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ABSTRACT E-commerce marketplace platforms rely increasingly on digital advertising to drive merchant
sales, yet existing analytics tools often fail to provide contextual insights that connect advertising perfor-
mance with actionable business strategies. This paper introduces ECommVis, a visual analytics platform
designed to address the gap between complex advertising metrics and merchant decision-making in e-
commerce marketplaces. ECommVis integrates five complementary visualization components that provide
temporal, spatial, and comparative perspectives on advertising performance: Orders Over Time (OS) tracks
historical organic versus ad-driven sales through adjustable time frames; Geospatial Interactions (GS)
visualizes spatial performance patterns using hexagonal grid mapping; Merchant Metrics (MC) displays
advertising KPIs via interactive stacked charts correlating budget with engagement; Interactions by Weekday
and Shift (HM) identifies optimal advertising windows across daily shifts and weekday patterns; and Time
Period Comparison (TP) benchmarks campaigns across time frames using correlation, trend, and search term
analyses. We demonstrate the usefulness and effectiveness of ECommVis through two usage scenarios and a

user study with 11 participants.

INDEX TERMS Advertising performance, visual analytics, online marketplace.

I. INTRODUCTION
In today’s hyper-competitive digital marketplace, e-commerce
platforms have evolved from online stores to complex ecosys-
tems that connect providers, consumers, and system operators
through sophisticated technological infrastructures [1]. Global
e-commerce sales have reached multi-trillion dollar levels
in recent years, accounting for a significant and growing
share of worldwide retail sales [2], [3]. This exponential
growth, accelerated by global shifts in consumer behavior,
has intensified the need for analytics capabilities that sup-
port decision-making across stakeholders within these digital
ecosystems [4].

E-commerce platforms exemplify environments where data
analytics directly drive critical business choices. Platform

developers employ analytics to improve discovery algorithms
and guide design decisions, while providers (sellers) rely on
analytics to enhance visibility and product positioning to-
wards customers [5]. This three-part framework of system,
provider, and user perspectives highlights the interdependen-
cies shaping value creation in digital marketplaces [6]. At
the same time, platform dynamics often generate superstar
effects, where a few top products dominate sales. These ef-
fects may result either from amplified quality signals and
social consumption [7] or from algorithmic prioritization of
customer engagement at the expense of seller fairness [8].
Adpvertising in e-commerce platforms represents a criti-
cal lever for balancing these forces, merging technological
capabilities, business strategy, and user experience. System
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operators must weigh revenue optimization against platform
integrity, while providers—ranging from small merchants to
large brands—use advertising as a mechanism to gain vis-
ibility and drive sales in competitive environments [9]. By
offering placement opportunities, advertising allows small
sellers to reach customers more effectively, expanding prod-
uct diversity and strengthening the long-tail phenomenon in
online retail [10].

The literature demonstrates that descriptive analytics and
visualization enhance both marketing and e-commerce per-
formance, enabling more effective decisions and improved
customer satisfaction [11]. Analytics-driven advertising fur-
ther boosts performance, yielding higher revenues, increased
customer acquisition, and stronger repeat business [12]. Yet
widely used tools such as Google Analytics often provide
generic dashboards rather than contextual insights tailored to
specific business environments [13].

To address this gap, our research introduces ECommVis,
an analytics system designed to support providers in opti-
mizing advertising campaigns on e-commerce platforms. We
present two usage scenarios based on real data from a food
delivery marketplace and a comprehensive expert evaluation,
which highlight ECommVis’s advantages in contextual anal-
ysis, responsiveness, and independence from paid external
services. These results underscore the potential of domain-
specific visualization to enhance transparency, effectiveness,
and engagement in digital marketplaces.

Il. RELATED WORK

A. DIGITAL PLATFORMS

Digital platforms have become critical infrastructure for eco-
nomic and social activity, generating new research questions
as platform innovation and architectural complexity expand.
These platforms rely on modern IT stacks, cloud services, in-
memory databases, and analytics to scale and support diverse
industry applications [14], [15]. In e-commerce, platforms
intermediate transactions between providers and customers,
shaping ecosystem interactions (platform- vs product-based)
and enforcing governance rules determined by ownership—
e.g., Airbnb and Uber [16], [17].

E-commerce marketplaces produce massive volumes of be-
havioral and sales data that platforms can algorithmically
analyze to generate market intelligence for merchants. While
platforms can provide data invisible to individual sellers, dis-
tributing analytics back to sellers, especially when merchants
also share data, can materially improve seller outcomes and
overall platform value [18], [19].

B. ADVERTISING IN DIGITAL PLATFORMS

In competitive digital marketplaces, sellers rely heavily on
advertising to acquire and retain customers. Advertising con-
nects promotional initiatives directly to purchasing decisions
and is now a critical revenue stream for both sellers and
platform operators [20], [21]. Marketplaces typically combine
multiple fee structures—Ilisting fees, sales commissions, and
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optional advertising fees—linked to metrics such as impres-
sions (CPM), clicks (CPC), or actions (CPA). By purchasing
visibility in search rankings or results pages, sellers enhance
product discovery, while platforms monetize access to these
top placements.

Two major forms of marketplace advertising dominate:
search and display. Search advertising integrates promotions
into consumer queries, making ads more relevant and effective
than traditional formats [21]. Display advertising—ranging
from banners to video—enables behavioral targeting and
personalization, aligning offers with consumer preferences
through audience segmentation [22]. Both forms not only
boost sales and visibility but also reinforce customer loyalty
and repeat engagement, underscoring advertising’s dual role
as a discovery mechanism and a driver of sustained platform
growth.

C. AD PERFORMANCE ANALYTICS

Measuring advertising effectiveness has become a strategic
necessity in digital marketplaces, where performance indica-
tors drive campaign evaluation and investment returns [23].
Modern analytics platforms enable advertisers to uncover
consumer behavioral patterns, identify market opportunities,
and optimize revenue generation. Increasingly, artificial in-
telligence (Al) enhances targeting precision and message
personalization by integrating consumer and advertiser data,
though the opacity of these algorithmic processes often re-
duces transparency and user trust [24], [25]. As a result,
advertisers may focus more on optimizing interaction met-
rics than understanding placement mechanics, even though
research shows that market orientation and analytics adoption
are strongly correlated with campaign success [26], [27].

Digital marketplace advertising further benefits from data-
driven insights into consumer histories and geographic pat-
terns, enabling predictive modeling of future purchases [26].
Advanced analytics can significantly boost retailer perfor-
mance, but access is not easy: platforms often retain control of
key performance data and metrics, creating asymmetries that
limit smaller sellers’ capabilities [19], [28], [29]. Information
control is tightly linked to pricing structures, where access and
exchange form the basis for value creation across participants,
while barriers such as tool awareness, resource constraints,
and implementation costs hinder widespread analytics adop-
tion [18].

Visualization plays a critical role in translating complex
advertising data into actionable insights. Dashboards provide
interactive interfaces that allow advertisers to monitor cam-
paigns, adjust parameters, and reallocate budgets in response
to performance feedback [5], [30], [31]. Beyond generic
solutions such as Google Analytics, researchers emphasize
the need for domain-specific dashboards that reflect contex-
tual requirements of different business environments [13].
Without such adaptation, standardized tools risk delivering
overwhelming or insufficiently relevant information [32].

Overall, effective ad performance analytics depends on
both technological capability and contextual fit. While
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FIGURE 1. An overview of the e-commerce workflow, highlighting the
process of a merchant participating in an ad campaign, the interactions
users have with the merchant, and the analysis conducted by merchant
stakeholders to evaluate campaign performance.

Al-driven systems and advanced visualization tools promise
substantial benefits, their potential is often constrained by
opacity, data asymmetries, and organizational barriers. Ad-
dressing these challenges remains central to enabling adver-
tisers, particularly smaller enterprises, to fully capitalize on
digital marketplace advertising opportunities.

1Il. REQUIREMENTS AND TASKS

A. E-COMMERCE WORKFLOW

This study focuses on e-commerce interactions, particularly
merchants operating within a food delivery platform. The plat-
form features various components, including rankings, search
systems, lists, and interactive cards, which customers use
to discover and connect with merchants and their products.
An advertising system within the platform allows enrolled
merchants to secure top placements in these components,
enhancing their visibility and making it easier for customers
to discover them. The system’s performance page shows a
summarized version of merchants’ key ad metrics over time.

Advertisement campaigns operate on a budget-based sys-
tem, where the budget is deducted whenever a merchant
secures a top placement (ad impression) and a customer clicks
on the ad (ad click). These top placements, referred to as
ad-positioning, are labeled for customers and appear as the
leading results in interactive platform components, such as the
top rankings on the home page or the first positions in search
results. Fig. 1 illustrates the workflow outlining the steps a
merchant stakeholder takes during an advertisement campaign
contract between the merchant and the e-commerce platform,
and subsequent customer interactions on the platform.

After the campaign has been active for some time, the
stakeholder analyzes the merchant’s performance data to
assess whether the advertisement has enhanced business per-
formance. Typically, this step involves examining historical
changes in engagement metrics like clicks and sales or evalu-
ating shifts in sales patterns during the ad campaign. Relevant
ad metrics are described in Table 1. With ECommVis, the
stakeholder gains comprehensive insights into how advertise-
ments (ads) impact customer interactions with the merchant,
utilizing new geospatial and temporal granularities to orga-
nize interaction data. Additionally, it allows stakeholders to
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TABLE 1. List of Metrics Used and Their Definitions

Metric Definition

Ad impression Instance when an advertisement is displayed to a user
Ad click User clicking on an advertisement

CTR Percentage of users who click on an ad after seeing it

. Percentage of users who place an order after clicking
Conversion rate .
on an advertisement

Ad campaign financial allocation, expressed as
Ad budget . .
potential ad click volume

. Number of ad clicks that were not used within
Unused ad clicks
the ad budget

GMV Total monetary value of all orders processed
through the platform

compare the merchant’s performance with the average com-
petitor. Once the ECommVis analysis is complete, the stake-
holder can determine the campaign’s success and consolidate
insights to enhance the merchant’s performance further.

B. THE PROPOSED PLATFORM REQUIREMENTS

The food delivery platform surveyed merchant stakeholders
to gather insights on their perception of the effectiveness of
the advertising campaign. Merchant stakeholders provided
predominantly neutral or negative feedback when asked about
the current performance page. They expressed concerns that
“advertising doesn’t appear to impact sales numbers” and
complained that “the page fails to distinguish between ad-
generated sales and organic transactions clearly.”

After examining the challenges faced by merchant stake-
holders, such as drawbacks in their current systems, and
consulting with platform specialists, we identified issues re-
lated to effective advertisement performance analysis. Based
on these insights, we developed the following requirements
that our proposed platform’s components must explicitly
meet.

RI: Identify variations in the merchant’s performance re-
sulting from advertising.

R2: Compare various aspects across different periods of
historical performance, including conversion and click met-
rics, efficiency of advertising channels, and budget allocation.

R3: Obtain relevant metrics associated with the advertise-
ment e-commerce and marketplace sector, such as return on
investment, cost per click, ad engagement metrics, and rev-
enue over time.

R4: Enable performance benchmarking against average
competitors.

C. DESIGN TASKS
Following the assessment of each requirement, four visu-
alization tasks were developed to guide the design and
development of the new platform ECommVis.

T1: The platform should provide an overview of the his-
torical evolution of orders segmented by origin (organic or
ads) (R1) and include competitors’ metrics (R4). This involves
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clearly displaying aggregated order metrics with distinct gran-
ularity for organic and advertisement orders, highlighting the
ad campaign’s impact on overall sales (R3). Additionally,
showcasing competitors’ aggregated sales metrics allows for
meaningful comparison.

T2: The ECommVis platform should offer clear evolution
graphs of engagement metrics relevant to the advertisement
domain (R3), illustrating both the merchant’s and competi-
tors’ aggregated performance (R4).

T3: The platform must feature an overview of geospatial
merchant performance in comparison to competitors (R4).

T4: The platform must facilitate comparison across differ-
ent timestamps of historical performance data (R1, R2, R3).
This allows stakeholders to infer valuable information from
the ad campaign duration, identify past trends, and gain in-
sights applicable to current scenarios.

IV. ECOMMVIS

The primary ECommVis user, referred to as the merchant
stakeholder, typically falls into one of two roles. The first
role includes individuals involved in merchant management,
such as account managers or commercial analysts/consultants,
aiming to boost sales through ad campaigns and assess their
impact on merchant performance. The second role involves
scientists or analysts from the e-commerce platform, seek-
ing to understand the effect of advertisements on merchant
sales and enhance the advertising campaign as a product for
merchants. Both roles are familiar with advertising and e-
commerce metrics.

In ECommVis, the distinction between the two roles is
based on the merchant data displayed. By default, ECom-
mVis only displays data from a single merchant. However, if
needed, analysts can input data from various sources into the
system, allowing them access to the performance of multiple
merchants.

A. DATA SET

ECommVis input data includes ad performance metrics from
a merchant on an online e-commerce platform. As stated, this
study focuses on data from a food delivery platform, analyzing
interaction data from merchants who participated in advertis-
ing campaigns offered by the platform.

The data set includes customer interactions like impres-
sions, clicks, and orders with timestamps, noting whether
each was “organic” or “ad-based.” Advertising info includes
the campaign’s active period and the merchant’s advertising
budget. It identifies users who interacted with the merchant
and details sales data. It also covers platform metrics such
as the merchant’s ranking and search results position, the in-
terface component displaying the merchant (e.g., home page,
contextual product list), and search terms employed by users
to find the merchant. The final analysis excludes interactions
involving missing values. Fig. 2 summarizes all relevant data
sources.

ECommVis also utilizes similar data from the merchant’s
competitors. Competitor identification was determined
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FIGURE 2. Schema for relevant merchant and user data sources, with the
advertising campaign, merchant, and customer interactions.

TABLE 2. ECommVis Components and Respective Tasks. Abbreviations:
0S = Orders Over Time, GS = Geospatial Interactions, MC = Merchant
Metrics, HM = Interactions by Weekday and Shift, TP = Time Period
Comparison.

Components Task 1 Task 2 Task 3  Task 4
(o] v v v
GS v

MC v v
HM v

TP v

through three key attributes: dish category, geographic
location, and business scale. For instance, two merchants can
be considered competitors if they both operate Italian cuisine
restaurants with comparable monthly order volumes within
the same city. Importantly, the algorithms used to identify
competitors are not central to the study, and all competitor
data is aggregated and anonymized, making it impossible for
system users to identify them. The system prioritizes self-
performance analysis over competitor profiling, ensuring that
aggregated benchmarks remain informative without exposing
sensitive business metrics from other individual merchants.

Lastly, although most of the dataset was sourced from the
e-commerce company’s consolidated databases, data manip-
ulation was necessary to format it for ECommVis layouts.
The system uses a simple ETL process that ingests multiple
data sources and produces all required outputs. This work-
flow can be automated using the same mechanisms already
in place for other data generation pipelines. That way, sepa-
rate datasets for advertising information, merchant profiling,
and user interactions across various platform components are
easily transformed to align with ECommVis’s unified and
individual views.

B. VISUAL DESIGN

This section outlines the visual features designed to aid our
tasks and how the integration of the system components is
carried out, as shown in Table 2. The open vertical interface
of one page, characterized as an analytic dashboard, con-
sists of an overview feature, main components (“Orders over
time” (OS), “Geospatial interactions” (GS), “Merchant met-
rics” (MC), and “Interactions by weekday and shift” (HM))
— these are illustrated in Fig. 3, and a final “Time period
comparison” component (TP), illustrated in Fig. 4. The design
aligns with industry-standard patterns, featuring an interactive
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overview for period selection, followed by general data and
visualizations detailing advertising performance, similar to a
single-merchant performance report.

The “Overview” feature includes an interactive time pe-
riod selection (Fig. 3(a)) that influences all system layouts
as an interactive filter. The visual encoding shows key per-
formance metrics like order volumes and advertising results
as single values for the period, benchmarked against com-
petitor averages (Fig. 3(b)). The “Orders over time” layout
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(OS) (Fig. 3(c)) highlights historical sales performance across
various timestamps (T4), focusing on the impact of the ad-
vertisement campaign (T2). The bars are segmented to show
orders from organic sources versus ad discovery, enabling
analysis of the advertisement’s effect on total orders (T1).

Additionally, data on competitor averages is provided for
each metric. The “Metric” widget at the top of the layout
visualizes two performance-related variables: the change in
advertisement orders from new customers (users with no prior
orders from that merchant) and from returning customers
(customers with at least one previous order from that mer-
chant). This allows for an understanding of how many new
customers were attracted by the ad placements and how many
existing customers were retained. The “Time” widget in the
top right corner allows adjustments to the x-axis time aggrega-
tion, defaulting to ‘week’, but also offering ‘month” and ‘day’
options to help analyze performance changes over different
time periods. The gear icon provides visual configuration op-
tions for the layout, including sliders to adjust the opacity
of bars or lines and an option to hide date labels on the
X-axis.

The “Geospatial interactions” layout (GS) visually orga-
nizes performance data by density across grid cells within
a specified territory (T3). In the context of a food delivery
operation, merchant orders are typically concentrated within
city boundaries, allowing for hexagonal resolution equivalent
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to aneighborhood. Fig. 3(d) displays the default layout config-
uration, where the red circle represents the merchant location
and the color scale represents the number of advertisement
orders in each grid cell, based on order data from the entire pe-
riod selected in the Overview feature. A white background is
used, instead of a Mapbox, to preserve merchant information.
Similarly to the previous layout, the “Metric” widget at the top
allows visualization of two additional performance variables.
The first one is the total number of orders (both organic and
advertisement), akin to the default configuration. The second
compares the performance with the average of competitors,
classified as inferior, balanced, or superior. In areas where the
merchant exceeds competitors in orders, a superior label is as-
signed with a blue color. This provides a spatial understanding
of performance, highlighting areas where the merchant out-
performs competitors. The “Time” widget allows for changing
the analyzed period, with an option to view data by “Month”
for successive months. The gear icon offers a minor visual
adjustment for the opacity of hexagons.

The “Merchant metrics” layout (MC) (Fig. 3(e)) features
two stacked line charts displaying advertisement and per-
formance metrics (T2) across various timestamps (T4). Two
widgets at the top allow selection of metrics represented in
the charts, such as the number of clicks, CTR (click-through
rate), conversion rate, etc. Positioning the charts one above
the other facilitates the correlation between metrics, such
as unused advertisement clicks and the ad budget spent. It
also enables comparison of growth or stagnation performance
trends against competitor averages. This design is simple,
user-friendly, and aligns with dashboard standards for illus-
trating performance over time. The “Time” widget in the top
right corner allows adjustments to the x-axis time aggregation,
defaulting to ‘week’, with an option for ‘day’ configuration, to
identify short-term performance fluctuations and detect time-
specific anomalies.

The “Interactions by weekday and shift” layout (HM)
(Fig. 3(f)) features a heatmap of click performance across
each day of the week (x-axis) and daily shifts (y-axis).
Alongside, bar charts on each axis display aggregated click
performance without heatmap segmentation, offering finer
granularity. This heatmap is particularly beneficial in the food
delivery sector, where customer behavior is heavily influenced
by time and day. It helps identifying optimal advertisement
times (breakfast, lunch, dinner) or days of the week, consider-
ing factors like merchants being unavailable on specific days
(e.g., Mondays) and the increased consumption typically seen
on weekends. The “Entity” widget at the top of the layout
allows for viewing the merchant or the competitors’ average,
while the “Metric” widget on the top right provides a detailed
view of click performance by segmenting the metric into total
clicks, organic clicks, or advertisement clicks (T1).

The “Time period comparison” component is uniquely
structured, independent of the global period configuration in
the “Overview” component. It facilitates direct performance
comparisons between two advertising periods (T4), referred
to as “reference” and “baseline”, with baseline defaulting to

460

the previous period. Users choose a time window (in days)
and a starting day for each period. The period selection is
managed through a window to ensure consistent day counts
across periods (Fig. 4(a)). Once selected, three layouts present
comparison details on advertisement metrics.

The first layout (Fig. 4(b)) is a table summary showcasing
key metrics, including the number of impressions, clicks, and
orders related to the advertisement campaign, along with all
organic metrics. It directly contrasts the metrics from both
periods (T4), using a green-red color scale to indicate in-
creases or decreases. The second layout (Fig. 4(c)) is the
metrics line chart, similar to the “Merchant metrics” layout
(MCQ). It features two vertical subplot charts that facilitate
correlational analysis between sequential timestamps. This
layout emphasizes performance differences between the base-
line and reference periods (T4), displaying moving averages
for weekly values. Additionally, the slope chart highlights
variations in each period, while dashed lines provide detailed,
discriminated values.

The third layout (Fig. 4(d)) is the search performance lay-
out, represented with a vertical subplot and linked to the
binary analysis of Reference vs. Baseline periods (T4) and
Advertisement vs. Organic interactions. It uses bar charts to
display search terms used by users to interact with the mer-
chant, whether through top placement or organic ranking. We
note that the figure displays masked search terms to protect the
merchant’s identity. In addition, it shows the conversion rate
for each term, allowing us to identify if certain terms result
in better conversion rates, even if they are less frequently
used by customers. In the default configuration (Reference vs.
Baseline), each subplot directly compares the performance of
these two periods. The top plot represents only advertisement
interactions, while the bottom plot shows organic interactions.
The widget at the top allows for changes to this hierarchical
setup. The “Ads vs. Organic” option instead compares adver-
tisement with organic interactions, with the top plot focusing
on the reference period and the bottom one on the baseline pe-
riod. This configuration enhances the flexibility of the period
analysis.

C. DESIGN CHOICES

ECommVis features a single-page interface that functions as
an interactive performance dashboard, eliminating complex
navigation by centralizing essential information in one view.
The design principles follow established dashboard patterns,
prioritizing clarity and minimalism. The interface presents
one component at a time in a stratified layout, with charts
arranged symmetrically and grouped by attributes to reduce
visual clutter.

Recognizing that users aren’t visualization experts, perfor-
mance data appears in consolidated yet simple formats, such
as bar and line charts or as clear visual indicators. Geospa-
tial information utilizes hexagonal grid cells on maps, while
heatmaps display performance metrics with daily granularity,
incorporating appropriate time shifts for each weekday. All
layouts control screen space through parameterization, with
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select components offering meta information that briefly de-
scribes layout elements. Tabular formats were limited to the
TP summary, as the design prioritized trend visibility over
raw data exploration. Complex visualizations like parallel
coordinates and networks were omitted to avoid analytical
complexity, particularly since the data lacked multidimen-
sional characteristics.

The color palette maintains consistent patterns across the
system, enhancing readability and highlighting key metrics.
Merchant data appears in blue tones, dark blue for organic
sales and light blue for ad sales, while competitor data is
consistently highlighted in orange. Positive variations appear
in green and negative in red, with additional visual indicators
ensuring increases and decreases remain distinguishable for
colorblind users (e.g., arrows in Fig. 3(b)).

D. IMPLEMENTATION DETAILS

ECommVis was developed in Python, using Plotly to model
most charts, and Uber’s H3 to represent geospatial data on
choropleth maps. The web application layout is built with
Shiny, and the online system is hosted via Shinyapps. The
data used in ECommVis consists of tabular e-commerce
data, with advertising campaign information stored with daily
timestamps. For user interactions, hourly data and geospatial
information (latitude and longitude) are required. ECommVis
is available at https://github.com/henrique-gino/ecommvis.

V. USAGE SCENARIOS

The two usage scenarios described in this section demonstrate
how ECommVis can be employed to analyze performance
data and thus aid strategic decision-making for improved
e-commerce outcomes. Both cases involve analyzing perfor-
mance data from April 2024 to the end of August 2024.

A. MERCHANT 1

In this usage scenario, the merchant is a medium-to-large-
sized restaurant that regularly implements advertisement cam-
paigns on the food delivery platform. By early 2024, it had
already integrated advertisements into its strategy. Setting the
overview period from April 1 to Aug. 30, 2024, provides
a clear picture of the merchant’s performance, particularly
regarding advertisement metrics. During this period, the mer-
chant achieved 1,802 orders through advertisement, averaging
about 12 ad orders daily. Compared to the average of direct
competitors (943 ad orders per individual competitor), the
merchant had a significantly higher number of ad-driven or-
ders (nearly +200% increase), despite a minimal difference in
the cost per order metric (+0.4%).

Examining the monthly performance in the “Orders over
time” (OS) layout (Fig. 5(a)), it becomes evident that in April,
competitors averaged the same number of total orders (top
chart). However, this gap widened in the following months.
This change can be attributed mainly to the growing number
of orders from the advertisement campaign, as evidenced by
the rise in advertisement orders. In April, 28.6% of the mer-
chants’ orders were from ads (305 out of 1064 orders), and by
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FIGURE 5. ECommVis components for Merchant 1. (a) is Orders over time
(0S) in the default and ‘Recurrent customers’ configurations; (b) is
Merchant metrics (MC) for three different metrics; (c) is the aggregated
bars from Interactions by Weekday and Shift (HM), focusing on shift; and
(d) is Geospatial interactions (GS) with ‘Total orders’ and ‘Vs. competitors’
configurations.

August, this percentage had increased to 31.2% (400 out of
1282 orders). While the ‘New Customers Ads Orders’ metric
remained stable over the months, the ‘Recurrent Customers
Ads Orders’ metric showed an upward trend. This indicates
a growing loyal customer base for the merchant, even when
discovery is facilitated through top advertisement placements.

“Merchant metrics” (Fig. 5(b)) reveal that, despite main-
taining a similar advertisement budget, the merchant outper-
forms competitors in both click and conversion rate. This
suggests a successful advertising strategy, with customers be-
ing attracted to the merchant even in top placement positions.
The “Interactions by Weekday and Shift” (Fig. 5(c)) provides
intriguing insights into the merchant’s seasonality. Firstly, un-
like its competitors, the merchant has a significant operation
during breakfast. Secondly, breakfast clicks are more likely to
be ad clicks rather than organic ones, whereas during the din-
ner shift, nearly all clicks are organic, with almost no ad clicks
at night. The “Geospatial interactions” layout (Fig. 5(d)) high-
lights strong performance trends near the merchant’s location
(left chart), whereas the territories to the north and northwest
consistently showed poor performance compared to competi-
tors throughout the year (right chart). When examining the
‘Total Orders’ metric, it’s clear these regions are crucial to
overall performance, as they account for a significant number
of sales and are geographically close.

B. MERCHANT 2

Now the merchant is a medium-sized restaurant that began
adopting an advertising strategy at the beginning of 2024.
However, the launch was challenging, and by the end of
the period in August, there were no significant changes in
the total number of orders. This time, the overview section
presents a different scenario, with competitors outperform-
ing in advertisement metrics. Examining the “Orders over
time” component (Fig. 6(a)) reveals that in early April, the
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FIGURE 6. ECommVis components for Merchant 2. (a) is OS in the default
and ‘New customers’ configurations; (b) is MC for three different metrics;
(c) is GS showing ‘Total orders’; (d) is the aggregated bars from HM,
focusing on shift; and (e) is the TP component showcasing different ad
metrics variations.

merchant and its competitors had nearly the same number of
total orders. However, during the period from April 1 to June
30, 2024, competitors increased sales while the merchant re-
mained stagnant. Switching the metric to New Customers Ads
Orders highlights how fewer new customers engaged with the
merchant compared to competitors.

The “Merchant metrics” layout (Fig. 6(b)) reveals that the
ad performance is tied to the merchant’s budget in advertis-
ing, which is significantly less than that of competitors. Up
until mid-June, there were nearly zero unused advertisement
clicks, suggesting that the budget should be increased. Addi-
tionally, the advertising conversion rate was noticeably lower
than the competitors’ average, indicating that customers were
less likely to make a purchase after clicking on the merchant
from the top placement position compared to competitors’
catalogs. During the analyzed period, the geospatial layout
(Fig. 6(c)) indicates that most orders are concentrated south-
west of the merchant’s location, an area where competitors
also demonstrate superior performance. Since this territory is
not strictly close to the merchant, strategies should be em-
ployed to enhance operational efficiency for customers in that
region, such as offering discount coupons for delivery fees.
The “Interactions by weekday and shift” layout (Fig. 6(d))
offers another key insight into the advertisement metrics. Ex-
amining ad clicks across daily shifts reveals that the majority
occur at lunch. In contrast, most organic clicks happen during
dinner, indicating that advertisement top placements are con-
centrated only during lunch and not during other shifts. This
trend is particularly pronounced in May, the merchant’s period
of poorest performance. This discrepancy may be due to the
advertising budget being fully allocated to top placements for
lunch, leaving nothing for the remaining shifts.

From previous insights from the “Orders over time” com-
ponent, we know the total order count did not change sig-
nificantly between those months. However, using the “Time
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period comparison” component, we can perform a deeper
analysis from the beginning of the period (April) to the
end (August), particularly focusing on advertising metrics
(Fig. 6(e)). There’s a notable 30% increase in ad orders, de-
spite fewer ad clicks and impressions. This suggests enhanced
customer engagement metrics (CTR and conversion) in Au-
gust, indicating the merchant is chosen more frequently for
top ad placements, and customers are more likely to purchase
after viewing the merchant’s catalog. Remarkably, these im-
proved metrics were achieved with a lower budget in August,
reflecting a more effective advertising strategy. Additionally,
the Orders component for August shows a significant increase
in recurrent ad customers.

V1. USER STUDY

We performed a user evaluation to gather feedback on the
system’s usefulness and usability and to collect ideas for im-
provement. The user study adopted methodologies established
in visual analytics literature and widely used in other stud-
ies [33], [34], [35].

A. PROCEDURE

Participants used ECommVis to examine data from one
anonymous medium- to large-sized merchant on an e-
commerce platform. The data set covers performance data
for five months, spanning from April 1 to August 31, 2024.
The merchant contracted advertisement campaigns during this
period to increase sales. Competitors’ aggregated data is also
included.

Our study was conducted online, with participants com-
pleting the questions remotely at their own pace, using their
personal computers. This meant that we had no control over
their testing environment. To familiarize participants with the
system, we provided a six-minute instructional video covering
basic concepts and functionalities. The video remained acces-
sible to the participants throughout the experiment.

The questionnaire was written in Brazilian Portuguese, in
which all participants were fluent. We divided the questions
into (i) background and experience; (ii) 11 multiple choice
questions to test the user’s comprehension among all ECom-
mVis visual components; (iii) Likert scale-based questions to
evaluate the user’s preference for the system, along with open
questions to justify their choices; and (iv) a mix of multiple
choice and open questions to collect the user’s feedback on
the system. This questionnaire structure was based on similar
user studies evaluating layouts or systems.

The questions were designed to evaluate the system’s func-
tionality and layout, as well as participants’ perceptions while
performing various tasks. First, we assessed the comprehen-
sion of the overview functionalities of ECommVis using two
basic multiple-choice questions about the “Overview” and the
“Orders over time” layout. Then, there were three sets of
two multiple-choice questions, for each layout: “Geospatial
interactions”, “Merchant metrics”, and “Interactions by week-
day and shift”. Throughout the questions, the participants
were asked to interact with different configurations of each
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layout. Finally, the last three questions are related to the “Time
period comparison” component, one for each individual lay-
out: “Summary table”, “Metrics comparison”, and “Search
performance”. After exploring all the ECommVis layouts,
participants were asked a general question about the perceived
impact of advertising on merchant performance.

A pilot study was conducted with one participant (excluded
from the final analysis) to evaluate response time, system
functionality, questionnaire clarity, instructional video effec-
tiveness, and difficulty of questions. Based on the feedback,
we streamlined the assessment by reducing multiple-choice
options from four to two, rewording questions, eliminating
redundant items, and shortening the instructional video. These
modifications ensured that the entire user evaluation could be
completed in thirty minutes to one hour.

B. RESULTS

Participants’ background: The experiment recruited 11 partic-
ipants, who participated voluntarily in the experiment. They
are analysts and scientists working in the e-commerce plat-
form, all having a background in Computer Science and
experience in the Visualization science field. Three of them
work directly with advertisement campaign analysis and opti-
mization. Most of the participants have extensive experience
working with data science in their daily routines. We also
asked if they were aware of any visual difficulties, such as
color blindness, but no one indicated limitations. They had no
access to our usage scenarios.

We divided the participants into non-overlapping groups
based on their experience using a scale with None, Basic,
Intermediate, and Advanced knowledge for each field (Visual-
ization and Online Advertising). We consider the participant
a Specialist if he/she has advanced knowledge in both fields
(we have two specialists). If he/she has advanced knowledge
in only one field, we included him/her in the Advanced group
(4 individuals). Participants with intermediate knowledge in
at least one of the two fields were included in the Intermediate
group (5 individuals). These three groups were sufficient to
categorize all 11 participants.

The participants spent 37 m 36 s on average to answer the
questionnaire and perform exploratory analyses. Among the
groups we analyzed, questionnaire completion time decreased
with experience. Specialists finished in under thirty minutes.
We believe this is because participants with greater expertise
in these areas were already familiar with key advertising met-
rics and terminology, as well as the technical aspects of the
layouts, allowing them to analyze and respond more quickly.
Table 3 presents the participant group data, taking into consid-
eration the three distinct groups (Intermediate, Advanced, and
Specialists), their respective sizes, and the average time taken
to execute the user study.

Questionnaire answers: The multiple-choice questions
were aimed at validating the layouts and components individ-
ually. All participants correctly answered the first question,
which evaluated the advertising campaign’s success metric
compared to competitor averages.
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TABLE 3. Participants Groups Information, Including Size Distribution and
Time Taken to Answer the User Study

Group Size  Avg. time taken (min)
Intermediate 5 46
Advanced 4 31
Specialist 2 22

In question 2, about the “Orders over time” (OS) com-
ponent, 82% of the participants answered correctly that the
advertisement campaign was the reason for the merchant’s
success over competitors. The chart showed increasing ad
orders while organic orders remained stagnant. Questions 3
and 4 were formulated to enable the understanding of the mer-
chant’s performance over geospatial data, also showcasing the
city areas where competitors had better results. Both questions
emphasized that orders (organic or ad-based) concentrate near
merchant locations, maintaining this performance advantage
over competitors. 91% got the right answer.

Questions 5 and 6 were designed to allow participants
to compare two performance metrics displayed in the line
plots, showing that better engagement metrics (CTR and
conversion) enable improved ad performance despite lower
campaign spending. All participants chose the correct an-
swers. Questions 7 and 8 guided participants in understanding
performance by weekday and shift, and in comparing the mer-
chant’s weekly performance against competitors. The analysis
highlighted how ad performance varies across daily shifts,
with merchants showing different strengths throughout the
day. Question 8 had one wrong answer.

The final questions (9, 10, and 11) focused on the “Time pe-
riod comparison” component, requiring participants to man-
ually select and compare different time slices of merchant
performance by interacting with the layout. Question 9 was
centered around the aggregated metrics over the two peri-
ods, which all participants got right. Question 10 examined
the correlation between spending and ad performance over
time, revealing that larger budgets don’t necessarily improve
results. 91% answered correctly. Question 11 compared cus-
tomer perceptions of merchants found through ads versus
organic search results, with data indicating that keywords in
ad campaigns influence the discovery process. 82% of the
participants answered correctly.

ECommVis performance: We used two 5-point Likert-scale
questionnaires to measure the participants’ preferences about
ECommVis (Fig. 7(a)) and about each layout used (Fig. 7(b)).
We evaluated five main aspects of the system: whether the
system is intuitive and easy to use (QT1), is useful (QT2),
is fast (QT3), is effective in its context (QT4), and how it
compares to similar systems (QTS).

Regarding QT1, one participant (with intermediate experi-
ence) was neutral about the system’s capability on this matter
(Fig. 7(a), QT1), however, indicating that following along
with the questionnaire helped establish the system usage.
In contrast, the specialists and other participants positively
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FIGURE 7. Participants’ answers related to (a) ECommVis and (b)
individual layouts. The bar length is the percentage of respondents who
chose a specific Likert level.

evaluated the system, noting that “the system has labels that
help with data interpretation”, and that “the interactive plots
are easy to manipulate and perform analyses with”. The other
two aspects (Fig. 7(a), QT2 — QT3) were positively evaluated
by all participants. Some interesting aspects highlighted by
the participants about the system’s usefulness in QT2 were
that “with the way data is presented I can gather lots of
useful information about the advertisement campaign” and
that “the system synthesized well macro indicators; the aggre-
gation levels, along with the performance competition data,
are helpful for analyses”. As for QT3, participants strongly
agreed with the system being fast, noting that “the system is
responsive, not suffering any kind of delay during usage” and
“the system is well optimized, with everything loading almost
instantly”.

With QT4, participants were asked to rate the overall effec-
tiveness of the system in helping them understand the impact
of the advertising campaign on the restaurant’s performance.
All participants provided positive feedback. They praised
ECommVis for its ability to “present clearly and objectively
the advertisement impact” and appreciated how it “simplifies
understanding the effectiveness of an ad campaign, including
its profitability, operation, and potential areas for improve-
ment”.

The final question (QTS5) explored participants’ awareness
of alternative systems to ECommVis. 82% responded pos-
itively, with most identifying general-purpose visualization
and analytics platforms, including Thoughtspot, Databricks,
Tableau, Power BI, Metabase, and Looker Studio. Only
two participants mentioned domain-specific alternatives for
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marketing performance analysis: Google Ads and Semrush.
According to them, ECommVis is preferable for e-commerce
analysis, with its most positive points being performance
(“much faster than Thoughtspot”, “simplicity, quicker and
more responsive interface”) and being tuned for the task-
specific job of analyzing advertisement data (“better than
generic looking dashboard made in Power BI or Looker”,
“offers lots of great visualizations that are important to the
e-commerce context”). Conversely, user feedback inspires po-
tential new personalization features. Given that the system
tailors the layout to convey the best applicable metaphor for
the data domain, it was noted that “because it was developed
for a specific purpose, it’s difficult to make modifications or
the inclusion of other metrics”, and “It would be interesting
to create my own analyses inside the system”.

The user study results show a strong correspondence be-
tween the ECommVis layout components (Fig. 7(b)) and the
intended design tasks (Table 2). Positive agreement was com-
puted by aggregating participants’ Agree and Strongly Agree
responses on the Likert scale. Task T1 achieved 100% pos-
itive agreement, indicating that users clearly perceived the
platform as effective in presenting the historical evolution
of orders, distinguishing between organic and advertisement-
driven sales, and enabling competitor comparison. Task T2
reached 95% positive agreement, suggesting that the evolu-
tion of engagement metrics for merchants and competitors
was generally well supported, despite the higher interpre-
tative complexity of these metrics. Task T3 obtained 90%
positive agreement, confirming that the geospatial component
adequately supports spatial comparison of merchant perfor-
mance. Finally, Task T4 achieved approximately 93% positive
agreement, highlighting users’ ability to compare different
time periods and identify historical trends.

Feedback on individual layouts: Participants’ assessments
of each layout’s quality evaluated usefulness and effective-
ness in analyzing advertisement campaign performance. The
results are summarized in Fig. 7(b). Having important infor-
mation about the merchant’s and the advertisement campaign
performance, the first evaluated layout was “Orders over time”
(OS). Participants gave the layout strong positive ratings, with
one noting that the component “made clear how helpful the
advertisement campaign was for the merchant, especially con-
cerning its competitors”.

“Geospatial interactions” (GS) also received positive as-
sessments, with participants noting that “it is an extremely
useful and relevant visualization in the context of the e-
commerce platform, whose business is so heavily dependent
on geographical information”, “it easily summarizes a com-
plex KPI”, and “it’s not a usual form of analysis and definitely
can help bring new ideas and more understanding about ads
metrics, which is not possible to get from aggregated metrics”.
GS is the most cited component in the open questions, with
two-thirds of participants classifying it as the most useful
visual resource from the system.

Moreover, 82% of participants gave strong positive feed-
back to “Merchant metrics” (MC), with one participating
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citing that “comparing ad budget and merchant performance
gets much easier” and another that “it is useful for qualitative
comparisons with different ad indicators”. “Interactions by
weekday and shift” (HM) received unanimous positive re-
sponses. It is the second most cited layout as the most useful
visual resource from the system, with one-third of participants
stating that. One complemented this idea by saying that “it
helps understand consumption patterns from customers and
also facilitates managing supply chain, and employing mar-
keting strategies based on weekly frequency”.

Participants considered that “Time period comparison”
(TP) is useful because it enables the comparison between
two different periods from the advertisement campaign. Ac-
cording to one participant, “the layout assists in identifying
opportunities to improve merchant performance”. Two users
reported difficulty interpreting the search performance visual-
ization, which was subsequently redesigned to reduce visual
complexity. Based on the written feedback, participants rec-
ognized GS and HM over the others as the most unique
and useful visual resources, while also generally giving the
consensus positive ratings to OS and MC, as they display
important data from the advertisement campaign.

Suggestions for improvement: Participants from all levels
of expertise made suggestions, with most of them relating to
the addition of new components that can benefit the overall
system. One participant suggested implementing an automatic
feature that would, based on the analysis presented by ECom-
mVis, highlight insights about how to improve the merchant’s
performance. Another one said that a different layout that
facilitates a more in-depth analysis of the merchant’s item
ad performance may be beneficial. Some suggested minor
layout changes to improve intuitive navigation, which were
later added to the system.

VII. DISCUSSION

Visualization and analytics have the potential to improve
seller performance in online platforms. This study introduces
ECommVis, an innovative system that brings new visual-
ization metaphors tailored to e-commerce marketplaces and
enhances advertising performance management through in-
teractive visual techniques. By addressing analytical gaps in
current platform tools, ECommVis provides merchants with
intuitive, multi-dimensional interfaces to understand perfor-
mance patterns and optimize campaign strategies. It bridges
the gap between raw advertising data and performance knowl-
edge by visualizing ad metrics alongside organic interactions
across temporal and spatial dimensions, uncovering patterns
often hidden in traditional tabular formats. Anonymous com-
petitor benchmarking further transforms isolated metrics into
contextual insights, creating a data ecosystem that benefits
both merchants and the platform.

Developed from platform sellers’ requirements and pain
points, ECommVis incorporates established principles of
visualization and dashboard design [36]. It integrates com-
plementary approaches such as temporal trends, geospatial
heatmaps, engagement metrics, and time-shift analyses into
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a unified system, enabling users to build a comprehen-
sive understanding through an intuitive, report-like interface.
Our evaluation, conducted through a structured user study
with analytics experts, employed consolidated visualization
methodologies and confirmed that the comparative visualiza-
tion approach significantly improved participants’ ability to
contextualize metrics and identify optimization opportunities
across multiple dimensions. In particular, users highlighted
ECommVis’s responsiveness and processing speed compared
to analytics tools like Tableau and ThoughtSpot. This con-
textual design approach also fits marketplace dynamics [37],
reducing reliance on generic tools or disconnected dash-
boards.

The evaluation of ECommVis emphasizes the validity and
usefulness of the system’s features through expert feedback
rather than through controlled comparisons with established
baseline systems, which we acknowledge as a limitation of
the current study. While this approach does not aim to bench-
mark performance against existing analytics tools, it enables
a deeper qualitative assessment of how the proposed visual
components support sense-making and decision-making in
realistic usage contexts. Additionally, the user study involved
11 participants and primarily relied on descriptive analysis,
which may limit the generalization of the findings. These
design choices reflect a common trade-off in applied visual
analytics research: prioritizing in-depth, domain-informed in-
sights over large-scale quantitative validation.

Evaluation results corroborate existing visual analytics lit-
erature, showing that domain-specific visualization systems
substantially enhance marketing analytics capabilities [19],
[26], [27]. Positive feedback from industry experts validates
our design choices and confirms ECommVis’s practical util-
ity in e-commerce. Its ability to rapidly identify temporal
and spatial performance gaps represents a valuable advance-
ment for data-driven merchant decision making in competitive
environments. Beyond immediate application, this research
offers insights for practitioners building advertising analytics
platforms and for researchers investigating visual systems for
performance management. Online marketplaces can leverage
these findings to enhance business intelligence and foster
equitable discovery mechanisms. Since popularity bias of-
ten hinders visibility, improved ad performance analytics can
counterbalance such effects, supporting transparency and fair-
ness across platform ecosystems.

ECommVis was validated using food delivery merchant
data. Adapting this framework to other domains requires vi-
sual refinements; for instance, a nationwide sales distribution
across a country or region would necessitate dynamic geospa-
tial granularity to maintain analytical rigor. Similarly, the shift
segmentation critical to food delivery must be reconfigured to
align with the temporally relevant patterns inherent to each
specific domain. At the same time, minor layout updates
could further enrich these visualizations by incorporating
domain-specific entities and characteristics, such as custom
filters and specialized result segmentation. By prioritizing
these contextual refinements, this research demonstrates how
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visual analytics can enhance performance management in
food delivery while remaining adaptable to broader e-
commerce contexts. The primary contribution lies in this
seamless integration and domain tailoring, rather than the
introduction of new visual encodings.

VIIl. CONCLUSION AND FUTURE WORK

This work presented ECommVis, a visual analytics platform
for advertising performance analysis in e-commerce mar-
ketplaces. By integrating temporal, spatial, and comparative
visualization components, it enables merchants to contex-
tualize their strategies against competitors and historical
trends, addressing key challenges in data-driven optimization.
User studies showed that ECommVis outperforms alternative
systems by combining spatial and temporal insights while
offering an offline architecture that ensures responsiveness
and avoids subscription costs.

Beyond immediate applications in e-commerce, the plat-
form illustrates how domain-specific visual analytics can
transform complex business data into actionable insights,
supporting informed decision-making in competitive environ-
ments. Feedback from users suggests future improvements
should focus on enhanced customization, allowing merchants
more flexibility in tailoring analyses. Another key direction is
automation: integrating machine learning for anomaly detec-
tion, recommendations, and predictive outcomes to comple-
ment human judgment and better support strategic decision-
making.
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