Next-Gen Accounting and the Disruptive Power of Al in Financial Forecasting
and Efficiency
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To3u oOokymenm u3cnedga mpauHcgopmupaujomo 6v3oeticmeue Ha u3Kycmeenus uumenekm (Al &
Cuemo800Cmeomo, Kamo ce oKycupa 8bpxy PUHAHCOBOMO NPOSHOZUPAHE U ONEPAMUBHAMA eHEKMUBHOCHI.
Ocnosnama yen e 0a ce OyeHu CpagHumenHomo npeocmassane na Al mooenume cnpsamo mpaduyuonHume
cuemosoonu memoou. Upes cmpykmypupana mMemoooaocus, nPoOyY8aHemo OYeHABA KIIOYO8U NOKA3Ameu,
BKIIOYUMENIHO MOYHOCH, CKOPOCm U eghexmusHocm, 6 ynpaensaeanu om Al u KoHeeHYUOHANHU MEXHUKU.
Koncmamayuume noxazeam, ue Al 3nauumenno Hamansea epememo U YCULUAMA, HEOOXOO0UMU 34
CuemosoOHUMme 3a0ayU, KAmo no Mo3u HAYUH ONMUMUUPA NPOYecume Ha 83eMane Ha peuleHusl, 03601464
NO-Npeyu3Ho pasnpedesieHue Ha pecypcume U YIeCHA8a NPOSHO3Upanemo 8 peanno epeme. I[lodoben
HAanpeovK e Om peuasauo 3Havenue 3a Opeanu3ayuume, KOUmo ce cmpemsim 0d no00bPICaAm KOHKYPEHMHO
npeouMcmeo Ha 6ce no-ounamuunu nasapu. Ilpoyusanemo 3axmouasa, ue unmezpupavemo Ha Al 6
CuemosoOHUMe NPAKMUKU e He CAMO NOJe3HO, HO U OM ChUeCMEeHO 3HAYeHUue 3a Ocuzypsasane Ha bvoeuy
pacmesic u onepamusHa YyCMousugoCml.

Abstract

This paper explores the transformative impact of artificial intelligence (Al) in accounting, focusing on
financial forecasting and operational efficiency. The primary objective is to assess the comparative
performance of Al models relative to traditional accounting methods. Through a structured methodology, the
study evaluates key metrics, including accuracy, speed, and efficiency, across Al-driven and conventional
techniques. The findings demonstrate that Al significantly reduces the time and effort required in accounting
tasks, thereby optimizing decision-making processes, enabling more precise resource allocation, and
facilitating real-time forecasting. Such advancements are critical for organizations striving to maintain a
competitive edge in increasingly dynamic markets. The study concludes that integrating Al into accounting
practices is not merely advantageous but essential for ensuring future growth and operational resilience.
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Introduction

The digital transformation reshaping industries is redefining how organizations manage and interpret data.
This shift is especially pronounced in accounting and financial management, where technology is replacing
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many traditional, labor-intensive methods with faster, data-driven approaches. Accounting and financial
management are essential pillars of any organization, providing a systematic way to track, analyze, and
report financial information. These functions ensure compliance, enable informed strategic decisions, and
support sustainable growth [1] , [2].

Traditionally, accounting has relied heavily on manual data entry, rule-based procedures, and time-intensive
processes. While these methods are reliable, they are often limited by human error, slow processing times,
and a lack of adaptability to rapid market fluctuations. As financial data becomes increasingly complex, and
the need for real-time insights grows, these limitations hinder the ability of organizations to respond
effectively and competitively. This need for greater speed, accuracy, and adaptability signals a crucial
demand for transformation within the accounting field [3].

Acrtificial Intelligence (Al) has emerged as a transformative solution to these challenges, offering tools that
automate repetitive tasks, increase accuracy, and enable forward-looking analysis through predictive
modeling. For industries that handle large volumes of data, Al has already demonstrated its value by
optimizing workflows, improving accuracy, and enabling faster, more insightful decision-making [4]. In
accounting specifically, Al-driven tools streamline processes, reduce the burden of manual data handling,
and provide real-time responses to financial data shifts. For example, Al-powered optical character
recognition (OCR) automates invoice processing by extracting data from scanned documents and inputting it
directly into accounting systems, significantly reducing both time and errors. Machine learning algorithms
can analyze historical data to accurately forecast cash flow trends, while natural language processing (NLP)
tools review financial documents to identify compliance issues or irregularities. Together, these capabilities
allow finance teams to focus on high-value activities, such as risk assessment and strategic resource
planning, rather than routine data processing [5].

This paper builds on recent research demonstrating that Al can significantly enhance forecasting speed and
accuracy while reducing operational costs. The integration of artificial intelligence (Al) into accounting
practices has garnered significant attention in recent years, highlighting its transformative potential across
various financial management functions. Recent studies have illustrated that the implementation of Al in
accounting not only enhances operational efficiency but also improves compliance with regulatory standards,
which is crucial in the context of increasing scrutiny in financial reporting. Studies indicate that machine
learning algorithms, particularly those used in predictive analytics, outperform traditional methods by as
much as 30% in accuracy and reduce task completion times by 40% [4]. Building on these insights, this
study evaluates Al-enhanced approaches to specific accounting tasks—financial forecasting, expense
categorization, and invoice processing—where improvements in accuracy, speed, and workflow automation
are expected to yield meaningful operational efficiencies.

The main challenge this paper addresses is how Al can resolve the inefficiencies and limitations of
traditional accounting methods. By comparing Al-driven tools with conventional accounting practices, this
paper will demonstrate how Al enhances efficiency, accuracy, and responsiveness in financial management.
With its ability to process vast amounts of data in real-time, Al is uniquely suited for critical tasks like
financial forecasting, risk assessment, and resource allocation—areas essential for organizations aiming to
maintain a competitive edge. This paper provides an analysis of the impact of Al on accounting practices,
showcasing Al as an essential asset in modern financial operations.

Methodology

This paper aims to evaluate the impact of Al on enhancing accuracy, speed, and efficiency in accounting.

Using a comparative approach, Al-driven models were assessed against traditional accounting methods

across three primary Key Performance Indicators (KPIs): accuracy, speed, and efficiency. Using TensorFlow
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as the primary Al tool, identical tasks were completed using both Al-driven models and traditional methods
to ensure a controlled comparison. Figure 1 illustrates this approach, covering task selection, KPI
measurement, dataset design, benchmarking, and visualizations.

Task selection . i . Dataset design . M . Visualizations
measurement and validation

Source: Author’s research
Figure 1. Approach components

The first component of this approach (Figure 1) involves evaluating three critical accounting tasks where Al
is anticipated to provide substantial improvements over traditional methods: financial forecasting, expense
categorization, and invoice processing. Financial forecasting utilizes Al to predict cash flow trends from
historical data, offering a direct comparison to traditional statistical forecasting methods. Expense
categorization assesses Al’s capability to automatically classify transaction descriptions into predefined
categories, significantly reducing the need for manual intervention. Invoice processing applies OCR and
NLP to extract essential fields from invoices—such as dates, amounts, and vendor names—and
automatically populate accounting records. These tasks were chosen because they represent data-intensive,
repetitive operations in accounting where Al-driven automation has considerable potential to streamline
workflows and enhance accuracy. To evaluate Al's performance in these tasks, the KPIs of accuracy, speed,
and efficiency are applied, as mentioned above. Accuracy is assessed through forecast error rates in financial
forecasting, categorization precision in expense classification, and data extraction accuracy in invoice
processing. Speed is determined by the time taken to complete each task, directly comparing the efficiency
of Al-driven models with traditional methods. Finally, efficiency is evaluated based on resource usage,
including labor, computational power, and the need for manual intervention. Together, these KPIs provide a
comprehensive measure of AI’s effectiveness in enhancing each accounting function.

To simulate realistic accounting scenarios, an anonymized dataset was created, comprising historical
financial records, transaction logs, and invoice images. This dataset allows for an accurate assessment of Al
performance on the selected tasks: financial forecasting, expense categorization, and invoice processing. The
dataset is structured to reflect the volume, complexity, and diversity typical of real-world accounting data,
ensuring the Al models encounter conditions like those in practice. It is divided into training and testing
subsets, with the training set used to build and optimize the models, while the test set serves to validate their
performance across the KPIs of accuracy, speed, and efficiency.

The next stage of this approach comprises benchmarking and validation, critical for affirming the credibility
and robustness of the Al models relative to traditional accounting methods. This phase is designed to ensure
that the enhancements observed in Al-driven processes are both quantifiable and practically relevant within
real-world applications. To achieve robust benchmarking, baseline metrics were established for each KPI
using historical data from traditional accounting processes, providing a clear reference point for assessing Al
improvements. These benchmarks, derived from the standard performance of conventional methods, allow
for a quantitative comparison to determine the degree to which Al-driven models enhance accuracy, speed,
and efficiency. To validate the improvements observed with Al, paired t-tests are employed to determine the
statistical significance of differences between Al-driven and traditional methods for each KPI. The paired t-
test evaluates whether the observed improvements in accuracy, speed, and efficiency are statistically
meaningful, ensuring that these advancements are not due to random variation but reflect genuine
performance enhancements. This statistical validation provides confidence that the Al-driven models
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consistently outperform traditional methods, reinforcing the reliability of the findings across the selected
accounting tasks.

Visualizations add significant value to the methodology by transforming complex data and analytical results
into clear, accessible insights that highlight AI’s impact. These visual summaries not only reinforce
statistical findings but also simplify data relationships, making it easy for decision-makers to grasp the
operational benefits of Al adoption in accounting. In doing so, visualizations enhance the clarity,
transparency, and communicability of the study’s results, supporting more informed decision-making.

This methodology not only highlights quantitative performance improvements but also emphasizes process
optimization in real-world accounting tasks. This methodology has broad applications across various
accounting and financial management environments. In corporate accounting departments, it provides a
structured approach for organizations looking to incorporate Al in routine tasks, such as expense
categorization and cash flow forecasting, thereby reducing manual workloads and enhancing data accuracy.
For financial analysis units, automating data-intensive tasks like invoice processing and transaction
categorization allows analysts to concentrate on strategic, high-impact activities, including risk assessment
and resource planning. In auditing firms, this methodology can improve the speed and precision of data
extraction and categorization, supporting efficient data verification and reporting processes. Small to
medium-sized enterprises (SMEs) can also benefit, as the methodology enables them to streamline
accounting operations, lower operational costs, and gain more accurate financial insights through
automation.

Tools and environment

To conduct this study, the following platform and libraries were selected to build and evaluate Al-driven
models for accounting tasks. Python is the programming language used for this study, given its robust
ecosystem of machine learning libraries and ease of integration with accounting datasets. The version of
Python used is 3.7, but higher versions are also compatible. The development and testing were conducted in
a Jupyter Notebook environment, which allows for interactive data exploration and iterative model building.
The study utilizes several libraries to support machine learning, data preprocessing, natural language
processing, and visualization tasks as shown in Figure 2.

1 import tensorflow as tf

2 import spacy

3 from tensorflow.keras.models import Sequential

4 from tensorflow.keras.layers import LSTM, Dense, Embedding, Conv2D, Flatten
5 from tensorflow.keras.preprocessing.text import Tokenizer

6 from tensorflow.keras.preprocessing.sequence import pad_sequences
7 from sklearn.model_selection import train_test_split

8 from sklearn.metrics import mean_squared error, accuracy_score

9 import numpy as np

10 import pandas as pd

11 import matplotlib.pyplot as plt

12 import seaborn as sns

Source: Author’s research
Figure 2. Library Setup

TensorFlow is the primary machine learning library used in this study due to its powerful capabilities in
building, training, and evaluating complex models. TensorFlow Core provides the fundamental tools to
construct custom neural network layers, such as LSTM (Long Short-Term Memory), Dense, and Embedding
layers. The LSTM layer, for example, is especially useful in financial forecasting as it can effectively model
sequences and time series data, capturing long-term dependencies in cash flow patterns. The Dense layer is
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used to add fully connected layers for prediction tasks, and Embedding layers facilitate transforming
categorical or text data into dense vector representations, making it manageable for neural networks.
Additionally, the TensorFlow Keras API simplifies model building, offering high-level functionalities that
allow for quick configuration and efficient training of these neural networks [6], [7].

Scikit-Learn is employed primarily for data preprocessing and evaluation. Effective data preprocessing is
crucial for accurate model performance, especially in accounting tasks that involve large and diverse
datasets. Scikit-Learn provides modules like train_test split, which allows for the efficient partitioning of
data into training and test sets, ensuring that model evaluation is unbiased and reliable. MinMaxScaler is
used to scale numerical data, a step essential for neural networks, as it standardizes the input range,
preventing features with larger scales from disproportionately influencing the model. Additionally, Scikit-
Learn offers performance metrics such as accuracy score and mean squared error, which are instrumental in
evaluating the Key Performance Indicators (KPIs) defined in this study, such as accuracy and efficiency.
These metrics provide quantitative measures to assess how well Al-driven models perform against traditional
methods, aligning directly with the study’s focus on KPI improvements [8].

SpaCy is utilized due to its powerful capabilities in text data processing and its user-friendly API for natural
language tasks. NLP plays a crucial role in handling text-heavy accounting functions, such as analyzing
transaction descriptions and processing invoice details. SpaCy facilitates essential preprocessing tasks like
tokenizing (splitting text into individual words or tokens), lemmatization (reducing words to their root forms
while retaining grammatical context), and entity recognition (identifying relevant data points like dates,
amounts, and vendor names). This structured processing enables the transformation of raw text into formats
suitable for model input, improving data consistency and relevance. In conjunction with SpaCy,
TensorFlow’s Tokenizer and pad_sequences functions standardize sequence lengths for model compatibility,
and Embedding layers convert textual information into dense vector representations, allowing Al models to
interpret and analyze language patterns effectively. This setup allows the study to automate tasks like
expense categorization and invoice processing, illustrating how Al-powered NLP can streamline repetitive,
text-driven processes in accounting [9].

Matplotlib and Seaborn are applied for visualizations, a critical component in clearly presenting the results
of the study. Accounting tasks often involve complex data points, and visual representation helps to make the
results accessible and interpretable. These libraries support the generation of comparative bar charts, line
graphs, and pie charts, essential for illustrating Al model performance across KPIs. For instance, plt.plot and
plt.bar in Matplotlib, along with sns.lineplot in Seaborn, are used to create visual comparisons between Al-
driven and traditional methods. Such visualizations not only highlight the efficiency, accuracy, and speed
improvements achieved by Al models but also aid in conveying the study’s findings to stakeholders in a
clear and compelling way [10].

The following steps (Figure 3) illustrate an example approach to achieving financial forecasting which is one
of the tasks of proposed approach with LSTM for predicting cash flow trends based on historical data, one of
the key tasks in the proposed approach.
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15 data = pd.read_csv("financial_data.csv")

16 sequence_length = 3@ #prepare sequences of cash flows (e.g., 30 days) to predict the next day's cash flow
17 X, y = [1,

18

19 for i in range(len(data) - sequence_length):

20 X.append(data[ 'cash_flow'].values[i:i+sequence_length])

21 y.append(data[ ‘cash_flow'].values[i+sequence_length])

22

23 X = np.array(X).reshape(-1, sequence_length, 1)

24 y = np.array(y)

25

26 X_train, X_val, y_train, y val = train_test_split(X, y, test_size=08.2, random_state=42)
27

28 model = Sequential(

29 LSTM(5@, return_sequences=True, input_shape=(sequence_length, 1)),
30 LSTM(5@, return_sequences=False),

31 Dense(1)

32 1)

33
34 model.compile(optimizer="unwe', loss='mean_squared_error")
35 history = model.fit(X_train, y_train, epochs=10, batch_size=32, validation_data=(X_val, y_val))

Source: Author’s research

Figure 3. Example of financial forecasting with LSTM based on historical data of the previous 30 days

Once trained, the model can be used to make predictions on new sequences of cash flow data:
y_pred = model.predict(X_val)

The result of running this code shown in Figure 3 will be a trained LSTM model for predicting the next day’s
cash flow based on a sequence of the previous 30 days. Positive cash flow indicates that a company has more
cash coming in than going out, allowing it to invest in growth, pay down debt, or build a cash reserve.
Negative cash flow, on the other hand, might indicate financial difficulties, although it can also reflect high
investments aimed at future growth.

To evaluate and benchmark the Al-driven models against traditional accounting methods and statistically
validate the performance improvements using a paired T-test. Each task from the proposed approach is
assessed on specific performance metrics. For example, financial forecasting should be achieved using Mean
Squared Error — MSE. In financial forecasting MSE is a metric that evaluates the accuracy of the model's
predictions. Specifically, it tells us how close the model’s predicted values are to the actual target values
(i.e., real cash flow values in the validation set). Lower MSE values indicate that the model is performing
well, as it means the predictions are closer to the actual values.

After training the LSTM model on historical cash flow data, you use the model to predict cash flow values
for the validation set (x_val). These predictions (y_pred) represent the model’s best estimation of future cash
flow values based on learned patterns in the data.

mse = mean_squared_error(y_val, y_pred)
print(f""Financial Forecasting - Mean Squared Error: {mse}"")

Here, mean_squared_error(y_val, y_pred) computes the MSE between the actual cash flow values (y_val)
and the model’s predictions (y_pred).

After calculating the MSE, a single numeric value is obtained. A lower MSE suggests that the model is
accurately forecasting cash flows, as it means the average squared difference between predicted and actual
values is small.
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If the MSE is relatively high, it might indicate that the model needs adjustments (e.g., more training data,
model tuning, or different hyperparameters).

Financial Forecasting: Actual vs Predicted Cash Flow
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Figure 4. Financial Forecasting: Actual Vs Predicted Cash Flow

The model's performance is illustrated in Figure 5, which compares the actual cash flow against the predicted
cash flow. The visual representation highlights the model's capability to closely follow cash flow trends,
showing only minor deviations from actual values. This validation of the model reinforces its reliability and
potential for practical application in real-world financial scenarios.

The tools and environment selected for this study provide a powerful foundation for developing and
evaluating Al-driven models in accounting. Python, along with libraries like TensorFlow, Scikit-Learn, and
SpaCy, enables efficient model building, data preprocessing, and NLP tasks. TensorFlow’s LSTM and Dense
layers facilitate time-series forecasting and classification, while Scikit-Learn supports data preparation and
performance evaluation. SpaCy’s NLP capabilities enhance text processing for categorization and data
extraction tasks. Visualization tools such as Matplotlib and Seaborn make it easy to compare Al performance
against traditional methods, providing clear insights into the study’s findings across key performance
indicators. In the results section, charts are presented generated from these tools, illustrating the model
performance on the examples provided in this section. This setup allows for an interactive approach to
achieving improved accuracy, speed, and efficiency in accounting functions.

Results

The results of this study underscore the transformative potential of artificial intelligence (Al) in the field of
accounting. By automating labor-intensive processes and enhancing data accuracy, Al allows accounting
professionals to focus on higher-value tasks such as strategic planning and risk assessment. The tools and
environment established in this study—Ileveraging Python libraries like TensorFlow, Scikit-Learn, and
SpaCy - provide a structured and efficient framework for real-world applications in accounting.

This research highlights AI’s value in improving accuracy, speed, and efficiency across fundamental
accounting tasks. Organizations integrating Al into their accounting processes can expect several key
benefits:

1. Enhanced decision-making: Improved forecasting accuracy enables organizations to make better-
informed financial decisions.

2. operational efficiency: The automation of repetitive tasks, such as expense categorization and
invoice processing, reduces the workload on accounting teams, optimizing resource allocation.
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3. cost savings: By minimizing errors and reducing processing time, Al helps lower operational costs,
which is particularly advantageous for small and medium-sized enterprises.

To establish a reliable benchmark, data for the traditional baseline was gathered from an average of three
professional accountants' performance metrics. This baseline allows for a direct comparison with Al-driven
results, showcasing the improvements Al brings to each task.

In Table 1, traditional methods are compared with Al-enhanced approaches across three primary accounting
tasks: financial forecasting, expense categorization, and invoice processing. The improvements reflect the
transformative potential of Al, which not only reduces processing time and enhances accuracy but also frees
up resources for more strategic and high-priority activities. The results presented highlight AI’s capability to
improve both efficiency and decision-making quality in accounting.

Table 1. Comparisons of Al and traditional methods for KPIs

Task KPI Traditional baseline Al-driven results Improvement

Financial Accuracy (%) 10% 6% 4%
Forecasting

Expense Speed (min) 20 12 8
Categorization

Invoice Processing Efficiency 5 hrs/day 2 hrs/day 3 hrs saved

In financial forecasting, the Al-driven model achieved a notable accuracy improvement, reducing the error
rate from a traditional baseline of 10% to 6%. This 4% enhancement demonstrates the model's effectiveness
in predicting cash flow trends more accurately than conventional methods. For expense categorization, the
Al model significantly improved processing speed, reducing the time taken per task from a baseline of 20
minutes to just 12 minutes. This 8-minute reduction showcases Al's capability to streamline operations,
allowing accounting professionals to allocate their time more efficiently to strategic decision-making.
Finally, in invoice processing, the Al-driven approach exhibited remarkable efficiency by reducing the time
spent processing invoices from 5 hours per day to only 2 hours per day. This results in savings of 3 hours
each day, highlighting AI’s potential to dramatically enhance productivity in routine accounting tasks.

In summary, these results illustrate the substantial advantages of integrating Al into accounting processes,
leading to improved accuracy, speed, and efficiency compared to traditional methods. The findings clearly
indicate that Al models, as demonstrated through financial forecasting, expense categorization, and invoice
processing, provide significant benefits over conventional accounting methods. The comparison across each
task offers quantifiable measures of Al’s performance, reinforcing its role as an essential tool for modern
accounting practices.

Conclusion

In conclusion, the integration of Al technologies into accounting processes represents a transformative shift
that streamlines workflows while supporting sustainable growth and competitive positioning in the market.
As the landscape of financial management continues to evolve, organizations that embrace Al-driven
solutions are likely to gain a significant advantage, enhancing their ability to navigate future challenges and
capitalize on emerging opportunities. The results of this study provide a compelling case for the continued
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exploration and implementation of artificial intelligence in the accounting field, paving the way for further
research and innovation. Organizations adopting Al can anticipate sustained growth and increased resilience,
as projected in the sustainability impact graph (Figure 5). Therefore, integrating Al in accounting is not
merely a trend but a necessary adaptation for future-proofing operations. For firms hesitant due to budget
constraints, a phased Al adoption strategy can facilitate gradual integration, enabling them to harness Al’s
transformative potential effectively. Embracing Al will be key to maintaining relevance and ensuring
longevity in an increasingly unpredictable financial landscape.

References

[1] “Artificial Intelligence: the next frontier in investment management | Deloitte.” Accessed:
Oct. 28, 2024. [Online]. Available: https://www.deloitte.com/global/en/Industries/financial-
services/perspectives/ai-next-frontier-in-investment-management.html

[2] E. Brynjolfsson and A. McAfee, “The Business of Artificial Intelligence,” Harvard Business
Review, Jul. 18, 2017. Accessed: Nov. 01, 2024. [Online]. Available: https://hbr.org/2017/07/the-
business-of-artificial-intelligence

[3] “Understanding Al in Accounting: Trends and Future Roles.” Accessed: Oct. 23, 2024.
[Online]. Available: https://www.highradius.com/resources/Blog/ai-in-accounting/

[4] “Al in Financial Modeling and Forecasting: 2024 Guide,” Coherent Solutions. Accessed:
Oct. 28, 2024. [Online]. Available: https://www.coherentsolutions.com/insights/ai-in-financial-
modeling-and-forecasting

[5] B. O. Adelakun, “AI-DRIVEN FINANCIAL FORECASTING: INNOVATIONS AND
IMPLICATIONS FOR ACCOUNTING PRACTICES,” Int. J. Adv. Econ., vol. 5, no. 9, Art. no. 9,
Dec. 2023, doi: 10.51594/ijae.v5i9.1231.

[6] “Time series forecasting | TensorFlow Core,” TensorFlow. Accessed: Oct. 28, 2024.
[Online]. Available: https://www.tensorflow.org/tutorials/structured_data/time_series

[7] A. Khalfe, “Time Series Forecasting with Long Short-Term Memory (LSTM) Networks in
TensorFlow,” The Talent500 Blog. Accessed: Oct. 28, 2024. [Online]. Available:
https://talent500.co/blog/time-series-forecasting-with-long-short-term-memory-Istm-networks-in-
tensorflow/

[8] “6.3. Preprocessing data,” scikit-learn. Accessed: Nov. 01, 2024. [Online]. Available:
https://scikit-learn/stable/modules/preprocessing.html

[9] “Natural Language Processing With spaCy in Python — Real Python.” Accessed: Oct. 24,
2024. [Online]. Available: https://realpython.com/natural-language-processing-spacy-python/
[10] “Data Visualisation in Python using Matplotlib and Seaborn,” GeeksforGeeks. Accessed:
Nov. 01, 2024. [Online]. Available: https://www.geeksforgeeks.org/data-visualisation-in-python-
using-matplotlib-and-seaborn/

213



