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Abstract: This research on the Russia-Ukraine conflict employs sophisticated data science 

methods and time series forecasting techniques to analyze Russian military casualties within 

a specific timeframe. The study aims to unravel the intricate dynamics of conflict by 

scrutinizing complex patterns and trends in the available data. The research encompasses a 

thorough examination of casualties, including soldiers, equipment, and vehicles, with the 

incorporation of key performance metrics like accuracy, MAE, MSE, RMSE, and R2. These 

metrics provide a quantitative assessment of forecasting models, enhancing the analysis by 

offering insights into the reliability and predictive capabilities of these models. The inclusion 

of forecasting models introduces a prognostic element, contributing valuable perspectives 

on potential future scenarios. The results not only enhance understanding of the ongoing 

conflict but also offer insights crucial for military decision-makers, politicians, and scholars 

involved in strategic analysis and risk assessment. By integrating advanced analytical 

techniques and performance metrics, this research aspires to provide a comprehensive and 

well-informed perspective on the evolving dynamics of the conflict, facilitating more effective 

decision-making in the realms of military strategy and policy. 

 

Keywords: Russia-Ukraine War, Military Losses, Casualty Analysis, Conflict Dynamics, 
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1. INTRODUCTION 

 

The enduring conflict between Russia and Ukraine, persisting since 2014, is a complex 

geopolitical contest with profound implications [1,17]. This research focuses on the concept of 

"war losses," acknowledging its multifaceted nature beyond mere statistical metrics [2,18,19]. 

The term encompasses a holistic understanding of military casualties, including both 

quantitative and qualitative aspects such as the human toll and strategic implications of armed 

conflict [3,21]. Recognizing the broader ramifications of combat casualties on humanitarian, 

strategic, and diplomatic levels underscore the importance of comprehending their 

complexities [5]. Military deaths extend beyond immediate victims, shaping nations and global 

perspectives [6]. Understanding temporal trends in military fatalities is crucial for informed 

decision-making, strategic planning, and international collaboration [7,22,23], with this 

research aiming to contribute significantly to this landscape [8]. 

 

Despite the acknowledged impact of military deaths in previous literature, a gap exists in 

utilizing advanced data science and time series forecasting methods in the context of the 

Russian-Ukrainian conflict [9,24]. Traditional approaches may limit the comprehension of 

evolving combat casualty patterns throughout history, potentially overlooking significant 

trends [10,25]. This study seeks to fill this gap by conducting a comparative analysis employing 

data science techniques and time series forecasting methodologies. Through sophisticated 

approaches such as machine learning and predictive analytics, the research aims to offer 

scholarly insights into the temporal patterns of military casualties during conflict. By 

expanding the current knowledge base, the study strives to provide a nuanced understanding of 

the dynamics surrounding military casualties through a comprehensive and data-driven 

examination. 

 

• Conduct a comparative examination of military casualties in Russia and Ukraine. 

• Apply data science techniques, including machine learning and predictive analytics. 

• Explore temporal patterns associated with casualties during times of conflict. 

• Contribute scholarly insights to enhance comprehension in this field. 

• Expand the existing body of knowledge surrounding military casualties. 

 

The primary research topic that underlies this investigation is:  

How can data science and time series forecasting enhance understanding of combat deaths in 

Russia and Ukraine? 

The systematic organization of the work includes an introduction, an extensive literature 

review, a detailed methodology section, outcomes, and comparative examinations, leading to 

discussions on discoveries and implications, and concluding with insights into potential future 

research directions. 

 

Related Works 

This literature review underscores the significance of time series forecasting in understanding 

and predicting military casualties, exploring various methodologies across classical and 

machine learning approaches [11]. Techniques like ARIMA and machine learning methods 
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such as SVR, KNN, and LSTM are evaluated, with simulation studies identified as valuable 

tools for informed decision-making [12]. Legislative attempts related to damage audits and 

compensation are discussed in addressing the repercussions of military activities, particularly 

in the context of Russian aggression [13]. Utilizing a qualitative methodology, the study 

employs a literature review to gather data, amalgamating pre-existing knowledge for a 

comprehensive understanding of war losses in the Russian-Ukrainian conflict [14]. The 

literature review also investigates statistical methodologies in time series forecasting, exploring 

their development and integration with Data Mining (DM) techniques, emphasizing 

advancements in analytical methodology [15]. A comprehensive survey covers a wide range 

of methodologies for predicting time series data, offering a detailed examination of strategies 

used in projecting military deaths during the Russian-Ukrainian war [16]. The literature review 

integrates diverse sources, enhancing understanding of time series forecasting, damage 

evaluation legislation, and qualitative methodologies. It contributes significantly to model 

selection for predicting military casualties. Additionally, the review enriches the analytical 

framework by incorporating forecasting methodologies, including statistical approaches and 

Data Mining applications. 

 

Table 1: Comparative performance and limitations of existing methods 

Reference Year Method Dataset Result Limitation 

Ganesh 

et. al [26] 
2023 

Sentiment 

analysis, 

Entity 

annotation 

11,250 tweets 

about Russia-

Ukraine war 

Text analysis 

Accuracy of 

0.84 

Relies on 11,250 

tweets for sentiment 

analysis, potentially 

omitting broader 

perspectives. 

Javad et. 

al [27] 
2022 

SVM, LR, 

RF, LSTM, 

Bi- LSTM 

 

Dataset from 

Yahoo Finance 

with crude oil 

features. 

The average 

mean 

absolute 

error value 

was 0.3786 

Employs SVM, LR, 

RF, LSTM, and Bi-

LSTM, but doesn't 

explore ensemble 

techniques. 

Sobana et 

al. [28] 
2021 

Regression-

based 

machine 

learning, 

Pattern-

based 

customized 

algorithm 

Dataset from 

Yahoo Finance 

and Indian 

National Stock 

Exchange, 

Dataset includes 

stock data from 

January 1, 

2013, to 

December 31, 

2018 

Algorithm 

is more 

accurate (10 

to 15%) 

Assesses pattern-based 

algorithm without 

benchmarking 

Luckyson 

et al. [29] 
2016 

Ensemble 

learning 

with random 

forest 

Not specific 

Out of Bag 

(OOB) 

error 

estimates 

Lacks specificity on 

the dataset used, 

impacting 
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classifier, 

Technical 

indicators 

used as 

inputs for 

training 

are 

encouraging 

reproducibility and 

external validation. 

Kumar et 

al. [30] 
2023 

RMSE and 

MAPE used 

as 

evaluation 

metrics 

Financial data: 

opening, high, 

low, and closing 

prices, 

Alternative data 

sources: social 

media 

sentiment, news 

articles 

Efficient in 

predicting 

closing 

price of 

stocks 

Limits evaluation to 

RMSE and MAPE, 

neglecting other 

relevant metrics for 

comprehensive 

assessment. 

 

2. METHODOLOGY 

 

Dataset Collection 

The datasets for this study were sourced from Kaggle, a reputable platform for data science 

and machine learning. Their careful selection aligns with the study objectives, leveraging 

Kaggle's diverse and community-driven resources for a comprehensive and insightful analysis 

[34]. 

 

Data Preprocessing 

Loading and Descriptive Analysis 

Efforts in the initial stage centered on understanding and managing the dataset. Utilizing 

specialized libraries, the "data.csv" dataset was structured into a Pandas Data Frame for 

systematic analysis. The exploratory study included the "Previewing Data" technique and 

descriptive statistics. The "Dataset Information" phase extracted crucial elements, such as data 

types and instances of missing information. 

 

Data Cleaning 

To optimize the usefulness and dependability of the dataset, crucial data-cleaning procedures 

were implemented: 

 

Date Formatting: To ensure uniformity in the display of data, the "date" column is converted 

into a standardized datetime format. 

 

Managing Missing Values and Outliers: Assumed data preprocessing, handling missing 

values, and detecting anomalies for reliability. 
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Exploratory Data Analysis (EDA) 

In the Time Series Analysis stage, personnel losses over two years were studied using Plotly 

Express, visualized with a dynamic line chart. Categorical Analysis from day 4 to day 61 

utilized a pie chart for the proportional distribution of personnel and prisoners of war. The 

Losses by Category analysis involved subplots with line charts representing different loss 

categories, including both actual and expected losses for a comprehensive two-year duration 

analysis. 

 

Using Prophet for Forecasting 

The Prophet library, designed for daily time series forecasting, incorporates seasonality and 

custom trend components for accurate predictions, making it effective for datasets with daily 

observations. [31]. 

The Prophet model represents time series data using the following equation: 

 

y(t)=g(t)+s(t)+h(t)+εt 

where: 

• g(t) represents the trend component modeling non-periodic changes over time. 

• s(t) represents the seasonal component capturing periodic changes. 

• h(t) includes holiday effects representing events that impact the time series. 

• εt is the error term representing any idiosyncratic changes or noise in the data. 

 

This equation provides a comprehensive framework for modeling time series data, and its 

adaptability to various applications makes Prophet a widely used tool in forecasting tasks [32]. 

 

Model Evaluation 

After generating post-forecasts, the evaluation of forecasting model performance entailed the 

computation of the Mean Absolute Error (MAE) for each model. The calculation of the Mean 

Absolute Error (MAE) involves determining the mean value of the absolute differences 

between the anticipated (yi) and actual (ai) values for each observation i within the dataset. The 

mathematical expression representing the Mean Absolute Error (MAE) is as follows: 

MAE= 
1

N
∑ |N

I=1 YI − AI|…………………………………………………………………...(1) 

The MSE measures the average of the squared differences between predicted and actual values. 

It is calculated using the formula: 

MSE=
1

n
∑ (yi − ŷi)

2n

i=1
…………………………………………………………………(2) 

where n is the number of observations, yi is the actual value, ŷiand is the predicted value for 

observation i. 

MSE penalizes larger errors more significantly, making it a useful metric for assessing the 

overall accuracy of a predictive model. 

The RMSE is the square root of the MSE and provides a measure of the average magnitude of 

errors. It is calculated using the formula: 

RMSE =√MSE……………………………………………………………………………(3) 

The R-squared value represents the proportion of the variance in the dependent variable that is 

predictable from the independent variables. It is calculated using the formula: 
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R2 = 1- 
∑ (yi−ŷi)2n

i=1

∑ (yi−y̅i)2n

i=1

………………………………………………………………………(4) 

where y̅i is the mean of the observed values. 

To express the Mean Absolute Error (MAE) as a percentage of accuracy, the formula is as 

follows: ā, denoting the mean of the actual values, is utilized: 

Accuracy(%) = (1 −
MAE

a̅
) × 100%.................................................................................(5) 

A greater level of accuracy percentage signifies the superior performance of the model, while 

100% accuracy means that the model's predictions precisely align with the average of the actual 

values [33]. 

 

3. RESULTS AND FINDINGS 

 

Personnel Loss Over 2 Years 

Figure 1 over the two-year Russia-Ukraine conflict vividly depicts personnel casualties' 

fluctuations, revealing a total loss of 299,940 individuals. The graph offers insights into the 

dynamic nature of military involvement, operational intensity, and the human toll of armed 

conflicts, making it a valuable resource for understanding temporal trends and variables 

influencing the conflict's fluctuations within the specified time frame. 

 

Figure 1: Temporal Analysis of Personnel Loss Over Two Years 

 

Prisoner of War (POW) Incidents 

Figure 2, using a fill-to-zero area plot, illustrates the time distribution of Prisoner of War 

(POW) occurrences in the Russia-Ukraine conflict from day 4 to day 63. Highlighting specific 

days, such as the 6th, 16th, 40th, 55th, and 63rd, the graph suggests potential encounters, 

escalating combat, heightened military activities, or strategic advancements. The precise 
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numerical outcomes provide a quantitative perspective on the fluctuations of POW 

occurrences, offering essential insights into the evolving dynamics of the conflict and valuable 

data points for further research. 

Figure 2: Dynamics of Prisoner of War (POW) Incidents Over the Course 

 

Personnel and Prisoner of War (POW) Distribution (Days 4 to 61) 

Figure 3 employs a pie chart to succinctly illustrate the distribution of personnel loss and 

Prisoner of War (POW) occurrences during the Russia-Ukraine conflict from day 4 to day 61. 

Workforce loss dominates the landscape, constituting 97.5%, emphasizing the profound 

influence of armed forces during this period. Notably, the pie chart reveals that POW 

occurrences amount to 2.46%, underscoring their significance within the wider framework of 

the conflict while comprising a smaller proportion of the total toll. The substantial disparity in 

proportions emphasizes the scale of personnel casualties, highlighting the human toll of the 

struggle and recognizing the impact of POW occurrences in the broader context of the war. 
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Figure 3: Distribution of Personnel and Prisoner of War (POW) Incidents from Day 4 to Day 

61 

Losses in Various Categories Over 2 Years 

Figures 4, 5, and 6 visually depict losses in Armored Personnel Carriers (APC), Tanks, Drones, 

Aircraft, and Helicopters throughout the two-year Russia-Ukraine conflict. Figure 4 highlights 

the substantial impact on ground-based military capabilities, with recorded highest losses of 

9775 and 5140 for APCs and Tanks, indicating vulnerability, potentially from high-intensity 

ground conflicts or deliberate targeting for strategic purposes. 

 

 
Figure 4: Analysis of Armored Personnel Carriers (APC) and Tanks Losses Across Two 

years 

 

In Figure 5, the examination of Drone and Aircraft losses reveals significant consequences for 

aerial assets, with maximum values of 5419 for Drones and 321 for Aircraft, indicating 

potential heightened deployment of drones for reconnaissance or offensive maneuvers, and 

efforts to safeguard and conserve technologically advanced aircraft resources. 
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Figure 5: Examination of Drone and Aircraft Losses Throughout a Two-Year Duration 

 

Finally, Figure 6 focuses on the losses incurred by helicopters, with a maximum value of 324. 

This indicates a considerable influence on the category of military vehicles about helicopters. 

Helicopters frequently assume pivotal roles in reconnaissance and direct combat scenarios, and 

the available data may provide insights into the difficulties and hazards linked to their 

operational deployment. 

 

 
Figure 6: Comprehensive Assessment of Helicopter Losses Across a Two-Year Timeline 

 

The thorough examination of subordinate storylines underscores the heterogeneous nature of 

losses across diverse military resources, providing significant insights into the strategic 

dynamics of the Russia-Ukraine conflict. Disparities in the upper limits of each category 

suggest varying degrees of vulnerability influenced by factors like strategic significance, 

operational use, and defensive measures, emphasizing the need for a broader analysis to 

enhance comprehension of patterns and consequences in the current battle. 
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Forecasting Future Losses Using Time Series Analysis (Prophet) 

Russian Military Personnel Deaths 

In Figure 7, utilizing the Prophet model, the projection of Russian military fatalities in the 

upcoming year reveals a significant and potentially unfavorable prospect, with the highest 

anticipated loss reaching 499,542, highlighting a crucial comparison between projected and 

observed data and emphasizing the need to assess the model's accuracy in forecasting. 

 

 
Figure 7: Estimating Losses: Russian Military Personnel Deaths in Next Year 

 

In a broader context, the anticipated substantial reduction in the workforce underscores the 

gravity and potential escalation of the war, emphasizing the importance of understanding and 

mitigating factors contributing to military fatalities, while predictive analysis stands as a 

valuable tool for military strategists, politicians, and humanitarian organizations to anticipate 

and respond effectively to the dynamic nature of the Russia-Ukraine conflict. 

 

Anticipated Losses in Various Categories 

Figures 8 to 19 depict the use of the Prophet model to predict losses in diverse military domains 

for the upcoming year within the framework of the Russia-Ukraine war. The maximum figures 

provided offer valuable insights into the possible magnitude of losses within each category. 
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Figure 8: Estimating the Number of Russian Aircraft to be Destroyed in the Next Year 

 

According to the data presented in Figure 8, the Prophet model provides an estimation of the 

potential destruction of Russian Aircraft in the upcoming year, reaching a maximum value of 

327. The significance of this number lies in its contribution to comprehending the prospective 

influence on air assets. It serves as a reflection of the model's ability to anticipate the level of 

intensity in aerial encounters or weaknesses within the Russian aircraft fleet. 

 

 
Figure 9: Project Anti-Aircraft Warfare Casualties in Next Year 

 

Figure 9 is dedicated to the projection of casualties in Anti-Aircraft Warfare for the upcoming 

year, with a maximum value of 1089. The prognosis has considerable importance in evaluating 

http://journal.hmjournals.com/index.php/JPPS
https://doi.org/10.55529/jpps.36.13.33
http://creativecommons.org/licenses/by/4.0/


Journal of Psychology and Political Science 

ISSN: 2799-1024    

Vol : 03, No. 06 , Oct-Nov 2023   

http://journal.hmjournals.com/index.php/JPPS 

DOI: https://doi.org/10.55529/jpps.36.13.33 

 

 

 

 

Copyright The Author(s) 2023.This is an Open Access Article distributed under the CC BY 

license. (http://creativecommons.org/licenses/by/4.0/)                                                             24 

the efficacy of anti-aircraft defenses and the potential ramifications for military troops engaged 

in such operations. 

 

 
Figure 10: Anticipated Losses: Armored Personnel Carries in Next Year 

 

Figure 10 presents a projection of anticipated losses in Armored Personnel Carriers (APC) for 

the upcoming year, with a notable peak value of 14,711. The significant statistic indicates 

possible weaknesses or increased land-based combat, underscoring the significance of armored 

personnel carriers (APCs) in military endeavors. 

 

 
Figure 11: Anticipated Missile Strikes: Cruise Missiles in Next Year 

 

Figure 11 presents the projections made by the Prophet model about missile strikes, primarily 

focusing on Cruise Missiles, for the upcoming year. The maximum projected value for these 
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strikes is 2549. This prediction offers valuable insights into the possible magnitude of missile-

based engagements and the strategic significance of cruise missile weapons. 

 

 
Figure 12: Forecasting UAV Drone Incidents for Next Year 

 

Figure 12 pertains to the prediction of Unmanned Aerial Vehicle (UAV) Drone occurrences 

for the upcoming year, exhibiting a maximum value of 11,193. This statistic highlights the 

growing significance of unmanned aerial vehicles (UAVs) in contemporary military operations 

and the potential obstacles or hazards linked to their use. 

 

 
Figure 13: Anticipated Losses: Field Artillery in Next Year 
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According to Figure 13, there is a projected decline in Field Artillery losses for the upcoming 

year, reaching a peak value of 16,461. The present projection offers essential insights into the 

prospective ramifications on artillery assets and their consequential importance in military 

endeavors. 

 

 
Figure 14: Anticipated Losses: Helicopter in Next Year 

 

Figure 14 displays the projected losses in Helicopters for the upcoming year as estimated by 

the Prophet model, with a maximum value of 362. This graphic shows the possible 

vulnerabilities or hazards that may relate to the deployment of helicopters in the war. 

 

 
Figure 15: Anticipated Losses: Multiple Rocket Launcher in Next Year 
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Figure 15 pertains to the prediction of losses in Multiple Rocket Launchers (MRL) for the 

upcoming year, with a maximum value of 1427. The assessment of this prognosis has 

significant importance in comprehending the probable ramifications of rocket launcher systems 

on the dynamics of the battle. 

 

 
Figure 16: Projected Naval Ship Losses in Next Year 

 

Figure 16 presents a projection of anticipated losses of Naval Ships throughout the upcoming 

year, with a maximum value of 27. The prognosis has significant importance in evaluating the 

prospective repercussions on naval assets and the maritime dimension of the battle. 

 

 
Figure 17: Anticipated Losses: Special Equipment in Next Year 
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According to Figure 17, the Prophet model predicts that there will be anticipated losses in 

Special Equipment for the upcoming year, reaching a maximum value of 2369. This graphic 

elucidates the possible hazards or problems entailed by specialized military equipment in the 

context of war. 

 

 
Figure 18: Projected Russian Tank Losses for Next Year 

 

Figure 18 pertains to the projection of anticipated Russian Tank losses for the upcoming year, 

with a maximum number of 8167. This projection offers an analysis of the likely weaknesses 

or obstacles encountered by tank units throughout the fight. 

 

 
Figure 19: Projected Vehicle and Fuel Tank Incidents Next Year 
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Figure 19 presents a projection of losses resulting from Vehicle and Fuel Tank events for the 

upcoming year, with a maximum value of 18,055. This statistic has significant importance in 

comprehending the probable ramifications on logistics and the accessibility of gasoline for 

military endeavors. 

 

Overall, the examination of these data provides a comprehensive perspective on anticipated 

deficits in various military domains, offering significant insights into potential developments 

and obstacles in the upcoming year. 

 

Summary of Forecast Accuracy 

The evaluation metrics, including Mean Absolute Error (MAE) and Accuracy Percentage, 

quantitatively assess the forecasting model's performance across various loss categories. 

Notably, Naval Ship losses exhibit a high precision with a 96.84% accuracy rate, reflecting 

strong correspondence between model forecasts and observed data. Accuracy percentages 

exceeding 90% in categories like Vehicles and Fuel Tanks (95.07%) signify robust accuracy, 

while Drone losses show a noteworthy accuracy of 88.92%. The analysis of accuracy 

percentages provides valuable insights into the model's reliability across diverse military 

predictions, highlighting strengths and areas for improvement. 

 

Overall Description 

 

Table 2: Comparative Analysis of Actual and Predicted Military Losses over the Recent Two 

Years 

Name of 

Losses 

Recent Two 

Years 

Losses 

(Actual) 

Next 

Year 

Losses 

(From 30 

October 

2023 to 

29 

October 

2024) 

(Predicte

d) 

Accurac

y 
MAE MSE RMSE R2 

Naval 

ship 
20 27 96.84% 0.32526 0.2233 0.4751 

0.986

5 

Vehicles 

and fuel 

tanks 

9555 18055 95.07% 56.3069 
13604.149

2 

116.626

8 

0.997

8 

Drone 5419 11193 88.92% 16.6088 722.8477 26.8858 
0.999

7 

Anti- 

Aircraft 
559 1089 87.02% 3.5955 28.3181 5.3215 

0.998

7 
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Field 

artillery 
7202 16461 85.03% 25.8151 1765.0326 42.0123 

0.999

5 

APC 9775 14711 83.63% 
32.0775

3 
2591.3289 50.9051 

0.999

5 

MRL 834 1427 79.78% 3.7962 25.6605 5.06563 
0.999

4 

Cruise 

missiles 
1544 2549 77.19% 10.8417 214.1073 14.6324 

0.999

2 

Tank 5190 8167 74.50% 23.0942 1223.2408 34.9785 
0.999

3 

Personne

l 

2999

40 
499542 73.83% 

378.438

5 

438020.83

86 

661.831

4 

0.999

9 

Aircraft 321 327 67.13% 1.2415 3.2433 1.8009 
0.999

2 

Helicopt

er 
324 362 63.27% 1.2347 3.6233 1.9035 

0.999

2 

special 

equipme

nt 

1014 2369 62% 3.9812 42.2777 6.5021 
0.999

5 

 

The table provides a detailed examination of losses in various military categories over the past 

two years and forecasts for the upcoming year (October 30, 2023, to October 29, 2024), 

featuring actual and predicted losses along with accuracy percentages. For instance, Naval Ship 

losses exhibit an impressive accuracy of 96.84%, indicating high agreement between predicted 

and observed losses. Additional columns, including MAE, MSE, RMSE, and R2, offer nuanced 

insights into the model's accuracy and predictive capabilities, providing valuable information 

for military analysts and decision-makers engaged in strategic planning and risk assessment. 

Overall, the table offers a comprehensive overview of the forecasting model's performance, 

aiding in the evaluation of strengths and potential areas for improvement in capturing trends 

and patterns across diverse military categories. 

 

Contrast it with a News Report 

A recent New York Times report on August 18 revealed that the number of Ukrainian and 

Russian troops killed or wounded in the Ukraine conflict since February 2022 is nearing 

500,000, closely aligning with the predicted personnel loss of 499,542 in the above research. 

The report emphasizes the difficulty in estimating casualties and underscores the accuracy and 

relevance of forecasting models in comprehending the human toll of armed conflicts, 

highlighting the gravity of the situation [35]. 

 

4. CONCLUSIONS 

 

In summary, the analysis of military casualties in the Russia-Ukraine war over the past two 

years, coupled with the forecasts from the Prophet model for the upcoming year, provides 

insights into the complex dynamics of the ongoing conflict. Table 1's accuracy percentages 
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offer a quantitative evaluation, showcasing notable precision in predicting losses for Naval 

Ships, Vehicles, and Fuel Tanks but challenges in projecting Aircraft, Helicopters, and Special 

Equipment losses. While recognizing the model's inherent constraints, future research could 

explore improvements such as advanced algorithms, additional data sources, and real-time 

updates, considering geopolitical elements for a more comprehensive understanding. The 

model's contribution to anticipating military losses highlights its significance, emphasizing the 

need for ongoing research to enhance its accuracy in dynamic conflict scenarios and contribute 

to a more comprehensive understanding of evolving armed conflicts. 
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2022, doi: 10.37837/2707-7683-2022-22. 

20. M. Shymchyshyn, "The Russia-Ukraine War and Metamodern Structure of Feeling," 

Sučasnì lìteraturoznavčì studìï, 2023, doi: 10.32589/2411-3883.19.2022.274081. 

21. V. Ratten, "The Ukraine/Russia conflict: Geopolitical and international business 

strategies," Thunderbird International Business Review, 2022, doi: 10.1002/tie.22319. 

22. M. Hetmanchuk and Z. Zazuliak, "Informational Sphere – the Key Factor of Russian 

Hybrid Aggression against Ukraine," 2019, doi: 10.23939/SHV2019.01.007. 

23. G. Kumar et al., "Sentiment Analysis and Comprehensive Evaluation of Supervised 

Machine Learning Models Using Twitter Data on Russia–Ukraine War," SN computer 

science, 2023, doi: 10.1007/s42979-023-01790-5. 

24. J. T. Firouzjaee and P. Khaliliyan, "Machine learning model to project the impact of 

Ukraine crisis," arXiv.org, 2022, doi: 10.48550/arXiv.2203.01738. 

25. P. Sobana, S. Prabhu, and S. Karuppusamy, "A technical survey on forecasting stock 

price using machine learning," International Journal of Advance Research and Innovative 

Ideas in Education, 2021. 

26. L. Khaidem, S. Saha, and S. Roy Dey, "Predicting the direction of stock market prices 

using random forest," arXiv: Learning, 2016. 

http://journal.hmjournals.com/index.php/JPPS
https://doi.org/10.55529/jpps.36.13.33
http://creativecommons.org/licenses/by/4.0/


Journal of Psychology and Political Science 

ISSN: 2799-1024    

Vol : 03, No. 06 , Oct-Nov 2023   

http://journal.hmjournals.com/index.php/JPPS 

DOI: https://doi.org/10.55529/jpps.36.13.33 

 

 

 

 

Copyright The Author(s) 2023.This is an Open Access Article distributed under the CC BY 

license. (http://creativecommons.org/licenses/by/4.0/)                                                             33 

A. S. Kumar, "Stock Price Prediction Using Time Series Forecasting," International Journal 

For Science Technology And Engineering, 2023, doi: 10.22214/ijraset.2023.53255. 

27. "Prophet algorithm-based power load forecasting model," 2023, doi: 

10.1109/ICETCI57876.2023.10176778. 

28. C. Long, C. Yu, and T. Li, "Prophet-Based Medium and Long-Term Electricity Load 

Forecasting Research," Journal of Physics: Conference Series, 2022, doi: 10.1088/1742-

6596/2356/1/012002. 

29. G. Brassington, "Mean absolute error and root mean square error: which is the better 

metric for assessing model performance?," 2017. 

30. [34] Dataset Retrieve from: https://github.com/PetroIvaniuk/2022-Ukraine-Russia-War-

Dataset 

31. Reuters. "Number of Ukrainian and Russian Troops Killed or Wounded Nears 500,000, 

U.S. Officials Say." New York Times, Aug. 18, 2023. 

 

http://journal.hmjournals.com/index.php/JPPS
https://doi.org/10.55529/jpps.36.13.33
http://creativecommons.org/licenses/by/4.0/
https://github.com/PetroIvaniuk/2022-Ukraine-Russia-War-Dataset
https://github.com/PetroIvaniuk/2022-Ukraine-Russia-War-Dataset

