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Using Deep Learning to Determine Time
and Geographic Trends of Sentiments
Towards Covid-19 Vaccine
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Abstract. Vaccine hesitancy is one of the challenges faced in the battle against the
Covid-19 pandemic. Understanding the sentiments of the public regarding Covid-19
vaccine across various locations throughout the pandemic will allow policy makers to
better craft vaccine rollout plans. This paper examines the use of deep learning models
to analyze sentiments towards Covid-19 vaccine using Twitter data to analyze time and
geographic trends. The LSTM model achieved 61% accuracy, the GRU model achieved
60% accuracy, and the simple RNN achieved 48% accuracy. The time graph showed
that the sentiments varied in quantity but generally exhibited the same trend behavior.
The geo map did not show any significant information, due to the lack of location data,
for trend analysis to reliable conducted.

Keywords; Covid-19 vaccine; deep learning; geographic trend; sentiment analysis;
time trend

1. Introduction

Covid-19 was most urgent public health issue in 2020 [1]. As vaccines were already
available, the next challenge is to attain herd immunity by mass vaccination [2].
Understanding the sentiments of the public over time and location will allow
governments to better understand the vaccine hesitancy situation and craft a more
effective vaccine rollout plan [1]. Sentiment analysis on health-related issues is not new
[3]. Machine learning approaches has been used for sentiment analysis [4]. Deep
learning is a subset of Machine Learning narrowed towards artificial neural networks
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[5]. This paper aims to perform model development and model operationalization to
analyze time trends and geographic trends towards Covid-19vaccine.

2. Review of Related Literature

Sentiment Analysis (SA) is the field of study that analyzes feelings, sentiments,
emotions, and other semantics towards various entities using textual data [3][6].
Sentiment analysis requires a huge amount of data. It is just recently with the booming
of the Internet that volumes of opinionated data became available allowing for
flourishing of research in sentiment analysis [6]. Sentiment analysis is often tackled
using a lexicon-based approach, machine-learning (ML) based approach, or a
combination of both [7]. Several studies have found that ML-based approaches
performed better than lexicon-based approaches [7].

Deep Learning architecture is the application of machine learning algorithms that use
neural network [9]. Deep learning models require more training data and computing
power compared to traditional learning models [5]. Recurrent Neural Networks (RNNs)
are neural networks that can model inputs as sequences adding a time dimension [9][5].
For this reason, RNNs are suitable for sequential data such as speech, videos, music, etc.

[9].

Even before Covid-19, research on sentiments and outlook towards vaccines have
already been conducted [4][10][11]. While sentiment analysis is a saturated field in a lot
of topics, there has not been much work that tackles Covid-19 related sentiments in the
Philippine context [12][13][14]. M. B. Garcia [13] analyzed the sentiment of Manila-
based Twitter users toward Covid-19 using a lexicon-based approach [13]. Delizo et al.

[12] utilized a multinomial naive bayes classifier and conducted sentiment analysis
to classify Covid-19 tweets from January 2020 to March 2020. Villavicencio et al. [14]
conducted a sentiment analysis towards Covid-19 vaccines of Twitter users in the
Philippines using tweets from March 1, 2021, to March 31, 2021 in the Philippines.

3. Methodology

The study was composed of seven (7) phases: Data Collection, Data Annotation,
Exploratory Data Analysis, Data Preprocessing, Model Training and Development,
Model Operationalization, and Trend Analysis.

Twitter tweets were used as the data of this study. Data was filtered from January 1,
2020, to December 31, 2022 for a total of 1,096 days. In collecting tweets, a loop-
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scraping strategy was employed. Various hashtags such as #covidvaccineph,
#WeHealAsOnePH, #CovidHoax, and others were used to search for relevant Covid-19
vaccination tweets. A random sample of 10,000 tweets was manually annotated for
model development as positive, neutral, or negative, and the rest is left as operational
data. Exploratory Data Analysis using graphs and word cloud was done to check for any
potential problem in the data for model development.

Data preprocessing was composed of data cleaning and word embedding generation.
Data Cleaning was done using Natural Language Toolkit (NLTK) Python library [16].
The embeddings were generated using the word2vec algorithm by Mikolov et al. [15].

The deep learning models used were Simple Recurrent Neural Network (RNN), Long
Short-Term Memory (LSTM), and Gated Recurrent Unit (GRU). The same architecture
was utilized for all three models. Repeated architecture trial and testing was done to find
the best architecture. Hyperparameters were tuned through repetitive testing. The
performance metrices used were accuracy, precision, and recall.

After model development, the operational data was fed to the models. All three
models were used in the operationalization and a voting method was used to determine
the final sentiment classification. The voting power of the model was determined by
their validation accuracy. After classification of operational data, these were subjected
to trend analysis using a time graph and a geomap.

4. Results and Discussion

The findings of this study are primarily divided into three (3) sections: (A) Data
Collection, Processing, and Analysis, (B) Model Development, and (C)
Operationalization of Model and Trend Analysis.

A. Data Collection, Processing, and Analysis

After duplicate removal, language filtering, and location validation, a total of 12,794
tweets has been collected for model data development and model operationalization. A
random sample of 10,000 tweets was selected from the 12,794 for manual annotation.
From the sample, 1,597 tweets were given negative labels, 2,814 negative labels, and
5,589 were given positive labels. To address this data imbalance, oversampling using
the SMOTE was done [17].

Fig. 1 shows the word cloud for negative, neutral, and positive sentiments. Generally,
Covid-related terminologies such as “covid19”, “vaccine” and others were common
across sentiment classes. It, however, was difficult to look for prominent terms that
semantically differentiate the sentiment class (e.g. keywords present in positive classes
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that were not in negative classes). The differentiating terms were less prominent as seen
in the word clouds. This characteristic of the dataset may have also made it difficult for
the model to learn differentiating features.
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Figure 1. Work Cloud of Sentiments

In the word cloud for negative sentiments (Fig. la), the terms that marked the
sentiment as negative included the terms “side effect”, “vaccine hesitancy”, and “halt
covid”, which were not prominent in the word cloud. The neutral sentiment word cloud
(Fig. 1b) contained prominent terms such as “region”, “recovery”, and “case active”.
Skimming through the neutral sentiments would show that these are often informational
tweets such as recovery rate for that date, the number of active Covid cases in the region,
and other news tweets. The word cloud for positive sentiments (Fig. 1¢) showed pro-

”»”

vaccine terms such as “bidabakunation”, “resbakuna”, and “bidasoluyon”.

B. Model Development

The manually annotated data composed of 10,000 tweets were preprocessed in
preparation for use in model development. Word embeddings were generated from the
entire corpus of tokens using the word2vec algorithm with an embedding dimension of
150. The max number of tokens found in the longest sequence was 52 tokens. An epoch
size of 30 with a batch size of 128 garnered the most optimal results. The adam optimizer
was used. The categorical cross entropy function was used for the loss function.

In terms of accuracy, the LSTM (accuracy =0.61) scored the highest followed closely
by the GRU (accuracy=0.60). The Simple RNN (accuracy=0.48) scored lowest. In terms
of precision, the LSTM (precision=0.67) and GRU (precision=0.67) generally started
high and achieved the same power. Although the Simple RNN (precision=0.78)
achieved the highest precision, it was fluctuating throughout the training. The trend that
LSTM and GRUs performed better than simple RNN was consistent with literature [19].
The models performed subpar in comparison to other deep learning models in the
literature [8] and other machine learning models[7].

Overall, the models did not perform well enough for practical applications. This
could be attributed to poor data quality. As already observed in 4.A, distinguishing terms
were not prominent across the sentiments. This made it difficult for models to learn
patterns that could be generalized for classification purposes. The abundance of Filipino
stopwords was also a potential cause of this. While model architecture plays a significant
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role in a model’s prediction power, the model architecture used in this study was fairly
deep with three (3) hidden layers, and even other studies with shallower networks but
had quality data had produced more powerful models[18].

C. Operationalization of Model and Trend Analysis

After model development, the models were operationalized to classify the sentiments
of the data that was not manually annotated for training. The 2,794 model-annotated data
was then used for the generation of the time graph and geo map. The positive class had
the highest count of 1,685 (60.31%). The negative class had a count of 847 (30.31%).
The neutral class had a count of 262(9.38%).

Fig. 2 shows the time graph generated from the model-annotated data. The time
graph had a count peaking at around 37 and a date range from January 1, 2021 until
August 2022. The peak count of 37 tweets for a particular day was relatively small
considering the popularity of Twitter and how hot the Covid-19 vaccine topic was. This
could be easily explained by the small size of the operationalized data. Hence, it was
expected that if the training data was plotted as well, a higher frequency count may be
observed across all dates. Additionally, it was possible that some tweets during the later
part of the dataset’s entire date range (e.g. tweets on December 2022) were included in
the training data and not in the operationalized data, which was why there were no data
points for this date range in the time graph. This possibility helped explain why the
generated time graph only visualized data points until September of 2022.

Entire Dataset
santiment
—— Posifive
= MNegative
Neutral

Figure 2. Sentiment-Time Graph of Entire Operational Data

It could be seen that the trend was generally similar between positive and negative
sentiments. Although these two classes vary in intensity (i.e. frequency count), the
sudden increase of one was almost immediately preceded or followed by the sudden
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increase in the other. The same trend was for decreases in intensity. The neutral
sentiment, however, showed a more consistent and stable trend throughout. This was
because these sentiments were from tweets that were often news updates (e.g. number
of covid cases, recovery rate), which was why these were consistent relative to dates.

Although there were unusually high increases at times, this was attributed to events
that resulted in more news articles (e.g. arrival of vaccines, approval of newly developed
vaccines). The general trend across all the sentiments was generally invariant, which
meant that the frequency may be correlated to external real-life events. This was
supported by the observed trend of neutral sentiments, which was consistent with how
news updates were posted.

Fig. 3 shows the geo map generated from the model-annotated data. The geo map
shows a small amount of data points. This could be attributed to the lack of location
information of some tweets. The clustering of data points in some areas only and severe
lack of data points in others emphasized that sentiments in some areas were not
represented, or just simply non-existent. There was a greater cluster of sentiments in the
NCR area and much less in the Visayas and Mindanao areas. For sentiments across
classes, the geographic trend was essentially non-existent. This was attributed to the
small number of data points, which also restricted the level of trend analysis done.

Figure 3. Sentiment-Geo Map of Operational Data

In terms of sentiments across classes, the geographic trend was essentially non-
existent in the dataset. This was attributed to the small number of data points, which
restricted the level of trend analysis that could be done. It, however, could already be
observed that except for a few outliers, that in places where positive sentiments were
plotted, there were also negative sentiments exactly or near these places. More data
points were necessary to verify if this was really a trend or merely a fluke. A geo map
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across a certain time range to see both time and geographic trends at the same time may
be explored in future works.

5. Conclusion and Future Works

The study was able to develop and operationalize regular RNN, LSTM, and GRU for
Sentiment Analysis towards Covid-19 vaccine using Twitter data and analyze time and
geographic trends. The performance of the model was generally poor. The poor
performance of the models was attributed to the poor quality of data. The model-
classified sentiments were used as data points for plotting a time graph and a geo map.
The time graph showed that trends across classes were generally similar with the
quantity varying relative to real life events. The geo map, however, did not exhibit any
reliable trend due to the lack of data points but generally showed an imbalanced
distribution of data points across Philippine geography.

Future works could address the same goals of analyzing time and geographic trends
but utilize better quality data or pre-trained models. The result of this study reemphasizes
the importance of quality data for deep learningtasks.
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