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Abstract

The COVID-19 pandemic has implications be-
yond physical health, affecting society and
economies. Government efforts to slow down
the spread of the virus have had a severe im-
pact on many businesses, including restaurants.
Mandatory policies such as restaurant closures,
bans on social gatherings, and social distanc-
ing restrictions have affected restaurant oper-
ations as well as customer preferences (e.g.,
prompting a demand for stricter hygiene stan-
dards). As of now, however, it is not clear how
and to what extent the pandemic has affected
restaurant reviews, an analysis of which could
potentially inform policies for addressing this
ongoing situation.

In this work, we present our efforts to under-
stand the effects of COVID-19 on restaurant
reviews, with a focus on Yelp reviews pro-
duced during the pandemic for New York City
and Los Angeles County restaurants. Overall,
we make the following contributions. First,
we assemble a dataset of 600 reviews with
manual annotations of fine-grained COVID-19
aspects related to restaurants (e.g., hygiene
practices, service changes, sympathy and sup-
port for local businesses). Second, we ad-
dress COVID-19 aspect detection using su-
pervised classifiers, weakly-supervised ap-
proaches based on keywords, and unsuper-
vised topic modeling approaches, and exper-
imentally show that classifiers based on pre-
trained BERT representations achieve the best
performance (F1=0.79). Third, we analyze
the number and evolution of COVID-related
aspects over time and show that the resulting
time series have substantial correlation (Spear-
man’s ρ=0.84) with critical statistics related to
the COVID-19 pandemic, including the num-
ber of new COVID-19 cases. To our knowl-
edge, this is the first work analyzing the ef-
fects of COVID-19 on Yelp restaurant reviews
and could potentially inform policies by pub-
lic health departments, for example, to cover
resource utilization.

… Just know there’s no restroom or sink for patrons to wash their 
hands.  They  do  have  hand  sanitizers  and  wipes,  but  personally  I 
prefer washing my hands …

July 30th, 2020 

I usually go there for my pizza but I had to walk out because I saw the 
employees handling the food with no gloves on. In light of the recent 
outbreak of the Coronavirus how are they still not wearing gloves?

March 3rd, 2020 

Figure 1: Top: Examples of Yelp restaurant reviews dis-
cussing hygiene practices. Bottom: Time series show-
ing the number of reviews discussing hygiene practices
and also the number of new COVID-19 cases in the US.

1 Introduction

The outbreak of the SARS-CoV-2 virus in Decem-
ber of 2019 and its evolution to the COVID-19 pan-
demic have had many devastating consequences in
society. Restaurants have been among the hardest-
hit businesses during the pandemic.1 Yelp data (as
of September 2020) shows that out of the 32,109
restaurant closures in the U.S., 61% have been per-
manent, and a greater impact is observed in local
businesses in larger metropolitan areas, such as
New York City and Los Angeles County, on which
we focus in this paper.

Restaurants operate under great uncertainty dur-
ing this ongoing situation and, therefore, it is crit-
ical to understand how the pandemic has affected
public attitude towards restaurants. The disruption
in daily routines as well as fear and anxiety due

1https://www.yelpeconomicaverage.com/
business-closures-update-sep-2020.html

https://www.yelpeconomicaverage.com/business-closures-update-sep-2020.html
https://www.yelpeconomicaverage.com/business-closures-update-sep-2020.html
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to the pandemic have been shown to affect eating
habits (Naja and Hamadeh, 2020; Di Renzo et al.,
2020). The pandemic may have also affected cus-
tomers’ preferences, such as changes in cuisine
types, or higher expectations of hygiene and social
distancing practices followed by restaurants.

In this paper, we present our efforts to under-
stand the effects of COVID-19 on restaurant re-
views. Reviewers provide ratings and free-form
text to express their opinions and experiences about
restaurants and we argue that the pandemic has
affected such reviews. As an example, Figure 1
shows a Yelp review discussing the hygiene prac-
tices of a restaurant, including a mention of “coro-
navirus” and associated concerns. To understand
more broadly the effect of the pandemic on restau-
rant reviews, we analyze 3 million Yelp reviews
published before and during the pandemic, for
restaurants in two large metropolitan areas, namely,
New York City and Los Angeles County. We mea-
sure changes in user activity, ratings, and restaurant
type preferences using the corresponding metadata,
and quantify changes in written text using relevant
extraction and classification techniques.

Overall, we make the following contributions.

Creation of a dataset with fine-grained
COVID-19 aspect annotations. To facilitate
text analysis, we create a dataset of 600 Yelp
restaurant reviews with manual annotations of
fine-grained COVID-19 aspects discussed in the
reviews, such as hygiene practices, concerns of
virus transmission, and sympathy and support
messages. Our annotations can support detailed
review analyses beyond simple mentions of
COVID in text.2

Evaluation of COVID-19 aspect extraction tech-
niques. We use our dataset to evaluate several
techniques for COVID-19 aspect extraction from
the review text, including unsupervised topic mod-
eling (Blei et al., 2003), weakly-supervised classi-
fication based on COVID-related keywords (Kara-
manolakis et al., 2019), and (fully) supervised clas-
sification.

Analysis of the correlation between Yelp re-
views and critical COVID-19 statistics over
time. We analyze the distribution and evolution
of the extracted COVID-19 aspects and other re-

2Our annotations are available at the following link: ht
tps://drive.google.com/drive/folders/1Pw
YGO68fDjpjRgKN6rry-P9ji570Ia-r.

view metadata over time, capturing the period be-
fore and during the pandemic. We observe re-
vealing trends, such as increased interest in fast
food restaurants compared to traditional American-
food restaurants (including brunch restaurants), in-
creased mentions of hygienic practices of restau-
rants (Figure 1), service changes, racist and xeno-
phobic attacks against the Asian American commu-
nity, and sympathy and support messages expressed
especially for local businesses. Crucially, we show
that the resulting time series have substantial cor-
relation (Spearman’s ρ=0.84, p<0.01) with critical
statistics and milestones related to the pandemic,
such as the number of COVID-19 cases in the U.S.
While our findings do not necessarily imply that the
observed trends are caused by the pandemic, they
may provide useful insights for restaurant owners,
customers, public health officials, and the broad
research community.

This paper is organized as follows. Section 2
reviews related work. Section 3 describes the Yelp
data collection and annotation procedures. Sec-
tion 4 outlines the techniques for data analysis. Sec-
tion 5 summarizes our findings. Finally, Section 6
concludes the paper and suggests future work.

2 Related Work

The natural language processing community has
been increasingly pushing efforts towards the better
understanding and management of the pandemic.
Valuable insight can be extracted from text data, in-
cluding the COVID-19 scientific literature (Wang
et al., 2020; Gutierrez et al., 2020), and web search
data (Effenberger et al., 2020; Rovetta and Bhaga-
vathula, 2020). Below, we review related work on
the analysis of online user-generated reviews and
posts on social media.

Social media reflects public attitudes during the
pandemic (Chen et al., 2020). Existing work on
sentiment or emotion analysis has considered Twit-
ter (Drias and Drias, 2020; Nemes and Kiss, 2020;
Li et al., 2020a; Samuel et al., 2020), Reddit (Bi-
ester et al., 2020), Weibo (Li et al., 2020b), and
other platforms (Kleinberg et al., 2020). For ex-
ample, Biester et al. (2020) analyzed how the pan-
demic has influenced the online behavior of Reddit
users and found an increase in posts expressing
mental health concerns, including anxiety and con-
cerns for health and family. Beyond sentiment
analysis, existing work has considered deep learn-
ing techniques for the identification of informative

https://drive.google.com/drive/folders/1PwYGO68fDjpjRgKN6rry-P9ji570Ia-r
https://drive.google.com/drive/folders/1PwYGO68fDjpjRgKN6rry-P9ji570Ia-r
https://drive.google.com/drive/folders/1PwYGO68fDjpjRgKN6rry-P9ji570Ia-r
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Figure 2: Total number of reviews for New York City
and Los Angeles County over January 1, 2019 - Decem-
ber 31, 2020.

tweets that contain information relevant to the pan-
demic (Nguyen et al., 2020; Laxmi et al., 2020;
Verspoor et al., 2020). To our knowledge, our work
is the first that analyzes the effects of COVID-19
on restaurant reviews. To perform this analysis, we
extract fine-grained COVID-19 aspects related to
restaurants (e.g., hygiene practices, sympathy and
support, social distancing, etc.).

Other work has studied nutrition during the pan-
demic by conducting surveys (Di Renzo et al.,
2020) or by analyzing Twitter (Van et al., 2020).
Van et al. (2020) observe a shift from mentions of
healthy to unhealthy foods. Naja and Hamadeh
(2020) propose a framework for action to maintain
optimal nutrition during the pandemic. As part of
our work, we show trends in restaurant preferences,
such as increased interest in fast food restaurants
compared to traditional American-food restaurants.

While prior work demonstrates changes in pub-
lic attitude and nutrition during the pandemic, it is
not clear how and to what extent restaurant reviews
have changed during the pandemic. Yelp has intro-
duced special COVID-19 review guidelines, and
subsequently removed more than 4,000 reviews
that violated those guidelines.3 Our work demon-
strates that many aspects of the review content and
metadata have changed during the pandemic.

3 Data

We now describe our procedure for Yelp data collec-
tion (Section 3.1) and COVID-19 aspect annotation
(Section 3.2).

3https://blog.yelp.com/2021/01/yelp-w
ill-display-user-feedback-on-health-and-
safety-practices

Aspect Star Rating ALL
1 2 3 4 5

Hygiene 103 21 16 25 78 243
Non-COVID 39 13 14 28 117 211
Service 21 4 8 9 41 83
Social Distancing 9 2 8 8 40 67
Sympathy & Support 8 1 3 1 28 41
Transmission 26 6 4 1 2 39
Racism 30 1 0 0 2 33
Other 14 1 3 0 3 21

Table 1: Aspect- and rating-related statistics for the 600
labeled Yelp reviews: ALL reports the number of re-
views for each COVID aspect; the other columns re-
port the number of reviews for the different star ratings.
Out of the 600 reviews, 81 reviews were annotated with
more than one aspect.

3.1 Yelp Data Collection

We consider Yelp reviews for New York City
(NYC) and Los Angeles County (LA) restaurants
uploaded over January 1, 2019 - December 31,
2020. Our dataset overalls consists of 1 million
reviews for NYC and 2.1 million reviews for LA.

Figure 2 plots the number of reviews across time
as well as the number of new COVID-19 cases in
the U.S. For both NYC and LA, the number of
reviews decreases significantly after January 2020,
especially in March and April 2020: shutdowns
and more stringent guidelines were put into effect
starting in March. Such restrictions were only lifted
in July 2020 and a second peak in the number of
reviews is observed during September 2020.

3.2 COVID-19 Aspect Annotation

We manually labeled 600 reviews published af-
ter March 2020 with annotations relevant to
COVID-19. In particular, we aimed to understand
what aspects of restaurant operations are discussed
in reviews referring to the pandemic. We will use
these labels in Section 4.1 to train and evaluate
classifiers for COVID aspect detection. For an-
notation, we considered 600 Yelp reviews posted
after March 1, 2020, selected as follows. First, we
considered all reviews after March 1, 2020 that con-
tain COVID-related keywords4 and selected 400
reviews uniformly at random among them. Second,
we selected 200 reviews uniformly at random from

4We consider the following COVID-related keywords
(case insensitive; adopted from Biester et al. (2020)): “corona,”
“outbreak,” “pandemic,” “virus,” “sars-cov-2,” “coronavirus,”
“wuhan,” “2019ncov,” “2019-ncov,” “wuflu,” “covid-19,”
“covid19,” “covid,” “sars,” and “mers.”

https://blog.yelp.com/2021/01/yelp-will-display-user-feedback-on-health-and-safety-practices
https://blog.yelp.com/2021/01/yelp-will-display-user-feedback-on-health-and-safety-practices
https://blog.yelp.com/2021/01/yelp-will-display-user-feedback-on-health-and-safety-practices
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all reviews after March 1, 2020 that do not con-
tain such keywords. We considered the following
aspects related to COVID-19:

1. Hygiene: hygiene conditions of restaurants and
protective equipment (e.g., “Just know there’s
no restroom or sink for patrons to wash their
hands. They do have hand sanitizers and wipes,
but personally I prefer washing my hands.”).

2. Transmission: concern of virus transmission
(e.g., "All the whole coughing without covering
his mouth").

3. Social Distancing: social distancing measures
(e.g., “The tables are set far apart – a more than
acceptable social distance”).

4. Racism: racism experiences (e.g., “She was the
only one waiting at the register but no one came
to ring her up. She waited for a while but de-
cided to leave after realizing she was ignored
because of her race.”).

5. Sympathy and Support: messages of solidar-
ity, for example, towards local businesses (e.g.,
"Help support your Chinatown restaurants who
are deeply hurting from the stigma around
corona virus.").

6. Service: service changes during the pandemic
(e.g., "Not sure if the restaurant was empty be-
cause of the coronavirus scare but the food came
out suuuuper fast...").

7. Other: aspects that are related to COVID but
that do not fall under any of the above cate-
gories (e.g., "Shame on management for taking
advantage of people trying to keep safe from
coronavirus during a NY state of emergency.").

We annotated each review with a COVID-related
aspect if at least a sentence of the review discusses
such aspect. A single review can be annotated
with more than one distinct aspect. In cases where
a review did not contain any sentences that were
deemed relevant to any of the seven COVID-related
aspects, then it received the “Non-COVID” aspect.

Table 1 shows annotation statistics. (We discuss
review ratings later.) Most reviews discuss hygiene
conditions of restaurants, and many reviews discuss
social distance measures as well as changes in the
restaurant service related to COVID.

4 Methodology

We now describe the techniques that we apply to
the 3.1 million Yelp reviews from Section 3 for

COVID-19 aspect analysis (Section 4.1) and time
series analysis (Section 4.2), leveraging the labeled
reviews of Section 3.2.

4.1 COVID-19 Aspect Analysis

First, we extract topics from reviews using unsu-
pervised topic modeling. We train Latent Dirichlet
Allocation (LDA) topic models (Blei et al., 2003)
with different numbers of topics (5, 10, 25, 50, 100).
Then, we manually annotate the obtained topics
with descriptive labels by examining the highest-
probability words for each topic. We noticed that
it is hard to align the topics discovered by LDA
with the COVID aspects of interest (Section 3.2)
and, therefore, we experiment with supervised and
weakly-supervised techniques, as discussed next.

We use our annotated dataset from Section 3.2
to train and evaluate review classifiers (via 5-fold
cross-validation) for multi-class COVID-19 aspect
classification. We consider two alternative training
procedures: fully-supervised classification using
labeled training data, and weakly-supervised clas-
sification using a small number of indicative key-
words per class. The fully-supervised approaches
are standard and listed at the end of this subsection.

The weakly-supervised approach we use is the
co-training method of Karamanolakis et al. (2019),
which works as follows. First, we manually de-
fine a small number of keywords or key phrases
for each COVID-19 aspect.5 Then, we employ
a teacher-student architecture, where the teacher
classifier considers keywords to annotate unlabeled
reviews with aspects and the teacher-labeled re-
views are used to train a student classifier. The
teacher classifier does not require training and in-
stead predicts aspect probabilities proportionally
to keyword counts for each aspect. If no keywords
appear in a review, then the teacher predicts the
“Non-COVID” aspect. The student classifier can
be any classifier, and here we consider both stan-

5Hygiene: “masks,” “gloves,” “mask,” “glove,” “shield,”
“sanitize,” “sanitizer,” “sanitizing,” “disinfect,” “disinfecting,”
“face cover,” “covering face,” “face covers,” “wipe,” “wiping,”
and “wipes.” Transmission: “cough,” “spread,” “infected,”
“cautious,” “potential germs,” “concerning,” “worried,” “covid
test,” “tested positive,” and “asymptomatic.” Social Distanc-
ing: “social distance,” “social distancing,” “six feet,” “6 feet,”
“spaced out,” “6ft,” and “distanced.” Racism: “racist,” “xeno-
phobia,” “racism,” “race,” “xenophobic,” “asian,” and “asians.”
Sympathy and Support: “small business,” “local business,”
“struggling,” “support,” “stress,” “stressful,” “suffer,” “sym-
pathy,” and “stressed.” Service: “takeout,” “outdoor dining,”
“take out,” “re-stocked,” “restocked,” “curbside pickup,” “on-
line order,” “rude,” and “service.” Other: “covid,” “pandemic,”
“quarantine,” “covid19,” “lockdown,” “shutdown,” and “cdc.”
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dard bag-of-words classifiers and classifiers based
on pre-trained BERT representations (Devlin et al.,
2019). Note that the student is trained using the
teacher’s predictions and no manually annotated re-
views; in contrast to the teacher, which only consid-
ers keywords, the student can identify aspects even
if no keywords appear in a review. As labeled data
are expensive to obtain, such a weakly-supervised
technique is promising to scale classification by
leveraging unlabeled reviews (and keywords) for
training (Karamanolakis et al., 2019).

Overall, we consider the following approaches:

1. Random: assigns reviews to a random aspect.

2. Majority: assigns all reviews to the “Non-
COVID” aspect.

3. Supervised bag-of-words (BoW) classifiers: rep-
resents each review as a bag of words, where
words can be unigrams and bigrams. We eval-
uate logistic regression (LogReg) and Support
Vector Machines (SVM).

4. Supervised BERT: fine-tunes pre-trained
BERT (Devlin et al., 2019) for supervised
aspect classification.

5. Weakly-supervised Teacher: classifies a review
solely based on keywords (Teacher in Kara-
manolakis et al. (2019)).

6. Weakly-supervised Student: is trained using
Teacher’s predictions on unlabeled data (Stu-
dent in Karamanolakis et al. (2019)). We evalu-
ate different modeling approaches for Student,
namely, BoW-LogReg, BoW-SVM, and BERT.

The above techniques classify Yelp reviews into
COVID aspects using either labeled data (su-
pervised approach) or COVID-related keywords
(weakly-supervised approach) for training. In ad-
dition to COVID aspect classification, we conduct
time series analysis to understand how COVID as-
pects evolve over time, as discussed next.

4.2 Time Series Analysis
To understand how reviews have changed during
the pandemic, we extract time series from the text
of the reviews. For a given aspect (e.g., Hygiene),
the corresponding time series is computed as the
percentage of the reviews at each point in time
that contain at least one aspect-specific keyword
(see Section 4.1). We consider two approaches:
time-series cross-correlation and time-series inter-
vention analysis, as discussed next.
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Figure 3: Percentage of reviews containing COVID-
related keywords.

As a first approach, we measure the correlation
between the Yelp review time series and important
statistics related to COVID-19, such as the num-
ber of new COVID-19 cases in the U.S or the new
COVID-19 cases in NYC and LA individually. As
we do not expect Yelp review time series to have a
linear relationship with COVID-19 time series, we
compute the Spearman’s correlation metric, which
only assumes a monotonic but possibly non-linear
relationship between the two time series. We also
measure the Pearson’s correlation metric as a ro-
bustness check.

As a second approach, we consider a time se-
ries intervention analysis. First, we train a time-
series model on the observations before COVID-19
(i.e., on reviews posted before March 1, 2020) and
then we compare the model’s predictions against
the observations during COVID-19 (i.e., on re-
views posted on March 1, 2020 or later). Similar
to Biester et al. (2020), we consider the Prophet
time-series forecasting model (Taylor and Letham,
2018), an additive regression model that has been
shown to forecast social media time series effec-
tively. After training Prophet on the pre-pandemic
data, we check to what degree its forecasts for
during COVID-19 differed from the actual values.
Specifically, we compute the proportion of obser-
vations outside the 95% prediction uncertainty in-
terval produced by Prophet after March 1, 2020.

By constructing Yelp review time series and com-
paring them to statistics related to COVID-19, we
find interesting trends in reviews during the pan-
demic, as discussed next.

5 Findings

We use the methodology from Section 4 to ad-
dress various questions on the 3.1 million-review
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Topic label (manually assigned) 10 highest-probability words

Protective equipment and social distancing covid, mask, masks, people, customers, staff, social, wearing, distancing, pandemic
Outdoor seating outdoor, seating, dining, ramen, good, tables, covid, outside, really, place

Table 2: The two (out of 25 LDA) topics that we identified as relevant to COVID-19, along with manually assigned
topic labels and the 10 highest probability words for each topic. (All topics are reported in Table 7 in the Appendix.)

Method Binary F1 Multi-Class F1
Random 0.459 0.115
Majority 0.346 0.070

Methods below are fully supervised
BoW-LogReg 0.741 0.481
BoW-SVM 0.739 0.422
BERT 0.786 0.522

Methods below are weakly supervised
Teacher 0.605 0.270
Student-BERT 0.657 0.407

Table 3: F1 values for binary (left) and multi-class
(right) COVID-19 aspect classification. Classifiers
based on pre-trained BERT representations outperform
simpler bag-of-words classifiers.

dataset from Section 3. First, we analyze the text
of the Yelp reviews (Section 5.1), and then we use
both the metadata and the text to create time series
and evaluate their correlation with the number of
COVID-19 cases (Section 5.2).

5.1 COVID-19 Aspect Analysis

In this section, we analyze the text of the Yelp
reviews and evaluate the performance of several
methods for COVID aspect classification on our
manually annotated dataset from Section 3.2.

Number of reviews with COVID-related key-
words: Figure 3 shows the percentage of reviews
that contain COVID-related keywords. Interest-
ingly, after March 2020, more than 10% of the
reviews contain COVID-related keywords: thou-
sands of restaurant reviews per week discuss as-
pects related to the pandemic.

Topics discussed in reviews: We apply topic
modeling on all Yelp reviews after March 1, 2020.
Table 2 shows the two (out of the 25) topics that
we identified as relevant to COVID-19. The first
topic is related to protective equipment and social
distancing, while the second topic is related to out-
door seating. The remaining 23 topics did not con-
tain any COVID-related keywords among the 10
highest-probability words: it is hard to align the
topics discovered by LDA with the fine-grained

COVID aspects of Section 3.2, so we consider as-
pect classification approaches, as discussed next.

COVID aspect classification: We evaluate su-
pervised and weakly-supervised approaches for
COVID aspect classification via cross-validation
using the 600 manually annotated reviews (Sec-
tion 4.1). Table 3 shows the cross-validation results
for binary (COVID vs. Not COVID) and multi-
class aspect classification. Table 8 in the Appendix
reports additional metrics. The fully supervised
BERT-based classifier outperforms BoW-* classi-
fiers on both binary and multi-class classification.
The weakly-supervised Teacher that classifies as-
pects using keywords and no labeled data (Sec-
tion 4.1) leads to a more accurate Student-BERT
classifier: weakly-supervised co-training with key-
words leads to substantially better performance
than Random. The weakly-supervised Student-
BERT has lower F1 score than the fully supervised
BERT, which was expected because Student-BERT
does not consider labeled reviews for training but
instead uses Teacher’s predictions on unlabeled re-
views as weak supervision.

5.2 Time-series Construction
In this section, we analyze how reviews have
changed during the pandemic by extracting time
series from metadata (star ratings, cuisine types)
and the text of the reviews (see Section 4.2).

Star ratings: Figure 4 shows the average star rat-
ing over time for NYC and LA. For both time series,
there is a sharp decrease in average rating starting
in March 2020 and an increasing trend after June
2020. Figure 5 shows the number of star ratings
across time for NYC. The trends are similar for
LA (Figure 9b in the Appendix). For the first time
after 2019, the percentage of 1-star ratings in NYC
surpassed the percentage of 4-star ratings. Interest-
ingly, for both NYC and LA, a peak in the number
of new COVID-19 cases (April 2020 for NYC and
July 2020 for LA) coincides with a peak in the
percentage of 1-star ratings. Also, after September
2020, there is a decreasing trend in the number of
1-star ratings and an increasing trend in the number



42

Jan
2019 Mar May Jul Sep Nov Jan

2020 Mar May Jul Sep Nov    Dec

Date

3.65

3.70

3.75

3.80

3.85

3.90

3.95

4.00

Ra
tin

g
Average rating (LA)
Average rating (NYC)

0.0

0.5

1.0

1.5

2.0

# 
ne

w 
CO

VI
D-

19
 c

as
es

 (U
S)

1e6

# new COVID-19 cases (US)

Figure 4: Average star rating across all reviews in NYC
and LA over January 1, 2019 - December 31, 2020.
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Figure 5: Percentage of reviews for each star rating in
NYC over January 1, 2019 - December 31, 2020.

of 5-star ratings. We conclude that, during the first
months of the pandemic, users’ ratings shifted to
extremely positive (5 star) or extremely negative (1
star) values, but after September 2020, users posted
increasingly more 5-star rating reviews, leading to
a total increase in average rating.

Types of cuisine: Restaurant metadata include
tags that indicate the cuisine types, such as “Italian”
and “sandwich.” Figure 6 shows the percentage
of reviews for selected groups of cuisine type over
time.Such time series are relatively stable during
2019 but change significantly during 2020. “Amer-
ican” substantially dropped at the beginning of the
pandemic (March) and rose again after indoor din-
ing re-opened (July). The drop in “American” co-
incided with the increase of “Fast Food.” “Asian
Food” also dropped sharply in March but recov-
ered quickly within 2 weeks. These trends indi-
cate important changes in user activity during the
pandemic that affect specific cuisine types, which
could be supported by previous observations of
nutrition changes (Van et al., 2020).

Time Series (NYC) NYC Cases US Cases

Social Distancing 0.768*** 0.836***
Hygiene 0.765*** 0.822***
Transmission 0.816*** 0.804***
Sympathy & Support 0.822*** 0.755***
Service 0.772*** 0.736***
Racism 0.293** 0.237*

Time Series (LA) LA Cases US Cases

Service 0.536*** 0.644***
Sympathy & Support 0.490*** 0.551***
Hygiene 0.395*** 0.538***
Transmission 0.409*** 0.522***
Social Distancing 0.347** 0.513***
Racism -0.006 -0.019

Table 4: Spearman correlation results from comparing
COVID aspects and the number of COVID cases in
NYC (top) and LA (bottom), sorted in decreasing or-
der by correlation compared with the number of new
US cases. Results are marked as statistically significant
at the p<0.1*, p<0.05**, and p<0.01*** levels.

Evolution of restaurant review aspects over
time: Figure 7 shows the evolution of aspects
over time for NYC. Aspects for LA reviews fol-
low similar trends (see Table 12 in the Appendix).
Aspects such as “Hygiene,” and “Social Distanc-
ing” have been discussed more frequently after
March 2020, covering up to 8% of the restaurant
reviews: reviewers discuss such aspects during the
pandemic more than before the pandemic. Interest-
ingly, while “Hygiene” peaked during July 2020
(during restaurant re-opening) for both cities and
since then keeps decreasing, “Sympathy & Support”
peaked during Spring 2020, then decreased, and
follows an increasing trend after November 2020.

Correlation of aspects with COVID-19 statis-
tics: We now consider our first approach for time
series analysis from Section 4.2 and measure the
correlation between Yelp review time series and
COVID-19 statistics. Table 4 reports the Spear-
man correlation between time series constructed
from restaurant reviews and the number of new
COVID-19 cases. For Pearson correlation results,
see Tables 9 and 10 in the Appendix. For both
NYC and LA, there is significant correlation be-
tween restaurant review aspects and new cases of
COVID-19, reaching up to Spearman’s ρ=0.84 for
the Hygiene aspect. For LA, COVID aspects have
higher absolute correlation to the number of US
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Figure 6: Evolution of cuisine types over time for LA. For each time series, we compute the percentage of reviews
that include at least one tag from a predefined tag list: “American”: [“steak”, “cocktailbars”, “bars”, “breakfast
brunch”, “newamerican”, “tradamerican”], “Fast Food”: [“sandwiches”, “pizza”, “hotdogs”, “chicken wings”,
“thai”], “Groceries”: [“grocery”], “Deserts&Drinks”: [’juicebars,” ’bubbletea,” ’icecream,” ’desserts,” ’bakeries’],
“Asian&Seafood”: [“sushi”, “japanese”, “seafood”, “asianfusion”, “korean”]. Tags within each category follow
similar trends, which we individually report in the Appendix.
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Figure 7: COVID aspects for NYC restaurants over January 1, 2019 - December 31, 2020.

cases compared to the number of LA cases. For
NYC, most aspects present higher correlation with
the number of NYC cases compared to the num-
ber of US cases. Even though we cannot draw
causal conclusions from these correlations, our re-
sults highlight interesting trends of Yelp reviews
during the pandemic.

Time-series intervention analysis: Here, we
consider our second approach for time series anal-
ysis (Section 4.2) and compare time series con-
structed from the metadata of Yelp reviews to the

corresponding Prophet forecasts. Figure 8 shows
the evolution of the “pizza” tag (left) and “seafood”
tag (right) over time and the Prophet forecasts. Dur-
ing COVID-19 (i.e., on March 1, 2020 or later),
most true values for “pizza” were higher than fore-
casts while most true values for “seafood” were
lower than Prophet forecasts. The Appendix re-
ports forecasts for more cuisine tags. The differ-
ence between Prophet’s forecasts and true values
indicates that user activity has shifted towards spe-
cific types of businesses, as we further discuss next.
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 True Values (pizza)  Forecast (pizza)

(a) “Pizza” business tag.

 True Values (seafood)  Forecast (seafood)

(b) “Seafood” business tag.

Figure 8: Evolution of business tags and the corresponding Prophet forecasts over time for LA. The red line is the
true value and the blue line is the Prophet forecast. After March 1, 2020, most true values for “pizza” restaurants
(left) were higher than Prophet forecasts, while most true values for “seafood” restaurants (right) were lower than
Prophet forecasts. The Appendix reports all forecasts of Prophet.

Time Series % of outliers
LA NYC

1 star rating 62.28 ↑ 69.55 ↑
2 star rating 55.36 ↓ 91.35 ↓
3 star rating 83.04 ↓ 47.75 ↓
4 star rating 61.94 ↓ 61.24 ↓
5 star rating 88.24 ↑ 50.17 ↑

Grocery 82.35 ↑ 96.54 ↑
Chicken Wings 64.36 ↑ 92.73 ↑
Sandwiches 95.50 ↑ 75.78 ↑
Thai 69.20 ↑ 68.86 ↑
Bakeries 47.06 ↑ 66.78 ↑
Hotdogs 77.85 ↑ 65.05 ↑
Pizza 89.96 ↑ 56.75 ↑
Ice Cream 71.28 ↑ 56.40 ↑
Breakfast&Brunch 81.31 ↓ 53.98 ↓
Sushi 41.52 ↓ 55.01 ↓
Steak 84.78 ↓ 58.48 ↓
Cocktail Bars 99.31 ↓ 58.82 ↓
Trad American 93.08 ↓ 58.82 ↓
Bars 69.90 ↓ 59.86 ↓
Japanese 40.83 ↓ 61.24 ↓
Asian Fusion 41.87 ↓ 76.47 ↓
New American 89.62 ↓ 91.70 ↓

Table 5: Percentage of outliers (observations outside
Prophet’s 95% uncertainty interval) for LA and NYC
reviews posted after March 1, 2020. Arrows indicate
whether the mean value of the outliers is higher (up) or
lower (down) than the mean of Prophet’s predictions.

Table 5 reports the percentage of outliers (i.e.,
true values outside of Prophet’s 95% uncertainty
interval) for star ratings (top) and some of the
most frequent business tags (bottom). For tags
such as “Grocery,” “Chicken Wings,” and “Sand-
wiches,” upwards pointing arrows indicate that the
mean value of outliers is higher than the mean of

Prophet’s predictions. In contrast, for tags such as
“New American,” “Asian Fusion,” and “Japanese,”
downwards pointing arrows indicate that the mean
value of outliers is lower than the mean of Prophet’s
predictions. The Appendix reports all forecasts of
Prophet. The direction arrows in Table 5 support
our previous observations about the corresponding
changes of cuisine types and star ratings during the
pandemic.

6 Conclusions and Future Work

We presented our effort to understand the effects
of COVID-19 on restaurant reviews. We created a
dataset with fine-grained COVID-19 aspect annota-
tions, evaluated fully- and weakly-supervised tech-
niques for COVID aspect detection, and showed
that BERT-based classifiers outperform bag-of-
words classifiers. We observed changes in restau-
rant reviews (e.g., increased discussions of hygiene
practices and messages of solidarity), and showed
that they correlate with critical COVID-19 statis-
tics. We found a shift of ratings towards extreme
values (1 and 5 stars) and shifts of user activity
towards specific types of cuisines. Our insights
could potentially be interesting for restaurant own-
ers, customers, and public health officials.

In future work, we plan to expand the regional
coverage of our analysis to reveal distinct pat-
terns across cities. It would also be interesting
to improve aspect-based sentiment analysis ap-
proaches (Pontiki et al., 2016) by considering the
new aspects explored in this work.
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A Appendix

Here, we provide detailed information on our
dataset (Section A.1), topic modeling and aspect
classification results (Section A.2), time series
plots (Section A.3), correlation analysis results A.4,
and time-series intervention analysis results (Sec-
tion A.5).

A.1 Yelp Review Dataset
Table 6 shows more statistics for our dataset. Our
COVID aspect annotations for the 600 Yelp reviews
are available at the following link: https://driv
e.google.com/drive/folders/1PwYGO68fDjpj

RgKN6rry-P9ji570Ia-r.

A.2 Topic Modeling and COVID Aspect
Classification

Table 7 shows the 25 LDA topics obtained from
all reviews posted after March 1, 2020. Table 8 re-
ports detailed evaluation results for COVID aspect
classification.

A.3 Time Series Plots
Star ratings: Figure 9 shows the number of star
ratings across time for NYC and LA.

Cuisine types: Figure 10 shows the percentage
of reviews in NYC (top) and (LA) over time for
each selected group of cuisine types. Figure 11
shows the percentage of reviews over time for each
individual business tag in our selected groups of
cuisine types.

COVID-19 aspects: Figure 12 shows the per-
centage of reviews over time for each individual
business tag in our selected groups of cuisine types.

A.4 Correlation Analysis
Tables 9 and 10 report correlation results between
time series constructed from restaurant reviews and
the number of new COVID-19 cases for NYC and
LA, respectively. Tables 11 and 12 show correla-
tion results between each individual business tag
and the number of new COVID-19 cases for NYC
and LA, respectively.

A.5 Time-series Intervention Analysis
Table 13 reports the percentage of outliers (accord-
ing to Prophet’s predictions) for time series con-
structed from the text and metadata of Yelp reviews.
Figures 13-74 plot Prophet’s forecasts for each in-
dividual time series.

NYC LA County

# Restaurants 55K 65K
# Users 344K 710K
# Reviews 1.0M 2.1M

Table 6: Statistics for our Yelp dataset collected during
January 1, 2019 - December 31, 2020.

https://drive.google.com/drive/folders/1PwYGO68fDjpjRgKN6rry-P9ji570Ia-r
https://drive.google.com/drive/folders/1PwYGO68fDjpjRgKN6rry-P9ji570Ia-r
https://drive.google.com/drive/folders/1PwYGO68fDjpjRgKN6rry-P9ji570Ia-r
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Topic Label High Probability Words

Fast food chicken, fries, burger, wings, sauce, fried, ordered, good, got, food
PPE and social distancing covid, mask, masks, people, customers, staff, social, wearing, distancing, pandemic
Bakery cake, chocolate, bakery, cookies, cakes, delicious, flavors, ve, sweet, best
Pizza and pie pizza, slice, pie, best, good, crust, cheese, sauce, place, new
Service and Environment great, place, food, staff, friendly, service, love, coffee, amazing, best
Mexican food tacos, bagel, taco, bagels, mexican, good, chips, burrito, guacamole, delicious
Dinner meals pasta, steak, good, ordered, sauce, delicious, dish, got, salad, dinner
Savory food rice, pork, soup, noodles, chicken, thai, good, spicy, fried, beef
Sandwiches and salad sandwich, cheese, bread, salad, good, egg, sandwiches, bowl, bacon, meat
Ice cream cream, ice, ordered, like, cold, dessert, tasted, got, came, didn
Sushi sushi, fish, roll, ordered, shrimp, fresh, good, salmon, rolls, food
Ordering like, just, don, know, didn, place, people, want, said, order
Delivery service order, delivery, food, ordered, time, ordering, pick, delicious, great, ve
Brunch brunch, good, chocolate, eggs, toast, got, really, french, sweet, pancakes
Food quality food, place, good, love, try, amazing, best, restaurant, really, delicious
Outdoor seating outdoor, seating, dining, ramen, good, tables, covid, outside, really, place
Business food, store, don, place, time, ve, years, money, just, business
Milk tea and boba tea, milk, drink, sugar, drinks, sweet, like, bubble, boba, matcha
Indian and Korean cuisine food, dishes, restaurant, like, dish, menu, meal, indian, korean, ve
Food and service quality great, food, service, amazing, place, delicious, definitely, recommend, drinks, restaurant
Service wait time food, table, came, minutes, wait, time, service, got, drinks, order
Food quality and price food, good, prices, price, place, great, service, quality, pretty, nice
Service order, said, told, service, asked, called, customer, manager, restaurant, food
Bars free, promoter, door, issues, text, entry, drinks, table, vip, nyc
Bars bar, wine, beer, card, like, bartender, night, drink, credit, place

Table 7: 25 LDA topics with manually assigned topic labels and the 10 highest probability words for each topic.

Binary Multi-Class
Method Accuracy Precision Recall Accuracy Precision Recall
Random 0.467 0.459 0.459 0.132 0.118 0.112
Majority 0.533 0.267 0.500 0.373 0.048 0.129

Methods below are fully supervised
BoW-LogReg 0.742 0.741 0.742 0.622 0.501 0.462
BoW-SVM 0.737 0.737 0.740 0.605 0.486 0.419
BERT 0.787 0.785 0.786 0.652 0.542 0.503

Methods below are weakly supervised
Teacher 0.560 0.610 0.600 0.360 0.334 0.268
Student-LogReg 0.545 0.636 0.511 0.393 0.320 0.389
Student-SVM 0.538 0.568 0.506 0.397 0.321 0.396
Student-BERT 0.603 0.767 0.574 0.472 0.383 0.434

Table 8: Results for binary (left) and multi-class (right) COVID-19 aspect classification.
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Figure 9: Percentage of reviews for each individual star rating in NYC (top) and LA (bottom) over January 1, 2019
- December 31, 2020.
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Figure 10: Evolution of cuisine types over time for NYC (top) and LA (bottom).
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Figure 11: Time-series of individual tags for each group of cuisine types defined in the main paper.
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Figure 12: COVID aspects for New York City restaurants (top) and Los Angeles County restaurants (top) over
January 1, 2019 - December 31, 2020.
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Time Series NYC Cases US Cases

Results below are Pearson correlations.
Hygiene 0.412*** 0.612***
Transmission Case 0.708*** 0.532***
Social Distancing 0.427*** 0.650***
Racism 0.036 -0.025
Sympathy & Support 0.683*** 0.407***
Service 0.566*** 0.630***
Other 0.590*** 0.652***

1 star rating 0.337** -0.088
2 star rating -0.724*** -0.712***
3 star rating -0.624*** -0.619***
4 star rating -0.384*** -0.476***
5 star rating 0.411*** 0.813***

American -0.731*** -0.541***
Fast Food 0.698*** 0.341**
Grocery 0.713*** 0.159
Beverages & Desserts 0.221 0.426***
Asian & Seafood -0.594*** -0.083

Results below are Spearman correlations.
Hygiene 0.765*** 0.822***
Transmission Case 0.816*** 0.804***
Social Distancing 0.768*** 0.836***
Racism 0.293** 0.237*
Sympathy & Support 0.822*** 0.755***
Service 0.772*** 0.736***
Other 0.827*** 0.808***

1 star rating 0.242*** 0.118
2 star rating -0.882*** -0.859***
3 star rating -0.855*** -0.833***
4 star rating -0.770*** -0.825***
5 star rating 0.705*** 0.862***

American -0.830*** -0.750***
Fast Food 0.832*** 0.745***
Grocery 0.850*** 0.751***
Beverages & Desserts 0.545*** 0.524***
Asian & Seafood -0.463*** -0.238*

Table 9: Correlation results from comparing NYC re-
view statistics and the number of COVID cases in NYC
(left) and US (right), sorted in decreasing order by cor-
relation compared with the number of new US cases.
Results marked as statistically significant at the p<0.1*,
p<0.05**, and p<0.01*** levels.

Time Series LA Cases US Cases

Results below are Pearson correlations.
Hygiene 0.395*** 0.538***
Transmission Case 0.409*** 0.522***
Social Distancing 0.347** 0.513***
Racism -0.006 -0.019
Sympathy & Support 0.490*** 0.551***
Service 0.536*** 0.644***
Other 0.527*** 0.671***

1 star rating 0.244* 0.289**
2 star rating -0.416*** -0.571***
3 star rating -0.429*** -0.559***
4 star rating -0.402*** -0.513***
5 star rating 0.445*** 0.608***

American -0.654*** -0.656***
Fast Food 0.529*** 0.577***
Grocery 0.214 0.251*
Beverages & Desserts 0.504*** 0.524***
Asian & Seafood -0.514*** -0.542***

Results below are Spearman correlations.
Hygiene 0.814*** 0.808***
Transmission Case 0.810*** 0.779***
Social Distancing 0.773*** 0.767***
Racism -0.235* -0.291**
Sympathy & Support 0.817*** 0.788***
Service 0.812*** 0.771***
Other 0.836*** 0.811***

1 star rating 0.724*** 0.705***
2 star rating -0.831*** -0.839***
3 star rating -0.811*** -0.798***
4 star rating -0.818*** -0.822***
5 star rating 0.730*** 0.762***

American -0.804*** -0.753***
Fast Food 0.822*** 0.785***
Grocery 0.801*** 0.784***
Beverages & Desserts 0.725*** 0.607***
Asian & Seafood -0.760*** -0.701***

Table 10: Correlation results from comparing LA re-
view statistics and the number of COVID cases in NYC
(left) and US (right), sorted in decreasing order by cor-
relation compared with the number of new US cases.
Results marked as statistically significant at the p<0.1*,
p<0.05**, and p<0.01*** levels.
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Time Series NYC Cases US Cases

Results below are Pearson correlations.
Bakeries 0.684*** 0.710***
Thai 0.445*** 0.616***
Sandwiches 0.636*** 0.466***
Sushi -0.080 0.450***
Bubble tea -0.142 0.277**
Grocery 0.713*** 0.159***
Pizza 0.698*** 0.156
Chicken Wings 0.596*** 0.156
Hotdogs 0.518*** 0.113
Korean 0.007 0.065
Juice Bars 0.001 0.051
Japanese -0.427*** 0.048
Desserts -0.164 0.026
Ice Cream -0.250* -0.210
Cocktail Bars -0.635*** -0.229
Asian Fusion -0.534*** -0.340**
Steak -0.495*** -0.347**
Seafood -0.744*** -0.381***
Breakfast & Brunch -0.667*** -0.469***
New American -0.614*** -0.528***
Bars -0.698*** -0.592***
Trad American -0.639*** -0.658***

Results below are Spearman correlations.
Thai 0.718*** 0.790***
Bakeries 0.864*** 0.785***
Grocery 0.850*** 0.751***
Chicken Wings 0.798*** 0.691***
Pizza 0.761*** 0.658***
Hotdogs 0.571*** 0.402***
Bubble tea 0.153 0.287**
Sushi 0.029 0.185
Juice Bars 0.203 0.127
Ice Cream -0.112 -0.114
Seafood -0.374*** -0.143
Desserts -0.087 -0.145
Cocktail Bars -0.438*** -0.179
Korean -0.290** -0.252*
Japanese -0.394*** -0.290**
Asian Fusion -0.678*** -0.566***
Steak -0.739*** -0.614***
Bars -0.778*** -0.730***
New American -0.816*** -0.732***
Sandwiches 0.844*** -0.736***
Breakfast & Brunch -0.842*** -0.811***
Trad American -0.851*** -0.832***

Table 11: Correlation results for individual business
tags in NYC. Results marked as statistically significant
at the p<0.1*, p<0.05**, and p<0.01*** levels.

Time Series LA Cases US Cases

Results below are Pearson correlations.
Sandwiches 0.644*** 0.747***
Bakeries 0.702*** 0.704***
Pizza 0.536*** 0.557***
Hotdogs 0.500*** 0.523***
Bubble tea 0.465*** 0.519***
Desserts 0.414*** 0.394***
Chicken Wings 0.340***** 0.381***
Sushi -0.390*** 0.357***
Juice Bars 0.202 0.292**
Grocery 0.214*** 0.251*
Thai 0.221*** 0.225***
Ice Cream -0.250* -0.298**
Japanese -0.309** -0.378***
Korean -0.362*** -0.423***
Bars -0.451*** -0.456***
Breakfast & Brunch -0.512*** -0.489***
Asian Fusion -0.432*** -0.506***
Trad American -0.485*** -0.535***
Seafood -0.574*** -0.543***
Steak -0.590*** -0.605***
Cocktail Bars -0.620*** -0.612***
New American -0.632*** -0.643***

Results below are Spearman correlations.
Sandwiches 0.859*** 0.807***
Grocery 0.801*** 0.784***
Hotdogs 0.799*** 0.766***
Pizza 0.779*** 0.753***
Chicken Wings 0.743*** 0.734***
Bubble tea 0.772*** 0.714***
Bakeries 0.795*** 0.714***
Juice Bars 0.685*** 0.605***
Thai 0.513*** 0.454***
Desserts 0.374*** 0.267
Ice Cream -0.118 -0.232*
Seafood -0.424*** -0.383***
Sushi -0.522*** -0.427***
Japanese -0.680*** -0.602***
Bars -0.699*** -0.645***
Breakfast & Brunch -0.711*** -0.705***
Cocktail Bars -0.803*** -0.706***
Steak -0.793*** -0.708***
Korean -0.794*** -0.763***
Trad American -0.746*** -0.765***
New American -0.810*** -0.767***
Asian Fusion -0.801*** -0.816***

Table 12: Correlation results for individual business
tags in LA. Results marked as statistically significant
at the p<0.1*, p<0.05**, and p<0.01*** levels.
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Time Series % of outliers
LA NYC

1 star rating 62.28 ↑ 69.55 ↑
2 star rating 55.36 ↓ 91.35 ↓
3 star rating 83.04 ↓ 47.75 ↓
4 star rating 61.94 ↓ 61.24 ↓
5 star rating 88.24 ↑ 50.17 ↑

Fast food 95.85 ↑ 96.88 ↑
Beverages&Desserts 51.56 ↑ 83.04 ↑
Grocery 96.54 ↑ 82.35 ↑
Asian&Seafood 52.94 ↓ 87.89 ↓
American 76.47 ↓ 92.73 ↓

Grocery 82.35 ↑ 96.54↑
Chicken Wings 64.36↑ 92.73↑
Sandwiches 95.50↑ 75.78 ↑
Thai 69.20 ↑ 68.86↑
Bakeries 47.06 ↑ 66.78 ↑
Hotdogs 77.85↑ 65.05↑
Pizza 89.96↑ 56.75↑
Ice Cream 71.28↑ 56.40 ↑
Seafood 77.51 ↓ 53.28 ↑
Korean 56.40 ↓ 32.87↑
Juice Bars 76.12 ↑ 50.52 ↓
Desserts 80.62↑ 51.90↓
Breakfast&Brunch 81.31↓ 53.98 ↓
Sushi 41.52 ↓ 55.01 ↓
Bubble tea 56.06 ↑ 54.67 ↓
Steak 84.78↓ 58.48↓
Cocktail Bars 99.31 ↓ 58.82↓
Trad American 93.08 ↓ 58.82↓
Bars 69.90 ↓ 59.86↓
Japanese 40.83 ↓ 61.24 ↓
Asian Fusion 41.87 ↓ 76.47↓
New American 89.62 ↓ 91.70↓

Table 13: Percentage of outliers (observations outside
Prophet’s 95% uncertainty interval) for LA and NYC
reviews posted after March 1, 2020. Arrows indicate
whether the mean value of the outliers is higher (up) or
lower (down) than the mean of Prophet’s predictions.
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Figure 13: Prophet forecast for 1 star rating (LA)
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Figure 14: Prophet forecast for 2 star rating (LA)
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Figure 15: Prophet forecast for 3 star rating (LA)
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Figure 16: Prophet forecast for 4 star rating (LA)
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Figure 17: Prophet forecast for 5 star rating (LA)
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Figure 18: Prophet forecast for 1 star rating (NYC)
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Figure 19: Prophet forecast for 2 star rating (NYC)
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Figure 20: Prophet forecast for 3 star rating (NYC)
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Figure 21: Prophet forecast for 4 star rating (NYC)
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Figure 22: Prophet forecast for 5 star rating (NYC)
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Figure 23: Prophet forecast for "American" group of
business tags (LA)
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Figure 24: Prophet forecast for "Steak" business tag
(LA)
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Figure 25: Prophet forecast for "Cocktail Bars" busi-
ness tag (LA)
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Figure 26: Prophet forecast for "Bars" business tag
(LA)
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Figure 27: Prophet forecast for "Breakfast&Brunch"
business tag (LA)
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Figure 28: Prophet forecast for "New American" busi-
ness tag (LA)
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Figure 29: Prophet forecast for "Traditional American"
business tag (LA)
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Figure 30: Prophet forecast for "Fast Food" group of
business tags (LA)
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Figure 31: Prophet forecast for "Sandwich" business
tag (LA)
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Figure 32: Prophet forecast for "Pizza" business tag
(LA)
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Figure 33: Prophet forecast for "Hot Dog" business tag
(LA)
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Figure 34: Prophet forecast for "Chicken Wings" busi-
ness tag (LA)
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Figure 35: Prophet forecast for "Thai" business tag
(LA)
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Figure 36: Prophet forecast for "Grocery" business tag
(LA)
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Figure 37: Prophet forecast for "Beverages&Desserts"
group of business tags (LA)
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Figure 38: Prophet forecast for "Juice Bars" business
tag (LA)
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Figure 39: Prophet forecast for “Bubble Tea” business
tag (LA)
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Figure 40: Prophet forecast for “Ice Cream” business
tag (LA)
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Figure 41: Prophet forecast for “Desserts” business tag
(LA)
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Figure 42: Prophet forecast for “Bakeries” business
tag(LA)
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Figure 43: Prophet forecast for “Asian&Seafood”
group of business tags (LA)
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Figure 44: Prophet forecast for "Sushi" business tag
(LA)
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Figure 45: Prophet forecast for "Japanese" business tag
(LA)

 True Values (seafood)  Forecast (seafood)

Figure 46: Prophet forecast for "Seafood" business tag
(LA)
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Figure 47: Prophet forecast for "Asian Fusion" busi-
ness tag (LA)
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Figure 48: Prophet forecast for "Korean" business tag
(LA)
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Figure 49: Prophet forecast for "American" group of
business tags (NYC)
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Figure 50: Prophet forecast for "Steak" business tag
(NYC)
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Figure 51: Prophet forecast for "Cocktail Bars" busi-
ness tag (NYC)
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Figure 52: Prophet forecast for "Bars" business tag
(NYC)
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Figure 53: Prophet forecast for "Breakfast&Brunch"
business tag (NYC)
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Figure 54: Prophet forecast for "New American" busi-
ness tag (NYC)
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Figure 55: Prophet forecast for "Traditional American"
business tag (NYC)
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Figure 56: Prophet forecast for "Fast food" group of
business tags (NYC)
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Figure 57: Prophet forecast for "Sandwich" business
tag (NYC)
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Figure 58: Prophet forecast for "Pizza" business tag
(NYC)
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Figure 59: Prophet forecast for "Hot Dog" business tag
(NYC)

Jan 1st
2019

Mar May Jul Sep Nov Jan
2020 Mar May Jul Sep Nov

Dec 31st

Date

0

2

4

6

%
 o

f r
ev

ie
ws chicken_wings

Figure 60: Prophet forecast for "Chicken Wings" busi-
ness tag (NYC)
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Figure 61: Prophet forecast for "Thai" business tag
(NYC)
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Figure 62: Prophet forecast for "Grocery" business tag
(NYC)
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Figure 63: Prophet forecast for Beverages&Desserts
group of business tags (NYC)

Jan 1st
2019

Mar May Jul Sep Nov Jan
2020 Mar May Jul Sep Nov

Dec 31st

Date

2

4

%
 o

f r
ev

ie
ws juicebars

Figure 64: Prophet forecast for "Juice Bars" business
tag (NYC)
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Figure 65: Prophet forecast for "Bubble Tea" business
tag (NYC)
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Figure 66: Prophet forecast for "Ice Cream" business
tag (NYC)
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Figure 67: Prophet forecast for "Desserts" business tag
(NYC)
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Figure 68: Prophet forecast for "Bakeries" business tag
(NYC)
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Figure 69: Prophet forecast for "Asian&Seafood"
group of business tags (NYC)
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Figure 70: Prophet forecast for "Sushi" business tag
(NYC)
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Figure 71: Prophet forecast for "Japanese" business tag
(NYC)
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Figure 72: Prophet forecast for "Seafood" business tag
(NYC)

Jan 1st
2019

Mar May Jul Sep Nov Jan
2020 Mar May Jul Sep Nov

Dec 31st

Date

2

4

%
 o

f r
ev

ie
ws

asianfusion

Figure 73: Prophet forecast for "Asian Fusion" busi-
ness tag (NYC)
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Figure 74: Prophet forecast for "Korean" business tag
(NYC)


