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Abstract. Epidemic disease prediction is a critical area of research that has 

garnered increasing attention in recent years, particularly in the wake of the 

COVID-19 pandemic. One promising avenue for predicting the spread of 

diseases is through the analysis of social media data, such as Twitter. 

Machine learning (ML) techniques can be applied to Twitter data to identify 

patterns and trends that may be indicative of an emerging epidemic. For 

example, natural language processing (NLP) techniques can be used to 

analyze the language used in tweets to identify keywords and phrases that 

are commonly associated with a particular disease. Additionally, sentiment 

analysis can be used to assess the overall mood of the Twitter community, 

which can be a useful predictor of disease outbreaks. By combining these 

techniques with real-world data on disease incidence and other relevant 

factors, it may be possible to develop highly accurate models for predicting 

the spread of epidemic diseases, which could have important implications 

for public health policy and emergency response planning.  

1 Introduction 

Machine learning has revolutionized many industries, including healthcare, and has the 

potential to transform the way we diagnose and treat diseases. The ability to predict diseases 

accurately can help healthcare professionals take proactive steps to prevent or treat the 

disease early, resulting in better health outcomes for patients. 

Deep learning is a subset of machine learning that uses artificial neural networks with 

multiple layers to learn and extract hierarchical representations of data. This technique has 

revolutionized the field of artificial intelligence by enabling computers to perform complex 

tasks that were previously only possible for humans. 

One of the most significant applications of deep learning in modern times is in the field of 

image and speech recognition. Deep learning algorithms can identify objects and recognize 

speech with a high degree of accuracy, which has led to the development of products such as 

voice assistants, facial recognition systems, and self-driving cars. 

Deep learning has also been applied to healthcare, where it is used to predict diseases, analyze 

medical images, and develop personalized treatment plans. In finance, deep learning is used 

 
* Nikhil Potnis: nikhilshilpa29@gmail.com 

© The Authors, published by EDP Sciences. This is an open access article distributed under the terms of the Creative Commons 

Attribution License 4.0 (https://creativecommons.org/licenses/by/4.0/).

ITM Web of Conferences 57, 01004 (2023)
ICAECT 2023

https://doi.org/10.1051/itmconf/20235701004

mailto:nikhilshilpa29@gmail.com


to analyze data and predict market trends, while in the field of natural language processing, 

it is used for language translation and sentiment analysis. Overall, deep learning has made 

significant contributions to a wide range of fields and has the potential to transform many 

aspects of our lives in the future. 

Disease prediction is a crucial aspect of healthcare.[1] Early detection and diagnosis of 

diseases can significantly improve patient outcomes by allowing for timely intervention and 

treatment. For instance, early detection of cancer can increase the chances of successful 

treatment and reduce the likelihood of the cancer spreading to other parts of the body.[2] 

In addition, disease prediction can help prevent the onset of diseases by identifying 

individuals who are at high risk. For example, predicting the risk of developing type 2 

diabetes can help individuals make lifestyle changes to reduce their risk of developing the 

disease.[3] 

 

2 Literature Survey 

Shrikant Tiwari et al. (2023) study the usage of Machine learning  algorithms in COVID-19 

inquiry and other procedures. The major goals of the paper were Examining the impact of 

the data type and data nature, as well as obstacles in data processing for COVID-19. 2) Better 

grasp the importance of intelligent approaches like ML for the COVID-19 pandemic. 3) The 

development of improved ML algorithms and types of ML for COVID-19 prognosis. 4) 

Examining the effectiveness and influence of various strategies in COVID-19 pandemic. 5) 

To target on certain potential issues in COVID-19 diagnosis in order to motivate academics 

to innovate and expand their knowledge and research into additional COVID-19-affected 

industries.[1] 

The authors proposed early warning system for COVID-19 using twitter data. They 

implemented a COVID-19 forecasting model through a Twitter-based linear regression 

model to detect early signs of the COVID-19 outbreak.[2] 

Ahuja and authors used a deep learning-based model to detect COVID-19 cases on Twitter. 

The model was trained on a large dataset of tweets and achieved high accuracy in detecting 

COVID-19 cases.[3] 

The authors used a machine learning approach to predict the spread of infectious diseases on 

social media. The authors used a dataset of tweets related to the Zika virus and developed a 

prediction model using a combination of text analysis and network analysis.[4] 

The authors researched  used Twitter datasets to explore user sentiment from the COVID-19 

perspective. They focused on exploiting machine learning (ML), and deep learning (DL) 

approaches to classify user sentiments regarding COVID-19. [5] 

The authors proposed a machine learning-based approach to predict the Zika virus outbreak 

using Twitter data. The authors used a combination of text analysis and network analysis to 

develop their prediction model.[6] 

The authors proposed a real-time prediction model for infectious disease outbreaks using 

social media data and machine learning. The authors used Twitter data to predict the spread 

of influenza in real-time and achieved high accuracy in their predictions [7] 

In [8]  the authors applied a mathematical epidemic model (MEM), statistical model, and 

recurrent neural network (RNN) variants to forecast the cumulative confirmed cases. They 

proposed a reproducible framework for RNN variants that addressed the stochastic nature of 

RNN variants leveraging z-score outlier detection.  

The authors collect the data from Twitter in the Arabic language related to the spread of 

influenza using many Arabic keywords. Then, they applied several machine learning 

algorithms. They also found the correlation between the collected tweets and the reports 

collected from the World Health Organization website.[9] 
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The authors aimed to depict whether it is possible to predict infectious disease outbreaks 

early, by using machine learning. This study was carried out following the guidelines of the 

Cochrane Collaboration and the meta-analysis of observational studies in epidemiology and 

the preferred reporting items for systematic reviews and meta-analyses.[10] 

The main purpose of this research is to illustrate the use of ML, DL, and mathematical models 

that can be helpful for the researchers to generate valuable solutions for higher authorities 

and the healthcare industry to reduce the impact of this epidemic. [11] 

The authors presented an Artificial Intelligence (AI)-based meta-analysis to predict the trend 

of epidemic Covid-19 over the world. The powerful machine learning algorithms namely 

Naïve Bayes, Support Vector Machine (SVM) and Linear Regression were applied on real 

time-series dataset, which holds the global record of confirmed, recovered, deaths and active 

cases of Covid-19 outbreak. Statistical analysis has also been conducted to present various 

facts regarding Covid-19. [12] 

The authors attempted to incorporate the public discourse in the design of forecasting models 

particularly targeted for the steep-hill region of an ongoing wave. They proposed a sentiment-

involved topic-based latent variables search methodology for designing forecasting models 

from publicly available Twitter conversations. [13] 

The authors conducted a mathematical and numerical analyses based on closed-loop 

decisions for COVID-19. The Susceptible, Infectious, and Recovered (SIR) model was 

analyzed using a machine learning model to estimate the optimal constant parameters, which 

are the recovery and infection rates of the coupled nonlinear differential equations that govern 

the epidemic model [14] 

The authors studied and  investigated the transmission pathways of SARS-CoV-2 in the 

environment and provides current updates on the surveillance of viral outbreaks using WBE, 

viral air sampling, and AI. They framework based on an ensemble of ML and DL algorithms 

to provide a beneficial supportive tool for decision makers [15] 

3  Methodology  

Machine learning algorithms used for disease prediction are often considered as "black 

boxes" due to their lack of interpretability. Understanding the reasons behind the predictions 

made by these models is crucial for healthcare professionals to make informed decisions. 

There is a need to develop more interpretable models to improve their adoption in clinical 

practice.[4] 

Also training the model on one dataset that is from one data source like Twitter and then 

using some other datasets like from YouTube or LinkedIn to verify the output of the model, 

check whether it can predict the data accurately[5] 

3.1 Material  

The dataset used is generated using Tweepy library. It is a set of tweets from twitter which 

are based on diseases. The authors used hashtags like covid19 , zika, malaria, to generate the 

tweets.  

Another dataset used for the analysis was YouTube comments dataset from Kaggle. The 

dataset contains comments on YouTube videos, and are then labelled as either zero for 

negative, one for neutral and two for positive. 
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3.2 Material  

The figure below indicates the methodology used by the authors to gather the results for this 

research.  

 
Fig. 1. Visual display of methodology used 

 

The following steps were taken to perform the necessary implementation by the authors. 

• Using twitter API, the required tweets were extracted. 

• The hashtags used for extracting tweets included covid19, malaria, zika, cholera. 

• To pre-process the tweets, NLTK (Natural Language Toolkit) library was used. For pre-

processing following steps were used -  

o Removing URL 

o Removing HTML tags 

o Removing punctuation 

o Removing any unnecessary tags 

o Lemmatizing  

• On pre-processing, the necessary features were selected and then the text was labelled. 

It was labelled as either – positive, negative, or neutral. 

• Machine Learning models like Decision Tree, Naïve Bayes, Support Vector Machine,  

were applied. 

• The accuracy achieved from these models is recorded for comparison purpose.  

• Another dataset based on similar terms, was trained using the above-mentioned models 

and its accuracy was also recorded. 

• Accuracy from both the datasets for Machine Learning models was compared. 
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4 Results and Discussion  

As the unstructured data is converted into a supervised learning process, it is important to see 

the distribution and the counts of the different classes in the dataset. Let us now see how the 

distribution of the different classes belonging to the tweets is: 

 

• Positive tweets –  

Out of the whole set of 1000 tweets, 142 were identified as positive tweets. Which means 

only 14.2% of the whole set of tweets were positive.  

 

 
Fig. 2. Positive Word Cloud 

 

• Negative tweets –  

Out of the whole set of 1000 tweets, 19 tweets were identified as negative tweets. Which 

means only 1.9% of the whole set of tweets were negative.  

 

 
Fig. 3. Negative Word Cloud 

 

 

 

• Neutral tweets –  

Out of the whole set of 1000 tweets, 839 tweets were identified as neutral tweets. Which 

means only 84% of the whole set of tweets were neutral. 
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Fig. 4. Neutral Word Cloud 

 

4.1 Machine Learning on Disease Tweets Dataset 

Once we have cleaned, pre-processed, and labelled the tweets, they are now ready to be 

trained and validated against the various Machine Learning. 

We used the scikit-learn’s TFidfTransformer to arrive at the features to be input to the 

different classifier. The Machine Learning models used by the authors are –  

• Support Vector Machine 

• Naïve Bayes 

• Logistic Regression 

• Random Forest 

• Decision Tree 

 

• Support Vector Machine 

 

Here we have used Linear Support Vector Machine model for training and validating the 

labels made on the tweets.  

 

 
Fig. 5. Performance Matrix for SVC Model 

 

As indicated in the figure above, the model had an accuracy of 94%. Talking about the 

confusion matrix, we tried to find the true positive, true negative, false positive and false 

negative based on each label. 
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In the case of a negative label, the classification model correctly identified 3 true positives 

(cases where it correctly predicted the negative class), and 196 true negatives (cases where it 

correctly predicted the absence of the negative class). It made no false positive predictions 

(incorrectly predicting the negative class) but had 1 false negative (incorrectly predicting the 

positive class). 

For the positive label, the model correctly identified 172 true positives and 15 true 

negatives. It made 16 false positive predictions but had no false negatives. 

Regarding the neutral label, the model correctly identified 12 true positives and 176 true 

negatives. It made no false positive predictions but had 12 false negatives. 

 

• Naïve Bayes 

We used Bernoulli Naïve Bayes model as the second model for training and validation of 

the tweet’s prediction.  

 

 
Fig. 6. Performance Matrix for Naïve Bayes Model 

 

The model had performance accuracy of 80%. For each label, we calculated the confusion 

matrix. 

For the negative label, TP (True Positives) is 0, indicating that the model correctly 

classified zero instances as negative. TN (True Negatives) is 196, meaning the model 

correctly identified 196 instances as negative. FP (False Positives) is 0, indicating that the 

model incorrectly classified zero instances as negative when, they were positive. FN (False 

Negatives) is 4, meaning the model mistakenly classified four instances as negative when, 

they were positive. 

For the positive label, TP is 1, indicating that the model correctly classified one instance 

as positive. TN is 162, meaning the model correctly identified 162 instances as negative. FP 

is 1, indicating that the model incorrectly classified one instance as positive when it was 

negative. FN is 36, meaning the model mistakenly classified 36 instances as negative when, 

they were positive. 

For the neutral label, TP is 158, indicating that the model correctly classified 158 

instances as neutral. TN is 1, meaning the model correctly identified one instance as negative. 

FP is 40, indicating that the model incorrectly classified 40 instances as neutral when they 

were positive or negative. FN is 1, meaning the model mistakenly classified one instance as 

negative when it was neutral. 

 

• Logistic Regression 

Another model used was Logistic Regression. It had performance accuracy of 94% as 

seen from below figure.  
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Fig. 7. Performance Matrix for Logistic Regression Model 

 

For the negative label, the model correctly predicted 3 positive cases and 196 negative 

cases. It generated no false positive cases but failed to identify 12 cases that were negative, 

resulting in false negatives. 

For the positive label, the model correctly predicted 172 positive cases and 15 negative 

cases. However, it generated 13 false positive cases, indicating the presence of the positive 

label when it was not there, and did not identify any false negative cases. 

For the neutral label, the model correctly predicted 12 positive cases and 176 negative 

cases. It generated no false positive cases but failed to identify 12 cases that were neutral, 

resulting in false negatives. 

 

 

• Random Forest 

The performance of random forest algorithm can be visualized from below figure.  

 

 
Fig. 8. Performance Matrix for Random Forest Model 

 

Its accuracy came out as 93%. For each label, we calculated the confusion matrix. 

In the case of negative labels, out of a total of 200 instances, the model correctly identified 

3 true positives (correctly predicted negative cases), 196 true negatives (correctly predicted 

non-negative cases) and had no false positives (incorrectly predicted negative cases). 

However, there was one false negative (incorrectly predicted non-negative case). 

For positive labels, out of a total of 200 instances, the model correctly identified 172 true 

positives (correctly predicted positive cases), 14 true negatives (correctly predicted non-

positive cases) but had 14 false positives (incorrectly predicted positive cases). There were 

no false negatives (incorrectly predicted non-positive cases). 

8

ITM Web of Conferences 57, 01004 (2023)
ICAECT 2023

https://doi.org/10.1051/itmconf/20235701004



Regarding neutral labels, out of a total of 200 instances, the model correctly identified 11 

true positives (correctly predicted neutral cases), 176 true negatives (correctly predicted non-

neutral cases) and had no false positives. However, there were 13 false negatives (incorrectly 

predicted non-neutral cases).  

 

• Decision Tree 

 
Fig. 9. Performance Matrix for Decision Tree Model 

 

The Decision tree model had accuracy of 89%. For the negative label, out of 200 

instances, the model correctly predicted 3 as true negatives (TN), meaning it correctly 

identified them as negative. It incorrectly predicted 1 instance as a false positive (FP), 

indicating a false alarm. Moreover, the model failed to identify 1 instance as a false negative 

(FN), meaning it missed detecting a negative case. 

For the positive label, out of 209 instances, the model correctly predicted 158 as true 

positives (TP), accurately identifying them as positive. However, it incorrectly predicted 8 

instances as false positives (FP), indicating it incorrectly labelled them as positive. 

Additionally, the model failed to identify 14 instances as false negatives (FN), missing them 

as positive cases. 

Regarding the neutral label, out of 200 instances, the model correctly predicted 17 as true 

positives (TP), correctly identifying them as neutral. It correctly classified 163 instances as 

true negatives (TN), accurately recognizing them as non-neutral. However, it incorrectly 

predicted 13 instances as false positives (FP) and failed to identify 7 instances as false 

negatives (FN) within the neutral label. 

 

 
Fig. 10. Accuracy of all Machine Learning Models 

 

In the context of machine learning, accuracy is a metric that measures the overall correctness 

of a classification model's predictions. It represents the percentage of correctly classified 

instances compared to the total number of instances in the dataset. Based on the provided 

accuracies, the decision tree model achieved an accuracy of 89%, indicating that it correctly 

classified 89% of the instances. The Bernoulli Naive Bayes model achieved an accuracy of 

80%, implying that it accurately predicted 80% of the instances. The random forest model 
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achieved an accuracy of 92%, suggesting that it correctly classified 92% of the instances. The 

linear support vector machine model and the logistic regression model both achieved an 

accuracy of 94%, indicating that they both accurately classified 94% of the instances. Higher 

accuracy values generally indicate better performance, but it's important to consider other 

evaluation metrics and domain-specific requirements when choosing the most suitable 

model. 

 

4.2 Results on YouTube Comments dataset 

The dataset used is YouTube comments data. The dataset is pre-processed using the same 

procedure as done for the twitter dataset. The following results were achieved when Machine 

Learning models were trained and tested on the dataset. 

 

• Support Vector Machine  

The model had an overall accuracy of 62%. We can say that it was able to predict the true 

negatives i.e., predicted the absence of the negative labels correctly.  

• Naïve Bayes 

The model had an overall accuracy of 62%. Its performance was like the SVM model. 

Logistic Regression 

The model had an overall accuracy of 62%. Its performance was like the SVM model.  

• Random Forest 

The model had an overall accuracy of 62%. Its performance was like the SVM model. 

• Decision Tree 

The model had an overall accuracy of 62%. Its performance was like the SVM model.  

Overall, the performance of all the Machine Learning models has been similar in terms of 

accuracy. But for other parameters like precision, recall they are varying. 

 

5 Conclusion 

From the results, it is clearly visible that Machine Learning models had higher accuracy 

than Deep Learning models. Amongst the Machine Learning models, Logistic Regression 

had the highest accuracy. It means that the model was clearly able to predict the tweets either 

as positive or negative or neutral. For the other dataset i.e., YouTube comments dataset, all 

models had the same accuracy of 62%.  

Talking about the Deep Learning models, they had comparatively low accuracy for both 

the datasets. CNN and LSTM both had similar accuracy of 18 and 21 respectively for the two 

datasets. Hence it can be said that we can’t use Deep Learning models to predict the disease 

or create a model using them. But in case of Machine Learning models, we can surely use 

them to create a predictive model.  

Though there are other parameters that affect the prediction of disease like climate, area, 

temperature but we can still motivate ourselves to try and use Machine Learning algorithms 

for prediction. We tried to check through a limited but the best fitting Machine Learning 

algorithm. More algorithms can be used to try and check their accuracy on the datasets used 

by the authors.  

Here the size of the dataset considered was less but more larger datasets with more 

annotations can also be referred for more better accuracy and results. 
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