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Abstract—Visualization designers (e.g., journalists or data analysts) often rely on examples to explore the space of possible designs, 
yet we have little insight into how examples shape data visualization design outcomes. While the effects of examples have been studied 
in other disciplines, such as web design or engineering, the results are not readily applicable to visualization due to inconsistencies in 
findings and challenges unique to visualization design. Towards bridging this gap, we conduct an exploratory experiment involving 32 
data visualization designers focusing on the influence of five factors (timing, quantity, diversity, data topic similarity, and data schema 
similarity ) on objectively measurable design outcomes (e.g., numbers of designs and idea transfers). Our quantitative analysis shows 
that when examples are introduced after initial brainstorming, designers curate examples with topics less similar to the dataset they 
are working on and produce more designs with a high variation in visualization components. Also, designers copy more ideas from 
examples with higher data schema similarities. Our qualitative analysis of participants’ thought processes provides insights into why 
designers incorporate examples into their designs, revealing potential factors that have not been previously investigated. Finally, we 
discuss how our results inform how designers may use examples during design ideation as well as future research on quantifying 
designs and supporting example-based visualization design. All supplemental materials are available in our OSF repo. 
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1 INTRODUCTION 

Data visualization designers often seek inspiration by recalling interest-
ing designs they have encountered in the past or actively searching for 
new visualization examples [9, 11, 53]. In this work, we use the term 
“designer” to broadly refer to individuals who create data visualizations 
for various analytical and communicative purposes, including but not 
limited to journalists, business managers, and scientists [65, 72]. Little 
work has studied the influence of examples on data visualization design 
outcomes even though the influence of examples have been studied in 
other domains such as graphic or web design [35, 55] and engineer-
ing [5,21,34,59]. These works suggest that while examples can improve 
the number, quality, and novelty of design outcomes [51, 76], there is 
also a risk that designers may prematurely fixate on inappropriate or 
irrelevant examples [60, 76] leading to ineffective designs [9]. 

In particular, previous studies have identified several factors that 
modulate the influence of examples on design outcomes, including 
the quantity and quality of examples [76], commonness of an example 
(i.e., if the example is a familiar solution to a problem) [21, 61, 76], 
and the timing of example introduction during design ideation [51, 56]. 
However, the results from these studies do not readily transfer to data 
visualization design. First, these prior studies have conflicting results. 
For instance, there is a lack of consensus on when to introduce examples 
[22,41,75] during the design process. Furthermore, visualization design 
presents unique challenges and complexities that are not shared by other 
disciplines. Visualization designs are constrained by the data to be 
presented, and designers struggle to anticipate how real data may impact 
visual forms, constrain design choices, and lead to unexpected edge 
cases [79]. Thus, there is a need for empirical data that sheds light on the 
influence of examples in the context of data visualization. Specifically, 
we need to assess how factors identified in prior studies, alongside 
those unique to visualization, modulate the influence of examples on 
design outcomes. Additionally, we need to understand how designers 
decide which aspects of examples to incorporate into their designs. 
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Based on these considerations, we contribute an exploratory study 
with 32 visualization designers to understand the influence of exam-
ples in data visualization design. The study loosely follows the protocol 
of Smith et al.’s seminal work evaluating the influence of examples [77], 
where designers are given a design task with accompanying examples 
and asked to brainstorm design ideas. However, we make some strate-
gic adaptations to our study design. First we use a faceted browsing 
interface for participants to explore and curate relevant examples, allow-
ing us to examine multiple factors (e.g., quantity, commonness, etc.) in 
the same study. Secondly, we include a think-aloud protocol to capture 
deep contextual information about designers’ thought processes during 
design ideation (details on our study design are discussed in Sec. 3). 
Our analysis focuses on quantifying the features of an example and 
using this information to generate metrics that describe the collective 
properties of example sets curated by participants (Sec. 4). We use 
quantitative methods to measure how properties of curated example 
sets influence objectively measurable design outcomes like the number 
and variety of designs and ideas copied from examples (Sec. 5). Finally, 
we perform qualitative coding to gain insights into designers’ rationale 
for selecting examples (Sec. 6). 

Our results show that 1) the timing of example introduction poten-
tially influences the types of examples designers curate and the number 
and variety of designs produced. 2) a higher similarity between the 
data schema in examples and the data schema a designer wants to 
present, leads to more ideas transferred from examples into designs. 
These results are supported by our qualitative evaluations highlighting 
two forms of idea transfer, i.e., partial transfer and design replication. 
Finally, we identify salient factors that attract designers to use examples 
or deter them from doing so, such as the underlying visual tasks (e.g., 
comparison, distribution), visual composition, design complexity, and 
the similarity between examples and prior design ideas. Our findings 
shed light on results from prior work and introduce new factors that 
influence design outcomes, giving rise to guidance on how designers 
may incorporate examples into the design process and avenues for 
further research on using examples for visualization design. 

2 BACKGROUND AND RELATED WORK 

Extensive research in fields such as psychology, design, and mechanical 
engineering have highlighted the challenges of finding and extracting 
ideas from relevant examples [6,32,35,55] and explored how examples 
affect the ideas designers create [28, 32, 37, 55, 64, 76, 77]. Collectively, 
these works show that examples significantly affect creativity: some 
report examples as a source of inspiration [9, 28, 32, 55, 60], while 
others report constraining effects of examples [26, 37, 37, 44, 50, 63, 76]. 
Together, these works have identified key factors that modulate the 
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effect that an example has on the ideas designers come up with. To 
aid understanding, we review important factors and aspects of design 
outcomes identified in prior work below. 

2.1 Factors that Modulate an Example’s Influence 

Timing of Example Introduction. Much research has explored when 
examples should be introduced in a design process. Smith et al. show 
that introducing a delay between exposure to examples and design 
ideation does not reduce conformity (the number of features copied 
from examples) within designs [77]. These findings support long-term 
retention of examples [74] and suggest that design conformity may 
be a result of the unintentional use of memory from prior exposure 
to examples [50, 52]. However, there is no consensus on when ex-
amples should be introduced. Kulkarni et al. suggest early exposure 
to examples [41], while others advocate for on-demand provision of 
examples [22, 75]. Yet, another thread of research shows that when 
designers have had time to brainstorm potential solutions before expo-
sure to examples, they can better integrate examples into their solutions 
instead of conforming their solutions to examples [56,76,78]. Our work 
extends these emerging findings on the timing of examples introduction 
by investigating how the time of exposure to examples may lead to 
meaningful differences in design outcomes. 
Diversity of Examples. Evaluations of the examples used in prior 
work do not explicitly explore the diversity of features in a set of 
examples. Instead, they focus on evaluating the “commonness” of 
an example, which refers to how typical an example is as a solution 
for a given problem [21, 76]. For instance, in data visualization, bar 
charts are a common solution for comparison tasks where one seeks 
to observe similarities or differences in values across different data 
groups. Research finds that focusing on common examples, closely 
related examples, or examples related to the problem domain limits the 
space of ideas explored, which may lead to fixation [37]. Expanding the 
space of explored examples to include solutions slightly distant from 
the problem domain [24,31] or even analogical examples [14,20,21,34] 
has proven more beneficial for idea generation [63], leading to higher 
quality and novelty of design solutions [76]. Within visualization 
design, the heterogeneity of the features within a collection of examples 
is a more meaningful measure compared to the commonness of a single 
example. Therefore, we focus on the diversity of examples in this study. 
Quantity of Examples. Compared to other properties, there has been 
less investigation into how the number of examples examined by de-
signers influences designs. Marsh et al. investigated how exposure to 
different numbers of examples (n = [1, 3, 6, 9]) may increase confor-
mity [51]. Their results show that more examples lead to more critical 
features copied from examples to designs. Sio and Kotovsky also find 
a negative correlation between the number of examples and the novelty 
of design ideas [76]. However, there is no consensus on the appropriate 
number of examples to provide as experiment stimuli. Recent studies 
tend to arbitrarily choose the number of examples from an exploration 
of the solution space [21, 24, 31], while others allow participants to 
independently curate examples from the web [55]. 
Quality of Examples. Literature shows that examples induce con-
formity for designers [37, 51, 77]. However, the quality of examples 
determines the degree to which conformity enhances or impairs design 
outcomes. Janson and Smith found that individuals do not only copy 
ideas from examples that solve the provided problem but also from ex-
amples with obvious design flaws [37]. Chrysikou and Weisberg found 
that individuals copy inappropriate ideas from examples even when 
instructions explicitly ask them to avoid these inappropriate ideas [26]. 
Fu et al. also show that introducing poor examples leads to a decrease 
in the ability to converge on solutions and the quality of solutions [30]. 
In these works, “poor” examples are designs with problematic features 
that do not adequately solve the defined design problem. Assessing 
the quality and effectiveness of visualization designs is highly subjec-
tive [19, 62], dependent on many dimensions beyond just encoding 
choices, such as the context of use and the intended audience. In this 
work, we focus on objective measures of example properties. As such, 
we do not measure the quality of examples. 

2.2 Metrics for Evaluating Design Outcomes 

In previous work design outcomes are often measured by quantitative 
metrics such as the quantity, and conformity of designs and subjec-
tive evaluation of the quality, variety, and novelty of designs. The 
conformity of designs, as described by Smith et al., is the tendency 
for designers to copy features of examples into their design ideas [77]. 
In most studies conformity is measured by assessing the number of 
example-related ideas duplicated in final designs [76] and is believed to 
be an indication of the constraining influence of examples [51, 76, 77]. 

Subjective measures such as the quality of design outcomes, measure 
the degree to which a design solves the specified problem [18, 21]. In 
general, the evaluation of design quality is based entirely on metrics 
decided upon by researchers, such as ease of use [18], cost feasibility, 
and build time [21, 31]. Similarly, the novelty of designs is based on 
how unique a generated design is relative to design ideas generated by 
other participants [4, 70, 76, 78]. Variety, on the other hand, measures 
the explored space of solution ideas, i.e., the range of ideas produced 
by a single participant [4, 18, 78]. 

2.3 Factors and Outcomes of Interest in This Study 

Previous research identified four key factors that influence design out-
comes; our study focuses on three of them. As data informs the design 
choices a visualization designer makes, we introduced two additional 
factors relevant to data visualization: the similarities between examples’ 
underlying datasets and the dataset used in the design task in terms 
of data topic and schema (i.e., number and types of attributes). These 
new factors explore whether or not designers curate examples based on 
closeness in topics or the alignment between the working dataset and 
an example’s data schema. For instance, if a designer is working on 
the Boston weather dataset [54], which contains temporal and numeri-
cal attributes, is the designer more interested in examples visualizing 
similar topics (e.g., average temperatures or melting ice caps), or do 
they consider a broader set of examples visualizing temporal and nu-
merical data? Additionally, does focusing on topic or schema similarity 
influence their designs? This expands the scope of example-related 
factors we analyze in this study to include the timing of example 
introduction, diversity, and quantity of examples, and the data 
topic (topic_sim.) and schema (schema_sim.) similarities. 

Regarding design outcomes, we focus on the more obvious quan-
titative metrics: the quantity and variety of designs, as well as 
the conformity of examples, which we refer to as idea_transfer. 
We do not assess subjective factors such as the quality and novelty of 
examples, nor do we evaluate the effectiveness or creativity of design 
outcomes. Assessing visualization designs across these axes remains 
open research for future work. 

3 STUDY DESIGN 

Our work aims to understand how preexisting and visualization-specific 
factors influence design outcomes and how designers decide what 
aspects of examples should be incorporated into their designs. In this 
section, we discuss our experiment design rationale and procedure. 

3.1 Experiment Overview 

From our survey of prior work, we observed that the study design in 
most of these works follows the protocol of the foundational study by 
Smith et al. [77], which examines examples’ constraining effects on 
creativity. In these studies, participants are presented with a design 
task and various examples (or no examples) and asked to develop 
designs that fulfill the task. We considered replicating Smith et al.’s 
experiment [77] with a data visualization design context. However, 
a straightforward replication is not feasible as the design space for 
data visualization is much broader than previously studied fields. For 
instance, in Smith et al.’s study, examples are characterized by simple 
binary features, (e.g., if a tail is present in the example). In contrast, 
the features of a visualization example can be analyzed along multiple 
dimensions, including but not limited to mark choices, visual encodings, 
layout, and graphical styles. Each dimension has numerous values; 
for instance, a mark choice includes but is not limited to rectangle, 
circle, polyline, and area. It is unclear which dimensions and values 
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Figure 1: A snapshot of the experiment interface provided to participants 
during the experiment. (A) select tags to filter examples, (B) search for 
tags with auto-complete suggestions, (C) browse examples in the main 
panel, and (D) bookmark relevant examples. 

are crucial in selecting and characterizing the features of examples to 
present to designers. Additionally, there is no clear guidance from prior 
work on how many examples should be provided in the experiment. 

Consequently, we made strategic changes to our study design based 
on the following considerations. We have five example-related factors 
to be examined. Controlling for all these factors in a single experiment 
would be impractical as this would lead to an exponential combination 
of experiment conditions. Giving participants the freedom to curate 
examples can naturally give rise to variations in both the example 
features (e.g., marks, layouts, encodings, etc.) and factors quantity, 
diversity, data schema_sim., and topic_sim. This approach is 
more similar to designers’ real-world example curation behavior than 
providing them with a small set of fixed examples. Moreover, letting 
designers curate examples from the web with complete freedom can 
be impractical. In a pilot study with four participants, we discovered 
that participants were often distracted by information irrelevant to the 
design task when exploring examples directly from source pages. Thus, 
we constructed a corpus of 50 diverse examples for the participants to 
use in the experiment (Sec. 3.3). 

We decided on a between-subjects experiment with two timing con-
ditions. We included two design scenarios to capture how our results 
may generalize across multiple datasets and design goals . This results 
in four experimental conditions (Sec. 3.2). We provided an experi-
ment interface for the participants to browse and bookmark relevant 
examples from the corpus. Participants were asked to explore a given 
dataset, brainstorm and sketch design ideas for their assigned scenario. 
These sketches represent the design outcomes of each experiment and 
were evaluated to identify the quantiy and variety of the designs 
and instances of idea_transfer from examples. 

After brainstorming, participants selected two sketches that they per-
ceived satisfied the design goal, which the experimenter implemented 
to evaluate the feasibility of the designs. In the pilot study, we found 
that the time needed to assess designs, perform data transformations, 
and implement sketched visualizations exceeded the allocated time for 
the experiment. As a result, the experimenter implemented the designs 
independently after the experiment. The participants then review the 
implemented version of their designs in a 15-minute follow-up session. 
Sec. 3.5 describes the experiment procedure in detail. 

3.2 Experiment Conditions 

3.2.1 Timing Conditions. 
Motivated by a lack of consensus in prior work on when examples 
should be introduced into the design process, we evaluate two timing 
conditions in our experiment. Particularly, we investigate if a delayed 
exposure to examples leads to a meaningful difference in the types of 
examples curated by participants and the number of ideas transferred 
from examples into designs. Hence, we include a baseline condition 

Table 1: Example selection criteria and definitions 

Criteria Description 

Knowledge How well does the visualization express the basic 
facts about its underlying dataset (i.e. expressive-
ness)? 

Comprehension How easy is it for a user to understand the infor-
mation that is being conveyed in the visualization 
(i.e. effectiveness)? 

Relevance (A) How valuable is the information in the visu-
alization in relation to the experiment task? (B) 
How closely related is the visualization to the 
tasks participants will be asked to perform? 

Visual Encoding How appropriate are the selected data encodings 
in this visualization? 

Aesthetics How attractive is the visual design for the visu-
alization (e.g., bespoke vs common visualization 
designs, color schemes used)? 

Variety How does this example improve the variety of de-
signs (i.e. number of similar visualization types) 
in the entire example set? 

(Tsrt ), where participants were provided with the example corpus at 
the start of the brainstorming process. In the treatment condition, the 
introduction of the examples was delayed (Tdel); participants were first 
asked to brainstorm design ideas for 15 minutes, then presented with 
the example corpus, and then asked to continue brainstorming. 

3.2.2 Design Scenarios. 
We included two design scenarios to capture how our results may 
generalize across design goals and datasets. In selecting datasets, we 
opt for those not commonly used in data analysis or visualization 
training to ensure that participants are not inadvertently primed toward 
certain visualization designs from prior exposure to datasets. 
Blog Post Design Scenario (S1): The first scenario is to design a 
visualization as the central figure for a blog post discussing the effects 
of average temperature warming on the US climate 1 . Participants were 
provided with a dataset on the yearly average weather recordings from 
thousands of weather stations around the US from 1921 to 2022 [29]. 
Since our focus in this study is on the design process and not data 
analysis, we also included two insights on the rate of warming across 
the decades. Participants were then asked to come up with designs that 
communicate these insights using the provided dataset. 
Bespoke Design Scenario (S2): The second scenario focuses on the de-
sign of highly customized visualizations, which we describe as bespoke 
visualization designs. Participants assigned to this condition were given 
a dataset on vegetable crop production land use, deforestation drivers 
in Indonesia, and expected yield for vegetable crops [71]. Similar to 
participants in S1, participants were given insights on the activities 
that are drivers of deforestation in Indonesia and palm oil land use 
to yield ratio. Participants were then asked to create a visualization 
highlighting these insights. For this condition, we varied the design 
task by prompting participants to think creatively instead of focusing on 
communication as in S1. Participants were informed that their designs 
would be entered into the Iron Viz competition and would be judged on 
both the novelty and efficacy of their designs. 

3.3 Examples Corpus and Interface 

3.3.1 Corpus Construction 

We searched for visualization designs shared online on popular blogs 
and resources such as Our World in Data [2], Storytelling with Data [3], 
and Information is Beautiful [1]. Informed by a subset of the evalu-
ation criteria proposed by Burns et al. [17], we evaluated candidate 
examples across six key criteria: expressed knowledge, comprehension, 
relevance, encoding choices, aesthetics, and the variety of designs in 
the entire corpus (see Tab. 1). Two of the authors sampled a total of 

1Due to space considerations, the prompts, datasets, and stimuli examples 
are provided in the supplementary materials. 
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50 visualizations. Each selected example was evaluated to ensure it 
was easy to understand (comprehension), expressive, and had appro-
priate visual encodings. To allow for serendipity, we optimized our 
selection process to include standard (e.g., bar charts, bubble plots) and 
customized (e.g., parallel coordinates plot) visualizations. 
Tagging Stimuli Examples. To support easy filtering, two authors 
manually assigned a set of tags that describe each example’s features 
based on the four search criteria used by visualization designers iden-
tified by Bako et al [9]. These tags capture metadata that describe: 1) 
the underlying dataset characteristics (e.g., time series, categories), 2) 
the visual elements in each example (e.g., points, annotation), 3) the 
visualization task (e.g., comparison, distribution), and 4) the topic (e.g., 
climate, human rights). 

3.3.2 Experiment Interface 
We developed a web-based tool to instrument our experiment, shown 
in Fig. 1. Our tool consists of a faceted search interface that allows 
users to filter and browse visualization examples. Users can either 
choose tags from the side panel (Fig. 1A) or type in a tag in the search 
box (Fig. 1B). The main view of the interface (Fig. 1C) presents users 
with examples matching the selected tags. Each example is contained 
in a single card with a thumbnail, a short description, and a link to see 
an enlarged view of the visualization. Users could bookmark examples 
by toggling the bookmark icon next to each example (Fig. 1D). We 
logged users’ interactions (e.g., clicks, hovers). 

3.4 Participants 
We recruited participants via forums such as Reddit’s r/dataisbeautiful, 
academic and professional mailing lists, and posts on X (previously 
Twitter). We selected 32 participants (Female=10, Male=22) between 
the ages of 18 and 44. Participants had between 3 months to 5+ years 
of experience creating visualizations. Participants reported creating 
visualizations for a variety of purposes: clients (n=12), blog posts and 
media graphics (n=7), personal portfolios and projects (n=13), data 
analysis (n=22), and design studies (n=12). 12 of our participants 
created visualizations weekly while others created visualizations less 
than once a week (n=9) or less than once a month (n=11) 

To ensure that participants had experience with a wide range of vi-
sualization types, we collected information on the designs participants 
had created in the past, the tools used to implement visualizations, and 
how often they had created or used them to design visualizations. We 
selected participants with experience creating visualizations outside of 
the three most popular visualization types (i.e., bar charts, line charts, 
and scatterplots) [10] and had used different types of visualization 
design tools such as direct manipulation tools (e.g., Tableau, PoweBI), 
programming tools (e.g., ggplot, D3.js) or design focused tools (e.g., 
Adobe Illustrator, Canva). Selected participants created a wide array 
of charts ranging from simple charts like bar charts, line charts, and 
scatterplots (n=32 for all three) to more complex charts like Chord Dia-
grams (n=9), Sunbursts (n=13) and Parallel Coordinate charts (n=17). 
Participants also used a range of tools to create visualizations, such as 
D3 (n=16), Matplotlib (n=22), Adobe Illustrator (n=17), and Microsoft 
Excel (n=27). The complete participant demographic information is 
included in our supplementary materials. 

3.5 Experiment Procedure 
Participants were first given a brief introduction to the purpose and 
objectives of our study, the nature of the tasks they would be asked to 
complete, and an overview of their rights. Participants were then asked 
to complete the consent form, after which the experimenter provided 
participants with a link to the experiment tool and a Google Jamboard 
for their sketches. Participants were randomly assigned to one of our 
four conditions (Tsrt × S1, Tdel × S1, Tsrt × S2, and Tdel × S2). Each 
participant was presented with their assigned design scenario and was 
given 5 minutes to explore the given dataset in a linked Google sheet. 
Once the 5 minutes were over, the participants were prompted to return 
to the interface and asked to brainstorm and sketch design ideas for 
35 minutes. Participants in the baseline timing (Tsrt ) condition were 
allowed access to the experiment interface immediately after the dataset 

Figure 2: A depiction of our experiment protocol focusing on the initial 
interview. After familiarizing themselves with the scenario description 
and dataset, participants begin the brainstorming process. Depending 
on the timing condition, participants are either provided with examples 
at the start of the process (Tsrt ) or asked to brainstorm ideas before 
introducing examples(Tdel ). 

exploration session. Participants in the delayed timing condition (Tdel ) 
were asked to begin the brainstorming activity immediately after the 
dataset exploration session. After 15 minutes of brainstorming, partic-
ipants in the delayed condition were given access to the experiment 
interface. Once participants were in the experiment interface, they 
could explore and interact with examples at their discretion. We asked 
the participants to bookmark relevant examples and to think aloud. 

Once the brainstorming session was complete, the experimenter 
asked the participants to select their top two designs. The experimenter 
then implemented these two designs asynchronously using Tableau, 
Data Illustrator [46], D3 [16], Vega-Lite [73], Charticulator [69], or 
Microsoft Excel at the experimenter’s discretion. A follow-up meeting 
was scheduled to collect feedback from the participants on the imple-
mented designs and to allow them to complete the exit interview. Both 
the initial interview and the follow-up interview took place remotely on 
Zoom, and each interview was audio and video recorded. Participants 
were compensated with a $20 gift card. 

4 QUANTIFYING CURATED EXAMPLES AND DESIGN OUT-
COMES 

In this work, our intention is not only to understand how our five factors 
influence visualization design but also to explore what aspects of the 
designs are measurable and how to measure the influence of examples 
on these aspects. Similar to prior work [51], we code the features of 
the examples in our corpus and the sketches produced by participants 
(Sec. 4.1). Subsequently, we use these codes to derive metrics that 
describe different properties of the example sets curated by participants 
(Sec. 4.2). Below, we discuss our coding process, derived metrics, and 
results of preliminary data evaluations. 

4.1 Coding Visualization Design Components 
We first performed qualitative coding to identify each visualization’s 
data types, marks, visual encodings, layouts, compositions, and an-
notations. One of the authors created an initial codebook based on 
surveys of existing visualization taxonomies [10, 23, 33, 47, 57, 66, 68]. 
A subset of 5 random examples was selected from the example corpus, 
and three authors independently coded the examples and met to discuss 
the generated codes and refine the code book. Once the codebook 
was finalized, the three coders independently coded the remaining 45 
examples and design sketches produced by participants. The coders 
achieved Krippendorff’s Alpha inter-rater reliability score of 0.85 [40]. 
Our codebook is included in the supplementary materials. 
Data Types. We capture the type of data attributes used in each visual-
ization using the data classifications provided by Mackinlay et al. [47] 
to code the quantitative-independent (qi), quantitative-dependent (qd), 
categorical (c), and categorical-date (cd) data attributes encoded in a de-
sign. We assign the index for each identified attribute as a concatenation 
of a suffix and unique identifier (e.g., qi1,qi2,c1). 
Marks. To understand the basic graphical marks used to represent 
data items, we coded the individual marks based on the taxonomy 
of graphical marks described by Heer [33] and Munzner [57]. This 
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Figure 3: An illustration of how example properties are calculated for a set of curated examples. Please read Sec. 4.2 for more details. 

includes marks such as points, rects, bars, lines, etc. We treat all 
graphical items with more than one mark as glyphs. 
Visual Encodings. We use Munzner’s taxonomy on visualization 
channels [57] to capture visual encodings. We capture each encod-
ing as a pair of the data attribute and the visual channel, e.g., if a 
quantitative-dependent variable is represented as position, we 
represent it as [qd1 − position]. 
Layouts. Certain visualizations present multiple marks together as 
a group and rely on the positions of these individual marks to en-
code data for that group. For instance, stacked bar charts are com-
posed of individual rect marks of varying lengths stacked together 
to form a single bar. At the time of performing this analysis, there 
is no comprehensive taxonomy on visualization layouts. As a re-
sult, the primary author surveyed papers [7, 23, 27] and documen-
tation of popular visualization languages [45, 73] and used this to 
generate a set of codes to represent the layout of marks within an 
example which includes stacked, layered, packing, treemap, 
radial, grouped, network, and branched. 
Annotations. Annotations are often used in visualizations to add 
context [25] or draw readers’ attention to specific parts of a visualiza-
tion [39, 42]. To code the annotations present in each example, we use 
Ren et al.’s design space exploration of annotated charts [68], which 
we augment with a newer taxonomy presented by Rahman et al. [66]. 
Composition. Composite visualizations consist of multiple views. For 
each composite visualization, we code individual views separately and 
rely on Javed and Elmqvist’s taxonomy [38] to capture the composition 
strategy used to combine the views into a single visualization. 
Visualization Type. Finally, we rely on Battle et.al.’s taxonomy [10] 
to capture the types of visualization[s]. 

4.2 Deriving Properties of Curated Example Set 
The codes generated from our analysis in Sec. 4.1 provide descriptive 
data on the features present in individual examples. However, we 
need quantitative metrics to describe the collective properties for the 
entire set of curated examples. We rely on heuristics provided in past 
literature on the factors that modulate examples influence to derive 
these metrics (see Sec. 2). Specifically, we focus on the quantity of 
curated examples and diversity of the entire example set. We also 
measure the similarity between the examples and the provided dataset 
captured in the schema_sim. and topic_sim.. 
Quantity of Curated Examples: Participants were asked to book-
mark examples they felt were relevant or inspiring during the example 
exploration stage. We also collected data on the examples that par-
ticipants interacted with (i.e., expanded to inspect additional details 
closely) to capture unintentional influences of examples they were ex-
posed to [50, 52]. Together, these bookmarked and expanded examples 
represent the set of curated examples produced by participants. 
Topic Similarity: We calculate how close the dataset topic matches 
the topic[s] of selected examples, which we call the topic_sim. 

of a curated example set. For each curated example, we ex-
tracted short descriptions of the visualization from their source 
website (these descriptions were also presented to participants dur-
ing the study). We use Open AI’s ChatGPT 3.5 [58] to gener-
ate topic summaries for each description, which were manually 
evaluated for correctness by the lead author. Our scenarios had 
the following data topics S_1:{global warming, temperature 
trends, data analysis} and S_2:{palm oil plantations, 
deforestation, land use}. The extracted topics for all examples 
and the scenario prompt provided to participants were embedded using 
sentence transformers [67]. We then compute the cosine similarity be-
tween the two embeddings for each example. The similarity scores are 
then normalized. For instance, in Fig. 3, a participant in the S1 scenario 
bookmarked examples img-003, img-010, and img-008, comparing 
the topic for each of these examples to the scenario topic produces 
a topic_sim. score of ≈ 0.4. Participants with scores closer to 1 
curated examples that are closer to their assigned scenario topic. 

Schema Similarity: We were also interested in examining if par-
ticipants selected examples with similar data schema to the dataset 
provided to them. For the two datasets used in the scenarios provided 
to participants, S1 had a data schema: {qi : 4,cd : 1}. While S2 had 
a data schema: {qi : 8,cd : 2,c : 4}. We computed a schema_sim. 
score between the participants’ assigned dataset and their curated ex-
ample set. Related work on schema matching has explored the use 
of data types and distributions [12], linguistic similarity within at-
tribute names [43, 49], and meta-data [48] to identify similarities be-
tween dataset schema. While we cannot access the underlying data 
for each example, we borrow techniques from past work and rely on 
the codes generated for data types in Sec. 4.1 to compute this met-
ric. We represent examples and scenario datasets as sets of unique 
data attributes x and y, respectively. We calculated the Jaccard In-
dex [36] {J(x,y) = |x ∩ y|/|x ∪ y|} between the data attributes in each 
example and scenario dataset. In Fig. 3, we can compare the data 
attributes for our scenario dataset for S1 to the attributes in our ex-
ample (ex)= {qi1,cd1,c2}. The overlapping attributes between these 
two would be S1∩ ex = {qi1,cd1}, the Jaccard Index of both sets of 
attributes, gives a schema_sim. score of 0.25. We normalized the 
scores to generate a single score between 0 and 1 per participant. Partic-
ipants with scores closer to 0 selected examples with less schema_sim. 
to the provided dataset and vice versa. 

Diversity: We compute the diversity of examples, which captures 
the explored solution space investigated by designers. Our analysis 
computes diversity by comparing the proportion of unique visualization 
components in curated example sets to the unique components in the 
entire example corpus. Our intuition is that curated example sets with a 
higher proportion of unique elements per component are more diverse 
than those with a lower proportion of coverage. 

For each set of curated examples, we itemize the unique ele-
ments for each visual component as identified in Sec. 4.1. This 
process is repeated for the entire example corpus provided to par-
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Figure 4: Distribution of scores for properties of curated examples based 
on the different experiment conditions in our study. 

ticipants. Fig. 3 shows a simplified version of this calculation: the 
curated examples contain mark : {bar},encodings : {qd − size,c − 
position,c − color} and the entire corpus of stimuli examples 
contains mark : {bar, line, point,circle},encodings : {qd − size,c − 
position,c − color,c − texture,qi − angle}. For each component, we 
calculate the ratio of elements in the curated example set to those in the 
example corpus. We then compute the diversity score by averaging 
the ratios, which is equivalent to assigning the same weights to each 
component ratio so that the maximum possible score is 1. 

4.2.1 Influence of Timing on Curated Examples Properties 
Participants curated an average of 7.7 examples (sd = 4.4), with av-
erage scores of ≈ 0.3 for topic_sim. (sd = 0.04) and schema_sim. 
(sd = 0.1), and ≈ 0.6 for diversity (sd = 0.18). Fig. 4 shows the 
distributions of scores across the three derived metrics by timing and 
design scenario. One participant did not bookmark or interact with 
any example during the experiment; data for this participant was ex-
cluded from the analysis. During our analysis, we found a high cor-
relation between the quantity of curated examples and diversity 
(r(29) = 0.86, p < .001). As a result, we exclude the quantity of curated 
examples for the rest of our analysis as the diversity of examples is 
a more meaningful measure. 

Timing influences curated examples’ data topic similarity To 
evaluate how the timing of example introduction may have influenced 
the properties of curated examples, we fit linear mixed effects models 
with the three calculated metrics (topic_sim., schema_sim., and 
diversity) as dependent variables, timing as the fixed effect and 
scenario as the random effect. Our analysis presents a statistically sig-
nificant effect of timing on the data topic_sim. (χ2(1) = 4.35, p = 
.037). Participants who saw examples at the start of the experiment 
are likely to curate examples whose data topics are 6% (β = .06) more 
similar to the dataset they are working on. We find no statistically 
significant result for timing on diversity and schema_sim. 

5 MEASURING DESIGN OUTCOMES AND ITS MODULATORS 

We conducted a series of quantitative analyses to identify what factors 
modulate the number of design outcomes produced by participants, the 
variety of design outcomes, and the number of ideas transferred from 
examples into designs. In this section, we discuss the data collected 
and the results of our analyses. 

5.1 Data Description 

A total of 128 sketches were produced by participants (µ = 4,sd = 1.8). 
Similar to our coding process described in Sec. 4.1, we labeled the 
components of each sketch created by participants. We observe that bar 
charts account for 25% of all examples bookmarked by participants, 
making them the most frequently curated examples. Similarly, we see 
that 33% of the sketches were bar charts as shown in Fig. 5b. We 
also find that position was the most commonly used visual channel, 
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Figure 5: Overview of components found in curated examples and design 
sketches produced by participants. “Other” contains the sum of all 
components with less than 5% of each group. 

making up 45% of all encodings used in the sketches and 40% in the 
curated examples (see figure Fig. 5a). Bar charts are commonly used by 
designers [8, 10], and their popularity may be a confounding factor for 
the types of designs participants produced during our experiment. We 
also considered that the designer’s experience could be a confounding 
factor in the designs produced across the experiment conditions. We 
account for this by including the number of years designers have spent 
creating visualizations in our analyses described in Sec. 5.2. 

We find significant overlap in components used in curated examples 
and design sketches; nonetheless, a few sketches deviate from this trend 
as they contain components not found in curated examples. For instance, 
we found sketches that use custom glyphs and icons as the primary 
marks and texture as an encoding, as seen in Fig. 5b. The sketches that 
participants produced also had more annotations and layouts than the 
curated examples and included compositions and interactions not found 
in curated examples, as shown in Fig. 6. 
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Figure 6: An overview of the style-related components found in curated 
examples and design sketches created by participants. 

5.2 Influence of Timing and Curated Examples On the 
Quantity and Variety of Designs 

We sought to explore the influence of timing and curated exam-
ple properties (diversity, schema_sim., and topic_sim.) on the 
quantity and variety of design outcomes. For example, does cu-
rating diverse examples lead to a higher number of designs and more 
design variety? Or might early exposure to examples lead to a decrease 



in the number and variety of designs? Here, quantity simply refers to 
the total sketches produced by participants. While variety measures 
the number of unique components (i.e., encodings, marks, etc., iden-
tified in Sec. 4) included in design sketches. We fit generalized linear 
mixed effects (GLME) models using timing as the fixed effect with 
participant’s design experience (i.e., years creating visualizations) as the 
random effect for each dependent variable: quantity and variety. 
An analysis of the intercepts of the GLME model which includes the 
scenario as a random effect, yields very small coefficients (≤ 0) for the 
scenario. This indicates no systematic effect from including the design 
scenario in the model. As such, a simpler model without the scenario 
is preferred. We report the results of these analyses below. 
Delay in introducing examples increases the quantity of designs cre-
ated by participants. We observe a significant effect of the timing on 
the quantity of designs produced (χ2(1) = 5.48, p = .019). Partici-
pants who were provided with examples at the start of the experiment 
(Tsrt ) produced (35%) fewer designs on average compared to partic-
ipants who were provided with examples after brainstorming (Tdel) 
ideas (β = −.43). These findings are consistent with prior work that 
finds a delay in introducing examples is more effective at improving 
the number of ideas produced while problem solving [56, 76]. 
Delay in introducing examples increases the variety of designs 
created by participants. On average, participants used 9 unique 
components in their designs (sd = 3.1). Likelihood ratio tests show a 
significant effect of timing on the variety of design ideas used by 
participants (χ2(1) = 4.54, p = .033). Participants who were provided 
with examples at the start of the experiment (Tsrt ) produced designs 
with 26% fewer unique components compared to participants who saw 
examples after brainstorming ideas. 
Example Properties do not influence the number or variety of de-
sign outcomes. To assess if curated examples influence the quantity 
and variety of design outcomes, we fit generalized linear models for 
the dependent variables with example properties as independent vari-
ables. We observe no significant effect of diversity, topic_sim., 
or schema_sim. on either quantity or variety of design outcomes. 

5.3 Influence of Curated Examples on Idea Transfer 

Part of our investigation includes exploring objective ways to measure 
the transfer of ideas from examples into final designs. In prior work, 
idea transfer was measured by simply counting overlapping features 
between examples and designs. However, this technique cannot be 
directly applied here as participants may have underlying biases towards 
certain designs based on their prior experience, evident in the prevalence 
of bar charts in the sketches produced by participants. This introduces 
a confounding factor that needs to be mitigated. 

Consequently, we made two accommodations in our analysis. First, 
there is no way to measure the pure influence of examples on designs 
for participants exposed to examples at the start of the brainstorming 
process. Hence, we do not include any of the sketches produced by par-
ticipants in the Tsrt condition. This brings our total number of sketches 
examined to 77, i.e., ≈ 60% of all sketches produced during the ex-
periment. Second, to account for participants’ prior knowledge, we 
assume that idea_transfer occurs only if a design component used 
in a sketch is also present in at least one of the examples bookmarked by 
a participant but not present in any of the sketches they created before 
exposure to examples. For instance, if a participant bookmarks example 
img-001, which has a quantitative dependent variable encoded as size 
(qd-size) and the same encoding is used in a new sketch(sk3) but not 
in any of the sketches they had previously created. We record qd-size 
as a component that has been transferred from img-001 into sk3. We 
found 41 instances of idea_transfer among 13 participants. 
Higher schema similarity leads to more transferred ideas. We 
considered how the properties of examples might influence the number 
and types of idea_transfer by participants. For instance, do higher 
diversity, schema_sim. and topic_sim. scores lead to a decrease 
in idea_transfer? We fit a generalized linear model to evaluate how 
the number of ideas transferred (dependent variable) is affected by the 
curated example set’s properties (independent variables). 

Our results show a significant effect between schema_sim. and the 
number of transferred ideas (d = 6.38, p = .02). These results indicate 
that it is likely that a unit increase in the schema_sim. of curated 
examples will result in an increase of 4.08 in the number of transferred 
ideas. We find no significant results for diversity or topic_sim. 

Section 5 Summary. 
We explored what and how factors such as the timing of ex-
ample introduction and the properties of curated examples 
influenced design outcomes. Our findings show that: 
• When examples are introduced after initial brainstorming of 

ideas, designers are likely to produce more designs and use 
a wider variety of visualization components in their designs. 

• Designers who curated more examples resembling their 
target data schema tend to copy more ideas from examples. 

We acknowledge that due to the small population of design-
ers in this exploratory study, further research is needed to 
validate the generalizability of these results. We discuss the 
implications of these findings for future work in Sec. 7. 

6 WHY AND HOW DESIGNERS INCORPORATE EXAMPLES 

In this section, we present the results of our qualitative analysis to un-
derstand designers’ behavior during the experiment and their rationale 
for using examples. Two coders independently coded video recordings 
of our interviews, capturing participants’ utterances related to the de-
sign process. One of the coders consolidated these codes, organizing 
them into clusters and then refining these clusters to identify emergent 
themes. Due to space considerations, we focus on two key themes from 
our analyses: the features influencing example usage and the forms 
of idea transfer. We also present a review of infeasible designs and 
participants’ reflections on implemented designs. 

6.1 What Example Features Influence Designers? 

6.1.1 Features that attract designers to examples 

Relatedness and uniqueness of the data presented in the example. 
The primary reason expressed by participants for choosing examples 
was the relationship between the data they wanted to present and that 
which is present in the examples. Participants often chose examples 
that were compatible with their data (n=6) or the examples presented 
the same data in a unique (n=3) or different way (n=6). 

Similarity in visualization tasks. Participants also selected examples 
that support similar task[s] (e.g., comparison, trend) to the task they 
were trying to present (n=7). P11, when looking at an example of 
a ridge-line plot (img-041) remarked “...this is something which we 
could leverage to try and distinguish the worst 5 years in terms of 
the temperature...I like this. This is like a combination of exactly 
comparison and annotation.” 

Similarity of design to prior ideas. Certain participants were inter-
ested in how close the visualization design was to designs they had 
already created. All but one of the 6 participants who expressed this 
sentiment had seen examples only after brainstorming ideas. These 
participants were attracted to examples not just for design similarities 
but also to see if the examples had additional design elements that 
could improve their original ideas. For instance, when P17 encountered 
img-10, they said, “Oh, this is like exactly what I did. Did they do 
anything better? They have annotations, ... instead of trying to put 
them on the Y-axis, they put a percentage of the total. That’s kind of use-
ful.”. P17 then proceeded to sketch out a new design that incorporates 
img-010. This revised sketch can be seen in Fig. 7b. 

Visual Composition. Participants also expressed that they were in-
fluenced by the composition of design elements used in the examples 
(n=23). These include the overlay of multiple visualizations in a single 
chart (n=6) or encoding choices used in the design (n=2). Participants 
were also drawn to the use of annotations (n=6), layouts of marks (n=4), 
color schemes (n=3), and general design aesthetics (n=2). 



Figure 7: A depiction of the forms of idea transfer identified in sketches produced by three participants who bookmarked the same example. In 
design replication, the entire example is copied, whereas, in partial transfer, participants copy either encodings or styles from the example. 

6.1.2 Features that deter designers from examples 

Confusing designs. Participants reject examples if they have diffi-
culty understanding what is being presented in the visualization (n=9). 
Participants described these examples as being “too complex”-P28, 

“confusing”-P10, P9, P28, or “unreadable”-P25. Sometimes, the confu-
sion may stem from a lack of clarity on how to apply the example to 
their data. For instance, P20 remarks on img-001 “I’m just worried 
that since temperature anomaly goes negative. That would confuse 
people a little bit. so I would have to find another way to show that...” 

Incompatibility with data. We observed that participants would reject 
example designs if the example is incompatible with the data they 
are working on. For instance, participants rejected examples if they 
had different data types (n=5) or if they felt the design would not 
represent temporal data properly (n=3). Participants would also reject 
examples if they could not mentally map the data they had to the data 
encodings (n=6). This could be because some data transformations 
must be performed to format the data or introduce new variables. 
Lack of inspiration. Finally, designers may reject the examples if 
they find the designs uninspiring (n=10). Participants often describe 
these designs as “not helpful”. Participants expressed that they found 
designs to be uninspiring when they were too similar to the ideas 
they had already brainstormed or were designs they had encountered 
a lot. One participant said, “I’ve seen this visualization or similar 
visualization before. I don’t tend to see as much value in this as the 
visualization we just did [referring to their sketch]” -P15 

6.2 Forms of Idea Transfer 

We were interested in understanding how designers transferred ideas 
from examples into their designs. We evaluated the 41 instances of idea 
transfer we identified in Sec. 5.3 and reviewed notes taken during the 
experiment. Our observations reveal two forms of idea transfer. 

Partial Idea Transfer. We observed that participants selected indi-
vidual features from one or more examples to incorporate into their 
designs. This behavior has been observed in earlier work where vi-
sualization designers describe selecting and merging ideas into their 
designs [9]. Here, we distinguish between features that specify the 
parameters for binding data to graphical components i.e., encodings 
(visual encodings and marks), and those that focus on the presentation 
of these features within the sketch, i.e., styles (layout, composition, and 
annotations). We found 23 instances of idea transfer, which involved 
participants copying encodings from examples into their sketches. We 
call this encoding level transfer, and an example of this can be seen 
in Fig. 7c where a bookmarked example (img-010) has encoded the 
total deforested land as the size of the bars (qd-size) which partici-
pant P18 copied to denote the total deforested hectares in their sketch. 
We found 18 instances of style-level idea transfer in our participants’ 
sketches. The most common form of style-level transfer was copying 
text and shape annotations as shown in Fig. 7c. 

Design Replication. We observed situations where participants copied 
entire designs from examples. In this form of idea transfer, participants 
replicated examples, only substituting the data used. An instance of 
this is shown in Fig. 7b where P17 copied example img-010. 13 
participants engaged in this behavior, producing 21 sketches where 
entire designs were replicated. Participants often remarked interest in 
these designs because the examples presented data in clever, useful, and 
appealing forms they hadn’t considered. For instance, P22, who copied 
example img-012 remarked: “It’s an interesting way of visualizing 
color, making it appealing to the eye and interesting to look at... That’s 
pretty visually interesting. It almost looks like mountains and sunsets”. 
Two participants recalled examples they had seen in the past which 
were not part of the stimuli corpus and replicated these examples. This 
behavior of long-term recollection of examples has been reported in 
prior work [9, 50]. 

6.3 Reflecting on Implemented Designs 
As part of our experiment, we implemented a subset of the design 
sketches created by participants. We present our observations on the 
feasibility of these designs as well as participants’ reflections. 
Infeasible Designs. A total of 64 designs were selected by participants, 
for implementation. However, not all designs selected by participants 
were successfully implemented; we classify these as infeasible designs 
(n=7) and successfully implemented designs as feasible designs (n=57). 
We find that a mismatch between the intended visualization form and 
the data primarily caused infeasible designs. An example of this type 
of mismatch is when P2 wanted a Sankey diagram that showed the 
flow of crop oil production to the total land used for the specific crop 
and the total deforested land, faceted by a grouping of years (before 
and after 1996). Given the dataset provided to this participant, the 
data transformation needed to prepare the data for this design was 
impractical as the data provided to them for the causes of deforested 
land did not include association with the crops. We also observed 3 
cases of infeasible designs resulting from participants using data not 
provided in the dataset to create their designs. For example, P21 wanted 
to contrast temperature change influenced by human activity with ex-
pected temperature change without human influence. Overall, these 
infeasible designs reflect a lack of understanding of data constraints 
and abstractions, echoing observations made by Bigelow et al. [13]. All 
infeasible design sketches are included in our supplementary materials. 
Reflections on implemented Designs. In follow-up interviews, par-
ticipants were surprised to find that the implemented versions of their 
designs differed from their original sketches. For some participants, this 
unforeseen difference was positive (n=6) because the perceived data 
distributions or changes were not as drastic as they thought. For others, 
these differences highlighted design issues they had not considered, 
such as plotting two attributes with different domains on the same axis. 
Some participants described their designs as distracting (n=4) or too 
complex (n=4) or inappropriate for the given task (n=3). 

https://osf.io/5epmc


Section 6 Summary. 
We sought to understand designers’ rationale for selecting rel-
evant examples and their thought processes during the design 
process. Our findings confirm our quantitative results that 
designers select examples based on the similarity between the 
example data and their own data. However, we find other 
features that were not previously considered, such as the simi-
larity in tasks, the visual composition, and the complexity of 
designs. Furthermore, we identify two forms of idea transfer, 
i.e., the partial transfer of ideas and design replication. Finally, 
participants’ reflections on implemented designs highlight the 
intricacies involved in the iterative evaluation and refinement 
of visualization designs. 

7 DISCUSSION AND FUTURE WORK 

This paper presents an exploratory study addressing critical questions 
about the influence of examples on design outcomes. Our investigation 
reveals that the data schema similarity and timing of example intro-
duction significantly impact how designers curate and extract ideas 
from examples. We also uncover insights into designers’ rationale for 
selecting examples and how ideas are incorporated into designs. We 
present discussions on implications for visualization designers, future 
research directions, and the limitations of our study. 

7.1 Implications for Visualization Designers 

Enhancing design diversity with timed example introduction. A 
major finding of our work is that delaying the introduction of examples 
increases both the number and variety of designs. Designers may bene-
fit more from using examples after initial brainstorming rather than to 
jumpstart the design process. This approach expands the space of ex-
plored ideas, allowing them to merge new concepts and reduce fixation. 
Furthermore, data visualization educators can adopt this strategy by 
delaying the use of examples during class exercises, allowing students 
to brainstorm first before incorporating variations from examples. 

Considerations for incorporating example properties into designs. 
Participants often noted a mismatch between their initial design 
sketches and final implementations due to data-task incompatibility 
and overly complex or confusing designs. This issue was especially 
pronounced for those who fixated on certain examples and tried to 
force their data to fit those examples. It is important that when using 
examples, designers first evaluate example property dimensions such 
as data compatibility, visualization components, and design complexity. 
Understanding the interactions of these properties and their impact on 
design feasibility and comprehension could lead to more appropriate 
idea transference and better design outcomes. 

7.2 Implications for Future Research 

Investigating emergent factors. Based on our analysis of participants’ 
rationale for choosing examples, we find 3 new factors that researchers 
had not previously evaluated: the similarity of visual tasks, prior design 
ideas and preferences, and the visual composition of designs. Future 
work is needed to investigate how to capture these properties and mea-
sure their potential influence on design outcomes. This is particularly 
important for eliciting design preferences, as we observed during our 
study that designers struggle to verbalize their design intent. 

Developing metrics to quantify example properties. As part of our 
analysis, we needed to develop metrics to quantify the properties of 
selected examples in terms of their topic and schematic relatedness to 
datasets, as well as the diversity of designs. We did not find sufficient 
guidelines in the visualization literature on developing such metrics, 
especially for the diversity of designs. In this work, we rely on the 
underlying visual and data components to generate scores and opt for 
simple methods for metric calculation. However, these techniques are 
exploratory and based on intuition. More work is needed to evaluate 
new methods for measuring design diversity. 

While developing the code book for identifying the components of 
designs, we also found gaps in the literature on taxonomies for describ-
ing the layout of marks within a visualization. As a result, our codes 
for evaluating the layout of visual designs may not be comprehensive 
as we had to survey a limited set of literature to extract these codes. 
We encourage the visualization community to look into how we can 
develop more comprehensive taxonomies for visualization layouts. 
Analogical Inspiration for Visualization Design. In this study, we 
focus on understanding how existing visualization examples influence 
design outcomes. However, inspiration for designs is not restricted 
to visualization examples but can also come from artifacts found in 
nature, art, or physical objects around us. Prior research has shown that 
examples from fields not closely related to the design task influence 
the novelty and quality of design outcomes [14, 15, 21]. These works 
show the potential of augmenting ideation with analogical examples 
to promote the creation of new and unique concepts. Untangling the 
influences of analogical inspiration on visualization design outcomes is 
an interesting direction for future research. 
Studying design iterations. During the experiment, we asked partic-
ipants to sketch the design ideas they generated as they explored the 
dataset and stimuli examples. These design sketches are the by-product 
of the brainstorming exercises and represent the first iteration of visu-
alization designs. Prior work has identified that visualization design 
requires multiple iterations before a final design is produced [79]. Our 
work only captures the first iteration of the design process; future work 
could consider a long-term study design where the experimenter and 
participants could implement and iterate on multiple designs. Nonethe-
less, our results present novel perspectives on using examples during 
the design process. Since we have identified that a delay in introducing 
examples significantly increases design ideas, future work can explore 
using examples to support the different design stages. For instance, as 
a designer creates a visualization design, can we provide suggestions 
of alternative designs that may be more suited for their selected data 
attributes and assumed design task? 

7.3 Limitations of Our Study 

We acknowledge that our choice to limit participants to only 50 curated 
examples introduces limitations to our study design as it does not ac-
curately reflect the real-world example search process for designers. 
However, we had to make concessions to have our study design be as 
close to Smith et al.’s protocol as possible. Additionally, both design 
scenarios in our work are about communicating insights, and we did 
not study the influence of examples on the design of visualizations for 
data exploration or analysis. Visualizations often need to be interactive 
to support analytic tasks. Quantifying and evaluating interaction design 
is beyond the scope of this work, and future research is needed to 
investigate this interesting direction. Finally, we considered the partici-
pants’ design experience based on their years of experience creating 
data visualizations. However, this is not a comprehensive measure of 
design experience. Our future work will examine the development of 
more robust measures of design experience. 

8 CONCLUSION 

This paper presents an exploratory study addressing critical questions 
about the influence of examples on design outcomes. Our findings show 
that a delayed introduction of examples leads to increased design ideas 
and the number of ideas transferred from examples is influenced by 
the similarity between datasets. We identify two forms of idea transfer: 
the partial transfer of encoding or style-based ideas and visualization 
replication. We shed light on salient features that influence the selection 
of examples, such as the underlying visual tasks and compositions of 
designs. Finally, we present how this work informs opportunities for 
future research on example-based visualization design. 
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