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Abstract

Globalization is often seen as having a homogenizing effect, reducing pronounced
local cultural differences. The kinds of housing people live in are one of the most
pronounced expressions of local culture. Our research utilizes a unique dataset of
more than 640,000 Airbnb images and employs a visual AI framework to exam-
ine the differences and similarities in people’s living spaces across 80 cities. We
show that geographic proximity and socio-economic connectivity—measured by
air traffic data—are significantly correlated with the visual features of indoor
spaces (R = 0.19 to 0.32), with cities closer to each other or having high pas-
senger traffic between them also exhibiting high visual similarity. Our results
challenge the prevailing notion that cultural homogenization may be overdrawn.
Despite the homogenizing influence of globalization, distinctive local styles per-
sist in domestic living arrangements. This research highlights the resilience of
local identities and cultural distinctions in the face of global pressures.
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1 Introduction

The question of whether and how global pressures lessen or eliminate local cultural dis-
tinctiveness has interested scholars over the past several decades. It is widely believed
that globalization has led to a marked reduction in local cultural distinctiveness.
For example, Roland Robertson’s concept of ”glocalization” discusses the interplay
between global and local influences, suggesting that local cultures adapt and coexist
with global trends rather than being entirely subsumed [1]. Similarly, George Ritzer’s
”McDonaldization” thesis argues that the principles of fast-food restaurants are com-
ing to dominate more sectors of society globally, leading to a homogenized culture [2].
Moreover, Thomas Friedman’s ”The World is Flat” posits that globalization has cre-
ated a level playing field, reducing the uniqueness of local cultures [3]. Despite these
arguments, living spaces—the physical layout, the configuration, and the presence of
objects—are critical indicators of cultural identity, arguably more significant than the
types of food we eat, how we dress, or the cars we drive. We spend about 90% of our
time indoors [4]. Thus, the way we organize our living spaces, including how to arrange
furnishings and household objects, or the materials and colors we use in building our
homes, play a crucial role in shaping human activities [5, 6]. They are cultural sig-
nifiers, revealing insights into the lives and values of those who inhabit these spaces
[7, 8, 9]. Historically, these cultural signifiers used to be specific of certain times and
geographies: an apartment in Manhattan Upper East Side in the 1960s, an English
townhouse in the early 20th century, the minimalist Japanese home moduled on its
tatamis.

To test propositions regarding the persistence of local distinctiveness in the face
of globalization, we gather and study a unique dataset of more than 640,000 Airbnb
images across 80 global cities, ranging from large metropolitan areas to small urban
settings. Our research employs a visual AI framework to examine the differences and
similarities in living spaces globally. We aim to underscore the enduring presence of
local features within indoor environments, highlighting that, despite the onslaught
of global trends, distinct local visual elements and features prominently persist.
Globalization has changed the dynamics of cultural expression.

For decades now, scholars [10, 1] have discussed the dialectics between global forces
and local practices, with mutual influences. Recent work has been taking advantage
of cutting-edge computer vision techniques to analyze the plethora of visual data
produced in cities worldwide, shedding light on multiple aspects of urban dynamics. It
includes finding hidden styles in city dwellings by analyzing geolocated Airbnb rental
images in ten major cities[11], unveiling the potential of image recognition techniques
for visual information mining in hospitality and tourism [12, 13], or connecting cities
geographically distant through the visual similarities of pictures posted on social media
[14]. However, the exploration of indoor images, particularly with extensive scale and
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depth, remains largely unexplored, arguably due to the lack of data accessible to
researchers in such intimate spaces.

The omnipresence of social media and global markets is reshaping and often homog-
enizing our cultural references, from music to food to home furniture. This is also
true for the hospitality industry, with global hotel chains dominating and setting the
standards in the industry. Even personal transportation, be it Uber or Didi or 99taxi,
they are basically the same—after all, they already rely on the same technology: cars.
However, in 2008, another player entered the hospitality industry, promising to trans-
form global travel behavior [15]: Airbnb, the online platform on which homeowners put
their houses for short-term rental. Different from the global homogenization of hotel
chains, Airbnb offers more than a shelter: it is a chance to share the domestic environ-
ment of an unknown person. From a scientific viewpoint, it offers a unique opportunity
to investigate how living spaces are designed, utilized, and perceived across different
cultures.

Having become a global platform, despite offering real homes for short-term rental,
in several contexts, the platform has also attracted a large number of investors prepar-
ing properties solely as Airbnb rentals which diminishes the characteristic of being a
”real” living space. Another challenge is that these properties are tailored for a ”global”
taste—whatever this ”global” is, it implies similar house configuration, furniture, and
decoration would be found anywhere, ready for global tourists [16], [17].

However, these challenges can also be seen as research opportunities. First, Airbnb’s
global footprint provides a large source of visual data on domestic spaces. Second,
it is the perfect case to investigate cultural homogeneity and heterogeneity globally
by examining indoor living spaces. This study employs a visual AI methodology to
dissect and understand indoor living spaces through design features, appearance, and
the prevalence of objects across different regions. We investigate the extent to which
indoor spaces retain their local cultural identities amidst the homogenizing forces
of globalization. Our analysis encompasses both external factors, such as geographic
proximity and the volume of flights (indicative of socio-economic connectivity), and
in-house factors, including the diversity in room aesthetics, the assortment of items
within these spaces, and the presence of distinctive objects that contribute to visual
classification.

The central inquiry of our research is articulated as follows: Do Airbnb listings
exhibit a global homogeneity, or do they retain distinctive local characteristics? Should
patterns of similarity emerge, what factors predominantly contribute to these pat-
terns? Are they influenced more significantly by geographic proximity, the strength of
social connections, or the typology of the city (whether it is a large metropolis or a
smaller urban center)?

2 Results

Our investigation utilized a dual-framework analysis to decipher the visual diversity
observed in Airbnb listings globally. This analysis differentiated between external and
in-house determinants shaping the interiors’ aesthetic uniqueness. Leveraging deep
learning for image analysis and object recognition algorithms allowed us to evaluate
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640,000 images across a strategic selection of 80 cities. For each of the eight geographic
regions of North America, South America, Europe, Africa, West Asia, South Asia,
East Asia, and Oceania, by selecting the five most populous cities in which Airbnb is
active. Then for each of these large cities, we select a local city nearby with a relatively
small population that has a sufficiently large number of Airbnb listings for training
and testing purposes.

Fig. 1: The map displays 80 cities. Large cities are represented by large circles, while
small cities by small ones. North America: marked in Blue. Large cities are Mexico
City, New York City, Los Angeles, and Toronto and small cities are Toluca, Albany,
Bakersfield, Quebec, and Madison. South America: Marked in Green. Large cities
are Sao Paulo, Buenos Aires, Rio de Janeiro, Lima, and Bogota and small cities are
Piracicaba, Cordoba, Vitoria, Trujillo, and Ibague. Europe: Marked in Red. Large
circles are London, Berlin, Madrid, Milan, and Paris, and small circles are Bath,
Heidelberg, Malaga, Siena, and Bordeaux. Africa: Marked in Plum. Large cities are
Kinshasa, Cairo, Abidjan, Nairobi, and Cape Town, and small cities are Gaborone,
Luxor, Yamoussoukro, Nakuru, and Paarl. West Asia: Marked in Brown. Large cities
are Istanbul, Riyadh, Ankara, Dubai, Lahore and small cities are Eskisehir, Manama,
Yerevan, Sharjah, and Islamabad. South Asia: Marked in Olive Green. Large circles are
Delhi, Mumbai, Dhaka, Chennai, and Kolkata, and small cities are Amritsar, Varanasi,
Sylhet, Lalitpur, and Kandy. East Asia: Marked in Orange. Large cities are Tokyo,
Seoul, Osaka, Hong Kong, and Bangkok, and small cities are Miyakami, Suncheon,
Okayama, Hualien, and Pattaya. Oceania: marked in Violet. Large cities are Sydney,
Melbourne, Auckland, Jakarta, and Adelaide, and small cities are Sunshine Coast,
Canberra, Wellington, Denpasar, and Margaret River.

The main finding of our study is that there is still a pronounced retention of
local cultural attributes in living spaces, defying the common belief in globalization’s
homogenizing influence. Firstly, we establish that geographic proximity is a critical
factor. We find geographically closer cities tend to exhibit more visual similarities, with
a significant correlation (R = 0.23) between geographic distance and visual difference.
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This phenomenon is not confined to local and relatively isolated cities but extends to
cosmopolitan centers, which also exhibit correlations (R = 0.26) between distance and
visual difference, and thus indicate similar retention of local attributes.

In addition to geographic proximity, we explored the role of socio-economic con-
nectivity—measured through the volume of direct flights between cities (238 large city
pairs)—as a determinant of visual characteristics in living spaces. Our findings sug-
gest a marked impact of socio-economic connectivity, with negative correlations (R =
-0.18) between airline traffic and visual difference. However, the correlation between
visual similarities and geographic proximity emerged as stronger, suggesting that phys-
ical distance exerts a more decisive influence on the preservation of local aesthetic
distinctions in the face of global standardization.

We will present, moreover, how our analysis delves into city-specific object tax-
onomies, revealing global differences and identifying distinct indoor elements that
define the most visually divergent cities. These patterns of heterogeneity, present both
in isolated locales and global metropolises, reinforce the importance of physical loca-
tion in maintaining the unique visual identity of living spaces amidst widespread
standardization. The study identifies elements that contribute to the indoor charac-
ter of cities, either simply due to their presence, or due to their visual quality, thus
revealing the different ways in which such objects shape visual identity.

The Methods section provides an in-depth motivation for the external and in-house
factors and how we calculated them, along with our approach towards the identification
of important indoor elements.

2.1 Local Persistence in the Face of Globalization: Image

Analysis Results

The embedding of images in latent space enables us to explore how images of interiors
from different cities share stylistic or architectural similarities, even when the model
might not accurately identify the city from which each image originates. Specifically,
Figure 2 illustrates the latent space representations of bathrooms and bedrooms from
a dataset encompassing 40 cities, with each city represented by a unique color and
cities within the same region sharing similar color tones (shown in Figure 1). These
plots reveal clear regional patterns, demonstrating that the neural network can recog-
nize and group images by regional traits, despite having no prior information about
the geographical proximity of the cities, neither during its testing phase nor in its
training dataset. This finding underscores that the visual grouping of cities reflects
genuine regional design identities, and that unique local interior characteristics persist,
notwithstanding the broader trend towards global homogenization of interior design
styles.

2.2 The influence of location and socio-economic connectivity

on the visual profile of interiors

The analysis of the latent space representation indicates that physical distance sig-
nificantly influences the visual similarity between living spaces. This phenomenon
presents one of the first empirical demonstrations of the “first law of geography” in the
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Fig. 2: Latent space (t-SNE) representations of visual identities of kitchens display
clear regional affinities. For example, kitchens in South Asia tend to concentrate all
in the left part of the latent space whereas kitchens in South America are less concen-
trated over the whole space. We also observe gradual regional differences. For example,
South Asia is closer to East Asia than North America. Similar patterns are observed
in the case of bathrooms, living rooms, and bedrooms.

context of domestic interior spaces’ visual qualities—everything is related to every-
thing else, but near things are more related than distant things [18]. Furthermore,
the connectivity between cities also plays a crucial role in shaping the visual simi-
larities and distinctions among these spaces across various urban environments. To
further examine these influences, we will present an analysis that highlights how these
factors differently affect room types and the visual profiles of interiors in both large
metropolitan areas and smaller cities.

2.2.1 Locational analysis - visual similarity and geographic

proximity

In our study, we analyze the relationship between the physical location of living spaces
and their visual characteristics by examining two specific types of distances. The first,
geographic great-circle distance, refers to the shortest distance between any two points
on the surface of the Earth, measured along the surface of the sphere [19]. This is
how we quantify the physical separation between city centers. The second, Euclidean
feature-space distance, involves measuring the straight-line distance between points
in a multi-dimensional space [20] where each dimension represents a specific visual
feature of the interior spaces. This method helps us to quantify the visual similarity
or difference between these spaces. Through comprehensive analysis comparing every
possible pair of city centroids, our findings reveal consistent and statistically significant
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correlations between these two measures of distance. While the strength of this rela-
tionship, as indicated by correlation coefficients, varies among different room types,
we observe correlation (R) values as high as 0.30 as shown in Figure 3. This pro-
vides strong evidence that the geographic location significantly influences the visual
appearance of these spaces, suggesting that spaces closer together geographically tend
to share more visual similarities than those farther apart.

Fig. 3: Relationships between geographic distance and visual similarity for every large
city (top) and small city (bottom) pair.

2.2.2 Socio-economic connectivity - visual similarity and social

connectivity

While physical proximity has been shown to influence the visual similarity of living
spaces, the correlation factor is moderate, hinting at the existence of additional factors
that might influence visual similarity. We use the analysis of air travel—measured by
the frequency and volume of direct flights between urban centers—as a proxy for the
strength and depth of their socio-economic ties, used in this paper with the term socio-
economic connectivity. This analysis focuses on a select subset of cities for which direct
flight data is available. Our findings show a consistent and statistically significant
negative correlation between the volume of direct air traffic for city pairs and the
feature-space distances observed between them (Figure 4). In this context, a negative
correlation indicates that as the number of direct flights between two cities increases,
the visual dissimilarity (as quantified by feature-space distance) between their interior
spaces decreases. Consequently, cities with higher degrees of connectivity tend to have
more visually similar interior spaces compared to those with fewer direct connections.

Feature-space distance, introduced earlier in our study, measures the visual dis-
similarity between spaces by quantifying the distance between their representations in
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a multi-dimensional space, where each dimension corresponds to a visual characteris-
tic of the interiors. This metric allows us to objectively compare the visual profiles of
living spaces across different cities.

Fig. 4: Relationships between direct passenger traffic and visual similarity for large
city pairs.

While such correlations do not necessarily imply any direct causal effects of physical
connectivity, they do however empirically reveal the relationships between connectivity
and indoor visual quality within an increasingly globalized world.

2.2.3 The Persistence of the Local

While the findings discussed above reveal important macro-trends pertaining to indoor
visual qualities across the world, an added focus of this work was also to uncover
qualitative and explanatory aspects behind such quantitative findings. The analysis of
Gradient-weighted Class Activation Mapping (GradCAM) [21] revealed insights into
indoor objects which helped our supervised model identify cities from their images.
These become anchors of visual identity, and allow us to map out unique taxonomies
for different cities.

Figure 5 summarizes the relative importance of distinct objects within living rooms
of cities. Essentially, we identify two primary types of elements that contribute to a
room’s visual identity across different room types. In the first type, it is the presence of
that element itself that makes the room uniquely identifiable as belonging to a specific
city. Examples of these include flowers in bathrooms in Chicago, pictures in living
rooms in Auckland, cushions in Living rooms and bedrooms in Auckland and Albany,
or foodstuff (identified as creature/fauna) in kitchens in Yammoskuro. In cases like
Los Angeles, these can also include outdoor vegetation like palm trees seen through
the windows of interior spaces. The second type of elements is characterized not just
by their presence but by their specific visual attributes, which include architectural
features like walls, windows, doors, and flooring. What makes the interiors of cities, it
is not the presence of walls in bedrooms in Chennai or the presence of windows in Paris
that make their spaces identifiable, but their unique appearance or ”look.” Figure
5 shows selected examples, highlighting visual differences between common elements
across cities.
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Fig. 5: Left: Distribution of object importance for living rooms. Right: Image samples
from Auckland (bottom) and Chennai (top) - the two most visually dissimilar cities
for living rooms.

It is important to underline that the visual identifiers that define a city’s indoor
spaces do not align neatly with the conventional understanding of city similarity—be it
geographical proximity, cultural affinities, or socio-economic connections. Thus, visual
identifiers are not universally consistent among cities deemed similar by these stan-
dards, nor are they predictably diverse among cities considered dissimilar. As such,
these visual elements should be recognized as independent and categorical markers
that illuminate distinct facets of a city’s visual identity. While they provide valuable
insight into the aesthetic nuances of indoor environments, directly correlating these
visual markers with measures of physical or social connectivity presents a challenge.
Such correlations would require delving into intricate mappings which lie beyond the
scope of this work.

2.2.4 Comparing the impacts of geographic proximity and

connectivity

Geographic proximity and socio-economic connectivity play distinct roles in shaping
the visual identity of interior spaces. Geographic distance predominantly affects the
overall visual profile of interiors, influencing aspects such as style and layout. In con-
trast, socio-economic connections are more closely tied to the specific objects found
within these spaces.

To demonstrate this, we explored the relationship between both geographic and
socio-economic distances and their respective impacts on visual and object-related

9



differences in interior spaces. It’s important to note that the visual differences we iden-
tify through our neural network approach involve both the appearance of objects and
their presence within a scene. To isolate the purely visual difference —disentangling it
from the presence of specific objects —we calculated a residual variable between the
visual similarity and object difference. This variable captures the variance in visual
appearance not explained by the mere presence of an object. To evaluate the signifi-
cance of geographic proximity versus socio-economic connectivity in influencing these
aspects of indoor design, we employed the Akaike Information Criterion (AIC)[22]. The
AIC helps in quantifying the strength of a statistical relationship, and the difference
between AIC values is used to confirm whether one relation is significantly stronger
than another one. Our analysis, based on AIC comparisons, reveals that geographic
proximity has a significantly stronger correlation with visual differences across inte-
riors. Conversely, socio-economic connectivity shows a significantly more pronounced
relationship with the diversity of objects present. Figure 6 illustrates the relation-
ships between object difference, visual difference, residual (pure visual) difference and
geographic and socioeconomic differences.

Fig. 6: Relationships between object difference, visual difference, residual (pure visual)
difference and geographic and socioeconomic differences. For socioeconomic distance,
the slope gets steeper transitioning from pure visual (no correlation) to visual (some
correlation) to object composition (medium correlation). For geographic distance, this
transition is the opposite.
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3 Discussion

In contrast to a large body of prior studies which find that globalization erodes or
even annihilates local distinctiveness, the results of our study on living spaces provide
evidence of significant persistence of local differences despite globalization. We do this
by exploiting a database of more than 640,000 Airbnb images across 80 cities across
the world. We use a visual AI approach to underscore the enduring presence of local
features within indoor environments, highlighting that, despite the onslaught of global
trends, distinct local visual elements and features prominently persist. Our models
adeptly classify regions based on visual data alone with an accuracy range of 0.43 -
0.47, reinforcing the concept that indoor elements serve as potent visual indicators of
geographic proximity.

Further, our examination reveals a correlation, even though weaker, between air
traffic data and the visual similarity of interiors, suggesting that socio-economic
connectivity—exemplified by high passenger traffic—contributes significantly to the
aesthetic convergence of domestic spaces. This illustrates how the circulation of peo-
ple and ideas via air travel influences the visual quality of living environments. The
vast dataset at our disposal opens up possibilities for more granular investigations into
how specific cultural imprints shape domestic spaces. The proliferation of visual data
from home streaming, social media, and short-term rentals presents a fertile ground
for exploring cultural patterns and human behavior.

However, this study is not without limitations, which in turn pave the way for
future research directions. One area of focus is the challenge in detecting less distinct
personal items through visual AI, such as small decorative objects, personal artifacts,
or unique cultural items, which may evade current detection capabilities. Moreover,
distinguishing between the visual composition and the appearance of objects—where
’composition’ refers to the arrangement and prevalence of elements within a space, and
’appearance’ pertains to the aesthetic and stylistic attributes of these elements—poses
its own set of challenges. This distinction is crucial for understanding how the visual
identity of spaces is crafted not just by the types of objects present, but by their
stylistic presentation and arrangement. Furthermore, while our classifier was trained
on room type without explicit geographic labels, local knowledge may be implicitly
captured in the visual data. This subtlety can complicate the recognition of specific
features, such as the traditional layout of a Japanese tatami room, which may not be
directly labeled but is inherently distinguishable through its unique visual and compo-
sitional characteristics. These observations highlight the interplay between global and
local factors in shaping indoor aesthetics and point toward the necessity for enhanced
algorithms for object detection and better interpretation of latent image features.
Future research should aim to refine these techniques and consider incorporating addi-
tional data sources, such as cultural artifacts and architectural styles, to deepen our
understanding of these dynamics.

In sum, the implications of our findings extend across various fields, offering a
novel computer vision framework for examining indoor living spaces. This tool holds
promise for anthropologists, sociologists, and cultural researchers, providing a new
lens through which to examine the nexus of individual identity, cultural expression,
and global influences.
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4 Methods

4.1 External factors

The external factors include visual difference, represented by the physical distance
between cities, and socio-economic connectivity, represented by the volume of air traf-
fic between cities. By training a neural network on images from the dataset across the
world, we obtained a model that captured essential visual distinctions of cities and
was capable of identifying a city type from a given image. Instead of using the trained
network in a classification task, we instead study how the network describes images
visually relative to each other. To do so, we ran model prediction inference on each
test image and extracted a penultimate layer from the neural network, which corre-
sponded to the placement of a certain image in a space of latent features. By using
dimensionality reduction, we were able to encode the visual representation of each
image in a 2-D plot and observe the visual identity of images across cities relative to
each other, similar to [23] (Figure 7).

4.1.1 Visual Difference

A robust comparison of diverse images requires developing a common set of parame-
ters that the visual data points can be evaluated upon. Such parameters can include
distribution of colors and textures [11] , count of specific objects [24], visual clutter
[25], or any other visual or indoor layout conditions [26] that can help us draw mean-
ingful conclusions about the difference between images. However, the introduction of
highly specific comparison parameters such as color or object count imposes bias on
the study as it limits the comparison to a specific parameter. For example, comparing
apartments in different continents by wall color is one of the many experiments we may
design which asserts the assumption of walls as a defining cultural feature of indoor
spaces. We instead seek to first observe universal differences across indoor spaces and
further explore the factors driving that difference. In this case, deep learning models
are suitable for encoding such comparison frameworks as they are capable of learning
highly complex relations between visual data points across billions of dimensions [27].

While deep convolutional neural networks are most often used for specific end-to-
end tasks such as classification or object detection, they are also capable of acting
as dimensionality reduction mechanisms and are capable of representing a complex
RGB input as a datapoint in an n-dimensional latent space that the network learns
over training [28]. While we cannot extract the meaning of the latent space dimen-
sions, such a reduction technique allows us to track how visually similar or dissimilar
particular two images are, given how far they are positioned from each other in the
latent space representation [29]. Neural networks pre-trained on the ImageNet dataset
[30] are often used as out-of-the-box visual embedding frameworks. However, since
ImageNet is trained to distinguish across a wide array of objects, its latent space
embeddings are significantly geared towards object types instead of general appear-
ance. As a result, ImageNet-pretrained models did not allow us to analyze beyond the
type of commonplace objects present in the scenes.
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In order to learn the latent features relevant exclusively to our dataset, we trained
our own ResNet-50 network [31] to distinguish between 40 image classes, each repre-
senting a separate city in the dataset. Instead of using the output classification heads
of the neural network, we instead extract its penultimate layer (see Figure 7) to obtain
the latent space embedding associated with a specific input image [32], which repre-
sents the position of that visual data point in a latent space. These latent space vectors
contain 1024 dimensions as designed by the architecture of ResNet-50. We further
reduced the embedding from 1024 to 2 dimensions using t-SNE, a common dimension-
ality reduction algorithm [33]. We conducted experiments with reducing dimensions
to 3, 512 and with no t-SNE reduction and did not find a significant difference in
our results. For convenience of visualization, we proceeded with the reduction to 2
dimensions.

Fig. 7: The unsupervised clustering approach

We conducted training and dimensionality reduction separately for each of the
room types (Figure 8). The coloring of the cities by distance shows that while the
network was not aware of the regional clustering of input classes, similar cities tend
to cluster closer together.

4.1.2 Object Difference

While a dimensionality reduction based on training neural network classifiers from
image input allows us to record the degree of difference between individual cities, such
‘black-box’ models do not explain what the contributing factors to those differences
are. Using a segmentation network pre-trained on ADE20K dataset [34, 35], we are
able to parse each image into semantic regions corresponding to each of the 150 classes
in the ADE20K object dataset. If there are some pixels detected belonging to a specific
object class, we add their count per given image. We subsequently sum the occurrences
of all objects across images per room type and aggregate the sums in a dataframe
for each city. We subsequently normalize the values per row to account for potential
differences in data points between cities. As a result, we obtain a table that displays
the strength of occurrence of each specific object in a given city, which allows us to
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Fig. 8: Dimensionality reduction output from a pre-trained network, dots colored by
city

obtain 150-number embeddings of object occurrences for each city (See Figure 9a).
We may subsequently find differences between the object occurrence vectors by taking
the absolute value of their difference.

4.1.3 GradCAM

GradCAM [21] is an insightful approach to investigate how a neural network makes its
classification decision. Equipped with this attention visualization tool, we can trace
what specific regions in the picture the network focuses on. Using a segmentation net-
work pre-trained on the ADE20K dataset [36], we are able to separate image regions
belonging to different types of furniture. By overlaying attention maps over segmen-
tation masks, we were able to calculate the relative degree of attention per each of
the 150 object classes segmented from images. By dividing each attention sum by the
respective area of the detected object and further normalizing the results, we are able
to compare by how much the total attention towards a specific object or a category
outweighs its spatial weight per image. This allows us to arrange object categories by
their relative importance in a weight distribution (See Figure 9b). By running such
analyses across all images belonging to a specific city, we are able to see what specific
objects categories are the most characteristic for a particular city in the dataset. Figure
5 displays an array of such comparisons stacked and arranged by objects of average
most importance. The gradient from red to yellow visualizes the ‘decay’ of relative
importance of specific object categories to the network. Upon general observation, the
gradient trends are similar across the cities, with a few common objects achieving
high importance. While the same objects generally earn most of the attention, the
specific ranking of the objects is also disrupted due to local differences. For example,
curtains in Turkey or kitchen furniture in Boston ranks significantly higher than its
relative average rank, signifying that this object category is of specific importance for
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(a) Workflow for determining object weight distribution based on object occurrence

(b) Workflow for determining object weight distribution based on class activation maps

Fig. 9: Two workflows for determining object weight distribution for city classification

the network as it assigns a city class to a given image. This allows us to quantitatively
compare cities to each other by examining the similarity of their object decay curves.
While such decay curves can be compared to each other in their unique representation,
they may also reflect unique differences in characteristic objects between cities.

4.2 In-house factors

For a systematic inquiry into the influences driving visual similarity and difference
amongst cities, two in-house factors are analyzed – geographic proximity, and socio-
economic connectedness. These are analyzed for every possible city pair, considering
the set of large and small cities separately. For both sets of n=40 cities, the analysis
is carried out on n(n-1)/2 = 780 pairs. For an inquiry into the effect of geographic
proximity, the correlation between geographic great-circle distance [19] and Euclidean
feature-space distance [20] is examined, based on every pair of city centroids. This
provides an indication of the degree to which location influences visual similarity
within living spaces. For assessing the impact of socio-economic connectedness, we
rely on air traffic volume data between cities, as recorded by the International Civil
Aviation Organisation (ICAO) [37]. We use flight counts for direct flights between city
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pairs and analyze correlations with feature-space distance as above. It is worth noting
that not all cities in our dataset have direct flights between them. Our analysis is thus
based only on a subset of large cities (238 city pairs).
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Appendix A Supplementary Material

A.1 Data structure

The dataset for this study encompasses Airbnb listings from 80 cities worldwide.
For each of the eight geographic regions of North America, South America, Europe,
Africa, West Asia, South Asia, East Asia, and Oceania, we begin by selecting the five
most populous cities in which Airbnb is active. Then for each of these large cities,
we select a local city nearby with a relatively small population that has a sufficiently
large number of Airbnb listings for training and testing purposes. This sample pro-
vides us with a list of cities representing different geographic regions, cultures, and
climates. Table A.1 presents a list of selected cities and the number of listings in
the sample. The downloaded dataset contains posted images of an average of 33,212
listings for large cities and 16,177 listings for small cities. After processing the images
and balancing the dataset, this results in a total of around 400,000 images for the
selected four rooms. We then use the described machine learning model to identify
pictures of kitchens, living rooms, bedrooms, and bathrooms.

Regions Large Cities Small Cities #Listings

(large, small)

North America Mexico City, New York
City, Los Angeles,
Toronto, Chicago

Toluca, Albany, Bak-
ersfield, Quebec, Madi-
son

(238692,
127698)

South America Sao Paulo, Buenos
Aires, Rio de Janeiro,
Lima, Bogota

Piracicaba, Cordoba,
Vitoria, Trujillo,
Ibague

(173660,
39776)

Europe London, Berlin,
Madrid, Milan, Paris

Bath, Heidelberg,
Malaga, Siena,
Bordeaux

(128428,
116561)

Africa Kinshasa, Cairo, Abid-
jan, Nairobi, Cape
Town

Gaborone, Luxor,
Yamoussoukro,
Nakuru, Paarl

(165324,
71735)

Middle East Istanbul, Riyadh,
Ankara, Dubai, Lahore

Eskisehir, Manama,
Yerevan, Sharjah,
Islamabad

(195063,
74133)

South Asia Delhi, Mumbai,
Dhaka, Chennai,
Kolkata

Amritsar, Varanasi,
Sylhet, Lalitpur,
Kandy

(115590,
59045)

East Asia Tokyo, Seoul, Osaka,
Hong Kong, Bangkok

Miyakami, Suncheon,
Okayama, Hualien,
Pattaya

(152907,
62884)

Oceania Sydney, Melbourne,
Auckland, Jakarta,
Adelaide

Sunshine Coast, Can-
berra, Wellington,
Denpasar, Margaret
River

(158830,
95275)
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Table A1: List of selected cities and number of downloaded images per city.

Socioeconomic connectivity is proxied by the number of flights between the pairs
of cities. This information is obtained from the dataset ICAO Data+ M2: Traffic
By Flight Stage. The International Civil Aviation Organisation (ICAO) collects air
transport statistics data from all of its 193 member states. These include passenger and
flight counts for and between airports, fleet and personnel data for carriers, financial
data and the like. We use this dataset to query the number of direct flights between
every city pair for large cities in our dataset. Since not all large cities have directs
flights between them, we use a subset of 238 city pairs for our analysis. The number of
flights between cities is used as a metric for capturing the strength of the socioeconomic
connectivity between them.

1.2 Residual Analysis for 12.2.4

This section supports the analysis performed in Section 2.4 which aimed to explore
the difference in the impact of geography and economic connectivity on visual profile
and object composition in interiors. Specifically, we hypothesized that economic con-
nectivity is more connected with the object composition of interiors, while geographic
distance is more connected with the visual appearance of interiors.

One major issue hindering this comparison is the inability to properly decouple
the appearance of objects from their typology. While the object composition dataset
we collected indeed counts the occurrences of objects by type, the ‘visual differences’
between images come from a neural network’s latent space that considers the image
as a whole. Therefore, the ‘visual differences’ in fact encompass both the appearance
of objects and their composition (occurrence) in images.

In order to decouple the ‘true visual appearance’ factor from the composite one,
we calculated a residual of the visual appearance with respect to the object [38].
Considering V as a model describing the visual distinctiveness between given city
pairs and O as a model describing the difference in object composition, we obtained
RV = V (O)− < V > (O) as the value of V that is not described by its relation-
ship with O. We called the model RV residual visual factor as a measure of visual
differences that does not include object morphology. In Figure Section 2.4 Figure 2
we visualized the Residual Visual, Visual and Object differences as plotted against
geographic distance and socioeconomic connectivity. For the plots of residual visual,
visual, and object difference plotted against geographic distance, the correlation gets
weaker from residual visual to object difference. At the same time, the plots in the
same order against socioeconomic connectivity show an increase in correlation towards
object difference.

While we used the residual visual factor to illustrate the difference anecdotally,
we exploited difference in Akaike Information Criterion (AIC) to confirm the signifi-
cance in this difference [39]. AIC is a common method for best model selection widely
applied in a variety of domains, from environmental studies [40] to sociology [41]. We
computed AIC for socioeconomic connectivity with respect to visual difference and
object composition and obtained a difference for each room type. We repeated the
same experiment for geographic distance. The objective of computing AIC difference
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was to explore whether adding another external variable (visual difference to object
composition) could make the model significantly more informative. The result in AIC
differences are stored in Table X. Considering that the difference above 2-5 AIC values
is considered significant [42], we see that for socioeconomic connectivity, object com-
position is significantly more informative in 3 out of 4 rooms, and visual appearance
is more informative for geographic distance for all 4 room types.

δAIC = AIC(SocioEconomicProximity|VisualDifference)−
AIC(SocioEconomicProximity|ObjectDifference)

Room type δAIC

Bathroom -3.1
Bedroom 8.2

Living room 18.2
Kitchen 13.4

Table A2: A table of differences between the AIC value for a regression model of
Socioeconomic Proximity vs visual difference and the AIC value for a regression model
of Socioeconomic Proximity vs object difference, exploring how better the object dis-
tance is for predicting socioeconomic distance as opposed to visual difference, with a
significant difference being larger than 2. In 3 out of 4 room types, object difference
is a significantly better explanation than visual difference

δAIC = AIC(GeographicProximity|VisualDifference)−
AIC(GeographicProximity|ObjectDifference)

Room type δAIC

Bathroom -36.3
Bedroom -12.3

Living room -16.2
Kitchen -53.1

Table A3: A table of differences between the AIC value for a regression model of
Geographic Proximity vs visual difference and the AIC value for a regression model of
Geographic Proximity vs object difference, exploring how better the object distance
is for predicting socioeconomic distance as opposed to visual difference, with a signif-
icant difference being larger than 2. In 4 out of 4 room types, object difference is a
significantly worse explanation than visual difference
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