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Figure 1: Examples of visualization stimuli that trigger recall with different primary focii, as well as varying levels of accuracy and specificity.

Abstract
Understanding memory in the context of data visualizations is paramount for effective design. While immediate clarity in a
visualization is crucial, retention of its information determines its long-term impact. While extensive research has underscored
the elements enhancing visualization memorability, a limited body of work has delved into modeling the recall process. This
study investigates the temporal dynamics of visualization recall, focusing on factors influencing recollection, shifts in recall
veracity, and the role of participant demographics. Using data from an empirical study (n = 104), we propose a novel approach
combining temporal clustering and handcrafted features to model recall over time. A long short-term memory (LSTM) model
with attention mechanisms predicts recall patterns, revealing alignment with informativeness scores and participant charac-
teristics. Our findings show that perceived informativeness dictates recall focus, with more informative visualizations eliciting
narrative-driven insights and less informative ones prompting aesthetic-driven responses. Recall accuracy diminishes over time,
particularly for unfamiliar visualizations, with age and education significantly shaping recall emphases. These insights advance
our understanding of visualization recall, offering practical guidance for designing visualizations that enhance retention and
comprehension. All data and materials are available at: https://osf.io/ghe2j/.

CCS Concepts
• Human-centered computing → Empirical studies in visualization; Visualization theory, concepts and paradigms; Visual-
ization techniques;

1. Introduction

Studying memory in the context of data visualizations is crucial
because the efficacy of a visualization is determined not just by its
immediate clarity but also by how effectively the viewer retains its
information [BARM∗12, BVB∗13]. Memory plays a pivotal role
in our ability to make informed decisions, draw conclusions, and
take actions based on the data presented. By understanding how
different visual representations impact memory retention and re-

call, designers can create more effective visualizations that present
data comprehensibly, ensuring that the information is remembered
and can be acted upon in the future.

Prior research on visualization memorability has focused on
static recall– evaluating what aspects of a visualization remain
memorable after a single timepoint [BARM∗12,BVB∗13,KRH17].
However, recall is a dynamic process rather than a fixed outcome; it
unfolds over time as elements are retained, reinforced, or forgotten.
Additionally, individual differences such as age and education play
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a significant role in recall patterns but remain underexplored in this
context [APBB24, PAEE19].

In this work, we address these gaps by modeling recall as a
temporal process rather than a static outcome. We conducted an
empirical study (n = 104) collecting verbal recall for 100 real-
world visualizations. Using structural equation modeling (SEM)
with temporally clustered and manually tagged recall data, we
analyzed sequential recall patterns. Additionally, we employed a
long short-term memory (LSTM) network– a recurrent neural net-
work designed to model sequential data– enhanced with attention
mechanisms to focus on important elements within the recall se-
quence [YYD∗16], benchmarking against simpler baselines. Incor-
porating demographics, perceived informativeness, and visualiza-
tion metadata into the LSTM provides insights into how individual
differences shape recall sequences. This framework combines de-
scriptive analysis with dynamic modeling, offering a comprehen-
sive view of how visualizations are processed and remembered.

Our findings reveal that text elements (titles, captions, annota-
tions) strongly influence recall focus, corroborating prior research
on text-visual integration [SSC∗22] (see Figure 1). Recall accuracy
declines over time across all visualizations, but the rate of decline
varies with informativeness and familiarity. Highly informative or
familiar visualizations elicit narrative-driven insights, while less
informative or unfamiliar ones rely on aesthetic or emotional re-
sponses. Demographics like age and education further shape these
patterns, affecting the depth, specificity, and accuracy of recall. Our
predictive modeling shows that incorporating temporal dynamics
and demographics significantly improves recall predictions, offer-
ing actionable insights for enhancing visualization design.

We contribute: (i) A coded dataset of verbal recall for 100 di-
verse, real-world visualizations. (ii) A framework modeling recall
as a temporal process, integrating participant demographics, vi-
sualization metadata, and perceived informativeness (Sec.3). (iii)
Quantitative insights into recall patterns based on visualization el-
ements and participant impressions of familiarity and informative-
ness (Sec.4). (iv) Design recommendations for optimizing mem-
ory retention in visualizations (Sec. 5). To ensure reproducibility,
all materials, recall tags, metadata, participant demographics, anal-
ysis, and results will be publicly available at: https://osf.io/
ghe2j/.

2. Background and Related Work

2.1. Communicative Visualizations and Memory

Communicative visualizations aim to present insights, tell sto-
ries, and educate rather than enable exploratory analysis [AL21,
CMS99]. They balance cognitive efficiency with emotional engage-
ment to create impactful, data-driven narratives [BSH21]. Prior re-
search has focused on selecting visualization methods aligned with
data characteristics [Mac86] and enhancing audience engagement
through emotional appeal [LRA22, KRH17]. Memory also plays a
crucial role in a visualization’s long-term impact, ensuring that in-
sights persist beyond initial exposure [BARM∗12, BVB∗13]. Most
research on visualization memorability assesses recall at a single
timepoint [BBK∗16,KRH17]. For instance, Borkin et al. [BBK∗16]
measured recall accuracy in written descriptions, while Kim et al.
[KRH17] examined how textual and visual anchors guide attention.

However, these studies treat recall as a static outcome, overlook-
ing its evolution over time; memory retrieval involves recalling, re-
inforcing, or forgetting elements in sequence. Consequently, our
study models recall as a dynamic process, leveraging verbal recall
data and temporal modeling to examine how design, narrative struc-
tures, and semantic content shape what aspects of a visualization
are retained or lost over time.

Semantic Level Description

L1 Consists of elemental or encoded aspects of the chart, such as the over-
all topic or a description of the content of an axis.

L2 Consists of statistical or relational components, such as a comparison
between two points or identification of extrema.

L3 Describes perceptual or cognitive aspects, such as an overall pattern or
changes in trend.

L4 Provides external context to the chart, such as past events which affect
the topic depicted.

Table 1: Conceptual model of semantic content of chart annota-
tions by Lundgard et al. [LS21].

2.2. Role of Text in Recall

Text plays a crucial role in visualizations by providing titles, an-
notations, and captions that guide interpretation [KM13]. Design-
ers use text to convey messages, highlight trends, and clarify com-
plexities [KLK18,SH10]. Titles and annotations are often the most
memorable elements, anchoring attention and shaping understand-
ing [BBK∗16,PAEE19]. Self-explaining visual information further
enhances comprehension by fostering accurate internal representa-
tions [KRH17].

Semantic content—from low-level descriptions (L1) to high-
level insights (L4)—significantly impacts how viewers process and
recall visualizations [LS21] (see Table 1). Integrating text and vi-
suals improves comprehension by reinforcing internal representa-
tions [KRH17,SSC∗22]. However, the role of semantic levels in re-
call dynamics remains underexplored. We address this by analyzing
recall across visualizations with varying annotation levels, scoring
recall dimensions to assess how semantic content influences imme-
diate retention. Standardized recall durations (30 seconds) ensure
consistency in evaluating memorable aspects.

2.3. Informativeness, Visual Saliency, and Recall Dynamics

Prior research has examined how visualization design impacts
memorability and comprehension across chart types [HAS11,
Few20, Tuf85, IPTO11]. Studies on memorability typically use
written descriptions or recognition tasks to assess recall after
a delay [SSC∗22, SNL∗21, KSL∗16, XSB∗22, STD19, SSL∗23].
While these studies identify memorable visual elements, few ex-
plore how informativeness—the effectiveness of a visualization
in conveying insights [APBB24]—interacts with temporal re-
call. Some exceptions address recall accuracy and content qual-
ity [BBK∗16, APB25]. Additionally, verbal descriptions enhance
comprehension by converting internal representations into external
formats [KRH17, SAE03].

Our study builds on this to examine how perceived informative-
ness and visualization familiarity influence recall dynamics. In-
stead of relying on delayed written descriptions, we analyze im-
mediate verbal recall, capturing first impressions and retention pat-
terns. Using a dataset of diverse communicative visualizations, we
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tag and cluster recall temporally across dimensions such as aes-
thetics, narrative, design, and user experience, extending beyond
accuracy to uncover deeper recall patterns.

2.4. Demographics and Modeling

Demographic factors, such as age and education, shape how indi-
viduals engage with and recall visualizations [PAEE19, APBB24].
Older viewers, with reduced working memory and a preference
for structured information, rely on narrative elements as semantic
anchors, aiding comprehension [MC05, GNB23, BSH21]. Younger
viewers, in contrast, tend to explore advanced encodings and inte-
grate external knowledge for deeper insights [BDF15].

Education further influences graph literacy and familiarity with
complex visualizations [KRH17]. Higher education enhances con-
fidence in interpreting abstract or minimally annotated visuals,
while those with less formal education benefit from clear textual
explanations or human-recognizable objects to reduce cognitive
load [PAEE19, APBB24].

Our study integrates these factors into predictive models, analyz-
ing temporal recall dynamics using verbal recall data. By leverag-
ing LSTM models with attention mechanisms, we identify nuanced
recall patterns influenced by age and education, contributing to per-
sonalized visualization design.

3. Study

3.1. Research Questions

We explore three primary research questions outlined below, focus-
ing on what visualization characteristics determine the progression
(RQ1) and veracity (RQ2) of recall, as well as the role of individ-
ual differences (RQ3). Our analysis, detailed in Sec. 4, is structured
around these questions and their corresponding hypotheses.

RQ1: How does the process of visualization recall unfold, and
what factors influence recollection over time? This question in-
vestigates the temporal dynamics of recall, focusing on how vi-
sualization elements are prioritized and remembered across time
steps. Beyond retention, recall involves capturing attention early
and guiding viewers to retain critical insights [BBK∗16]. Tradi-
tional static evaluations overlook these dynamics [APBB24], while
a dynamic approach reveals which features effectively capture fo-
cus and remain memorable. We hypothesize that highly informa-
tive visualizations will prioritize narrative-driven elements, with
higher-level semantic content (L3, L4) guiding early comprehen-
sion, whereas aesthetic-driven features will dominate recall for less
informative visualizations.

RQ2: How does the veracity of recall shift over time? This ques-
tion examines how accurately and specifically participants recall
visualization content over time, as memory accuracy often declines
with time [HKF15]. Understanding this decline can reveal which
visualization elements are resilient to memory decay and how they
influence recall fidelity [QLTL20]. By tagging recall data for accu-
racy and specificity across time steps, we identify patterns of degra-
dation across visualization types. We hypothesize that the rate and
nature of veracity decline are influenced by perceived informative-
ness and familiarity with the visualization type.

RQ3: How do participant demographics influence the tempo-
ral dynamics of recall, and can their individual recall be pre-
dicted? This question investigates how demographics, such as age
and education, shape the focus and progression of recall. Individ-
ual differences influence how participants process and engage with
visualizations based on their experiences, cognitive styles, and fa-
miliarity with visualization formats [PAEE19, APBB24, GNB23].
We hypothesize that age and education impact preferences for nar-
rative and affective recall. Additionally, we explore whether LSTM
models augmented with demographic data can predict individual
recall patterns, enabling tailored visualization design.

3.2. Stimuli

Communicative visualizations [CMS99], such as infographics, en-
gage audiences and improve understanding, particularly for indi-
viduals with lower graph literacy [BXF∗22] (low familiarity scores
in our study). This study uses a dataset of 100 static visualizations
curated by Arunkumar et al. [APBB24], encompassing diverse an-
notation styles and design elements. Building on prior large-scale
efforts [BVB∗13,BBK∗16], this dataset systematically categorizes
real-world visualizations based on key attributes such as human-
recognizable objects, data-ink ratios, and encoding types. Prior re-
search also demonstrated that visualization sources follow distinct
design conventions [BVB∗13]; for example, government and news
sources often use text-heavy bar, pie, and line charts, while scien-
tific and digital media favor richly annotated tree/network charts.
Highly pictorial/isotype charts are more common in blogs and in-
fographic platforms. Similarly, the dataset used [APBB24] includes
visualizations from governmental, media, infographic, and aca-
demic sources, allowing us to examine how annotation and encod-
ing variations influence recall. Further details on dataset composi-
tion are provided in the supplementary material.

3.3. Set-Up and Participants

Participants completed the study in two phases (Fig. 2), followed
by demographic data collection (age, education, gender). In Phase
1, participants completed 50 trials with randomly selected visual-
izations, assessing familiarity by identifying the base chart type,
data types, and creation source (e.g., government, news media) af-
ter a 3-second stimulus exposure. In Phase 2, participants viewed
the same 50 stimuli in random order, rated their informativeness
after a 30-second viewing, and then verbally described what they
remembered and felt about the stimulus for 30 seconds following a
15-second preparation period. Participants completed three training
trials pre-study and two attention checks per phase.

We recruited 104 participants from two groups: 57 college-aged
participants (23.6 ± 5.2 years) and 47 older participants (57.4 ±
6.9 years). Among the college-aged group, 31 participants had re-
ceived a high school diploma and were currently enrolled in their
first semester of college, while the remaining 26 participants had at
least an undergraduate STEM degree. The older group had 23 par-
ticipants with only a high school diploma and 24 participants who
had completed a college degree (either undergraduate or graduate
level in STEM). College-aged participants were recruited from Ari-
zona State University, while older participants were recruited from
nearby residential complexes on a volunteer basis. All participants
had normal color vision. Data was collected over one month, with
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Figure 2: Study procedure: (I) Phase 1: 50 trials, tests familiarity
with stimulus. (II) Phase 2: 50 trials, rate for perceived informa-
tiveness and collect verbal recall.

each participant completing a 90-minute session. Phase 1 lasted
an average of 10:09 (±2:18) minutes, and Phase 2 averaged 75:20
(±6:38) minutes, with up to two 10-minute breaks allowed to pre-
vent fatigue. Each visualization was viewed at least 50 times.

3.4. Data Coding

Visualization Features: Taxonomy data from the dataset was
mapped to binary (0/1) or ternary (0/1/2) scales.

Familiarity: Familiarity: Participant responses in Phase 1 were
scored as correct (1), partially correct (0.5), or incorrect (0) based
on visualization metadata (chart type, data types, and source of
creation), following Arunkumar et al. [APB25]. Chart type re-
ports were evaluated at a broad category level rather than spe-
cific subtypes (e.g., both bar chart and column chart fall under
Bar) [BVB∗13, APBB24, APB25]. Responses were mapped to the
closest taxonomy category to account for synonymous terms. This
scoring captured both accuracy and depth of understanding, with
aggregated scores forming a composite familiarity metric, where
higher scores indicate greater recognition and interpretation ability.

Perceived Informativeness: Following Arunkumar et
al. [APBB24, APB25], informativeness was measured on a
bilinear scale from -10 (Image) to +10 (Information), assessing
how well a visualization conveys structured, interpretable data.
Highly informative visualizations featured clear narratives and
contextual captions (L3/L4), while less informative ones had
sparse annotations or cluttered layouts, often resembling mere
‘images’ rather than structured data representations. To minimize
subjectivity, participants were trained with reference examples
spanning the informativeness scale. Study instructions empha-
sized evaluating informativeness based on data clarity, not topic
familiarity. Overall, visualizations were categorized as highly
(36%), moderately (27%), or less informative (37%). Ratings were
aggregated to identify trends, with a 1.95 standard deviation from
prior studies [APBB24], ensuring consistency.

Recall Coding: To analyze recall data, we implemented a multi-
step methodology combining unsupervised clustering techniques
and handcrafted feature-based tagging to ensure both quantitative
rigor and contextual fidelity. Initially, we applied topic modelling as
a supervised approach [US23], leveraging pre-defined thematic cat-
egories based on the visualization taxonomy [BVB∗13, APBB24].
However, this produced poor results, with incoherent clusters that
failed to align meaningfully with the semantic structure of the re-

call data. This issue likely stemmed from the variability in partici-
pant responses, which spanned diverse perspectives and lacked the
consistency required to fit into rigid, predefined categories. Fur-
thermore, participant descriptions often included overlapping or
mixed themes, making it challenging for supervised methods to as-
sign clear-cut labels. This variability underscored the need for more
flexible, data-driven approaches.

We therefore adopted an unsupervised clustering approach to al-
low the data to define its own structure. Token embeddings were ex-
tracted using pre-trained language models (BERT [KT19]) to cap-
ture semantic relationships in recall data. Initial attempts with k-
means and hierarchical agglomerative clustering (HAC) on static
data produced unclear, overly generalized clusters with low silhou-
ette scores (<0.5). As silhouette scores quantify how well a data
point fits within its assigned cluster relative to its proximity to other
clusters [Rou87], the lower scores indicated poor separation be-
tween the clusters and highlighted the need for a dynamic approach
to account for the temporal and contextual nature of recall.

To address these limitations, we segmented recall data at the sen-
tence level instead of using fixed time intervals. Equal-duration
windows (e.g., every 5 seconds) resulted in uneven comparisons,
as participants varied in recall speed and detail. Instead, we ap-
plied dynamic time warping (DTW) [SC78], a sequence alignment
technique that dynamically adjusts segment boundaries to match
equivalent recall structures across participants. We define these
DTW-aligned segments as recall timesteps, representing struc-
turally equivalent recall moments rather than absolute speech tim-
ing. This approach preserves the natural recall progression, allow-
ing for a content-driven comparison of recall evolution rather than
a rigid time-based division. After DTW segmentation, we applied
k-means clustering to sentence-level embeddings extracted using
Sentence-BERT [Rei19] to identify recurring thematic structures in
recall. This clustering process revealed how recall content evolves
across timesteps, capturing shifts in focus over the course of recall.

Despite insights from clustering, some contextual nuances were
lost, particularly for mixed or nuanced responses. To address this,
we developed a comprehensive set of handcrafted features (Ta-
ble 2) and manually tagged recall data at the phrase level. Hand-
crafted features were systematically derived from existing visual-
ization literature on memorability [BBK∗16, APBB24, SNL∗21]
through an iterative process of literature review, author discus-
sion, and pilot annotations. Specifically, we incorporated elements
coded in prior works on visualization recall (e.g., [BVB∗13,
BBK∗16, APBB24, APB25]) and extended them to include dimen-
sions unique to verbal recall. Tags encompassed data-driven ele-
ments (e.g., topic, chart type, encoding) and user-experience-driven
aspects (e.g., opinions on effectiveness). Three annotators, each
with expertise in data visualization and/or recall research, inde-
pendently coded responses. To ensure reliability, they first engaged
in discussions with one of the authors to familiarize themselves
with recurring themes in a subset of recall responses from prior
work [BVB∗13, APBB24]. Following this training phase, annota-
tors independently coded the full dataset. Inter-annotator agreement
was assessed using Fleiss’ κ, which yielded a score of 0.77, indi-
cating substantial agreement [Fle71]. Discrepancies were resolved
through discussion among the authors and annotators to refine the

© 2025 The Author(s).
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Recall Tag Constituent Elements Definition Examples References

Data Data Source, Data Domain, Conjecturing what the
Data is if not mentioned

Context for raw data used to populate stimulus I see it’s WHO [data]; medical records from 2014; maybe it’s something
to do with broadband networks

[BVB∗13, PAEE19,
TARB23]

Scale Data Volume, Axes and Axes Labels Reference to relative magnitude and quantity of stim-
ulus data

so many points, but the clustering separates them out [a bit]; monetary
commitments in 2010 by the US vs departments; it’s a timeline but made
radial

[IS11, Tuf85]

Trends Identification of data patterns Analysis of stimulus information that may/may not
be explicitly stated in text

the curve on the right is very bright; everything leans irrespective of when
it was built; lots of tiny flowers in recent years, so could be less death per
war but cumulatively more deaths

[XSB∗22,
SCA∗23]

Metaphor Skeuomorphism, Photorealistic Elements, Pictorial
Units, Human-Recognizable Objects, Human Depic-
tion

Comparison of stimulus to real-world concepts, that
may/may not align with the underlying information
represented

looks like the earth at night; mountains as triangular bars; thought it was
like the US flag at first

[XSG∗22,
BMG∗10]

Author Title, Message, Caption, Bias, Redundancy Contribution to narrative in stimulus and explicit re-
flection of the designer’s high-level intent

most white people stay rich if they are raised rich, but not black people;
only pro-Trump states are shown; it says total internet users; size, color,
and labels show owned property values

[SSC∗22, PAEE19,
KLK18, LRA22]

Appearance Marks, Channels, Grid Lines, Background Color Objective description of stimulus appearance it’s connecting yellow lines on a darker globe; curved lines between
shapes with more little shapes inside; split into two curves made of cir-
cles decreasing in size

[Sza17, SS19]

Schema Chart Type, Dimensionality, Multiplicity, Ordering Objective reference to basic structural elements and
type of stimulus

looks like a network; it’s a [fancy] bar chart essentially; lots of features
are shown, about ten

[BVB∗13,
BBK∗16, APBB24]

Implicit Emphasis Channel-based Highlights, Directionality, Grouping,
Gridlines, Background Shading

Elements conveying additional information, context,
or insights without directly labeling or annotating

Rwanda stands out immediately at the top; the center band is the most
opaque

[BMSM20,
LBLR23]

Explicit Emphasis Text Labels, Text Volume, Arrows, Reference Lines,
Legends

Clearly defined and labeled elements that provide di-
rect information, context, or insights

World War I and II are pointed out; lots of text explaining what’s happen-
ing and shading the timeline for years of interest

[BMSM20,
SSC∗22, SNL∗21]

Uncertainty Conjecture and Confusion Statements Statement of confusion, frustration, or conjecture
about the stimulus information and impact

not sure what I’m supposed to be seeing; why are there no yellow bars for
the last few years; it’s pretty confusing going back and forth with the table

[BVB∗13,
BBK∗16]

Sentiment Affective Goals, Emotional Response Reference to intended emotional impact of stimulus
or viewer’s affective response to stimulus impact

it’s shocking to see the sheer costs of a literal arm and leg; I’m like wow
and also meh [you know?]; you’ve certainly turned my worldview on its
head [dear], I guess I’ll stop checking my grandson’s candy

[LRA22, KRH17]

Opinion Likes, Dislikes, Suggestions Qualitative statements about aesthetic appeal and
suitability of stimulus

I love the blue tint, very artsy looking; looks like clumsy photoshop though
I get the big picture; a legend would go a long way to making head or tail
of this

[APBB24,
BMG∗10, Few20,
BBK∗16]

Purpose Cognitive Goals, Stating Intent Reference to intended informational value of stimu-
lus or viewer’s cognitive response to stimulus impact

it gets the message across but I’d like to drill down into more factors than
race; definitely seeing more wars if not more death; now I know 8AM is a
bad time to book appointments with my OBGYN

[HKF15, BDF15]

Quality Visual Density, Data Ink Ratio, Complexity Impact on ease or clarity in reading and understand-
ing stimulus

it’s a very busy graph for so few actual data points; I’m more focused
on how cool it is that the gridlines are fishnets than on the labels; more
difficult because of all the petals I keep thinking width means duration
instead of following the lines; well-designed though I know nothing about
stocks

[HAS11, Few20,
Tuf85, IPTO11]

Extrapolation Integrating external knowledge Engaging in self-explanation of stimulus Covid might have changed things at hospitals; typical that the government
gets the most funding; Nordic countries have amazing social infrastructure
so it makes sense

[KRH17, FPS∗21,
PAEE19]

Table 2: Summary of recall tags used for annotation. Whenever one of the constituent elements was referenced, the recall was tagged.

coding framework and ensure consistency. Each phrase was anno-
tated with feature tags, ranked by relative proportions at different
time steps. Annotators also assessed veracity by evaluating whether
recall accurately reflected stimulus content and referred to specific
features. This manual tagging preserved thematic depth and contex-
tual details, mitigating the limitations of unsupervised clustering.

Factor analysis of handcrafted features identified five latent con-
structs, while unsupervised clustering revealed four thematic clus-
ters in recall data. Although these constructs and clusters overlap
conceptually, they capture distinct recall aspects: handcrafted fea-
tures focus on finer-grained phrase-level descriptions, whereas the-
matic clusters reflect sentence-level patterns capturing overarching
trends and temporal dynamics. We elaborate on this distinction in
Section 4. Hence, clustering and handcrafted features serve com-
plementary roles in our analysis, demonstrating the value of com-
bining data-driven and theory-driven approaches.

4. Results & Discussion

In this section, we present results for research questions RQ1–RQ3,
based on the hypotheses outlined in Section 3.1. We conducted
multivariate SEM (Structural Equation Modeling) [Jör73] using R
(4.3.3) with Robust Maximum Likelihood Estimate, maintaining a
statistical power of 0.8 [HRS11]. Results are reported for models
with the best fit, determined by established fit indices and statistical
significance (p < 0.05). For further analysis details, please refer to
the supplementary material.

Table 3 presents two distinct analytical layers: the top half lists
the five latent constructs derived from factor analysis of hand-
crafted features coded at the phrase level, while the bottom half de-
tails the four thematic clusters obtained via unsupervised clustering
of sentence-level recall data across recall timesteps (as described in

Latent Variable
Construct

Constituent Variables Description

Data-Centric Data, Scale, Trends Focuses on the characteristics, nature,
and visual aspects of data representation

Design-Centric Metaphor, Appearance, Schema Examines the visual aspects and creative
elements of the visualization, along with
the overall design structure

Narrative Author, Implicit Emphasis, Ex-
plicit Emphasis

Deals with how the visualization com-
municates an insight, story, or message

User Experience Sentiment, Opinion, Purpose Comprises indicators of how viewers
perceive, interpret, and respond to the
visualization

Effectiveness Uncertainty, Quality, Extrapola-
tion

Quantifies clarity, quality, and align-
ment with intended purpose

Clusters Constituent Latent Variables Description

Factual Data-Centric, Effectiveness,
Narrative

Focuses on repetition and paraphrasing
of text content directly present in the vi-
sualization

Cognitive Data-Centric, Narrative, User
Experience

Comprises insights about trends that
may or may not be explicitly referenced
in the stimulus

Affective User Experience, Effectiveness Refers to how viewers respond to and
perceive the visualization

Aesthetic Design-Centric, Effectiveness Deals with descriptions and judgement
of the visual features present in the chart

Table 3: Latent Dependent Variable constructs used in SEM, com-
puted over both the proportions and veracity of clustered and hand
coded recall data collected in Phase 2 of the study.

Section 3.4). To enhance interpretability, we contextualize the the-
matic clusters using the latent constructs, highlighting their com-
plementary roles in structuring recall. For instance, the cognitive
cluster aligned with data-centric features and insights inferred be-
yond explicit visualization content, while the affective cluster was
characterized by user experience and sentiment-related phrases.
These names were assigned based on feature co-occurrence and
validated through author discussions to ensure alignment with re-
call patterns. Across recall timesteps, an average of 72% of phrase-

© 2025 The Author(s).
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6 of 12 Arunkumar et al. / Modeling and Measuring the Chart Communication Recall Process

level annotations corresponded to the dominant thematic cluster for
that segment, indicating substantial overlap in structure.

Figure 3 illustrates the structure of our SEM approaches, which
connect all possible combinations of < independent ⃝–moderator
⃝–dependent □ > paths. Hence, this model allows us to investi-
gate how the proportion and veracity of both the latent handcrafted
feature constructs as well as the thematic clusters are influenced
by visualization properties, participant characteristics, and recall
timesteps. Below, we present the normalized regression results; ref-
erences to recall timesteps (T1-T5) correspond to DTW-derived re-
call segments, as defined in Section 3.4.

Figure 3: SEM analysis is conducted separately for each latent
variable derived from handcrafted features. Both the proportion
(counts) and veracity (accuracy) of these variables are treated as
observed measures, with recall timesteps as moderators. Indepen-
dent variables include informativeness, familiarity, counts of se-
mantic content (L1-L4), and participant demographics. Link color
and thickness indicate interaction coefficients (β) for the observed
proportion and veracity measures.

4.1. RQ1: Recall focus and progression

RQ1 asks: how does recall unfold and what factors influence its
focus?

Summary of Findings: Both perceived informativeness and the
semantic level of text content significantly influence the focus
(frequency) and progression (order) of recall. Text volume corre-
lates strongly with perceived informativeness, shaping recall pri-
orities. Highly informative visualizations prioritize narrative el-
ements, such as titles, messages, and text labels, while moder-
ately informative ones also highlight the chart’s purpose or qual-
ity. Less informative stimuli, often with minimal text, focus on
visual features, particularly human-recognizable objects, followed
by aesthetic and sentiment statements. Additionally for text, L2/L3
semantic content appears early in recall, aiding trend insights,
while L1/L4 content surfaces later, often aligning with affective re-
sponses. Overall, recall progresses from lower to higher granularity,
driven by text volume and the visualization’s informativeness.

Details of Analysis: Independent variables include perceived in-
formativeness ratings and L1–L4 semantic content counts, while
recall time steps serve as moderators to assess their influence on
the dynamic variation in the proportions of recall elements.

H1a: Overall perceived informativeness dictates the focus and
course of recall. A strong positive association was found between

informativeness and narrative features, such as titles, messages,
and highlight/arrow annotations (β = 0.82, f 2 = 0.51), as defined
in Table 3. Text is often the first element mentioned during recall
(83%; see Figure 4 for examples of how recall content and structure
differ across informativeness levels), with higher text volume cor-
relating with increased informativeness [APBB24]. Moderate as-
sociations were observed for data-centric features (e.g., data do-
main, trends; β = 0.59, f 2 = 0.31) and user-experience features
(e.g., uncertainty, purpose, goals; β = 0.56, f 2 = 0.28). In contrast,
effectiveness (β = −0.59, f 2 = 0.31) and design-centric features
(β =−0.56, f 2 = 0.28), like human-recognizable objects and data-
ink-ratio, were negatively associated with informativeness. Design-
centric features (human-recognizable objects, data-ink ratio, and
visual density) were rarely mentioned in highly informative visu-
alizations (13%) but frequently appeared in less informative ones,
often early in recall (74% of cases).

Figure 4: Coded recall process for stimuli is shown at different lev-
els of informativeness, across hand-crafted features and clusters. Ti
represents each recall timestep. The order of appearance and rela-
tive proportion in which tags occur are highlighted.

Figure 5: Small multiple stacked area charts show variation in
the relative proportions of different hand crafted features (repre-
sented as latent variables from Table 3) and clusters across recall
timesteps (x-axis) for different levels of informativeness. Color indi-
cates the feature/cluster examined. Flow size indicates the relative
proportions at each time step.

In general, extreme levels of informativeness (very low or very
high) led to the omission or delayed recall of certain features. As
shown in Figure 5, for visualizations perceived as moderately in-
formative, the relative proportions of individual feature categories
were more balanced, though the progression of recall still closely
mirrored that observed for highly informative visualizations. Clus-
tering analysis reinforced these findings: cognitive (β = 0.74, f 2 =
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Arunkumar et al. / Modeling and Measuring the Chart Communication Recall Process 7 of 12

0.46) and factual (β = 0.63, f 2 = 0.38) clusters, reflecting nar-
rative (e.g., title, caption, labels) and data-centric (e.g., data do-
mains, axes information) elements, were positively associated with
informativeness. Conversely, aesthetic (β =−0.43, f 2 = 0.25; e.g.,
icons, chart type, color, visual density) and affective (β = −0.54,
f 2 = 0.27; e.g., emotional response, complexity, uncertainty) clus-
ters, tied to design, effectiveness, and user experience, were nega-
tively associated.

While informativeness is a perceptual measure, its strong corre-
lation with structured recall patterns suggests that it captures mean-
ingful differences in how well visualizations support comprehen-
sion. Highly informative visualizations often include textual ele-
ments, such as annotations and captions, which anchor attention on
narrative and cognitive insights, reducing ambiguity and stream-
lining recall by highlighting key patterns or trends. These features
lower cognitive effort and focus viewers on the intended message.

While human-recognizable objects offer some initial engage-
ment, their aesthetic appeal or emotional resonance often out-
weighs their utility for delivering actionable insights or supporting
deeper engagement. Additionally, the strong correlation between
text volume and informativeness underscores how narrative-driven
designs promote recall sequences that prioritize meaning-making
over aesthetic impressions or subjective responses. Specifically, in-
creased text density provides explicit semantic cues, allowing view-
ers to form connections between different elements of the visual-
ization, leading to more coherent and structured recall. These find-
ings highlight perceived informativeness as a key factor shaping
recall progression, particularly when synthesizing complex visual
and textual information. Hence hypothesis H1a is supported.

H1b: L1–L4 semantic content in visualization text primes the
recall sequence. Different levels of semantic content (L1–L4) act
as cognitive anchors in visualizations, shaping focus and under-
standing [SSC∗22, APB25]. By analyzing recall at these levels, we
ensure that textual elements are not merely restatements of data
but play distinct roles in meaning-making and user engagement (as
shown in Figure 4). This effect is particularly strong in visualiza-
tions with moderate to high text volumes, where recall is domi-
nated by narrative (Table 3) text elements (β = 0.69, f 2 = 0.35). L2
and L3 content are most frequently mentioned at the first timestep
(71% of instances), with L2 often preceding L3 when highlight-
ing maxima, minima, or in the absence of human-recognizable
objects. This prioritization of salient data points aligns with the
prominence of cognitive clusters (64%) and narrative elements em-
phasizing actionable insights. In contrast, L4 content is mentioned
less frequently and typically appears during the middle timesteps
(β = 0.44, f 2 = 0.23), often in titles, captions, or keys, and is asso-
ciated with affective clusters tied to user experience and emotional
responses (77% of mentions). L1 content is most often mentioned
last, serving as a peripheral or supplementary anchor in memory.

These patterns indicate that the hierarchical nature of seman-
tic content governs recall progression. L2 and L3 content, offer-
ing mid-to-high-level interpretative depth, effectively guide initial
comprehension and attention allocation. This aligns with cognitive
processing theories [Heg11], which emphasize the salience of inter-
mediate abstraction levels (e.g., trends, patterns, comparative val-
ues) for forming mental models. In contrast, L4 content, providing

highly contextual or abstract insights, requires more cognitive ef-
fort and is therefore potentially typically recalled later during emo-
tional or reflective processing. L1, being basic and descriptive, is
relegated to the final recall stages, possibly because it contributes
less to overarching insights or emotional framing. Hence this hy-
pothesis is partially supported.

4.2. RQ2: Recall veracity

RQ2 asks: how does recall veracity shift over time?

Summary of Findings: Recall veracity decreases over time, with
degradation influenced by perceived informativeness and familiar-
ity. For highly informative visualizations, cognitive insights and
narrative text are recalled with high accuracy early on and are either
repeated verbatim or moderately accurate if newly mentioned later.
In contrast, design and aesthetic elements are rarely recalled, ap-
pearing only in later stages with lower accuracy. Less informative
visualizations prioritize design, aesthetic, and affective statements
early, but these degrade significantly over time, especially visual
channels not tied to legends or annotations. Late affective state-
ments also show reduced accuracy. Moderately informative visu-
alizations exhibit less overall degradation, with cognitive and data-
centric elements maintaining higher veracity across time. Design-
centric recall retains accuracy but loses specificity over time. Famil-
iarity with visualization types further reduces degradation at later
stages, though its impact is weaker in early recall.

Details of Analysis: We used the same analysis procedure de-
scribed in Section 4.1, but added on familiarity score as an inde-
pendent variable, moderated by recall time steps. We also assessed
influence on the accuracy of recall elements; specificity was ana-
lyzed qualitatively.

Figure 6: Heatmaps show the degradation of recall accuracy over
time. We averaged over both perceived informativeness and famil-
iarity levels for easy of interpretation as they grouped nicely to
high, medium and low levels.

H2a: For less informative charts, the veracity of recall will sig-
nificantly decrease over the course of recall, compared to stim-
uli that participants perceive as more informative. Recall verac-
ity diminishes over time across all visualizations, consistent with
memory decay principles [HNN13]. The rate and nature of this de-
cline, however, are strongly influenced by perceived informative-
ness. Highly informative visualizations maintain higher recall ac-
curacy for narrative (Table 3) features (β = 0.72, f 2 = 0.41), with
accuracy dropping only slightly over time (−∆ 11%) and often be-
ing repeated verbatim, preserving specificity. In contrast, visual de-
sign and aesthetic elements degrade more significantly (−∆ 45%),

© 2025 The Author(s).
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8 of 12 Arunkumar et al. / Modeling and Measuring the Chart Communication Recall Process

though human-recognizable objects show slightly better retention
(−∆ 38%). Less informative visualizations prioritize design-centric
features (β = −0.68, f 2 = 0.39) early in recall, but these degrade
sharply over time (−∆ 28%), especially when visual channels lack
legends or annotations (−∆ 42%). Human-recognizable objects,
however, remain more consistent (−∆ 15%). Moderately informa-
tive visualizations display more balanced recall patterns, with cog-
nitive and data-centric elements retaining both accuracy (−∆ 14%)
and specificity across time. Design-centric and affective recall re-
main fairly accurate (−∆ 19%), though specificity declines in later
stages, particularly for features unrelated to human-recognizable
objects. Figures 6, 7 illustrate how moderately informative visual-
izations better mitigate veracity degradation compared to their less
or highly informative counterparts.

Figure 7: Variation of the specificity of recall at different levels
of perceived informativeness and familiarity. Recall is taken from
timesteps: T1/T2– high, T2/T3– moderate, and T4/T5– low speci-
ficity. Red text denotes inaccurate aspects of recall.

These findings build on patterns observed in H1a, demonstrat-
ing how perceived informativeness shapes cognitive resource allo-
cation and recall priorities over time, reinforcing its role in shap-
ing long-term retention. Highly informative visualizations anchor
recall early, maintaining high accuracy even at later stages due to
reduced cognitive effort [APB25, APBB24]. Legends and annota-
tions further mitigate recall degradation by providing clear refer-
ence points for interpreting visual channels. In contrast, less infor-
mative visualizations rely on design-centric and affective elements,
like human-recognizable objects, which capture early attention but
offer limited cognitive scaffolding, leading to faster accuracy de-
cline. Degradation in specificity for design and affective features
at later stages likely results from lack of explicit informational an-
chors, hindering recall reconstruction. Moderately informative vi-
sualizations, which balance narrative and design elements, mitigate
these effects by fostering both cognitive engagement and aesthetic
appeal, minimizing veracity degradation. These findings highlight
how perceived informativeness shapes recall durability and pro-
gression, particularly in contexts requiring synthesis of diverse vi-
sual and textual elements. Hence hypothesis H2a is supported.

H2b: For unfamiliar charts, the veracity of recall will sig-

nificantly decrease over the course of recall compared to chart
types that participants are more familiar with. Recall veracity is
strongly associated with familiarity for widely recognized chart
types, such as bar charts or line graphs (β = 0.65, f 2 = 0.36).
Familiar visualizations exhibit less degradation over time, partic-
ularly for cognitive and narrative elements (Table 3), which re-
tain high accuracy (−∆ 7%) and specificity across timesteps. Fa-
miliarity allows participants to draw on prior knowledge, reduc-
ing cognitive load and enhancing accurate recall of insights and
details. In contrast, less familiar chart types, such as chord dia-
grams and radial plots, experience a steeper decline in veracity (−∆

31%). Basic geometric shapes, as opposed to human-recognizable
objects, show lower retention (−∆ 23%). Early recall of these vi-
sualizations is dominated by affective and design-centric features
(β = 0.54, f 2 = 0.29), with participants often focusing on initial
impressions or aesthetic reactions. However, the absence of inter-
pretive schemas results in lower accuracy and specificity at later
timesteps, leading to conjectures or omissions. Figures 6, 7 illus-
trate how familiarity moderates recall trajectories for both familiar
and less familiar chart types.

These findings align with schema-driven memory recall theo-
ries, which suggest that familiarity with a visualization type pro-
vides cognitive scaffolding, enabling participants to encode, orga-
nize, and retrieve elements more effectively [HNN13,GNB23]. Fa-
miliar visualizations seem to leverage pre-existing mental models
to identify patterns and integrate them into coherent understanding,
preserving recall veracity over time. Features such as standard axis
labels, consistent color schemes, and simple data representations
potentially further support accuracy by aligning with viewers’ men-
tal frameworks. In contrast, less familiar visualizations lack these
interpretive aids, which may prompt reliance on surface-level fea-
tures like human-recognizable objects, which capture initial atten-
tion but fail to sustain accurate recall. Scaffolding elements, such as
legends and stepwise annotations, could potentially mitigate these
challenges by reducing cognitive load and enhancing recall verac-
ity. These results highlight the importance of aligning visualization
design with users’ mental models, particularly for complex or un-
familiar chart types. Hence hypothesis H2b is supported.

4.3. RQ3: Individual Differences

RQ3 asks: how do participant demographics influence recall, and
can this be modeled?

Summary of Findings: Participant demographics, particularly
age and education, significantly influence recall focus and pro-
gression. Older participants prioritize narrative elements across
all levels of perceived informativeness. In the absence of nar-
rative elements, they often provide statements on communicative
effectiveness, avoiding detailed descriptions of visual features ex-
cept human-recognizable objects. Younger participants, however,
tend to recall abstract visual features and data-centric elements
more frequently at later recall stages. Education has a nuanced im-
pact. While it does not significantly affect the frequency of narra-
tive recall, higher education (college degree or higher) correlates
with earlier and more frequent mentions of cognitive insights, in-
cluding those absent from the visualization text. College-educated
participants also integrate external knowledge and produce deeper
affective statements tied to broader contexts, unlike less educated
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Arunkumar et al. / Modeling and Measuring the Chart Communication Recall Process 9 of 12

participants (high school diploma), whose responses often remain
surface-level. Notably, age and education do not significantly affect
veracity but shape the sequence and emphasis of recall content.

Details of Analysis: We used the same analysis procedure de-
scribed in Section 4.1, but used age (older vs. younger) and edu-
cation level (high school vs. college-educated) as independent vari-
ables following prior work [APBB24, PAEE19], moderated by re-
call time steps. We assessed their influence on the dynamic varia-
tion in both the proportion and accuracy of recall elements.

H3a: Participants who are older (or) who have less formal
education will mention narrative elements earlier and more of-
ten than younger or more educated participants. Older partici-
pants exhibited higher proportions of user-experience (Table 3) re-
call tags (β = 0.57, f 2 = 0.22) when recalling visualizations with
low to moderate levels of text and annotation. For highly annotated
visualizations, recall was dominated by narrative tags (β = 0.65,
f 2 = 0.26). In contrast, younger participants favored a design-
centric recall strategy for low-text visualizations (β = 0.48, f 2 =
0.21), emphasizing visual elements over narrative structures (Fig-
ure 8). Education level did not significantly influence the narrative
recall trajectory (p = 0.07). Similarly, age and education had no
direct impact on veracity of narrative recall, although older partici-
pants experienced faster veracity degradation over time (−∆26%).
These findings align with prior research indicating that older partic-
ipants prioritize structured, narrative-driven elements as semantic
anchors, simplifying cognitive processing and aiding interpretation
of complex or minimally annotated visualizations [GNB23,GC23].
In low-text settings, their focus on user-experience tags and hu-
man recognizable objects reflects a compensatory strategy to en-
hance communicative effectiveness [BSH21]. Conversely, younger
participants emphasize more abstract design-centric elements, such
as geometric marks, likely due to greater familiarity with mod-
ern visualization tools and trends that highlight aesthetic explo-
ration [PAEE19, RM15]. Their inclination toward abstract features
over narrative cues may stem from a cognitive preference for en-
gaging with complex encodings [BDF15, APB25]. The lack of a
significant education effect on narrative recall likely reflects the in-
tuitive accessibility of elements like titles and captions, which re-
quire no specialized skills [BSH21]. Finally, faster degradation of
narrative recall veracity among older participants may result from
age-related memory decline affecting long-term accuracy [MC05].
Hence hypothesis H3a is partially supported.

H3b: Participants who are older (or) who have less formal
education will make affective statements earlier and more often
than younger or more educated participants. Higher levels of ed-
ucation were positively associated with the frequency and depth
of affective statements (Table 3) in recall (β = 0.58, f 2 = 0.24).
College-educated participants often integrated affective responses
with external knowledge or cognitive insights not explicitly present
in the visualization text (β = 0.42, f 2 = 0.18), framing their emo-
tional reactions within societal or domain-specific contexts (Fig-
ure 8). In contrast, high-school-educated participants focused on
surface-level affective statements, for e.g., the immediate emotional
impact of human recognizable objects. Age did not significantly
affect the frequency or timing of affective recall (p = 0.08), con-
trary to expectations. For both groups, affective recall was more

Figure 8: Bubble charts based on recall timesteps (x-axis) across
demographic groups (top: age, bottom: education) depicting varia-
tion in the proportions (bubble-size) of recall elements. Recall con-
tent categories are depicted on the y-axis and are color coded. The
border thickness of bubbles differentiates demographic groups.

frequent in stimuli with less narrative content, suggesting a com-
pensatory mechanism where emotional engagement replaces text
cues. These findings indicate that affective recall is more strongly
influenced by education than age, emphasizing the role of formal
education in fostering nuanced emotional engagement. Educated
participants are potentially better equipped to contextualize emo-
tional responses within broader interpretative frameworks, align-
ing with theories of cognitive-affective integration [PAEE19]. In
contrast, less-educated participants seem to focus on surface-level
affective and aesthetic impressions, consistent with research link-
ing lower graph literacy to reliance on immediate visual or emo-
tional cues [BXF∗22]. The absence of a significant age effect chal-
lenges the “positivity effect” hypothesis [MC05], suggesting that
emotional engagement in recall is more driven by visualization con-
tent/design than age-related affective goals. Hence hypothesis H3b
is partially supported.

Model Overall Performance Low Informativeness Moderate Informativeness High Informativeness

Accuracy AccP AccV AccP AccV AccP AccV AccP AccV

LSTM With Demographics 89.4 87.3 86.5 81.9 89.3 88.3 92.5 91.7
LSTM Base Model 82.6 78.4 76.2 69.7 84.7 80.4 89.3 86.1
Logistic Regression 65.4 61.8 52.5 43.7 60.1 63.6 65.4 69.5

Feedforward Neural Network 70.2 67.4 64.3 55.7 70.8 67.9 71.2 75.1

Table 4: Model performance results (%) for LSTM models, as well
as for baseline models applied to each timestep. Both LSTM models
outperform the baselines models across all stimuli in predicting
both the veracity and proportion of recall content across the course
of recall. Demographics help marginally improve performance in
comparison the the initial LSTM Base Model.

Modeling Temporal Dynamics. To analyze the influence of vi-
sualization impressions (informativeness and familiarity) and par-
ticipant demographics on recall progression, we trained an LSTM
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model with attention mechanisms [YYD∗16] on recall data from
79 visualizations, reserving 21 (n = 7 per informativeness level)
for validation and testing in a 5-fold cross-validation setup. Re-
call sequences were segmented into five sentence-based time steps,
with DTW aligning participant responses, resulting in a total of 395
recall data points per participant and 39,500 data points per visual-
ization for the training process. Input features included handcrafted
features and clustering proportions and accuracies, perceived infor-
mativeness, and visualization metadata. The model consists of mul-
tidimensional input feature vectors, followed by two LSTM layers
with 128 hidden units, a dropout layer (rate 0.2) to reduce over-
fitting, and an attention mechanism to prioritize important features
at each timestep. The output layer uses softmax activation to pre-
dict categorical recall features, optimized with categorical cross-
entropy loss and the Adam optimizer [KB14]. Training was per-
formed for 100 epochs (batch size = 32). Performance was eval-
uated using two metrics: AccP– proportion of time steps correctly
predicting dominant clusters or handcrafted features, and AccV –
proportion accurately predicting veracity. Results, stratified by in-
formativeness levels (Table 4), were compared to baseline models
(logistic regression and feed-forward neural networks trained sep-
arately for each recall time step, using the same data as LSTM),
emphasizing the advantages of temporal modeling.

The LSTM model outperformed baselines in predicting recall
dynamics, achieving 82.6% overall accuracy for AccP and 78.4%
for AccV . Stratified performance was highest for highly informa-
tive visualizations (AccP: 89.3%, AccV : 86.1%), moderate for mod-
erately informative visualizations (84.7%, 80.4%), and lowest for
less informative ones (76.2%, 69.7%). Structured narrative ele-
ments improved predictability, while less informative visualiza-
tions introduced variability. Baseline models (logistic regression,
FFN) lagged behind, with accuracies of 65.4% and 70.2% for AccP,
and 61.8% and 67.4% for AccV , highlighting the LSTM’s abil-
ity to capture temporal dependencies. Attention analysis showed
that narrative features were the strongest predictors, while design-
centric and aesthetic features influenced early recall but had limited
long-term impact. Adding participant demographics (age, educa-
tion) improved AccP and AccV by 6.8% and 8.9%, with the largest
gains for less informative visualizations (10.3%, 12.2%), empha-
sizing the importance of individual differences in recall modeling.
The LSTM model offers a dynamic understanding of recall, en-
abling prediction of the effectiveness of specific elements, particu-
larly narrative and cognitive features, to optimize visualizations for
better long-term recall. Additionally, the model’s ability to predict
recall across time steps opens the door for interactive visualizations
that adapt based on user recall patterns, leading to more personal-
ized and effective user experiences.
5. Conclusions and Future Work

Our study examines how perceived informativeness, familiarity,
and participant demographics shape recall dynamics in visualiza-
tions. Through temporal modeling, we highlight the role of text,
icons, and annotations in recall, likely due to their visual saliency.
We validated predictive models using visualization metadata and
participant differences, demonstrating their potential to forecast re-
call scores and explain demographic variations. By focusing on im-
mediate recall, we assess information retained in short-term mem-
ory [Cow08], revealing how attentional filtering [Bro82] and mem-

ory decay [ZL09] impact recall. Our findings provide a holistic
measure of visualization effectiveness, integrating cognitive, emo-
tional, and design-based factors. Below, we summarize key insights
and their practical implications:
(D1) Enhancing recall through narrative elements. Highly in-
formative visualizations prioritize narrative elements, such as titles
and text labels, which reduce cognitive load and direct attention
toward actionable insights. Design Guideline: Use structured nar-
rative components, including clear titles and concise messages, to
enhance clarity and recall, particularly for complex data.
(D2) Mitigating recall degradation for less informative and un-
familiar visualization types. In less informative or unfamiliar vi-
sualizations, human-recognizable objects act as intuitive anchors,
engaging users and supporting recall accuracy. However, they are
less effective than narrative elements for deeper cognitive engage-
ment. Design Guideline: Use human-recognizable objects as entry
points in less informative or unfamiliar visualizations, paired with
intuitive legends or labels to bridge understanding gaps.
(D3) Guiding recall with semantic text content. Mid-level se-
mantic content (L2/L3) drives early recall by offering interpreta-
tive depth, while abstract content (L4) supports later reflective pro-
cessing. Design Guideline: Highlight mid-level semantic content
prominently to aid initial comprehension, with abstract insights po-
sitioned for deeper exploration.
(D4) Tailoring visualizations to audience demographics. Older
participants favor narrative elements, while younger or more ed-
ucated audiences engage with abstract features and design-centric
elements. Design Guideline: For older audiences, prioritize clear
titles, descriptive annotations, and straightforward layouts. For
younger or more educated viewers, emphasize intricate, layered vi-
sual encodings and less textual guidance to boost engagement.

While our findings provide actionable design insights, several
limitations warrant consideration. First, our focus on static vi-
sualizations excludes interactive contexts common in real-world
use. Future work should examine interaction metrics’ (e.g., clicks,
zooms) influence on recall. Second, reliance on self-reported recall
and manual tagging introduces potential biases; automating these
processes with NLP and multimodal data (e.g., gaze tracking) could
improve reproducibility. Third, in our participant pool, although
younger and older groups included both high school and college-
educated participants, all younger high-school-educated partici-
pants were in their first semester of college, limiting the isolation
of high school education effects. Since demographic variables of-
ten exhibit partial dependence [TF19], our models treated age and
education separately. Future work could recruit a more stratified
sample and broaden cultural and linguistic representation for gen-
eralizability. Lastly, the LSTM model’s reliance on handcrafted fea-
tures and clustering may oversimplify recall behavior. Incorporat-
ing richer embeddings from advanced models and multimodal data
could enhance interpretability and predictive accuracy.

Overall, this study underscores the importance of understanding
recall dynamics in visualization design. By linking design elements
to cognitive processes and audience needs, we contribute to creat-
ing visualizations that are not only memorable but also meaning-
ful across diverse contexts. These insights pave the way for future
exploration of innovative design strategies that enhance clarity, en-
gagement, and inclusivity.

© 2025 The Author(s).
Computer Graphics Forum published by Eurographics and John Wiley & Sons Ltd.
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