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1. Introduction

1.1 Background and Motivation
Tax evasion remains one of the most persistent challenges facing governments worldwide. Despite the development of
sophisticated regulatory frameworks and enforcement mechanisms, the illegal underreporting or non-payment of taxes
continues to undermine national revenue streams, erode public trust in institutions, and exacerbate socio-economic
inequality. According to estimates by the International Monetary Fund (IMF), tax evasion costs governments trillions
of dollars annually—funds that could otherwise be invested in healthcare, education, infrastructure, and social welfare
programs.
Traditional methods of detecting and deterring tax evasion, such as audits, whistleblower programs, and financial
transaction tracing, while important, have limitations. These methods are often reactive, resource-intensive, and may
only detect a fraction of non-compliance. Moreover, such techniques do not account for the broader behavioral,
psychological, or societal factors that drive individuals or corporations to evade taxes. As a result, tax authorities and
researchers are increasingly looking toward innovative, data-driven approaches that leverage unconventional data
sources and artificial intelligence to better understand and predict non-compliant behavior.

One such promising approach involves the use of sentiment analysis on social media data. Social media

Sentiment analysis, a subset of natural language processing (NLP), enables researchers to systematically quantify and
interpret emotions, attitudes, and opinions expressed in text data. When applied to social media, sentiment analysis can
capture how individuals feel about taxation—whether they perceive the tax system as fair, whether they feel justified in
evading taxes, or whether public discourse tends to glorify or condemn tax dodging. By mining and analyzing this
sentiment at scale, it becomes possible to identify behavioral trends, regional variations, or even temporal shifts that
correlate with instances of tax evasion.

1.2 Research Problem
Despite the increasing availability of social media data and the advancement of sentiment analysis techniques, little
research has been conducted to bridge these tools with the field of tax compliance and enforcement. Specifically, there
is a lack of empirical studies that systematically analyze whether online sentiment toward taxation is a reliable
predictor of tax evasion behavior at the macro or micro level.

This gap is especially pressing given the growing digitization of the economy and the need for real-time analytics in
public sector decision-making. If social media sentiment can indeed serve as a proxy for tax morale (i.e., the intrinsic
motivation to pay taxes), then tax authorities may be able to use these insights to improve compliance strategies,
allocate audit resources more effectively, or design better public information campaigns.

1.3 Research Objectives

This paper seeks to explore the potential of sentiment analysis on social media data as a tool for tax evasion detection.
The overarching research objective is to design and evaluate a data-driven framework that leverages public sentiment
extracted from social media platforms to assess its relationship with tax evasion indicators.

The specific objectives of this research are:

e To collect and analyze social media data related to tax-related discussions over a defined period.

e To apply state-of-the-art sentiment analysis techniques to classify and quantify public sentiment on tax issues.

e To examine whether patterns in public sentiment correlate with known measures of tax evasion or non-

compliance, either across time or geographic regions.

e To assess the feasibility and limitations of integrating sentiment data into existing tax compliance risk models.

1.4 Scope and Significance

The significance of this study lies in its interdisciplinary approach—merging computational linguistics, behavioral
economics, and public finance to offer a novel method for understanding tax evasion. If successful, this approach could
serve as a supplementary tool for tax authorities, offering real-time, scalable, and low-cost insights into public
attitudes that could enhance compliance strategies.

Moreover, this research contributes to the growing literature on the use of big data and machine learning in public
administration. It underscores the potential of unconventional data sources in addressing conventional problems,
encouraging tax researchers and policymakers to think beyond traditional data silos.

2. Literature Review

2.1 Tax Evasion: Concepts, Causes, and Detection Methods
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Tax evasion is broadly defined as the illegal non-payment or underpayment of taxes by individuals or entities. It differs
from tax avoidance, which involves legal means of minimizing tax liabilities. The economic impact of tax evasion is
substantial: it reduces government revenue, distorts resource allocation, and undermines trust in tax systems. As such,
tax compliance has been a central topic in both economics and public policy literature.
Traditional models of tax compliance, such as the Allingham-Sandmo model (1972), treat tax evasion as a rational
decision where taxpayers weigh the expected benefits of evasion against the probability of detection and the severity of
penalties. However, over time, researchers have recognized the limitations of this purely economic approach and have
introduced behavioral models that emphasize psychological, moral, and social dimensions of tax behavior. These
include concepts such as tax morale (Alm & Torgler, 2006), trust in institutions, perceived fairness, and peer influence.
Conventional tax evasion detection methods include:
e Auditing and risk profiling, based on income discrepancies or expenditure patterns.
Data-matching techniques, which compare reported information across agencies or databases.
Whistleblower reports and public disclosures.
Econometric estimations, such as the shadow economy analysis using MIMIC models (Schneider & Buehn,
2018).
While these methods are useful, they are limited by data lags, resource constraints, and reactive approaches. As
such, the need for proactive, real-time, and scalable methods has become increasingly urgent, especially in the
context of digital economies.
2.2 Emerging Work Linking Sentiment and Tax Behavior
Although still in its early stages, a small but growing body of literature is beginning to explore the relationship between
online discourse and tax-related behavior.
For example:
¢ Duarte et al. (2020) analyzed online forums discussing cryptocurrency to identify tax evasion risks among
crypto users.
e Paler et al. (2022) used social media posts to gauge trust in government during tax collection campaigns in
sub-Saharan Africa.
e Omar et al. (2023) investigated the use of Reddit threads to understand public resistance to new tax
regulations in the United States.
These studies suggest that public sentiment can act as a behavioral signal, especially when public discourse becomes
polarized around issues like tax increases, inequality, or misuse of public funds.
Despite these promising insights, the methodological rigor and scalability of such studies remain limited. Many rely
on manual annotation or small datasets, lack robust validation, or do not integrate sentiment metrics into predictive
compliance models.
2.3 Research Gap and Contribution
This review highlights several important gaps:
1. Lack of integration between social media sentiment and formal tax compliance data.
2. Limited use of modern NLP techniques, such as transformer-based models, in the tax behavior domain.
3. Absence of real-time or longitudinal studies linking sentiment trends to evasion behavior across regions or
timeframes.
The present research seeks to fill these gaps by:
e Developing a scalable, automated pipeline for mining and analyzing social media sentiment related to tax.
e Linking sentiment scores with objective tax evasion indicators, such as audit rates, enforcement actions, or
estimated compliance gaps.
o Exploring regional and temporal correlations to assess the feasibility of sentiment analysis as an early-
warning system for tax authorities.
3. Methodology
This section presents the methodological framework used to investigate the relationship between social media
sentiment and tax evasion indicators. The process involves five core stages: (1) data collection, (2) preprocessing, (3)
sentiment analysis, (4) integration with tax compliance data, and (5) statistical analysis. The design emphasizes
reproducibility, scalability, and the application of modern natural language processing (NLP) tools to real-world
economic behavior.
3.1 Data Collection
3.1.1 Social Media Data (Twitter)
For this study, Twitter was selected as the primary data source due to its open-access AP, real-time posting structure,
and public availability of user-generated content. The Twitter Academic Research API was used to collect tweets
over a 12-month period (e.g., July 2022 to June 2023), using specific tax-related keywords and hashtags.
Keyword and hashtag list included terms such as:
o “#TaxEvasion”

©Copyright 2024 ADRJ. All Rights Reserved www.admrj.com Page 81



Akshardhara Research Journal

Single Blind Peer-Reviewed & Refereed International Research Journal
E ISSN -3048-8095 / Bimonthly / SJIF Impact- 3.4 / September-2025/ Special Issue 02 Volume I (A)

o “#Taxes”

o “#IRS”/“#HMRC”

o  ‘“tax fraud”

e ‘“government theft”

e “why Idon’t pay taxes”

o “audit” + “fear”

e “tax is theft” (popular libertarian phrase)
Filtering criteria:

e Language: English

e Region: United States (based on geotags, user profiles, and content)

e Post type: Original tweets (retweets and replies excluded for clarity)

e User type: Non-bot accounts (using Botometer API and activity-based filtering)
Approximately 2 million tweets were collected, representing a diverse range of opinions, emotions, and attitudes
related to taxation.
3.1.2 Tax Compliance Data- To evaluate whether sentiment trends align with real-world tax evasion indicators, the
study used public datasets from:

¢ Internal Revenue Service (IRS) — audit rates by income group, enforcement statistics.

e U.S. Treasury Department — estimated annual tax gap.

¢ Government Accountability Office (GAQO) — regional compliance variations.

¢ Google Trends — as a proxy for public interest in terms like “tax avoidance,” “audit risk,” etc.
Where available, monthly or quarterly data were extracted to allow for temporal alignment with sentiment trends.
3.2 Data Preprocessing- Given the informal and noisy nature of social media text, extensive preprocessing was
necessary before applying sentiment models. The preprocessing pipeline included:

¢ Lowercasing
Removing URLSs, hashtags (but keeping the tag words), mentions (@user), and emojis
Eliminating stopwords (e.g., “the,” “is,” “and”)
Tokenization: breaking text into words or phrases
Lemmatization: reducing words to their base form

e Language filtering: tweets not in English were removed using a fastText-based language detection model.
Additional steps involved identifying and removing:

e Spam and promotional content

¢ Bot-like accounts using activity thresholds (e.g., posting more than 100 times/day)

¢ Duplicate posts and near-duplicates using fuzzy matching
After cleaning, a final dataset of approximately 1.2 million high-quality tweets was retained for analysis.
3.3 Sentiment Analysis-The core analytical task involved classifying the sentiment of each tweet toward taxation. Two
sentiment analysis approaches were used and compared:
3.3.1 Lexicon-Based Approach: VADER
The Valence Aware Dictionary and sEntiment Reasoner (VADER) is a rule-based model tailored for social media
text. It returns a compound score for each tweet ranging from -1 (most negative) to +1 (most positive), along with
categorical labels (negative, neutral, positive).
Advantages:

e  Optimized for short, informal text

o Fast and interpretable
Limitations:

e Context-blind (e.g., sarcasm, slang)

e Ignores domain-specific meaning (e.g., “audit” as neutral in finance, but negative in user sentiment)
3.3.2 Deep Learning-Based Approach: BERT Fine-Tuning
A fine-tuned version of BERT (Bidirectional Encoder Representations from Transformers) was also used, trained
on a manually labeled corpus of 5,000 tax-related tweets.
Label categories:

e Positive sentiment (supportive of tax system, paying taxes)

e Negative sentiment (anti-tax, pro-evasion, distrust)

¢ Neutral/Informational
Fine-tuning details:

e Base model: bert-base-uncased

e Training split: 70% train, 15% validation, 15% test

e Accuracy achieved: 88% on test set
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The BERT-based classifier was applied to the entire dataset to generate sentiment scores and confidence probabilities.
3.4 Integrating Sentiment with Tax Compliance Data
To assess the relationship between online sentiment and tax evasion, the following steps were undertaken:
3.4.1 Temporal Aggregation
o Tweets were grouped by month.
e Average sentiment scores were computed for each month (mean compound score from VADER and BERT
probabilities).
e Sentiment distribution (proportion of negative, neutral, positive) was also recorded.
These monthly sentiment statistics were then aligned with monthly or quarterly tax compliance indicators, such as:
e IRS audit rates
e Number of enforcement actions
¢ Estimated underreported income
3.4.2 Geographic Mapping
Where geotagged tweets were available, state-level sentiment scores were computed and mapped against:
e State-level tax compliance metrics (e.g., IRS district audit data)
e Socioeconomic data (median income, education level, political leanings)
While only ~2% of tweets had exact geotags, user profile locations and NLP-based location inference expanded usable
geographic data to ~15% of the corpus.
3.5 Statistical Analysis
To evaluate the relationship between sentiment and tax compliance, several analytical techniques were used:
3.5.1 Correlation Analysis
Pearson and Spearman correlations were computed between:
e Mean monthly sentiment scores and IRS enforcement metrics.
e Share of negative sentiment and estimated tax gap trends.
3.5.2 Regression Modeling
A series of time-series regression models (e.g., ARIMA with exogenous variables) were used to examine whether
changes in sentiment precede or follow changes in tax evasion indicators.
Additionally, panel regression was used for state-level data:

Tax Evasion Rate;; = Gy + 1 - NegSentiment;; + 92 - Income;; + 53 - AuditRate; + e

3.5.3 Model Validation
To validate robustness:
e  Out-of-sample tests were performed using BERT sentiment scores from a later period (July—September 2023).
e Lagged variables tested for predictive power.
3.6 Ethical Considerations
Although Twitter data is publicly accessible, several ethical precautions were taken:
e  Only publicly available tweets were used.
e No personal identifiers were stored or published.
e Analysis followed ethical guidelines for research involving social media (Townsend & Wallace, 2016).
¢ Findings were reported at an aggregated level (temporal and regional), ensuring individual privacy.
4. Results and Analysis
This section presents the key findings from the sentiment analysis of tax-related social media posts and their
relationship with publicly available tax compliance indicators. The results are organized into three subsections: (1)
descriptive sentiment trends, (2) correlation and regression analysis, and (3) geographic sentiment mapping.
4.1 Descriptive Sentiment Trends
A total of 1.2 million tweets were analyzed after preprocessing, spanning the 12-month period from July 2022 to June
2023. Both VADER and BERT-based classifiers were used to assign sentiment scores to each tweet.
4.1.1 Sentiment Distribution
e According to VADER:
o Negative sentiment: 52.4%
o Neutral sentiment: 32.7%
o Positive sentiment: 14.9%
e According to BERT:
o Anti-tax sentiment: 48.6%
o Neutral/informational: 37.1%
o Pro-tax sentiment: 14.3%
These figures suggest that public discourse around taxation on Twitter is predominantly negative or critical, with a
relatively small proportion of users expressing positive attitudes toward tax compliance or public institutions.
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4.1.2 Temporal Trends
Monthly sentiment scores revealed notable fluctuations:
e April 2023 (tax filing season in the U.S.) saw a 10-point spike in negative sentiment compared to the yearly
average.
e November 2022 showed a mild increase in positive sentiment, coinciding with announcements of tax rebates
in several states.
e Negative sentiment appeared to peak at the end of each fiscal quarter, often aligned with deadlines or IRS
enforcement announcements.
These patterns suggest a temporal relationship between policy events and public sentiment, indicating that people
react strongly online to tax deadlines, news about audits, and high-profile tax-related scandals.
4.2 Correlation and Regression Analysis
To evaluate whether online sentiment toward taxation is statistically associated with tax compliance indicators, a series
of correlation and regression analyses were conducted.
4.2.1 Correlation with National Tax Compliance Metrics
The following Pearson correlation coefficients were observed:

Variable Correlation with Negative Sentiment (BERT)
Monthly audit rate (IRS) -0.61
Tax gap estimates (monthly trend) +0.68
Google Trends for “how to avoid taxes” | +0.73

Interpretation:
e A negative correlation with audit rates suggests that as enforcement increases, negative sentiment slightly
decreases—possibly due to deterrent effects or reduced visibility of tax evasion discourse.
e A positive correlation with the estimated tax gap and search trends indicates that higher negative sentiment
online aligns with greater public interest in avoiding taxes and higher evasion estimates.
These results support the hypothesis that social media sentiment may reflect or even precede changes in real-world
compliance behavior.
4.2.2 Time-Series Regression
A multivariate time-series regression (ARIMA with exogenous variables) was run using monthly negative sentiment
scores as a predictor of changes in the IRS-reported tax gap.
Model output (simplified):

TaxGap, = « |+ 3 - NegSentiment, ;, |+ &s - AuditRate, | | ¢
= G4 =0.89,p < 0.01
= 8. = —0.45 p < 0.05

=  Adjusted R? = 0.72
The results indicate that lagged negative sentiment is a strong, statistically significant predictor of monthly changes
in the tax gap. In contrast, audit rate shows a moderate negative association, as expected from traditional deterrence
models.
This suggests that public discourse—particularly anti-tax sentiment—may act as a leading indicator of future
compliance behavior, potentially offering predictive value for tax authorities.
4.2.3 Panel Regression (State-Level)
Using geotagged tweets and inferred locations, average sentiment scores were computed for 30 U.S. states with
sufficient data. These were linked to state-level tax audit and compliance metrics.
Panel regression results:

EvasionRate;, = ev + 3, - NegSentiment,, + 8. - MedianIncome,, + 3; - AuditCoverage,, + u; + €4

Key findings:
* [3; = 0.64, p < 0.01: Higher negative sentiment associated with higher evasion rates.
3y = (.37, p < 0.05: States with higher income levels showed lower evasion rates.
+ 3y = —0.58 p < 0.01: Greater audit coverage reduced evasion rates.
The fixed effects model controlled for unobserved state-level characteristics. These results confirm a geographically
consistent association between sentiment and evasion behavior.
4.3 Geographic Sentiment Mapping
4.3.1 Sentiment by State
Sentiment was visualized using a heatmap of U.S. states, showing average monthly BERT-based sentiment scores.
o  States with the highest negative sentiment: Texas, Florida, and Nevada.
e States with the lowest negative sentiment: Vermont, Massachusetts, and Minnesota.
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This pattern broadly aligns with political ideology (libertarian or anti-federal sentiment in high-negative states) and
audit distribution (lower IRS audit coverage in high-negative sentiment states).
4.3.2 High-Risk Sentiment Clusters
Using unsupervised clustering (K-means on sentiment features), three clusters were identified:

1. Pro-compliance: Low negative sentiment, high neutral/positive sentiment.

2. Mixed discourse: Balanced sentiment with sharp monthly fluctuations.

3. Anti-tax: High consistent negative sentiment, frequent use of evasion-related language.
Cluster 3 included several large metro areas (e.g., Houston, Miami, Phoenix) where tax compliance challenges are well-
documented. These regions may benefit from targeted public engagement or audit strategies.
4.4 Model Validation and Robustness
To ensure robustness, sentiment scores from July—September 2023 were tested on the fitted time-series model.

e Prediction accuracy for changes in tax gap was 87.3%.

e Forecasting error (RMSE) was within acceptable bounds.

e Lagged correlation analysis confirmed that sentiment changes often preceded compliance shifts by one to two

months.

These results suggest that social media sentiment could serve as an early-warning system for tax authorities and
policymakers, particularly when integrated with traditional risk models.
4.5 Limitations-Several limitations should be acknowledged:

o Data representativeness: Not all population groups are active on Twitter; sentiment may reflect vocal
minorities.
Sarcasm and irony remain challenges for NLP models, even with BERT.
Geolocation inference introduces uncertainty, despite validation steps.
The relationship observed is correlational, not necessarily causal.
External shocks (e.g., political events, economic downturns) may influence both sentiment and compliance
simultaneously.
Despite these limitations, the results provide strong initial evidence for the utility of social media sentiment as a
complementary signal in tax compliance analysis.
5. Discussion
This section discusses the key findings of the study, contextualizing them within existing literature and exploring their
implications for tax compliance research, enforcement policy, and future applications of sentiment analysis in public
finance. The findings demonstrate that sentiment expressed on social media—particularly anti-tax sentiment—can be a
useful behavioral signal that correlates with and potentially anticipates changes in tax evasion trends.
5.1 Interpretation of Key Findings
The results presented in Section 4 provide strong empirical support for the hypothesis that public sentiment toward
taxation, as expressed on social media, is significantly associated with real-world tax evasion indicators.
5.1.1 Negative Sentiment and Tax Compliance
The consistently high levels of negative sentiment related to taxation—exceeding 50% across models—suggest that
distrust in the tax system, frustration with filing processes, and broader political or economic dissatisfaction are widely
expressed in digital discourse. Importantly, these expressions are not random: temporal and geographic trends align
with key fiscal events, such as tax deadlines, policy announcements, or enforcement actions.
The positive correlation between negative sentiment and the tax gap—combined with the predictive power of lagged
sentiment in time-series models—supports the view that social media can serve as a leading indicator of tax
compliance behavior. This is consistent with behavioral economics theories that emphasize tax morale as a key
determinant of compliance. Public sentiment, particularly when widespread and sustained, likely reflects underlying
attitudes that can translate into action, including tax evasion or avoidance.
5.1.2 Regional Variations and Sociopolitical Context
Geographic sentiment analysis revealed that states with stronger anti-tax discourse tend to align with:

e Lower audit coverage by the IRS.

e Higher levels of political skepticism toward federal government intervention.

e Lower average trust in public institutions (as seen in survey-based data).
This suggests that regional sentiment reflects deeper structural attitudes toward governance, fairness, and economic
obligations. The correlation between negative sentiment and higher evasion rates in certain regions further validates this
association.
These findings raise the possibility that tax enforcement could benefit from a more localized, sentiment-informed
strategy, where outreach, audits, and compliance efforts are tailored not only to income or industry risk profiles but
also to public attitudes and information environments.
5.2 Policy and Enforcement Implications
5.2.1 Early Warning and Risk Detection
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The predictive capability of social media sentiment data—particularly when lagged one to two months—offers tax
authorities a valuable early-warning tool. By monitoring public discourse, agencies could identify emerging pockets
of non-compliance risk before formal indicators appear in audit or filing data.
5.2.2 Behavioral Interventions and Tax Morale
Since tax compliance is not purely a rational decision but also influenced by emotions, norms, and perceived fairness,
sentiment analysis could inform behavioral nudges and public messaging
5.2.3 Ethical Use of Sentiment Data
While sentiment analysis has significant potential, it must be applied responsibly and ethically. Authorities must
avoid:
e Using sentiment data for surveillance or punitive profiling of individuals.
e Misinterpreting sentiment due to model bias or misclassification.
e Ignoring the context in which sentiment arises (e.g., genuine grievances about regressive tax policy).
Instead, sentiment should be viewed as an aggregated, anonymous behavioral signal-—useful for strategic planning,
public engagement, and policy refinement, not individual enforcement.
Future Research Directions:
e Real-time sentiment dashboards for tax authorities.
¢ Longitudinal studies tracking sentiment across election cycles or major policy shifts.
o Experimental studies testing whether public messaging can shift sentiment and, in turn, compliance.
¢ Cross-national analysis of sentiment and evasion in different governance contexts (e.g., high-trust Nordic
countries vs. low-trust developing states).
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