
Recurrence analyses of event time-series

Norbert Marwan
Research Deptartment of Complexity Science

Potsdam Institute for Climate Impact Research (PIK), Member of the Leibniz Association
P.O. Box 60 12 03, 14412 Potsdam, Germany

Email: marwan@pik-potsdam.de

The analysis and modelling of event time-series are of broad
interest in data science, as they are manifestations of the dy-
namics of the underlying system. Their relevance spans di-
verse scientific fields – from financial transactions and cus-
tomer interactions to cardiac events, system failures, and
natural phenomena – making them a ubiquitous and valu-
able subject of study. Event series may consist of discrete or
binary events, or events with varying amplitudes, such as ex-
tremes, anomalies, or events derived from heavy-tailed dis-
tributions. Research questions for event data are often simi-
lar to those for continuous time-series, including data com-
parison, classification of underlying dynamical behaviour,
detection of regime changes, and use in simulations or pre-
dictions. The critical challenge addressed here is the lim-
itation of conventional time-series analysis methods when
applied to sparse, irregular, or discrete event data (although
several approaches address event-data analysis [2, 3]), hin-
dering the ability to effectively compare these data with
continuous records or reliably characterise their underlying
spectral properties and nonlinear dynamics [5]. In this con-
text, recurrence-based methods provide a promising alterna-
tive [5, 6].

A recurrence plot (RP) visualises pairwise similarity be-
tween all states x⃗i and x⃗ j: Ri, j = Θ(ε −d(⃗xi, x⃗ j)), where
d(·, ·) is a distance- or cost-based similarity measure and
Θ(·) the Heaviside function, yielding Ri, j = 1 if the similar-
ity (e.g., defined by a spatial distance dL2 = ∥⃗xi − x⃗ j∥) falls
below a threshold ε [6]. By selecting a similarity measure
suitable for discrete data, RPs can also be constructed for
event data. A natural choice is the edit distance, an extension
of the Levenshtein distance [11]. For two event sequences
Si = {t(i)k }Ni

k=1 and S j = {t( j)
k }N j

k=1 the edit distance dED is the
minimal total cost of transforming Si into S j using deletions,
insertions, and temporal shifts of events tk. This metric has
been successfully combined with recurrence analysis [1, 10]
and allows many advanced data analysis tasks offered by the
RP-based framework, thereby extending the powerful tools
of nonlinear time-series analysis and phase space character-
isation to discrete and event-based processes.

For example, it enables a direct comparison of event
with continuous data. One important recurrence-based ap-
proach is based on joint recurrence: JRx,y

i, j = dED(Sx
i ,S

x
j) ·

Θ(ε −dL2(⃗yi, y⃗ j)), where xi denotes an event series and yi
a continuous time-series. It quantifies simultaneous recur-

rences in both signals and, thus, provides a powerful indica-
tor of generalised synchronisation [9]. This capability is es-
sential for analysing coupled dynamical systems where dif-
ferent components may be measured using heterogeneous
data types (discrete events vs.continuous variables). This
would also allow future extensions of the JRP approach for
detecting coupling directions or even causal links between
systems [8]. Nevertheless, the method faces practical chal-
lenges such as parameter selection, dimension mismatch, al-
ternative similarity measures, and sensitivity to noise, which
will be discussed briefly. Edit-distance-based RPs also en-
able power-spectrum estimation for spiky signals [4] and fa-
cilitate analysis of irregularly sampled data [7], a common
challenge, e.g., in astrophysics and palaeoclimate research.

These extensions are demonstrated on climate and palaeo-
climate data, where extreme event-like records are analysed
together with continuously recorded observations. The re-
sults demonstrate that recurrence-based techniques can un-
cover hidden synchronisation patterns and produce reliable
spectral estimates despite the sparsity of the event data.
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