Topological Data Analysis to identify subgroups of type-2 Diabetes Mellitus

Introduction

There are several factors that contribute to the development of Type-2 Diabetes Mellitus (T2DM)
(1); some evidence suggests that it is not only influenced by a deficiency in the pancreatic functions,
but from a more complex path-way of the disease (2,3).

Unsupervised machine learning algorithms have been applied to gain a better understanding of the
T2DM (4,5,6). Topological Data Analysis (TDA) has been recently implemented in the analysis of
health datasets (7,8,9,10) to get insight from large and complex sets of data by studying its shape.
TDA permits to find clusters of data that other unsupervised methods cannot identify (11).

TDA has been applied to identify subtypes of T2DM patients in the American population (12). There
is not much information regarding subtypes of this disease and the implementation of TDA. The aim
of this research was to perform a TDA in T2DM English patients using linked datasets to identify
clusters of the disease.

Methods

CALIBER database links patient information from all healthcare settings in England. Subjects with
one year of T2DM diagnosis during the 1998-2010 period, and not missing data were selected. The
final population included 6,851 subjects.

The analysis included variables regarding sociodemographic information, lifestyles, nutritional
status, and mental, endocrine, and circulatory diseases. Categorical variables were classified as
whether the event was present in the 6-previous year of the T2DM diagnosis; mean was estimated
for numeric features in the same period. Numeric data was standardized, and categorical variables
were transformed into dummies when needed.

TDA was applied to identify clusters of data. This algorithm (figure 1), creates a distance matrix to
evaluate similarity, and applies filter functions to project the data. The filters can be any function
that converts the data into a single number. Two parameters are also applied to determine the later
connections of the network. Finally, data points are grouped using a clustering algorithm. A node
represents a group of subjects, and the edges the connections (similarity). A multinomial logistic
regression was performed to identify statistical differences among groups.

Results

The sample population comprised 54% of women. Approximately, 44% were not smokers, and 84%
did not consume alcohol regularly. Likewise, 7% have had a myocardial infarction, 60% had
hypertension and 13% mental diseases. The TDA showed three groups of T2DM (Figure 2). The first
group (70%) have an equitable distribution of clinical and socio-behavioural characteristics; the
second group (12%), the most deprived cluster and mainly composed by women, have subjects with
several undesired clinical complications and lifestyles behaviours; the third group (18%), mainly
composed by men, have few clinical complications and acceptable lifestyles. Multinomial logistic
regression showed a statically significant difference among groups.

Conclusions

TDA is an useful algorithm to perform exploratory and unsupervised analysis. The results suggest
the existence of subtypes of T2DM. Further analyses are needed to confirm different subtypes of
T2DM, and the utility of TDA to identify clusters in data; this study sums up to such purposes.
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Figures

Figure 1 presents the TDA mapper algorithm process, an x-coordinate filter function is applied to a
circular distance matrix, and five intervals are established.
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Figure 2 shows the TDA mapper output coloured by gender. Two additional graphs below are also
plotted with different parameters; however, the shape remains similar.

6-years (5 intervals, 60% overalap, 40 bins)

G-year |5 intervals, 50% overalap, 20 bins)
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