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ABSTRACT

The Russia-Ukraine war has had far-reaching economic consequences, significantly
influencing both nations’ macroeconomic indicators and public sentiment. This study
investigates these economic impacts by integrating multi-source sentiment analysis with
macroeconomic data spanning from 2015 to 2025 for Russia and Ukraine. Economic
indicators were sourced from the World Bank and the International Monetary Fund,
including consumer price index (CPI), inflation rates, GDP growth, unemployment,
government debt, trade volumes, foreign direct investment (FDI) inflows, and military
expenditures. Missing data for select years were estimated using time series forecasting
models: Vector Autoregression (VAR), Seasonal Autoregressive Integrated Moving
Average (SARIMA), and Prophet, with SARIMA yielding the most reliable forecasts for
Ukraine and a combination of SARIMA and VAR performing best for Russia. In
parallel, sentiment data were extracted from over 500,000 social media posts, news
articles, and Reddit comments relating to the war. These texts were preprocessed and
analyzed using multiple lexicon-based sentiment tools including TextBlob, VADER,
AFINN, and SentiWordNet. Annual sentiment scores were calculated and then
correlated with economic indicators using Pearson and Spearman correlation
coefficients, Granger causality tests, and visual trend analyses. Ukraine’s economy
shows heightened sensitivity to inflation and trade disruptions, with sentiment reacting
more rapidly to economic changes. Russia, on the other hand, exhibits a more delayed
sentiment response, aligning with its relatively more controlled economic structure.
Granger causality tests confirm a more immediate influence of sentiment on Ukraine’s
economic variables, whereas in Russia, such impacts surface more gradually.
War-related spending is a common inflation driver in both nations, though Ukraine
demonstrates a heavier reliance on debt-financed defense efforts. Machine learning
models were applied to assess predictive performance, with XGBoost outperforming
Random Forest overall, especially in modeling Russia’s indicators. In contrast, Random
Forest showed a slight edge in predicting Ukraine’s economic trends. Lagged correlation
analyses reinforce sentiment’s predictive value, particularly during periods of conflict.
Post-war analysis indicates that Ukraine is experiencing a faster, though more volatile,
recovery compared to Russia’s steadier but slower rebound. This research highlights the
importance of sentiment in economic forecasting during geopolitical crises. Future work
could enhance predictive accuracy through the integration of deep learning-based natural
language processing models and explore the role of sentiment-informed economic policy
in managing shocks during conflicts.
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CHAPTER -1
INTRODUCTION

In today’s digitally connected world, economic factors and sentiments shared on
platforms like Twitter, Reddit, and news blogs are deeply intertwined, often shaping and
reflecting one another. Social media has become a powerful space where public opinion
on inflation, unemployment, trade, and government policies is voiced instantly and
widely, influencing consumer behavior, investor sentiment, and even policy responses.
News blogs add further depth by providing analyses that frame public understanding of
complex economic issues. During times of war, such as the Russia-Ukraine conflict, this
relationship intensifies. Real-time updates, emotional reactions, and opinionated
discussions flood social media and online news, amplifying public anxiety, uncertainty,
and speculation. These sentiments can lead to rapid shifts in financial markets, currency
fluctuations, disrupted trade patterns, and altered investor confidence. In such scenarios,
analyzing online sentiment becomes a crucial tool for understanding the broader
economic impact of conflict, offering early signals of economic instability or resilience.

1.1 Russia-UKkraine War

The Russia-Ukraine war, which began with Russia’s full-scale invasion in February
2022, has turned into a prolonged and devastating conflict. Initially aimed at a quick
takeover, Russia faced fierce Ukrainian resistance, supported heavily by Western
countries through military aid and sanctions on Moscow. Over time, the war evolved
into a war of attrition, with intense battles concentrated in eastern and southern Ukraine.
As of 2025, the front lines have remained largely static, with both sides suffering heavy
losses. Ukraine has ramped up its domestic weapons production but still relies on
international support. Russia, meanwhile, has strengthened ties with countries like North
Korea and Iran for military and logistical aid. Diplomatic efforts to end the war have
failed so far, with peace talks stalling over demands for territorial concessions and
security guarantees. The war has created a massive humanitarian crisis, displacing
millions and crippling Ukraine’s economy. It has also reshaped global geopolitics,
deepening divides between Russia and the West while drawing new battle lines in
international relations. Despite global calls for peace, there is little indication the war
will end soon.

1.2 Sentiment Analysis

The collective emotional and attitudinal response of a population—is increasingly being
recognized as a significant factor in economic behavior. Sentiment can influence
consumer confidence, investment decisions, currency stability, and even government



policy. In times of war, when uncertainty is high and information is abundant yet
fragmented, sentiment becomes an even more important lens through which economic
activity can be understood. The rise of social media and digital communication
platforms has made it possible to capture and quantify public sentiment on a large scale,
offering researchers new tools to analyze the socio-economic landscape in real time. In
this context, sentiment analysis, a technique within natural language processing (NLP)
which serves as a powerful method to study the relationship between economic
performance and public perception during the Russia-Ukraine war.

Sentiment analysis of platforms like Twitter, Reddit, and news blogs provides valuable
insights into public opinion and emotional response surrounding major events such as
the Russia-Ukraine war. On Twitter, short, real-time posts often reflect immediate
reactions to breaking news, revealing spikes in negative sentiment during major attacks
or political announcements. Reddit discussions tend to be more in-depth, capturing a
broader range of perspectives, including debates, support for Ukraine, and criticisms of
international responses. News blogs, while generally more structured and formal, often
carry the tone of the media outlet’s editorial stance, ranging from neutral reporting to
strongly opinionated commentary. By analyzing sentiment across these platforms,
researchers can track how public mood shifts over time, identify key concerns of
different communities, and correlate emotional trends with economic or geopolitical
developments.

1.3 Economic Factors

Economic factors play a crucial role during wartime, significantly influencing both the
immediate and long-term stability of the countries involved. Wars often lead to
large-scale destruction of infrastructure, disruption of trade routes, and massive defense
spending, all of which strain national budgets and increase public debt. Inflation
typically rises due to supply chain disruptions and shortages of essential goods, while
unemployment can surge as businesses shut down or relocate. Currency devaluation and
reduced investor confidence further destabilize the economy. In the context of the
Russia-Ukraine war, both nations have experienced economic shocks, Ukraine due to
infrastructure loss and displacement, and Russia due to international sanctions. These
factors can have cascading effects, such as reduced GDP growth, increased poverty, and
slower post-war recovery. Moreover, global markets can also feel the ripple effects,
especially in sectors like energy, food, and commodities, due to the geopolitical
importance of the region.

1.4 Correlation between Sentiment Score and Economic Factors

This study aims to explore the intersection of sentiment and economic indicators by
leveraging both quantitative economic data and qualitative sentiment data from various
online sources. By analyzing macroeconomic indicators such as inflation, gross



domestic product (GDP), foreign direct investment (FDI), and military expenditure
alongside sentiment data from tweets, news articles, and online forums, this research
seeks to construct a comprehensive picture of the economic dynamics in Russia and
Ukraine between 2015 and 2025. Notably, the years 2024 and 2025 are forecasted using
time series models due to the unavailability of complete data, ensuring a continuous
timeline for analysis.

A distinctive feature of this research is its integration of traditional econometric
modeling and modern machine learning techniques. While time series models such as
Vector Autoregression (VAR), Seasonal Autoregressive Integrated Moving Average
(SARIMA), and Prophet are used to forecast economic indicators, multiple
lexicon-based sentiment tools: TextBlob, VADER (Valence Aware Dictionary and
sEntiment Reasoner), AFINN, and SentiWordNet are used to extract sentiment scores
from over 500,000 text entries. This hybrid methodology enables the study to not only
forecast economic trends but also investigate the causal and correlational relationships
between sentiment and macroeconomic factors through techniques such as Pearson and
Spearman correlation matrices, Granger causality tests, and visual trend analysis.

1.5 Motivation and Objective of the Research

The motivation for this research arises from the growing importance of understanding
how public sentiment and economic variables influence each other, particularly during
periods of extreme crisis such as war. The conflict between Russia and Ukraine has
created an environment where economies are pushed to their limits, and public opinion
is volatile and reactive. Understanding how these two domains interact can offer
important insights for economists, policymakers, and international organizations
involved in conflict recovery and economic stabilization. For instance, if sentiment
proves to be a leading indicator of economic decline or recovery, then sentiment analysis
could serve as an early warning tool for governments and financial institutions.

Furthermore, the comparative aspect of this research offers additional value. Russia and
Ukraine have responded to the war under vastly different economic and political
conditions. Russia’s economy is larger, more centralized, and more insulated due to its
energy exports and autarkic policies, while Ukraine has relied heavily on international
aid, borrowing, and public mobilization. As such, the economic shocks and public
responses in the two countries provide contrasting case studies that can illuminate
broader principles of wartime economic resilience and recovery. The differences in how
sentiment correlates with economic indicators across the two countries shed light on the
underlying structural and institutional factors that govern economic behavior during
crises.

The primary objective of this study is to analyze the economic effects of the
Russia-Ukraine war through a sentiment analysis approach, integrating large-scale



textual data with macroeconomic indicators over a ten-year period (2015-2025).
Specifically, the research aims to:

e Compare and contrast the sentiment-economy dynamics between Russia and
Ukraine, highlighting differences in responsiveness, volatility, and recovery
patterns.

e [Evaluate the predictive capacity of sentiment for macroeconomic forecasting
using machine learning models such as Random Forest and XGBoost.

e Suggest practical applications of sentiment-informed economic forecasting in
policy making, crisis management, and post-conflict economic planning.

By fulfilling these objectives, the study seeks to contribute to the growing body of
literature at the intersection of economics, sentiment analysis, and conflict studies. It
also aspires to inform future research directions in using natural language processing and
machine learning for socio-economic modeling in times of crisis.



CHAPTER -2
LITERATURE REVIEW

The intersection of sentiment analysis and economic forecasting has gained increasing
attention in recent years, particularly in the context of financial markets and
macroeconomic indicators. Previous studies have demonstrated that public sentiment, as
captured through social media, news articles, and economic reports, can significantly
influence economic performance. This section reviews existing research on sentiment
analysis in economic modeling, statistical causality tests, and machine learning-based
economic prediction.

2.1 Sentiment Analysis on the Russia-Ukraine War

Sentiment analysis has been widely used to assess public perception and its economic
implications. Sahi et al. (2025) analyzed Twitter discussions using machine learning.
Similarly, Sinha et al. (2024) explored the temporal shifts in sentiment using logistic
regression, decision trees, and K-nearest neighbors, highlighting changes in public mood
as the war evolved. Extending sentiment analysis to more advanced models, Menaouer
et al. (2025) utilized knowledge graph convolutional networks for analyzing war-related
tweets, offering a novel approach to sentiment classification.

2.2 Sentiment and Economic Indicators

The correlation between sentiment trends and economic indicators has been explored in
various studies. Polyzos (2023) evaluated the influence of over 42 million tweets on 15
key macro-financial variables, revealing that negative war related sentiment triggers
immediate declines in European market indices while boosting safe haven assets like the
U.S. dollar. Aygun et al.( 2025) applied aspect-based sentiment analysis to measure the
war's impact on global food security, while Abakah et al.( 2023) examined blockchain
and FinTech stocks, finding strong correlations between war sentiment and market
fluctuations. Our findings further emphasize how public perception correlates with
macroeconomic stability, suggesting that sentiment could serve as an early warning
system for financial instability. Bollen et al.(2011) demonstrated its influence on stock
markets.

Other works have used sentiment and uncertainty metrics as proxies for broader
economic indicators. Grebe et al. (2024) examined how uncertainty related to the war
influenced the German economy, whereas Sulong et al.(2023) investigated the role of
public sentiment toward sanctions on the G7 debt markets. [zzeldin et al compared
market responses to the war against the COVID-19 pandemic and the 2008 financial



crisis, noting that commodities like wheat and nickel were particularly affected. (Bruhin
et al.( 2023) further explored these economic impacts within the European context.

2.3 Sentiment Analysis in Economic Forecasting

Beyond war related studies, sentiment analysis has been used for economic forecasting.
Algaba et al. provided a comprehensive methodological overview and outlined
econometric methods for converting sentiment into economic indicators, while
Lukauskas et al. (2022) demonstrated the utility of media sentiment in forecasting
inflation and GDP. Chong et al.( 2022) and Seki et al.(2022) extended this notion by
applying news sentiment indices to national economic forecasting. Classic works such as
Baker et al.(2016) and Tetlock & Paul C.(2007) also provide foundational insights into
how policy uncertainty and media sentiment influence financial markets. Lastly, Lia et
al.( 2018) showed the predictive power of Twitter sentiment on cryptocurrency price
fluctuations, further emphasizing the financial implications of public opinion in digital
contexts.

To the best of our knowledge, this study offers a more comprehensive approach than
prior research by integrating sentiment trends and macroeconomic indicators, rather than
analyzing them in isolation.While prior research has successfully linked sentiment
analysis with economic trends, few studies have examined how different sentiment
analysis techniques perform across multiple war phases. Additionally, existing literature
lacks a comprehensive comparison of machine learning models for sentiment-driven
economic prediction in the context of geopolitical crises. This study bridges these gaps
by analyzing the evolving relationship between sentiment and economic indicators
across distinct time periods (pre-war, peak war, post-peak war), employing Granger
causality to assess short-term and long-term sentiment effects, and evaluating the
predictive performance of XGBoost and Random Forest in forecasting economic
conditions using sentiment data.



CHAPTER -3
METHODOLOGY

This study integrates time series forecasting, sentiment analysis, and correlation analysis
to examine the economic effects of the Russia-Ukraine war. The proposed method has
been implemented into three phases: economic data preparation, sentiment analysis, and
correlation analysis depicted by Fig. 3.1

Economic Data Missing Data
Collection Imputation
(World Bank, (SARIMA, 4 N )
IMF 2015-2025) VAR, Correlation Economic-
PROPHET) oz Sentiment
{Heatmaps, Link
Granger :> o i
Causality, (Hypothesis
Trend Analysis Testing,
Public Sentiment on Sub-Period) Plots
Sentiment Analysis
Data Text (TextBlob, ~ N ~
Collection Preprocessing ——> VADER,
(Twitter, Afinn,
News, Reddit) SentiWordNet)

Fig. 3.1 Proposed Methodology Flow chart

3.1 Phase I : Economic Data Collection and Forecasting for Correlation
Analysis

Economic data (2015-2025) for Russia and Ukraine were sourced from the World Bank
and IMF, with missing values filled using the best-fitting time series models—SARIMA,
VAR, and Prophet.

3.1.1 Data collection:-

Yearly economic factor data for Russia and Ukraine (2015-2025) was collected from
World Bank and International Monetary Fund (IMF) websites.Each country’s dataset
was stored in a CSV file with the following columns: Consumer Price Index (CPI),
Inflation (%change), GDP Growth (% change), Unemployment Rate (%of labor force),
Government Debt (% of GDP), Trade (%of GDP), Foreign Direct Investment (FDI) Net



Inflows (BoP,USD), Military Expenditure (Local Currency Unit - LCU). However, data
for Trade, FDI, and Military Expenditure (2024-2025) was missing for both countries,
and Russia’s CPI (2022-2023) was also unavailable.

3.1.2 Missing Data Implementation Using Time Series Model:-

In the extracted dataset there are few economic factors in both Russia and Ukraine
which have missing values. To fill in missing values, three time series models were
tested:Vector Autoregression (VAR), Seasonal Autoregressive Integrated Moving
Average (SARIMA), and PROPHET , code for which is shown in Fig.3.2, Fig.3.3, and
Fig.3.4 respectively.

e Using VAR for Ukraine economic data prediction:

import pandas as pd

import numpy as np

import matplotlib.pyplot as plt
from statsmodels.tsa.api import VAR

# Load data

file path = "/content/sheetUkr (3).xlsx"

xls = pd.ExcelFile(file path)

ukraine = pd.read_excel(xls, sheet_name="Ukraine")

# Selecting relevant columns for VAR model

columns_to_forecast = ["CPI()", "Trade (% of GDP)", "FDI net inflows (BoP, current US$)", "Military expenditure (current LCU)"]
df_var = ukraine[["vear"] + columns_to forecast].dropna()

# Set year as index for VAR

df_var.set_index("year", inplace=True)

# Fit VAR model with adjusted lag selection

model = VAR(df_var)

try:
# Automatically select lag order (reducing maxlags to prevent error)
selected lag = model.select_order(maxlags=min(1, len(df_var)-1)).bic # Ensuring a small lag
var_model = model.fit(maxlags=selected lag)
except ValueError:
print(“Reducing maxlags due to small dataset™)
var_model = model.fit(maxlags=1) # Fallback to maxlag=1 if needed
# Forecast for 2024 and 2025
forecast_steps = 2
forecast_input = df var.values[-var_model.k_ar:] # Use only required past values
forecast = var_model.forecast(forecast_input, steps=forecast_steps)
# Create DataFrame for forecasted years
forecast_years = [2024, 2025]
df_forecast = pd.DataFrame(forecast, index=forecast_years, columns=columns_to forecast)
# Update original DataFrame with forecasts
for col in columns_to_forecast:
uvkraine.loc[ukraine[ "Year"].isin(forecast_years), col] = df_forecast[col].values
# Save the updated data
ukraine.to_excel("/content/ukraine forecasted VAR.x1lsx", index=False)
au=pd.read_excel("/content/ukraine forecasted VAR.x1sx")
print(au)




Fig. 3.2 Code for missing economic data prediction of Ukraine using VAR

e Using PROPHET for Ukraine economic data prediction:

import pandas as pd

import numpy as np

from prophet import Prophet
import matplotlib.pyplot as plt

# Load data

file_path = "/content/sheetUkr (3).xI1sx"

%x1s = pd.ExcelFile(file path)

df_ukraine = pd.read_excel(xls, sheet_name="Ukraine")

def forecast_prophet(df, column):
data = df[["Year"”, column]].dropna()
if data.empty or len(data) < 5:
print(f"Not enough data to forecast {column}")
return df
data.rename(columns={"Year": "ds", column: "y"}, inplace=True)
data["ds"] = pd.to_datetime(data["ds"], format="2%Y")

model = Prophet()
model.fit(data)

# Create future dataframe

future_years = pd.date_range(start=Ff"{df[ 'Year'].min()}}-01-01", periods=len(df["Year"]) + 2, freg="Y")
future = pd.DataFrame({"ds": future_years})

forecast = model.predict(future)

# Debugging: Print forecasted wvalues
print(f"Forecast for {column}:™)
print(forecast[['ds", 'yhat']].tail())

# Update only missing values in df
for year in [20824, 2025]:
if df.loc[df["Year"] == year, column].isna(}.any():
predicted_value = forecast.loc[forecast["ds"].dt.year == year, "yhat”].values
if predicted_value.size > @:
df.loc[df["Year"] == year, column] = predicted_value[&]

# Plot results

plt.figure(figsize=(8,5))

plt.plot(df["Year"], df[column], marker='o', label=f"{column} (Actual & Forecast)")
plt.axvline(x=2822, color="r', linestyle='--', label="War Start')
plt.xlabel("Year")

plt.ylabel(column)

plt.legend()

plt.show()

return df



# Apply forecasting function te relevant columns
columns_to_forecast = ["CPI()", "Trade (% of GDP)", "FDI net inflows (BoP, current US$)", "Military expenditure (current LCU)"]
for col in columns_to_forecast:
df_ukraine = forecast_prophet(df_ukraine, col)
# Save updated dataframe
df_ukraine.to excel("/content/ukraine forecasted PROPHET.xlsx™, index=False)
A=pd.read_excel("/content/ukraine_forecasted_PROPHET.xlsx")
print(A)I

Fig. 3.3 Code for missing economic data prediction of Ukraine using PROPHET

e Using SARIMA for economic data prediction:

import pandas as pd

import numpy as np

import matplotlib.pyplot as plt

from statsmodels.tsa.statespace.sarimax import SARIMAX

# Load data

file_path = "/content/sheetUkr (3).xlsx"

xls = pd.ExcelFile(file_path)

ukraine = pd.read_excel(xls, sheet_name="Ukraines")

# Selecting relevant columns for SARIMA forecasting
columns_to ferecast = ["CPI()", "Trade (% of GDP)", "FDI net inflows (BoP, current US%)", "Military expenditure (current LCU)}"]
df_sarima = ukraine[["Year"] + columns_to_forecast].dropna()
# Set year as index
df_sarima.set_index("Year"”, inplace=True)
# Forecast storage
forecast_results = {}
# Forecasting each column separately using SARIMA
forecast_years = [2824, 2825]
for col in columns_to_forecast:
series = df_sarima[col].dropna() # Ensure no missing values in the series

# Fit SARTMA model (simple settings: auto-tuning can be added)

try:
model = SARIMAX(series, order=(1,1,1), seasonal_order=(1,1,1,4)) # Adjust seasonal period if needed
sarima_fit = model.fit(disp=False)

# Forecast for 2824 and 2025
forecast = sarima_fit.forecast(steps=2)
forecast_results[col] = forecast.values
except Exception as e:
print(f"Error fitting SARIMA for {col}: {e}")
forecast_results[col] = [np.nan, np.nan]
# Create DataFrame for forecasted years
df_forecast = pd.DataFrame(forecast_results, index=forecast_years)

# Update original DataFrame with forecasts
for col in columns_to_forecast:
ukraine.loc[ukraine["Year"].isin(forecast_years), col] = df_forecast[col].values
# Save the updated data
"y

output_file = "/content/ukraine_forecasted SARTMA.xIsx"
ukraine.to_excel(output_file, index=False)

# Load and print the updated file
au = pd.read_excel(output file)
print{au)

Fig. 3.4 Code for missing economic data prediction of Ukraine using SARIMA
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Similarly, the missing value in the economic data for Russia was predicted using VAR,
PROPHET and SARIMA.

Following the predictions, a comprehensive error analysis was conducted to evaluate
and compare the performance of each forecasting model (VAR, Prophet, and SARIMA).
This evaluation employed widely accepted statistical metrics: Mean Absolute Error
(MAE), which measures the average magnitude of errors in a set of predictions without
considering their direction; Root Mean Squared Error (RMSE), which gives higher
weight to larger errors and provides a clear indication of the model’s accuracy; and
Mean Absolute Percentage Error (MAPE), which expresses prediction accuracy as a
percentage and is especially useful for interpretability across variables with different
scales. By applying these metrics, we were able to quantitatively assess how closely
each model's predictions aligned with actual observed values. Based on the comparative
results of this error analysis, we selected the model with the lowest error values as the
most suitable and reliable for predicting the missing values. This data-driven selection
process ensured that the imputed values were not only statistically sound but also
appropriate for use in the subsequent stages of analysis in the study.

3.2 Phase Il : Sentiment Analysis on Public Reactions to War

Tweets, Reddit comments, and news articles were collected, preprocessed, and analyzed
for sentiment using TextBlob, VADER, AFINN, and SentiWordNet.

3.2.1 Data collection:-

A total of 503,696 text records were gathered from three sources: Public sentiment data
was collected from Twitter, Reddit and news articles available on Kaggle also some of
the news articles were extracted by using Google NewsAPI. The dataset covers textual
data from 2015 to 2025, allowing an analysis of sentiment trends before, during, and
after the peak war period. Duplicates were removed from each record and were merged
together to form a dated text file.

3.2.2 Text Preprocessing:-
The raw text data was cleaned using Natural Language Processing (NLP) techniques.

The script begins by importing necessary libraries and reading a CSV file into a
DataFrame. The text data is first converted to lowercase to ensure uniformity. It is then
cleaned by removing URLs, hashtags, usernames, and extra whitespace using regular
expressions. Punctuation is removed, and non-string values are filtered out. The code
further cleans the text by eliminating repeated characters and alphanumeric patterns
(A-Z, 0-9). Stopwords (common but uninformative words like "the", "and", "is") are
removed using NLTK's stopwords list. The cleaned text is then tokenized and processed
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through stemming (reducing words to their root forms) and lemmatization (converting
words to their base or dictionary form) using NLTK's tools. Finally, the code installs and
utilizes the "emoji’ package to strip emojis from the text. This thorough preprocessing
pipeline ensures that the text is cleaned, normalized, and prepared for accurate and
meaningful NLP analysis.

3.2.3 Sentiment Scoring:-

Each text entry in the dataset was subjected to sentiment analysis using four distinct
models, each offering a unique approach to evaluating sentiment polarity. The first
method employed was TextBlob, a lexicon-based tool that assigns sentiment polarity
scores ranging from -1 (most negative) to +1 (most positive), code for the same is as
shown in Fig.3.5 . This method is widely used for its simplicity and effectiveness in
capturing general sentiment trends. The second method utilized was VADER (Valence
Aware Dictionary and sEntiment Reasoner) , a rule-based model specifically optimized
for sentiments expressed in social media contexts, code for the same is as shown in
Fig.3.6. VADER is capable of detecting nuanced sentiment expressions including slang,
emojis, and punctuation-based emphasis (e.g., all-caps or exclamation marks), making it
highly suitable for analyzing informal and short texts.

The third sentiment analysis technique applied was Afinn as shown in Fig.3.7, which
assigns integer-based sentiment scores ranging from -5 (highly negative) to +5 (highly
positive). Afinn’s lexicon is particularly effective for brief textual inputs and supports a
straightforward interpretation of sentiment intensity. Lastly, SentiWordNet Fig.3.8 was
incorporated for a more granular, word-level sentiment analysis. Unlike the other
models, SentiWordNet provides sentiment scores for individual words based on their
part-of-speech and semantic context within the WordNet lexical database. This allows
for a detailed classification of each word’s positivity, negativity, and objectivity.

After calculating sentiment scores using these four models, the results were aggregated
on a yearly basis, covering the period from 2015 to 2025. This temporal aggregation
enabled the identification and analysis of sentiment trends over time, providing insights
into how public opinion or emotional tone has evolved throughout the decade,
particularly in relation to key socio-economic or geopolitical events.

Sentiment score using TEXTBLOB
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Ipip install textblob
from textblob import TextBlob
import pandas as pd
# Function to get TextBlob sentiment scores
def get textblob_sentiment(text):
blob = TextBlob(text)
return blob.sentiment.polarity, blob.sentiment.subjectivity

# Apply TextBlob to DataFrame
text_df[['textblob polarity', 'textblob subjectivity']] = text df[ 'text'].apply(lambda x: pd.Series(get textblob_sentiment(x)))

# Classify sentiment polarity based on polarity score
text_df[ 'textblob_sentiment'] = text_df['textblob_polarity'].apply(lambda x: 'positive’ if x > @ else 'negative' if x < @ else 'neutral')

text_df

# Convert 'date’ column to datetime format (handle errors gracefully)

text_df['date'] = pd.to_datetime(text_ df['date'], errors="coerce")

# Extract the year

text_df['year'] = text df[ 'date’].dt.year

# Aggregate sentiment by year

text_yearly_sentiment = text_df.groupby('year')[ 'textblob_polarity'].mean().reset_index()
print(text_yearly_sentiment.head())|

Fig. 3.5 Code for calculating yearly aggregate sentiment score using Textblob

Sentiment score using VADER

Ipip install vaderSentiment
from vaderSentiment.vaderSentiment import SentimentIntensityAnalyzer
import pandas as pd

# Initialize VADER sentiment analyzer
analyzer = SentimentIntensityAnalyzer()

# Function to get VADER sentiment scores
def get vader_sentiment(text):
scores = analyzer.polarity_scores(text)
return scores['compound'], scores['pos’], scores[‘neu’], scores['neg']

# Apply VADER to DataFrame
text_df[[ "vader_compound®, 'vader_positive', ‘vader neutral', ‘vader_negative']] = text_ df[ 'text'].apply(lambda x: pd.Series(get_vader_sentiment(x)))

# Classify sentiment polarity based on compound score
text_df[ 'vader_sentiment’] = text_df['vader_compound'].apply(lambda x: 'positive’ if x > .05 else 'negative’ if x < -0.05 else 'neutral’)

text_df

# Aggregate Sentiment by Year

text_yearly_sentiment_vader = text_df.groupby( year')['vader_compound'].mean().reset_index()
print(text_yearly sentiment vader.head() )|

Fig. 3.6 Code for calculating yearly aggregate sentiment score using VADER

Sentiment score using AFINN
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Ipip install afinn
from afinn import Afinn

# Initialize Afinn
afinn = Afinn()

# Apply Afinn sentiment analysis
text_df['afinn_score'] = text_df['text'].apply(afinn.score)

# Classify polarity based on score
text_df['afinn_sentiment'] = text_df['afinn_score®].apply(lambda x: ‘positive’ if x > @ else 'negative’ if x < @ else 'neutral”)

text df

# Aggregate Sentiment by Year

text_yearly sentiment_afinn = text df.groupby('year®)['afinn_score’].mean().reset_index()
print(textjear‘lyﬁsentimentiafinn.head())l

Fig. 3.7 Code for calculating yearly aggregate sentiment score using AFINN

Sentiment score using SentiWordNet

nltk.download( 'sentiwordnet")
from nltk.corpus import sentiwordnet as swn
from nltk.tokenize import word_tokenize

# Function to calculate sentiment score using SentiWordNet
def sentiwordnet_score(text):
tokens = word_tokenize(text.lower())
pos_score, neg_score = 0, @
for token in tokens:
synsets = list(swn.senti synsets(token))
if synsets:
pos_score += synsets[@].pos_score()
neg_score += synsets[e].neg score()
return pos_score - neg_score

# apply sentiwordnet sentiment analysis

text_df['sentiwordnet_score'] = text_df['text'].apply(sentiwordnet_score)

text_df['sentiwordnet_sentiment'] = text df['sentiwordnet_score'].apply(lambda x: 'positive’ if x > @ else "negative’ if x < @ else "neutral’)
text_df

# Aggregate Sentiment by Year

text_yearly sentiment_sentiword = text df.groupby('year')['sentiwordnet score’].mean().reset_index()
print(text_yearly_sentiment_sentiword.head() )|

Fig. 3.8 Code for calculating yearly aggregate sentiment score using SentiWordNet
3.3 Phase III : Correlation Analysis Between Sentiment & Economic
Indicators

This section outlines the methods used to examine the relationship between sentiment
and economic indicators through statistical analysis and machine learning-based
predictive validation.

3.3.1 Visualization & Statistical Testing:-

To examine the relationship between public sentiment and economic indicators, we used
several analytical techniques.
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Spearman correlation heatmaps were utilized to visualize the strength and direction of
these associations. The Spearman rank correlation coefficient, a non-parametric
measure, was chosen due to its ability to capture monotonic relationships between
variables, even when the data does not follow a normal distribution. This made it
particularly suitable for analyzing complex socio-economic data combined with
sentiment scores derived from textual sources. In the heatmaps, positive correlation
values indicated a direct relationship with increasing levels of optimistic sentiment, such
as positive language or expressions of confidence which tended to align with favorable
economic outcomes, including rising GDP, lower unemployment, or reduced inflation.
Conversely, negative correlation values suggested increased pessimism in public
sentiment such as expressions of fear, dissatisfaction, or uncertainty which coincided
with economic downturns, like declining trade activity, rising debt, or economic
contraction. These visualizations provided an intuitive and effective way to interpret the
underlying relationships between public mood and macroeconomic trends across the
studied timeframe. They also offered insights into which sentiment indicators most
closely mirrored changes in specific economic variables, thereby supporting further
analysis and predictive modeling efforts.

import seaborn as sns
# Select relevant columns: sentiment + economic indicators
cols = ['TextBlob', "VADER', 'AFINN', ‘Sentiwordnet’,
‘Inflation(® change)®, 'GDP(¥% change)', "Unemployment Rate (¥ of labour force)’,
‘Govt. Debt(% of GDP)", 'Trade (% of GDP)",
'FDI net inflows (BoP, current Us$)', "Military expenditure (current LCU)']
data = df[cols]
# Compute Spearman correlation matrix
spearman_corr = data.corr(method="spearman’)
# Plot it
plt.figure(figsize=(12, 8))

plt.title(" Spearman Correlation Matrix for Ukraine™)
plt.show(ﬂ

Fig. 3.9 Code for plotting spearman correlation heatmap

To evaluate the potential predictive power of sentiment on economic outcomes, the
Granger causality test was employed. This statistical method is specifically designed to
assess whether one time series can be used to forecast another, making it well-suited for
exploring temporal relationships between sentiment trends and macroeconomic
indicators. In this study, the test was used to determine whether historical sentiment data,
extracted from sources such as public discourse, news articles, and social media
contained significant predictive information about future changes in key economic
variables, including GDP, inflation, unemployment, and government debt.

By applying the test across two time lags, the analysis aimed to capture both immediate
and delayed effects of sentiment on economic performance. A statistically significant
result would suggest that sentiment does not merely react to economic conditions but
may also anticipate and influence them, thus serving as a leading indicator. These
findings have valuable implications for economic forecasting, offering potential
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improvements in the accuracy and responsiveness of traditional models when sentiment
data is integrated.

# Granger Causality Test (Checking if Sentiment can predict GDP Growth)

max_lag = 2

test results = {}

for sentiment in ["Textblob”, "vader”, "Afinn", "Sentiwordnet™]:
test_result = grangercausalitytests(df_merged[["GDP(% change)™”, sentiment]], max_lag, verbose=False)
p_values = [round(test_result[i][e][ "ssr_chi2test'][1], 4) for i in range(1, max_lag + 1)]
test results[sentiment] = p values

granger_results_df = pd.DataFrame(test_results, index=[f"Lag {i}" for i in range(1, max_lag + 1)])
print(“Granger Causality Test Results:")
print(granger results df)

Fig. 3.10 Code for Granger Causality Test

Time-series line plots were utilized as a visual analytical tool to explore the dynamic
relationship between sentiment and various economic variables across the study period.
These plots allowed for the simultaneous tracking of yearly sentiment scores generated
from text data and corresponding macroeconomic indicators such as GDP, inflation,
unemployment, and trade activity from 2015 to 2025. By plotting these variables on a
common temporal axis, it became possible to visually assess patterns, trends, and
co-movements between public sentiment and economic performance over time.

This visual approach was particularly effective in identifying parallel movements, where
shifts in sentiment whether positive or negative appeared to align with similar
directional changes in economic indicators. For instance, periods marked by declining
sentiment often coincided with economic downturns, while more optimistic sentiment
trends aligned with phases of growth or recovery. These time-series plots served not
only as a preliminary diagnostic tool but also supported the findings of statistical tests by
offering intuitive, interpretable evidence of potential associations and lagged effects
between public mood and economic conditions.
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# Normalize data for better visualization

scaler = MinMaxScaler()

e = ["GDP(% change)", "Textblob", "Vader", "Afinn", "Sentiwordnet"]
df_normalized = df_merged.copy()

df_normalized[columns_to_normalize] = scaler.fit_transform(df_merged[columns_to_normalize])

# Normalize GDP, CPI, Inflation, and Sentiment Scores

columns_to normalize = ["GDP(% change)", "CPI()", "Inflation(% change)", "Textblob", "Vader", "Afinn", "Sentiwordnet"]

scaler = MinMaxScaler()

dF_meﬁged‘[‘gc‘)‘l‘gv;lﬁ‘s‘_‘%;_‘normalize] = scaler.fit_transform(df_merged[columns_to_normalize])

# Plot GDP, CPI, Inflation along with Sentiment Trends

plt.figure(figsize=(14, 7))

:p:yi;.plot(df_merged["\"ear*"], df_merged["GDP(% change)"], label="GDP Growth (Mormalized)", color="blue", marker="o", linestyle="-")

plt.plot(df_merged["Year"], df merged["CPI()"], label="CPI (Normalized)", color="red", marker="s", linestyle="-")

‘_‘\_‘_.plot(dfﬁmerged["ﬁ’ear"], df_merged["Inflation(¥ change)"], label="Inflation (Normalized)", color="green", marker=""", linestyle="-")

nY:V.plot(d'F_mergEd["Year"], df_merged["Textblob"], label="TextBlob Sentiment (Normalized)", color="purple", marker="d", linestyle="--")
["Year"], df merged["Vader"], label="VADER Sentiment (Normalized)", color="orange", marker="x", linestyle="--")
["Year"], df merged["Afinn"], label="AFINN Sentiment (Normalized)", color="brown", marker="#*", linestyle="--")
[

"Year"], df merged["Sentiwordnet"], label="SentiWordNet Sentiment (Normalized)", color="pink", marker="v", linestyle="--")

plt.plot (df_merged
plt.plot(df_merged
plt.plot(df_merged

# Mark Ukraine-Russia War Start (2022)

\p}fg.axvline(x:2822, color="black", linestyle=":", linewidth=2, label="Ukraine-Russia War Start")
plt.xlabel("Year")

plt.ylabel("Normalized Values")

plt.title("Economic Indicators and Sentiment Trends (Normalized)")

plt.legend()

plt.grid(True)

:p:ifé.show()

Fig. 3.11 Code for plotting Line Plot for trend analysis

To further investigate the predictive relationship between sentiment and economic
performance, A Pearson correlation analysis was conducted to investigate the strength
and direction of the linear relationship between sentiment scores and key economic
indicators, specifically GDP, inflation, and unemployment across different phases of the
Russia-Ukraine conflict. The analysis was performed on three distinct sub-periods:
pre-war, during-war, and post-war, to capture how the nature of sentiment-economy
relationships may have evolved over time due to geopolitical disruptions.

To enhance the temporal sensitivity of the analysis, sentiment scores were lagged by one
year, meaning that the sentiment from a given year was compared with the economic
outcomes in the following year. This lagging approach was used to test the hypothesis
that shifts in public sentiment could act as early warning signals of upcoming changes in
economic conditions. By correlating lagged sentiment with subsequent economic
performance, the study aimed to assess the predictive value of sentiment, rather than
merely its concurrent association with macroeconomic variables
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# (Create lagged sentiment columns (only Lag 1)
for col in ['TextBlob', 'VADER', 'AFINN', 'SentillordNet']:
df[f'{col}_lagl'] = df[col].shift(1)
# Define lagged sentiment columns and economic indicators
sentiment_lags = [f'{col}_lagl' for col in ['TextBlob', 'VADER', "AFINN', 'SentillordNet']]
economic_indicators = [
'GDP (% change)',
'Inflation(% change)’,
'Unemployment Rate (% of labour force)’
]
# Split into sub-periods
df_prewar = df[df['Year'].between(20615, 2021)]
df_peakwar = df[df['Year'].between(2022,2023)]
df_postwar = df[df['Year'].between(2024, 2025)]
# Define a function to compute and display correlations
def show _correlations(df_subset, label):
print(f"\nT Correlation during for Ukraine {label} period:")
for senti in sentiment_lags:
if senti in df_subset.columns:
print(f"\n® Correlation for {senti}:")
valid _cols = [senti] + [col for col in economic_indicators if col in df_subset.columns]
print(df subset[valid cols].dropna().corr().loc[senti, valid cols[1:7])
else:
print(f" 4. Skipping {senti}: not in DataFrame.")
# Run for all periods
show_correlations(df_prewar, "Pre-War (2015-2021)")
show_correlations(df_peakwar, "Peak War (2022,2023)")
show_correlations(df_postwar, "Post-Peak (2824-2025)")

Fig. 3.12 Code for calculating Pearson correlation analysis for lagged sentiment on
different war phases

3.3.2 XGBoost and Random Forest for Historical Validation Using Sentiments:-

Historical validation in machine learning refers to the process of training predictive
models on past data to assess their ability to forecast future outcomes. In this study,
historical validation was carried out by training machine learning models on data
spanning from 2015 to 2023, with the objective of predicting economic indicators for the
years 2024 and 2025. This approach ensures that the models are evaluated under realistic
conditions, where only historical information is available at the time of prediction,
thereby simulating a real-world forecasting scenario.

The primary input features for the models were sentiment scores derived from multiple
sentiment analysis techniques, including VADER, TextBlob, AFINN, and SentiWordNet.
These models captured varying aspects of public mood and emotional tone expressed in
text data related to Ukraine and Russia. The sentiment scores were used to predict key
macroeconomic indicators such as GDP, inflation, and unemployment, providing a novel
way to assess whether shifts in public sentiment can inform economic forecasting.
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To perform the predictions, two powerful machine learning algorithms: XGBoost and
Random Forest were implemented. These ensemble learning methods are well-regarded
for their robustness, handling of non-linear relationships, and high predictive accuracy.
By comparing model performance across different sentiment inputs, the analysis aimed
to identify which sentiment model best correlates with and forecasts economic trends.

This historical validation process not only helped assess the predictive reliability of
sentiment-based features but also demonstrated the potential of integrating sentiment
analysis with machine learning for proactive economic decision-making and policy
planning in volatile geopolitical contexts.

import pandas as pd

import xgboost as xgb

from sklearn.metrics import mean_absolute_error

from itertools import combinations

# Define economic indicators as targets

economic_indicaters = [“CPI()", "Inflation(% change)"”, "GDP(%¥ change}",
"Unemployment Rate (% of labour force)”, "Govt. Debt(% of GDP)",
"Trade (% of GDP)", "FDI net inflows (BoP, current US$)", "Military expenditure (current LCU)"]

# Define sentiment analyrzers as features

sentiments = [“TextBlob™, "VADER", "AFINN™, “"SentiWordNet™]

# Split data

# Evaluate sach sentiment analyzer
results = {}
for sentiment in sentiments:
errors = {}
for target in economic_indicators:
# Train model
X_train, y_train = train[[sentiment]], train[target]
X_test, y_test = test[[sentiment]], test[target]

model = xgb.XGBRegressor({objective='reg:sguarederror’, random_state=42)
model.fit(X_train, y_train)

# Predict
y_pred = model.predict(x_test)

# Calculate error

mas = mean_absolute_error(y_test, y_pred)
errors[target] = mae
results[sentiment] = sum(errors.values()) / len(eccnomic_indicaters) # Average MAE

# Find the best sentiment analyzer
best_sentiment = min(results, key=results.get)
print("Best Sentiment Analyzer:”, best_sentiment)
print("MAE Scores:”, results)

Fig. 3.13 Code for Historic validation of economic indicators using XGBoost model and
sentiments as feature
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import pandas as pd
from sklearn.ensemble import RandomForestRegressor
from sklearn.metrics import mean_absolute_error
# Define economic indicators as targets
economic_indicaters = ["CPI()", "Inflation(¥% change)", "GDP(% change)”,
"Unemployment Rate (¥ of labour force)", "Govt. Debt(%¥ of GDP)",
"Trade (% of GDP)", "FDI net inflows (BoP, current US$)", "Military expenditure (current LCU)™]

# Define sentiment analyzers as features

sentiments = [“TextBlob™, "VADER", "AFINN", "SentikordNet"]
# split data

# Evaluate each sentiment analyzer
results = {}
for sentiment in sentiments:
errors = {}
for target in economic_indicators:
# Train model
X_train, y_train = train[[sentiment]], train[target]
X_test, y_test = test[[sentiment]], test[target]

model = RandomForestRegressor(random_state=42)
model.fit(X_train, y_train)

# Predict

y_pred = model.predict(X_test)

# Calculate error

mae = mean_absolute_error(y_test, y pred)

errors[target] = mae

results[sentiment] = sum{errors.values()) / len(economic_indicators) # Average MAE

# Find the best sentiment analyzer
best_sentiment = min{results, key=results.get)

print(“"Best Sentiment Analyzer:", best sentiment)
print("MAE Scores:", results)

Fig. 3.14 Code for Historic validation of economic indicators using Random Forest
model and sentiments as feature

3.3.3 Hypothesis Testing:-

Hypothesis testing is a statistical approach used to assess assumptions about
relationships between variables. In this study, we test how sentiment, particularly during
crises, influences economic indicators. These hypotheses stem from observed trends
during geopolitical events and the growing role of sentiment in shaping economic
expectations.

1. Sentiment-Driven Economic Shocks Are Stronger in Crisis Periods : The
relationship between sentiment and economic indicators intensifies during
periods of geopolitical crises or economic downturns, leading to extreme
sentiment correlations with key macroeconomic variables.

2. Sentiment-Based Economic Predictions Vary Across Economic Structures :
The effectiveness of sentiment analysis models in predicting economic indicators
depends on a country’s economic structure, resilience, and exposure to external
shocks.

3. Military Expenditure Has a Strong Trade-Off with Economic Growth and
Trade : Increased military spending negatively impacts trade and economic
growth,with varying effects across different economic and geopolitical contexts.
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4. Economic Recovery Patterns Differ Based on Conflict Impact and Policy
Response: Countries recovering from war or economic shocks exhibit different
recovery trajectories depending on the severity of the impact and the
effectiveness of policy responses.

5. The Predictive Power of Sentiment Analysis Models Evolves Over Time :
The effectiveness of sentiment analysis models in predicting economic indicators
changes over time, influenced by economic conditions, technological
advancements, and shifts in public discourse.
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CHAPTER 4
RESULT AND DISCUSSION

Following the proposed three-phase methodology, missing economic data were imputed,
sentiment scores were calculated, correlations between sentiment and economic
indicators were analyzed, and relevant hypotheses were tested to uncover the impact of
public sentiment on economic trends during the Russia-Ukraine war.

4.1 Filling missing economic data

To determine the most appropriate forecasting models tailored to each country’s
economic characteristics, we conducted a comprehensive evaluation of three
well-established time series forecasting techniques: Vector Autoregression (VAR),
Seasonal Autoregressive Integrated Moving Average (SARIMA), and Meta’s Prophet
model. These models were rigorously applied across four critical economic indicators :
Consumer Price Index (CPI), Trade (measured as a percentage of GDP), Foreign Direct
Investment (FDI) net inflows, and Military Expenditure.

To objectively assess and compare model performance, we employed three widely
recognized statistical error metrics: Mean Absolute Error (MAE), which provides a
straightforward measure of prediction accuracy; Root Mean Squared Error (RMSE),
which penalizes larger errors more severely and is sensitive to outliers; and Mean
Absolute Percentage Error (MAPE), which allows for intuitive percentage-based
comparisons across different magnitudes of economic data. Each model's output was
evaluated against historical data for these metrics to ensure robust and unbiased
selection. Through this empirical evaluation process, several important insights were
derived regarding the relative strengths and weaknesses of each model in forecasting
different types of economic indicators under varying conditions. These insights are
summarized as follows:

For Ukraine:

For Ukraine, the results indicate a consistent superiority of the SARIMA model across
all economic indicators:

e CPI: SARIMA outperforms both VAR and Prophet with significantly lower
MAE (189.37), RMSE (191.86), and MAPE (70.70%). VAR performed
extremely poorly due to scale mismatch, and Prophet's error was considerably
higher.

e Trade (% of GDP): SARIMA again provides the best forecast accuracy with an
MAE of 36.10 and RMSE of 37.50, compared to higher errors from VAR and
Prophet. Its MAPE of 39.50% is also the lowest among the models.
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e FDI net inflows: SARIMA offers the most reliable performance with MAE
(4.83¢+09), RMSE (6.40e+09), and MAPE (540.63%), outperforming the
high-error VAR and Prophet models. While MAPE is still large due to scale, it is
significantly lower than alternatives.

e Military Expenditure: SARIMA produces the most accurate results (MAE:
1.83e+12, RMSE: 2.63e+12, MAPE: 816.84%), with VAR and Prophet yielding
much higher errors.

SARIMA is the most effective and consistent model for forecasting all selected
economic indicators, making it the best choice for Ukraine.

For Russia :

For Russia, the optimal model varies depending on the specific indicator, suggesting a
hybrid model approach:

e CPI: SARIMA provides the best forecasts with the lowest MAE (47.01), RMSE
(47.37), and MAPE (27.19%). Both VAR and Prophet are less accurate

e Trade (% of GDP): SARIMA also excels in this category, achieving the lowest
MAE (4.18), RMSE (5.04), and MAPE (8.75%), indicating high predictive
accuracy.

e FDI net inflows: VAR performs best with significantly lower MAE (1.07¢+10),
RMSE (1.31e+10), and MAPE (104.14%) compared to SARIMA and Prophet,
which yield much higher errors.

e Military Expenditure: VAR again outperforms other models, achieving the
lowest MAE (6.34e+11), RMSE (7.20e+11), and MAPE (15.34%), while
SARIMA and Prophet result in substantially higher errors.

A hybrid approach to model selection was found to yield the most accurate and reliable
results. Specifically, the SARIMA model demonstrated superior performance in
forecasting variables such as CPI and Trade, likely due to its strength in capturing
seasonal patterns and autocorrelations in univariate time series data. In contrast, the VAR
model proved to be more effective for modeling FDI and Military Expenditure, which
are better suited to multivariate time series techniques that account for the dynamic
interdependencies between variables. This strategic combination of models capitalizes
on the unique advantages each offers within their respective domains.

Building on these findings, missing values in the economic dataset were imputed using
the model that performed best for each corresponding indicator. For instance, SARIMA
was used to estimate missing CPI and Trade data, while VAR was applied to interpolate
absent values in FDI and Military Expenditure. After the imputation process, the final
version of the economic dataset was manually reviewed, curated, and assembled to
ensure consistency and accuracy. The resulting complete dataset, ready for further
analysis, 1s as follows:
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Year [ CPI Inflatio | GDP( | Unempl | Govt Trade [ FDI Militar
n(%cha | %chan | oyment | debt(% | (% of | net y
nge) ge) Rate (% | of GDP) [inflow | expendi
of labour | GDP) ( BoP, | ture(cur
force) Curren | rent
t US$) | LCU)

2015 | 151.5294 | 15.534 | -1.973 | 5.575 15.286 | 49.3593 | 685297 | 4047613
641 4931 0000 000000

2016 | 162.2008 | 7.042 0.194 5.525 14.849 ]46.5181 | 325389 | 4644799
473 1984 00000 | 000000

2017 | 168.1752 | 3.683 1.827 |52 14311 |46.8765 | 285574 | 3902412
389 2434 40000 | 000000

2018 | 173.0158 | 2.878 2.806 |[4.8 13.62 51.5809 | 878485 | 3863469
221 0037 0000 000000

2019 | 180.7502 | 4.47 2.198 4.6 13.748 | 49.2287 | 319747 | 4217092
637 5366 70000 | 000000

2020 | 186.8626 | 3.382 -2.654 | 5.767 19.156 | 45.9669 | 947881 | 4462125
219 082 0000 000000

2021 | 199.3720 | 6.694 5.867 | 4.833 16.397 |50.1964 | 404500 | 4855157
633 411 00000 | 000000

2022 | 254.0764 | 13.75 -1.247 |3.95 18.51 43.2587 | -39800 | 7150000
163 0482 944227 | 000000

2023 | 271.2560 | 5.859 3.649 3.167 19.546 | 41.8285 | -10045 | 9300000
372 2518 103795 | 000000

2024 | 217.0283 | 7.861 3.625 2.6 19.87 40.9972 | 225716 | 4451256
773 1779 73847 | 916741

2025 | 235.8992 | 5915 1.347 | 3.004 20.412 | 52.0414 | 245786 | 4641032
249 98 75903 | 185152

Table 4.1 : Final economic data of Russia

24




Year CPI Inflatio | GDP( | Unemp | Govt Trade [ FDI Military
n(%cha | %chan | loymen | debt(% | (% of | net expendi
nge) ge) t Rate |of GDP) | inflow | ture(cur

(% of | GDP) (BoP, | rent
labour Curren | LCU)
force) t USS)

2015 180.499 | 48.684 | -9.773 9.143 79.331 107.806 | -19800 | 7651616

827 6163 0000 0000

2016 205.612 | 13.913 | 2.441 9.45 79.513 105.521 | 412800 | 8751000

2449 2049 0000 0000
2017 235.299 | 14.443 | 2.36 9.65 71.62 104.034 | 368000 | 9669114
2044 9829 0000 0474
2018 261.068 | 10.947 | 3.488 9 60.408 | 99.1998 | 497500 | 1294228
8343 1507 0000 90647
2019 281.658 | 7.886 3.2 8.5 50.616 |90.5112 | 579600 | 1617899
5956 3429 0000 34872
2020 289.354 | 2.74 -3.753 9.15 60.591 | 79.1564 | 304000 | 1844552
8945 5238 000 07912
2021 316.447 | 9.361 3.446 9.835 48.925 | 82.6979 | 795400 | 1867183
596 6136 0000 96189
2022 380.318 [ 20.183 [ -28.759 [ 24.528 | 77.721 87.3965 | 221000 | 1343435
229 1399 000 116952
2023 429.185 | 12.851 | 5.324 19.072 | 82.329 | 78.0981 | 480500 | 2382451
403 1367 0000 228053
2024 423.122 | 5.836 3 14.199 [95.592 |57.6536 | 531035 | 3307059
2132 6824 5941 971504
2025 446.756 | 8.976 2.5 12.706 | 106.635 | 66.1076 | 828449 | 4088781
6324 8218 2157 151957

Table 4.2 : Final economic data of Ukraine
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4.2 Aggregated Sentiments

After preprocessing raw textual data and applying sentiment analyzer (TextBlob,
VADER, AFINN, and SentiWordNet), sentiment scores were aggregated yearly resulting
in following output:

Year | Textblob polarity | vader compound | afinn score | sentiwordnet score
2015 0.04631410256 [ 0.01651538462 | 0.0769230769 0.1538461538
2016 0.06279085498 0.0590260274 | 0.1917808219 0.09417808219
2017 0.05656555549 0.1056448276 | 0.0862068965 0.1810344828
2018 0.05177836775 | -0.02339791667 -0.6875 0.0078125
2019 0.01615397407 | -0.02669579832 | -0.6218487395 0.07457983193
2020 0.03022280316 | -0.01367435897 | -0.5311355311 -0.005494505495
2021 0.01835522071 0.0013249499 [ -0.2299599198 0.02455561122
2022 0.02485909655 [ -0.07010751163 | -0.4726849689 0.03496869225
2023 0.03129231724 | -0.02367098146 | -0.342157285 0.03368515389
2024 0.03195506714 [ -0.02961485641 | -0.3786873362 0.02538725255
2025 0.02932714889 [ -0.01964601393 | -0.3529944438 0.02349855225

Table 4.3 Yearly aggregated Sentiment Scores

4.3 Correlation Analysis: Spearman Heatmaps

From the spearman correlation heatmaps for Ukraine and Russia shown in fig below, we
can draw insights into how economic factors interact with sentiment scores in both
countries. The Spearman correlation heatmaps for Ukraine and Russia highlight key
differences in how economic indicators and sentiment analysis models interact. In
Ukraine, there is a strong negative correlation between military expenditure and trade
(0.95), indicating that increased military spending significantly impacts trade.
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Additionally, inflation and sentiment models like SentiWordNet (0.69) show a strong
correlation, suggesting that public sentiment in Ukraine is highly reactive to inflationary
pressures.

Spearman Correlation Matrix for Ukraine

lextulob -

VADER J 3 X . o3 012 -e7s

AFINN

Sentiwordner

Inflation(% cha

GOP(% chal

Unemployment Rate (% of labour force)

Govt. Debt(% of GDP)

Irade (%% of GLP)

FDI net inflows (BoP.

VADER -
AFINN

Trade (% of GDP)

FOIna
Wilary expenditure fcurrent LCY) -

Fig. 4.1 Spearman Correlation Heatmap for Ukraine

Spearman Correlation Matrix for Russia

Iextsiob —

VADFR -os

AFINN
06

Sentiwordnet

Intlation(% change) 0.4

GDP(% change
« ge) oz

Unemployment Rate (% of labour force)

0.0
GovE. Debt(% of GDI)
Trade (% of GPP) —o.2
FDI net inflows (BoP, current US$)
—o0.a

Military expendilure (current LEU)

Got. Debt(% of GOP)
Trads

Unzmploymant Rate (% of labcur force) [l
Military expenditure (current LCU) - ¢

Fig. 4.2 Spearman Correlation Heatmap for Russia

Unemployment and government debt also demonstrate stronger correlations with
sentiment metrics, reinforcing the notion that economic instability is closely linked with
negative public sentiment. The negative relationship between military expenditure and
sentiment models further supports the idea that increased defense spending leads to
pessimism in public perception. In contrast, Russia’s correlation matrix presents a more
stable economic structure, with weaker correlations between sentiment and key
economic indicators. While unemployment shows a high correlation with VADER
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sentiment (0.73), other relationships are comparatively less pronounced. The negative
correlation between government debt and sentiment models like TextBlob (-0.27) and
VADER (-0.31) suggests that debt accumulation in Russia has a limited but noticeable
impact on public perception. Unlike Ukraine, military expenditure does not exhibit as
strong a negative correlation with trade (-0.39), indicating a more resilient trade
environment despite increased defense spending. Overall, the findings suggest that
Ukraine’s economic sentiment is more volatile and reactive to economic fluctuations,
while Russia’s economic sentiment remains relatively stable despite external pressures.

4.4 Granger Causality Test

The Granger Causality test helps determine whether past sentiment scores can predict
economic factors. The p-values indicate the statistical significance of this relationship,
with lower values (< 0.05) suggesting a stronger causal link. The Granger causality test
reveals differences in the influence of sentiment on economic factors between Ukraine
and Russia as presented in Table 4.1 and Table 4.2.

For Russia:
Textblob Vader Afinn SentiWordNet
Lag 1 0.5270 0.9202 0.6476 0.1679
Lag?2 0.0014 0.9541 0.6543 0.5647
Table. 4.1 Granger Causality Test Result for Russia
For Ukraine:
Textblob Vader Afinn SentiWordNet
Lag 1 0.0390 0.7027 0.9906 0.5549
Lag?2 0.1279 0.7699 0.2058 0.1105

Table. 4.2 Granger Causality Test Result for Russia
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In Ukraine, TextBlob sentiment at lag 1 (p = 0.0390) shows a significant causal
relationship with economic indicators, while at lag 2, SentiWordNet (p = 0.1105) and
TextBlob (p = 0.1279) approach significance, indicating a potential delayed effect. In
contrast, Russia exhibits weaker overall causality, with only TextBlob at lag 2 (p =
0.0014) showing a significant causal link. This suggests that in Ukraine, sentiment has a
more immediate impact on economic variables, whereas in Russia, sentiment-driven
economic effects emerge over a longer period. These results align with Ukraine’s higher
economic volatility and Russia’s slower but more controlled economic response to
sentiment shifts.

4.5 Comparing XGBoost and Random Forest for Historical Validation

Using Sentiments

Results for Historic validation and MAE scores obtained after applying XGBoost and
Random Forest on Ukraine economic indicators while keeping sentiment scores as
features are depicted in Fig. 4.6 and Fig. 4.7 , while the same for Russia is depicted in
Fig. 4.8 and Fig. 4.9.

Best Sentiment Analyzer: TextBlob
MAE Scores: {'TextBlob': 229612479926.3604, 'VADER': 378529855330.4612, 'AFINN': 294511063516.1642, 'SentilordNet': 443061300772.9528}

Fig. 4.3 XGBoost Model validation and MAE score for Ukraine

Best Sentiment Analyzer: AFINN
MAE Scores: {'TextBlob': 287821116720.9208, 'VADER': 361769685119.1059, 'AFINN': 212804968611.654, 'SentilWordNet': 373510813889.34875)

Fig. 4.4 Random Forest Model validation and MAE score for Ukraine

Best Sentiment Analyzer: SentiWordNet
MAE Scores: {'TextBlob': 465918915873.51337, 'VADER': 222154379491.45032, 'AFINN': 333403902945.1882, 'SentiWordNet': 75945934915.52464}

Fig. 4.5 XGBoost Model validation and MAE score for Russia

Best Sentiment Analyzer: VADER
MAE Scores: {'TextBlob': 328491358714.8892, 'VADER': 13438@956666.79564, 'AFINN': 499251266688.8025, 'SentiWordNet': 170095053824.7282}

Fig. 4.6 Random Forest Model validation and MAE score for Russia
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For Russia, XGBoost significantly outperforms Random Forest (MAE: 75.95B vs.
134.30B), indicating better predictive power. Whereas for Ukraine Random Forest
(MAE: 212.80B) slightly outperforms XGBoost (MAE: 229.61B), but the difference is
marginal.

So, XGBoost is the superior model as it provides more accurate forecasts for Russia and
performs comparably well for Ukraine. This analysis highlights that XGBoost’s ability
to capture complex sentiment-economic interactions makes it more effective for
economic forecasting than Random Forest. However, no specific sentiment analyzer
could be said best for predicting economic indicator using this method

4.6 Trend Analysis

This section analyzes the temporal relationship between sentiment and economic
indicators, highlighting how their interactions shifted before, during, and after the
Ukraine Russia war.

Line Plot and Pearson Correlation Analysis with Lagged Sentiment for Ukraine &
Russia:-

Economic Indicators and Sentiment Trends (Normalized)

1.0 1 —&— GDP Growth (Normalized)

—#— CPI (Normalized)

e ,/4_—:!1— Inflation (Normalized)

~ —&- TextBlob Sentiment (Normalized)
PO VADER Sentiment (Normalized)

—#= AFINN Sentiment (Normalized)
SentiwordNet Sentiment (Normalized)
«+ Ukraine-Russia War Start

0.8 1

e
o
L

Normalized Values
e
=
L

0.2+

0.0+

2024

Fig. 4.7 Line plot for trend analysis of economic indicator vs Sentiment for Ukraine
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T Correlation during for Ukraire Pre-War (2015-2021) period:

@ Correlation for TextBlob_lagl:

T Correlation during for Ukraine Peak War (1822,2823) period:

@ Correlation for TextBlob lagl:

GDR(X change) 8.717468 GOP(% change) 1.8
Inflation(® change) B.787582 Inflatien(® change) 1.8
Unenploynent Rate (% of labour force)  -8.147282 Unesploynent Rate (X% of labour force) -1.8
Mame: TextBlob_lagl, dtype: floatsd Mame: TextBlob_lagl, diype: floatsd

@ Correlation for VADER_lagl: @ Correlation for VADER_lagl:

GDP(% changs) B.414837 GOP(% change} 1.8
Inflation(E change) B. 684288 Inflation(X change) 1.8
Unenploynent Rate (% of labour force)  8.885578 Unenployment Rate (% of labour force) 1.8
Mame: VADER lagl, diype: floatéd Mane: VADER lagl, dtype: fleatéd

@ Correlation for AFINN_lagl: @ Correlation for AFINM lagl:

EDP(% changs) B.354832 GOR(% change) 1.8
Inflation(E change) B.839577 Inflation(® change) 1.8
Unenploynent Rate (% of labour force)  8.362423 nenploynent Rate (% of labour force) 1.8
Mame: AFTNM_lagl, diype: floatbd Mame: AFTHM_lagl, dtype: floatfd

@ Correlation for Sentiborddet lagl: @ Correlation for SentiWorddet_lagl:

GDR(X change) f.811E71 GDP(X change) Le
Inflation(X change) B.428782 Inflation(® change) -1.8
Inemploynent Rate (X of labour force) -8.882817 Unenployment Rate (X of labour force) -1.8

Name: SentiwerdMet_lagl, dtype: floatéd Mame: SentikordNet_lagl, dtype: floatéd

T Correlation during for Ukraine Post-Peak {2824-2025) period:

@ Correlation for TextBleb lagl:

GDP(% change) -1.8
Inflation(® change) 1.8
Unenployment Rate (X of labour force) -1.8

Mame: TextBleb_lagl, dtype: floatéd

@ Correlation for VADER_lagl:

GOP(X change) 1@
Inflation(X® change)
Wnenploynent Rate (% of labour force) 1.8
Mame: VADER_lapgl, diype: Floatéd

@ Correlation for AFTNN lagl:

DR (X change) 1.8
Inflation(E change)
Inenploynent Rate (% of labour force) 1.8
Mame: AFTNM lagl, diype: Floated

@ Correlation for SentiWorddet_lagl:

GDP (X change) 1.8
Inflation(X change)
Unenployment Rate (X of labour force) 1.8
Mame: SentiWordlet_lagl, diype: floatéd

Fig. 4.8 Pearson correlation analysis with lagged sentiments on different war phases for
Ukraine
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For Russia :

@ Correlation for TextBlob lagl:

T Correlation for Russia during Pre-War (2815-2821) period:

¥ Correlation for Russia durimg Peak War (2822,2833) period:

@ Correlation for TextBlob lagl:

GDP(X change) B.323841 GDP(X change) 1.8
Inflation(® change) -8. 187692 Inflation(% change) 1.8
Unenployment Rate (X of labour force)  -8.498623 Iherployment Rate (X of labour force) -1.8
Mame: TextBlob lagl, dtype: floatéd Mame: TextBlob_lagl, dtype: floatéd

® Correlation for VADER_lagl: ® Correlation for VADER_lagl:

GDP(X change}) B.134E82 GOP(X change) 1.8
Inflation(® change) -8. 425691 Inflation(X change) 1.8
Unenploynent Rate (¥ of labour force) -8.195336 Unenploynent Rate (¥ of labour force) 1.8
Mame: VADER lagl, dtype: floatéd Mame: VADER_lagl, diype: floalbd

® Correlation for AFINN_lagl: @ Correlation for AFTNN_lagl:

GOP(% change) f.828748 GDP(% change) -1.8
Inflation(® change) -8. 874177 Inflation(X change) 1.8
Unemployment Rate (X of labour force) B.137748 nenploynent Rate (% of labour force) 1.8
Mame: AFTNM lagl, diype: floatbd Mame: AFINM lagl, diype: floattd

® Correlation for SentilWorddet_lagl: @ Correlation for SentikordMet_lagl:

GDP(X change) -8, 344084 GOP(% change) 1.8
Inflation(E change) -8. 258026 Inflation(X change) -1.8
Unenployment Rate (¥ of labour force) 8.333877 Unenployment Rate (X of labour force) -1.8

Mame: SentiWordNet_lagl, diype: floated Name: SentikoroWet_lagl, dtype: floatéd

T Correlation for Russia during Post-Peak (2824-2825) period:

@ Correlation for TextBlob lagl:

GDP(X change) -1.8
Inflation{s change) -1.8
Unenployment Rate (% ef labour force) 1.8
Mame: TextBlob_lagl, dtype: floatéd

@ Correlation for VADER_lagl:

GOP(% change) 1.8
Inflation{s change) 1.8
Unenploynent Rate (% of labour force) -1.8
Mame: VADER_lagl, dtype: floatéd

@ Correlation for AFINM lagl:

GDP(% change) 1.8
Inflation(% change) 1.8
Uneaploynent Rate (X of labour force) -1.8
Mame: AFINN lagl, diype: floatéd

@ Correlation for Sentikorddet_lagl:

GDP(% change) 1.8
Inflation(X change) 1.8

Uenploynent Rate (% of labour foree) -1.8
Name: SentiWordNet_lagl, diype: floatéd

Fig. 4.9 Pearson correlation analysis with lagged sentiments on different war phases for
Russia
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Economic Indicators and Sentiment Trends (Normalized)
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Fig. 4.10 Line plot for trend analysis of economic indicator vs Sentiment for Russia

The line as shown in plots Fig 4.11 and 4.13 illustrate the evolution of GDP growth,
CPI, inflation, and sentiment scores over time. Pearson correlation analysis with lagged
sentiments on different war phases as shown in Fig 4.10 and Fig.4.12 for both the
countries give following observation along with line plots:

e Pre-War Trends (2015-2021): Before the war, Ukraine and Russia exhibited
economic growth, but with distinct characteristics. Ukraine’s economy was
volatile, with fluctuating GDP growth, unstable inflation, and cyclical sentiment
shifts, showing optimism followed by downturns around 2018-2019. Russia, on
the other hand, maintained more stable economic growth with lower inflation,
though sentiment exhibited a gradual decline. Correlation analysis reveals that
before the war, sentiment had a stronger relationship with economic indicators in
Ukraine than in Russia, with TextBlob sentiment highly correlated with GDP
(0.71) and inflation (0.78). This suggests that Ukraine’s public sentiment was
more sensitive to economic changes, while Russia’s economic sentiment
remained more detached from direct economic fluctuations.

e Impact of the Ukraine-Russia War (2022): The war in 2022 triggered a sharp
economic downturn in both nations, with GDP falling and inflation surging.
Sentiment dropped drastically, reflecting heightened economic distress and
uncertainty. The Pearson correlation analysis showed that during this period,
sentiment correlations with GDP and inflation became extreme, reaching perfect
correlations (1.0) in both countries. This highlights how economic sentiment was
directly influenced by war-driven economic shocks. The line plot confirms this
with clear downward trends in GDP and sentiment, reinforcing that war led to a
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synchronized economic and psychological shock in both nations. Interestingly,
different sentiment models reacted differently, with VADER and AFINN
showing opposite trends, suggesting divergence in how various sentiment
measures capture crisis periods.

Post-War Recovery (2023-2024): Following the war, Ukraine’s economy
showed a stronger recovery, with GDP rebounding, though inflation persisted as
a challenge. Sentiment indicators improved but remained below pre-war levels,
reflecting lingering uncertainty. In contrast, Russia’s recovery was slower, with
continued inflationary pressures and moderate sentiment recovery, suggesting a
more gradual stabilization process. Pearson correlation results revealed a reversal
in sentiment correlations, with TextBlob and SentiWordNet showing negative
correlations with GDP (-1.0) and inflation (-1.0), while VADER and AFINN
displayed positive correlations. This reversal indicates that sentiment closely
tracked both the economic downturn during the war and the subsequent recovery.
While the line plot captures the overall trend of recovery, the correlation analysis
provides deeper insight into how sentiment responded differently across various
economic conditions in each country.

By combining these insights, the findings emphasize the interconnected nature of
economic performance and sentiment, particularly during periods of crisis and recovery.
While Ukraine’s sentiment appears more reactive to economic changes, Russia’s
sentiment remains more insulated, aligning with its slower but steadier economic
response.

4.6 Performance Matrix

All the metrics used to measure the performance of different models is depicted in the
following table with the results

Stage Method Country Metric(s) Value(s)/Key Findings
Missing Data SARIMA Ukraine MAE, RMSE, Lowest error across all
Imputation MAPE indicators — used entirely
for Ukraine.
SARIMA, VAR | Russia MAE, RMSE, SARIMA best for CPI
MAPE and Trade; VAR best for
FDI and Military
Spending.
Correlation Spearman Ukraine Spearman’s Trade—Military
Analysis Heatmap p Spending: -0.95,
Inflation—SentiWordNet:
0.69, Unemployment and
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Debt correlate negatively
with sentiment.

Russia Spearman’s Unemployment-VADER
p 1 0.73, Military
Spending—Trade: -0.39;
overall weaker links.

Granger Causality | Granger Ukraine p-value TextBlob (lag 1): 0.0390
Test Causality (<0.05) (significant), lag 2
results suggest delayed
influence.
Russia p-value TextBlob (lag 2): 0.0014
(<0.05) - shows delayed
sentiment impact.
Machine Learning | XGBoost vs. Russia MAE XGBoost: 75.95B,
Models Random Forest Random Forest: 134.30B

— XGBoost superior.

Ukraine MAE Random Forest:
212.80B, XGBoost:
229.61B — small
difference; both
effective.

Trend Analysis Line Plots, Ukraine Pearson’s r Pre-war:

Pearson GDP-TextBlob:0.71,
Correlation Inflation—TextBlob:0.78.
During War:
GDP-TextBlob 1.0.
Post-war:
GDP-TextBlob: -1.0.

Russia Pearson’s r Pre-war: stable growth.
During War:
GDP-TextBlob: 1.0.
Post-war: mixed
recovery and
correlations.

Table 4.6: Final performance metric table

4.7 Hypothesis Testing results:-
Based on the findings, the following hypotheses were observed:

1. Sentiment-Driven Economic Shocks Are Stronger in Crisis Periods: Pearson
correlation analysis shows that during the peak war years, sentiment correlations
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with GDP and inflation reached extreme values (1.0 or-1.0), indicating that
economic sentiment became overwhelmingly reactive to crisis conditions. This
insight is valuable for policymakers and economists worldwide, as it highlights
the need to closely monitor public sentiment during global economic shocks
(e.g., financial crises, pandemics, wars) to anticipate economic instability.

Sentiment-Based Economic Predictions Vary Across Economic Structures :
XGBoost vs. Random Forest results show that XGBoost significantly
outperforms for Russia, while Random Forest performs slightly better for
Ukraine. This suggests that different models are more effective in different
economic environments. In economies with strong central control (like Russia),
sentiment shifts impact economic variables more gradually, while in more
volatile economies (like Ukraine), sentiment-driven fluctuations are immediate
and stronger. This has implications for economic forecasting in various countries.
Military Expenditure Has a Strong Trade-Off with Economic Growth and
Trade : Spearman correlation analysis shows a strong negative correlation
between military expenditure and trade (-0.95) in Ukraine, while in Russia, this
relationship is weaker (-0.39). This suggests that in some economies, heavy
defense spending comes at a significant economic cost, while others can sustain
military spending with less economic disruption. This hypothesis is crucial for
countries with high defense budgets (e.g., the U.S., China, India) as it suggests a
potential trade-off between national security and economic prosperity. It also
underscores the importance of balancing defense policies with economic growth
strategies to maintain long-term stability.

Economic Recovery Patterns Differ Based on Conflict Impact and Policy
Response: line plot results show that Ukraine experienced a sharper post-war
economic recovery, with GDP growth rebounding faster, while Russia’s recovery
was slower and marked by prolonged inflationary pressures. This indicates that
the depth of the initial economic shock and government responses shape
recovery speed and stability. This hypothesis is applicable to post-conflict or
crisis-affected economies worldwide, helping policymakers design strategies for
faster economic stabilization and resilience-building in the aftermath of major
disruptions.

The Predictive Power of Sentiment Analysis Models Evolves Over Time:
Granger causality results show that in Ukraine, sentiment has a more immediate
impact on economic indicators, while in Russia, the effects emerge over a longer
period. Additionally, different sentiment models (TextBlob, SentiWordNet) show
varying levels of predictive power across different time lags. This suggests that
sentiment models used for economic forecasting need periodic recalibration as
economic structures, media landscapes, and public sentiment dynamics evolve. It
is particularly important for financial markets, policymaking, and central banks
relying on Al-driven economic forecasting tools.
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CHAPTER - 5

CONCLUSION & FUTURE SCOPE

This study demonstrates the profound and asymmetric influence of public sentiment on
the economic trajectories of Ukraine and Russia during the Russia-Ukraine conflict. By
integrating sentiment analysis with macroeconomic indicators, it uncovers distinct
patterns in how economic activity and public perception interact in times of crisis. The
results indicate that Ukraine exhibits stronger and more volatile correlations between
sentiment and key economic variables, particularly inflation, trade, and military
expenditure. In contrast, Russia’s sentiment-economy relationship is more stable and
exhibits delayed effects, consistent with its more centralized and controlled economic
structure. Granger causality analysis reinforces this temporal divide: sentiment has an
immediate impact on Ukraine's economy, whereas in Russia, the effects are
lagged.Machine learning model validation further supports these observations. XGBoost
consistently outperforms Random Forest for Russia, indicating higher accuracy in
capturing its complex but stable economic patterns. Meanwhile, Random Forest
provides slightly better predictive performance for Ukraine, reflecting the noisier and
more reactive nature of its sentiment-economy dynamics. Time series analysis and line
plots reveal divergent post-war recovery trends: Ukraine shows a sharper downturn in
2022 but rebounds rapidly, while Russia’s recovery is slower and more controlled.
Additionally, Pearson correlation with lagged sentiment scores demonstrates that
sentiment becomes highly predictive during crisis periods, confirming its critical role in
short- and long-term economic forecasting. These findings underscore the value of
sentiment analysis as a forecasting tool in conflict-driven economies and suggest its
broader applicability in anticipating and managing economic volatility.

Future research should focus on enhancing the granularity and accuracy of sentiment
analysis by incorporating deep learning-based natural language processing (NLP)
models such as BERT or LSTM networks. These models could better capture contextual
nuances and emotional intensity across various textual data sources. Additionally,
exploring real-time sentiment monitoring and its integration into macroeconomic policy
tools could offer practical benefits for governments and financial institutions seeking to
stabilize economies during conflicts and crises. Further expansion of the dataset to
include more diverse linguistic and regional inputs could also improve model
generalizability and robustness.
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Abstract. The Russia-Ukraine war has significantly impacted the economies
of both nations. This study integrates public sentiment with the economy.
Key indicators were collected from the World Bank and the International
Monetary Fund (IMF). Missing values were predicted using Seasonal
AutoRegressive Integrated Moving Average (SARIMA) and Vector Au-
toRegression (VAR). Public sentiment was derived from tweets, news ar-
ticles, and Reddit comments, analyzed using multiple sentiment analysis
tools. Annual sentiment scores were correlated with economic indicators
using Spearman correlation and Granger causality tests. Pearson corre-
lation with lagged sentiments and line plots captured sentiment patterns
across different war phases. eXtreme Gradient Boosting (XGBoost) and
Random Forest were used to assess sentiment’s predictive power in eco-
nomic forecasting. Results indicate Ukraine’s economy is highly sensitive
to certain factors, while Russia’s resilience is state-driven, with sentiment
having an immediate impact on Ukraine’s economy but a delayed effect
on Russia. Findings highlight sentiment analysis’s role in economic fore-
casting, aiding policymakers and analysts.

Keywords: Russia-Ukraine War, Economic Impact, Sentiment Analy-
sis, Time Series Forecasting, Machine Learning.

1 Introduction

Wars cause major economic disruptions, affecting trade, military spending, GDP,
inflation, and employment. Since February 2022, the Russia-Ukraine war has
worsened inflation, reduced foreign investment, and increased government debt.
Sanctions imposed on Russia, along with damage to Ukraine’s infrastructure,
deepen instability, impacting markets and public sentiment, both of which in-
fluences economic decisions and consumer confidence. This study measures eco-
nomic uncertainty using sentiment analysis of news and social media. Unlike
most prior research focusing on either sentiment or economic forecasting alone,
we combine both for a comprehensive view of war-driven economic disruptions.
To address this gap, this study integrates sentiment analysis with time series
economic forecasting. The key contributions of our work are as follows:
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— Our findings provide valuable information on how public sentiment can serve
as an early indicator of economic downturns or recoveries, aiding in economic
decision-making.

— The correlation between sentiment and economic indicators suggests that
similar approaches could be used to predict economic trends during future
geopolitical crises.

— Our work contributes to the literature on war economics by demonstrating
how public perception influences and reflects economic realities.

2 Related Work

The intersection of sentiment analysis and economic forecasting has gained in-
creasing attention, especially in financial markets and macroeconomic analysis.
This section reviews key research on sentiment analysis, statistical causality, and
machine learning for economic prediction.

Sentiment Analysis on the Russia-Ukraine War: Sahi et al. [I6] ap-
plied machine learning to Twitter data to gauge public sentiment. Sinha et al.
[18] examined temporal sentiment shifts, while Menaouer et al. [T4] used knowl-
edge graph convolutional networks for war related sentiment analysis.

Sentiment and Economic Indicators Several studies have linked sen-
timent to economic variables. Polyzos [I5] assessed tweet influence on macro-
financial metrics. Aygun et al. [3] used aspect-based sentiment analysis to study
global food security. Abakah et al. [I] explored effects on blockchain and FinTech
stocks, and Bollen et al. [§]lanalyzed sentiment’s role in stock markets. Grebe et
al. [T0]studied war-related uncertainty in the German economy, while Sulong et
al. [T9] examined sentiment on G7 debt markets amid sanctions. Izzeldin et al. [11]
compared market reactions to the war and the COVID-19 pandemic. Bruhin et
al. [7] analyzed impacts across Europe.

Sentiment Analysis in Economic Forecasting Beyond conflict studies,
sentiment aids broader economic forecasting. Algaba et al. [2] proposed meth-
ods to convert sentiment into economic indicators. Lukauskas et al. [13], Chong
et al. [9] and Seki et al. [I7] applied media sentiment to predict inflation and
GDP. Foundational works by Baker et al. [4] and Tetlock [20]highlight how the
policy and media sentiment shape markets. Ray Li et al. [I2] showed Twitter
sentiment’s predictive power on cryptocurrency prices.

To the best of our knowledge, this study offers a more comprehensive ap-
proach than prior research by integrating sentiment trends and macroeconomic
indicators, rather than analyzing them in isolation.

3 Background

This section provides the theoretical foundation of the methodologies used in this
study and explains how sentiment trends can be linked to economic indicators.
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Time series forecasting for economic data completion and senti-
ment analysis for war-related public opinion Time series forecasting pre-
dicts future values using historical data patterns. Vector Autoregression (VAR)
models relationships among multiple economic variables, while Seasonal Au-
toregressive Integrated Moving Average (SARIMA) extends the ARIMA model
with seasonality for univariate forecasts. PROPHET handles missing data and
trend shifts effectively. Model accuracy was evaluated using Mean Absolute Er-
ror (MAE), which measures the average absolute difference between actual and
predicted values. A lower MAE indicates better performance.

Sentiment analysis quantifies emotions in text. Models used include TextBlob
(a lexicon-based model scoring from -1 to +1), VADER (Valence Aware Dictio-
nary and Sentiment Reasoner, ideal for social media), Afinn (ranging from -5 to
+5), and SentiWordNet (which provides word-level sentiment scores).

Correlation Analysis Between Economic Indicators and Sentiments
The Spearman heatmap visualizes correlations between sentiment scores and
economic indicators, with high values indicating strong links between public
perception and economic shifts. The Granger causality test determines whether
past sentiment can predict future economic changes. Line plots were used for
trend analysis, while lagged Pearson correlations assessed sentiment’s predic-
tive power with positive values signaling growth and negative values indicating
decline.

To validate predictive accuracy using historical data, XGBoost (Chen and
Guestrin) [§] and Random Forest (Breiman)[6] were employed. XGBoost cap-
tures nonlinear sentiment-economy relationships with high accuracy, while Ran-
dom Forest averages predictions from multiple decision trees. Together, these
approaches provide a multi-dimensional understanding of how sentiment influ-
ences economic dynamics over time.

Heatmap analysis reveals correlation patterns, the Granger causality test
identifies the direction of influence, and time-series visualizations track how sen-
timent and economic trends evolve over time.

4 Methodology

This study integrates time series forecasting, sentiment analysis, and correla-
tion analysis to examine the economic effects of the Russia-Ukraine war. The
methodology consists of three main phases: economic data preparation, senti-
ment analysis, and correlation analysis, as shown in Fig[I]

Phase 1 : Economic Data Collection and Forecasting for Correlation
Analysis

Economic data for Russia and Ukraine were sourced from the World Bank and
IMF. Missing values were imputed using the most accurate time series forecasting
models, selected based on error analysis.
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Fig. 1: Proposed methodology flowchart

Data Collection and Missing Value Imputation Using Time Series
Models Yearly economic data for Russia and Ukraine (2015-2025) was sourced
from the World Bank and IMF, covering CPI, inflation, GDP growth, unemploy-
ment, government debt, trade, FDI net inflows, and military expenditure. Data
was stored in CSV files for each country. However, Trade, FDI, and military ex-
penditure data were missing for 2024-2025 in both countries, while Russia’s CPI
data was unavailable for 2022-2023. To address these gaps, SARIMA, VAR, and
Prophet time series models were tested and the model with the lowest prediction
error was selected for each series.

Phase 2 : Sentiment Analysis of Public Reactions to the War

Tweets, Reddit comments, and news articles were collected, preprocessed, and
analyzed for sentiment using TextBlob, VADER, AFINN, and SentiWordNet.

Data Collection and Sentiment Scoring A total of 503,696 text records
were collected from Twitter, Reddit, and news articles (via Kaggle and Google
NewsAPI), covering the years 2015-2025. This enabled sentiment trend anal-
ysis before, during, and after the peak Russia-Ukraine war period. Duplicates
were removed, and all records were merged into a dated text file. The raw text
was cleaned using standard NLP techniques, including lowercasing, removal of
URLs, hashtags, usernames, punctuation, special characters, stopwords, emojis,
and repeated characters, along with lemmatization. Each entry was then ana-
lyzed using four sentiment models: TextBlob, VADER, Afinn, and SentiWord-
Net. Sentiment polarity scores were computed and aggregated annually to track
sentiment trends over time.

Phase 3 : Correlation Analysis Between Sentiment & Economic
Indicators

This section outlines the methods used to examine the relationship between senti-
ment and economic indicators through statistical analysis and machine learning-
based predictive validation.
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Visualization & Statistical Testing To examine sentiment’s link to eco-
nomic indicators, methods included Spearman heatmaps (showing direction and
strength of associations), Granger causality tests (assessing sentiment’s predic-
tive power), and time-series plots (revealing parallel trends). Pearson correlations
with one-year lagged sentiment further highlighted its potential as an early sig-
nal for changes in GDP, inflation, and unemployment, emphasizing sentiment’s
forecasting value.

XGBoost and Random Forest for Historical Validation Using Sen-
timents Historical validation in machine learning involves training models on
past data (2015-2023) to predict future outcomes (2024-2025). In this case, sen-
timent analysis models are used to predict key economic indicators for Ukraine
and Russia. The goal is to determine which sentiment model most accurately
captures economic trends using machine learning models: XGBoost and Random
Forest.

Hypothesis Testing
This study tests five key hypotheses:

—_

. Sentiment-Driven Economic Shocks Are Stronger in Crisis Periods.

. Sentiment-Based Economic Predictions Vary Across Economic Structures.

3. Military Expenditure Has a Strong Trade-Off with Economic Growth and
Trade.

4. Economic Recovery Patterns Differ Based on Conflict Impact and Policy
Response.

5. The Predictive Power of Sentiment Analysis Models Evolves Over Time.

[\

By integrating these methodologies, this study provides a rigorous, data-
driven approach to understanding how sentiment influences economic trends
during geopolitical conflicts.

5 Results and Discussion

To fill gaps in the economic data (2015-2025), SARIMA, VAR, and Prophet
models were evaluated using MAE, RMSE, and MAPE. SARIMA showed the
lowest errors for Ukraine and was used entirely. For Russia, SARIMA worked
best for CPI and trade, while VAR outperformed for FDI and military spending,
resulting in complete datasets for both countries. Now, to investigate the rela-
tionship between sentiment and economic indicators during the Ukraine-Russia
conflict, we used correlation heatmaps, Granger causality tests, trend analysis,
and machine learning models to uncover patterns and evaluate predictive per-
formance.

5.1 Correlation Analysis: Spearman Heatmaps

Fig |2[ shows Spearman correlation heatmaps for Ukraine and Russia, we can
draw insights into how economic factors interact with sentiment scores in both
countries.
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Spearman Correlation Matrix for Ukraine
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Spearman Correlation Matrix for Russia
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Fig. 2: Spearman correlation heatmaps for Ukraine and Russia economic
factors with sentiment score

Spearman heatmaps reveal differences between Ukraine and Russia in sentiment-
economic links. Ukraine shows a strong negative correlation between military
spending and trade (-0.95) and high inflation correlation with SentiWordNet
sentiment (0.69), indicating public sensitivity to economic instability. Unem-
ployment and government debt similarly align with negative sentiment. In Rus-
sia, unemployment correlates strongly with VADER sentiment (0.73), but other
links are weaker. Government debt has modest negative correlations, and mili-
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Table 1: Granger Causality Test Results for Ukraine
Lag TextBlob VADER AFINN SentiWordNet

1 0.0390  0.7027 0.9906 0.5549
2 0.1279  0.7699 0.2058 0.1105

Table 2: Granger Causality Test Results for Russia
Lag TextBlob VADER AFINN SentiWordNet

1 0.5270  0.9202 0.6476 0.1679
2 0.0014 0.9541 0.6543 0.5647

tary spending’s weaker impact on trade (-0.39) suggests Russia’s trade is more
resilient to defense expenditure.

5.2 Granger Causality Test

The Granger Causality test assesses whether past sentiment scores can predict
economic factors, with p-values below 0.05 indicating significant causal links.
Results show differing impacts in Ukraine and Russia. In Ukraine, TextBlob
sentiment at lag 1 (p = 0.0390) significantly predicts economic indicators, while
SentiWordNet (p = 0.1105) and TextBlob (p = 0.1279) at lag 2 suggest a possible
delayed effect. In Russia, only TextBlob at lag 2 (p = 0.0014) shows significance.
This indicates sentiment influences Ukraine’s economy more immediately, while
in Russia, effects appear more gradually reflecting Ukraine’s higher volatility
and Russia’s slower, more stable economic response.

5.3 Comparing XGBoost and Random Forest for Historical
Validation Using Sentiments

For Russia, XGBoost outperforms Random Forest (MAE: 75.95B vs. 134.30B),
showing better predictive power. For Ukraine, Random Forest (MAE: 212.80B)
slightly outperforms XGBoost (MAE: 229.61B); however, the difference is marginal.
Overall, XGBoost is superior, offering more accurate forecasts for Russia and
comparable performance for Ukraine. This suggests XGBoost’s strength in cap-
turing complex sentiment-economic relationships makes it more effective for eco-
nomic forecasting than Random Forest.

5.4 Trend Analysis

This section analyzes the temporal relationships between sentiment and eco-
nomic indicators, highlighting how their interactions shifted before, during, and
after the Ukraine-Russia war.
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Economic Indicators and Sentiment Trends
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Fig. 3: Line plots for Ukraine-Russia economic indicator vs sentiment trends

Line Plot and Pearson Correlation Analysis with Lagged Sentiment
The line plots in Fig[3] show the evolution of GDP growth, CPI, inflation, and
sentiment scores for Ukraine and Russia. From 2015 to 2021, Ukraine’s economy
was volatile, with fluctuating GDP and unstable inflation. Sentiment mirrored
this, with TextBlob strongly correlating with GDP (0.71) and inflation (0.78),
indicating tight sentiment-economy links. Russia showed steadier growth, lower
inflation, but gradually declining sentiment and weaker correlations. The 2022
war triggered GDP drops, inflation spikes, and sentiment crashes, with correla-
tions peaking at 1.0, signaling synchronized economic and psychological shocks.
Line plots confirm these disruptions, especially for Ukraine. Sentiment models
diverged: TextBlob and SentiWordNet tracked economic shifts, while VADER
and AFINN showed weaker or opposing trends, particularly in Russia. Post-war
(2023-2024), Ukraine rebounded faster despite persistent inflation, while Rus-
sia’s recovery was slower. Sentiment partly recovered, but reversed correlations
(e.g., TextBlob-GDP: —1.0) reveal the model-dependent and dynamic nature of
sentiment during recovery phases.
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Performance Metric Table

Stage Method Country Metric(s) Value(s) / Key Findings
Missing SARIMA Ukraine MAE;, Lowest error across all in-
Data Impu- RMSE, dicators — used entirely for
tation MAPE Ukraine.
SARIMA, Russia MAE, SARIMA best for CPI and
VAR RMSE, Trade; VAR best for FDI and
MAPE Military Spending.
Correlation Spearman  Ukraine Spearman’s Trade—-Military Spending:
Analysis  Heatmap 0 -0.95, Inflation—SentiWordNet:
0.69, Unemployment and
Debt correlate negatively with
sentiment.
Russia ~ Spearman’s Unemployment—VADER: 0.73,
p Military Spending—Trade:
-0.39; overall weaker links.
Granger  Granger Ukraine p-value TextBlob (lag 1): 0.0390 (sig-
Causality  Causality (< 0.05) nificant), lag 2 results suggest
Test delayed influence.
Russia  p-value TextBlob (lag 2): 0.0014 -
(< 0.05) shows delayed sentiment im-
pact.
Machine  XGBoost Russia  MAE XGBoost:  75.95B, Random
Learning  vs. Random Forest: 134.30B — XGBoost
Models Forest superior.
Ukraine MAE Random Forest: 212.80B, XG-
Boost: 229.61B — small differ-
ence; both effective.
Trend Line Plots, Ukraine Pearson’s r Pre-war: GDP-TextBlob:0.71,
Analysis  Pearson Inflation—TextBlob:0.78. Dur-
Correlation ing War: GDP-TextBlob 1.0.

Russia

Pearson’s r

Post-war: GDP-TextBlob: -
1.0.

Pre-war: stable growth. Dur-
ing War: GDP-TextBlob: 1.0.
Post-war: mixed recovery and

correlations.

5.5 Hypothesis Testing results

Based on the findings, the following hypotheses were assessed:
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1. Sentiment-Driven Economic Shocks Are Stronger in Crisis Peri-
ods : During peak war years, Pearson correlations between sentiment and
GDP /inflation reached 1.0, showing extreme reactivity to crisis conditions.
This highlights the importance of monitoring public sentiment during global
shocks like wars, pandemics, or financial crises to anticipate economic insta-
bility.

2. Sentiment-Based Economic Predictions Vary Across Economic
Structures : XGBoost outperforms for Russia, while Random Forest per-
forms slightly better for Ukraine. In stable, centrally controlled economies
(e.g., Russia), sentiment influences unfold gradually. In volatile economies
(e.g., Ukraine), effects are immediate. This suggests model choice should
align with the economic structure.

3. Military Expenditure Has a Strong Trade-Off with Economic Growth
and Trade : Ukraine shows a strong negative correlation between military
expenditure and trade (-0.95), compared to Russia’s weaker link (-0.39).
This implies high defense budgets may hinder trade and growth in some
economies. Nations with large military spending (e.g., U.S., China, India)
must balance security with long-term economic health.

4. Economic Recovery Patterns Differ Based on Conflict Impact and
Policy Response: Line plots show Ukraine’s faster post-war recovery, while
Russia’s was slower, marked by persistent inflation. This suggests recovery
speed depends on initial shock depth and policy response- vital insight for
post-crisis economic planning.

5. The Predictive Power of Sentiment Analysis Models Evolves Over
Time: Granger causality shows immediate sentiment impact in Ukraine, but
delayed effects in Russia. Model effectiveness also varies over time, stressing
the need for regular recalibration in economic forecasting.

These tests show sentiment is a leading economic indicator during crises, though
its predictive strength varies by method and context.

6 Conclusion and Future Work

The study highlights distinct sentiment-economy dynamics in Ukraine and Rus-
sia. Ukraine shows stronger, more volatile sentiment links to inflation, trade,
and military spending, while Russia’s are steadier. Granger causality reveals im-
mediate sentiment impact in Ukraine but delayed effects in Russia. XGBoost
outperforms Random Forest overall, particularly for Russia. Line plots show
Ukraine’s faster post-war recovery. Lagged Pearson correlations confirm senti-
ment’s predictive power, especially during crises. Overall, sentiment plays a key
role in forecasting, with Ukraine’s economy more sentiment-driven and reactive,
while Russia’s responds more gradually. However, this study is limited by the
yearly resolution of economic data, potentially masking short-term sentiment
effects. Future research could improve accuracy by integrating deep learning
NLP models and applying sentiment analysis in policymaking to better manage
economic disruptions during conflicts.
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