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Our project uses natural language processing to analyze large groups of texts for the
sentiment. When given a large sample of texts, a prediction of general sentiment is helpful in
predicting the popular opinion of a prompt. Using the Python programming languages and the
spaCy library, we were able to train a neural network by interfacing the spaCy library to learn
from a sample of many polarized reviews from the Stanford Very Large Movie Review Dataset
used to train natural language processing Al’s for similar tasks. We then evaluated the predicted
(by the AI) score of responses collected from a poll to evaluate the effectiveness of the neural
network. We would then go through the data ourselves and evaluate them based on their
sentiment. Our goal was to check how effective the model was, checking responses based on
how we would evaluate them. We would also nullify repeat answers, answers that didn’t have an
opinion, and random strings that were imputed. After training our model with 20 thousand
polarized reviews, we would test the responses obtained from the poll. We were working with
CSV files and Pandas to easily check and add new data to a CSV that we would generate. After
we personally evaluate the data, we would run our model on it and check how many were correct

on the basis of our evaluations.

Project Statement:

For college and class essays, as well as reflections on specific topics, reading and
interpreting essays can be time-consuming. We were wondering if there was an easy and
effective way to get the tone or sentiment to an answer to a question. This could be used to gauge

a class's opinion on a certain subject without wasting a minute of the teacher’s time.



Description:

We used an NLP (Natural Language Processing) Library, spaCy, that specializes in
production-ready products and is good at evaluating large sets of samples. Since the quality of
written text can vary, the use of a neural network is necessary. Our code would read in all the
data that we obtained from the Movie Dataset and divide it up into a training and testing dataset.
We would divide it up with the ratio of 4/1, so roughly 80% of the specified data was used for
training while the rest or 20% was used for testing. The list of entries would also have a label
that categorized it as either positive or negative. Right before we divided up the data, it was
important to set the seed to 0 because the results were worse without it.

In the spaCy library, we would set up our pipes or classifiers as the text categorizer while
removing all other pipes and adding positive and negative as the labels used. As we updated the
model with the data, we would also test it by checking for true positives, false positives, true
negatives, and false negatives to display the precision, recall, and f-score. These are used in
addition to the loss to tell us how well the model is performing with the data as it goes through
the training. After it is done training, it generates the model artifact file that we would reuse to
evaluate different pieces of writing.

The neural network that we used for the project was CNN (Convolutional Neural
Network) which is a commonly used neural network for natural language processing. The neural
network was implemented in the spaCy library, so we did not have to build a neural network
from the ground up to process the data.

The responses were responses collected from a Google Form which asked two questions.
One was “What is your opinion on expanding federally implemented universal health care?”, this

question was intended to be the more complicated question that would elicit a more nuanced



response. The other was “What are your thoughts on pineapple on pizza?”” which is a very simple
yes or no question, do they like it or do they not, that the writer could express in any way, shape
or form. The responses were sourced with the help of our computer science teacher Mrs. Yolanda
Lozano, who was nice enough to send our form around to both her students and other staff
members in La Cueva High School to respond to.

Then we would take the responses in the form of a CSV file and use Pandas to evaluate
them right in a duplicate of the file. We first would have to evaluate the writing ourselves and
then let the model evaluate it. We personally would add two columns with our opinions and then
let the script add two columns that would be the results of the model. The program would go
through each entry and analyze them and evaluate them, and put that information into the results
column. Pandas were really helpful because we could specify how it would read in the CSV file
and how it would spit it out. At the end of the process, we would have a test output with our own

evaluations on it.

Verifying Model:

To verify the capabilities of our model, we, as previously said, evaluated the responses
ourselves. To be more specific, we looked at the responses to see if they were positive or
negative and specifically addressing situations where they were displayed as such. With the
Google Form, we got a lot of repeated entries and responses that weren’t direct answers to the
question. Answers that were neutral were thrown out because we wanted to test in accordance
with an actual class or college essay where you would have to state your claim on a subject. We

also had to get rid of some answers because they were random strings of numbers that didn’t



occur often. So to address those responses, we put N/A in our evaluation columns for the
affected responses.

To score our model, we went through each response and compared it to our evaluations.
Results that were in accordance with our Evaluations would get one point out of the number of
responses, and N/A evaluations would decrease the number the score was out of—not giving it a
point and decreasing the number of testable responses to make sure that we had the model

analyzing the ones we wanted to be analyzed. The program would then give us a score of the

different questions.

Results:

Examples of CSV Data, 3 out of 121 entries:

Health Care | Pineapple on | Q1 Q2 Q1 Model Q2 Model

Question pizza Evaluation Evaluation Result result
Question

I am in favor | I throughly Positive Positive Negative Positive

for expanding | enjoy

universal pineapple

healthcare. pizza

I approve Disgusting Positive Negative Positive Negative

I support Pineapple is | Positive Positive Positive Positive

federally good on

implemented | pizza.

universal

health care,

people have a

right to be

able to

survive.

Results: Question 1: 63/108 Question 2: 73/99




These were the scores when comparing the results from the model to what we evaluated. We had
to get rid of repeated answers, answers that didn’t have an opinion, and random strings that were

imputed.



training
Loss Precision Recall F-score

Time: hours minutes . seconds

sentiment: Positive Score:
test text:
This movie is the greatest movie I have ever seen. It was better than all the other movies which I
have seen.

sentiment: Positive Score:
test text:
I really just thought this movie was bad. It was the worst movie I have ever seen!

sentiment: Negative  Score:
test text:
This move was okay. I didn't love it, but I also didn't hate it. Pretty mediocre.

sentiment: Negative Score:
Question 1: Question 2:




Conclusions:

After analyzing our output, we came to several conclusions. First of all, our results were

decent with the limitations of the questions we asked. The first question, in particular, could go
multiple different ways. In a lot of different cases we saw when people tried to elaborate the pros
and cons of the subject, the model would guess the sentiment of which one the person focused
on, which could be the opposite from what the person was thinking. The second question pointed
out the shortcomings of our model, with some simple questions being deemed negative when
they actually weren’t. Overall the model proved to be more effective than evaluating them at
random but still worse than when a human evaluates them. On average, our model was true. The
shortcomings of the project could come in different forms. It could be the lack of data that we
could find for this specific task (It was relatively good at evaluating reviews) or our inability to
train with datasets that were several times larger. For the most part, it would struggle with the
more developed (in addition to the grammatically and spelling error filled) responses and would
breeze through the simple answers with, of course, a few hiccups along the way.

Looking back at the initial question of how effective this method is, shows that it is
definitely possible to do it with a pretty good efficacy rating, which means that getting a gist of
the class opinion is definitely possible, but it might be a little harder for scoring essays.
Advanced customizations to the neural network provided by spaCy would most likely aid in
language processing and could lead to more refined/developed results. Nonetheless, our model
could be a useful item in a teacher’s toolbox for quickly determining an estimate of how many
people were in favor of one choice (a type of assignment for example) without directly posing

the question or in an open ended response.



Achievements:

For both of us, learning more about neural networks and machine learning is an
achievement in itself. We are also proud of the fact that we could train a model that was
relatively effective in evaluating sentiment. We understand in a lot of different cases, it’s hard for
the computer to make sense of its surroundings and understand the difference between subtle
differences in written language that can even be hard for people to easily understand. With the
neural network that was provided by the library, we were able to achieve generally good results,
but in future projects we would like to learn more about neural networks. Nonetheless, the
effectiveness of the model was an accomplishment as we had no experience with neural

networks or natural language processing before beginning this project.

Recommendations:

Initially we had to narrow our research from plagiarism and mindset to just mindset

because plagiarism detectors are quite common and it isn’t worth it to reinvent the wheel.



Resources:

spaCy - The Natural Language Processing Tool that was used to train and use a language model.
Anaconda - The python data science kit that we used that had all the necessary tools for us.
VScode - Edward’s Preferred Text Editor

Spyder - Joel’s Preferred Text Editor

Real Python. (2020, November 26). Use Sentiment Analysis With Python to Classify Movie

Reviews. Retrieved December 10, 2020, from https://realpython.com/sentiment-analysis-python/

Grayson, Siobhan, et al. “Novel2Vec: Characterising 19th Century Fiction via Word
Embeddings.” Academia.edu, University College Dublin,

www.academia.edu/33141616/Novel2Vec_Characterising_19th_Century Fiction_via Word Em
beddings.

Maas, A. (n.d.). Large movie review dataset. Retrieved April 11, 2021, fro
https://ai.stanford.edu/~amaas/data/sentiment/

Install spacy - spacy usage documentation. (n.d.). Retrieved April 11, 2021, from
https://spacy.io/usage
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