 2014;10(2):108–13. 

4. Pal NR, Bezdek JC. On Cluster Validity for the Fuzzy c-Means Model. IEEE Trans Fuzzy Syst 

1995;3(3):370–9.  

 

Supplementary material BMJ Open

 doi: 10.1136/bmjopen-2019-029594:e029594. 9 2019;BMJ Open, et al. Violán C



 

5 

 

 

Figure 1. Selection of the optimal m parameter 

Index m = 1.5 was also computed for Xie-Beni indices, but not included in the graph because the 

curve is significantly higher than the other two in the plot. 

Optimum Xie-Beni and partition entropy indices are at the minimum, whereas optimal choice for 

partition coefficient is at the maximum. For this reason, all plots are showing that m = 1.1 is the 

best parameter to optimize all the computed indices.   
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Figure 2. Selection of the optimal number of clusters (m = 1.1) 

Optimum Xie-Beni and partition entropy indices are at the minimum, whereas optimal choice for 

partition coefficient is at the maximum. Within the plots above, optimal values are located in the 

range from 6 to 12 clusters.   
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Figure 3. Cross-validation of the clustering with m = 1.1 

Optimum Xie-Beni and partition entropy indices are at the minimum, whereas optimal choice for 

partition coefficient is at the maximum. In the plots above we can find the optimal values in the 

range from 6 to 12 clusters. Additionally, no significant variation is registered in the indices 

regardless of the dataset selection.      

 

Supplementary material BMJ Open

 doi: 10.1136/bmjopen-2019-029594:e029594. 9 2019;BMJ Open, et al. Violán C


