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ABSTRACT
Green Street’s wide variety of restaurants and cafes is an
integral part of student life at the University of Illinois at
Urbana-Champaign. Known as the “Heart of Campustown”,
these establishments provide an important cultural and
social hub for students, faculty, and residents. We intend to
conduct sentiment analysis of the Yelp reviews for multiple
major restaurants on this historical street. We will analyze
online reviews over time periods to determine how students
and food enthusiasts perceive these restaurants. Through
this evaluation, we can see how the reception of these
various eateries has changed over the past decade.

INTRODUCTION
We split this project into three major areas: the retrieval of
Yelp reviews from online databases, the sentiment analysis
per time period for each restaurant’s reviews, and statistical
analysis to develop graphs on how students feel overall
about the restaurants. Our research on the following major
topics guided us throughout the project.

To gather an understanding of the different methods behind
sentiment analysis, we reviewed multiple pieces of literature
and narrowed down which techniques to focus on. Taboada
defines the term sentiment as “positive or negative
evaluation expressed through language” [2]. Sentiment
analysis has a variety of applications, including determining
whether an online review has a positive connotation or a
negative one. A research study by Liu compared the
efficiency of several sentiment analysis tools and processes
on Yelp reviews [3]. They found that using a binary
bag-of-words representation with the addition of bi-grams
had positive effects on the performance of their analysis
models. A binary bag-of-words model records the number of
occurrences of each bag that is created for each term
without accounting for order or grammar [4]. It allows us to
add “meaning” to each term that is used for extra
parameters. Using bi-grams involves taking two consecutive
terms as a pair for each term of the vocabulary to construct
the bag of words.

Furthermore, the imposition of minimum frequency
constraints and text normalization has positive effects.
Minimum frequency constraints allow us to filter out terms
that may not hold significant semantic meaning in our
analysis and improve the robustness of the model. Text
normalization involves modifying the texts to account for
casing, tokenization, stop words, and other parameters. We
intend to implement these four techniques in our project to
improve the efficiency of our model.

DESCRIPTION
The intended goal of our project is to utilize Yelp reviews to
gauge the popularity of restaurants on Green Street using a
variety of methods. The first of these methods will be to
illustrate the overall sentiment of restaurants relative to
each other over given time segments using a graph.
Additionally, we aim to produce a ranking of the current
favorite and most-disliked restaurants. Lastly, we intend to
articulate, with reasonable precision, whether each of the
group members’ favorite restaurants is similarly viewed with
respect to sentiment by the data we scraped as a fun
addition to the project.

ACTIVITES
1. Decide which Campustown restaurants to include in our
sentiment analysis (2 hours)

2. Create a web scraping algorithm to glean data from Yelp
reviews for relevant restaurants (13 hours)

3. Remove irrelevant reviews from data to perform data
cleaning (5 hours)

4. Label data required for training (10 hours)

5. Decide which sentiment analysis techniques to use (5
hours)

6. Utilize sentiment analysis techniques to ascertain
positive, neutral, and negative sentiments for relevant
reviews (15 hours)

7. Use generated sentiment analysis to produce the
above-described graph and ranking (3 hours)



8. Produce a final report (2 hours)

TASK
We will create a script that web scrapes and/or utilizes APIs
to access data from Google Reviews and Yelp to download
reviews of a list of restaurants (that we will predefine) over
multiple years. We will analyze each downloaded review
and take the average of each restaurant’s sentiments (0 for
purely negative through 1 for purely positive) for each year.
We will utilize these yearly averages of each restaurant to
construct a line plot that explains the trend in sentiments.

DATA
We utilized two different datasets during this project: one for
the testing of five different models and one for the
evaluation of our actual project. To understand why we
needed two models, we need to look at Yelp’s GraphQL
API documentation [5]. For this project, we have identified
12 restaurants on Green Street for which we were
interested in understanding peoples’ sentiments towards
them over time. Ideally, we would pull a high number of
reviews from each of the restaurants and get an
understanding of sentiments over the years. The data is
available and as Figure 1 shows, there is a lot of data at our
disposal.

Figure 1

However, because Yelp API is still in its beta stage, we are
limited to only the first three reviews on each restaurant's
Yelp page. This severely limits our ability in trying to
understand Champaign’s sentiments towards these
restaurants over the years. However, our code still shows
sentiments over a couple of months and when the API limits
increase, we would only have to re-run the code as is to get
all the data.

The other option we considered was to use a web scraper
to parse through each restaurant’s Yelp page and pull the
necessary data for each review. However, we faced trouble
as Yelp’s website isn’t very standard. It also becomes
increasingly difficult to parse because there is no standard

reviews page that shows all the data we need in a clear,
easy, parsable format.

Therefore, as shown in Figure 2, we are left with these 12
restaurants and we have been able to pull three reviews for
each restaurant using GraphQL queries for each restaurant,
leaving us with a dataset of 36 documents that we will later
use after selecting our model.

Figure 2

For the model selection, we needed a bigger dataset that
would allow us to both fine-train and test the model. We
could then use our chosen metrics on these models and
evaluate which specific model to use on our own Yelp
dataset. On Kaggle [1], we found a dataset of yelp-reviews
already labeled using positive and negative. The test set
included 38000 documents, of which we used 10000
documents. As explained later, we pulled pre-trained
models from the internet and then tested their accuracies
using the test set. We pulled the data using a simple system
command ‘kaggle datasets download -d hhalalwi/yelp-light
--unzip’. This command downloads three files. For our
purposes, we only used the “raw_train.csv” file.

In total, pulling all the Yelp data we needed using GraphQL
requests took about 2 minutes and the Kaggle command
took 4 seconds.

MODEL
For this project, we tested five different models among
which one was utilized on our own dataset to produce the
analysis we set out in the first place. We used NLTK’s
VADER (Valence Aware Dictionary and sEntiment
Reasoner) module and four HuggingFace models:

● distilbert-base-uncased
● gilf/english-yelp-sentiment
● rachtxxy/finetuning-sentiment-yelp-reviews



● mrcaelumn/yelp_restaurant_review_sentiment_an
alysis

It is important to note that each of these models have
already been trained using yelp review data. But, we still
need to test each of the models to select the one that would
perform best for our analysis. We used four different metrics
(F1 score, accuracy, precision, and recall) to determine the
best-performing model. For the actual metric calculations,
we used scikit-learn’s premade functions (the y_true input
was taken from the CSV file and the y_pred input was just
the output from each of the models). As shown in Figure 3,
the best model according to every metric we used was the
“gilf/english-yelp-sentiment” model. Choosing this specific
model was very easy as the only metric that it didn’t perform
the best in was recall.

Figure 3

ANALYSIS
After choosing the model, we proceeded with our own
analysis of the Yelp data. First, we created a simple plot that
used the “star-rating” of every review as opposed to
anything text related. This was simply a way to provide a
baseline for further analysis. Figure 4 displays the ratings of
every restaurant over time.

Figure 4

Next, we used the sentiment values from the model and
plotted them over a time period of 2 years for each
restaurant, as shown in Figure 5. There are some notable
trends we can infer from this graph. First, we can see a dip
in sentiments towards Mia Za’s during September 2023,
which was right around the time when they came under fire

for hygiene issues. We can also see that Signature Grill has
been on the rise which could be attributed to their release of
new specials this year. Finally, we can see Forage Kitchen
has had an overall decline in sentiment which could be
attributed to the general demand for a vegan-friendly
restaurant on Green Street possibly declining over time.

Figure 5
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