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Abstract

Auditing is critical to ensuring the fairness and reliability
of decision-making systems. However, auditing a black-box
system for bias can be challenging due to the lack of trans-
parency in the model’s internal workings. In many web appli-
cations, such as Yelp, it is challenging, if not impossible, to
manipulate their inputs systematically to identify bias in the
output. Yelp connects users and businesses, where users iden-
tify new businesses and simultaneously express their experi-
ences through reviews. Yelp recommendation software mod-
erates user-provided content by categorizing it into recom-
mended and not-recommended sections. The recommended
reviews, among other attributes, are used by Yelp’s ranking
algorithm to rank businesses in a neighborhood. Due to Yelp’s
substantial popularity and its high impact on local businesses’
success, understanding the bias of its algorithms is crucial.

This data-driven study, for the first time, investigates the bias
of Yelp’s business ranking and review recommendation sys-
tem. We examine three hypotheses to assess if Yelp’s recom-
mendation software shows bias against reviews of less estab-
lished users with fewer friends and reviews and if Yelp’s busi-
ness ranking algorithm shows bias against restaurants located
in specific neighborhoods, particularly in hotspot regions,
with specific demographic compositions. Our findings show
that reviews of less-established users are disproportionately
categorized as not-recommended. We also find a positive as-
sociation between restaurants’ location in hotspot regions and
their average exposure. Furthermore, we observed some cases
of severe disparity bias in cities where the hotspots are in
neighborhoods with less demographic diversity or higher af-
fluence and education levels.

Introduction

The biases of machine learning-based decision-making sys-
tems are a major concern. These biases have been identified
in various domains, including predicting recidivism against
African Americans (Angwin et al. 2016; Dressel and Farid
2018; Flores, Bechtel, and Lowenkamp 2016), and discrim-
inatory practices against women in job screening and online
advertisements (Sweeney 2013). These instances underscore
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the urgent need for systematic auditing to uncover and ad-
dress biases, as the consequences of biased decisions can
perpetuate societal inequalities and undermine the ethical
foundations of these systems.

However, many of these systems are black-box, wherein
the training data, algorithms, and model parameters are not
publicly available. This lack of transparency makes the task
of auditing for bias more challenging (Caton and Haas 2020;
Harrison et al. 2020). Prior works proposed methods to audit
black-box classifiers and recommendation systems (Adler
et al. 2018; Datta, Sen, and Zick 2016; Feldman et al. 2015;
Tan et al. 2018). These works either make repeated calls to
the black-box model API (Kim, Ghorbani, and Zou 2019) or
remove, permute, or obscure some of the features, or mimic
the model (Adler et al. 2018; Tan et al. 2018) However, in
certain scenarios, ethical and design restrictions may prevent
auditors from probing the black-box system with carefully
crafted input data. Consequently, the sole available resource
for investigating bias becomes the output data already gener-
ated by the system. This paper, for the first time, audits one
such web application, Yelp, specifically auditing its business
ranking and review recommendation system.

On Yelp, users identify businesses in a local city or neigh-
borhood, connect to other users, and share their experiences
about the businesses with other Yelp users through their re-
views and ratings. Yelp uses an automated content modera-
tion tool called Yelp recommendation software to filter cer-
tain reviews based on four key considerations: conflicts of
interest, solicited reviews, reliability, and usefulness (Inc.
2022). These filtered reviews are not removed from the site
but are moved into a separate, less visible section called Not
Recommended, shown as a page link at the end of the busi-
nesses’ page (Yelp 2023). Reviews are important because
other Yelp users rely on them to choose a business. They
also affect the business’s overall star rating, which can sub-
sequently affect its ranking in the Yelp search results.

Hypothesis 1 on Yelp Review Recommendation (Fil-
tering) system: Yelp has a mechanism to encourage users
to provide “high-quality” reviews. For example, active Yelp
users with many reviews, friends, etc., who also constantly
provide helpful reviews receive an Elite badge (Support
2024). Prior works have shown that elite user reviews are



given higher weightage (Kamerer 2014; Nilizadeh et al.
2019). However, using these users’ account characteristics
for filtering their reviews can lead to bias against less estab-
lished users who have a lower no. of reviews and friends.
Filtering these users’ reviews can be very frustrating for
them or even considered unfair to them, as pointed out by
Eslamin et al. (Eslami et al. 2019). Quotes from their qual-
itative study show this frustration and disappointment: “A
few friends and a few more reviews will take you out of the
filter algorithm and allow your reviews to be posted.”
Additionally, prior research has extensively explored the
issue of long-tailed item recommendation, where less pro-
lific users or items with limited activity receive less atten-
tion (Fleder and Hosanagar 2009; Silva et al. 2023). Fur-
thermore, studies have highlighted the adverse effects of
unfair content moderation on user disengagement (Duffy
and Meisner 2022; Singhal et al. 2023b). Therefore, the
first hypothesis examines the bias of Yelp’s recommenda-
tion system against a new type of sensitive group, i.e., less-
established users in contrast to well-established users: HI.
Reviews written by users with fewer friends and reviews are
more likely to be categorized as not recommended.
Hypotheses 2 and 3 on the Yelp’s Business Recom-
mendation System: Yelp uses a black-box ranked-retrieval
model (Washcovick 2019) to list businesses per users’
search query, looking for a specific type of business, loca-
tion, services, etc. The search result shows a ranked list of
businesses on several pages. Businesses listed among the
firsts on the first few pages are considered to have higher
visibility and exposure, as some studies have shown users
tend only to check the first or a few first pages (Joachims
et al. 2017). Studies have also shown that this ranking highly
affects businesses because the higher visibility and expo-
sure (Singh and Joachims 2018) means higher foot traffic
and increased revenue (Luca 2016). Therefore, a fair ranking
is essential for a business. Many factors, including location,
can impact a business’s ranking on Yelp search results. For
example, some neighborhoods are hotspots for restaurants,
and several businesses thrive in these locations. This can be
due to being in the most touristy and visited parts of the
city, which garner more foot traffic. This can, in turn, lead
to a higher number of (positive) reviews for the businesses,
giving even more exposure to them. The higher exposure, in
turn, drags even more customers to these businesses, giving
them a further boost in fame and popularity, even though
they did not provide a better service or higher quality food
than other businesses. This cycle of discrimination contin-
uously increases the popularity and revenue gap between
these businesses located in different neighborhoods. As a
result, it causes “the rich to get richer and the poor to get
poorer” as it is shown in prior works that there is a correla-
tion between reviewer positiveness and restaurants being in
a hotspot or popular location (Kokkodis and Lappas 2020;
Huang et al. 2016). Hence, we hypothesize that:
H2. In Yelp’s ranking of businesses in a city, businesses
located in hotspots tend to have higher exposure.
Furthermore, while the location itself might not be consid-
ered sensitive, it can be associated with sensitive attributes,
such as neighborhoods’ economic status and demographic
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and racial composition. Therefore, if Yelp’s business rank-
ing algorithm is biased against businesses that are not lo-
cated in hotspots, and if these neighborhoods are associated
with a specific demographic composition, then Yelp is (im-
plicitly) biased against this specific population. Hence, we
hypothesize that:

H3. Hotspots are positively associated with less demo-
graphic diversity, high education levels, high income, and
low unemployment neighborhoods

To examine bias, we relied on popular definitions of fair-
ness and bias, such as exposure and used statistical tests,
such as quantile linear and logistic regression, to identify
associations and relationships between Yelp’s outcomes and
the sensitive groups. Since the inherent black-box structure
and the lack of access to training data and algorithms make
it challenging to audit Yelp, we designed two data collec-
tion frameworks to minimize bias. Note that in contrast to
other auditing frameworks, due to ethical considerations, we
do not generate inputs (create accounts or write reviews) to
pass them through the system but instead analyze the exist-
ing data on the platform.

To audit the algorithmic bias of the Yelp Review Recom-
mendation (Filtering) system, we obtained recommended re-
views of 15K random businesses from Yelp Dataset Chal-
lenge in 2023 (Inc. 2023). We also created a framework
to obtain all the not-recommended reviews of these busi-
nesses from Yelp as Yelp does not provide it in the Dataset
Challenge. In total, we obtained 707K recommended and
178K not-recommended reviews. To audit the algorithmic
bias of the Yelp Ranking system, we first obtained the rank-
ing of all restaurants for 9 cities in the US using our custom-
build framework as Yelp Dataset Challenge does not pro-
vide the ranking of businesses. Through the statistical anal-
ysis, we found that reviews written by users with a higher
number of friends and reviews are more likely to be cat-
egorized as recommended, hence showing a disparate im-
pact for new or less-active users (p < 0.001). Our quan-
tile analysis showed a statistically significant positive corre-
lation between a restaurant’s presence in a hotspot and its
average exposure (p < 0.001). This finding was observed
across all nine cities, indicating that the Yelp algorithm dis-
proportionately accords higher exposure to restaurants in the
city’s hotspots. Furthermore, we noted more severe cases
of disparity bias in cities where these hotspots are placed
in neighborhoods with less demographic diversity or areas
with higher affluence and education levels. For example, in
Chicago, we found that hotspot regions are usually in highly
educated and wealthy neighborhoods. Hence, we can con-
clude that there would be bias against the restaurants in
neighborhoods with lower wealth and less educated people.
The association between hotspots and demographic compo-
sition can also be due to existing deep underlying societal
biases.

Our results highlight the importance of responsible data
science practices in data-driven systems such as Yelp. Ir-
responsible ranking and recommendation models and algo-
rithms cannot only create unfair results but can also cre-
ate discriminatory feedback loops that keep segregating the
cities and marginalizing people.



Related Work

Fairness & Bias in Recommendation Systems. Prior
works have found that the recommendation systems incur
biases (Zhang and Liu 2021; Ali et al. 2019; Abdollah-
pouri et al. 2019), some against a gender or race group (Li
et al. 2021b; Hannak et al. 2017; Buolamwini and Gebru
2018; Zhao et al. 2017) leading to under-representation of
some social groups and denial of economic opportunities
for others (Hanndk et al. 2017; Abdollahpouri and Burke
2019; Beutel et al. 2019; Koenecke et al. 2023). For ex-
ample, Ali et al. (Ali et al. 2019) found that skewed de-
livery of ads occurred on Facebook leading to bias. Ek-
strand et al. (Ekstrand and Pera 2017) found that recom-
mender systems suffer of what is known as “sample size
bias.” Edizel et al. (Edizel et al. 2020) found that bias that
exists in the real world can be modeled and amplified by
recommender systems. Marlin et al. (Marlin et al. 2012)
found selection bias in rating data collected via user survey.
Recommender systems can also affect users decision mak-
ing process, known as decision bias, and Chen et al. (Chen
et al. 2013) show how understanding this bias can improve
recommender systems. Dozens of methods to make these
ML systems fair are proposed (Li et al. 2021b,a; Fu et al.
2020). Fairness & Bias in Ranking. Ranking fairness im-
plies that comparable items or groups of items receive simi-
lar visibility. Prior works have extensively studied fairness
in ranking (Stoyanovich, Yang, and Jagadish 2018; Patro
et al. 2022; Zehlike, Yang, and Stoyanovich 2022a). Schol-
arships have examined probability-based fairness notions
and provided mechanisms to design fair ranking (Asudeh
et al. 2019; Zehlike et al. 2017). For example, Asudeh et
al. (Asudeh et al. 2019) developed a system that assists indi-
viduals in choosing criterion weights that lead to significant
fairness. Singh et al. (Singh and Joachims 2018) proposed a
framework for formulating fairness constraints on rankings.
In fair ranking tasks, a frequently studied problem is how
to distribute the exposure opportunity to candidates fairly
(Diaz et al. 2020; Singh and Joachims 2018; Zehlike and
Castillo 2020). Position bias is very common in recommen-
dation systems (Chen et al. 2023). Popularity bias happens
when users to notice or interact with items in certain posi-
tions of lists with higher probability (Collins et al. 2018).
Maeve et al. (O’Brien and Keane 2006) shows that users of-
ten trust the first few results in the lists. Popularity bias is an-
other form of “exposure bias” (Zheng et al. 2021). Our work
builds on these works by investigating the bias of Yelp’s
ranking system through the lens of exposure bias. Yelp Rec-
ommendation System: Mukherjee et al. (Mukherjee et al.
2013a) investigated the factors that the Yelp review filter-
ing algorithm uses, reporting that Yelp might filter reviews
based on various behavioral features than linguistic ones. In
our work, we examine the sensitive user-level features, such
as no. of friends and reviews. Kamerer (Kamerer 2014) es-
tablished that Yelp users who are prolific reviewers and are
known and trusted by the community have their reviews in
the recommended section. Yao et al. (Yao et al. 2018) found
that reviews were most likely to be in the recommended
section when conveying an overall positive message. Some
works studied the opinions and reactions of users whose re-
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views were being removed (Duffy and Meisner 2023; Jhaver
et al. 2019).For example, Eslami et al. (Eslami et al. 2019)
found that users echoed that the system suppresses their
voices. One relevant work to our study (Amos, Maio, and
Mittal 2022) empirically studied Yelp’s review recommen-
dation and found that reviews of businesses in lower-density
and low-middle-income areas are most likely to be labeled
as not recommended. Our study, however, investigates bias
toward established and new users.

Bias in Content Moderation. Scholarships have inves-
tigated bias and fairness in content moderation and how it
affects the users (Duffy and Meisner 2023; Jhaver et al.
2019; Eslami et al. 2019; Singhal et al. 2023b), mostly fo-
cusing on its harm on marginalized communities via user
studies (Haimson et al. 2021; Seering et al. 2019). Eslami et
al. (Eslami et al. 2019) found that elite users on Yelp defend
the Yelp review recommendation algorithm because their re-
views are rarely filtered.

Auditing Bias of Yelp’s Review
Recommendation (Filtering) System

Researchers have proposed dozens of definitions of fairness
for ML models (Narayanan 2018; Ekstrand et al. 2022; La-
zovich et al. 2022; Patro et al. 2022). However, not all def-
initions of fairness can satisfy a specific use case. In this
particular use case, we have three key stakeholders, i.e.,
Yelp, Yelp users, and Businesses on Yelp each having their
own fairness perspective: Yelp: Yelp would want to ensure
their review recommendation software has near-perfect ac-
curacy, correctly identifying and highlighting honest and
useful reviews. Therefore, fairness to Yelp is to use any fea-
tures or ML models that can provide such high performance,
enhancing the experiences of both people and businesses
who use the platform, and maintaining Yelp’s popularity in
the highly competitive market over other recommendation
applications. Yelp Review Writers: Review writers spend
time and effort to create and maintain an account on Yelp
and participate in the platform by connecting to other Yelp
users and sharing their personal experiences with everyone.
Therefore, fairness for these users can be acknowledging
their opinions, making them available on the platform, and
using them to rate the businesses. In contrast, if their re-
views are placed in the not recommended section, they echo
frustrations and call the system biased (Eslami et al. 2019).
Businesses on Yelp would want Yelp to remove reviews that
are low quality and have a high probability of being fake.
Low quality and especially negative fake reviews can cause
the star rating of a business to decrease, resulting in less foot
traffic (Hussain et al. 2019; Horn et al. 2015).

These three perspectives can contrast each other. For ex-
ample, to achieve high accuracy, the system might prefer to
use the account’s characteristics, such as the number of re-
views and friends. This might result in the disproportional
removal of reviews by less established users.

Methodology and Bias Metrics

Prior works (Koenecke et al. 2023; Becerril-Arreola 2023)
have used statistical association between the systems’ out-



comes and the sensitive attributes to indicate bias. For exam-
ple, Becerril (Becerril-Arreola 2023) used regression analy-
sis to explain product prices and price differences as func-
tions of consumer demographics. To test H1, we used mul-
tivariate logistic regression to statistically investigate the re-
lationship between the users’ number of friends and reviews
and their reviews being categorized as not recommended.
We also controlled for various other confounding metrics
for review quality and likelihood of being fake that could
contribute to whether the review would be in the not rec-
ommended section. Specifically, we controlled for the senti-
ment of the review, which is a binary variable for either pos-
itive or negative review. Yao et al. (Yao et al. 2018) found
that when the review is positive, it is more likely to be in
the recommended section. Additionally, we controlled for
review length and number of spelling mistakes as these prop-
erties can be indicators of informative vs. low-quality re-
views (Kamerer 2014; Mukherjee et al. 2013a).

Fake review consideration. Yelp has two subsections on
the Not Recommended page, one for the not recommended
reviews and one for those violating its community guide-
lines (Yelp 2024). We did not crawl the second section,
hence our dataset does not have any reviews that are in the
violation of Yelp ToS, including fake reviews. Hence, the
biases in Yelp’s fake review detection method minimally af-
fect our analysis. The only concern is the false negatives
that the method might have and the fake reviews that re-
main undetected in both sections on Yelp, i.e., recommended
and not-recommended sections. We checked recent works
such as (Mohawesh et al. 2024; Duma et al. 2024; Ashraf
et al. 2024), that are about fake review detection and unfor-
tunately, we could not identify any that open sources their
code or data. Also, most of these methods include features
extracted from (meta-) data or auxiliary data that we do
not have access, making it almost impossible to implement
them. To control for such cases, we developed a detection
method. We first preprocessed the reviews by removing spe-
cial characters, emoticons, etc., to minimize the sparsity of
data (Singhal et al. 2023a). We extracted bi-grams and uni-
grams from all the posts and considered the top 2000 with
the highest TF-IDF values. Using the groundtruth dataset
provided by (Salminen et al. 2022), we implemented a tra-
ditional SVM ML model and found an accuracy of 0.93 and
an Fl-score of 0.93, which is higher than reported in prior
work (Mukherjee et al. 2013b; Harris 2019). Additionally,
Figure 1 shows the distribution of the likelihood of reviews
being fake and interestingly, we can see that there is a high
left skew, i.e., almost all reviews are benign. Hence, com-
pared to this simple model, it seems Yelp is performing well
in finding fake reviews. Hence we used this as a control vari-
able in our model.

Since the distribution of these variables is not normal
but rather skewed, running the test on all the data cannot
provide a full picture. We used quartile regression analy-
sis (Yu, Lu, and Stander 2003), which organizes data into
three points—a lower quartile, median, and upper quar-
tile—to form four groups of the dataset, each representing
25% of the observations. Quartiles are examples of quantiles
used in research as statistical quantities (Yu, Lu, and Stander

1801

140000
5.120000
2100000
80000
60000
& 40000

20000

e

S
o
o

30000
‘?25000
& 20000
E
215000
[
I 10000]
5000
o

050 02 04 T 0.0 T

06 08 04 06 08
Likelihood of Fake Scores Likelihood of Fake Scores

(a) Recommended (b) Not Recommended

Figure 1: Histogram of likelihood of reviews to be fake

2003; Koenker 2004). After dividing the data into different
quartiles, we run our regression model on each quartile sep-
arately. This allows us to interpret the results of each quar-
tile separately. Regression models are valuable for analyzing
how changes in one variable are associated with changes in
another variable. In the context of bias, we used regression
to understand how certain variables might be correlated with
biased outcomes. However, it’s essential to remember that
correlation does not imply causation. A regression model
can demonstrate a statistical relationship, but it cannot prove
that one variable causes the bias.

Data collection

We developed a framework for collecting the datasets. First,
we used the dataset provided by Yelp as part of their Yelp
Dataset Challenge in 2023 (Inc. 2023) to identify and collect
707,658 recommended reviews of about 144K businesses
spanning over about 11 metropolitan cities in the USA. The
Yelp Dataset Challenge does not provide the not recom-
mended reviews, and therefore, we deployed a custom-built
crawler on Yelp to collect them. However, collecting such
large-scale data is time-consuming and could generate much
traffic, violating Yelp’s Terms of Service. Therefore, we
sampled 15K (10%) of the businesses and obtained their not-
recommended reviews. To avoid overwhelming Yelp with
our requests, we delayed the data collection process in our
crawler by 5 to 10 seconds, which was enough, and Yelp
never blocked our requests. We were able to obtain 178,747
not-recommended reviews for 13,239 businesses, as 1,761
of them did not have any non-recommended reviews at the
time of data collection. Scraping the not recommended re-
views, We obtained the full review text, review date, friend
and review count, username, location, and the URL of the
user profile image. However, it doesn’t provide user IDs for
them. Our code and data can be found and tested in this
anonymous Dropbox link https://tinyurl.com/pnt8uudb. Our
dataset does not include paid reviewers.

Recommended Users Not-Recommended Users
(n=707,658) (n=178,747)
Variable Min  Max Mean Med. | Min Max Mean Med.
# Friends 1 19,679 157.89 21 0 4995 2379 0
# Reviews 0 17,473 12176 24 0o 7,738 773 2

Table 1: Descriptive statistics of dataset

Dataset Characterization: Table 1 shows the descrip-
tive statistics of the dataset. We could not find the unique
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Figure 2: CDF of Reviews and Friends for Recommended
and Not Recommended Users

users in the not recommended dataset, as Yelp does not pro-
vide user IDs of these users in that section. Therefore, we
did not obtain the unique users in the recommended set as
well. Figures 2a and 2b show the cumulative density func-
tion (CDF) of the number of friends and reviews, respec-
tively. They show that these variables do not follow the nor-
mal distribution and on average, users in the recommended
dataset have more friends and reviews than those in the non-
recommended dataset.

Results

Reviews written by new users with fewer friends and
reviews are categorized as not recommended. We ran a
multivariant logistic regression model on all the data, with
recommended as the dependent variable and the number of
friends and reviews as the independent variables. We also
controlled for various confounding metrics for review qual-
ity such as review length (in char.), no. of spelling mistakes,
review sentiment (positive/ negative), and the likelihood of
being a fake review. We used logistic regression because
our dependent variable is binary. Our findings show that the
reviews of users with more friends and reviews are more
likely to be recommended. Additionally, reviews that are
less likely to be fake are more likely to be recommended.
To check the robustness of our method, we created a binary
variable of Likehood of Fake, where a score of less than and
equal to 0.5 was labeled as 0, and greater than 0.5 was la-
beled as 1. Our results were the same as those obtained using
the original proportion; hence, our model is robust. How-
ever, these findings from the whole dataset might be mis-
leading because the distributions of the number of friends
and reviews variables are skewed. Therefore, we also ran
two quartile logistic regressions, one for the friends and the
other for reviews, where we could investigate the relation-
ships in each quartile. Table 2 shows the results. The results
on the whole data, without quartile analysis (in the second
column) still show a statistically significant positive associ-
ation between the number of friends and reviews and the re-
views being categorized as recommended. In this paper, we
report Incident Rate Ratios (IRR), which are the exponenti-
ated coefficients of Poisson regressions. These ratios show
the multiplicative effect on the expected value. Quartile re-
gression on users’ number of friends (in Table 2) reveals that
a strong positive association exists between the users’ num-
ber of friends and their reviews being categorized as recom-
mended than those users who have less no. of friends, with
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incident rate 1.001 (Q3) that of users with fewer friends (a
0.1% increase) p < 0.001, and 1.000 (@) that of users with
fewer friends p < 0.001.

Quartile regression on users’ number of reviews (in Ta-
ble 2) reveals a positive association between the users’ num-
ber of reviews and their reviews being categorized as recom-
mended (IRR =1.917, p < 0.001) in the first quartile, where
users have less number of reviews. However, we found that
when users’ review count starts to increase, i.e., from the
second to the third quartile, even though there is still a posi-
tive association, the impact decreases as the incidence rate is
1.164 times (16.4% increase) in the second quartile and then
0.016 times (1.6% increase). Interestingly, these results are
consistent when we ran the regression model on all the data
(See column second of Table 2) as the higher the number
of friends and reviews, the more likely they would be in the
recommended section, with an increase of 0.3% and 5.1%
for friends and reviews respectively. Hence, in summary, we
found support for our H1 that new or less-established users
with fewer friends and reviews are more likely to have their
reviews in the not-recommended section, indicating possible
bias against these groups of users and statistically verifying
what the authors in (Eslami et al. 2019) found by doing their
user study.

Auditing Bias of Yelp’s Ranking System

Yelp’s Ranking System has three key stakeholders, i.e., Yelp,
Businesses on Yelp, & Yelp Users where each has a dif-
ferent fairness perspective. Yelp would want to ensure that
its business ranking algorithm provides an accurate ranking
for businesses so that both users and businesses can bene-
fit from the platform. Businesses on Yelp would want Yelp
to remove fake reviews from their platform and be ranked
fairly compared to their competitors. Yelp Users would want
Yelp to fairly provide them with the ranking of businesses.
These three perspectives are similar: all want a fair rank-
ing. However, the main contrast comes when Yelp uses ad-
ditional features that explicitly or implicitly consider busi-
nesses’ location and, subsequently, demographic composi-
tion attributes for ranking. This can harm businesses that are
in areas of low income or education or are in diverse neigh-
bourhoods (Zehlike et al. 2017).

Methodology & Bias Metrics

Data Collection: Since the Yelp Dataset Challenge does
not provide the ranking of businesses, we developed a sec-
ond data collection framework to collect business rankings
in a given city. We only collected organic search results,
i.e., Sponsered Businesses were not collected. Additionally,
the location was set through the form on Yelp’s homepage.
Hence, making sure that we only get the true ranking of busi-
nesses in a city. We limited our analysis to some cities, ob-
taining a sample of them known for their demographic and
social compositions. We first collated a list of cities based on
the following criteria: tourism, wealth, education, diversity,
and crime. To do this, we identified reputable and reliable
websites, such as HGTV, CNBC, Forbes, USA Today, and
WalletHub, which provided up-to-date lists of cities based



Dependent variable: recommended

Logistic 0.25 Qnt. 0.50 Qnt. 0.75 Qnt. 1.00 Qnt.
No. of Friends 0.003(0.000)*** 592.9 (0.997) -0.453(0.000)***  0.001(0.000)*** 0.000(0.000)***
No. of Reviews 0.049(0.000)*** 0.024(0.000)***  0.024(0.000)***  0.028(0.000)***  0.011(0.000)***
Sentiment -0.026(0.000)*** -0.528(0.000)***  -0.419(0.000)***  -0.252(0.000)***  -0.300(0.000)***
Spelling Mistakes 0.003(0.000)*** 0.031(0.000)***  0.050(0.000)***  0.062(0.000)***  0.062(0.000)***
Length of Review -0.000(0.000)*** 0.000(0.618) -0.000(0.000)***  -0.000(0.000)*** -0.000(0.834)
Likelihood of Fake -1.576(0.000)*** -1.651(0.000)***  -1.893(0.000)***  -1.964(0.000)***  -2.073(0.000)***
No. of Friends (IRR) 1.003 3.182e+257 0.635 1.001 1.000
No. of Reviews (IRR) 1.051 1.024 1.025 1.028 1.0117
Sentiment (IRR) 0.769 0.589 0.657 0.776 0.740
Spelling Mistakes (IRR) 1.031 1.033 1.051 1.064 1.064
Length of Review (IRR) 0.999 1.000 1.000 0.999 0.999
Likelihood of Fake (IRR) 0.206 0.191 0.150 0.140 0.125
Observations 886,405 221,602 221,601 221,601 221,601
No. of Reviews 0.651(0.000)***  0.152(0.000)***  0.016 (0.000)***  0.000(0.000)***
No. of Friends 0.004(0.000)***  0.002(0.000)***  0.000(0.000)***  0.000(0.000)***
Sentiment -0.556(0.000)***  -0.372(0.000)***  -0.230(0.000)***  0.165(0.009)**
Spelling Mistakes 0.002(0.024)* 0.019(0.000)***  0.086(0.000)***  0.080(0.000)***
Length of Review 0.000(0.000)***  0.000(0.000)***  0.001(0.000)***  0.005(0.000)***
Likelihood of Fake -1.557(0.000)***  -1.950(0.000)***  -2.233(0.000)***  -2.011(0.000)***
No. of Reviews (IRR) 1.917 1.164 1.016 1.000
No. of Friends (IRR) 1.004 1.002 1.000 1.000
Sentiment (IRR) 0.573 0.689 0.791 1.180
Spelling Mistakes (IRR) 1.002 1.019 1.090 1.083
Length of Review (IRR) 1.000 1.000 1.001 1.005
Likelihood of Fake (IRR) 0.210 0.142 0.107 0.133
Observations 221,602 221,601 221,601 221,601
Note: *p<0.05; **p<0.01; **p<0.001
Table 2: Results of the quartile regression
on specific criteria of our interest. For each criterion, we a C}%h ___| Tourism | Wealth | Education | Diversity | Crime Rate
. orpus Christi X X X
collated the top 10 cities. Then, we created a 127 by 5 ma- Detroit X X X
trix, with each row representing the cities and the column Seattle X X
. . h . San Jose X X X X
representing the criteria that it fulfilled. In some cases, one San Francisco X X X
city was repeated multiple times for different criteria. For New Orleans X X
example, one source (HGTV) listed Washington D.C. as a Agﬁ?:;gafe X X X X
top tourist destination, and the other (USA Today) listed it Los Angeles X X
as a wealthy city; hence, in the matrix, we marked Wash- New York City X X

ington D.C. for both of these categories. To condense this
list and find representatives, we followed The Skyline ap-
proach (Asudeh et al. 2016; Rahman et al. 2017). In the sky-
line approach, we try to identify the set of non-dominated
cities with different attributes, i.e., the cities that fulfill the
attributes and are not dominated by any other city for those
particular attributes. For example, when creating the skyline
for the cities, we found that Anchorage dominated Asheville
and Denver in tourism, wealth, and crime rate; hence, we
chose Anchorage as it dominated these cities. When multiple
cities fulfilled various criteria, such as Tourism, Diversity,
etc., and were all part of the skyline, we chose the cities with
the highest population count. For example, Chicago, Los
Angeles, Louisville, and New York City all satisfy tourism
and diversity criteria; however, Louisville is less populated
than the other three cities, so we removed it from our list. Us-
ing this approach, we obtained ten cities shown in Table 3.
We acknowledge the limitation that analyzing all the cities
would be ideal. However, considering the limited number
of queries enforced by the Yelp server, we had to limit our
scope to a subset of cities. Additionally, even though we did
not consider all US cities, we selected a representative set
based on the considered criteria.

However, we found that many restaurants from Canada
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Table 3: List of Cities with the criteria. Note that X denotes
that the city fulfilled the requirement.

City # Rests. | City # Rests.
Anchorage 291 Chicago 329
Corpus Christi 271 Los Angeles 344
New Orleans 281 New York City 348
San Francisco 353 San Jose 346
Seattle 305

Table 4: Number of Restaurants per City

appeared when searching for restaurants in Detroit. Thus, we
removed Detroit from our list of cities. We also limited our
analysis to restaurants as the category as it is one of the most
searched categories on Yelp (Inc. 2019). Using our custom-
built crawler, we obtained the list of all the restaurants with
their corresponding ranks and addresses. We noticed that the
ranking of a restaurant is dynamic and changes at different
times, even on a specific day. Therefore, we need more data
points on the ranking of businesses. Based on Central Limit
Theorem, we decided to collect 30 data points (i.e., rank-
ings for a specific city) so that their means be approximately



normally distributed (Kwak and Kim 2017). Therefore, we
extracted the rankings twice a day, once at 11:00 AM and
once at 7:00 PM, for 15 days, from March 4th to March
19th, 2023. Table 4 shows the total number of restaurants
obtained for each of the nine cities. We obtained the most
number of restaurants for the city of San Francisco (353)
and the least for New Orleans (281). Please note that Yelp
provides a certain number of pages for each city, and we ex-
tracted all the restaurants from those pages, and also popular
fast food restaurants such as Wendy’s, McDonald’s, etc., are
often not reflected in Yelp’s ranking. Since these restaurants
are not in the ranking and are not shown to the users, this
does not affect our results.

During the data collection, for each restaurant, we also
obtained the zip code, where the restaurant is located, and
their star rating. We could not obtain the address or the lat-
itude and longitude of these restaurants from Yelp; hence,
we used the Google Places API (Google 2023) to extract
this information. For each city, we provided the name of
the restaurant as well as the latitude and longitude of the
city. Moreover, using the zip code, we extracted the demo-
graphic, educational, income, and employment data from
the US Census website of 2020 (Bureau 2023a). The Cen-
sus provides the demographic information for each zip code
https://tinyurl.com/2w4sbe2k.

Businesses’ exposure by ranking: To identify the dis-
parate impact in the ranking of businesses, we computed
the average exposure of each restaurant. We employed
the exposure-based fairness metric proposed in (Singh and
Joachims 2018). Exposure-based fairness is defined by
quantifying the expected attention received by a candi-
date or a group of candidates, typically by comparing their
average position bias to that of the other candidates or
groups (Zehlike, Yang, and Stoyanovich 2022b; Joachims
et al. 2017). This metric allowed us to find the exposure
of the businesses to their ranking. Higher exposure means
the businesses are better ranked, appear earlier in the list,
and have a higher chance of being visited/ checked by
them (O’Brien and Keane 2006). The standard exposure
drop-off, i.e., the position bias, is given by m, where
Jj is the potion in the ranking. If a restaurant is consistently
ranked as #1, then the exposure for each day would be 1, and
if the restaurant ranking changes per day then the exposure
value is related to its ranking which is between O to 1. The
closer the value is to 1, more often the restaurant is closer
to the top. We used this metric because if a business has a
higher exposure, that means that it would be displayed on
the earlier pages of the search results and probably get more
consumers because of that. We identified some restaurants
being present only for one or a few days and not through-
out the whole 15 days. Therefore, we assigned 0 exposure
on those days and averaged all their data points. Please note
that we used the Central Limit Theorem to collect 30 data
points, 2 data points per day, at different times to obtain a
normal distribution, hence there is no major discontinuity
with the exposure of restaurants that are not in top-15.

Hotspot Identification: “City hotspots” typically refer to
popular or noteworthy locations within a city that attract a
lot of visitors or attention. These spots can include land-
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marks, tourist attractions, cultural sites, shopping districts,
dining areas, entertainment venues, and vibrant neighbor-
hoods. Restaurants are a key component of popular areas,
therefore, to identify hotspots in a city, we tried to detect
clusters of restaurants in close proximity.

Using the latitude and longitude information obtained us-
ing the Google Places API, we generated various maps us-
ing the Folium library in Python. We used the DBSCAN
algorithm to perform clustering (Ester et al. 1996) on spa-
tial data to identify city hotspots. In DBSCAN, the user
defines the appropriate epsilon (¢) value and threshold for
the number of neighbors, i.e., minPts was set by converting
1KM into radians. We tried multiple epsilon values, includ-
ing 100 m, 200 m, 500 m, 1000 m, etc., manually cross-
checked with their corresponding plot, and found that 200
m was better than others in the number of distinct clus-
ters obtained. When increasing the epsilon, we only ob-
tained one or two clusters with large cluster sizes. We pro-
vide the anonymous link to the interactive map of clusters
https://tinyurl.com/4wemktd?2.

We then obtained various clusters for each city containing
latitude and longitude information. While in all the cities,
many clusters have a size of one, we could obtain hotspots
where several restaurants are located close to each other. We
found that many clusters were of size 1 or 2 and not hotspots.
We called a region a hotspot if more than 6 restaurants were
in the vicinity. We chose 6 because we found that not all the
cities (8) had clusters of size 7, and while only one city did
not have a cluster of size 5, including them would marginally
increase the number of clusters for each city. Hence, for
each city, we created a binary variable, where we labeled
a restaurant to be located in a hotspot as ‘1’ if they were in
a cluster of size six or more, else we labeled that as ‘0’. We
obtained the highest number of clusters for San Francisco
(13), followed by Chiacgo (12), Seattle (11), San Jose (10),
New York City (9), Los Angeles (8), Anchorage (8), Corpus
Christi (7), and the lowest for New Orleans (3). Additionally,
we manually checked the obtained hotspots and found that
the restaurants in those hotspots were very close, densely
populated, and are in the vicinity of popular attractions in
the city (for example Figure 4 and Figure 5).

Results of Examining H2

We statistically investigated H2 by using linear regression.
We employed this method because our dependent variable,
average exposure, follows a normal distribution. Addition-
ally, we included the star rating of the business as a control
variable, based on prior research that demonstrated a one-
point increase in star rating leads to improved business rank-
ing and consequently higher revenue (Luca 2016). We also
controlled for the number of reviews and available amenities
that the restaurant offers as these can also be an indication
about how popular the restaurant is.

Businesses located in hotspots have higher exposure.
Table 5 shows the result of our regression analysis for
hotspots and average exposure, when using aggregated data
from all the cities. We see that there is a statistically sig-
nificant positive association between restaurants’ exposure,
their location in hotspots, high star ratings, high number of



Dependent variable: average exposure

Hotspot 0.023 (0.000)***
Stars 0.010 (0.003)**
No. of Reviews 0.000 (0.000)***
Amenities 0.000 (0.001)**
Observations 2,868

Adjusted R-squared 0.0784

Note: *p<0.05; "> p<0.01; = p<0.001

Table 5: Regression analysis to examine the association be-
tween resturants’ average exposure and hotspots

reviews, and amenities count hence supporting our hypoth-
esis H2. We ran the same statistical test per city for all nine
cities to investigate if the same pattern is seen everywhere.
Interestingly, we observed the same results: restaurants lo-
cated in hotspots are more likely to have higher exposures,
hence corroborating the findings in (Kokkodis and Lappas
2020; Huang et al. 2016). Hence, for each city, we could
support our hypothesis H2. A complete overview of the re-
sults can be found in our Appendix .

Results for Examining H3

We used logistic regression models to examine H3 and if any
relationship exists between the hotspots and demographic
composition. Since every city has a unique structure and
composition, we run the model for each city separately.
While we analyzed all the cities individually (Appendix ),
due to brevity, we only present the results of Chicago and
San Jose as they provided us with different findings.
Statistical Tests: We created binary variables to account
for the demographic composition of each zip code in the city,
namely White neighborhood (WN), Black neighborhood
(BN), American-Indian neighborhood (AIN), Asian neigh-
borhood (AN), highly educated neighborhood (HED), high
unemployment neighborhood (HUne), and highly wealthy
neighborhood (HWe). This was done due to in most cities,
across various zip codes, the percentages of the demographic
variables are close to each other, which makes it hard for the
model to distinguish between them. This is a common tech-
nique used for when the relationship between a continuous
predictor and the outcome is not linear. To obtain the binary
values, we used the official U.S. Census dataset quickfacts
website (Census 2023). We labeled ‘1’ if the percentage of
the variable is above what is given on the quickfacts website
and ‘0’ if it is not. The U.S. Census Quickfacts website gives
the percentage of the white population in the city. Hence,
rather than having the harsh threshold of 75.5% which rep-
resents the overall percentage of the white population in the
US (Bureau 2023b), we used the percentage of the popula-
tion of that city to give a more nuanced analysis. This is es-
pecially because we run the analysis on each city, and com-
pare the demographic composition of zip codes in that city.
For example, WN in the city of Chicago was labeled as ‘1’ if
the percentage of the White population in the zip code was
greater than or equal to 42.4%, which is the total percentage
of White population in the city of Chicago. Whereas, WN
in the city of San Jose was labeled as ‘1’ if the percentage
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Dependent variable: Hotspot

-16.485 (0.000)***
-16.287 (0.000)***

White Neighborhood (WN)
Black Neighborhood (BN)

American-Indian Neighborhood (AIN) -0.142 (0.820)
Asian Neighborhood (AN) -0.457 (0.446)
Highly Educated Neighborhood (HED) 14.957 (0.000)***
High Unemployment Neighborhood (HUne) -0.600 (0.407)

Highly Wealthy Neighborhood (HWe)
Note:

15.706 (0.000)***
*p<0.05; **p<0.01; ***p<0.001

Table 6: Results of the regression analysis of hotspot with
other sensitive attributes for Chicago

(a) Education (b) Wealth

Figure 3: Heatmap for Chicago. The black circles represent
individual restaurants’ exposures and colored squares repre-
sent the % of sensitive attributes. Darker the color, higher
the % of the sensitive attribute and vice-versa.

of the White population in the zip code was greater than or
equal to 32%, which is the total percentage of White popula-
tion in the city of San Jose. We removed the Native Hawaiian
(NHN) variable from the models because the sum of all of
them would be 100%, making the variables not independent.
We employed clustered multivariate regression cluster-
ing by the zip code. This technique combines multivariate
regression analysis with clustering methods to account for
intra-cluster dependencies or correlations within the data.
This approach is useful when dealing with data that exhibit
clustering or grouping effects, where observations within the
same cluster are likely to be more similar to each other than
to observations in other clusters (Price and Sherwood 2018).
Here, restaurants located within the same zip code share
the demographic composition characteristic of that partic-
ular zip code, and therefore, using clustering by zip code
helps to account for the dependencies within the data.
Chicago: We obtained 12 hotspots for Chicago. Interest-
ingly, as it is shown in Table 6, White and Black neighbor-
hoods are negatively correlated to hotspots. We suspect this
is because there are many White and Black neighborhoods
that are far from the touristy parts of Chicago. Still, when
only considering the hotspot regions, we find that those are
more likely to be in wealthier and higher-educated neigh-
borhoods, hence we find support H3. Our statistical results
can also visually be seen in Figure 3. We can see that ma-
jor hotspots are in highly educated (shown in Fig. 3a) and
wealthy neighborhoods (shown in Fig. 3b). Combining all
the findings, we can conclude that businesses located in
Chicago’s hotspots are more likely to experience higher av-
erage exposure, particularly in wealthy and highly educated
neighborhoods. This finding has significant implications for



(a) Education (b) Wealth

Figure 4: Heatmap for San Jose

businesses situated in less affluent and less educated areas;
being outside of a hotspot may result in lower exposure and,
consequently, reduced revenue.

San Jose: We obtained 10 hotspots in the city of San
Jose. Interestingly, we did not see a statistically significant
relationship between any of the sensitive demographic at-
tributes and the hotspots for the city of San Jose. Therefore,
while we could support H2 that businesses in hotspots have
higher exposure, the results do not support H3.

This can be explained by the structure of the city as it
is shown in Figure 4. This heatmap of San Jose visually
shows that many regions of San Jose are characterized by
higher levels of education and wealth, and hotspots are all
scattered throughout the city (shown in Figure 4a and Fig-
ure. 4b) and high-wealthy neighborhoods. This is in contrast
to Chicago, where we observed some segregated regions in
terms of wealth and education, with many hotspots being
concentrated in specific areas across the city.

Other Cities. For brevity, we do not provide the analysis
for other cities. Doing the same analysis, we found support
and partial support for H3 for Anchorage, New Orleans, San
Francisco, and New York City. However, we did not find
support for H3 for Corpus Christi, Los Angeles, and Seat-
tle. We found that the cities that supported H3 tended to
be more diverse, having less White population compared to
the U.S. average of 75.5%. Moreover, they tended to have
more regions with either higher education or wealth than the
U.S. average of 34.3% and $75,149, respectively. These re-
sults show that the existing disparities observed in the cities
are transferred as bias into Yelp’s search or recommendation
system, potentially creating a discriminatory feedback loop
against businesses with less exposure.

Implications: Each city has unique demographic charac-
teristics. Hotspots appear in different regions of cities with
different demographic distributions. Depending on the asso-
ciations between groups and hotspots, the ranking algorithm
may behave differently for those groups, which explains the
implicit bias of the algorithm for different sensitive attributes
within each city.

Broader Implication: Our results highlight the impor-
tance of responsible data science practices in data-driven
systems such as Yelp. Yelp and other platforms should open
source their models with part of the training data for re-
searchers to audit their systems (Singhal et al. 2023b).
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Conclusion

In this work, using a large-scale data-driven approach, we
audit Yelp’s business ranking and review recommendation
software. We defined and examined three hypotheses to au-
dit both systems. Using statistical and empirical analysis, we
found that Yelp’s review recommendation system dispropor-
tionately filters reviews by less-established users into the not
recommended section. We also discovered that there was a
linear association between a restaurant being in a hotspot
and having a higher exposure. Additionally, for some cities,
we found association between hotspots and some demo-
graphic composition. This can create a discriminatory feed-
back loop against businesses with less exposure.

Limitations: Firstly, we could not obtain the list of
unique users. Secondly, we did not analyze the ranking of
restaurants for all the cities. Furthermore, we removed De-
troit from our ranking analysis. We collected the Yelp re-
views in early 2023. Hence, there is a possibility that Yelp
might have changed some reviews from recommended to not
recommended and vice versa, and our analysis does not cap-
ture that. Additionally, our model for finding the likelihood
of a review to be fake is simple, as we did not have com-
plex features to build a sophisticated model. Furthermore,
we were not able to control for the number of recent reviews
and the average star rating of recent reviews because of the
limit of calls we could make to Yelp and when we tried using
our crawler to get them, Yelp was actively blocking us for
one, two or sometimes a week and even blocking requests
when using a VPN.
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Appendix
Exposure of each city

Figure 5 shows the exposure of restaurants per city. The cir-
cles shown in the figure show the exposure of each restau-
rant. The bigger the size, more is the exposure of that restau-
rant.

Anchorage: Figure 5c shows the exposure of restaurants
in the city of Anchorage. By employing the DBSCAN al-
gorithm, we obtained a total of 111 clusters. We found that
there were 64 clusters of size 1. We obtained a total of §
hotspots for the city of Anchorage. We then performed a lin-
ear regression to see if statistically there is a correlation be-
tween average exposure and hotspots.

Table 7 shows the results. We observed a consistent result
with that of the analysis carried out on the whole dataset,
where is a positive correlation between average exposure
and the restaurant being in a hotspot, hence we find sup-
port for H2. We then investigated if a restaurant that is in a
hotspot has any relation with demographic features such as
racial composition, percentage of educated people, percent-
age of unemployed people, and percentage of wealthy peo-
ple i.e., H3. Table 8 shows the results from our regression
model. We performed the analysis, by clustering them based
on zip codes. We can see that restaurants that are in hotspots
have a higher Black and American Indian population, they



(a) Anchorage (b) Chicago (c) Corpus Christi

(d) Los Angeles (e) New Orleans (f) New York City

(g) San Francisco (h) San Jose (i) Seattle

Figure 5: Exposure of restaurants in each city. Note that the red marker in the figure shows the popular attraction in each city
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Table 7: Results of the regression analysis of average expo-
sure with hotspot for Anchronage

Dependent variable:
Average Exposure

Hotspot 0.033 (0.001)**
Observations 291

Adjusted R-squared 0.03078

Note: *p<0.05;

**p<0.01; **p<0.001
Table 8: Results of the regression analysis of hotspot with
other sensitive attributes for Anchronage

Dependent variable:

Hotspot
WN -0.658 (0.003)***
BN 0.512 (0.000)***
AIN 0.972 (0.000)***
AN -0.514 (0.000)***
HED 0.830 (0.001)***
HUne -1.720 (0.000)***
HWe 0.170 (0.595)
Note: *p<0.05;
*p<0.01;  ***p<0.001

are also in highly educated and wealthy neighborhoods and
hence we find partial support for H3

(a) White Population (b) Education

Figure 6: Heatmap for Anchronage

Figure 6 shows the map for educated and white neighbor-
hoods in Anchorage. Visually looking at the map, it confirms
our statistical analysis, as restaurants that are in hotspots
have higher education (shown in Fig. 6b) and restaurants
that are in predominantly white neighborhoods are not in
hotspots (shown in Fig. 6a). Therefore, we can draw a con-
clusion about Yelp in the city of Anchorage, businesses
that are in the hotspots, have higher average exposure, and
businesses that are in the zip codes with a hotspot, have a
higher black and American Indian population, they are also
in highly educated and wealthy neighborhoods.

Chicago: Figure 5b shows the exposure of restaurants
in the city of Chicago. We obtained 12 hotspots of size 6
or more. Table 9 shows the results of our linear regression
model.

We again see a very similar result, where there is a
positive correlation between average exposure and hotspot,
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Table 9: Results of the regression analysis of average expo-
sure with hotspot for Chicago

Dependent variable:

average exposure
Linear
0.037 (0.000)***

329
0.0401
*p<0.05; " p<0.01; " p<0.001

Hotspot

Observations
Adjusted R-squared
Note:

hence we find support for H2.

Corpus Christi: Figure 5c shows the exposure of restau-
rants in the city of Corpus Christi. Using the DBSCAN al-
gorithm, we were able to identify 132 clusters. Using our
threshold, we found 7 hotspots that were of size six or more.
Table 10 shows the results of our linear regression model.

Table 10: Results of the regression analysis of average
exposure with hotspot for Corpus Christi

Dependent variable:

average exposure
Linear

0.027 (0.024)*

271

0.01502

*p<0.05; **p<0.01; ***p<0.001

Hotspot

Observations
Adjusted R-squared
Note:

We can see that average exposure and hotspots have a pos-
itive correlation. Table 11 shows the results of our logistic
regression model. We see that restaurants in zip codes that
are in a hotspot are in highly educated neighborhoods and
have less number of American Indians and Asian popula-
tions. This is because Corpus Christi has a high Hispanic
population. We can see the results in Figure. 7. We can vi-
sually see that hotspots are in areas that are highly educated
neighborhoods. Therefore, we can draw a conclusion about
Yelp in the city of Corpus Christi, businesses that are in the
hotspots, have higher average exposure, and businesses that
are in zip codes that are in hotspots, are in highly educated
neighborhoods and have less number of American Indians
and Asian population, hence, while we find support for H2,
we rejected our H3.

Los Angeles: Figure 5d shows the exposure of restau-
rants in the city of Los Angeles. Using the DBSCAN al-
gorithm, we were able to identify 172 clusters. Using our
threshold, we obtained 8 hotspots. Table 12 shows the re-

Table 11: Results of the regression analysis of hotspot
with other sensitive attributes for Corpus Christi

Dependent variable:

Hotspot
Logistic

WN 0.854 (0.457)

BN 0.730 (0.444)

AIN -15.037 (0.000)***

AN -13.889 (0.000)***

HED 13.668 (0.000)***

HUne  -0.241 (0.810)

HWe -0.504 (0.601)

Note: *p<0.05; **p<0.01; ***p<0.001



Figure 7: Education heatmap for Corpus Christi

sults of our linear regression model. We can see similar re-

Table 12: Results of the regression analysis of average
exposure with hotspot for Los Angeles

Dependent variable:

average exposure
Linear
0.027 (0.009)**

344
0.01676
*p<0.05; " p<0.01; " p<0.001

Hotspot

Observations
Adjusted R-squared
Note:

sults, that were obtained in the previous cities, where aver-
age exposure is positively correlated to hotspots of the city.
Table 13 shows the results of our logistic regression model.
We see that restaurants in zip codes that are in a hotspot are
in highly educated neighborhoods. Interestingly none of the
demographic features were significant with hotspot. Figure 8
shows the heatmap for Los Angeles. We can see visually that
major hotspots are in highly educated (shown in Figure 8a)
and restaurants with higher exposure are more in less white
neighborhoods, hence confirming the validity of our regres-
sion analysis (shown in Figure 8b). It should also be noted
that the areas which are highly educated are Beverly Crest
and Westwood where they have about 67.6% and 66.5%
adults who have earned a four-year degree or higher respec-
tively. Therefore, we can draw a conclusion about Yelp in
the city of Los Angeles, businesses that are in the hotspots,
have higher average exposure, supporting our H2, and busi-

Table 13: Results of the regression analysis of hotspot
with other sensitive attributes for Los Angeles

Dependent variable:

Hotspot

Logistic
WN - 0.387 (0.648)
BN 0.088 (0.924)
AIN 1.181 (0.186)
AN 0.505 (0.408)
HED 16.627 (0.000)***
HUne  -2.087 (0.007)
HWe 0.680 (0.541)
Note: *p<0.05; **p<0.01; ***p<0.001
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(a) Education (b) White Population

Figure 8: Heatmap for Los Angeles

nesses that are in the zip codes that are in a hotspot, are in
highly educated neighborhoods, hence we can reject H3.
New Orleans: Figure 5e shows the exposure of restau-
rants in the city of New Orleans. Using the DBSCAN algo-
rithm, we were able to identify 87 clusters. Using our thresh-
old, we obtained 3 hotspots. Table 14 shows the results of
our linear regression model. We can see similar results, that

Table 14: Results of the regression analysis of average
exposure with hotspot for New Orleans

Dependent variable:

average exposure
Linear
0.039 (0.000)***

281
0.04479
*p<0.05; " p<0.01; ***p<0.001

Hotspot

Observations
Adjusted R-squared
Note:

were obtained in the previous cities, where average expo-
sure is positively correlated to the hotspots of the city. Ta-
ble 15 shows the results of our logistic regression model.
We see that restaurants in zip codes that are in a hotspot are
in highly white, black neighborhoods, they are also in highly
educated and highly unemployed areas. This is interesting,
however, New Orleans had the highest unemployment rate
among large metro areas according to U.S. Bureau of La-
bor Statistics (of Labor Statistics 2019). Figure 9 shows the
heatmap for New Orleans. We can see visually that major
hotspots are in highly educated (shown in Figure 9a) and
highly unemployed neighborhoods, (shown in Figure 9b).
Therefore, we can draw a conclusion about Yelp in the city
of New Orleans, businesses that are in hotspots, have higher
average exposure, hence finding support for H2, and busi-

Table 15: Results of the regression analysis of hotspot
with other sensitive attributes for New Orleans

Dependent variable:

Hotspot
Logistic

WN 7.261 (0.000)***

BN 8.379 (0.000)***

AIN -4.217 (0.000)***

AN 0.754 (0.329)

HED 4.067 (0.000)***

HUne  3.296 (0.000)***

HWe 1.217 (0.140)

Note: *p<0.05; **p<0.01; ***p<0.001



(a) Education (b) Unemployment

Figure 9: Heatmap for New Orleans

nesses in zip codes where there is a hotspot, are in highly
educated and highly unemployed neighborhoods and diverse
neighborhoods, hence we find partial support for H3.

New York City: Figure 5f shows the exposure of restau-
rants in the city of New York City. Using the DBSCAN al-
gorithm, we were able to identify 131 clusters. Using our
threshold, we obtained 9 hotspots in the city of New York.
Table 16 shows the results of our linear regression model.

Table 16: Results of the regression analysis of average
exposure with hotspot for New York City

Dependent variable:

average exposure

Linear
Hotspot 0.031 (0.001)**
Observations 348
Adjusted R-squared ~ 0.02542
Note: *p<0.05; **p<0.01; ***p<0.001

Table 17: Results of the regression analysis of hotspot
with other sensitive attributes for New York

Dependent variable:

Hotspot
Logistic
WN -2.077 (0.018)*
BN -2.046 (0.027)*

AIN 0.597 (0.359)
AN 1.218 (0.031)*
HED N/A

HUne  0.186 (0.749)
HWe 2.197 (0.018)*

Note: *p<0.05; **p<0.01; ***p<0.001

We can see similar results, that were obtained in the previ-
ous cities, where average exposure is positively correlated to
hotspots of the city. Table 17 shows the results of our logistic
regression model. We see that restaurants in zip codes that
are in a hotspot are highly Asian and highly wealthy neigh-
borhoods. We also observed that restaurants in zip codes
that are in a hotspot have lower numbers of white and black
populations. Interestingly, we didn’t find any results for ed-
ucation. Figure 10 shows the heatmap for New York City.
We can visually see that major hotspots are all scattered
in highly educated neighborhoods(shown in Figure. 10a),
hence confirming why we did not obtain any result from

(a) Education (b) Wealth

Figure 10: Heatmap for New York City

our regression model and highly wealthy neighborhoods,
(shown in Figure 10b). Therefore, we can draw a conclusion
about Yelp in the city of New York, businesses that are in the
hotspots, have higher average exposure, hence finding sup-
port for H2, and businesses that are in zip codes that are in a
hotspot, are in highly wealthy and Asian neighborhoods and
they are also in the neighborhoods that have lower white and
black populations, hence we partially find support for H3.
San Francisco: Figure 5g shows the exposure of restau-
rants in the city of San Francisco. Using the DBSCAN al-
gorithm, we were able to identify 120 clusters. Using our
threshold, we obtained 13 hotspots in the city of San Fran-
cisco. Table 18 shows the results of our linear regression
model. We can see similar results, that were obtained in the

Table 18: Results of the regression analysis of average
exposure with hotspot for San Francisco

Dependent variable:

average exposure
Linear

Hotspot 0.021 (0.020)*

Observations 353

Adjusted R-squared ~ 0.01239

Note: *p<0.05; **p<0.01; **p<0.001

Table 19: Results of the regression analysis of hotspot
with other sensitive attributes for San Francisco

Dependent variable:

Hotspot
Logistic

WN -1.457 (0.144)

BN 0.027 (0.963)

AIN -0.786 (0.303)

AN -1.812 (0.225)

HED 13.214 (0.000)***
HUne  0.826 (0.368)

HWe 1.491 (0.049)*

Note: *p<0.05; **p<0.01; ***p<0.001

previous cities, where average exposure is positively corre-



lated to the hotspots of the city. Table 19 shows the results
of our logistic regression model. We see that restaurants in
zip codes that are in a hotspot are in highly educated and are
in highly wealth neighbourhoods. Interestingly none of the
demographic groups have any correlation with hotspots.

(a) Education (b) Wealth

Figure 11: Heatmap for San Francisco

Figure 11 shows the heatmap for San Francisco. We can
visually see that major hotspots are all scattered in highly
educated (shown in Figure 11a) and highly wealthy neigh-
borhoods, (shown in Figure 11b). Therefore, we can draw
a conclusion about Yelp in the city of San Francisco, busi-
nesses that are in the hotspots, have higher average exposure,
and businesses that are in zip codes that are in a hotspot,
are in highly wealthy and highly educated neighborhoods.
While we do find support for H2, we were only able to par-
tially find support for H3.

San Jose: Figure 5h shows the exposure of restaurants
in the city of San Jose. Using the DBSCAN algorithm, we
were able to identify 151 clusters. Using our threshold, we
obtained 10 hotspots in the city of San Jose. Table 20 shows
the results of our linear regression model. We can see sim-

Table 20: Results of the regression analysis of average
exposure with hotspot for San Jose

Dependent variable:

average exposure
Linear
0.027 (0.005)**

346
0.01239
*p<0.05; ~p<0.01; **p<0.001

Hotspot

Observations
Adjusted R-squared
Note:

ilar results, that were obtained in the previous cities, where
average exposure is positively correlated to hotspots of the
city, hence we find support for H2.

Seattle: Figure 5i shows the exposure of restaurants in
the city of Seattle. Using the DBSCAN algorithm, we were
able to identify 103 clusters. Using our threshold, we ob-
tained 11 hotspots in the city of San Jose. Table 21 shows
the results of our linear regression model.

We can see similar results, that were obtained in the previ-
ous cities, where average exposure is positively correlated to
hotspots of the city. Table 22 shows the results of our logistic
regression model. We find that restaurants in zip codes that
are in a hotspot have a smaller American Indian population
and are in less wealthy neighborhoods.
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Table 21: Results of the regression analysis of average
exposure with hotspot for Seattle

Dependent variable:

average exposure
Linear

Hotspot 0.023 (0.025)*
Observations 305
Adjusted R-squared ~ 0.01312

Note:

*p<0.05; **p<0.01; **p<0.001

Table 22: Results of the regression analysis of hotspot

with other sensitive

attributes for Seattle

Dependent variable:

Hotspot

Logistic
WN -3.145 (0.092)
BN -0.122 (0.933)
AIN -2.629 (0.016)*
AN -0.709 (0.659)
HED -0.441 (0.795)
HUne  0.059 (0.965)
HWe -2.066 (0.000)***
Note: *p<0.05; **p<0.01; ***p<0.001

Figure 12: Wealth heatmap for Seattle



Figure 12 shows the heatmap of wealth for the city of
Seattle. We can clearly see that the hotspots are in areas
where the wealth is less, hence our analysis stands true.
Therefore, we can draw a conclusion about Yelp in the city
of Seattle, businesses that are in the hotspots, have higher
average exposure, and businesses that are in zip codes that
are in a hotspot, are in less wealthy neighborhoods and have
less number of American Indian population. While we find
support for H2, we reject our H3.
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