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Abstract—Hierarchical time series data comprises a collection
of time series aggregated at multiple levels based on categorical,
geographical, or physical constraints, the analysis of which aids
analysts across various domains like retail, finance, and energy,
in gaining valuable insights and making informed decisions.
However, existing interactive exploratory analysis approaches
for hierarchical time series data fall short in analyzing time
series across different aggregation levels and supporting more
complex analytical tasks beyond common ones like summarize
and compare. These limitations motivate us to develop a new
visual analytics approach. We first generalize a taxonomy to
delineate various tasks in hierarchical time series analysis, de-
rived from literature survey and expert interviews. Based on this
taxonomy, we develop ChronoDeck, an interactive system that
incorporates a multi-column hierarchical time series visualization
for implementing various analytical tasks and distilling insights
from the data. ChronoDeck visualizes each aggregation level of
hierarchical time series with a combination of coordinated dimen-
sionality reduction and small multiples visualizations, alongside
interactions including highlight, align, filter, and select, assisting
users in the visualization, comparison, and transformation of
hierarchical time series, as well as identifying the entities of
interest. The effectiveness of ChronoDeck is demonstrated by
case studies on three real-world datasets and expert interviews.

Index Terms—Hierarchical time series visual analysis, time
series visualization, multi-level analysis

I. INTRODUCTION

Hierarchical time series analysis refers to the analysis of
a set of time series data organized across different levels of
aggregation, reflecting various categorical, geographical, or
structural dimensions [[1]. Such analysis is widely applied in a
number of sectors like retail, finance, and energy. For instance,
a retail dataset might be structured hierarchically, with data
aggregated at the levels of state, region, individual store, and
product category. At each hierarchical level, multiple time
series capture the changes in sales figures over time.

The significance of analyzing hierarchical time series lies in
its ability to provide a nuanced and layered understanding of
the data and facilitate informed decision-making. For instance,
in the retail sector, a business analyst may examine the sales
of several stores in the same region and determine if the sales
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trends of these store aligns with the regional patterns. Such
insights are valuable for retail companies to optimize their
sales strategies and supply chain management.

Visual analytics serves as an intuitive approach to facilitate
the analysis of hierarchical time series data through interactive
interfaces. The prior studies involve such analysis can be
categorized into two types: level-by-level and multi-level anal-
ysis. The level-by-level analysis [2]]-[5] provides the analytical
support for analyzing time series in the same aggregation level
or leaf nodes, and allows users to subsequently drill down or
roll up in the hierarchy to explore time series data in other
levels. This method performs well in identifying co-occurrence
patterns or anomalies among multiple time series while falls
short in analyzing time series in different aggregation levels,
which we argue is a crucial aspect of hierarchical time
series analysis. The multi-level analysis [6]—[14] supports both
within-level analysis and cross-level analysis by visualizing
time series in multiple aggregation levels simultaneously. Nev-
ertheless, current visualization mainly focus on limited tasks
like comparing multiple time series, which is not sufficient to
satisfy diverse goals during hierarchical time series analysis.

Above limitations of existing techniques motivate us to
develop a new interactive approach, with which users are able
to combine novel hierarchical time series visualization and
interactions to perform diverse analytical tasks on both time
series in one single level and the ones distributed at different
levels. Three challenges occur in developing such a tool:

Delineating diverse analytical tasks of hierarchical time
series analysis. The scope of hierarchical time series analysis
is still unclear, existing works mainly focus on one specific
task of the analysis, such as comparing multiple time series in
the same aggregation level to identify anomalous time series.
To implement an in-depth analysis of hierarchical time series,
a well-structured task summary is critical to steer the whole
analytical process.

Visualizing the integration of hierarchical structure and
time series data. Analyzing hierarchical time series usually
involves multiple time series within or across different hierar-
chical levels. It is crucial to represent the features of many time
series effectively while maintaining awareness of hierarchical
contexts such as parent-child or sibling relationships through-
out the analytical process. Therefore, a novel and scalable
visualization approach is in need to present both aspects of
hierarchical time series.

Supporting diverse hierarchy-aware analytical tasks on
many time series. Different analytics tasks involves targets
with varied scales, ranging from single time series to multiple
sub-hierarchies. For example, business analysts would not only
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inspect one store's sales trend, but also compare the satgsoduced to explore time series at different granularities. Xu
number of multiple regions and their subordinated storest al. [26] adopt the similar approach to summarize attributes
Moreover, analysts may transform the hierarchy by groupimgich as the number of faults that arise over time, and facilitate
similar time series, enabling more collective analysis. Thergiwther exploration. Also, to characterize the seasonality of
fore, a combination of adaptive visualization and interactidime series, the spiral diagram [27] is more often used to
methods is needed to accommodate different scenarios. visualize data in a circular structure. Notably, Tominski and
We propose ChronoDeck, an interactive visual analyti€&humann [28] integrate two-tone pseudo coloring in the spiral
system to address these challenges. For the rst challenge, dv@gram to extract cyclic patterns in human infection data.
conduct literature survey and interviews with domain expertBesides, glyph-based approaches| [29]) [30] are employed to
which results in a taxonomy of analytical tasks for hierasummarize the characteristics of time series.
chical time series. Our proposed taxonomy characterizes sidn addition, stacked graph or streamgraph are used to
analytical tasks including summarize, compare, relate, cowisualize multiple time series. Systems such as TIARA [31]
pute, rearrange, and reshape, which can be performed updtize this method to analyze the evolution of large textual
four categories of target entities during the analysis: nodgata. Meanwhile, to meet higher demands on the scalability
layer, path, and tree. For the second challenge, ChronoDexkthe visualization, horizon chari [B2], [33] allows users to
leverages a close coordination of dimensionality reduction aftkntify peaks and co-occurrence patterns within a limited
small multiples visualizations [15] for users to visualize hiespace, as seen in systems like CloudDet [34] and FMLens [35].
archical time series in a multi-column layout, presenting both Dynamic representation. This representation presents time
an overview and details of multiple time series. Meanwhilgeries data through a sequence of visualizations which are
linking corresponding nodes and time series visualizati@onsidered as frames. For instance, Moere [36] utilizes a
in adjacent columns make it effortless for users to undegellection of boids to visualize time-varying data like live
stand the hierarchical context. Finally, for the third challengstock market feeds. Another typical example is Gapminder
ChronoDeck incorporates adaptive visualization and varioWeols [37], which presents animated scatter plots on a Carte-
interaction methods including highlight, align, lter, and selecsian coordinate system, allowing users to explore data in each
to accommodate diverse analytics tasks. Our contributions casar by dragging a time slider.
be summarized as follows: Above methods primarily focus on presenting the features
A task taxonomy for hierarchical time series analysis. of individual or multiple time series, which do not take the
An interactive visual analytics system, ChronoDeckstructure of hierarchical time series into consideration. To
which combines multi-column visualization and variousddress this limitation, ChronoDeck integrates time series
interactions to enable the integrated analysis of hierarchisualization into a hierarchical representation, depicting tem-
cal time series. poral characteristics across multiple levels of the hierarchy.
Case studies on three real-world datasets, complemented
by expert interviews, to demonstrate the effectiveness gf Hierarchy Visualization
our method. ' y
There are a number of studies which propose various rep-
Il. RELATED WORK resentations for hierarchy visualization. Schuilz| [38] refers to
This section presents relevant studies on time series kierarchy visualization as tree visualization and puts forward
sualization, hierarchy visualization, and visual analytics fdreevis.net project which gathers a collection of prior tree

hierarchical time series. visualizations. In his study, hierarchy visualization is classi ed
_ _ o into three categories, namely explicit, implicit and hybrid,
A. Time Series Visualization based on edge representations.

Several surveys are conducted on the visualization of timeExplicit representation. Visualizations in this category, of-
series. Miller and Schumann [16] categorize existing visuten referred to as node-link layouts, have explicit edge repre-
alizations into static and dynamic representations. Fang s&ntations to encode hierarchical relationships. Among many
al. [17] classify time attribute visualization methods into: spiraXxisting works, Munzner et al, [39] propose TreeJuxtaposer,
diagram, calendar view, theme river view, dynamic visualiz& system enabling comparison between large trees through
tion, and others. Aigner et al. [18] propose a simpli ed schenta novel focus+context interface combined with guaranteed
of current visualization techniques based on time, data, avgibility. Lee et al. [40] develop an interactive visualization
visual representations. We follow the categorization of stati@med TreePlus, which enables exploration of a large graph
and dynamic representations to organize previous work. by expanding nodes within node-link layouts. To enhance

Static representation. Most static visualization techniquetfie space ef ciency of node-link layouts, Yan and Ma [41]
maintain a xed representation. The line plot is the mogiropose an elastic tree layout, which dynamically adjusts
common and most frequently adopted visualization in maitlye visualization, allowing for the presentation of detailed
visual analytics systems [19[-[23]. There are also variatioiformation and hierarchical context.
of the line plot such as spline chart and area chart [24]. Implicit representation. Unlike node-link layout, visualiza-

Another important technique is calendar-based, which ti®ns such as Icicle Plots [42] and Treemaps [43], [44] use an
rst proposed by Wijk and Selow [25]. In this work, a combi-implicit representations of edges. To address the suboptimal
nation of calendar visualization and cluster analysis methodaspect ratios often found in the rectangular layouts and use
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space more compactly, circular variants such as Sunburst [4&],al. [6] use a table-based visualization to analyze multiple
InterRing [46], and Circular Treemaps [47] are introducedector data and their aggregates in the stock market. Burch
More recently, Zhao and Lu [48] propose Variational Circulaand Weiskopf [7] propose TimeEdgeTrees, which overlays
Treemap which supports users in navigating different levels tiineline visualization onto the edges of an orthogonal tree
the hierarchical dataset with the assistance of focus+contdidgram. With this visualization, users can implement compar-
techniques. Grtler et al. [49] propose Bubble Treemapsison among time series across all levels. However, this method
which utilizes a circle-packing layout to display hierarchicdbhcks support for necessary analytics goals, such as grouping
data and incorporate uncertainty information into the visualizeaultiple time series with common features and nding sub-
tion. Jin et al. [50] propose Radial Icicle Tree which keeps arééerarchies with similar behaviors, especially when the scale
consistent for nodes of the same size, and enhances visibitifythe hierarchy grows larger. Another line of research uses
with inserted gaps between adjacent nodes. stacked graphs [9], [11], [12] or streamgraphs [8], [10], [13],
Hybrid representation. There are visualizations which com414] to visualize multiple series within a hierarchical structure.
bine both explicit and implicit representation of the hierarchjNevertheless, it may cause confusion in inspecting the trend
Viégas et al. [51] propose Google+Ripples which integrate§single time series and it is hard to manipulate the hierarchy
node-link diagrams into Circular Treemaps to visualize shariig accommodate diverse analytical tasks.
behaviors in social networks. Li et al. [52] develop a visual- Existing methods for hierarchical time series analysis can
ization called ClockTree which organizes nodes in a circulanly achieve a limited number of tasks, whereas ChronoDeck
layout based on depth- rst search, alongside arcs depictilgyerages the combination of dimension reduction and small
relationships between nodes. multiples visualizations in a multi-column layout, alongside
Prior hierarchy visualization techniques effectively encodeteractions including highlight, align, Iter, and select, to
parent-child relationships but overlook the temporal attributssipport six analytical tasks we have outlined in Sec. 1I-C.
of nodes within the hierarchy, limiting their ability to cohe-
sively analyze both structural and temporal aspects of hier- I1l. TAXONOMY

archical time series. ChronoDeck uses a multi-column layout,o analysis of hierarchical time series requires the imple-

to represent multiple aggregation levels of hierarchical tim@aniation of various tasks, so to extract meaningful patterns

series, enabling the integration of numerous time series Whilgy gerive valuable insights. However, previous studies are

supporting diverse analytical tasks. con ned to simple tasks like summarize and compare, leaving
the scope of such analysis unexplored. In order to better guide
C. Visual Analytics for Hierarchical Time Series the whole analytical process, it is essential to establish a
. systematic collection of tasks involved in hierarchical time
&ries analysis. In this section, we present a task taxonomy for

by-level analysis and mu lt-level analysis. . _ .tasks and categorize the targets these tasks act upon within the
Level-by-level analysis. The methods which fall into th'ﬁierarchical structure as four entities

category analyze time series data in single aggregation level or

leaf nodes, adopting operations like drill-down and roll-up to

update current aggregation level and corresponding visualifa- Methodology

tion. Hao et al. [2] propose a method to analyze multiple time We adopt a combination of literature survey and interviews

series in the same aggregation level within a space- Il layoutiith ten experts to develop a task taxonomy for hierarchi-

where time series are visualized based on importance relatioced. time series analysis. The analysis of hierarchical time

Meanwhile, tree is the most intuitive representation when series is utilized in diverse domains. Therefore, we invite

comes to visualize and analyze hierarchical data. Burchteh experts from representative domains, including energy

al. [3] propose Timeline trees where timeline visualizatiodigitalization (E;.¢), business analytics ¢&), cloud comput-

iS put next to a node-link diagram, users can easily expaimd) (Es.4), urban computing (Eg), machine learning (B),

or collapse the hierarchy to explore different levels. Alsand e-commerce (&). All experts have at least 2 years of

Fischer et al. [4] propose ClockMap which is based oexperience with analyzing hierarchical time series.

circular treemap consisting of glyph-based visualization of The study process consists of two phases. In the rst phase,

time series. ClockMap utilizes semantic zooming for usevge produce a draft taxonomy through literature survey and

to explore data at diverse granularities. Besides, Janetzkoegpert interviews. We start by searching for papers in academic

al. [5] combine treemap and various time series visualizatiolatabases and digital libraries, including Google Scholar,

to assist anomaly detection of power consumption data WiSEE Xplore, ACM Digital Library, and ResearchGate, using

hierarchical structure. The major drawback of above approalkdywords “hierarchical time series”, “tree”, “hierarchy”, “time

is that only one aggregation level or leaf nodes of hierarchicsgries”, “visualization”, “visual analytics” and their boolean

time series is visualized, which falls short in analyzing timeombinations. We expand our selection by leveraging ref-

series at different aggregation levels. erence lists from initial papers through a snowballing ap-
Multi-level analysis. This category of methods enable botproach [53]. Papers are included if they present visual analytics

within-level and cross-level analysis by simultaneously vapproaches for hierarchical time series that conform to Hynd-

sualizing multiple levels of hierarchical time series. Ziegleman et al.'s de nition [1], where lower-level series aggregate to
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Fig. 1. The taxonomy demonstrates the categorization of targeted entities and general tasks of hierarchical time series analysis. ChronoDeck is implemented
based on this taxonomy. (A) ChronoDeck visualizes dimensionality reduction results as scatter plots to summarize features of entities across multiple aggregation
levels. (B) ChronoDeck utilizes both dimensionality reduction and time series visualizations to implement the task of compare. (C) Similarity measures are
used to relate other similar entities. (D) The tasks of compute is classi ed into aggregate and derive. (E) ChronoDeck supports rearranging nodes, while does
not support rearranging layers. (F) The task of reshape modi es hierarchical time series by creating/deleting layers and merging/splitting trees.

form higher-level series based on categorical, geographical,structure of the taxonomy and contents in speci ¢ category.
physical constraints. After applying this criteria, we nalizeFinally, based on their feedback, we revise the taxonomy and
15 relevant papers. Based on gathered papers, we assemimdeuce the nal version. The study is approved by the State
a collective list of recurring and common tasks, which aréey Lab of CAD&CG, Zhejiang University.

grouped according to shared analytical goals, operations, and

usage contexts. We generalize three initial analytical tasks in

this process: summarize, compare, and compute. B. Entity Categorization

Due to the limited number of papers, we conduct informal |, this section, we rst describe the basic structure of

interviews with ten experts over a two-month period, allowingierarchical time series. Building on this understanding, we
for open-ended discussion and brainstorming. Each intervigMan demonstrate our categorization of entities.

is conducted via online meetings with experts from a single |, hierarchical time series, data is organized in a tree-
domain and lasts approximately 45 minutes. Every expgfly siycture, with each level of the tree representing a

participates in at least three interview sessions. The intervigW,qo| of aggregation. To illustrate the concept of hierarchical
process consists of three distinct stages. The initial discussi RSe series, we utilize examples from retail and photovoltaic
focus on understanding the basic structure and attributesogftasetS, which are provided by domain experts. The retail
the datasets. Subsequently, experts demonstrate their gengfglset forms a hierarchical structure with different levels
work ow live using their analytical tools. The nal stage ot gqgreqgation: state, region, store, and product type. Each
involves breaking down the work ow into speci ¢ tasks.q4e within this hierarchy encapsulates time series data,
Building upon the initial tasks identi ed from the literature, o, menting the progression of daily sales gures. In the retail
we leverage insights from expert interviews to contribute addijerarchy, the data at a parent node represents the aggregate of
tional scenarios to existing categories, group similar operatiogs chiid nodes’ data. For instance, sales data associated with
within each category, re ne task de nitions, adjust boundarie, yarticylar region is the sum of all its subordinated stores.

and further generalize three additional analytical tasks: relatg, o photovoltaic dataset exhibits a three-level hierarchical
rearrange, and reshape. structure comprising transformer, inverter, and string. In a PV
Following the task abstraction model proposed by Muneld, multiple strings are organized into groups, with each
zner [54], we structure our initial taxonomy around tw@roup connected to a single inverter, and multiple inverters
dimensions: entity and task. The entity denotes the targetsa@é further clustered under a single transformer. Based on this
analysis, while the task represents the analytical actions takggsted nature, a hierarchical time series can be constructed by
Based on the tasks generalized earlier, we identify specictimulating current measurements from bottom up. Datasets
targets these tasks act upon within the analytical scenarigith similar structures can also be observed in other domains
mentioned in relevant literature and expert interviews, aniite clouding computing, business analytics, urban computing,
categorize them based on their structural characteristics inggid many others. Based on this structure, we categorize the
node, layer, path, and tree. targets of hierarchical time series analysis into four types of
Afterwards, we proceed to the second phase, where wetities: node, layer, path, and tree.
present the initial taxonomy to all experts for further optimiza- E1: Node. This entity refers to the individual elements
tion and validation. We rst introduce the de nition of each within the hierarchy, providing the most detailed level
entity and task, alongside specic scenarios to the expertd. information available. Examples include the daily sales
Then, experts offer suggestions and validation on both genedata for an individual store, the current measurement for a
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single PV string, or the performance monitoring data of ormmparison between genres and sub-genres by adopting a
particular server in the data center. multi-resolution approach. For layers, Janetzko et al [5] com-
E2: Layer. We de ne layer as a set of nodes that shaggare multiple collections of time series in a treemap-based
the same parent within the hierarchy. It encodes thsualization. However, insights from domain experts suggest
characteristics of multiple time series in one aggregation levédiat comparisons among other entities are equally important.
This could be, for example, sales data of all stores in the saf@ example, the user may want to compare not only the
region, current data for several strings connected to the sasades data of two regions, but also the sales data of their
inverter, or prices of multiple stocks under one sector. subordinated stores, which can be abstracted as a comparison
E3: Path. Extending the concept from graph theorypetween trees. Additionally, comparison between paths is also
[55], in hierarchical time series, a path represents @mmon. For instance, comparing the correlation between the
sequence of linked nodes from one level of the hierarchy pwices of different stocks and the corresponding sectors can
another, highlighting relationships between different aggregaelp users identify stocks with abnormal behaviors.
tion levels. For example, a path might consist of data linked T3: Relate. Once an entity of interest is located, this
between a store and its corresponding region, re ecting how task seeks out other entities with similar attributes by
individual sales trends correlate with regional trends. employing similarity measures and search algorithms tailored
E4: Tree. The hierarchy itself or its sub-hierarchies cafor different entities (Fig. 1C). The task is particularly useful
be represented by trees. It contains multiple time seriefien analyzing hierarchical time series with a large scale. The
at different aggregation levels. In the retail dataset, a simggnplest example is when a user identi es a node exhibiting
tree can be the sales data of one region and its subordinaabdormal behavior, the relate action can ef ciently nd other
stores. For the photovoltaic dataset, the cumulative currgmtdes in the hierarchy with similar behavior. This approach
measurement at one inverter and current data of each str@@g be also extended to other entities. For instance, photo-
connected to it can also be represented by a tree. voltaic experts tend to locate a single high-cumulative-current
inverter paired with a dysfunctional string with low current
measurement. These anomalous strings are often hindered by
the high cumulative current values of their associated inverters.
We generalize six analytical tasks: summarize, compatxperts can effectively nd such strings by searching for sim-
relate, compute, rearrange, and reshape, which refer to aitar paths through the action of relate. In retail data analysis,
alytical actions taken upon entities mentioned above duriagalysts often search for regions with similar sales conditions
the analysis of hierarchical time series. Each analytical taskiisformulate better business strategies. These regions not only
introduced as follows. exhibit overall similar characteristics but also have stores
T1: Summarize. This task (Fig. 1A) refers to presentingvith comparable feature distributions. To achieve this, analysts
an overview of a whole set of potentially targeted entieften relate relevant trees.
ties [56]. Burch et al. [3] summarizes the features of multiple  T4: Compute. This task refers to conducting compu-
nodes by placing thumbnail visualizations next to the leaf tation on single or multiple time series, and can be
nodes of the hierarchy representation. Fischer et al. [4] utilizdivided into two sub-categories: aggregate (Fig. 1D1) and
multiple circular glyphs to present a general summary. Festerive (Fig. 1D2). (1) Aggregate. This sub-category involves
prior researches focus on summarizing features across differasing aggregation functions like max, min, average, and sum,
aggregation levels. Nevertheless, domain experts present usdfte to turn multiple time series into single time series. (2)
necessity of summarizing the characteristics of more than oDerive. This sub-category focuses on transforming single time
aggregation level. For example, in the regular maintenanseries into one single value, a new time series or multiple
of a photovoltaic eld, the analysis of strings needs to brew time series. For example, deriving one single value may
combined with the summoned conditions at inverter-levahvolve calculating the average current measurement of one PV
Therefore, an effective summary of paths contribute to thstring, or obtaining the ratio of change for one stock over a
ef cient identi cation of an anomalous combination of anperiod of time. Deriving a new time series typically includes
inverter and a PV string. Meanwhile, in cloud computing, theansformation operations like smoothing, normalization and
overall performance of one single data center can not coamomaly detection. Specically, in stock market analysis,
prehensively uncover the performance of each server insitiéstory data for each stock is usually normalized for trend
Summarizing both data centers and their subordinated servesmparison. In cloud computing, anomaly detection methods
aids users in locating one specic sub-hierarchy for furtheare applied to the performance data of each server, generating a
analysis. By visualizing a collection of entities based on thairew time series where each timestamp is assigned an anomaly
characteristics, users can seamlessly proceed with downstreaare [34]. Deriving multiple time series can be splitting single
tasks such as compare. time series into multiple slices based on seasonality or trend.
T2: Compare. This task involves comparing the charadn the eld of urban computing, Deng et al. [57] partition
teristics of two or more entities to uncover similaritiegsime series into multiple segments based on periodicity or peak
and differences (Fig. 1B). Most prior studies concentrate asenti cation, and analyze causal relations in each segment.
the comparison of nodes and layers. For nodes, Ziegler et T5: Rearrange. This task refers to changing the se-
al. [6] compare sector data across multiple countries using quence of nodes and layers. The most common one is
a table-based layout. And Cuenca et al. [8] enables thearranging nodes in each layer by sorting methods (Fig. 1E1).

C. Task Summary
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The sorting can be based on various metrics: the averatgreloping such a tool, we work closely with domain experts
value of single time series, the overall anomaly score, e{€3s ) and generalize four design goals (see Sec.IV-A) under
For example, stock market data can be sorted by the avitre guidance of the nested model for visualization design and
age difference between adjacent prices which indicates tadidation proposed by Munzner [58]. Based on the design
volatility of one stock or sector. The arrangement can be algoals, we further develop ChronoDeck consisting of three
based on the meta information of time series. In analyzing thiws: data, exploration, and selection views (Fig. 2A-C). With
retail dataset, analysts tend to bring together the sales dat&CaofonoDeck, users can visualize, transform hierarchical time
stores which are geographically close during the analysis. Téeries, and compare different entities in a multi-column layout
rearrangement of layers is also regularly seen in the analysidtofough coordinated visualization and diverse interactions, and
the retail dataset, whose hierarchical time series is constructedher identify entities-of-interest in the hierarchy. In this
upon multidimensional data. Users can organize the sequeseetion, we rst introduce our design goals, then elaborate
of dimensions to accommodate various analytical purposes. the visual design and interactions of ChronoDeck for in-depth
an instance, users can analyze the sales of different prodacalysis of hierarchical time series.
types in single store by putting store above product type, or
explore the sales of one speci ¢ product type in multiple storg§ pesign Goals
by rever.smg the previous sequence (Fig. 1E.2)' . G1: Visualize hierarchical time series. Hierarchical time
T6: Reshape. This task refers to operations which mod- ™~ :
. . . . series consists of both structural and temporal features. The
ify the structural semantics of the hierarchy. Two majot ~ . . : . . .
’ ) ) . qe3|gn should integrate visual representations of hierarchical
operations are summarized under this task: (1) Create/DeIeF . . : :
| . . sfructure and time series data, and provide users with a
ayers. The operation of creating layers usually takes pIaC%mmar of time series across different levels gummarize)
when the user analyzes a large number of nodes in e Y :

same layer. Additional layer is added upon the current laye G2: Support comparison among different entities. The
consistir?/ .of nodes whi)c/:h is the a Fr)e ation of reVigudrésign should facilitate ef cient derivation of similarities and

g ot r L ggreg Previc asn‘ferences among different entities. It should also support
nodes with similar characteristics. In the eld of photovoltaic

; . . . . . Jetailed comparisons, allowing users to dissect relationships
multiple PV strings which merge into one single inverter " S : . :
: : among entities consisting of multiple time series ¢ompare).

may demonstrate different features, maintenance personnel . . . ; ; .
3: Enable transformation of hierarchical time series.

often groups similar string data to analyze major featur . : . o .
(Fig. 1F1). Another example can be utilizing the result of timegslven the extensive number of time series within the hierarchy,

series partitioning to create layers underneath the current Ia)fje‘c’rerS should be able to rearrange nodes in one aggregation

o : . . ._level based on various criteria (rearrange). Also, the design
which is often employed to analyze time series with cyclica . : : .
should support operations like creating layers and merging

patterns (Fig. 1F1). The operation of deleting layers is Oftﬁpees( reshape). Additionally, various computation methods

adopted when dealing with a large number of aggregatlc%ﬂould be embedded ( compute) in the system to facilitate
levels. For example, the sales datasets from large corporﬁ\]te

ossess additional levels, including store type, product type, transformation of hierarchical time series,
P . ' 9 ype, p YP€G4: Facilitate identi cation of entities-of-interest. The
and product version. Analysts usually remove irrelevant layers ~. . . . ;
R X ; design should enable users to identify entities-of-interest dur-
to simplify the analytical process. (2) Merge/Split trees. In. . :
. g the exploration process. Moreover, it should allow users
stock market analysis, market analysts often group multip L ;
) . . . 10 correlate other entities in the hierarchy that share common
sectors in the same industrial chain, for example, Information o S
o . cr‘(haractenstlcs based on similarity measures relate).
Technology and Communication Services, to analyze all stoc 9 . ’ . .
; -In the following four subsections, we introduce design
below (Fig. 1F2). Conversely, users may also choose to sellt ;
; . eatures to support the above design goals.
grouped trees and focus on analyzing a single tree.
Justi cation. The analytical tasks de ned by our task o ) ) ] )
taxonomy primarily aim for analyzing multiple time series iB- Visualization of Hierarchical Time Series
a hierarchical structure with different aggregation levels. We This section illustrates how ChronoDeck employs a multi-
choose not to include the identify task mentioned in previogslumn layout to visualize hierarchical time series, providing
studies [54], [56], as it mainly targets at analyzing the featurésth a visual summary across different aggregation levels and
of a single time series. Also, the functionality of the identifgetails of multiple time series. We also introduce the visual
task has already been integrated with our existing tasks design for emphasizing the currently explored hierarchy.
a certain extent. The analytical tasks, including summarize,Multi-column layout. Inspired by the column view in
compare, relate, and rearrange, can be leveraged to identifyacOS"'s Finder, ChronoDeck adopts a multi-column layout
speci c targets with particular attributes. For example, tto integrate hierarchical structure and time series features. This
identify the store with the lowest sales, users can rearrariggout visualizes each aggregation level in one column, with

stores based on average sales values, effectively locating itidtiple columns aligned to display the hierarchy (Fig. 2B).

target without requiring a separate identify task. Each column consists of two components: a scatter plot and
small multiples visualizations of time series. To provide a
IV. CHRONODECK visual summary for each level, we employ t-SNE [59], a robust

We present ChronoDeck, an interactive visual analyticBmensionality reduction technique, to convert time series at
system to facilitate the analysis of hierarchical time series. the current level into two-dimensional coordinates. They are
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