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A TOPOLOGICAL DATA ANALYSIS APPROACH
TO INFLUENZA-LIKE-ILLNESS
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Abstract—Influenzanet is an online automated system to mon-
itor the activity of influenza-like-illnesses (ILI) with the aid
volunteers through the internet. The discussion in this paper
has focus on the topological analysis of the Influenzanet dataset,
examining the structure of that data to provide insights on the
behaviour of the ILI season and comparing ILI seasons. The
general approach performs a qualitative analysis based on the
topology of the curves of the time series generated by each ILI
season. It provides a way to test agreement at a global scale
arising from local models. We also show the complementary
potential of this qualitative method to quantitative methods such
as Fourier analysis and dynamical time warping.
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diagram.

I. INTRODUCTION

Due to the pandemic potential of influenza, a complete
knowledge of the development of each ILI season is a pub-
lic health priority. In this paper we contribute to that aim
by discussing the problem of comparing influenza seasons
throughout the years (selected countries: Portugal and Italy)
based on the topological behavior of the curve of the time
series of incidence in the population. We also discuss the
identification of recurrence that would correspond to patterns
in the influenza season. To do that we recur to the novel
methods of topological data analysis [TDA], providing us with
the persistent topological features that describe the structure of
the data. The basic technique encodes topological features of
a given point cloud by diagrams representing the lifetime of
those topological features (see Figure 1). A good introduction
to topological data analysis can be found in [2]. Topological
methods on data have seen application to the study of the
influenza viral evolution in [3] and other public health priorities
such as diabetes [5] or cancer [7]. Our goal in this paper is to
analyze the Influenzanet data using persistent homology (i.e.
persistence), identifying persistent topological features relevant
to the digital epidemiology study. The Influenzanet system
monitors the activity of influenza-like-illness [ILI] in Europe
with the aid of online volunteers. It has been operational in
Portugal since 2005, and in Italy since 2008. Influenzanet
obtains its data directly from the population, contrasting with
the traditional system of sentinel networks of mainly primary
care physicians [8]. Influenzanet was shown to be a fast and
flexible monitoring system whose uniformity allows for direct
comparison of ILI rates between countries [13]. In this paper
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Fig. 1. The curves of the time series of ILI incidence in Italy during the
ILI seasons of 2008/09-2012/13 (on the left); a screenshot of the influenzanet
system in Italy, in May 2015 (on the right), where the infection level based
on reported symptoms goes from ocher (min) to red (max).

we look at the overall structure of several influenza seasons as
well as their evolution in Portugal and Italy. In particular, this
provides a way to test agreement at a global scale arising from
standard local models. The method for comparing time series
data through TDA, is innovative in the context of the analysis
of ILI seasons. It differs from other approaches by providing
us with a tool that is independent of the different sizes of
the samples collected in each country, comparing the shape
of the data generated in each ILI season between countries.
We will compare it with dynamic time warping [DTW], that
can also compare the time series based on their behaviour,
independent from the variations in time. A complementary
study is to look for periodicity in the ILI season. The usage
of TDA for the analysis of time series was explored in [9]
towards the quantification of periodicity and identification of
periodic signals in gene expression. The method infers high-
dimensional structure from low-dimensional representations
and studies properties of a continuous space by the analysis of
a discrete sample of it, assembling discrete points into global
structure. Similarly, using TDA to analyze the input time series
data, after a delay embedding of the time series in R2 as in
[9], we can study periodicity in the Influenzanet data [10],
or compare the persistent features of the curves generated by
that data [12]. We compare the results with those of Fourier
analysis, the standard quantitative analysis of periodicity in the
data.

II. TOPOLOGICAL ANALYSIS OF
EPIDEMIOLOGICAL DATA

Given the time series of ILI incidence defined by pairs
(country, year), we aim to compare them through the analysis
of the persistence of topological features. In particular, we
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Fig. 2. The pipeline for the computation of topological data analysis for the
time series of Italy for 2009/10: the given pointcloud of the input data (on the
left); the Viatoris-Rips complex approximating the space of the pointcloud (in
the center); and the correspondent persistence diagram encoding the lifetime
of the topological features (on the right).

embed the data in higher dimensions, compute persistence, and
distinguish data noise and outliers. In that, we get a perspective
of that space under different scales, where small features will
eventually disappear. The approach in [14] using the Takens
Delay Embedding Theorem permits us to project the time se-
ries data onto a n-dimensonal space and from it construct a per-
sistence diagram corresponding to the time series of influenza
incidence. The Mahalanobis distance is a measure of the
distance between a point P and a distribution D, widely used
in cluster analysis and classification techniques. As persistence
is independent from the metric used, in this paper we consider
the Mahalanobis metrics on the space to construct a simplicial
complex (i.e. a combinatorial approximation of the space based
on points, line segments, triangles, and their n-dimensional
counterparts [2]) within the TDA analysis pipeline, represented
in Figure 2. The complexity of computations grows fast with
the rise of input data due to the usage of these topological
structures. For the sake of efficiency we have used several
methods to preprocess the given data. The computation of
persistence is fed by the time series data embedded in higher
dimensions and provided as a distance matrix to the algorithm
that computes the persistent features encoded into (persistence)
diagrams. The images in Figure 2 show the cloud of input
data points, the corresponding simplicial complex (a Vietoris-
Rips complex), and the corresponding persistence diagram for
dimension 1 (where the information on topological cycles is
captured). The computation of the persistence diagrams is
done using Ripser [1], an open source persistent homology
software that can output a text file with a list of birth and
death times corresponding to the measure of persistence, fully
describing the persistence diagram. We also used an alternative
open source tool, Perseus [6], whenever we needed to control
parameters of persistence computations (eg. step size, number
of steps or initial threshold distance). The input structure
is given as a symmetric distance matrix where the entries
come from pairwise distances between points in a given point
cloud. In the Figure 3 we can see the 3-step construction
of the Vietoris-Rips complex that will provide us with the
persistence diagram encoding the topological information of
the Influenzanet data. These topological tools complement the
information obtained by classical data analysis.

III. COMPARING ILI SEASONS

When comparing two time series that may vary in time or
speed it is reasonable to apply DTW to measure the similarity

Fig. 3. The filtration of the simplicial complex at several levels varying
according a parameter r for the input time series of Italy in the ILI season of
2009/2010: r = 2 (on the left); r = 3 (in the center); r = 5 (on the right).

Fig. 4. The persistence diagrams for the input time series of Italy in the
ILI season of 2009/10: dimension 0 (on the left); dimension 1 (in the center);
dimension 2 (on the right). The red circles mean that the lifetime of the
considered features does not end.

between the temporal sequences. Doing so, we are able to align
the time series to enable comparison between seasons. In this
study we compared each pair (country, year), obtaining the
respective measures in the table of Figure 5, with highlighted
largest and smallest values. We compare these values with
those also in Figure 5 coming from comparing persistence
diagrams each of which corresponding to an influenza season
in either Portugal or Italy (for the embedding using and
comparing Euclidean and Mahalanobis metrics). Bottleneck
distance is a standard technique of TDA that permit us to
measure the pairwise distance between persistence diagrams at
each dimension. The distance value between two persistence
diagrams in the tables of Figure 5 was calculated using
the persistence landscapes toolbox [4] to compute the dis-
tance between diagrams. Persistence Landscapes generalizes

Fig. 5. Comparing the ILI seasons of Portugal and Italy during 2008/09 up
to 2012/13: the distance tables for the TDA with Euclidean metrics (on the
top), the TDA with Mahalanobis metrics (on the center), and the dynamic
time warping (on the bottom).
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Fig. 6. Comparing the ILI seasons of Portugal and Italy during 2008/09-
2012/13: selected plots of time series to compare the results in the topological
data analysis and the dynamical time warping.

bottleneck distance and will be used in further research to
get deeper insights from these comparisons. The tables in
Figure 5 represent the comparison between the TDA and
DTW analyses of ILI incidence in Italy and Portugal for
the ILI seasons of 2008/09 up to 2012/13. This data was
normalized by maximum distance (i.e., using normalized =
(x − min(x))/(max(x) − min(x)) ), enabling the compar-
ison of [0, 1] values in such non homogeneous data. When
comparing the distances obtained by DTW and TDA we can
see that these two methods look at different features of the data
and thus the different results obtained. The plots in Figure 6
represent time series for the selected ILI seasons. They allow
us to compare the different data analyses methods used in
this study. When comparing the distances between the ILI
seasons in Italy and Portugal, the TDA often disagrees with
DTW (see Figure 6). The closest ILI seasons according to
TDA are those of Italy 2009/10 and Portugal 2010/11, where
the TDA has a lowest value of 0.0314 (due to the higher
similarity of peaks) while the DTW has an average value of
0.4706. The closest ILI seasons according to DTW are those
of Italy 2008/09 and Portugal 2011/12, where the DTW has a
lowest value of 0.1765 (describing the similar behavior of the
curves) while the TDA analysis has also a low value of 0.1758.
We used multidimensional scaling as in Figure 7 to identify
outliers for each of the three methods within the ILI seasons
analyzed in this study. TDA provides a qualitative analysis
of the time series of ILI incidence, looking in particular
at the peaks and dramatic changes. In that perspective, the
time series of Italy 2009/10 and 2012/13 plotted in Figure 7
describe very different ILI seasons with very different peaks.
On the other hand, the ILI seasons of Portugal 2008/09 and
2009/10 are identified being very close with very similar peaks,
although the behavior of the curve being different (it is worth
mentioning that these were seasons influenced by the pandemic

Fig. 7. Comparing the ILI seasons of Italy and Portugal during 2008-2013
using metric multidimensional scaling (on the upper left) to identify: the
outlier ILI seasons of Italy 2009/10 and 2012/13, with time series plotted
for analysis and interpretation (on the upper right); the close ILI seasons of
Portugal 2008/09 and 2009/10 (on the lower left); and the ILI seasons of
Portugal 2010/11 and 2012/13, close to the diagonal (on the lower right).

H1N1/09 virus). The knowledge on secondary attack rates in
the influenza season is of importance to access the severity of
the seasonal epidemics of the virus, estimated recently with
information extracted from social media in [15]. Here lies a
strong point of TDA where it can provide relevant contribution
complementing other methods. The persistence diagrams of
Figure 8, correspondent to the identified ILI seasons of Italy
2009/10 and 2012/13, and Portugal 2008/09 and 2009/10. They
encode the lifetimes of the topological features of the curves
of the time series of those seasons. Persistence diagrams are a
clear and practical tool that allows us the detection of outliers
and to capture the qualitative features of the dynamics of the
system. These ideas provide a new approach to the analysis of
the seasons in the epidemiology of Influenza.

IV. LOOKING FOR PERIODICITY IN THE
INFLUENZANET DATA

Fourier analysis is widely used to identify patterns in a
time series. In this section we discuss how the qualitative data
analysis of TDA can complement the quantitative information
provided by the Fourier analysis. In Figure 3 we can see the
plot of the two time series and their correspondent Fourier
transform. We used the time series of ILI incidence in Portugal
and Italy for the ILI seasons of 2008-2013, representing non-
homogeneous data. We computed the Fourier transform for
each pair of time series (country, year) to compare the ILI
seasons of Portugal and Italy, as in [11], confronting the
quantitative methods of the Fourier analysis with the qualitative
methods of TDA. TDA can also be used to look for periodicity
in Influenzanet data, following the work in [14], to identify re-
current behaviours within selected influenza seasons. Barcodes
and the correspondent persistence diagrams, seen as multi-
scale signatures encode the lifetime of topological features
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Fig. 8. Comparing the ILI seasons using persistence diagrams for dimension
1 for: Italy 2009/10 (on the upper left), Italy 2012/13 (on the upper right),
Portugal 2008/09 (on the lower left), and Portugal 2009/10 (on the lower
right), identified as particular cases in Figure 7.

Fig. 9. Comparing the ILI seasons of Portugal and Italy during 2008-2013:
the time series (on the left); the Fourier transform (on the right).

within pairs of numbers representing birth and death times.
We have computed a persistence diagram in Figure 4 for each
time series (country, year) embedded in higher dimensions. As
shown by the persistence diagrams below, the distinguishable
features are seen in dimension 1.

V. CONCLUSION AND FUTURE WORK
The study of Epidemiology is a great source of problems

relating to nonlinear systems, large-scale data and development
of more accurate models, where TDA can contribute, providing
high dimension techniques for medical data analysis. In this
study we showed how they could be used to analyze and com-
pare ILI seasons between countries based on the curves of the
time series of their ILI incidence. The analyzed Influenzanet
data lists the number of active participants and the number of
ILI onsets, for three different ILI case definitions. Using the
described methods we shall also look at those different ILI
case definitions, contributing to a better understanding of the
features distinguished by them. The information provided by
quantitative methods such as DTW or the Fourier analysis of
time series can be combined and complemented by the TDA
analysis of that data. Further research considers the analysis of
the impact of the TDA analysis for modeling and prediction

of the current Influenza season. We can also complement the
approach with other machine learning methods to learn metrics
that are more appropriate to the input time series data, aiming
to grasp a better understanding of the severity of the epidemics
both in past and ongoing ILI seasons.
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