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Abstract - The traditional opinion polls are losing the capability to forecast election results because of the biasness in the 

sampling and the slowness in updating the polls. Although social media has a lot of real-time data, it has a considerable number 

of drawbacks, such as noise and demographic bias. This paper shows a new end-to-end forecasting pipeline, which is evaluated 

on a corpus of 1.75 million tweets related to the 2020 election in the U.S. Our approach adopts a dual-path sentiment extracted 

(VADER & RoBERTa) for a better accuracy and a new state level feature engineering to fix data bias. This plan transforms raw 

scores into 14 relative indicators, including sentiment differentials and volume ratios of tweets, which adjusts the regional 

activity imbalances. Average state-level prediction of a tuned Gradient Boosting Tree (GBT) classifier trained using these 

features was 70.6 per cent (ROC-AUC 0.69). Importantly, the cumulative prognosis was an exact duplicate of the Electoral 

College 306-232 majority. The feature analysis established that our relative indicators, especially the tweet volume ratio, were the 

strongest predictors that we engineered. The objectives in this paper are to present an alternative to traditional polling that is both 

powerful and easy to interpret in terms of bias reduction due to these relative characteristics. This framework has shown that it is 

a scalable, real-time process of political forecasting that has attained its goals of capturing the dynamics of the electoral process 

where conventional methods fail to do so. 
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1. INTRODUCTION  

Prediction of political elections is still a major issue in the field of politics and data science. Conventional public 

opinion polls have been the main tool in this job done over the decades. Their reliability, however, has been called 

into question increasingly, as major and systematic failures have occurred in recent high-profile elections. The 

vulnerability became especially evident in the 2016 and 2020 presidential elections in the United States, where the 

https://doi.org/10.33093/jiwe.2026.5.2.11
https://journals.mmupress.com/jiwe
https://journals.mmupress.com/jiwe
https://journals.mmupress.com/jiwe
https://creativecommons.org/licenses/by-nc-nd/4.0/


Journal of Informatics and Web Engineering                       Vol. 5 No. 2 (June 2026) 

185 
 

pre-election polls largely and erroneously overestimated the popularity of the Democratic candidate [1]. These errors 

are associated with underlying issues in contemporary survey research, such as reducing response rates, the inability 

to get a genuinely representative sample of the electorate, and social-desirability biases, which may distort answers 

[2]. This undermining of faith in established procedures impels the search of new sources of data and new patterns 

of analysis. 

To address these shortcomings, scholars have resorted to social media networks such as Twitter, which present an 

enormous and constant flow of real-time user-generated information. Such digital discussion provides a unique 

chance to understand the mood of society with the level of detail and in real-time, which is not possible through 

other means. Nevertheless, it is not so easy to use this data to make a prediction. The perennial challenge, according 

to Huberty [3], with using social media in forecasting is that social media users do not represent a representative 

sample of the voting population and the data is noisy and biased [4]. Therefore, although exciting, social media data 

demands an advanced technique to exclude noise and isolate useful predictive information. 

The rest of the paper is structured in the following way. Section 2 provides a related work in election prediction by 

both traditional and social media-based approach. Section 3 provides our framework and methodology, including 

data preprocessing, feature engineering, etc. Section 4 provides experimental results, such as model performance as 

well as feature importance analysis [6]. The findings are discussed in Section 5 and the paper concluded with a 

summary and future work directions in Section 6. 

This paper aims to build and evaluate a model of social-media-driven election prediction that does not depend on the 

traditional polling data. It tries to develop sophisticated state-level sentiment and activity measures and test them on 

machine learning models including Gradient Boosting Trees (GBTs) and Multi-Layer Perceptrons (MLPs) to 

determine how well they predict state-level outcomes as well as the overall U.S. Electoral College outcome. 

 

2. LITERATURE REVIEW  

2.1 Election Forecasting Approaches 

Public opinion polls and econometric models of political fundamentals have long been considered the staple of 

traditional election forecasting. This approach is reflected in models of the U.S. election, including the one proposed 

by, which takes historical data, such as economic indicators and presidential approval ratings as predictive features 

[7]. The decreasing accuracy of the polling, which has shown severe systemic issues in 2016 and 2020 elections in 

the United States, has however prompted the desire to find alternative sources of data. In this paper, a framework 

that examines the sentiment of social media as a potential source of alternative data to be used in election forecasting, 

with the use of machine learning to model the sentiment of the people was proposed. 

Social media has become the main alternative, and a whole new research direction is the prediction of elections 

based on such platforms as Twitter. Very early research tended to match the raw number of mentions of a candidate 

with the vote. Later studies, however, determined that sentiment is a more important element. Indicatively, 

suggested a more subtle measure of the positive to negative messages ratio to apply to the 2020 U.S. election [8]. 

Despite these developments, the profession is not an easy one. The challenges of social media data, such as 

demographic biases or the noise, have caused many studies to yield controversial or non-generalisable results, which 

makes some question the overall feasibility of its use in forecasting In this paper, a new feature engineering pipeline 

is offered, which aims at generating relative, not absolute, predictive signals to reduce the impact of data noise and 

bias in order. 

 

2.2 Sentiment Analysis and Machine Learning Models 

Sentiment analysis is the essence of forecasting on social media. One of the most frequent baselines is a comparison 

between lexicon-based methods and machine learning models. The tool is highly popular and lexicon-based, 

specifically trained on social media text (VADER). It has been demonstrated that it is a solid baseline performer in 

election scenarios. At the same time, the Transformer-based deep learning models, including BERT and its 

variations, like RoBERTa, are becoming more common because they better capture the context in complicated 

political language [9]. In this paper, a two-fold sentiment analysis framework is built, which is a strategically 

designed combination of the performance of a lexicon-based tool (VADER) and the contextual richness of a 
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transformer-based model (RoBERTa) that has resulted in the development of a more reliable set of sentiment 

indicators. 

In literature, different machine learning classifiers are used in the last prediction task. Gradient boosting models, 

such as XGBoost, are very often selected because of their good performance with structured, tabular data generated 

through text analytics [10]. The work by Feng et al.  which employed GBT and MLP models, provide the helpful 

overview of their performance as demonstrated in Table 1. 

Table 1.  Summary Table for GBT and MLP Model 

Model CV Accuracy 

(No Sentiment 

Analysis) 

CV Accuracy 

(With Sentiment 

Analysis) 

2020 Accuracy 2020 EV 

Prediction 

(DNC vs. GOP) 

GBT 95.4% 95.4% 96% 279 vs. 259 

MLP 91.4% 94% 96% 338 vs. 200 

 

As it can be seen in the table, the hybrid model developed by Feng et al. provided a high accuracy (96 percent) using 

GBT and MLP classifiers by incorporating the traditional data and the sentiment data of social media. It is 

interesting to note that their results indicate that sentiment data enhanced the performance of the MLP model to a 

large extent [11]. This shows the possibility of applying powerful machine learning algorithms such as the GBT and 

MLP in this field. 

The present research expands on these founded research directions using a dual-sentiment analysis model (VADER 

and RoBERTa) and evaluation of two different types of strong machine learning algorithms (GBT and MLP) on a 

new feature set, state level. 

 

3. PROPOSED FRAMEWORK AND METHODOLOGY 

3.1 Dataset Description, Scope, and Limitations 

Datasets 1 - US Election 2020 Tweets [13]. The corpus has a total of about 1.72 million tweets scraped on 15 

October 2020 to 8 November 2020 through the Twitter API and snsscrape. The data is released as two CSV files 

(hashtag_donaldtrump.csv and hashtag_joebiden.csv) with fields at the tweet level such as timestamp (created_at), 

tweet_id, full text, and the number of likes and retweets, as well as metadata about the tweet author (e.g., user 

location, verification), and language code. The following is the data that we can build our state level activity and 

sentiment indicators on. Preprocessing involved lower-casing and simple text cleaning (removing URLs, mentions 

and emojis), the elimination of retweets and duplicates, and filtering to English in cases of a language tag. Geotags 

were used to map tweets to states and in their absence, tweets were mapped to states by parsing location strings 

corresponding to states as they were reported by users; tweets that could not be assigned to a state were dropped. 

Dataset 2 - 2020 Presidential Election Results by State [14]. The data (scraped off Associated Press) is the official 

2020 state-level results in one file (voting.csv) containing 51 rows (50 states + District of Columbia) and 8 columns, 

such as the name/abbreviation of the state, and the percentage of the votes won by Donald Trump and Joe Biden, 

and a 0/1 column which gives the winner of the state. We treat these figures as ground truth to compare our state-

level predictions to, and to use state results to calculate the national Electoral College outcome. 

Scope - The research is confined to the 51 U.S. jurisdictions at the state level and 15 October to 8 November 2020. 

The social-media corpus is limited to tweets with candidate-related hashtags (#DonaldTrump/#Trump and 

#JoeBiden) and the ground-truth dataset provides results on the state (not county or district) level. Our model hence 

forecasts one label each state; Electoral College totals are calculated by adding those state forecasts. 

Limitation - Twitter users do not represent the electorate, and hashtag-based collection can over-represent the most 

active or organized accounts; even after filtering, bot or campaign activity can be present. The volume of tweets is 

not evenly distributed among states, which adds variance to the states with a low population of tweets. The user 

location-based mapping is not perfect and may create errors in assignment. Sentiment Analysis of short texts is 

prone to sarcasm, irony and the use of domain slang. The English-only filter disallows the non-English political 

discourse. Finally, the ground-truth dataset is state-aggregated, and it does not reflect within-state heterogeneity and 

split allocations (e.g. by congressional district). 
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3.2 Overall Workflow 

The overall mechanism of the suggested framework is a clear pipeline, which includes data acquisition to final 

prediction and assessment, as shown in Figure 1. Such a sequential organization of research is typical of data-driven 

studies on election forecasting, where the stages of data processing, feature engineering, and machine learning 

modelling may be rather complicated [12]. The process is started with the acquisition of two primary data sources, a 

huge-scale raw Twitter data concerning the 2020 U.S. presidential election (taken on Kaggle) and the official state-

level election data. The Twitter data has a size of about 1.75 million tweets comprising of text, user metadata, and 

timestamps and, where present, geographical information. 

Data preprocessing is done in detail to improve the quality and relevance of data. This involves deleting non-English 

tweets, deleting duplicates, and stripping out irrelevant or spam tweets and normalizing the text in the usual way by 

lowercasing, tokenizing, and noise removal. Such measures are essential in the reduction of the noise and bias that is 

inherent in social media data. As much as it is possible, tweets are geolocated at state-level in the United States 

using available metadata or other user data which is necessary to analyse the data at a state level. 

The second step is advanced sentiment analysis where both, a rule-based sentiment analysis algorithm VADER, 

specifically designed to work with social media text and a transformer-based deep learning model RoBERTa, which 

can capture complex contextual sentiment will be used. A tweet is then run through each model to obtain the various 

sentiment scores (positive, negative, neutral and compound) which gives a more detailed and deeper view of the 

opinion of the people. 

After sentiment scoring, all the tweet-level features are aggregated in a specific four-week window before the 

election. Aggregation is done on the state and candidate level, which allows building feature sets at the state level. 

New methods of feature engineering have been used, like the computation of sentiment polarity differences between 

candidates, ratio of tweet volumes referencing each candidate and other engagement indicators. These are 

engineering features that are meant to capture the intensity, as well as relative dynamics of online discourse and 

sentiment changes at the state level. This method of developing relative indicators is meant to address the 

shortcomings of just carrying out volume-based measures as observed in earlier studies. 

The resulting combined feature dataset is then combined with the ground-truth election results, with the result that 

features, and target labels are aligned in a supervised learning context. Using the structured dataset, two classes of 

machine learning classifiers are trained and tested, GBT that can effectively work with structured tabular data and 

MLP that is a neural network model that can model nonlinear relationships. These two types of powerful classifiers 

are selected because they are successfully used in other similar forecasting models. 

The cross-validation is used during model training to have a robust evaluation of the predictive performance with a 

preference to state-level accuracy, ROC AUC, and F1-score. The results at the state level are finally aggregated to 

model the national result in Electoral College. This allows the comparison of the results predicted by the model and 

the real outcome of the 2020 U.S. presidential election, which demonstrates both the usefulness and effectiveness of 

the suggested framework. Figure 1 shows the overall system workflow of this research. 

 

Figure 1. Overall System Workflow 
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3.3 Data Acquisition and Preprocessing 

Two Kaggle open datasets were used. The main dataset consisted of about 1.75 million tweets concerning the 2020 

presidential candidates in the United States, Donald Trump, and Joe Biden [13]. The secondary dataset, voting.csv, 

gave the formal election results, which were used as the ground truth target variable (winner) [14]. The 

preprocessing of the raw tweet text pipeline was strict. As usually done in social media analysis, a set of cleaning 

functions was used to remove the irrelevant noise, i.e. URLs, user mentions, and punctuation. Then the tokenisation, 

stop and lemmatisation were applied on the text to normalise it using Natural Language Toolkit (NLTK) library to 

reduce the words to their fundamental or dictionary form. 

 

3.4 Dual-Method Sentiment Analysis 

A two-fold approach was used to offer a sound sentiment analysis. A lexicon-based tool VADER (Valence Aware 

Dictionary and sEntiment Reasoner) was used because it is sensitive to sentiments used in social media [15]. Second, 

a more complex contextual nature was to be captured, so a model with RoBERTa (cardiffnlp/twitter-roberta-base-

sentiment-latest) was employed [16]. Transformer-based deep learning models such as RoBERTa are now 

commonplace since it has been found that they are more useful in capturing context in complex political language. 

 

3.5 State-Level Feature Engineering 

The most fundamental methodological procedure in this work was to transform tweet-level data into a well-

organized, forecasting state-level feature set. Tweets were initially matched to a U.S. state by parsing the 

unstructured user_location field and after this, the metrics were aggregated per candidate per state in the four-week 

period before the election. 

This was done to go beyond the mere volume counts that were applied in the early forecasting studies, which are 

known to be highly limited. Rather than using simple aggregations but influenced by evidence that more subtle 

measures such as the proportion of positive to negative messages are useful, this paper constructed a full set of 

relative features [17]. These were difference features (e.g. vader_compound_diff = Biden score - Trump score) and 

ratio features (e.g. tweet_count_ratio = Biden volume / Trump volume). In the experiments, a last feature set of 14 

features, so called Refined Feature Set, was built to model. 

 

3.6 Predictive Modelling and Evaluation 

The final 51x14 state-level feature matrix was fed to two other separate classifiers: GBT and MLP. GBT is a tree-

based ensemble model, which was selected due to its high performance on structured, tabular data, which was 

confirmed by the studies on similar text analytics tasks [10]. A contrasting paradigm was chosen, an MLP, to see 

whether a neural network could better represent the non-linear relationships. A broad hyperparameter search was 

performed on each model to determine the best model configuration using GridSearchCV with 5-fold cross-

validation strategy, and the search was performed to maximise accuracy. Model evaluation was done with an 

extensive array of metrics, comprising Accuracy, ROC AUC, Precision, Recall, and F1-Score, to provide a complete 

evaluation of the predictive performance. 

 

4. EXPERIMENTS AND RESULTS 

 

4.1 Experimental Setup 

To respond to the goals mentioned, the findings indicate that the suggested dual-sentiment, state-level feature 

engineering strategy makes a significant difference in the accuracy of the election prediction, which is illustrated by 

the mean state-level accuracy of 70.6% and an impeccable prediction of the Electoral College. The importance of 

the engineered features is also supported by feature analysis, and the comparison demonstrates that GBT model is 

more effective than MLP in this task. All these findings validate the research objectives of using social media data to 

perform reliable forecasting of election results that is interpretable. 
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Each of the experiments was carried out in a Google Colaboratory environment with Python 3. Its execution 

depended on a few major libraries such as Pandas to process the data, NLTK to preprocess the text and scikit-learn 

to model machine learning. All models were fitted and tested on the final state-level dataset, composed of 51 

samples (states and D.C.) and including the 14-feature "Refined Feature Set" as well as the 12-feature "Engineered 

Feature Set". We applied a common method of machine learning validation tasks, 5-fold cross-validation, to make 

sure that the model performance would be well-evaluated [11]. The GridSearchCV was the method of systematic 

search of the best hyperparameters of both GBT and MLP classifiers, where accuracy was the main scoring method. 

 

4.2 Model Performance Comparison 

To understand which model performed better on what feature set, a comparative analysis was conducted. 

Performance measures of the optimal-tuned parameters of each model across-validated are summarised in Figure 2. 

 

 

Figure 2. Comparative Performance of Predictive Models 

 

As depicted in Figure 2, GBT model which was trained using the 14 refined features yielded best performance in all 

the four evaluation measures. It achieved the best mean cross-validated accuracy (0.7036), which implies that it got 

the winner at the state level right in nearly 70.4 percent of the cases. It also had the highest ROC AUC (0.6947) 

indicating greater discrimination between winning and losing classes, highest Macro Avg F1-score (0.7040) and 

Weighted Avg F1-score (0.7050). 

On the other hand, the MLP whose features were engineered to be competitive performed competitively but 

remained below the GBT model until the end of the run whereas the MLP whose features were not tampered with 

performed worst of all. 

The excellent results of the GBT model confirm earlier results [18] that ensemble methods based on trees tend to 

perform better than neural networks on structured, tabular data, especially when the number of features is not large, 

but well-engineered. The competitive results of MLP with engineered features demonstrate that neural architecture 

can still detect meaningful patterns, however, they are not as helpful when the dataset is small and not very complex. 

Figures 2 are made using features calculated over the US Election 2020 Tweets dataset [13] and compared to the 

official results at the state level as provided by the 2020 US Presidential Election Results by State dataset [14]. 

 

4.3 Best Performing Model  

Since it shows better performance, the tuned GBT model with optimized features was chosen to be analysed further. 

The feature importance of the model was also analysed to determine the factors that largely contribute to its 

predictions, which is a direct answer to one of the main project goals. Figure 3 visualises the relative significance of 

the top 10 features. 
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Figure 3. Top 10 Feature Importance from Best GBT Model 

 

The rankings of feature importance of the tuned GBT model (Figure 3) show that the relative volume of tweets 

containing the names of the two candidates, tweet_count_ratio was the most predictive variable by far, and all other 

variables paled in comparison. The excellence of this metric is that relative indicators of online activity are more 

predictive than the absolute number of tweets, which can be exaggerated by a concerted action or by bots. 

Next, several difference-based sentiment measures (vader_neg_prop_diff, vader_mean_compound_biden, 

vader_compound_diff) proved very influential. The overall implication of these findings is that comparative 

sentiment dynamics (i.e. the extent to which one candidate is mentioned in a more negative or positive way than the 

other) are stronger predictors of electoral outcomes than standalone sentiment measures of each candidate. 

The values of features presented in Figure 3 are obtained based on the US Election 2020 Tweets dataset [13], and 

their predictive accuracy is verified with reference to the official results of the 2020 US Presidential Election Results 

by State dataset [14]. 

To determine the usefulness of the model in practice, the model was applied in predicting the winner in each of the 

51 states/districts. These predictions at the state level were further summarized according to the electoral college 

system in the U.S. The simulation result was a very close national outcome as indicated in Figure 4. 

 

 

Figure 4. GBT Model Simulation Vs. Actual 2020 Election Result 
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4.4 Comparison with Previous Work 

The benefit of the ratio-, and difference-based features is consistent with previous study [3], which advised against 

using raw volume-based predictors as the sole predictor in social media forecasting. Moreover, the overall 

superiority of GBT over MLP is in line with findings [18] that gradient boosting has a high baseline performance in 

classification tasks with modest and high-quality feature sets. 

 

4.5 Limitations and Practical Implications 

Despite the positive results, the findings can only be used in the context of the case of the 2020 presidential elections 

in the United States and cannot be directly transferred to other elections. The ranking of the feature importance 

might be biased to more active states regarding the online community. In addition, the ground truth dataset 

resolution at the state level constrains the performance evaluation since it does not represent an intra-state variation. 

Concretely, the results indicate that relative and comparative characteristics rather than absolute ones should be 

given primary consideration in future social media-based forecasting models, and that gradient boosting techniques 

can be a competent option in case of well-engineered tabular data. 

 

5. DISCUSSION 

5.0 Contributions of This Paper 

In this discussion, the findings of the experiment conducted in Chapter 4 are interpreted in the light of the previous 

literature, methodology, and the overall implications of the social media-based forecasting of elections. The current 

article deals with not only the common inaccuracy of conventional public opinion polls, but also with the inherent 

complexity of trying to derive high-quality signals out of massive social media data [5]. To address these issues, we 

construct and test an end-to-end pipeline of analysis that will process noisy Twitter sentiment and convert it into 

actionable state-level features that can be used to predict elections. The main contribution of the work is the 

combination of two sentiment analysis techniques which are used to extract more and more precise sentiment 

indicators based on the data: the lexicon-based method of VADER and the deep contextual model RoBERTa. 

Having said that, we introduce a new feature engineering approach that goes beyond the straightforward sentiment 

counts and produces relative quantities including sentiment polarity differences and candidate-specific ratios of 

tweet volume per each of the states. Through these optimized features, our optimized GBT algorithm hits a cross-

validated accuracy of around 70.6 percent on state-level forecasts, and, most importantly, exactly replicates the 

national electoral college score (306 232) in the 2020 U.S. presidential race as well. Overall, this study shows that 

further processing and engineering of social media sentiment can serve as a very strong support signal in election 

forecasting, which can be an effective addition to the traditional polling approach. 

 

5.1 Summary of Key Findings 

The experimental outcomes of the paper substantiate the effectiveness of the suggested forecasting framework in a 

research area where most of the studies have been discovered to have controversial or non-generalisable outcomes. 

Using the optimized model of 14 state-level features, GBT model with tuning was the best-performing model with a 

mean 5-fold cross-validated accuracy of about 70.4%. The most dramatic result, the state-level predictions of the 

model were exactly matched by the ultimate national 306-232 Electoral College result of the 2020 U.S. election. 

Moreover, the feature importance analysis showed the relative numbers, especially the ratio between the volumes of 

tweets of candidates (tweet_count_ratio), were the most important predictors of the state-level outcomes. All these 

findings support the main goals of the study and ensure a solid empirical rationale of the contributions to the field of 

social media-based forecasting of election outcomes, which will be discussed further in the paper. 
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5.2 Contribution 1: A Robust Forecasting Pipeline Independent of Traditional Data 

The main contribution of this research is the creation and confirmation of a powerful, state-level election forecasting 

pipeline that can run without depending on the conventional polling data. Over the past few election cycles, the 

accuracy of traditional polling has been called into serious question as there has been a high degree of failure in 

forecasting the results, this being most often an underestimation of the backing of a particular candidate. Such 

failures are explained by the problems such as the nonresponse bias and social-desirability effects, which provide a 

reason to look at alternative sources of data in this paper, this implies that a new model of forecasting should not 

only interpret the sentiment but also include the ways to address these issues with data specifically. 

Our model provides such alternative. In contrast to such models as the one suggested by Sinha et al., which are 

based on historical and economic fundamentals, our model is designed to reflect the real-time pulse of public 

opinion as it is directly based on the analysis of unstructured social media data. More to the point, it is opposed to 

such hybrid approaches as the one by Feng et al., which attained high accuracy by integrating sentiment analysis 

with classic data sources such as census data and polling averages. Effective as it is, however, such hybrid 

approaches remain dependent on the very polling data that is turning out to be fallible. The contribution brought 

forward by our work is substantial as it demonstrates how even a pipeline based exclusively on the engineered 

features of social media can generate forecasts of great accuracy at the national level, thus providing a means of 

prediction that does not require the conventional data feeds. The validity of this approach can be verified by the 

performance of GBT model that attained an accuracy of about 70.4 percent with cross validation of the state-level 

prediction. 

 

5.3 Contribution 2: Advanced Feature Engineering with Relative Metrics 

The second important contribution of this study is that the feature engineering process is more advanced than the 

early social media-based prediction models that were merely limited to counting the volumes and sentiments. 

Although in the earlier works the correlation between the raw count of mentions and the electoral success was 

usually sought, our results show that the relative, comparative measures are much more predictive. This is clearly 

confirmed by our feature importance analysis (see Figure 3), where tweet_count_ratio (the ratio between the 

volumes of tweets between the candidates) corresponds to the single most significant feature in the most accurate 

GBT model. 

Moreover, other features that are based on the difference, including vader_neg_prop_diff (a difference in the 

proportion of negative sentiment) are also among the most important predictors. This method is an extension of, but 

a highly expanded version of more recent methods, like the positive-to-negative message ratio proposed by Yavari et 

al., as it proposes a whole package of 14 engineered indicators. The advantage of these relative measures is that they 

automatically control the enormous differences in the number of online activities on behalf of various states and 

various candidates. This is a direct answer to one of the so-called perennial challenges of the discipline, namely the 

demographic and geographic bias of raw social media data that renders it an unrepresentative sample of the 

electorate. The relative dynamics of online discussion reduce noise and make our procedure more effective in 

deriving a meaningful predictive signal by examining large amounts of rather noisy data. 

 

5.4 Contribution 3: A Successful Proof-of-Concept for National Electoral Simulation 

Lastly, this experiment is an effective demonstration of the viability of the concept of using state-level election 

predictions based only on social media data to simulate the national-level result. This is one of the key benchmarks, 

because the correct prediction of the Electoral College as opposed to the national popular vote is the key measure in 

the study of presidential elections in the U.S. [2]. Although the state-level accuracy of the model of about 70.4% is 

consistent with the difficulty and noise in the prediction of individual state races, the fact that the model perfectly 

replicates the 306-232 Electoral College result (see Figure 4) is a very significant result. 

This result implies that the model might not perform well in predicting the individual states but the features designed 

and the GBT algorithm were very efficient in reflecting the macro-level political picture and the general distribution 

of voter sentiment at the national scale. It shows that the state-level errors were not systematically biased so as to 

distort the national assessment; but instead, they tended to balance each other out, resulting in a properly balanced 
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national forecast. This is a perfect example of national simulation that was done without any conventional data 

inputting, and it shows the potential of social media analytics as a means not only of sentiment measurement, but 

also of a high-level electoral forecasting framework. 

 

6. CONCLUSION 

This paper has been able to design, apply, and validate an end-to-end forecasting pipeline to utilize social media data 

to forecast an election at the state level. We mainly make three contributions. First, we showed that a model based 

on the signals in social media alone, without using the traditional polls, can effectively reproduce the national 

election result. Second, we proposed a new mechanism of feature engineering, and showed that comparative 

measures, that reveal interactions between candidates, e.g., the ratio of tweet volume and the difference in sentiment, 

are a more predictive variable than the absolute measures. Lastly, the flawless replication of the 2020 U.S. Electoral 

College outcome in the model is an effective demonstration of concept of the framework feasibility. Although these 

findings are encouraging, generalizability of the framework is limited by the limitations of social media data, such as 

the small size of the sample of states (N=51) or the possibility of demographic bias of Twitter users. Researchers 

should thus work on how to reduce such shortcomings in the future. The best way forward would be to create a 

hybrid model that would combine our designed social media aspects with classic data points, including state-wide 

polls and economic indicators, that may yield stronger and more accurate projections. Moreover, the model would 

be more generalizable in case the dataset would be extended to cover more election cycles [19] and data provided by 

other social media platforms [20]. These will open pathways towards a stronger and more encompassing forecasting 

system on elections. 
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