
Journal for Educators Teachers and Trainers JETT,Vol. 14(4);ISSN:1989-9572                         348                                   

 

 

 
 

 

 

ISSN 1989-9572 

   DOI:10.47750/jett.2023.14.04.029 
 

 

 

HARNESSING MICROBLOGGING DATA FOR FINANCIAL 

FORECASTING: XGBOOST MODEL FOR ALPHA AND SIGNAL 

PREDICTION 

 

 

 
Uma Rani Koppula1,  

Venkatesh Artham1,  

Akavaram Swapna1 

 

 

Journal for Educators, Teachers and Trainers, Vol.14(4) 

https://jett.labosfor.com/ 

 

Date of reception: 18 May 2023  

Date of revision: 09 June 2023 

Date of acceptance: 21 July 2023  

 

 

 

 
 

Uma Rani Koppula, Venkatesh Artham1,  Akavaram Swapna. (2023). HARNESSING 

MICROBLOGGING DATA FOR FINANCIAL FORECASTING: XGBOOST MODEL FOR ALPHA 

AND SIGNAL PREDICTION.  Journal  for  Educators,  Teachers  and  Trainers,  Vol.  14(4). 348-358. 

 

 

 

 

 

 

 

 

 

 

 

 

https://jett.labosfor.com/


 

Journal for Educators Teachers and Trainers JETT,Vol. 14(4);ISSN:1989-9572                         349                                   

 

 

 

 

 

Journal for Educators, Teachers and Trainers, Vol. 14(4) 

ISSN 1989 –9572 

https://jett.labosfor.com/ 

 

HARNESSING MICROBLOGGING DATA FOR FINANCIAL 

FORECASTING: XGBOOST MODEL FOR ALPHA AND SIGNAL 

PREDICTION 
 

Uma Rani Koppula1, Venkatesh Artham1, Akavaram Swapna1 
1Department of Computer Science Engineering, 
1Sree Dattha Group of Institutions, Sheriguda, Hyderabad, Telangana 

 

ABSTRACT 

One of the most important factors to consider when evaluating the performance of a financial asset in 

comparison to the general market benchmark is the presence of alpha signals, which are also known as excess 

returns. The capability to properly and rapidly identify alpha signals is of tremendous benefit to investors and 

financial analysts. This is because it has the potential to significantly impact decisions about portfolio 

optimization and risk management with significant implications. Traditional techniques of alpha signal 

prediction, on the other hand, which mainly rely on previous financial data, have inherent limits when it comes 

to catching real-time market sentiments and movements. In order to circumvent these restrictions, academics 

have begun investigating other data sources, notably data from social media platforms, with the goal of gaining 

more profound insights into the feelings of the market and improving their ability to forecast alpha signals. 

Understanding investor mood, market views, and collective behavior may be accomplished through the 

utilization of a novel technique that is presented by the incorporation of data from social media platforms into 

financial analysis. Twitter and StockTwits are two examples of microblogging systems that provide as rich 

sources of real-time information. These platforms represent thoughts and reactions to financial events as they 

occur. The utilization of such data for the purpose of alpha signal prediction has the potential to supplement and 

reinforce conventional techniques of financial analysis, which would ultimately result in forecasts that are more 

accurate and reliable. As a result of this, the primary objective of this research is to make use of the data 

associated with microblogging on social media platforms in order to forecast alpha signals in the financial 

markets. The solution that was selected makes use of the XGBoost model, which is a strong machine learning 

algorithm that is well-known for its capacity to manage complicated and unstructured data that comprises a high 

number of dimensions. In order to evaluate the predicted performance and accuracy of the model, it is first 

trained using historical data and then evaluated with data that is not selected from the main sample. The purpose 

of this proposed effort is to contribute to the progress of alpha signal prediction techniques and to strengthen 

decision-making processes in the financial arena. This will be accomplished by utilizing the real-time and 

sentiment-rich information that is captured from social media. 

 

Keywords: Boosting, Xgboost, NLP, TF-IDF, Tokenization. 

 

1.INTRODUCTION 

Alpha signal in the context of microblogging data from social media typically refers to a metric or value that is 

calculated to assess the significance or impact of a particular piece of content (such as a tweet or post) on a 

social media platform [1]. This signal is often used in social media analytics and sentiment analysis to measure 

the level of engagement, influence, or attention that a post has received within a specific community or network 
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[2]. The specific calculation of the alpha signal can vary depending on the platform and the goals of the analysis, 

but it may consider factors such as: 

⎯ Engagement Metrics: Alpha signal may consider metrics like the number of likes, shares, comments, 

retweets, or favorites a post has received. These metrics can indicate how much other users are 

interacting with the content [3]. 

⎯ Sentiment Analysis: The sentiment expressed in the comments or replies to a post can also be factored 

into the alpha signal. Positive or negative sentiment can provide insights into the overall reception of 

the content. 

⎯ Influence Metrics: Some algorithms for alpha signal calculation may consider the influence of the users 

who have interacted with the post. Users with a larger following or higher engagement rates themselves 

may contribute more to the signal [4]. 

⎯ Time Decay: The recency of interactions may be taken into account, with more recent engagements 

being weighted more heavily than older ones. 

⎯ Network Structure: The position of the author within the social network (e.g., how many followers they 

have and their connections) may also be considered when calculating the alpha signal. 

The alpha signal is useful for understanding which pieces of content are gaining traction and resonating with an 

audience, making it valuable for marketers [5], social media managers, and researchers. It can help identify 

trending topics, influential users, and the effectiveness of social media campaigns. 

Research motivation for studying alpha signals in microblogging data from social media can be driven by 

several important factors and objectives. Alpha signals can help researchers gain a deeper understanding of how 

influence operates on social media platforms [6]. Investigating what types of content receive higher alpha 

signals and why certain users have a stronger impact can shed light on the dynamics of online influence.One key 

aspect of social media research is exploring why certain pieces of content go viral while others do not. 

Analyzing alpha signals can provide insights into the factors that contribute to content virality, helping 

marketers and content creators better tailor their strategies. By incorporating sentiment analysis into alpha signal 

calculations, researchers can study how the sentiment of interactions with content impacts its overall influence 

[7]. This can be particularly useful for tracking public opinion and understanding how it evolves over time. 

Alpha signals can be used to identify key opinion leaders or influential users within specific niches or 

communities. Recognizing who holds the most sway within a particular network can be valuable for targeted 

marketing and outreach efforts. Businesses and organizations often invest heavily in social media marketing 

campaigns. Analyzing alpha signals can help assess the success of these campaigns by quantifying their impact 

and reach. Monitoring alpha signals can help identify emerging trends and breaking news topics in real-time. 

This can be beneficial for news organizations, government agencies, and businesses looking to stay informed 

and respond quickly to current events [8]. 

Research on alpha signals can reveal user engagement and interaction patterns. Understanding how users engage 

with content and with each other on social media can inform platform design, content recommendation 

algorithms, and community management strategies. Investigating how social media platforms calculate alpha 

signals can uncover potential biases in the way content is promoted or demoted. This research can contribute to 

discussions about algorithmic fairness and transparency [9]. 

 Alpha signals can also be linked to social behavior and psychology. Research in this area can provide insights 

into why users engage with certain content, the emotional responses it elicits, and the role of social validation in 

online communities. Understanding the impact of influential content on social media is relevant to policy 

discussions and potential regulation. Research on alpha signals can inform policymakers about the effects of 

content on public discourse and behavior. 

In the ever-evolving landscape of social media, understanding and predicting the factors that contribute to the 

emergence of alpha signals for specific content is crucial for marketers, content creators, and platform 

developers. Alpha signals, encompassing engagement metrics, sentiment analysis, and influence indicators, 

serve as valuable indicators of content success and audience impact [10]. However, there is a pressing need to 

develop robust predictive models that can anticipate the generation of alpha signals in real-time or shortly after 

content publication. 

This research problem aims to address the following key challenges: 

⎯ Dynamic Nature of social media: Social media platforms are characterized by rapidly changing trends 

and user behaviors. Developing predictive models that can adapt to these dynamics and provide timely 

predictions of alpha signals is a complex problem. 

⎯ Multi-factorial Nature of Alpha Signals: Alpha signals are influenced by a multitude of factors, 

including content quality, user engagement, network structure, and sentiment. Building predictive 

models that accurately capture the interplay of these factors and their evolving importance is a 

challenging task. 
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⎯ Data Volume and Noise: Social media platforms generate massive volumes of data, and not all 

interactions contribute equally to alpha signals. Filtering out noise and identifying meaningful patterns 

within the data is essential for accurate predictions. 

⎯ Privacy and Ethical Considerations: Handling social media data for predictive purposes raises 

privacy and ethical concerns. Researchers must navigate the ethical implications of data collection and 

usage, ensuring compliance with regulations and user consent. 

⎯ Evaluation Metrics: Defining appropriate evaluation metrics for alpha signal prediction models is 

crucial. Researchers need to establish metrics that align with practical use cases, such as marketing 

campaign optimization or content recommendation. 

The overarching goal of this research is to develop predictive models that can forecast the likelihood of content 

receiving high alpha signals on social media platforms. Solving this problem has the potential to revolutionize 

content strategies, enabling content creators and marketers to tailor their efforts for maximum impact and 

engagement. Additionally, it can contribute to our understanding of the underlying dynamics of social media 

networks and user behavior in the digital age. 

2. LITERATURE SURVEY 

Simay, A. E., et al. (2023) [11]explored the electronic word-of-mouth (e-WOM) intentions of Chinese social 

media influencers regarding artificial intelligence (AI) color cosmetics. The research investigates the factors 

influencing e-WOM intentions among Chinese social media influencers for AI-based color cosmetics. Findings 

reveal that product performance and aesthetics significantly impact e-WOM intentions, with influencers 

primarily valuing aesthetics. The study underscores the growing importance of AI in cosmetics and the need for 

brands to focus on product aesthetics in influencer marketing. The research does not delve deeply into the 

ethical and social implications of AI-based cosmetics, and it may benefit from a more extensive exploration of 

the influencers' motivations and relationships with brands. 

Philp, Jacobson, and Pancer (2022) [12]delve into the use of computer vision techniques to predict social media 

engagement, focusing on food marketing content on Instagram. The research employs computer vision to 

analyze Instagram posts related to food marketing and predicts engagement metrics. Their findings reveal that 

visual features significantly influence engagement, with image aesthetics and food presentation playing crucial 

roles. This study underscores the potential of computer vision in enhancing social media marketing strategies. 

One potential limitation is the study's exclusive focus on food-related content, which limits its generalizability to 

other industries. Additionally, the research may not fully account for all factors influencing engagement, such as 

the impact of content captions and user interactions. 

Albahli and colleagues (2022) [13] present AEI-DNET, a novel deep learning model designed for stock market 

predictions using technical indicators. The research introduces a hybrid model combining DenseNet architecture 

with an autoencoder to enhance stock market forecasting. The model demonstrates superior predictive accuracy 

compared to traditional methods, highlighting the potential of deep learning in financial forecasting.However, 

the paper lacks a comprehensive discussion of model interpretability, which is critical for financial decision-

making. Additionally, it might benefit from addressing potential limitations related to data availability and 

market volatility. 

3.PROPOSED SYSTEM 

Predicting alpha signals using microblogging data involves several steps, including exploratory data analysis 

(EDA), dataset preprocessing, feature extraction using TF-IDF (Term Frequency-Inverse Document Frequency), 

and building a predictive model using XGBoost. Figure 1 shows block diagram of proposed system. Here's a 

step-by-step guide on how to approach this task: 

 
Fig. 1: Block diagram of proposed system. 

Step 3: TF-IDF (Term Frequency-Inverse Document Frequency):TF-IDF is a technique to convert text data 

into numerical features that can be used in machine learning models.We calculate TF-IDF scores for each term 

(word) in the microblogging dataset. TF-IDF gives higher weights to terms that are frequent within a document 

but rare across the entire dataset.We can use libraries like scikit-learn to perform TF-IDF vectorization. 
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Step 4:Splitting the Dataset:We split our preprocessed dataset into training and testing sets. A common split 

ratio is 80-20, depending on the dataset size. 

Step 5: Building an XGBoost Model:We define our XGBoost model by specifying hyperparameters. Some 

important hyperparameters to consider include the learning rate, tree depth, and the number of trees (boosting 

rounds).We train the XGBoost model using the training dataset. 

Step 6: Model Evaluation:We evaluate the performance of our XGBoost model on the testing dataset using 

appropriate evaluation metrics. For classification tasks, we can use metrics like accuracy, precision, recall, and 

F1-score.We analyze the model's performance and check if it meets our prediction accuracy goals. 

3.1 TF-IDF Feature Extraction 

TF-IDF which stands for Term Frequency – Inverse Document Frequency. It is one of the most important 

techniques used for information retrieval to represent how important a specific word or phrase is to a given 

document. Let’s take an example, we have a string or Bag of Words (BOW) and we have to extract information 

from it, then we can use this approach.  

Figure 2 shows the TF-IDF feature extraction block diagram. The tf-idf value increases in proportion to the 

number of times a word appears in the document but is often offset by the frequency of the word in the corpus, 

which helps to adjust with respect to the fact that some words appear more frequently in general. TF-IDF use 

two statistical methods, first is Term Frequency and the other is Inverse Document Frequency. Term frequency 

refers to the total number of times a given term t appears in the document doc against (per) the total number of 

all words in the document and the inverse document frequency measure of how much information the word 

provides. It measures the weight of a given word in the entire document. IDF show how common or rare a given 

word is across all documents. TF-IDF can be computed as 𝑡𝑓 ∗  𝑖𝑑𝑓 . 

 
Fig..2: TF-IDF block diagram. 

TF-IDF do not convert directly raw data into useful features. Firstly, it converts raw strings or dataset into 

vectors and each word has its own vector. Then we’ll use a particular technique for retrieving the feature like 

Cosine Similarity which works on vectors, etc. 

Terminology 

t — term (word) 

d — document (set of words) 

N — count of corpus 

corpus — the total document set 

Step 1: Term Frequency (TF): Suppose we have a set of English text documents and wish to rank which 

document is most relevant to the query, “Data Science is awesome!” A simple way to start out is by eliminating 

documents that do not contain all three words “Data” is”, “Science”, and “awesome”, but this still leaves many 

documents. To further distinguish them, we might count the number of times each term occurs in each 

document; the number of times a term occurs in a document is called its term frequency. The weight of a term 

that occurs in a document is simply proportional to the term frequency. 𝑡𝑓(𝑡, 𝑑)  =  𝑐𝑜𝑢𝑛𝑡 𝑜𝑓 𝑡 𝑖𝑛 𝑑 / 𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑤𝑜𝑟𝑑𝑠 𝑖𝑛 𝑑 

Step 2: Document Frequency: This measures the importance of document in whole set of corpora, this is very 

similar to TF. The only difference is that TF is frequency counter for a term t in document d, whereas DF is the 

count of occurrences of term t in the document set N. In other words, DF is the number of documents in which 

the word is present. We consider one occurrence if the term consists in the document at least once, we do not 

need to know the number of times the term is present. 𝑑𝑓(𝑡)  =  𝑜𝑐𝑐𝑢𝑟𝑟𝑒𝑛𝑐𝑒 𝑜𝑓 𝑡 𝑖𝑛 𝑑𝑜𝑐𝑢𝑚𝑒𝑛𝑡𝑠 

Step 3: Inverse Document Frequency (IDF): While computing TF, all terms are considered equally important. 

However, it is known that certain terms, such as “is”, “of”, and “that”, may appear a lot of times but have little 

importance. Thus, we need to weigh down the frequent terms while scale up the rare ones, by computing IDF, 

an inverse document frequency factor is incorporated which diminishes the weight of terms that occur very 

frequently in the document set and increases the weight of terms that occur rarely. The IDF is the inverse of the 

document frequency which measures the informativeness of term t. When we calculate IDF, it will be very low 

for the most occurring words such as stop words (because stop words such as “is” is present in almost all of the 

documents, and N/df will give a very low value to that word). This finally gives what we want, a relative 

weightage. 
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𝑖𝑑𝑓(𝑡)  =  𝑁/𝑑𝑓 

Now there are few other problems with the IDF, in case of a large corpus, say 100,000,000, the IDF value 

explodes, to avoid the effect we take the log of idf . During the query time, when a word which is not in vocab 

occurs, the df will be 0. As we cannot divide by 0, we smoothen the value by adding 1 to the denominator. 𝑖𝑑𝑓(𝑡)  =  𝑙𝑜𝑔(𝑁/(𝑑𝑓 +  1)) 

The TF-IDF now is at the right measure to evaluate how important a word is to a document in a collection or 

corpus. Here are many different variations of TF-IDF but for now let us concentrate on this basic version. 𝑡𝑓 − 𝑖𝑑𝑓(𝑡, 𝑑)  =  𝑡𝑓(𝑡, 𝑑)  ∗  𝑙𝑜𝑔(𝑁/(𝑑𝑓 +  1)) 

3.2XGBoostModel 

XGBoost is a popular machine learning algorithm that belongs to the supervised learning technique. It can be 

used for both Classification and Regression problems in ML. It is based on the concept of ensemble learning, 

which is a process of combining multiple classifiers to solve a complex problem and to improve the 

performance of the model. As the name suggests, "XGBoost is a classifier that contains a number of decision 

trees on various subsets of the given dataset and takes the average to improve the predictive accuracy of that 

dataset." Instead of relying on one decision tree, the XGBoost takes the prediction from each tree and based on 

the majority votes of predictions, and it predicts the final output. The greater number of trees in the forest leads 

to higher accuracy and prevents the problem of overfitting. 

 
Fig. 3: XGBoost algorithm. 

XGBoost, which stands for "Extreme Gradient Boosting," is a popular and powerful machine learning algorithm 

used for both classification and regression tasks. It is known for its high predictive accuracy and efficiency, and 

it has won numerous data science competitions and is widely used in industry and academia.Here are some key 

characteristics and concepts related to the XGBoost algorithm: 

• Gradient Boosting:XGBoost is an ensemble learning method based on the gradient boosting 

framework. It builds a predictive model by combining the predictions of multiple weak learners 

(typically decision trees) into a single, stronger model. 

• Tree-based Models: Decision trees are the weak learners used in XGBoost. These are shallow trees, 

often referred to as "stumps" or "shallow trees," which helps prevent overfitting. 

• Objective Function:XGBoost uses a specific objective function that needs to be optimized during 

training. The objective function consists of two parts: a loss function that quantifies the error between 

predicted and actual values and a regularization term to control model complexity and prevent 

overfitting. The most common loss functions are for regression (e.g., Mean Squared Error) and 

classification (e.g., Log Loss). 

• Gradient Descent Optimization:XGBoost optimizes the objective function using gradient descent. It 

calculates the gradients of the objective function with respect to the model's predictions and updates the 

model iteratively to minimize the loss. 

• Regularization:XGBoost provides several regularization techniques, such as L1 (Lasso) and L2 

(Ridge) regularization, to control overfitting. These regularization terms are added to the objective 

function. 

• Parallel and Distributed Computing:XGBoost is designed to be highly efficient. It can take 

advantage of parallel processing and distributed computing to train models quickly, making it suitable 

for large datasets. 
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 3.3Advantages of proposed system 

The advantages of a proposed system can vary depending on the specific context and goals of the system. 

However, here are some common advantages that a well-designed and implemented system can offer: 

• Improved Efficiency: A well-designed system can automate tasks and processes, reducing manual 

effort and improving efficiency. This can lead to cost savings and increased productivity. 

• Enhanced Accuracy: Automation reduces the likelihood of human errors, leading to more accurate 

results and data. 

• Scalability: A good system can grow and adapt to changing needs and increased workload. It can 

handle larger datasets or user loads without a significant drop in performance. 

• Consistency: Automated systems can consistently apply rules and processes, ensuring uniformity in 

operations and reducing the risk of inconsistency or bias. 

• Reduced Costs: Automation can lead to cost savings by reducing labor costs and minimizing errors that 

can be expensive to correct. 

4.RESULT  

Figure 4 shows a sample dataset used for classifying alpha signals. It likely displays a portion of the dataset, 

showcasing rows and their corresponding attributes (columns).It provides a visual representation of the data, 

offering a glimpse of the kind of information the model is trained on. 

Figure 5 presents a summary of the dataset used for classifying alpha signals. It may include statistics like mean, 

standard deviation, quartiles, and count for each attribute (column) in the dataset. It gives an overview of the 

central tendencies and spread of the data, aiding in understanding the dataset's characteristics. 

Figure 6 is a count plot of the 'alpha' column of the dataset. It displays the frequency of each unique value in the 

'alpha' column. It helps in visualizing the distribution of classes in the target variable, which is crucial for 

understanding class imbalances. 

 
Figure 4:sample dataset used for classifying alpha signals 

 
Figure 5: summary of dataset used for classifying alpha signal 
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Figure 6: count plot of alpha column of a dataset 

Figure 7 shows histograms displaying the distribution of different stock factors (SF1 to SF7). Each histogram 

represents the frequency of different values for a specific stock factor. It provides insights into the distribution 

and spread of each stock factor, allowing for a better understanding of their characteristics. 

 
Figure 7: Histogram of distribution of a different stock factor (SF1 to SF7) 

Figure 8 contains box plots illustrating the distribution of features in the dataset. Each box plot shows the 

median, quartiles, and potential outliers for a specific feature.It helps in identifying potential outliers and 

understanding the spread of the data for each feature.Figure 9 displays features of the dataset after 

preprocessing, likely using TF-IDF (Term Frequency-Inverse Document Frequency) transformation. It 

represents the processed feature set used for model training. It shows the transformed features that the model 

uses for classification after applying the TF-IDF technique. 
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Figure 8: box plots of a features of a dataset

 
Figure 9: Features of A Datset After Preprocessing(Tfidf) 

 
Figure 10: Target column of a dataset 

 
Figure 11: Classification report of Decision tree classifier 

Figure 10 is a representation of the target column of the dataset. It might show the distribution of different 

classes in the target variable.It offers insights into the distribution of classes in the target variable, which is 

essential for understanding class balances or imbalances. 

Figure 11 presents the classification report of a Decision Tree classifier. It includes metrics like precision, recall, 

F1-score, and support for each class. It provides a detailed evaluation of the classification performance of the 

Decision Tree model. 
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Figure 12 shows the confusion matrix of the Decision Tree classifier. It visualizes the model's performance by 

displaying the count of true positive, true negative, false positive, and false negative predictions. It offers a 

detailed breakdown of the model's predictions, allowing for a comprehensive evaluation of its performance. 

 

 
Figure 12: confusion matrix of Decision tree classifier 

 

 
Figure 13: classification report of XGBoost Classifier 

 

 

 
Figure 14: Confusion matrix of XGBoost classifier 

Figure 13 contains the classification report of an XGBoost Classifier. Like Figure 8, it provides metrics like 

precision, recall, F1-score, and support for each class. It offers a detailed evaluation of the classification 

performance of the XGBoost model. 

Figure 14 displays the confusion matrix of the XGBoost classifier. It visualizes the model's performance by 

showing the count of true positive, true negative, false positive, and false negative predictions for each class. It 
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provides a detailed breakdown of the model's predictions, allowing for a comprehensive evaluation of its 

performance. 

5. CONCLUSION 

In conclusion, the process of predicting alpha signals using microblogging data involves a series of well-defined 

steps, including exploratory data analysis (EDA), dataset preprocessing, feature extraction using TF-IDF, and 

building a predictive model with XGBoost.  EDA is crucial for understanding the characteristics of both the 

microblogging data and the alpha signals. It helps us gain insights into the dataset's structure and 

distribution.Dataset preprocessing is essential to ensure data quality. Cleaning and text preprocessing 

techniques, such as tokenization and TF-IDF, play a significant role in preparing the data for modeling.TF-IDF 

is a powerful technique for converting text data into numerical features, making it suitable for machine learning 

models like XGBoost.XGBoost, as an ensemble learning algorithm, is well-suited for predictive modeling tasks. 

It can effectively handle both regression and classification tasks and offers various hyperparameters for 

optimization. 
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