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Fig. 1: Visualization of impact values. The control panel, located at the top, allows for selecting time series, impact measures to apply,
and setting parameters such as the tolerance threshold. The central section features a plot of the base and response time series,
aligned with the impact matrix. This matrix displays impact values along the timeline and across various time lags in the form of an lkat
plot. The plot is named after a Southeast Asian dyeing technique used to pattern textiles [51]. For any selected cell in the Ikat plot, the
corresponding time series fragments are highlighted in bold on the timelines above the plot and presented on the scatter plot to the
right, with a directed arrow indicating the progression from the first to the last point.

Abstract—This paper presents a visual analytics workflow for detecting stable cross-impact patterns in time series pairs. A sliding
window technique computes multiple impact measures, including a novel Kendall’s tau variant that tolerates minor fluctuations.
Evaluating these measures across various time lags reveals dynamic relationships between time series. An interactive Ikat plot
facilitates the exploration of impact distributions, helping identify intervals where specific cross-impacts remain stable (e.g., trends
in one series followed by similar or opposite trends in another after a lag). These intervals are extracted as events, whose temporal
(and, when applicable, spatial) distributions can be analyzed to uncover broader patterns across multiple time series pairs and over
extended time spans. This includes identifying co-occurring cross-impacts and variations in cross-impact presence or type across
different periods and data subsets. Experiments on real-world datasets demonstrate the framework’s ability to isolate robust patterns,

providing a scalable and interpretable approach to analyzing complex temporal dynamics.

Index Terms—Visual analytics, time series, impact
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1 INTRODUCTION

In many real-world scenarios, dependencies between time series often
manifest with varying lags due to economic, physical, or behavioral
delays. For instance, gold and crude oil prices exhibit dynamic re-
lationships influenced by inflation expectations, geopolitical events,
and macroeconomic policies, where oil often responds with a lag to
gold price shocks. Similarly, interest rates and stock market indices
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demonstrate lead-lag effects, as monetary policy changes influence eq-
uity markets over different time horizons. In meteorology, temperature
and electricity consumption show seasonal dependencies, with energy
demand lagging behind temperature shifts. In epidemics, lagged corre-
lations have been found between the intensity of population mobility
and the rate of new infections [11]. Identifying lagged relationships
and assessing their strength is crucial for forecasting, risk management,
and decision-making in various domains [65].

Detecting and understanding cross-impacts between time series in
both temporal and spatial contexts is a fundamental challenge in data
analysis. Identifying these relationships requires not only the computa-
tion of statistical impact measures over time but also careful considera-
tion of different time lags. However, short-term fluctuations, periodic
variations, and irregular trends complicate this process, necessitating
robust methods for preprocessing and analysis.

We address these challenges by introducing a systematic approach
that computes multiple impact measures over a sliding window with
varying time lags. In addition to traditional measures, such as Pearson
correlation, rank correlation, and Kendall’s tau, we have introduced
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a novel variant of Kendall’s tau that is less sensitive to minor tempo-
ral deviations in value sequences and thus more robust against small
fluctuations.

These computations form the highly important first step of our ana-
lytical workflow for detecting, extracting, and analyzing stable cross-
impact patterns in datasets containing multiple bivariate time series (Fig.
2). The success of the whole process depends on finding an appropriate
combination of options for pattern extraction. To facilitate informed
selection and testing of impact measures and parameter settings, we
developed an interactive visual interface including the novel Ikat plot,
which is controlled by query widgets.

In the initial phase of the workflow, analysts use a few example time
series pairs to explore how detected patterns vary depending on param-
eter settings. Once suitable settings are identified, i.e., those that yield
patterns aligned with the analysis objectives, they are applied to the full
dataset to detect similar patterns across all pairs. The resulting patterns
are then extracted and represented as "impact events", which undergo
further analysis as outlined in Fig. 2. In this way, the Ikat plot acts
as a tool for hypothesis generation and parameter sensitivity analysis,
enabling analysts to visually assess the stability and characteristics of
cross-impacts before proceeding to automated event extraction.

We wish to clarify that this work presents a conceptual workflow
design and a proof of concept, rather than a polished, ready-to-use
software system. Our contribution includes a prototype implemen-
tation and a case study conducted by the authors, among whom are
epidemiology experts. The aim is to lay the groundwork for the future
development of robust, user-friendly analytical tools. The intended au-
dience for such tools comprises time-series experts that seek to uncover
complex lagged relationships between dynamic phenomena existing
in various application domains such as epidemiology, economics, and
environmental science.

Given the novelty of the Ikat plot design and its key role in the
entire workflow, we evaluated the plot’s interpretability and represen-
tational power through a two-stage study: first, with four time-series
professionals to validate pattern recognition in static representations,
and subsequently with five visualization experts to refine interactive
features. The expert feedback suggested that the concept is promising
for identifying interpretable cross-impacts, but still considerable work
is needed for developing a fully polished software tool and evaluating
its usability and effectiveness with a broader range of users.

Our main contributions thus include

* A novel, robust variant of Kendall’s tau tailored for time series analy-
sis that tolerates minor temporal fluctuations.

The Ikat plot, an interactive visualization supporting parameter ex-
ploration and pattern detection in the initial workflow stage.

* An event extraction methodology applicable to large sets of time
series pairs.

* A comprehensive event extraction and analysis workflow (Fig. 2) to
identify significant cross-impact patterns.

* A proof-of-concept case study on epidemiological data, demonstrat-
ing the utility of the approach.

The remainder of this paper is organized as follows. In Section 2,
we review the related work. Section 3 introduces the key part of
the methodology, including the computation of impact measures, the
design of the interactive visualization for pattern discovery, and the
event extraction process. Section 4 describes our two-stage evaluation
of the Ikat plot design. Section 5 presents the entire workflow within
a case study. Finally, Section 6 critically discusses the approach and
outlines directions for future research.

2 RELATED WORK

This section highlights key themes in time series analysis, address-
ing fundamental properties of time that shape forecasting models and
anomaly detection techniques. We distinguish between univariate and
multivariate time series, where the latter enable the study of interdepen-
dencies between variables.
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Fig. 2: General workflow for detecting and analyzing impact events from
multiple bivariate time series.

2.1 Time Series Analysis Fundamentals

Fundamental properties of time and time-referenced data include tem-
poral dependency and temporal cycles. Temporal dependency refers
to the influence of past values on future observations, forming the
basis for forecasting models such as autoregressive methods and recur-
rent neural networks. This dependency can be short-term (e.g., stock
price momentum) or long-term (e.g., climate trends). Temporal cycles
capture recurring patterns over fixed or variable intervals, driven by
external factors like seasons, daily routines, or economic activities.
Examples include annual temperature fluctuations, rush-hour traffic,
and holiday-driven sales. Understanding these properties is key to time
series modeling, anomaly detection, and predictive analytics.

Time series data vary in the number of series and attributes. A
univariate time series tracks a single attribute over time, while a mul-
tivariate time series records multiple attributes per time step. This
differs from multiple univariate time series, which track the same at-
tribute across different entities or locations. This distinction is crucial,
as univariate methods analyze individual trends, whereas multivariate
techniques capture interdependencies among variables.

Time series analysis serves diverse fields. In statistics, economet-
rics, and meteorology, it focuses on forecasting; in epidemiology the
focus is to infer causal relationships among relevant features [11,65];
in engineering and signal processing, it aids signal detection. It also
supports data mining, machine learning, and pattern recognition tasks
like clustering, classification, and anomaly detection. Analytical tech-
niques include autocorrelation analysis, seasonality detection, trend
decomposition, and Fourier-based frequency analysis, mostly applied
to univariate series.

2.2 Time Series Visualization

Various visualization techniques for time series are covered in classical
books [13,17,57] and cartographic literature [34,60], while [3] reviews
modern information visualization approaches.

Analytical tools include TimeSearcher [28] for selecting time in-
tervals, TimeSearcher2 [15] for motif detection, and LoCoMotif [58]
for identifying time-warped motifs. TimePool [22] supports various
queries over multiple time series and visually presents times when query
conditions are satisfied. ChronoDesk [39] allows flexible grouping and
arrangement of multiple time series, thus supporting summarization
and comparison of them. RelaQ [37] enables relation-driven queries
over multiple time series, supporting complex queries composed of
primitives like correlation, similarity, and causality with lag modifica-
tors. The primitives are calculated either over fixed windows or using
dynamic time warping [33,48].
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Limitation of existing approaches

How our method addresses it

Impact detection methods often fail to handle minor fluctuations or
noise, leading to misidentification of significant trends.

Our tolerance-based Kendall’s tau is robust against minor fluctuations
by treating them as ties, focusing on substantial patterns.

Models struggle with non-linear, time-varying dependencies and vari-
able lags, often requiring strict assumptions like stationarity.

Our approach captures dynamic, lagged relationships without strict
data assumptions.

Sophisticated motif discovery and query methods enable discovery of
patterns, but do not provide sufficient overview of their distributions.

We combine interactive query with Ikat plot visualization that provides
a overall level overview of patterns distribution across time and lags.

Visualization and query tools like RelaQ and CRPs are tailored for
synchronization analysis and do not reveal interpretable, lagged impact
patterns across continuous time and lag dimensions.

Our interactive Ikat plot visualizes impact values over time and lags,
enabling easy exploration of stable, lagged cross-impacts.

Lack of comprehensive, visual workflows to extract and analyze mean-
ingful cross-impact events from raw time series data.

We provide a full visual analytics workflow for impact detection,
parameter tuning, and event extraction for subsequent analysis.

Table 1: Summary of limitations in existing approaches and our contributions

Time series pattern mining, pioneered by E. Keogh [66], introduced
matrix profiles to uncover structures in univariate time series, such
as stock prices or temperature records. Additionally, paper [59] and
later [55] propose assessing time series similarity, encoding it with
similarity-preserving colors, and mapping these colors onto a calendar
view to highlight recurring patterns. OutVis [24] integrates a timeline
view with dynamic queries on a parallel coordinates plot representing
time series features, enabling users to detect and interpret outliers
effectively.

Within the univariate paradigm, growth matrix visualization [30]
identifies varying-length intervals showing trends like sustained in-
creases or decreases. A triangular model [46] was later developed to
facilitate reasoning over temporal intervals.

For multivariate time series, methods include anomaly detection [56]
considering anomalies in their temporal contexts, assessing time inter-
val similarity based on multivariate data distributions [5], identifying
periods of stable multivariate dynamics [7], and detecting episodes and
characterizing them by common topics [10].

A special case of multivariate time series is univariate time series
recorded at different spatial locations, also known as spatial time series.
GeoChron [20] divides time into fixed-length intervals, computes corre-
lations between these intervals across spatially adjusted locations, and
extracts communities from the resulting spatial relationship network.
The evolution of these communities is then visualized using a storyline-
based approach, enabling users to trace spatially coherent temporal
patterns over time. In similar problem settings, VolumeSTCube [21]
captures the evolution of the spatial distributions of temporal patterns
in synchronized spatial time series using a continuous variant of the
space—time cube.

2.3 Analysis of Bivariate Time Series

A special case of multivariate time series is bivariate data sets, which
consist of two attributes. For example, [5S0] constructs 2D trajectories
from weekly pairs of financial indicators and applies self-organizing
maps to group them based on shape similarity. This approach was
further developed in Congnostics [41], which extends analysis beyond
simple scatter plots of time series. The system computes various rela-
tionship measures characterizing the shape of trajectories, which are
then used for clustering and UMAP embedding of time series pairs.

Cross Recurrence Plots (CRPs) [38] offer another analytical ap-
proach for bivariate time series by visualizing the recurrence of sim-
ilar states between two time-dependent signals. By plotting a two-
dimensional matrix where each point indicates a recurrence between
the two systems, CRPs reveal synchronization patterns, shared dynam-
ics, and temporal alignment.

Machine learning methods for bivariate time series face significant
challenges in capturing the complexities of temporal lags, asynchrony,
and nonlinear dependencies [12]. These methods often assume fixed
lag relationships, which can cause them to miss dependencies that
occur across varying delays. Another issue is that dependencies may
be time-varying, requiring explicit modeling of dynamic lag structures.

Approaches like Recurrent Neural Networks theoretically support long-
term temporal modeling, but in practice they often struggle beyond a
few lag steps due to vanishing gradients and overfitting.

LFPeers [16] analyzes multiple multivariate time series of epidemio-
logical indicators and related attributes in two phases: a search phase to
find similar countries and an exploration phase to analyze the outcomes
of their implemented measures. This approach supports epidemiologists
in learning from the pandemic by comparing effective and ineffective
strategies. The system aims to improve understanding of cause-and-
effect relationships in the pandemic and offers a general concept for
temporal and multimodal similarity search and exploration

COPE (Co-Occurrence Pattern Exploration) [36] is a visual explo-
ration framework designed to discover temporal relationship patterns
between event locations in spatial time series. Using a novel approach
to detecting and exploring co-occurrence patterns by enabling flexible
event extraction and interactive visual analysis, the system enables ana-
lyst to specify relationship of interest through predicates and examples,
and then explore distribution of co-occurrences in space and time. The
approach allows to take into account possible lags, but does not support
systematic exploration of events in respect to varying lags.

The development of visual causality analysis has evolved from static
causal discovery to more practical and time-aware approaches. Early
work of J.Wang and K.Mueller [61] introduced interactive tools that al-
lowed users to refine algorithmically derived causal networks. This was
extended in [62], which addressed real-world challenges like Simpson’s
Paradox and introduced model scoring for better refinement. More re-
cently, DOMINO [63] expanded causality analysis to time-dependent
data, integrating logic-based causality to identify causal effects across
time windows. Unlike traditional methods like Granger causality [25],
which primarily tests whether one time series can predict another,
DOMINO provides an interactive framework that allows users to vi-
sually explore and validate temporal causal relationships, enhancing
interpretability and usability in real-world applications.

2.4 Concluding remarks

In contrast to causality-oriented techniques, which seek to mathemat-
ically prove directed causal influence, our approach focuses on the
interpretive exploration of temporal associations. By utilizing a
robust Kendall’s T with tolerance, we prioritize the visual identification
of stable cross-impact patterns, allowing experts to involve domain
knowledge to infer potential causality in a way that is more robust to
noise and easier to validate than purely algorithmic causal discovery.

With this interpretive focus, when time series have geographic refer-
ences, the analysis necessitates a transformation from raw sequences
into discrete, meaningful units. This aligns with established frameworks
for spatio-temporal data [4], specifically the extraction of events from
time series to facilitate analysis within spatial, temporal, and situational
contexts [6]. Given the inherent complexity of both the data and the
underlying impact measures, our approach adopts the human-centered
machine learning paradigm [9], emphasizing explainable methods that
keep the analyst in the loop.
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However, despite the abundance of methods for bivariate and spatio-
temporal analysis, existing tools often fall short in supporting the sys-
tematic detection of stable patterns that evolve over variable time lags.
Traditional machine learning techniques frequently struggle with non-
linear, time-varying dependencies, while specialized causality frame-
works often prioritize predictive influence over the discovery of inter-
pretable lagged impact intervals. Our proposed method addresses this
gap by combining robust statistical measures with a sliding window
strategy to capture dynamic, lag-dependent relationships. Supported
by an interactive visual interface, our approach bridges data-driven
detection with visual reasoning, enabling the analysis of complex,
asynchronous dynamics across both temporal and spatial dimensions.
Table 1 summarizes the limitations of existing approaches and provides
the final motivation for our proposed workflow.

3 DETECTION AND EXTRACTION OF IMPACT PATTERNS

This section details the initial phase of the proposed workflow (Fig. 2),
focusing on the computation of cross-impacts and the visual calibration
of extraction parameters. This stage is critical, as the success of the
subsequent analysis depends on identifying the optimal settings for
pattern detection.

We begin by describing methods for quantifying the impact between
pairs of time series, including our robust variant of Kendall’s 7. Next,
we explain how to apply these measures across different segments of
the time series using varying lags to account for temporal delays. Then,
we introduce the Ikat plot, a novel interactive visualization designed to
provide a comprehensive overview of impact distributions. By enabling
analysts to explore how different parameters influence pattern visibility,
the Ikat plot serves as the primary tool for finding the settings that will
later be applied to the entire dataset. The subsequent analysis process
is presented through a case study in Section 5.

3.1 Kendall’s Tau with Tolerance

Let’s consider a simple example of two monotonically increasing time
series X = [1.0,2.5,2.9,4.2] and Y = [1.1,2.0,3.2,3.9]. For these data,
the Pearson correlation is equal to 0.961, and Spearman rank correla-
tion is 1, indicating perfect monotonicity. Pearson correlation measures
linear relationships, and Spearman rank correlation assesses mono-
tonicity based on rank differences. While Pearson correlation can be
sensitive to outliers and Spearman correlation may not capture certain
nonlinear patterns, Kendall’s Tau [31] offers a more robust alternative
by evaluating the concordance of paired observations. It compares the
number of concordant and discordant pairs, where concordant pairs
maintain the same relative order in both variables, while discordant
pairs do not.

Kendall’s Tau is particularly useful in time series analysis, as it
is more resistant to noise, non-stationarity, and lagged dependencies,
which are common issues in real-world data. In contrast, more complex
measures, such as Granger causality [25], impose strict assumptions
like stationarity, making them harder to apply and interpret. Formally,
given a time series of length 7', if ¢ is the number of concordant pairs
and d is the number of discordant pairs, Kendall’s Tau is computed as:

o c—d 2(c—d)
"Tetd T(T-1)

The value of Kendall’s Tau ranges from -1 (perfect disagreement) to
+1 (perfect agreement), with 0 indicating no clear relationship. For
the given toy time series, all 6 pairs are concordant (Table 2, column
“Standard result”), and therefore Kendall’s Tau is equal to 1.

3.1.1 Introducing tolerance

Kendall’s Tau was originally designed for rankings, assuming that all
distinct values differ significantly. However, when applied to contin-
uous values, even small, often random fluctuations can be treated as
distinct ranks, potentially distorting the results. To address this sensi-
tivity to minor fluctuations, we introduce tolerance thresholds &, and
€, for the X and Y series respectively. Differences smaller than these
thresholds are treated as ties, effectively ignoring fluctuations that may
be due to noise rather than meaningful trends.

The original Kendall’s Tau algorithm and our extension are detailed
in Algorithm 1, with modifications highlighted in gray. For example,
in Table 2, pairs (1,2) and (2,3) have at least one difference below
the tolerance threshold (0.8), causing them to be treated as ties in the
modified calculation. This yields a final value of 4/6 = 0.667 (Table 2,
column “Modified result”).

The tolerance thresholds &, and &, can be specified in two ways:
as absolute values (e.g., €, = 14.293) or as percentages of the series
value range. For percentage-based specification, the thresholds are
computed as € = (max — min) x percentage /100, where min and max
represent the minimum and maximum values of the respective time
series. To ensure robust threshold calculation in the presence of outliers,
the system optionally uses percentile-based range estimation (e.g., Sth
to 95th percentiles) instead of absolute min-max values, preventing
extreme values from distorting the tolerance calibration.

Algorithm 1 Compute Kendall’s Tau with Tolerance

Require: Two input arrays X and Y of equal length T
Require: Tolerance parameters &, and &,
Ensure: Kendall’s Tau coefficient with tolerance

1: if n <1 then

2: return 0
3: end if
4: concordant < 0, discordant < 0 > Initialization
5: fori<0toT —2do
6: for j<—i+1toT —1do
7 dif fe + X[i] — X[]
8: diffy < Y[i] - Y[j]
9: tied, + |dif fx| < &
10: tiedy < |dif fy| < &
11: if tied, and tied, then > Both are within tolerance
12: continue > Ignore the tied pair
13: end if
14: signy < sgn(dif fy) if not tiedy else O
15: signy < sgn(dif fy) if not tied, else 0
16: if sign, = sign, then
17: concordant < concordant + 1
18: else if sign, # 0 or sign, # 0 then
19: discordant < discordant + 1
20: end if
21: end for
22: end for
23: totalPairs < @ > Compute total number of possible pairs
24: 1 ¢ concordant _discordant > Compute Kendall’s Tau
25: return T

22T +5)

9T(T — 1) M

.=
In statistics, the significance thresholds for Kendall’s Tau were de-
termined using the asymptotic variance of the statistic for large T
under the null hypothesis of independence. In this asymptotic case
the distribution for 7, under the null hypothesis, converges to a normal
distribution around T = 0 with a variance given by Equation (1). Using,
for example, a significance level of p = 0.05 (two-tailed), values of 7
above or below approximately £1.9607 are statistically significant.
The introduction of tolerance thresholds &, and &, in our modified
Kendall’s Tau affects the calculation by effectively increasing the num-
ber of ‘tied’ pairs. When differences between data points fall within
these tolerances, they are treated as ties rather than strict increases or
decreases. This increased presence of ties in the data has a known statis-
tical effect on Kendall’s Tau: it leads to a larger standard error (o) and,
consequently, requires larger absolute values of 7 to reach statistical
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Pair (i, j) (xj,x}) i, yj) Xx;—x; yi—y; Standard Sign (s;,s;) Standard Result Below Tolerance? Modified Sign (s;,s;) Modified Result
(0,1) (1.0,2.5) (1.1,2.0) -1.5 -0.9 (-1,-1) Concordant No (-1,-1) Concordant
0,2) (1.0,29) (1.1,3.2) -1.9 -2.1 (-1,-1) Concordant No (-1,-1 Concordant
(0,3) (1.0,42) (1.1,3.9) -3.2 -2.8 (-1,-1) Concordant No (-1,-1) Concordant
(1,2) (25,29 (2.0,3.2) -0.4 -1.2 (-1,-1) Concordant Yes (x within tol.) 0, -1) Ignored (Tie)
(1,3) (25,42) (2.0,3.9) -1.7 -1.9 (-1,-1) Concordant No (-1,-1) Concordant
2,3) 29,42) (32,39 -1.3 -0.7 (-1,-1) Concordant Yes (y within tol.) (-1,0) Ignored (Tie)

Table 2: Pairwise comparisons for standard and tolerance-based Kendall's Tau, assuming example time series X = [1.0,2.5,2.9,4.2],

Y =[1.1,2.0,3.2,3.9], and tolerance thresholds &, = &, = 0.8.

significance. In essence, with tolerance, the measure becomes more
conservative, requiring stronger evidence of a monotonic relationship
to be deemed significant [32,52,53]. While a precise analytical for-
mula for the variance of Kendall’s Tau with arbitrary tolerances can be
complex and is beyond the scope of this paper, our experimental evalu-
ation empirically accounts for this effect by observing the behavior of
the metric and adjusting our interpretation of significance thresholds
accordingly based on the specific tolerance values used.

Based on Equation 1, Figure 3 illustrates the critical values for ||
across a range of time series lengths (7') from approximately 5 to 50,
and for different significance levels (p = 0.01,0.05). These thresholds
represent the minimum absolute Kendall’s Tau value required for a
correlation to be considered statistically significant at the respective
p-value, assuming no ties in the data.

10 Kendall's Tau Significance Thresholds (No Ties)

0.8 1

0.6 1

0.4 1

Critical threshold Tau

0.2 1

0.0

10 20 30 40 50
Time series length T

Fig. 3: Critical thresholds of Kendall’s Tau for p = 0.05 and p = 0.01
without tolerance. Marked points correspond to selected T values of
7,14,21,28,35,42 on the p =0.05 line.

It is important to note that the critical values presented here serve
as general indicators of desired statistical significance at given p under
assumptions such as approximate normality of Kendall’s Tau distri-
bution. In practical applications involving real data, the distribution
of 7 values may deviate from theoretical assumptions due to factors
like non-normality, autocorrelation, or complex dependence structures.
Therefore, analysts need to assess empirically the distribution of 7 in
their specific context and adjust significance thresholds accordingly.
Interactive exploration of different tolerance values, as demonstrated in
our implementation, helps identify appropriate thresholds that balance
noise reduction with pattern sensitivity.

3.1.2 Parameters of Kendall’s Tau with tolerance

Generally, we analyze a pair of time series of length 7', denoted as X =
{x0,x1,...,x7—1} and ¥ = {yo,y1,...,y7—1}, using a time window of
length T% and considering time lags [ in the range 0,1, ..., L.

The selection of the time window T"W should be guided by domain
knowledge and respect relevant temporal cycles inherent in the data.
For instance, many human activities exhibit weekly patterns due to
work schedules, business hours, and social routines, which are reflected
in corresponding time series data. Financial markets demonstrate simi-
lar cyclicality with trading patterns that vary between weekdays and
weekends, while epidemiological data may show weekly reporting cy-
cles due to administrative practices. Therefore, choosing TV to align
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Fig. 4: An example of a tooltip-based presentation of parameter guidance
directly in the user interface, aligned with Table 3.

Impact on Results

ed on active case

with these natural periodicities - such as multiples of 7 days for weekly
cycles - helps ensure that the computed impact measures capture mean-
ingful relationships rather than artifacts of temporal misalignment.

The maximum lag L should reflect the anticipated range of influence
delays as estimated by domain experts, representing the longest reason-
able time period over which one series might affect another. In many
applications, L should be aligned with the length of relevant temporal
cycles; for example, in economic data with weekly patterns, setting L
to multiples of 7 days ensures that lagged relationships are captured
across complete cycles. This domain-informed selection prevents both
computational overhead from examining irrelevantly long lags and the
risk of missing meaningful delayed impacts that occur within expected
timeframes.

Table 3 summarizes the key parameters and provides guidance for
setting these parameters. The same information is presented in the user
interface for guiding parameters tuning, see an example in Fig. 4.

After setting appropriate parameter values, we compute the matrix

T={t} = {0, X155 Xprw 1L Do Vet 1o+ > Verirrv -1}

where [ varies within the interval [0,L] and ¢ ranges from 0 to 7 —
TW — L. This is achieved by shifting ¥ back in time by / time steps,
applying a sliding window of length TW over both X and shifted ¥, and
computing the 7 value for the time series segments contained in the
window. We refer to X as the base time series and Y as the response
time series, emphasizing that Y is expected to react to earlier changes
in X.

The computation of impact measures over a sliding window for T
time steps and L lags is O(T x L x f(W)), where f(W) is the cost of
computing the impact measure over a window of size W. For our robust
Kendall’s 7, this is O(T x L x W?). Given that W is typically small
(e.g., 7 days) and L is constrained by domain logic, the approach scales
linearly with the length of the time series, making it highly efficient for
multi-year daily data.

In the following subsection, we present the method with an illus-
trative example using daily time series of two financial indicators:
crude oil futures “CL=F" and gold futures “GC=F" over the years
2023-2024. These data were extracted from finance.yahoo.com
using the yfinance Python library.
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Parameter Symbol  Description Selection Guidelines Impact on Results
Tolerance &, & Minimum difference to treat as Start with 3-5% of series range; Increase for noisy data; De-  Higher values — more conservative, fewer sig-
thresholds meaningful change rather thantie  crease for subtle pattern detection nificant patterns
Time win- TV Number of consecutive time  Align with natural cycles (e.g., 7, 14 days); Balance smoothing ~ Larger 7% — smoother patterns, less sensitiv-
dow length points used for 7 calculation vs. temporal resolution; Consider domain-specific periodicities ity to short-term fluctuations
Maximum L Maximum time delay considered ~ Set based on expected influence delays; Consider domain knowl-  Larger L — increased computational cost, po-
lag between base and response series  edge; Align with temporal cycles tential for spurious long-term patterns
Significance 7] Minimum absolute tau value for ~ Use Figure 3 as starting point; Adjust upward when tolerance ~ Lower thresholds — more detected patterns,
threshold statistical significance creates many ties; Validate empirically with data higher false positive risk
Table 3: Summary of Key Parameters for Kendall's Tau with Tolerance
3.2 Interactive Visualization of Impact Distribution

Following the computation of impact measures, analysts need to iden-
tify stable and meaningful patterns within a large search space. Because
the specific time lags and the periods of occurrence are not known a
priori, the analysis requires an exploratory environment capable of
navigating a two-dimensional distribution (absolute time x time lag).
This leads to four logically derived desiderata for the interactive visual-
ization:

* D1. Since cross-impacts may manifest with different lags and last
for varying periods at different points in time, the display must
provide a 2D overview of the distribution of 7 over the timeline and
across different lags enabling detection of patterns and assessing
their stability and depth.

¢ D2. The 2D impact distribution must be visually linked to the original
base and response time series. This enables experts to verify that a
computed pattern corresponds to observable behavior in the raw data.

¢ D3. Meaningful insights often depend on specific conditions (e.g.,
"high price of gold followed by a rise of 0il"). The visualization must
therefore enable the identification of periods based on a combination
of properties: value ranges, direction of change, and the resulting
impact strength.

* D4. The ultimate goal is to generalize findings from representative
pairs to the entire dataset. Therefore, the visualization must support
the extraction of "impact events" from multiple time series pairs
transforming identified visual patterns into standalone, structured
data items that will be used in the subsequent analysis across the full
dataset.

3.2.1 Ikat plot

In our illustrative example, we consider gold as the base time series
and crude oil as the response time series. These time series are shown
in the top line plot in Fig. 5. Below it are two images of the Ikat plot
representing the 7' x L matrices of T values computed over the same
TW using the original Kendall’s Tau and our tolerance-adjusted variant,
with & = &, set to 3% of the variables’ value ranges.

The Ikat plot displays the distribution of impact patterns over time
and across various lags (D1). Negative impact values are shown in
shades of blue, positive in shades of red, and impact absence in white.
Introducing tolerance reduces the intensity of colors in regions of minor
changes or fluctuations in the time series, as small variations are treated
as ties when computing 7. This results in lower impact values, replacing
saturated red and blue by white or near-white shades.

The results of impact calculation depend on the chosen time win-
dow TW. To determine the optimal window for specific data and
analysis objectives, multiple Ikat plots need to be visually compared.
Figure 5 demonstrates the influence of TW by presenting plots for
TW =17.14,21,28 chosen according to the weekly cycles of business
activities. For TW =7, the plot exhibits small, scattered patterns, likely
caused by fluctuations in the unsmoothed daily time series. As 7% in-
creases, color variations become smoother across the matrix, revealing
patterns at different scales.

All variants of the Ikat plot reveal an interplay between two basic
geometric patterns: vertical and diagonal stripes. Vertical stripes appear
when a short trend in the base time series corresponds to a prolonged
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Fig. 5: The line plot at the top shows time series of gold and crude oil
futures prices. Below it, five Ikat plots represent the dynamics of impact
values over time (horizontal axis) and across lags from 0 to 21 days
(vertical axis). The top Ikat plot displays the original Kendall’s Tau values,
and the remaining four show Kendall’s Tau with a 3% tolerance. The
numbers in the lower right corners are the sliding window lengths in days.

28

trend in the response time series, resulting in sustained high impact
values across an extended range of time lags (i.e., along the vertical
axis). Diagonal stripes emerge when the response time series exhibits
a short-lived trend. In this case, the impact weakens as the time lag
increases, causing the depth of the effect along the Y-axis to diminish
with each step along the X-axis. Vertical interruptions within diagonal
patterns occur when the base time series has a flat segment or undergoes
a trend reversal. A typology of patterns that can be observed in the Ikat
plot is presented in Table 4.

Figure 1 presents the user interface designed to support the required
functions. The Ikat plot provides an overview of T dynamics (D1),
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while visual linkage to time periods (D2) and corresponding fragments
of the base and response time series is supported through coordination
with the time graph display (top) and the scatter plot (right). Figure 6
illustrates how the UI explains the computed impact for a matrix cell
under the cursor, displaying all relevant details in a popup window and
in the scatterplot area.
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Fig. 6: Fragment of the lkat plot in Fig. 5, demonstrating the impact on
November 03, 2024, with /ag = 3 days. The corresponding segments of
the base and response time series are highlighted in bold in the time
graph above, also marked by bars below the time line. A sequence of
points corresponding to the time window is shown in the scatter plot to
the right, with gold on the horizontal axis and crude oil on the vertical
axis. An arrow shows direction of points in the time window.

3.2.2 Query

To enable identification of periods characterized by specific properties
(D3), we support several kinds of queries:

* Time queries restrict the time interval and/or time lags.

* Level queries restrict the matrix to time intervals when values of base
or response time series fall within the specified range.

* Trend queries restrict the matrix to time intervals when trends of
base or response time series fall within the specified range. Trend is
computed as difference between median values in last and first thirds
of the time window:

median(idx + [2/3T")) — median(idx)

where median(idx) calculates the median of the time series in a
window of length | 7% /3| starting from index idx.

* Impact queries restrict the matrix to cells with impact values within
the specified range.

For level and trend queries, values are linearly normalized to [0, 1]
using the min and max values of the entire time series, similar to
how the tolerance threshold is set. Conditions are specified through
dynamic query sliders, possibly using “Not” modifiers. Several types
of conditions can be combined. For example, Fig. 7 displays the result
of combining one level condition (go/d > 50%), one trend condition
(trend(gold) > 1%), and one impact condition |impact| > 0.3. Figure 8
explains how different types of query conditions affect the selection of
regions in the T matrix.

Filtered-out cells do not disappear completely from the plot. Instead,
they are shown as narrow colored stripes, contrasting with the fully
covered cells that satisfy the query. This design choice ensures that the
context of filtered-out data remains visible while maintaining a clear
distinction between selected and non-selected cells. Unlike alternatives
such as opacity or blur, narrow stripes preserve the original color en-
coding and do not distort the perceived data magnitude [64]. Adjusting
opacity can unintentionally change the perceived intensity of color,
which is already mapped to quantitative values in our heatmaps, poten-
tially leading to misinterpretation. Similarly, blur introduces spatial
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Fig. 7: Ikat plot (Figs. 5,6) after applying a dynamic query [2], as shown
on the right. Cells of the t matrix that do not meet the query conditions
are visually de-emphasized.
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Fig. 8: Different kinds of queries constrain results in different ways.

uncertainty and can obscure boundaries, making it harder to discern
fine-grained patterns [40].

Moreover, reducing the occupied area through stripes provides a
discrete, pre-attentive visual cue [13, 14] that scales well in dense and
sparse regions. This approach avoids the visual blending and over-
plotting issues that opacity-based techniques can create, particularly
in datasets with high data density. By maintaining both the color and
shape distinction, the stripes offer a more robust contextual view of
the filtered-out data. This is especially useful when investigating query
sensitivity, as analysts can still perceive the distribution and density
of filtered-out cells relative to the selected cells. Previous work on
visualization design emphasizes the importance of preserving context
without overpowering the primary data and maintaining perceptual
separability between encodings [18,40]. Our choice of narrow stripes
directly supports these principles by allowing users to analyze patterns
and gaps in the data without introducing perceptual ambiguity.

3.3 Event Extraction

As stated in the introduction, the visual query interface centered on the
Ikat plot is used at the initial stage of the analysis workflow (Fig. 2).
This enables the analyst to select parameter settings that reveal the kind
of impact patterns aligned with the analysis goals. The effects of these
parameter settings are tested on several pairs of time series selected
from a large dataset. Once the analyst identifies the settings capable of
capturing the patterns sought, these settings are used by an automatic
method to extract impact events from the entire dataset (D4).

An impact event is a standalone temporal object defined by the
temporal attributes 71,t,/1,l,, where [t1,7;] denotes the interval in
the base time series that exerts an impact, and [l;,l;] specifies the
corresponding interval in the response time series, expressed as time
lags relative to the start time #;. Geometrically, these four attributes
define a rectangular region within the matrix where columns represent
time steps in the base time series and rows represent time lags (as in
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Pattern Type

Visual Representation

Inferred Meaning

Example

Sustained Impact

Vertical stripes across
multiple lags.

A specific event or trend in the base time
series is followed by a prolonged, consistent
trend in the response series.

A sustained marketing campaign leads
to a prolonged increase in sales over
many weeks.

Transient Impact

Diagonal stripes, often
fading with increasing
lag.

A short-lived trend in the base series leads

to a short-lived trend in the response series.

The impact is strongest at a specific lag.

A sudden weather event (e.g., a cold
snap) causes a spike in energy consump-
tion that lasts only for a few days.

Lag-Specific Im-
pact

Horizontal bands at a
particular lag value.

The relationship between the time series is
stable and consistent over a long period, but
only for a very specific time delay.

A factory production increase consis-
tently leads to a downstream delivery
increase at a fixed lag of 5 days.

Episodic Impact

Localized "hotspots" or
small, isolated colored
patches.

A transient, short-lived impact that is only
significant at a specific time step and for a
narrow range of lags.

A single, one-time policy announcement
leads to a very strong but short-lived im-
pact on stock market volatility.

Stable  Trend-
Driven Impact

Large, contiguous areas
of uniform color.

A strong, stable, and persistent relationship
between the two time series across a wide
range of time steps and lags.

A fundamental economic relationship
where prices consistently rise and fall
together over a multi-year period.

Periods of
""Noise"

White or near-white re-
gions, interrupting other
patterns.

Indicates a lack of significant impact or a
period where the relationship is too weak to
be considered significant.

A period of economic stability where
fluctuations in one time series have no
significant impact on the other.

Table 4: Typology of Cross-Impact Patterns Observable on the lkat Plot
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Fig. 9: Sensitivity of the event extraction procedure to the tolerance.

Ikat plot, which is a visual representation of such a matrix). Algorithms
for event extraction are detailed in Appendix B.

Extracted events are described by their temporal attributes such as
event duration (the horizontal extent) and minimal depth (the range
of lags covered), as well as further features, including the base and
response trend parameters and the value of the chosen impact measure.

3.4 Parameter sensitivity analysis

As parameter settings for event extraction are typically identified us-
ing selected pairs of time series, the analyst may be unsure whether
these settings will generalize to all remaining data, or whether small
variations in parameter values might lead to significant differences in
event extraction results. To address this, an automatic procedure can
be run for each parameter, iteratively varying its value v within a range
[v—n,v+1)], using an increment & (where 1) and 8 are specified by the
analyst). At each step i, the procedure performs event extraction using
the current parameter value v;, recording the number of extracted events
and aggregate statistics of event features. The resulting sequences of
numeric indicators can be visualized to assess the effects of parameter
variation.

Typically, as thresholds (e.g., tolerance, impact strength, or trend
inclination) increase, the counts of extracted events and their lengths
and depths decrease. A line graph visualization (as in Fig. 9) can
reveal bend points where the rate of change increases. Such bend
points indicate critical parameter values that merit further interactive
examination using the Ikat plot. Patterns visible in the Ikat plot then
guide the analyst in selecting the most appropriate critical value, based
on domain knowledge and the specific task requirements.

Figure 9 demonstrates the sensitivity analysis procedure. For the
time series used in our running example, we systematically varied the
tolerance thresholds &, and &, within the intervals suggested by Fig. 3,

applying the same value to both, assuming similar behavior in the base
and response time series. The line graphs in Fig. 9 represent trends in
the number of extracted events, total event size, and coverage metrics
as tolerance thresholds increase. The lines suggest that the Ikat plot
should be used to explore and compare patterns at threshold values of
2% and 3% for making the final choice.

3.5 Concluding remarks

Before evaluating the interpretability of the Ikat plot, we briefly com-
pare our methodology to established approaches for analyzing rela-
tionships between time-series pairs—specifically Cross-Recurrence
Plots (CRP) and Dynamic Time Warping (DTW). While these meth-
ods are widely adopted, the Ikat plot approach differs in several key
aspects. Specifically, the Ikat plot reveals impact relationships rather
than general similarity, explicitly considers time lags, is less sensitive
to noise, and focuses on detection of stable interpretable patterns. A
more detailed comparison is provided in Appendix C.

4 [EVALUATION OF IKAT PLOT INTERPRETABILITY

The proposed workflow (Fig. 2) is designed for time-series experts
analyzing complex, multi-lag relationships. While the Ikat plot is only
one component of this workflow, it performs a critical role: informing
the parameter settings for event extraction. Since the Ikat plot is a novel
design, unlike familiar timeline-based bar charts (Figs. 13 and 14), it
was important to test how users can perceive and interpret its unique
visual patterns. To assess its representational power and interpretability,
we conducted a two-stage evaluation:

* Time series expert assessment: We recruited four professionals in
time-series data analysis. Due to their limited availability, this study
focused exclusively on the static visual representation.

 Follow-up evaluation: We later engaged five experts in information
visualization and human-computer interaction. They provided de-
tailed feedback on the visualization and interaction techniques, based
on which we refined the tool’s visual responses.

4.1 Evaluation of pattern discovery

In the first stage, evaluation materials were distributed to participants
via email. These included a concise description of the Ikat plot’s pur-
pose, information content, and visual encoding. We provided three
screenshots generated from COVID-19 and population mobility data
for Spanish provinces [42]: Barcelona, Madrid, and Seville (referenced
by identifiers 08, 28, and 41; Fig. 19). Population mobility (normal-
ized daily trips) served as the base variable, and COVID-19 incidence
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(normalized daily cases) as the response variable. All plots used fixed
parameters and a predefined query: “increase in base variable followed
by increase in response variable after a time lag of at least 7 days.”
The experts were asked to identify and interpret the patterns exhib-
ited. Their responses were then validated against a curated chronol-
ogy of Spain’s COVID-19 policies and epidemiological milestones
(www.andalucia.com/health/coronavirus/chronology).

Prior to the expert study, we conducted an exploratory experiment
using five Large Language Models (LLMs) to test the clarity of our ex-
planatory materials and tasks, which could be judged from the closeness
of the LLMs’ outputs to what we expected from the human partici-
pants. The use of LLMs to simulate various aspects of human behavior
has been explored in prior research (e.g., [1]). Their ability to detect
and verbalize graphical patterns [19, 67] makes them suitable for a
preliminary, machine-based sanity check of our task description and
stimuli. However, we do not regard LLM results as a substitute for
human evaluation of interpretability..

In this experiment, GPT-4.1, GPT-40, 04-mini, Claude 3 Opus,

and Gemini 1.5 Pro (accessed via FhGenie platform fhgenie.

fraunhofer.de) consistently recognized pattern types, such as sus-
tained, trend-driven, episodic, and transient, and assessed impact
strengths and durations. The models converged on location-level char-
acterizations, emphasizing episodic patterns for Barcelona, a strong
sustained vertical band (7-12 day lags) for Madrid, and a mixture of
impacts for Seville. Some models noted interpretation challenges due
to visual overlaps. We emphasize that these LLM results are used only
as an auxiliary check that the patterns we expected are in principle de-
tectable from the plots under our prompts; they are not used as evidence
that the visualization is effective or interpretable for human analysts.

In the subsequent expert evaluation, participants identified patterns
and estimated lags based solely on three static images. Despite the in-
ability to test parameter sensitivity or determine precise event dates, the
experts’ professional backgrounds enabled them to extract meaningful
insights.

All four experts identified recurring positive impacts of the mobility
on the disease incidence concentrated in 2020—early 2021, typically
with 7-14 day lags, occasionally extending up to 21 days. They consis-
tently characterized Location 28 as showing a strong, sustained pattern,
Location 08 as episodic, and Location 41 as a mixture of overlapping
structures. While they differed in strength estimates and emphasized
different typologies (e.g., vertical sustained bands vs. rhomboid “stable
trend-driven” forms), their summaries aligned on where and when the
major signals occurred. Detailed per-expert findings are provided in
Appendix E.

Agreement was strongest on lag ranges, temporal clustering (spring
and summer 2020, late 2020/early 2021), and coexistence of multiple
pattern types across locations. Divergences were related to strength
calibration from static color scales, typology boundaries, and short-
lag omissions. We address these through typology clarification, lag-
sensitivity checks, improved temporal annotations, and robustness con-
trols (see Appendix E for a full discussion).

The fact that experts extracted meaningful insights from static im-
ages suggests that the Ikat visualization is interpretable for time-series
specialists under our study conditions. Remaining divergences in
strength estimation and event dating underscore the added value of
interactive implementations. Overall, these preliminary results indicate
that Ikat plots can serve as a useful basis for exploring lagged cross-
impacts in time series, but more extensive and comparative studies are
needed to fully assess their effectiveness.

4.2 Evaluation of interactive visualization

In the second stage, the evaluation took the form of an online seminar.
After introducing the purposes and content of the Ikat plot, we demon-
strated its interactive operations and explained their effects. Along the
session, we were answering emerging questions and noting immediate
feedback. In particular, the participants appreciated the dual-axis design
(absolute and relative time), although it was initially somewhat hard to
understand. The relationships between the upper and lower parts of the
plot were found non-obvious. Despite this, the overall reception was

very positive. Two participants expressed their wish to provide more
detailed feedback after contemplation.

During a follow-up meeting, participants provided concrete advice
for improving visual clarity and user interaction, in particular, for more
expressive visual linking between the upper and lower parts of the plot.
Based on this feedback, we enhanced the tool. For example, as shown
in Figs. 1 and 6, hovering over the lower display now highlights the
corresponding time intervals and links between the base and response
time series in the upper part. The improvements are briefly described
and illustrated in Appendix A.

Our evaluations have several important limitations. The interpretabil-
ity study involved only four time-series experts and relied on static
screenshots, so we could not observe how analysts would interact with
the full system or quantify task performance. The second stage with
five visualization and HCI experts was conducted as an informal online
seminar and design discussion, rather than a controlled task-based study.
Moreover, we did not include comparative baselines against alternative
visual encodings or existing tools for lagged cross-impact analysis.
Consequently, our findings should be viewed as preliminary, formative
evidence about the promise of the Ikat plot, rather than a definitive
demonstration of its effectiveness or superiority. There remains an
obvious need for more comprehensive evaluation studies, which we
plan to address in future work.

5 CASE STUDY: MoOBILITY AND COVID-19 IMPACT ANALYSIS

We demonstrate the complete analytical workflow (Fig. 2) by examining
the interactions between population mobility and COVID-19 incidence
across the provinces of Spain. Using publicly available datasets [42—
45], we analyzed two daily time series per province from February
14, 2020, to May 9, 2021: (1) normalized daily internal trips and (2)
reported active COVID-19 cases, both calculated per 100,000 residents.
To mitigate reporting delays, weekend effects, and high-frequency
fluctuations, we applied a 7-day moving average (back-smoothing) to
both series.

5.1

Impact events are defined as situations where changes in one time se-
ries (e.g., mobility) are followed by systematic changes in another (e.g.,
COVID-19 cases). We focus on the following types of relationships, as
summarized schematically in Fig. 10:

Defining and Extracting Impact Events

» Negative impacts, where increasing disease incidence leads to de-
creasing mobility and vice versa.

* Positive impacts, where increasing or decreasing mobility con-
tributes to a rise or reduction in disease incidence.

Impact values were computed using a 7-day sliding window with
time lags ranging from 7 to 21 days. This window length was chosen
to ensure reliable impact scores while remaining sensitive to short-lived
events. The lag range was informed by domain knowledge regarding
COVID-19 incubation periods and the typical time required for mobility
policies to respond to epidemiological trends.

To capture negative impacts of disease on mobility, the disease
series was treated as the base and the mobility series as the response
(Fig. 11A). Conversely, to capture positive impacts of mobility on
disease spread, the mobility series was used as the base and the COVID-
19 series as the response (Fig. 11B).

Before extracting impact events across the full Spanish dataset, we
used the Ikat plot to identify suitable parameters for event extraction by
considering representative provinces with distinct dynamics, including
Madrid (Fig. 1), Barcelona (Fig. 11), and Seville. The resulting settings
were then cross-validated against other provinces, such as Navarra,
Valencia, and Zaragoza. We also performed automated parameter
sensitivity analysis (Section 3.4). This exploratory phase allowed us to
observe how varying thresholds influenced the stability and density of
the visual patterns.

Based on this interactive refinement, we adopted the following set-
tings to ensure a balance between sensitivity to subtle trends and ro-
bustness against noise:
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Fig. 10: Expected impacts between trends in time series of cases and
trips. Nodes represent trend events, and arrows - impact events. Colors
correspond to legends in Figs. 11, 13, 14, 18.
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(B) Detection of positive impacts of the mobility trends on the pandemic development.

Fig. 11: Example Ikat plot screenshots used to select and test event
extraction parameters in the case study. The colored circle in the bottom-
right corner of each image indicates the event type, as defined in Fig. 10.

¢ Tolerance threshold (¢ = 2%): We set the tolerance at 2% of the
value range. This level was identified as effective for filtering out
minor fluctuations while preserving meaningful signal.

¢ Trend thresholds (+3%): To focus on intervals of clear progression,
we restricted the analysis to periods where the difference between
the first and last thirds of the 7-day window is at least 3%. This
ensured that extracted events were based on sustained trends rather
than transient noise, as illustrated in Fig. 12.

Impact strength (7): We established a threshold of || > 0.3. Visual
inspection of the Ikat plots suggested that values below this magni-
tude often represented ambiguous or unstable relationships, whereas
+0.3 consistently captured prominent cross-impact patterns.

Specifically, the impact value was constrained according to four
distinct event typologies, each represented by a specific color coding in
the subsequent analysis:

@ Cases increase — Trips decrease (impact < —0.3)

@ Cases decrease — Trips increase (impact < —0.3)

(O Trips increase — Cases increase (impact > 0.3)

@ Trips decrease — Cases decrease (impact > 0.3)

(][]

Fig. 12: Choosing the trend settings for event extraction by example of
Barcelona. Top: No trend constraints. Bottom: Trend thresholds are set
to +3%, so that impacts of minor changes and fluctuations are ignored.

By using the Ikat plot to validate these settings on a subset of the data,
we ensured that the automated event extraction subsequently applied to
all provinces was grounded in visually verified, stable relationships.

In addition to the impact events, we also extracted trend events from
each time series using the same sliding window of 7 days and £3%
trend thresholds as for the impact event extraction. The extracted event
types include:

* Case trends: intervals of increasing @ or decreasing @ case counts.

* Mobility trends: intervals of increasing () or decreasing () numbers
of trips.

Finally, for all event types, additional constraints were applied to en-
force a minimum event duration and sufficient lag range, ensuring
statistical robustness.

5.2 Visualization of Events

Following event extraction, the next phase of the workflow (Fig. 2)
focuses on analyzing event distributions across time and other relevant
dimensions of the data, specifically, the entities associated with each
time-series pair (in our case study, these are the Spanish provinces).
While the proposed methodology does not prescribe a specific visu-
alization technique for this exploration, the task inherently requires a
display with at least two dimensions, one of which must represent time
to facilitate temporal localization of the events end exhibit temporal
relationships between them.

As our data have geographical references, one potentially suitable
visualization technique is the space—time cube (STC) [23,27,35]. An
example can be seen in Appendix D (Fig. 18). An STC offers an
integrated view of temporal and spatial distributions of events, but
effective interpretation requires interactive rotation and navigation to
reduce occlusion.

Instead, we adopted the more effective timeline chart [47]. In this
2D display, one dimension (usually horizontal) represents time and
the other is used for arranging time-referenced information, such as
events, according to a certain purpose-driven principle. In our case, the
positions of the second (vertical) dimension correspond to the provinces.
Each event is shown as a horizontal bar spanning its start and end times,
with bar length proportional to event duration (e.g., Fig. 13).

To preserve spatial context within such a 2D chart, we ordered the
provinces along the vertical axis using Sammon’s mapping [49] applied
to their geographic centroids. This nonlinear dimensionality reduction
projects 2D geographic distances into a 1D order. Consequently, neigh-
boring provinces tend to appear near one another on the vertical axis,
allowing for the detection of spatially correlated temporal patterns. Bar
colors consistently encode event types as defined in Fig. 10.

The initial workflow phase yields eight distinct event types (four
trend types and four impact types; Fig. 10). Visualizing all types si-
multaneously is challenging due to inherent temporal overlaps, because
impact events include trend events as their integral parts. For instance,
a mobility increase () may belong to both a preceding "recovery" im-
pact (Cases decrease — Trips increase @) and a subsequent "spread”

Authorized licensed use limited to: City St Georges University of London. Downloaded on March 28,2026 at 13:00:27 UTC from IEEE Xplore. Restrictions apply.
© 2026 IEEE. All rights reserved, including rights for text and data mining and training of artificial intelligence and similar technologies. Personal use is permitted,

but republication/redistribution requires IEEE permission. See https://www.ieee.org/publications/rights/index.html for more information.



This article has been accepted for publication in IEEE Transactions on Visualization and Computer Graphics. This is the author's version which has not been fully edited and
content may change prior to final publication. Citation information: DOI 10.1109/TVCG.2026.3676810

[ —
s20ects

2 g [L] T 018

rr'f
!

Trend and mpact
events in mat space

1 Reprosentation metnod.
Qualtatve colouring
Trend and impact svents

I cases incase: 270 ovacts:
preg

[ cases deorsaser 223 et
1200% oral

493 actve objcts shown, 26.72% o

o
Filler by classes 2 classes selscte
12

483 actvs; 26.72% outof 1845
objects

Tertory. Mati space: event mes
(447)vs.linearised spatal positions

@
[ sackarowna

Y-as orisntaton: botom up

"

18830 unt
—_—

- S
< N i | =S .
01/03/2020 01/09/2020 01/01/2021  01/04/2021
)

(A) COVID-19 trend events, with red @ for increase and blue @ for decrease.

[ —
520njcts

2 g [L] T 618

Trond and mpact
svents in matie spacel

A Reprosentation metnod
Qualtatve colouring
Trend and impactsvents

I s ncsase: 44z onics;
"

I s dscrsase: 365 aacs:
1978% oral
407 acthe obiects shown: 43.74%out

Fillr by classes 2 classes selsctec
34

807 actve, 43.74% outof 1845
objects

Tertory. at space: event imes
(147)vs.lnearised spatal postions

@
[ sackorowna

Y-axs orsntaton: botom up

18830 it
—

{m—

=i =
/03/2020 01/09/2020 01/01/2021  01/04/2021

(B) Mobility trend events with green () for increase and purple @ for decrease.

Fig. 13: Visualization of the distributions of the extracted trend events along the timeline (horizontal dimension) and over the set of provinces (vertical

dimension).
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Fig. 14: Visualization of trend and impact event distributions corresponding to expected transitions between trends (Fig. 10). Impact events always
partly or fully cover corresponding trend events. For example, an impact event of type “cases increase » trips decrease” @ in panel A is visually
represented as a bar drawn over the corresponding trend events “cases increase” @ and “trips decrease” @.

impact (Trips increase — Cases increase (). To de-clutter the display,
we utilize interactive filtering to focus on specific combinations of event
types, as shown in Figs. 13 and 14.

To aid temporal orientation and interpretation, the presented screen-
shots are additionally annotated with vertical lines marking several
anchor dates (March 1, 2020; September 1, 2020; January 1, 2021;
April 1, 2021). These markers provide temporal reference points that
help approximate when particular patterns occurred.

Figure 13A shows the distribution of COVID-19 trends: red @
for increases and blue @ for decreases. The trends form three ma-
jor epidemic “waves” that are broadly synchronized across provinces,
interspersed with periods of more heterogeneous regional behavior.

Figure 13B shows the distribution of mobility trends: green ) for
increases and purple @ for decreases. Similar to the epidemic curves,
mobility exhibits several nationwide phases of reduction and recovery,
often coinciding with policy interventions such as lockdowns or easing
of restrictions [54], but also periods where provinces diverge, likely
reflecting region-specific measures or behavioral responses.

Figure 14 provides combined views of impact and trend events.
These visualizations reveal how specific shifts in mobility or disease
incidence translated into measurable lagged impacts, and highlight
periods where trends emerged without generating subsequent cross-
impact effects.
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5.3 Exploration of trends and impacts

Figure 14 presents four screenshots of the event timeline chart, show-
ing different combinations of extracted trend and impact events. The
visualizations highlight relationships between increases or decreases
in COVID-19 cases and mobility allowing us to assess whether the
COVID-19 or mobility trend events had significant impacts or occurred
without measurable effects.

Overlaps between trend and impact events. Impact events are
derived from trend events and always at least partially overlap with
them in time. Each impact event (e.g., cases increase — trips decrease
@) corresponds to a period where a significant trend in one time series
(e.g., an increase of cases @) is followed by a trend in another series
(e.g., a decrease in trips ) after a time lag. Since impact events
inherently link two trend events, the bar of the impact event is drawn
over the respective trend bars.

By analyzing the combined displays of trend and impact events (Fig.
14), we observe several key patterns:

1. Mobility Responses to Pandemic Dynamics

¢ Strong initial response to rising cases: In March and in autumn
2020, increasing COVID-19 incidence @ was typically followed by
decreasing mobility @), reflecting imposed restrictions (lockdown
has started on March 15) and voluntary behavioral changes. Later in
the pandemic (e.g., summer 2020, spring of 2021), increases in cases
@ often did not result in mobility reductions (Fig. 14A).

* Recovery of mobility after case declines: When cases decreased
@. mobility generally increased (), likely due to relaxation of re-
strictions or behavioral changes (Fig. 14C).

* Seasonal influences: A notable drop in mobility ) occurred across
all 52 provinces before and during Christmas 2020; in 35 of them the
drop was not related to case increases. Similarly, the trips decreased
in all provinces around Easter 2021 (beginning of April). The display
also shows a synchronous decrease of mobility @) in 44 provinces in
the beginning of December 2020. This trend appeared due to mobility
restrictions imposed during several consecutive holidays [29].

¢ Regional differences: The provinces of Andalusia, located in south-
ern Spain and positioned in the upper part of the timeline chart, were
less affected by the first wave of the pandemic than other regions.
This is evident from the absence of COVID-19 increase trends @ in
the upper left area of Fig. 13A). Nevertheless, mobility decreased @)
nationwide during this period (Fig. 13B). Andalusia also experienced
lower pandemic impact in the summer of 2020.

2. Impact of Mobility Changes on COVID-19 Incidence

¢ Mobility restrictions were most effective early in the pandemic:
The strongest impact of reduced mobility @) on declining cases @
was seen in March-April 2020 and again in October-November 2020.
However, in later periods, many decreases in mobility () did not
result in a corresponding reduction in COVID-19 cases. Overall,
only 137 out of 365 (37.5%) mobility decrease events @) led to a
decline in cases @), but these accounted for 46% (103/223) of all
case decreases, indicating that mobility reductions @) played a role
in disease control but were not the sole factor.

¢ Limited impact of mobility increases on case surges: While some
mobility increases () were followed by a rise in cases @ (Fig. 14D),
this effect diminished over time. Between April and June 2020,
widespread mobility increases Q) had little measurable effect on
COVID-19 incidence. In 2021, this impact further weakened, sug-
gesting moderating factors like vaccination and immunity. Only 89
out of 442 (20%) mobility increase events () resulted in increased
cases @. Conversely, only 30% (70/230) of all case increases @
(excluding the first wave) were preceded by rising mobility () within
a 1-3 week time frame.

3. Asymmetric Influence Between Mobility and Cases. The
effect of rising COVID-19 cases @ on reducing mobility @) is stronger
and more consistent than the reverse. This asymmetry suggests that
factors like restrictions and public awareness influence mobility more
reliably than mobility influences virus transmission.

4. Variability in Impact Duration. Some impact events are short-
lived, while others persist for weeks. This variation may be linked to
region-specific factors such as population density, policy changes, and
mobility habits.

5.  Spatio-Temporal Differences in Responses. Some
provinces exhibit strong, repeated correlations between mobility and
COVID-19 trends, while others show inconsistent relationships. The
presence of trend events without corresponding impacts in certain
provinces suggests that interventions or external factors significantly
alter mobility-disease interactions. There are also prolonged time pe-
riods when trend events (e.g., increasing cases @ or mobility () do
not lead to measurable impacts in most provinces. These cases likely
reflect external influences such as vaccination rates, seasonal variations,
or local interventions (e.g., mask mandates).

Concluding Remark. The visualization allowed us to detect stable
patterns, regional differences, and periods where expected impacts do
not occur, highlighting the complex interplay between mobility and
pandemic trends. We complement this rough visual assessment with a
more rigorous analysis of the trend-impact relationships by quantifying
the proportions of trend events linked to impact events, either as results
of prior influences or as contributors to subsequent changes.

5.4 Quantitative analysis and modeling

To obtain quantitative data for the analysis, we applied the event con-
text extraction method [8]. For each trend event, we defined two
temporal neighborhoods:

* Preceding context (3 weeks before event start) — to check if a prior
impact event influenced the trend.

* Following context (3 weeks before event end) — to check if the trend
contributed to a subsequent impact event.

Each trend event X trendy (where X is mobility or disease cases,
and trendy is increase or decrease) was characterized as:

* Impacted if an impact event Y trendy — X trendy existed within
the 3 weeks before its start.

* Had impact if an impact event X trendy — Y trendy existed within
the 3 weeks before its end.

Based on these definitions, we generated two binary attributes: '"Was
impacted' (yes/no) and ""Had impact' (yes/no). To visualize the
results, we used impact transition graphs (Fig. 15), whose layout is
consistent with the graph of expected impacts shown in Fig. 10, with
nodes representing trend events and arrows signifying impact events.

Each graph displays trend-impact relationships through colored bar
charts corresponding to different trend event types, encoded by colors.
Bar heights are proportional to event counts, with the middle bars
indicating the total number of events, the left bars representing impacted
events, and the right bars showing impacting events. Different event
subsets can be selected using spatial, temporal, and other filters, and
the display updates to reflect the corresponding statistics.

The top graph in Fig. 15 shows all events nationwide over the entire
study period. The three graphs in the middle row depict trend-impact
relationships during the three pandemic waves, while the bottom row
presents event subsets for Madrid, Barcelona, and Andalusia. Each
graph uses its own scale for the bar charts, with the tallest bar repre-
senting the maximum value within the subset and the remaining bars
scaled proportionally. This supports the comparison of the proportions
across the graphs.

To obtain further insights into the event properties, modeling can
be used. Specifically, we are interested which features of an event are
predictive for whether it will have an impact on subsequent events.
We choose to build an inherently interpretable [26] logistic regression
model, as its feature weights describe direct dependencies between the
target variable (“having impact”) and the input features. In contrast
to time-series analysis, features are extracted from the entire event
durations and not fixed time windows to keep correspondence with the
visually analyzed events.
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Fig. 15: Impact transition graphs showing trend-impact relationships.
Colored bar charts represent different trend event types, with bar heights
proportional to event counts: total (middle bars), impacted (left), and
impacting (right). The top graph summarizes all events nationwide,
while the three graphs in the middle row depict relationships during the
three pandemic waves. The bottom row presents subsets for Madrid,
Barcelona, and Andalusia.

| Mobility Event Covid Event
Wave 1 Wave2 | Wave3 All Wave 1 Wave2 | Wave3 All

Model Accuracy [Eo710[E 0700 [Eozs0[E o720 [E 020
Average Mobility 1.056 0.288| 0.678, 1.339] 0.069| 0.618, 0.080]
Trend type (increase/decrease) 0.428| 0.023] 0.370) 0.225 0.181] 0.912| 0.026
Extreme event value 0.373 0.320] 0.041 0.050] 0.341] 0.029 0.141]
Average Cases 1.406 0.455| 0.638, 1.395| failed to 0.469| 0.527, 0.589
X coordinate province 0.981 0.100] 0.214 0.291| builda 0.086| 0.296 0.015|
Y coordinate province 0.157| 0.361] 0.120 0.050| model: all 0.096 0.175) 0.072]
Event Start Case value 0.783 0.105 0.216 0.360[ trends 0.489 0.734 0.270
Event End Case value 2.543 0.806 0.361 0.365| have 0.204] 0.150 0.093|
Event Start Mobility value 1.555 0.331] 0.273| 0.130| impact 0.123] 0.135) 0.034]
Event End Mobility Value 0.031 0.062] 0.590 1.043] 0.320] 0.373, 0.799
Amplitude of Covid values 0.378| 0.571] 0.482| 0.409 0.073] 0.580 0.200]
Amplitude of Mobility Values 0.152| 0.274) 0.177| 0.023] 0.361] 0.458| 0.658|

Fig. 16: Feature weights in logistic regression models predicting the
expected impacts from mobility (left) and case trends (right).

We model mobility and disease event impacts separately. Given
the substantial differences between pandemic waves, we create per-
wave models alongside global ones. Results on the balanced model
accuracies can be found in Fig. 16, ranging from 70% to 92%. For
the first COVID wave, a model for the pandemic event impacts cannot
be trained as all events had impact. Figure 16 also shows feature
importance as absolute model coefficients, revealing, e.g., a spatial
distribution for the first wave mobility event impacts. Notably, the
importance of features varied significantly between pandemic waves,
suggesting that seasonality and evolving mitigation strategies played
a decisive role, while other factors were subordinate. The importance
scores of the features can guide the queries described in Sec. 3.2.

5.5 Insights gained

The analysis of trend and impact events provides numerous insights
into the dynamics of mobility and COVID-19 incidence. We identified
periods with stable cross-impacts, where mobility and COVID-19 cases
exhibited consistent dependencies. The strongest linkages existed in
early 2020, with mobility reductions playing a key role in controlling
disease spread (Fig. 15, middle left). Over time, the influence of
mobility on transmission weakened (Fig. 15, middle center and right),
likely due to changing public behavior (e.g., wearing masks and social
distancing), improved interventions, and vaccination. The persistence
of impact events varied across regions (Fig. 15 bottom), indicating
heterogeneity in local responses to pandemic conditions. Additional
analysis can be done by combining epidemiological data with the
dynamics of mobility between provinces, assessing risk of disease

transmission, and studying its dynamic impact in space and time.

6 DIisScusSION AND CONCLUSION

A key contribution of our work is a general workflow for detecting and
extracting impact events from multiple bivariate time series, followed
by visualization and comprehensive analysis of event distributions and
relationships across multiple data dimensions (Fig. 2). By leveraging a
modified Kendall’s tau measure with tolerance, an interactive Ikat plot
visualization, and event extraction techniques, we provided an approach
for exploring dynamic relationships between time series at varying time
lags. This section reflects upon various aspects of our approach and
outlines possible future research directions.

6.1 Impact Measures and Parameter Sensitivity

Instead of relying on traditionally applied Granger causality, which
poses strong data requirements and is difficult to interpret, we propose
using an easy-to-understand measure that captures stable dependencies
more intuitively. The introduction of tolerance thresholds in Kendall’s
tau helped mitigate the effect of minor fluctuations, leading to a more
robust detection of significant impact patterns. Our study demonstrated
that impact measures are sensitive to parameter choices, including:

* The length of the sliding time window: Shorter windows captured
more transient dependencies, while longer windows smoothed fluctu-
ations but risked obscuring fine-grained patterns.

The threshold for Kendall’s tau with tolerance: An appropriate cutoff
should be determined by analyzing the distribution of values in areas
surrounding potential events. This ensures that detected dependencies
are not artifacts of local fluctuations.

The computational complexity of our approach remains manageable, as
it scales linearly with respect to the length of time series and quadrat-
ically with the time window size. The flexibility of the approach can
be enhanced by expressing tolerance in terms of standard deviation or
quartile-based measures for reducing influence of outliers.

6.2 Event Extraction, Visualization and Interpretation

Our event extraction method transforms abstract statistical dependen-
cies into interpretable events with temporal and, when relevant, spatial
references. Once extracted, these events can be analyzed as a stan-
dalone dataset. Understanding larger-scale patterns of event occurrence
and relationships requires examining the distribution of these events
over time and across relevant data dimensions. For this purpose, we
primarily use timeline charts, where one dimension represents time
and events are visualized as bars positioned along the time axis. The
remaining display dimension represents the set of time series from
which the events were extracted, i.e., the locations or entities described
by the time series. A meaningful linear arrangement of these items
along the dedicated display dimension is crucial for detecting variation
patterns among groups of entities or regions in space.

Our case study provides an example of achieving a linear ordering
by applying a dimensionality reduction method to the geographic po-
sitions of the provinces. This approach tends to group geographically
neighboring provinces together in the plot. However, since neither local
nor global relationships are strictly preserved, it is essential to validate
the detected patterns. To do this, we used geographic maps, but due to
space constraints, we omit the details.

The ordering can also be derived by applying dimensionality re-
duction to other attributes present in the original data, which may be
particularly relevant for non-spatial data. A viable approach, always
available, is to arrange the original time series based on their similarity.
When additional attributes are available, such as overall characteristics
of patients in medical studies or products in sales analyses, these at-
tributes can also be utilized to obtain meaningful arrangements. Such
arrangements enable analysts to determine whether the distribution of
events is related to item similarities.

Since a one-dimensional arrangement cannot fully represent sim-
ilarity relationships without introducing distortions, it is essential to
have tools that help verify whether display neighbors are indeed sim-
ilar and whether similar items are not separated in the display. One
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