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ABSTRACT

Despite the availability of hotel booking platforms with customer
reviews, selecting the best hotel or accommodation can still be dif-
ficult. This is partly because it is hard to directly contrast multiple
shortlisted hotels. We propose a new visual interface, called ViSCitR,
that goes beyond existing solutions in visually comparing ratings and
personalizing the evaluation based on individual priorities. Targeted
at a broad audience, it integrates several dimensions of comparison
into a highly interactive document. The document contrasts the ho-
tels visually and textually from different perspectives, including (i)
a geographic perspective with points of interest, (ii) a comparison
of ratings across different categories, (iii) rating changes over time,
and (iv) summaries of the most noted positive and negative points
from the review texts. The interface is accompanied by a sidebar for
personalization, which supports selecting relevant points of interest
and setting priorities. Changing these adapts the visual compari-
son across all interface sections to match the user’s preferences. A
qualitative evaluation with potential hotel customers showed that the
personalized visual comparison is valuable for all users, while the
advanced features of the interface are leveraged to different extents.

1 INTRODUCTION

Probably everybody who has booked a business travel, organized
a family vacation, or planned a city trip knows the issue: Select-
ing the most suitable hotel or accommodation is difficult. This is
despite hotel booking platforms making it easier to find available
rooms within a certain geographic region for a selected price range.
Moreover, such platforms also provide numerous customer reviews
and ratings for each place, providing rich word-of-mouth evaluation
that was hard to get only two decades ago. However, despite this tool
support, one can easily spend hours comparing different available
options. A reason for this is often that differences between a short-
list of accommodation options are subtle and cannot be sufficiently
explained through numeric ratings alone. Comparing options in
multiple browser windows side by side does not scale well beyond
comparing two hotels. Moreover, one would have to go down to
individual reviews and figure out qualitative differences that are rele-
vant to oneself personally. Personalized rankings are important as
individual priorities might differ quite significantly. A family has
partly opposite needs than a business traveler.

In this paper, we specifically study the second phase of the hotel
booking process, namely, contrasting a shortlist of comparable hotel
options (from two up to ten in our prototype). The first phase of
finding accommodations that satisfy search criteria—such as match-
ing location, availability of the desired room type, and acceptable
price range—is already well covered by popular booking platforms,
such as booking.com [6], Tripadvisor [34], or hotel search on Google
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Maps [12]. In contrast, the support for analyzing and comparing
reviews considering personal preferences is usually limited on such
platforms. Although these platforms recently integrated better qual-
itative summaries of reviews (e.g., adding a summary phrase like
good breakfast), we still clearly lack two aspects: (i) the comparative
evaluation of reviews, explicitly pointing out differences between
selected accommodations, and (ii) an option to personalize the com-
parative evaluation based on individual priorities.

In our work, we address these gaps by providing a new visual
interface to compare hotel reviews, called ViSCitR (pronounced like
visitor). As implied by the name, it targets anybody who books
a hotel. Our approach, as showcased in Figure 1, is designed as
an interactive, web-based document that structures the comparison
into different sections. An always visible panel for setting personal
preferences is shown on the left (I)—adapting the listed priorities im-
mediately updates the comparison in the main part across all sections.
At the top of the linear document, below the title image, a map not
only provides personalized geographic context for the hotel; it also al-
lows refining the hotel selection (II). The main comparison (III) then
covers aspects such as contrasting numeric ratings in six different cat-
egories, rating trends over time, and characteristics mentioned in the
reviews. To provide a fully self-explanatory interface, our solution
mixes information that is visually encoded in simple diagrams with
summarized content in short text statements. While the sequence
of presented information guides the users through the comparison,
they can also choose to explore the data on more detailed levels or
to jump between sections. Typically, users would first select the
main points of interest and prioritize the rating categories before
selecting the best matching hotels on the map on that basis. Then, the
selected hotel can be compared in detail across different comparison
dimensions, exploring the data interactively and checking relevant
details. Occasionally, users might adapt their personalization in the
side panel or refine the hotel selection in the map, before finally
being able to conclude their comparison.

With this application study and the ViSCitR interface, we hence
contribute a novel visual comparison solution for textual and numeric
review data. The focus on visual comparison and personalization in
an interface for a broader audience is unique among such solutions
(see Sect. 2). Specifically, we consider as our main contribution cre-
ating personalized and comparative visual summaries of hotel ratings
and reviews, embedded into an easy-to-use interactive document-like
interface. We worked in iterations with internal feedback to refine
the interface, and finally evaluated it in a qualitative user study. For
this study, we recruited six potential users with diverse levels of expe-
rience regarding hotel booking and using advanced visual interfaces.
The results, on the one hand, confirm that all participants understood
the interface and were able to make use of the personalization and vi-
sual comparison features. On the other hand, they showed relatively
clear differences in usage profiles. Only some people intensely used
more advanced features, like studying clusters of statements in the
context of the original reviews.

The supplemental material [26] contains the source code and code
for our data preprocessing pipeline, as well as a video demonstrating
our interface prototype, evaluation videos, and results.



Figure 1: ViSCitR (full interface) contrasting two selected hotels in the
city of New York under certain personalization preferences.

2 RELATED WORK

Tourism research has studied hotel review data as an important fac-
tor that influences travelers’ decisions and as a source that reflects
customer opinions. Complementing this, visualization research has
addressed the problem of visually helping to understand large text
corpora like (hotel) review datasets. Moreover, personalization, com-
parison, and reporting are relevant concepts in our work.

Hotel Review Studies Sometimes referred to as electronic
word-of-mouth (eWOM) [14], online reviews extend the set of opin-
ions consumers can easily access when making product decisions.
For hotel reviews, Vermeulen and Seegers [35] demonstrate the effect
positive reviews have on booking decisions, especially for hotels (of
brands) unfamiliar to the customer. Sparks and Browning [33] found
that negative information in hotel reviews tends to be more salient
than positive information. However, this effect can be mitigated if
recent reviews (shown first) are positively framing the other reviews
and if numerical ratings are good, which is why our approach shows
textual, numerical, and visual summaries as well as comparisons.
Easy access to information seems to play a major role, inasmuch as
using categories or numerical ratings can aid in the efficient process-
ing of information and potential decision-making. The perceived
credibility of reviews might be higher for negative reviews, reviews
written by experts, and if a review is consistent with others [24, 39].
Another factor for the high credibility of reviews seems to be that
they show both positive and negative aspects of a hotel [7], and this
credibility is important for people’s booking decisions. On the other
hand, reading conflicting opinions in reviews can lead to discomfort,
and people defer the booking choice [1].

Review Visualization There are many visualization approaches
on text and sentiment visualization, as described in respective lit-
erature surveys [17, 18]. We are most interested in techniques for
visualizing product review data. For instance, Chen et al. [9] extract
the sentiment of hotel reviews, which they then process into a basic
color-coded visualization by topic. OpinionSeer [36] shows a pro-
jection of opinions from hotel reviews in the center, circle rings to
encode numerical information, and on-demand tag clouds to encode
term frequencies. Both approaches are designed as single interactive
visualizations for sentiment or opinion exploring, in contrast to our
interface, which is a combination of text and visualizations, targeted
at a broad audience. Bjørkelund et al. [5] discuss how sentiment
analysis can be used to analyze travel review sites to help people find
hotels and areas to stay in. They color encode the areas on a map,
which, however, gives people only an impression of the quality of
the geographical area, but no information on average hotel ratings or
sentiment. Other approaches [8, 15, 25, 37] focus on the comparison
of sentiment or opinions mined from (product) reviews. In contrast,
our approach has a more holistic focus on the reviews and additional
contextual information, and tries to adapt to varying needs of level
of detail. Another visual analytics approach [40] aims to reduce
customers’ self-selection bias when making decisions based on hotel
reviews. It shows reviewers’ experience, the degree of emotion, and
emotional aspects. Their study found that the proposed design signif-
icantly increases people’s satisfaction with decision-making. Similar
to our approach, one of the proposed views depicts the distribution
of reviews by category (e.g., food), broken down by rating. This
correlates with our identification of discussed categories in hotel
reviews (e.g., cleanliness).

Visual recommender systems support information retrieval tasks
by proposing results, sometimes personalized, based on online re-
views [23, 38]. The approach described in this work complements
these, as it is applied after an initial retrieval of suitable hotels.

Personalized and Comparative Visual Reporting Whereas
most visualization interfaces are adaptable through selections, filters,
and settings, these interactions reflect personal interest and back-
ground only indirectly. In contrast, we directly ask people to express



their interests through the interface, which can be considered as an
aspect of personalization. In such a way, we make the personaliza-
tion explicit and do not implicitly try to detect personal preferences
from usage data (e.g., like a search engine personalizes search results
based on previous searches and user location). This is linked to
personal visualization [16], especially in the case personal context
is considered for the visualization; it should not be confused with
visualizing personal data (e.g., personal activities [4]), which is also
a common form of personal visualization. We also do not go as far
as personalized interfaces (e.g., [10]), where the input elements and
layout can be individualized, but restrict the effects of personaliza-
tion on the selection and weighting of the visualized data. Another
concept we apply is visual comparison, where typical comparison
patterns can be classified into juxtaposition, superposition, and ex-
plicit encoding [11]. We mostly leverage juxtaposition (i.e., placing
review visualizations of the different hotels next to each other), but
occasionally also use explicit encoding (e.g., computing and visualiz-
ing minimum ratings or textually summarizing differences between
hotels). The selection of what is being compared can be regarded as
another element of personalizing.

We present an interactive document, which is a magazine style
type of narrative visualization [30] and data-driven storytelling [29].
Our case can be classified as a geographic story [21]. However,
since typical embedding texts that connect the data-driven texts and
visualizations to a full-fledged story are lacking, we rather consider
it a reporting solution. Whereas most comparable reporting and
storytelling approaches are rather static regarding different user input
and data, some approaches focus on adapting the reporting [20,
31]. For instance, Calliope [31] very flexibly generates data stories
from tabular data of various sorts. VIS Author Profiles [20], in
contrast, is more confined to generating reports on specific data (i.e.,
bibliographic information); its linear document structure with an
interactive integration of textual and visual elements inspired our
approach. Interactive Map Reports [19] also have an element of
comparative reporting included, where a comparative data-driven
textual description of two selected regions is generated. However,
overall, we are not aware of a visual reporting solution that, as much
as ours, adapts to personalization and comparison.

3 DATA PREPARATION

To compare hotels, we needed customer reviews that contain both
numeric ratings and textual content. Moreover, certain interpretation
steps of the review texts were necessary to abstract the content into
comparable statements. Finally, the data was contextualized with
geographic information to personalize the hotel selection better.

Dataset We used a subset of HotelRec [2], a dataset with re-
views from the popular booking platform TripAdvisor [34]. As sam-
ple cities with many available reviews, we selected Berlin, New York,
and Paris. For diversity, we selected cities from different countries;
for familiarity, we selected popular tourist destinations; otherwise,
the selection was arbitrary and our approach should work for any city
with hotels having a sufficient number of reviews. We focused on the
ten most reviewed hotels in each city to replace a preceding retrieval
step. This makes sure a more than sufficient number of reviews
is available. Each review contains the hotel name, a timestamp, a
headline, the review text, a numerical overall rating, and numerical
ratings for the pre-defined categories location, value, rooms, ser-
vice, cleanliness, sleep quality, business service, and check in/front
desk. However, we omitted the categories business service and check
in/front desk because they were only present in very few reviews.

Review Text Summarization To summarize positive and neg-
ative review statements, we used the GPT 3.5 turbo [13] model
through OpenAI’s API to extract them from a random sample of
1000 reviews per hotel. We evaluated the output of the summariza-
tion with 100 random samples manually, to test if (i) the positive
and negative items are classified correctly, and (ii) the item texts

accurately reflect the review text (no hallucinations, nothing impor-
tant omitted). The overall quality of the summary points was above
expectations. A total of 709 positive and negative sentiment items
were extracted. Sentiment was assigned incorrectly in only four
cases. Even with awkwardly formulated or grammatically incorrect
reviews, the summary worked surprisingly well. In the case of very
long reviews and enumerations, individual points were sometimes
not explicitly included in the summary. Please refer to the supple-
mental material [26] for more details. Some reviews digress very
much, or report on personal events, which have nothing to do with
the hotel itself. Such points also end up in the summaries from time
to time. However, the subsequently described category assignment
step likely filters out the latter.

Category Matching and Clustering To prepare for compara-
bility and personalization, we assigned each of the extracted items
to the rating categories of the HotelRec [2] dataset (e.g., ‘central
location’ → location, ‘unfriendly staff’ → service). We assign an
item to a category if its BERT-based embedding [28] is similar to
the embedding of category keywords we curated based on the terms
in the reviews. To generate a summary of the sentiment items, we
consider the most frequently recurring items. We clustered the items
within each category and hotel, based on their sentence embeddings,
with spherical k-means, and determined the best k with the elbow
method on the silhouette score. As a representative of each cluster
to be displayed in the interface, we selected the item with the highest
centrality score. We also want to distinguish the relevance of each
item cluster for the sentiment summary, and thus use the size of
the cluster to determine how prevalent the sentiment item cluster
is in the reviews. For the interface, we then sort the clusters and,
for example, display them in decreasing order of relevance. With
this categorization, we count positive and negative mentions of cat-
egories, and augment the numerical ratings. The goal was not to
keep every data point, but to extract re-occurring patterns. Of the
208142 sentiment items extracted from the reviews for our selected
hotels, 66253 remained and were grouped into 1212 clusters with
representative statements; both can be explored in the sentiment
section of the interface.

Geographic Context and Metadata We enrich the data with
the geographic location of the hotels, their geographic context, and
points of interest (POIs) within the respective areas of the cities.
As listed in Table 1, this includes general geographic features like
water bodies, main roads, and landmarks, as well as POIs such as
parks, public transport, restaurants, sightseeing, and shopping. All
geographic data was extracted from Open Street Map (OSM) through
Overpass Turbo, partly simplified with Mapshaper; landmark icons
were AI-generated through Midjourney.

To allow hotel comparison without biases of familiarity and pre-
vious experience, we replaced the original names of the hotels with
fictional ones. We used AI-generated images (through Midjourney)
of hotels roughly resembling the style of the hotel. Through this
obfuscation, we also wanted to rule out any intervention with existing
businesses. As providing a detailed visual impression of each hotel
is out of the scope of our approach, only one image per hotel was
sufficient, which could act as a visual identifier for the hotel in the
interface. To rate each hotel regarding each POI type, we inspected
the extracted location data in a radius of 500–1000 m, in addition to
occasionally using Google Maps, and formulated a statement. The
statements are manually written for each hotel and type of points
of interest and refer to information that can be judged relatively ob-
jectively, such as the restaurant density in the neighborhood or the
access to main public transport lines. Each statement is classified as
either positive (+), neutral (±), or negative (−) (for examples, see
Fig. 3, cutout).



Table 1: Different layers of the map shown by default and on demand.

Type Map Encoding Example

General features (by default)

Water bodies Thick light blue lines and filled
polygons

Main roads Light gray lines

Landmarks Icon images (semi-transparent)

Hotels Large black/white
(selected/non-selected) circles with
rating scores

Points of interest (on demand)

Filled polygons

Medium-sized circles

Dots

Small circles and filled polygons

Dots

4 VISUAL INTERFACE

In the design process of ViSCitR, we followed clear design concepts
(DCs), which stayed consistent throughout the development process:

• DC1 – Divide and Conquer: Break down the comparison into
aspects that are simple to analyze.

• DC2 – Guidance and Exploration: Guide the user through
the interface, but always offer options for data exploration.

• DC3 – Visualization and Text: Present data visually, but
complemented with textual data summaries.

• DC4 – Comparison and Personalization: Support compari-
son and react to the personalization in each data representation.

With DC1, we address the complexity of review data. Targeted users
of our system are laypeople, which motivates DC2, to provide suf-
ficient high-level information and interaction prompts, and enable
deeper discovery if desired. With DC3 especially, the interface sup-
ports users with low visualization literacy. One of the main goals
of the interface is to highlight differences between hotels, with re-
spect to personal preferences, which we aim at with DC4. Aside
from the DCs, of course, we followed established guidelines for user
interface and visualization design, such as, using colors and other
visual encodings consistently, providing details on demand, applying
animation for smooth transitions, etc. Furthermore, we have imple-
mented different levels of importance that can be discovered step by
step (referenced as 1 – highly important, 2 – moderately impor-
tant, and 3 – detail), which we matched with the visual saliency and
discoverability of the respective information. While some people
might be satisfied by viewing only the most important information 1 ,
others want to go deeper regarding certain aspects of comparison
(levels 2 and 3 ). Hence, we do not expect each user to discover
and use all features, but anticipate seeing different usage profiles.

The resulting visual interface is an interactive, linear document
(Fig. 1). We chose this linear structure because it allows breaking
down the analysis into sections (DC1) and provides the intended
guidance (DC2) to the targeted, broad audience. To first draw the
visitors’ attention and introduce the purpose of the interface, the
document only starts with the name and a representative image of
the currently selected city and the introductory text: ‘Choose your
preferences, select some hotels, and compare them.’ To provide
context on the research project, the system redirects to a landing
page when first visiting the interface. The landing page is an overlay

Figure 2: The personalization panel in its default configuration, with
tutorial boxes introducing the features to the user.

that offers a tutorial for the interface features that guides through
the hotel selection and personalization with overlay messages that
appear next to the respective features (partly illustrated in Fig. 2).
Although we designed the basic functionality to be intuitive and
visually self-explanatory, we learned through initial user testing that
minimal extra explanations are still considered helpful.

We implemented the interface in JavaScript and vue.js, using
D3.js for visualization. All data handling described in Sect. 3 is
performed as preprocessing steps. The interface was developed for
screen resolutions of 1280×1024 and above.

4.1 Personalization
On the left-hand side of the interface, we present an always-visible
personalization panel, as shown in Fig. 1 in the context of the whole
interface and enlarged with tutorial explanations in Fig. 2. To keep
the usage effort of this primary feature of the interface 1 limited, we
restrict the personalization to two aspects that we deem highly impor-
tant for hotel booking according to personal preferences. (I) People
can select geographical points of interest (POIs), like parks or public
transport, which the hotel should be close to (a full list of available
POIs is included in Table 1). These POIs are then displayed on the
map, and the hotel’s proximity to the POIs is evaluated and summa-
rized. (II) People can set category priorities for each of the rating
categories location, value, rooms, service, cleanliness, and sleep
quality, which influences how the ratings in the interface are dis-
played and weighted in comparison. When people hover the mouse
on a category, a tooltip explains the category, and across the whole
interface, references to the category are highlighted.

As a secondary purpose 2 , the panel also introduces the two
main color schemes of the interface. For POIs, we have selected non-
saturated, light background colors that suit a map-based encoding
(see Table 1). In contrast, for the rating categories, we use saturated,
intense colors that serve as markers throughout the interface and
should hardly be confused with the POI colors (see Fig. 2). While
the color-coding can support understanding geographic context and
link categories for hotel comparison quickly, we made sure not to
rely merely on color for the correct interpretation of a data encoding;
where necessary, we redundantly encoded the information textually,
e.g., the name of the category (DC3).

Moreover, the category priorities section explains the glyph-based
visualization of the weighted rating used for quantitatively comparing
the hotels in the main document. We have decided to use a circu-
lar metaphor to represent that the encoded weights define fractions



Figure 3: Map view showing all available Berlin hotels (selected: filled circles; unselected: unfilled circles) in their geographic context with textual
descriptions below; the shown state corresponds to three types of points of interest are activated: restaurants, sightseeing, and public transport.
Overlayed on the right is a zoomed-in view of a focused hotel.

(sectors) of a whole (circle). When changing the priority weights,
the respective circle sectors change in size (i.e., the angle it covers,
see Fig. 1); higher priority categories have a larger angle. This is
to represent the importance that people assigned to the categories
visually—more important categories take up more space in the glyph.
The aim of the glyph is to act as a compact and reusable interface
element that helps users grasp the numerical ratings. We allow for
a better comparison of the category ratings between hotels by in-
troducing a baseline, which is the minimum category rating across
all selected hotels 3 . In the glyph, the part of the slice below the
minimum rating is displayed in a pale shade. The emphasis is on
ratings above the minimum, which are displayed in full color. The
tutorial text (see Fig. 2), similar to the tooltip text that appears when
hovering over the attached info icon, explains the encoding further.
While we tried to choose an intuitive encoding here, the data and
encoding might still be too complex for some people with lower
visualization literacy. Hence, the middle of the glyph depicts the
weighted (personalized) rating average as a simple number for a very
broad overview 1 . We consider understanding how the weighted
average is computed as a secondary goal 2 , while contrasting each
category’s value to the respective minimum value is a tertiary op-
tion 3 .

4.2 Map-based Hotel Selection
As the first section of the document, a map provides an overview 1
of available hotels (Fig. 3). We have decided to take this geographic
perspective as an entry point, as the specific locations might be a key
criterion for choosing a hotel and can act as the first filter. At the
same time, geography provides an important context for interpreting
the ratings and reviews that are presented in the subsequent sections.
For instance, reviews of hotels in the historic downtown area might
need to be read differently than those of a hotel next to the airport,
as expectations of customers would be different.

The background of the map shows important city features such as
main roads, water bodies, and some landmarks to provide sufficient
geographic context. Additionally, we blend in favored points of
interest (DC4, as selected in the personalization panel), for instance,

marking restaurants as small beige circles or sights as rose polygons
and circles 2 . Positions of all available hotels are highlighted with
contrast-rich circular markers. Clicking one of the markers selects
the hotel for comparison, but users can also zoom in on the hotel 3 ,
which enlarges the marker (Fig. 3, right), thus offering an entry
point for more detailed exploration (DC2). Overlays appear that
provide additional information: at the top, hotel picture, name, and
current rating according to selected priorities, as well as selection and
navigation controls. Additionally, statements are shown regarding
how well the location matches the selected points of interest.

Below the map, in accordance with DC3, a short text summa-
rizes 1 the current hotel selection in three paragraphs (Fig. 3). The
first paragraph lists the selected hotels, with the option to clear the
selection. The second one provides a concise textual rating of the
selected hotels regarding their proximity to active points of interest.
The last paragraph lists hotels that would also fit the active points of
interest but have not been selected yet. Initially, none of the hotels
are selected. To guide the user (DC2), adaptive instructions hint at
how to select a hotel and, if not specified already, prompt people to
set their points of interest.

4.3 Comparison of Numeric Ratings
The next section in our interactive document provides a quantitative
comparison of the selected hotels condensed from the individual
reviews (Fig. 4). Here, the prioritization of different rating categories
as shown in the personalization panel plays a key role (DC4). The
section starts with a textual summary of the numerical ratings of
the selected hotels 1 . It states whether customers have rated the
selected hotels almost identically, quite comparably, somewhat
differently, quite variably, or with clear differences, depending
on the variety of minimum and maximum category ratings. A list
of the top-rated hotels follows, cut off when the difference to the
highest-rated hotel is larger than .2.

The list of hotels is sorted by their average rating, beginning
with the highest rated hotel. The main visual representation of the
ratings is a horizontal bar chart and the glyph. The bar visually
supports the average rating of each hotel, which can also be found



Figure 4: Overview of the numeric ratings of the currently selected
hotels. A textual summary helps to compare the hotels. The glyph
represents the ratings in each category, with the average rating in the
center. The angles of glyph slices are unequal because of category
priorities; for example, the service category was given a low priority by
that user, whereas cleanliness and sleep quality have a high priority.

written out as a number in the center of the glyph 1 . As already
introduced in the personalization panel, the glyph contains further
information, like illustrating the weighted average rating 2 and
individual ratings per category compared to the minimum among all
selected hotels 3 (DC4).

Again, we follow DC3 and show the visualizations accompanied
by text. For each category, the best-performing hotels are highlighted
with a short textual description 2 next to the respective glyph. For
each of the categories, it is computed from the average rating scores
whether there is a single hotel that is clearly best (at least .3 better
rating than the other selected hotels) or whether there is at least a set
of hotels that can be considered among top (at least .3 better than the
worst rating of the other selected hotels, but at most .3 worse rating
than the best hotel). These computed sets are then used to mark the
respective hotels (category name below the hotel name, grouped by
⭑ clearly best and ⭐ among top as shown in Fig. 4). If all ratings are
similar across hotels, none of the hotels is marked for the respective
category. If multiple categories are listed, they are in order of their
user-assigned priority. Furthermore, categories with a priority value
below 10% are not considered.

4.4 Temporal Trend Analysis

Hotel ratings can change when, for example, renovations led to up-
grades in room quality, the service personnel received better training,
or customer expectations changed. The temporal development of
hotel ratings provides a clearer picture of how an overall rating re-
lates to recent developments. Hospitality research [33] shows that
customers value insights on the temporal development of ratings,
and more recent ratings are regarded as more important. To reflect
this, our interface shows a line chart of the ratings for each hotel
over time 1 (Fig. 5). Even though the dataset contains ratings dated
as far back as seven years, we decided only to show ratings from
the last two years because these are the most relevant. The ratings
are binned by month and calculated as a weighted average of the
category ratings, to reflect the personalization (DC4). If there are
less than five ratings in a bin, we omit the average of that bin as
not being representative enough. For better comparability between
hotels and their differences, the 𝑦-axis starts not at zero, but is faded
out at a baseline of 3 (we did not observe averaged hotel ratings
below this value). We used linear regression to compute a trend line,
generated a descriptive text with the trend and value (DC3), and
depicted an arrow icon to allow for quickly grasping the trend.

With a click on the trend panel for a hotel, it expands to show the
rating trends in each category 2 . The structure mirrors that of the

Figure 5: Ratings trend over time, with trend per category and de-
scriptive text. On the top right, a details-on-demand dialog shows the
reviews that make up an average monthly rating, with a ratings glyph
and highlighted category text.

overall trend: For each category, there is a line chart with the average
ratings per month, a trend line, and a description with a trend arrow.
Hovering over the line charts reveals the date and value of the data
points 2 . To explore more (DC2), users can click on a data point
to retrieve relevant reviews within that month, enriched with glyphs
that visualize the personalized category ratings 3 (Fig. 5, top right).

4.5 Summary of Review Sentiments
Finally, the interface shows a comparison of review senti-
ments (Fig. 6, top). Reading both positive and negative reviews
increases their credibility [7] and allows for a deeper understanding
of the benefits and drawbacks of a hotel. We show positive and
negative aspects summarized from the reviews as sentiment items 1 .
The items we extracted from each hotel’s review texts are categorized
and clustered within a category (described in Sect. 3), and shown as
bullet points. To guide people’s attention, we vary the font size of
the items 2 depending on how salient the aspect is in the reviews
(cluster size). A tooltip on mouse-over 2 shows the percentages
of the positive and negative mentions, in relation to the total num-
ber of reviews. The number of visible sentiment items depends on
the category priorities set by the user. The higher the priority, the
more items are shown for that category 3 . Sentiment items in each
category rating are juxtaposed: negative sentiment on the left and
positive sentiment on the right. In line with DC4, this allows people
to compare the hotel features directly, and if there are contradicting
sentiment items, evaluate the different saliency of each of them.

Between the positive and negative sentiment items, we show a
bar chart of the percentage of reviews with positive and negative
mentions of each category. At the top, there is a bar chart with
the overall number of positive and negative mentions in the review
texts. On mouse-over of a category, the percentage of the rating
of that category is shown 2 (Fig. 6, top left). Next to the overall
sentiment chart, combining text with visualization (DC3), we show a
generated textual summary 1 , similar to that in the numeric ratings
(Sect. 4.3). Based on the computed variance of the positive and
negative mentions, it states whether the rating categories have been
mentioned (very) similarly or differently in the reviews. It also lists
the hotels with the best positive-to-negative sentiment ratio.

People can retrieve the detailed reviews of specific items in the
summary (DC2). When clicking on a sentiment item, an overlay dia-
log 3 opens (Fig. 6, bottom). It shows the reviews that contributed
to the cluster, with the sentiment from each review as the title and
the review text as an expandable panel. In the text, keywords from
the respective category are highlighted in category colors.



Figure 6: Positive and negative sentiment from the review texts per
category with mouse-over highlight of a category (top), and an overlay
dialog with reviews of the selected category and sentiment (bottom).

5 EVALUATION

In a formative, informal evaluation process, we already tested the
interface during its design with different experts for visualization
and web development (mostly members of the participating research
groups). This process started when the first interface components
were implemented. We demonstrated the interface and generally
asked for any feedback. Many usability issues could be resolved
quickly through this, but the process also led to higher-level insights
and modifications. For instance, it became clear that—despite the
efforts to make all interface parts self-explanatory—a short tutorial
would be beneficial at the beginning. Moreover, we learned that not
all features and representations might have the same relevance, which
led to the introduction of explicitly designed levels of importance.

As a formal evaluation, we performed a qualitative user study to
evaluate our interface as presented in its final version above. The
goal of the evaluation was to analyze how well the interface supports
a diverse set of users in summarizing and comparing reviews, and
how that might help with the decision-making process of booking
a hotel. We wanted to find which of the features were valuable and
could be recommended for designing similar interfaces. Moreover,
the study should show whether the features are self-explanatory and
easily discoverable.

We conducted interviews with six participants with diverse back-
grounds and traveling profiles—including solo travelers, business
travelers, and people who travel with their families. We used Pro-
lific [27] to recruit four participants and paid them 12£ for their
participation, which was up to an hour long and held over a video
conferencing software. Because Prolific participants were rather in-

Table 2: Participants’ previous experience with booking hotels and
using visualization.

Low Medium High

Travel experience P1 P2 P3 P4 L2 L1

Visualization experience L2 P1 P2 P3 P4 L1

experienced travelers or visualization users, we additionally recruited
two participants with more traveling experience from our lab. They
were given a non-monetary compensation for their participation.

5.1 Study Design
After presenting the study description and consent form to the partic-
ipants, we asked demographic questions. We inquired about English
language skills and visualization expertise, whether they work or
have worked in the hospitality industry, how often they have booked
a hotel in the past twelve months, and their main reason for booking
a hotel (solo vacation, family vacation, or business trip). Further, we
interviewed participants on how they usually research hotels.

Next, participants opened ViSCitR, read the introduction, and se-
lected one of the three available cities, which was randomly assigned.
With the data for that city loaded, participants completed the tuto-
rial and spent five minutes exploring the interface. We instructed
participants to comment on their actions, motivations, and insights
when using the interface (think-aloud method [22]). To test how
self-explanatory the interface is, we were careful not to give hints,
unless participants requested clarification (which rarely happened).

Afterward, the participants switched to a second randomly se-
lected city. We asked them to put themselves in the position of
someone who wants to book a hotel and has already selected a date
and price range so that they now see ten available hotels for their
selection. We gave the participants a travel reason matching their
traveler profile (i.e., solo or family vacation or a work trip) and told
them to evaluate the available hotels based on that motivation. They
were instructed to give a short action plan of how they wanted to
proceed with evaluating the hotels. Then, we gave participants the
following small tasks to facilitate further exploration: We asked
participants first to compare two, then five hotels, to re-consider their
personalization settings, and to reflect how setting their preferences
affected their opinion of the hotels. We also requested summarizing
one of the hotels based on the trend and sentiment sections, respec-
tively. After these tasks, we showed interface features they might
have missed (if any), and asked how they would have used those.

Ultimately, we interviewed participants about what features and vi-
sualizations they deemed important for gaining insights. Further, we
asked whether there were any difficulties in understanding. For struc-
tured data, the participants rated the interface features, by selecting
how much they agree or disagree with statements about intuitive-
ness and usefulness of the features on a 1 - 7 Likert Scale. We also
inquired about the balance of visualization and text.

Screenshots of the interview questionnaire, the full list of tasks,
complete documentation of the interview sessions, and participants’
answers can be found in the OSF repository [26]. The ethics board
of the first author’s affiliation approved the described study.

5.2 Results
In the following summary of results, we denote (and color-code) lab
participants as L1 and L2, as well as Prolific participants P1, P2,
P3, and P4. L1 and P4 were male, L2, P1, P2, and P3 were female;
L1, P1, P3, and P4 were aged between 20 and 30, and L2 and P2
between 40 and 50. P1 and P2 were located in South Africa, P3 and
P4 in Eastern Europe, and the lab participants in Germany. P1 and
P2’s native language was English, the others stated a high English
language proficiency, which matches our impression in the interviews.
The experience with visualizations or statistical graphics covered a



Table 3: Usage and ratings of the interface features. For each color-
coded participant, a filled circle indicates high usage, a half-filled
circle medium usage, and an empty circle encodes low usage of
an interface feature and the respective level (for the personalization,
there are no clear levels).

Feature 1 2 3 Intuitive Useful

POI - -

Cat. priorit. - -

Map

Ratings

Trend

Sentiment

wide range, and participants’ hotel booking experience spread from
none to eleven hotels booked in the past twelve months (Table 2).
L1, P1, and P2 stated that they regularly use booking platforms, such
as booking.com or TripAdvisor, to inform themselves about hotels,
the other three participants said they use general-purpose search
engines, such as Google, or ask friends. L2 additionally said they
prefer to book hotels that are part of a franchise they already know.

In Table 3, we show the usage intensity of the interface features,
which we manually coded from the sessions. Using a feature multiple
times or for several minutes is considered high usage; otherwise,
briefer use is considered medium or low usage, respectively.

Personalization All participants except P1 set their preferred
points of interest and category priorities after the tutorial at the
beginning. When prompted in the respective task, all participants
adapted their personalization, with L1 and P3 exploring a little longer.
Experienced travelers and those who are used to booking websites
appeared to be more decisive about their personalization settings.

Usage Profiles We observed that participants used the features
of the interface to different extents. Table 3 shows two main pro-
files emerge. The first profile includes people mainly interested in
numerical data (L1, L2, P4), for example, in the ratings section of
the interface (Fig. 4). The second profile matches people reading the
more detailed textual data (P1, P2, P3), for example, in the sentiment
section (Fig. 6). For instance, L1 did not discover the review details
overlay of the sentiment section (Fig. 6), but when shown at the end,
they said they found it interesting, but would not have used it much.
In contrast, P1 used the sentiment section relatively soon and often
in the interview, and frequently opened the details overlay feature of
both the trending and the sentiment section. The trending section was
the least used by participants overall, but still rated as useful by most
participants. Level 1 and 2 interface elements were discovered
by all participants. In the map, five of six participants zoomed in
to level 3 information, whereas the level 3 features of the ratings,
trending, and sentiment sections were not discovered or used by
about half of the participants (different subsets each, see Table 3).
Even without using level 3 information, however, participants were
able to solve the tasks well and without any major problems. The
participants provided varying degrees of detail in their responses,
but none of them had problems finding relevant information. The
time to solve a task generally varied between one and six minutes,
and the level of detail of the answers correlates with it. For the task
of comparing hotels, only P4 used all the interface sections, although
least frequently the sentiment section. The other participants focused
on either the ratings section or the sentiment section for the hotel
comparison tasks, and L2 also frequently employed the map. Partici-
pants who had not previously used the trending or sentiment sections
gave satisfactory answers in the tasks that prompted their use, but

the responses were less detailed, and the participants spent less time
than those who had explored these sections previously.

Preferences and Overall Satisfaction Participants found all
but one interface element easy to understand (Table 3, Intuitive).
Only the category priorities were rated less intuitive, likely because
participants also included the glyph in the rating. When asked about
what participants thought were the most important features, three
participants mentioned the sentiment section (L1: “I think it’s nice
because it gives you a little bit more information about why exactly
people rated it the way they did.”), and the map was also mentioned
as most important by three participants (P2: “I definitely like the
map because the location is something that’s very important, and the
location relative to my point of interest.”). Two participants remarked
that the points of interest were among the most important features to
them. P3, however, said the map and the points of interest were the
least important. The trending section was considered least important
by two participants (L1: “I think the least useful for me is probably
the trend, because I don’t really care if the rating was bad, like two
years ago.”). P4 stated that the glyphs are of minor importance,
especially if the hotel ratings (and thus the glyphs) are similar, and
P2 found the ratings section least important. These mentions are also
reflected in the usefulness ratings of the features (Table 3, Useful).

Participants’ overall satisfaction with the interface was high, and
they found the interface intuitive. Two participants stated that they
found the amount of visualization too much. For instance, P1 stated
“sentiment [section] too much [visualization]”, and P3 said “In the
map the circles get confusing and the pie chart at some appearances
seemed overcomplicated” (they were irritated by partially overlap-
ping hotel markers on the map). When asked to rate the amount of
text, P3 stated “When hovering over words [there is too much text],
at the hotel rating summary a bit too”; for the other participants, the
amount of visualization and text was just right.

Additional Comments Participants appreciated the additional
information in tooltips, for example, in the personalization panel
about what the categories mean, or in the sentiment section about
how many of the reviews the respective statement items were men-
tioned. Some participants suggested more tooltips, e.g., showing
exact category ratings when hovering on a glyph slice. P3, however,
stated they were a bit overwhelmed and wished for the elements in
the interface to be more static and less interactive on mouse-hover,
but rather on mouse-click. Some participants had a small screen size
and, thus, only saw the title image of the city in the interface panel
initially and had to be told to scroll down to see the map and the
other sections. L2 and P4 suggested that the tutorial should not just
include the personalization, but also the hotel comparison sections
of the interface, so that they are aware of level 2 and 3 features ear-
lier (P4: “It would be nice too if there was [a more in-depth tutorial]
like when you first visit the website”).

5.3 Study Limitations
We did not directly compare our prototype to any other interface,
mostly due to the different approach we used, different levels of
detail in the available data, and the limited duration of the inter-
view sessions. We targeted the scenario that people have already
narrowed down their selection of hotels, which is not directly sup-
ported in a specific view in most booking platforms. It would also
be challenging to avoid biases related to familiarity, comparing our
interface to well-known ones. Furthermore, we focused on qualita-
tive evaluation with a small number of participants, trying to explore
a realistic setting in depth. Hence, we cannot yet quantify the usage
performance of our interface and cannot contrast it to another tool.
To get a rather comprehensive understanding of how the interface
can be used, we tried to recruit a diverse sample of participants
(two participants from our lab, four via Prolific). However, we were
unable to fully diversify, for instance, cultural background or age,
and might not have yet reached a complete description of different



usage profiles and relevant cases. We had limited control over the
environment of the Prolific participants, for instance, used screen
size and resolution, but clarified in the interviews that the interface
was displayed reasonably in their setting. Reflecting on motivational
factors, Prolific participants are paid a set sum for participating in
an online study, and thus have an incentive to complete the study
quickly, which might result in less detailed exploration. However,
possibly because of the format of an interview study, we found that
the participants stayed engaged throughout the interview session.
For lab participants, ending the study in a short time could also have
been desirable; however, we rather assume that—being researchers
themselves—they better understand the value of detailed findings
and might have been more committed to exploring all features. Fur-
ther, participants in our evaluation saw the interface for the first time;
repeated visits were not covered in the study.

6 DISCUSSION

Study Results Participants were able to use the interface with-
out any major problems, despite having only a minimal introduction
via the tutorial. Different interface sections catered to different user
profiles; for example, some people focused more on the sentiment
than on the ratings section. The trending section was the least used
one but was rated only slightly less useful than the rest of the in-
terface. From this result, and from tourism research findings [33],
it still makes sense to keep it in the interface, but making it a less
prominent level 2 feature. The glyph appeared to be the least intu-
itive interface element. However, the most important information
it encodes is redundant with textual statements of summaries and
comparisons next to it, and a full understanding of the glyph was
only necessary to retrieve details (e.g., more precise differences in
ratings regarding certain categories). We presume that most people
can learn how to read the glyph effectively with repeated use of
the interface. Still, a larger user study is necessary to optimize the
level of complexity of the visualizations, catering to a broad range
of users, from first-time to frequent users. In conclusion, we recom-
mend offering interface features that provide contextual information
even if not used extensively, to cater to different user preferences.
Some participants did not use some interface features because they
did not discover them. Participants solved the tasks well regardless,
potentially only with limited depth. We went beyond what people
are used to from typical hotel booking websites, but still, the study
participants understood and appreciated it. As a similar unfamiliar
element for most users, we successfully applied personalization that
is not implicitly inferred from user behavior, but explicitly set by
users and therefore transparent.

Practical Applicability On the one hand, our approach scales
to larger datasets (more reviews, more hotels) with reasonable adap-
tions. The review processing is fully automatic, and manual or
semi-automatic steps only relate to the contextual data per city or
hotel. For instance, the points of interest proximity (Fig. 3) is inde-
pendent of the number of reviews. A larger number of hotels on the
map leads to overlapping location markers, requiring more elaborate
filtering and zooming options. On the other hand, the approach is
inherently limited to a few different hotels to be selected and com-
pared at the same time; in our tests, we used up to six hotels and
received satisfying results. Still, more empirical work is needed to
investigate the number of candidate hotels customers would typically
like to compare, and what type of comparison is most appropriate
for what number of hotels. Moreover, restricting a flexible use, the
current interface prototype is too wide for screens smaller than a
laptop, such as mobile phones. However, the linear structure of the
interface makes it easy to adapt to mobile devices, and the layout
of interface elements can be changed to fit a narrow form factor.
On touch devices, mover-over interactions are lost and should be
transformed to on-click events.

Natural Language Processing With large language models,
we transformed unstructured review texts into semi-structured sen-
timent items and confirmed that the results were reliable. After
clustering these items, we condensed them to the set of cluster repre-
sentatives. Some open ends are worth pursuing further. For instance,
it might be interesting to compare the performance of our GPT-based
sentiment extraction to other approaches [3,32]. Another question is
whether clusters of items are similar for different hotels, or whether
some hotels have unique clusters. Those could then be visually high-
lighted as a noteworthy feature of a hotel. Finally, we could go even
further and employ large language models to generate a personalized
textual report by incorporating peoples’ preference settings in the
prompt. However, this would pose challenges regarding the accuracy
of the resulting report.

Integration, Extension, and Generalization. ViSCitR is not a
full-fledged hotel booking platform, but we envision that its interface
(or large parts thereof) can be integrated into such platforms. It could
specifically act as a detailed comparison page when customers have
already bookmarked a pre-selection of hotels—somewhat similar to
a comparative feature matrix of products available in some online
shops. It can also be tailored to use cases such as business travel,
where the personalization aspect might elaborate, for example, by
selecting more specifically the location of a conference venue and
offering business-related rating categories or keywords. Generally,
personalization can be explored in greater depth. Our approach has
primarily focused on two aspects (points of interest and category pri-
orities), but others might be relevant, too (hotel services and facilities
of personal interest, interior style of a hotel, spoken languages, etc.).
Moreover, recommendations and data insights could be informed
by the previous booking history of a customer. Extending the target
audience to professionals from the hospitality sector also, it would
be interesting to add more advanced options, for instance, to explore
outliers such as reviews that the text processing could not categorize,
or reviews with statements that do not match the rest of the reviews
for a hotel. We decided to include categories and used the ones from
the dataset since they seemed reasonable. However, the approach
can be easily changed to include other categories and respective sen-
timent. Finally, the interface can be extended to reporting on other
kinds of products. For geo-referenced businesses like restaurants,
the required changes might be limited to identifying new relevant
rating categories and related points of interest. For other products,
changes would necessarily be more substantial. For instance, when
comparing consumer electronics, the products would not have a lo-
cation attribute, and personalization would need to work differently.
However, we assume that a similar processing of reviews and a sim-
ilar style of reporting is still applicable, as well as that consumers
would profit from personalization and comparison features.

7 CONCLUSION

In this paper, we showcased how the information needs of ho-
tel customers—like comparing summarized ratings or sentiments
of hotel reviews—can be satisfied through an easy-to-understand,
document-like visual interface called ViSCitR. For review summa-
rization and comparison, we exploited AI-supported text processing
and integrated contextual data. A unique feature of the interface
is that all visual comparison components adapt to personalization,
which the user can adjust at any time. As demonstrated through
a qualitative study, users with diverse backgrounds were able to
leverage the personalization and extract relevant information from
the review comparison. The predefined exploration levels reflected
different usage profiles regarding the main scope and depth of usage.
Whereas this application study focuses on hotel reviews only, our
ideas can be transferred to analyzing other review or opinion- and
rating-based datasets. Moreover, ViSCitR can be regarded as an
example of a novel type of personalized and comparative reporting
interface that targets broad audiences.
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