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Please describe the following line using your own words I see a slight drop followed by an 
increase towards a small peak, 
then another drop into a valley 

followed by a sharp increase and 
then a decrease

Figure 1: From lines to natural language: What do people describe when they look at a time series?

Abstract
People, regardless of formal training or domain expertise, interpret
time series by inspecting them and describing what they see using
intuitive concepts such as spikes, peaks, and stable periods. These
informal descriptions shape data scientists’ analyses, yet many time
series representations and methods rely on concepts defined a pri-
ori by system designers rather than being empirically grounded in
human reasoning. In this study, we ask a simple but underexplored
question: “What concepts do people use when they describe time
series?” We present preliminary results from an ongoing user study
investigating how participants describe time series patterns in their
own words. We describe the elicitation instrument, study design,
and report preliminary observations from a pilot that highlight
both shared and divergent conceptual interpretations across partic-
ipants. Our long-term goal is to establish an empirical taxonomy
of concepts used to interpret time series, informing the design of
more human-centered analysis methods.
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1 Introduction
Time series data are ubiquitous across domains, capturing how
phenomena evolve over time. In analytical notebooks, dashboards,
and monitoring tools, data scientists routinely inspect time series
to understand system behavior, validate hypotheses, and surface
unexpected patterns [32]. A single line can encode hours of physio-
logical activity, years of change in pedestrian flows, or moments
of disruption in economic markets. Before engaging in any formal
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analysis, such as statistical tests, data mining, or machine learning
pipelines, data scientists typically visually inspect the data. They
describe what they see using intuitive, natural language concepts1:
several spikes , a gradual rise , two pronounced peaks ,
or a decrease followed by a stable period . These informal de-
scriptions emerge rapidly, often within seconds, and reflect the
fundamental ways in which people make sense of temporal data
before formalizing these intuitions into computational representa-
tions.

The time series research community has long recognized the
value of moving beyond raw numbers toward higher-level represen-
tations. Yet, the concepts that operationalize these representations
are typically defined by researchers and developers when specifying
algorithms andmodels. As a result, algorithms that rely on such con-
cepts encode implicit assumptions about which temporal patterns
are meaningful and are often not grounded in empirical evidence
of how people visually describe and interpret time series. Conse-
quently, concept-based data representations, model explanations,
and interfaces risk misalignment when these assumptions diverge
from users’ lived sensemaking practices. This concern is consistent
with previous research showing that developers’ cognitive biases
shape software development processes [10] and that misalignments
can arise between developers and end users in domains such as
healthcare [8].

This work is motivated by a simple but underexplored question:
“What concepts do people use when they describe time series?”
We focus on three aspects of interpretation: (1) the vocabulary
participants use to describe salient temporal patterns, (2) how they
segment continuous signals into meaningful regions, and (3) where
interpretations converge or diverge across individuals. We study
this question through an elicitation study using a questionnaire
designed to capture spontaneous descriptions rather than impose a
predefined vocabulary or taxonomy.

Contribution.We introduce a structured elicitation protocol for
systematically capturing how people describe time series patterns,
providing an initial empirical characterization showing both shared
patterns and individual differences in their descriptions.

The long-term goal of this research is to establish an empirical
taxonomy of the concepts people use when interpreting time series.
By foregrounding user interpretation, this work contributes to
ongoing discussions in Human-Computer Interaction (HCI) on
sensemaking and interpretability, and leverages that perspective
to engage the time series analysis community in considering how
such concepts emerge and how they might inform the design of
more human-centered systems.

2 Related Work
Research on time series analysis has long sought to move beyond
raw numerical representations toward higher-level abstractions
that make temporal patterns more interpretable [1]. Early work in
syntactic and symbolic pattern recognition treated time series as
structured sequences of primitives or symbols, enabling pattern
matching and querying based on shape rather than exact numeric
1Here, we use the term “concepts” to refer to morphological, shape-based descriptors
of time series, specifically the qualitative patterns, perceptual groupings, and semantic
distinctions that people spontaneously use when visually describing the form of a time
series.

values [3, 15, 34]. These ideas were later operationalized in scal-
able symbolic representations designed for large, noisy, real-world
data [19]. Complementing these approaches, Rodrigues et al. [30]
proposed a tool that converts time series into symbolic sequences
and supports expressive, query-driven regular expression search.
Later, Mannino and Abouzied [21] developed querying via hand-
drawn sketches, while Imani et al. [16] enabled pattern search using
natural language descriptions. This emphasis on abstraction and
semantic description has also shaped recent work on concept-based
explainability, which seeks to explain model predictions in terms of
human-understandable attributes or abstractions, such as textual
concepts or representative examples of distinctive characteristics of
the input [27]. Rather than explaining low-level features (i.e., raw,
fine-grained input parts, such as numerical values or pixels), these
methods frame explanations in terms of higher-level concepts [17]
intended to align with how people reason, making them among
the most useful explanation approaches [18, 24]. We found that the
concept vocabularies used by concept-based time series methods
are rarely grounded in empirical evidence of how people actually
perceive and describe temporal patterns, and instead largely reflect
assumptions made by developers. This gap creates an opportunity
to empirically elicit concepts from practitioners and use them to
inform the design of more human-centered representations, expla-
nations, and analytic interfaces for time series.

HCI and visualization research offer the theoretical grounding
and methodological tools needed to address this challenge. Effective
visualizations depend not only on perceptual accuracy, but also on
alignment with users’ mental models, interpretive strategies, and
sensemaking practices [2, 5, 12]. Prior studies in discrete visual-
izations, such as graph and chart comprehension, have primarily
focused on how users interpret visualizations to inform their de-
sign [13, 28]. Understanding what people attend to, describe, and
label when interacting with visual representations is central to
designing systems that support users’ existing interpretive frame-
works [14, 23]. In contrast, relatively little work has systematically
examined how people perceive, segment, and label temporal pat-
terns in time series, particularly with the goal of informing the
design of time series representations and concept-based explana-
tions. Time series present distinct interpretive challenges, since
they encode temporal trajectories with ambiguous boundaries and
variable granularity, requiring subjective judgments about structure
over time. These properties make empirically elicited user concepts
particularly important for representation and explanation design.

3 Methodology
3.1 Experimental Task
We designed a two-stage elicitation protocol using a questionnaire
to capture how participants describe time series. First, participants
freely described a time series using their own words. Second, they
completed a small set of structured tasks that asked them to iden-
tify synonyms and to segment the time series into regions cor-
responding to the concepts they had described. This progression
reflects best practices in survey design to help overcome potential
limitations from question framing [35]. The protocol comprised
three main tasks, each broken into short subtasks (see Appendix A
for an overview of the questionnaire). This protocol was inspired
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byQuadri et al. [28], which proposed a study combining think-aloud
and written free-response elicitation methods to find patterns in
common data visualizations.

Sensemaking and concept externalization (Task T1). Par-
ticipants first describe a time series in their own words and then
reflect on that description by explicitly listing the concepts they
used. This separation between description and reflection supports
elicitation by preserving spontaneous sensemaking while encourag-
ing participants to externalize the semantic constructs underlying
their interpretations. Finally, we included a segmentation task in
which participants mark contiguous regions of the time series they
perceived as conceptually distinct. The goal was to encourage more
granular sensemaking and to externalize how participants partition
continuous time series into meaningful units. This task supports
comparison across participants by enabling analysis of where inter-
pretations converge or diverge, including cases in which the same
temporal segment is interpreted in different ways.

Semantic alignment and concept structuring (Task T2). To
account for lexical variation, participants were asked to provide
synonyms and, when relevant, broader or more specific concepts for
their identified terms, enabling analysis of semantic convergence
across participants.

Contrastive sensemaking (Task T3). To examine how partic-
ipants reason about differences between time series, participants
were asked to describe differences between two time series drawn
from different behavioral categories, with each time series corre-
sponding to a distinct behavior.

3.2 Stimuli
We collected time series examples from the UCR Time Series
Archive [11], a widely used benchmark repository of time series
datasets. We selected five representative samples according to the
procedure described in Appendix B. The five stimuli were organized
to vary in structural complexity, alternating between relatively sim-
ple time series and more structurally complex signals. The five
stimuli were presented in the same order for all participants to
reduce procedural variability across responses. Time series were
presented as static dark line charts without titles or gridlines to
minimize framing effects. The x-axis representing time was in-
cluded to allow participants to reference specific regions of the
series when describing patterns or attributing particular concepts
and interpretations.

3.3 Participant Recruitment
We used purposive sampling to recruit 10 participants with diverse
backgrounds and varying levels of experience with time series
analysis. Four participants (P1, P2, P4, and P7) reported no prior
familiarity working with time series. The remaining six participants
reported between 1–2 years of experience (P3, P5, P6, and P8), 6–10
years of experience (P10), or more than 10 years of experience (P9)
working with time series.

3.4 Procedure
The study protocol was implemented using an online question-
naire, LimeSurvey (version 6.16.4). Participants were invited via
personalized email containing a link to access and complete the

study. Participants answered in English and completed the three
tasks (Section 3.1) for each of the five time series examples, en-
tering their responses in text fields. Tasks were completed in a
fixed sequence (T1→ T2→ T3). This ordering was intentionally
designed to prioritize natural elicitation: participants first described
the time series freely, without being provided with a definition of
“concept,” to avoid imposing interpretive constraints. Subsequent
tasks encouraged reflection on previously used terms and closer
analysis of specific regions of the signal. No tutorial examples were
provided for the first description to avoid priming effects. Partici-
pants were explicitly encouraged to describe what they saw in their
own words and were informed that there were no right or wrong
answers, as the goal was to elicit natural, personally meaningful
descriptions. After completing the questionnaire, participants took
part in a brief post-questionnaire interview to gather feedback on
the study protocol (see Appendix C for details).

3.5 Data Analysis
We analyzed participants’ responses in two stages: (1) concept
grouping and (2) segmentation agreement.

Concept grouping. We consolidated lexical variants into con-
cept groups to account for synonymy. Grouping was informed by
(i) the concept lists and segmentation labels from Task T1, and (ii)
the synonyms provided in Task T2. We first created preliminary
groups using the synonyms explicitly provided by participants in
Task T2. Terms were assigned to the same group when participants
identified them as equivalent. Due to the small number of partici-
pants (N = 10), some concepts and their variants did not naturally
group together and required manual curation. In these cases, group-
ing decisions were made conservatively and only when semantic
overlap was clear. The resulting structure preserves differences in
granularity (e.g., sharp drop as a specific instance of drop).

Segmentation agreement. Segmentation agreement was as-
sessed qualitatively. Participant annotations were visually com-
pared to identify regions where temporal intervals overlapped.
Two segments were considered overlapping when their annotated
intervals covered substantially similar portions of the signal. We
considered agreement when multiple participants marked overlap-
ping intervals and assigned labels belonging to the same concept
group. Because this study is exploratory and the sample size is
limited, we did not perform formal agreement analysis. Instead,
agreement patterns were used descriptively to identify shared and
divergent interpretations.

4 Findings
We report preliminary observations from a pilot study conducted
to assess and refine the questionnaire before deploying it with a
broader audience. Given the exploratory nature and limited sample
size, these observations aim to illustrate emerging patterns elicited
by the current questionnaire, rather than to support generalizable
or conclusive claims. We organize the findings into two purposes:
(1) to assess how the questionnaire structure shapes concept elici-
tation, and (2) to surface preliminary patterns in how participants
conceptualize time series. Additional analyses are provided in Ap-
pendix D.
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4.1 Findings from the Elicitation Protocol
Task T1. When asked to list concepts after producing the descrip-
tion, some participants (P1, P2, P3, P5) tended to re-identify the
concepts they had previously used and often collapsed detailed
descriptive expressions into one or multiple general concepts. For
example, qualifiers used in the description to distinguish specific
variations (e.g., steep positive slope or negative slope) were frequently
omitted in the concept list in favor of more general terms (e.g., slope)
or kept as independent concepts. In contrast, the remaining par-
ticipants retrieved and used the descriptive expressions from their
description during the concept listing and segmentation subtasks.
Task T2. Participants used different linguistic expressions to refer
to similar concepts, with vocabulary varying by domain expertise.
For example, participants with experience in time series analysis
used technical jargon such as minimum (P3, P5, P8, P9, and P10)
and slope (P3 and P5), while P2 used inclination instead of slope.
This reinforces the utility of this task in facilitating downstream
analysis of convergence among the participants.
Task T3.Most participants focused on describing differences be-
tween the two classes. Some highlighted only the most discrimina-
tive concept, while others briefly described each class, highlighting
similarities and differences. Participants with more experience in
analyzing time series (e.g., P8 and P9) tended to provide more con-
cise descriptions, whereas participants with no experience often
described each class in more detail. Participants with 1–2 years
of experience generally varied between conciseness and descrip-
tiveness but still primarily focused on differences. This pattern
illustrates that task framing shapes conceptual articulation, with
participant expertise contributing to variability in response style.

4.2 Preliminary Patterns in Elicited Temporal
Concepts

We analyzed responses from Tasks T1 and T2 by grouping recurring
concepts together with the synonyms identified by participants
across free-text initial descriptions, concept lists, and segmentation
annotations (see Section 3.5).

Common concepts emerge in more general concept cate-
gories (see Figure 2). We observed convergence around participant
descriptions, primarily in more general concept categories (i.e.,
drop, wave, noise, peak, oscillating, rise, and plateauing). The dis-
agreement across participants was driven less by semantic conflict
among concepts and more by differences in granularity, with partic-
ipants describing the same temporal phenomena at different levels
of abstraction. For instance, the common term dropwas instantiated
by P1, P3, P4, P6, and P8 as dropping sharply.

Differences in segmentation also reflected variation in
granularity (see Figure 3). Some participants segmented a region
into multiple smaller segments, while others treated it as a single
segment. For example, in the Wave column (Figure 3), the third
signal from the bottom shows a region that P3 labeled as wave,
whereas P1 segmented the same temporal interval into smaller
regions labeled rise and plateauing. Additionally, participants some-
times qualified common concepts (e.g., rising sharply), suggesting
that even frequently mentioned concepts across participants might
present multiple levels of granularity.

Ambiguity was most pronounced for plateau regions (see
Figure 3). The same segment was sometimes categorized as a plateau
by some participants and as a rise or drop by others (e.g., in the
third signal from the top, the same temporal interval was labeled
as drop by P2 and as plateauing by P3), reflecting uncertainty about
whether gradual change should be treated as stability or directional
movement. In contrast, when segments were labeled as rise or drop,
participants tended to agree more closely on their overall structure.

5 Implications for Methods and Research
Directions

These findings motivate the next step: deploying the proposed ques-
tionnaire with a larger, more diverse participant pool. A central
research direction emerging from this work is the development of
an empirically grounded taxonomy of concepts in time series data.
A key challenge would be reconciling the convergence across par-
ticipants with the systematic variation. Unlike a priori taxonomies
grounded on fixed categories, an empirical taxonomy must accom-
modate concepts that are inherently fuzzy and context-dependent,
raising open methodological questions about how to aggregate
elicited data without collapsing meaningful ambiguity.

Taxonomies have been explored in scene and image understand-
ing [9, 25, 26, 33], but to our knowledge, there is no work in time
series. One plausible reason is perceptual stability: visual scenes
contain relatively stable, spatially bounded structures that sup-
port consistent naming and aggregation across viewers, making
taxonomy construction more tractable. Time series, by contrast,
are continuous and temporal, with concepts that vary in granu-
larity, have ambiguous boundaries, and often require contextual
information [20], complicating efforts to derive shared conceptual
structures.

An empirical taxonomy of time series concepts would have
important implications for both data mining and concept-based
model explainability. In query and retrieval tasks, such a taxonomy
could support more principled and human-aligned abstractions. In
concept-based explainability, misalignment between model-defined
concepts and users’ mental models can lead to an illusion of under-
standing, where explanations appear meaningful but fail to support
genuine insight [4]. Prior work shows that users often find explana-
tions involving many concepts overwhelming, instead preferring
small, selective sets tailored to their goals and expertise [18, 24, 29].
Grounding concepts in empirical evidence of human interpretation
is, therefore, critical for developing explanation methods that are
both interpretable and useful in practice.

6 Conclusion and Future Work
This work presents an elicitation-based protocol for examining how
people describe time series data, foregrounding the concepts that
emerge during visual sensemaking rather than imposing predefined
vocabularies. Through a pilot study, we observed that while partic-
ipants frequently used a small set of common temporal concepts,
they systematically varied in how they reflected the granularity
of the concepts as they were introduced. These findings highlight
both the promise and the challenge of grounding concept-based
representations in empirical evidence.
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Figure 2: Concept usage and co-occurrence across participants (N = 10). Horizontal bars on the left show how many participants
used each individual concept at least once. Each column in the matrix represents a specific combination of concepts (indicated
by filled dots connected by vertical lines), and the bar above each column shows how many participants exhibited exactly that
combination. The concepts selected for this figure are grouped into three frequency tiers: commonly used (8–10 participants),
moderately frequent (3–7 participants), and rare (1–2 participants).
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Figure 3: Example segmentation results for participants P1, P2, and P3. Each column corresponds to a concept label (shown at
the top), and highlighted thicker regions indicate the portions of each time series that participants associated with that concept.
Annotation confidence is self-reported by participants and indicated to the right of each time series as low ( ), medium ( ), or
high ( ).

As a pilot study, these findings are necessarily limited in scope
and generalizability. We used a fixed stimulus order to reduce proce-
dural variability, whichmay have introduced sequencing or priming
effects. Future deployments will randomize or counterbalance stim-
ulus order. Participants also reported fatigue toward the end of the
questionnaire, suggesting opportunities to improve the protocol.

The protocol can be adapted within a mixed-method study de-
sign that combines qualitative concept elicitation with quantita-
tive analyses of convergence and segmentation agreement (e.g.,
intersection-over-union of annotated intervals). Statistical analysis
of concept frequency and inter-participant agreement would help
assess the generalizability of emerging categories.

Future work will scale the study to a larger and more diverse
participant pool. Findings from a larger-scale deployment, comple-
mented by follow-up expert focus groups, may inform the design
and evaluation of systems that better align with how people inter-
pret time series.
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Please look at the shape and behavior of the signal and answer the questions that follow.

Reminder: You will see five time series plots. For each plot:

- Describe what you see in your own words. 
- There are no right or wrong answers.
-  Use whatever words feel natural to you. 
- We only want your personal description. 

Each description should only take a few minutes.

 Describe the behavior of this time series signal in your own words.

What are the key concepts, words, or phrases you used (or could have used) to describe this signal? Please separate each 
concept using a colon (,).

For each concept you listed:
- Cover the entire signal: Segments should go from the very beginning to the very end of the signal, with no gaps.
- Mark start and end points: Use the first column for the start and the second column for the end (e.g., ?0 ? 25?, ?26 ? 

50?). Approximations are fine.
- Add multiple segments if needed: If the concept appears more than once, add additional rows. Together, the rows 

should fully cover the signal in sequence.
- Complete all rows: Fill in every visible row before submitting.
- Rate your confidence: For each concept, give a confidence score (1 = not confident, 5 = very confident).

Begin End Concept Confidence

0 20 Concept 4

+ Add Row

Sensemaking and concept externalization protocol

Figure 4: Illustrative overview of the questionnaire workflow for the sensemaking and concept externalization task (Task T1).
Participants describe each time series in their own words, list the concepts used in their descriptions, segment the signal using
those concepts, and self-report their confidence in each annotation.
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For each concept you listed below, provide alternative words or phrases that mean the same separated by a colon (,).

Some concepts can be understood as being made up of smaller parts. For each concept you listed, please suggest 
simpler concepts that together could describe it, separated by a comma (,). You can leave the field blank if you don?t 
have any.
Example: ?wave? could be described as ?rise, fall.?

Concept 1

Concept 2

... ...

Concept 1

Concept 2

... ...

Semantic alignment and concept structuring protocol

Figure 5: Illustrative overview of the questionnaire workflow for semantic alignment and concept structuring task (Task T2).
Participants identify alternative expressions for previously listed concepts and, when applicable, decompose them into simpler
terms.
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For each pair of time series plots shown below, one line represents one class (solid line) and the other represents a 
different class (dashed line). Please describe the differences between the two time series.

Reminder:
- Use your own words; there are no right or wrong answers.
- Be as specific as possible.

Contrastive sensemaking protocol

Figure 6: Illustrative overview of the questionnaire workflow for contrastive sensemaking task (Task T3). Participants describe
the differences between two time series from different classes.
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B Methodology: Representative Time Series
Selection

We decided to select five representative samples from the UCR Time
Series Archive [11]. This collection is a widely used benchmark
repository for evaluating time series classification methods. It pro-
vides a large collection of datasets spanning many domains (e.g.,
motion, sensor readings, electrocardiogram, speech, among others)
and is commonly used in the time series community as a shared
reference point for algorithm benchmarking [6].

Careful sample selection is particularly important in this study,
as the time series presented to participants may influence the num-
ber and granularity of concepts that can be observed. Time series
that closely match canonical patterns (such as a sine wave or a
clean step function) may elicit predictable, homogeneous descrip-
tions, while atypical or irregular time series can draw attention
to incidental features and obscure common interpretive patterns
across participants.

To ensure a diverse set of representative time series, we fol-
lowed the procedure below. By performing selection using clus-
tering rather than relying solely on manual inspection, this ap-
proach reduces reliance on ad hoc or “cherry-picked” examples
and provides a more systematic basis for sampling. While a final
manual step remains, it is constrained by the clustering structure
and intended to preserve diversity rather than optimize for specific
conceptual patterns.

(1) Select one sample per class from each UCR univariate dataset
by taking the first available instance of each class, and apply
z-normalization to each selected time series. This choice was
made for simplicity, as selecting the first or a randomly sam-
pled instance is equivalent for the purposes of our analysis.

(2) We extracted a set of temporal features using TSFEL [7].
(3) The resulting feature vectors were embedded into a 7-

dimensional space using UMAP [22]. We then clustered this
representation into 30 clusters using the K-Means algorithm.
The dimensionality and number of clusters were chosen
empirically by inspecting representative samples from each
cluster, with the goal of selecting a set of five samples that
balanced distinct concept elicitationwhile avoiding cognitive
overload.

(4) For each cluster, we plotted the cluster centroid in the time
domain and manually selected representative signals. This
manual step aimed to balance signal complexity and visual
distinctiveness, ensuring a heterogeneous set of examples
for participant analysis.

Figure 7 shows the five representative time series selected for
inclusion in the questionnaire.

For the contrastive concept task, we selected pairs of time series
from different UCR classes that were clearly distinguishable while
remaining representative of their respective behaviors. To guide
this selection, we computed dynamic time warping (DTW) [31]
distances between candidate inter-class pairs and normalized these
distances by the length of the series to allow comparison across
samples. Pairs with larger normalized DTW distances were treated
as more distinct and used to identify candidate examples. These
candidates were then visually inspected, and a small number of pairs
were manually selected to avoid trivial or visually uninformative

cases and to ensure that the resulting comparisons were meaningful
in a static line-plot setting.

C Post-Questionnaire Interview
A series of remote, semi-structured interviews were conducted with
participants after completing the questionnaire. The interviews
aimed to gather qualitative feedback on participants’ experiences
with the task, including their understanding of instructions, per-
ceived difficulty, cognitive load, and the effect of specific task com-
ponents (e.g., segmentation questions) on subsequent responses.

Task understanding and difficulty. One participant required
clarification on how to annotate the signal and found the segmen-
tation task challenging, while another was uncertain about how
detailed or literal their descriptions should be, indicating a need for
clearer instructions. Participants also noted challenges in describing
signal characteristics without a vertical axis and in avoiding overly
subjective descriptors. Some feedback highlighted potential biases
from prior exercises and the repetition of similar concepts.

Impact of segmentation and task ordering. One participant
reported that segmentation influenced the level of detail in subse-
quent descriptions.

Task design suggestions. Participants suggested:
• Providing an overview of phases, estimated completion time,
and the ability to pause and resume the questionnaire.

• Adding a vertical axis or grid to time series because they
had difficulty expressing signal characteristics and avoiding
subjective descriptors without one.

• Modifying the segmentation question to focus on marking
concept occurrences with segment boundaries and confi-
dence, rather than framing the task as segmenting the entire
signal.

Cognitive load. Participants reported fatigue, particularly to-
ward the end of the questionnaire.

Overall, the interviews provided valuable insight into both task
comprehension and practical challenges, informing recommenda-
tions for refining the questionnaire’s design and instructions.
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Time Series #1
(InlineSkate)

Time Series #3
(EOGHorizontalSignal)

Time Series #5
(PigAirwayPressure)

Time Series #2
(ACSF1)

Time Series #4
(Rock)
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0 20 40 60 80 100

0 20 40 60 80 100

0 20 40 60 80 100

0 20 40 60 80 100

Samples / # Samples / #

Samples / #
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Figure 7: The five representative time series presented to participants. The number associated with each time series indicates
the order in which it was presented. The dataset name is shown in parentheses. We selected a close-up of the ACSF1 time series,
as the full-scale was not visually distinguishable. The x-axis is the same for all time series to avoid biasing participants by time
series length and does not correspond to the actual length.

D Findings
As participants described time series using free-text responses,
we followed a structured analysis to support comparison across
responses while preserving individual variation.

For one participant, both the concept list and the table were
relatively general; therefore, we mapped more specific concepts
from the description onto the table entries.

D.1 Examples of Participant Sensemaking and
Concept Externalization (T1)

The level of granularity in time series descriptions varied across par-
ticipants, ranging from general descriptions of overall signal behav-
ior (P3) to highly detailed descriptions of individual segments (P2).
Below, we report example excerpts from participants’ responses.

‘‘The signal starts at zero in the X-axis, with around 25% value in
the Y axis, starting with a gradual downwards slope, reaching it’s
lower value around the 20 mark, before starting to recover, reaching
values similar to the start around the 40 mark, afterwards, followed
by another descent, sharper this time, until around between x value
50 and 50, before a very sharp increase until the 60/65, reaching its
peak, tripling highest Y value. Afterwards, it gradually descended
until 100 x-axis value, where it stopped around the same y-axis
value it started.”

P1, Time Series #1

‘‘The time series shows 5 major changes in evolution, with other
smaller fluctuations in between. In the first segment, between point
zero and point 20 on the horizontal axis, there is a very tenuous
decreasing trend, impossible to quantify because there is no vertical
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axis. This trend is reversed between points 20 and 40 on the hori-
zontal axis, rising, at the level of the vertical axis, to approximately
the same value as the starting point. It remained stable for about
4 points on the horizontal axis. Then, between points 44 and 52
on the horizontal axis, there is a proportional depression/descent,
remaining stable, that is, practically at the same values, between 52
and 55. From here, and up to 62 on the horizontal axis, there is an
abrupt/steep/more than exponential rise in relation to the vertical
axis, equivalent to about three times the previous decrease. From
point 62 to 87, the curve descends, with some small discontinu-
ities/variations in the decrease, showing some very small alternat-
ing rises and falls, but, in general, showing a decreasing trend until
returning to the same initial starting point relative to the vertical
axis. Between points 87 and 98, the values tend to remain stable,
showing only slight variations, with almost immeasurable rises and
falls, until a steep depression occurs relative to the vertical axis,
less than 5 points compared to the spacing of the horizontal axis.
The series ends here.”

P2, Time Series #1

‘‘Overall, the signal presents two main waves. It begins with a
slight negative slope, followed by a positive slope forming the first
wave, then decreases to a local minimum before rising to form the
second wave, with a bigger positive slope. Finally, it decreases into
a stationary segment (plateau-like) with low variability.”

P3, Time Series #1

In particular, participant P3 showed a clear evolution in their
descriptions from signal 1 to signal 4, illustrating the effect of explic-
itly asking participants to list concepts and segment the signal. This
process appeared to encourage a more structured articulation of
concepts, with hierarchical relationships emerging naturally from
the time series.

‘‘The signal begins with high-amplitude and a noisy segment
characterized by numerous fluctuations. This segment starts by
increasing and stabilizes into a plateau before decreasing to a local
minimum around 15, forming a first wave. Between 15 and 20,
a second wave is formed. Then, the signal decreases further and
around 35 starts to form a third wave with lower amplitude. This
is followed by a fourth wave, longer in duration and even lower
amplitude, that persists until reaching a minimum near 90. Finally,
the signal shows a wave (higher amplitude) with many fluctuations
and noise towards the end.”

P3, Time Series #4

D.2 Extended Segmentation Results
Figure 8 presents an extended version of Figure 3, demonstrat-
ing concept ambiguities, different granularities, and participants
segment interpretations. Concepts were selected based on their
frequency across participants and signals, as well as their ability
to highlight similarities and differences in participants’ interpreta-
tions.
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Drop Rise Plateauing Wave

Figure 8: Segmentation results for participants P1, P2, and P3. Highlighted regions denote the segments each participant labeled
with the concept shown at the top of each column. Annotation confidence is self-reported by participants and indicated to the
right of each time series as low ( ), medium ( ), or high ( ).
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