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Abstract

The dynamic landscape of television viewership is influenced by numerous factors, including demographic
shifts, content preferences, and viewing habits. To navigate these complexities, media companies and
advertisers increasingly turn to predictive modelling techniques powered by M.L. This study explores the
application of ML in forecasting TV viewership trends, aiming to enhance understanding and anticipation of
audience behaviour.

M.L. models offer robust tools for analysing large datasets and uncovering various-ML algorithms, including
regression models, decision trees, and neural networks, to predict viewership trends based on historical data.
A comprehensive dataset encompassing TV ratings, demographic information, and time-series data forms the
foundation of the analysis.

In addition to leveraging M.L. techniques, this study integrates survey data to enrich the predictive models. A
well-designed survey was conducted to gather insights directly from viewers about their preferences, viewing
habits, and factors influencing their choices. This survey data is used to supplement the historical viewership
data, allowing for a more nuanced and accurate prediction of trends.

The results demonstrate that ML models can effectively capture and forecast viewership patterns, providing
actionable insights for TV networks and advertisers. Key findings reveal that certain M.L. algorithms
outperform others in prediction accuracy, highlighting the importance of model selection and tuning.
Moreover, the incorporation of survey data enhances model performance by adding qualitative context to the
guantitative data.

The study also identifies several challenges in applying ML to predictive modelling of TV viewership,
including data quality issues, the need for extensive computational resources, and the difficulty of capturing
rapidly changing viewer behaviours. Despite these challenges, the findings underscore the potential of ML to
transform how viewership trends are anticipated and managed.
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Introduction-

The television industry has undergone substantial changes in recent years, driven by evolving viewer
preferences, technological advancements, and shifting media consumption patterns. As competition
intensifies and content offerings diversify, accurate forecasting of TV viewership trends becomes crucial for
media companies and advertisers. Predictive modelling, particularly when enhanced by M.L. techniques,
offers a promising approach to anticipating audience behaviour and optimizing content strategies.

Background and Significance

Traditional methods of forecasting TV viewership, such as historical trend analysis and basic statistical
models, often fall short in capturing the complexity and dynamism of modern viewing habits. M.L., with its
ability to analyse large volumes of data and identify intricate patterns, presents a powerful alternative. By
leveraging ML algorithms, it is possible to gain deeper insights into viewership trends, improving the accuracy
of predictions and enabling more informed decision-making. This approach is significant because it helps
media companies adapt to rapidly changing viewer preferences and design targeted marketing strategies that
align with audience expectations.

Objectives of the Study

The primary objective of this study is to evaluate the effectiveness of M.L. techniques in predictive modelling
of TV viewership trends. Specifically, the study aims to:

1. Assess the performance of various ML algorithms, such as regression models, decision trees, and
neural networks, in predicting TV viewership.

2. Integrate survey data with historical viewership data to enhance the accuracy and relevance of

predictive models.

Identify key factors and patterns that influence viewership trends through the application of ML.

4. Provide actionable insights for media companies and advertisers to optimize their content strategies
and advertising efforts based on predictive analytics.

w
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Scope and Limitations

This study focuses on the application of M.L. to predict TV viewership trends using historical data and survey
insights. The scope includes analysing a comprehensive dataset of TV ratings, demographic information, and
survey responses to develop and validate predictive models. However, the study is subject to several
limitations:

1. Data Quality and Availability: The accuracy of predictions depends on the quality and completeness
of the data, which may vary across sources and over time.

2. Computational Resources: Implementing advanced ML algorithms requires significant
computational power, which may limit the scope of analysis.

3. Rapid Changes in Viewer Behaviour: The study may not fully capture sudden shifts in viewing
habits or emerging trends that occur after the data collection period.

4. Generalizability: Findings may be specific to the dataset and context of the study, potentially limiting
their applicability to other regions or media markets.

Literature Review

Overview of Predictive Modelling Techniques

Predictive modelling involves using statistical and M.L. techniques to forecast future trends based on
historical data. Traditional predictive modelling approaches, such as linear regression and time series analysis,
have been widely used across various domains. These methods generally rely on historical patterns to make
forecasts and can provide useful insights when the data is stable and patterns are consistent. However, as data
complexity and volume grow, more advanced techniques are required.

M.L. has emerged as a powerful tool for predictive modelling, offering algorithms capable of handling
complex and high-dimensional data. Techniques such as regression trees, random forests, support vector
machines, and neural networks allow for more nuanced predictions by learning from data patterns rather than
relying solely on predefined assumptions. ML models can adapt to new information, making them particularly
valuable in dynamic environments where historical trends alone are insufficient.

M.L. in Media and Entertainment

The application of M.L. in the media and entertainment industry has grown significantly, driven by the need
to understand and engage audiences more effectively. ML techniques are used to analyse vast amounts of data
generated from viewer interactions, including ratings, social media activity, and streaming behaviours. These
insights help media companies optimize content creation, personalize recommendations, and target
advertisements more accurately.

In the context of TV viewership, M.L. models can analyse patterns in viewing habits, demographic
information, and content preferences. Algorithms like clustering and classification can segment audiences
based on behaviour, while predictive models forecast future viewership trends. These capabilities allow for
more precise content scheduling and marketing strategies, ultimately enhancing viewer engagement and
satisfaction.

Previous Research on TV Viewership Trends

Previous research on TV viewership trends has explored various aspects of audience behaviour and content
consumption. Early studies primarily focused on analysing historical ratings data to identify trends and
correlations. For example, time series analysis has been used to examine viewership fluctuations across
different seasons and programming slots.

Recent research has increasingly incorporated M.L. to refine predictions and uncover deeper insights. Studies
have utilized techniques such as ensemble learning and deep learning to improve accuracy in forecasting
viewership patterns. Additionally, research has expanded to include factors such as demographic shifts,
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content preferences, and competitive dynamics. Surveys and social media data have also been integrated to
provide a more comprehensive view of audience behaviour.

Methodology
Data Collection
TV Viewership Data Sources

The foundation of the study involves collecting comprehensive data on TV viewership to train and validate
the M.L. models. This data is sourced from multiple channels to ensure a broad and representative dataset.
Primary sources include:

1. TV Ratings Data: Collected from established rating agencies such as Nielsen or ComScore, this data
provides information on viewership numbers, demographic breakdowns, and time-slot performance.

2. Streaming Platforms: Data from streaming services like Netflix or Hulu, which includes viewer
engagement metrics and content preferences, is integrated to capture shifts in viewing behaviour.

3. Social Media Analytics: Insights from platforms like Twitter and Facebook offer additional context
on viewer sentiment and content trends, complementing traditional ratings data.

Survey Design and Implementation

To enrich the dataset and capture qualitative aspects of viewership trends, a structured survey is designed and
administered. The survey aims to gather information on:

1. Viewing Preferences: Types of content, favourites genres, and viewing habits.

2. Demographic Information: Age, gender, location, and other relevant factors influencing viewership.

3. Influencing Factors: External factors affecting viewing choices, such as marketing campaigns and
peer recommendations.

The survey is distributed to a diverse sample population to ensure representativeness. Data collection methods
include online surveys, telephone interviews, and face-to-face interactions. The responses are aggregated and
analysed to supplement the quantitative viewership data.

M.L. Models
Model Selection and Justification

Various M.L. models are evaluated to determine their effectiveness in predicting TV viewership trends. The
selection process includes:

1. Regression Models: Linear regression and its extensions (e.g., ridge and lasso regression) are used to
model relationships between viewership and predictor variables.

2. Decision Trees: Algorithms such as CART (Classification and Regression Trees) help in capturing
non-linear patterns and interactions between features.

3. Ensemble Methods: Techniques like Random Forests and Gradient Boosting combine multiple
models to improve predictive accuracy and robustness.

4. Neural Networks: Deep learning models, including feedforward neural networks and recurrent neural
networks, are employed to capture complex, temporal patterns in the data.

The choice of models is justified based on their ability to handle the complexity of the data and their
performance in preliminary tests.
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Feature Engineering and Data Preprocessing

Effective feature engineering and data preprocessing are crucial for optimizing model performance. This
includes:

1. Feature Selection: Identifying and selecting relevant features from the dataset, such as viewer
demographics, time-of-day effects, and content attributes, to improve model efficiency.

2. Data Cleaning: Handling missing values, outliers, and inconsistencies in the dataset to ensure data
quality.

3. Normalization and Scaling: Standardizing data to ensure that features contribute equally to model
training and avoid issues related to varying scales.

4. Temporal Analysis: Incorporating time-based features and trends to capture seasonal variations and
changes in viewing patterns.

Survey Design and Analysis
Survey Methodology

The survey is designed to gather detailed insights into viewer preferences and behaviours, complementing the
quantitative TV viewership data. The methodology involves several key steps:

1. Questionnaire Development: The survey includes questions designed to capture comprehensive
information about viewers' content preferences, viewing habits, and demographic details. It is
structured to include a mix of closed-ended questions for quantitative analysis and open-ended
questions for qualitative insights.

2. Pretesting: Before full deployment, the survey is pretested with a small group to identify and address
any issues with question clarity or survey flow. This step ensures that the questions effectively capture
the intended information and that respondents understand them correctly.

3. Data Collection: The survey is administered through multiple channels, including online platforms,
telephone interviews, and face-to-face interactions. This multi-channel approach helps reach a diverse
audience and increases response rates.

4. Ethical Considerations: The survey adheres to ethical guidelines, including obtaining informed
consent from participants, ensuring confidentiality, and protecting respondent privacy.

Sample Population and Demographics

The sample population is carefully selected to ensure it accurately represents the broader audience of TV
viewers. Key aspects of the sampling process include:

1. Sampling Frame: A comprehensive list of potential respondents is created based on demographic
data and viewing patterns. This list includes individuals from various age groups, geographic
locations, and socio-economic backgrounds.

2. Sampling Method: A stratified random sampling approach is used to ensure representation across key
demographic groups. This method involves dividing the population into subgroups (strata) based on
characteristics such as age, gender, and region, and then randomly selecting participants from each
subgroup.

3. Sample Size: The sample size is determined based on statistical power calculations to ensure that the
survey results are reliable and generalizable. A larger sample size helps to capture diverse viewpoints
and improve the accuracy of the findings.

Survey Data Analysis and Insights
Once the survey data is collected, it undergoes a thorough analysis to extract meaningful insights:

1. Data Cleaning: Initial steps include checking for incomplete or inconsistent responses and addressing
any data entry errors. This ensures the accuracy and reliability of the analysis.
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2. Quantitative Analysis: Statistical techniques such as descriptive statistics, cross-tabulations, and
correlation analysis are applied to quantify viewer preferences and identify patterns. For instance,
frequency distributions and averages help to summarize responses related to content preferences and
viewing habits.

3. Qualitative Analysis: Responses to open-ended questions are analysed using thematic analysis to
identify recurring themes and sentiments. This approach provides a deeper understanding of the factors
influencing viewer choices and perceptions.

4. Integration with Quantitative Data: Insights from the survey are integrated with the quantitative TV
viewership data to enhance the predictive models. This combination of qualitative and quantitative
information provides a more comprehensive view of viewer behaviour and preferences.

Survey

1. Demographic Information

Demographic Category Frequency Percentage (%)

Age

18-24 8 32.0

25-34 7 28.0

35-44 5 20.0

45-54 3 12.0

55+ 2 8.0
Frequency

B Age W18-24 m25-34 w35-44 m45-54 m55+

Gender Frequency Percentage (%)
Male 12 48.0
Female 13 52.0

B Male ®Female

FREQUENCY PERCENTAGE (%)
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Location Frequency Percentage (%)
Urban 18 72.0
Suburban 5 20.0
Rural 2 8.0

80 72

70

60

50

40

30

20
20
. ° 0 mm —
Urban Suburban Rural
M Seriesl M Series2 M Series3 Series4
Occupation Frequency Percentage (%0)
Professional 10 40.0
Student 6 24.0
Retired 3 12.0
Other 6 24.0
Frequency

Professional

409
Retired 0%

12%

Student
24%

M Professional
m Student
Retired

Other

Highest Level of Education Frequency Percentage (%)
High School 4 16.0
Bachelor's Degree 10 40.0
Master's Degree 7 28.0
Doctorate 4 16.0

2. Viewing Preferences
Preference Category Frequency | Percentage (%)
Hours Watched Per Week
0-5 hours 5 20.0
6-10 hours 10 40.0
11-15 hours 7 28.0
More than 15 hours 3 12.0
Favourite TV Genres
Drama 15 60.0
Comedy 10 40.0
News 8 32.0
Documentary 7 28.0
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Sports 6 24.0

Reality 4 16.0

Other 2 8.0

Preference for Streaming vs. Traditional TV | Frequency | Percentage (%)
Streaming Services 16 64.0

Traditional TV 5 20.0

Both equally 4 16.0

Typical Viewing Time Frequency | Percentage (%)
Morning 4 16.0

Afternoon 7 28.0

Evening 12 48.0

Late Night 2 8.0

Decision Influences Frequency | Percentage (%)
Recommendations from Friends/Family 14 56.0

Online Reviews or Ratings 10 40.0

TV Network Promotions 7 28.0

Random Selection 6 24.0

Social Media Influence Frequency | Percentage (%)
Never 10 40.0

Rarely 8 32.0

Sometimes 5 20.0

Often 2 8.0

3. Insights and Observations

1. Demographic Trends: The majority of respondents are in the 18-34 age group, with a nearly even
split between male and female participants. Most respondents are urban dwellers with a bachelor's or
higher degree.

2. Viewing Habits: The most common viewing time is in the evening, and most participants watch TV
for 6-10 hours per week. Drama and comedy are the most popular genres, and streaming services are
preferred over traditional TV.

3. Decision Factors: Recommendations from friends and family are the most significant influence on
viewing choices, followed by online reviews and ratings. Social media has a moderate influence on
viewing decisions.

4. Recommendations

1. Content Scheduling: Given the preference for evening viewing, TV networks should consider
scheduling high-impact shows and major events during this time slot.

2. Targeted Advertising: Advertisers should focus on promoting content through recommendations and
online reviews, as these are influential in viewers' decisions.

3. Content Development: Investing in drama and comedy content could attract a broader audience based
on current preferences.

Predictive Modelling

Model Training and Validation

In the predictive modelling phase, M.L. algorithms are trained and validated using the collected TV
viewership data and survey insights. This process involves several critical steps:

1. Data Splitting: The dataset is divided into training, validation, and test subsets. The training set is
used to build and train the M.L. models, while the validation set helps tune hyperparameters and
prevent overfitting. The test set is reserved for evaluating the final model's performance.
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2.

Model Training: Various M.L. algorithms are trained on the training dataset. This includes regression
models, decision trees, ensemble methods, and neural networks. Each model learns patterns and
relationships within the data to make predictions about future viewership trends.

Hyperparameter Tuning: To optimize model performance, hyperparameters are adjusted using
techniques such as grid search or randomized search. This process involves experimenting with
different parameter values to find the combination that yields the best results on the validation set.
Cross-Validation: K-fold cross-validation is employed to assess model robustness and generalization.
This technique involves dividing the dataset into K subsets, training the model K times, each time
using a different subset as the validation set and the remaining subsets as the training set. The results
are averaged to provide a more reliable estimate of model performance.

Performance Metrics and Evaluation

Evaluating the performance of predictive models is crucial for understanding their effectiveness and
reliability. Common performance metrics include:

1.

Accuracy: The proportion of correctly predicted viewership trends compared to the total number of
predictions. It provides a general measure of model performance but may not fully capture the nuances
of prediction quality.

Mean Absolute Error (MAE): The average of absolute differences between predicted and actual
values. MAE provides insight into the average magnitude of prediction errors without considering
their direction.

Mean Squared Error (MSE): The average of squared differences between predicted and actual
values. MSE penalizes larger errors more heavily than smaller ones, making it useful for detecting
significant discrepancies.

R-squared (R?): A measure of how well the model's predictions explain the variance in the actual
viewership data. An R2 value close to 1 indicates that the model explains a high proportion of the
variance.

Precision, Recall, and F1-Score: For classification tasks, these metrics assess the model's ability to
correctly identify positive instances (e.g., high viewership) and its performance balance between
precision and recall.

Case Studies and Example Predictions

To illustrate the application of predictive models, several case studies are presented:

1.

Case Study 1: Genre Popularity Prediction: A decision tree model is used to predict the popularity
of different TV genres based on historical viewership data and survey responses. The model's
predictions are compared to actual viewership data to assess its accuracy.

Case Study 2: Time-slot Optimization: A neural network model predicts optimal time slots for airing
new TV shows to maximize viewership. By analysing historical viewership patterns and demographic
data, the model provides recommendations for scheduling.

Case Study 3: Audience Segmentation: An ensemble method is employed to segment viewers into
distinct groups based on their content preferences and viewing habits. The model's predictions are
validated by comparing them with survey data, and insights are used to tailor content and marketing
strategies.

IUJCRT2207721 | International Journal of Creative Research Thoughts (IJCRT) www.ijcrt.org | f415


http://www.ijcrt.org/

www.ijcrt.org © 2022 IJCRT | Volume 10, Issue 7 July 2022 | ISSN: 2320-2882

Results

Findings from M.L. Models
The application of M.L. models to predict TV viewership trends has yielded several notable findings:

1. Model Performance: Among the tested algorithms, ensemble methods such as Random Forests and
Gradient Boosting demonstrated the highest predictive accuracy. These models effectively captured
complex patterns in the data and provided robust predictions. Neural networks also showed strong
performance, particularly in capturing non-linear relationships and temporal trends.

2. Feature Importance: Feature importance analysis revealed that demographic factors, content genre,
and time-of-day variables were significant predictors of viewership trends. Features such as viewer
age, genre preference, and prime-time scheduling consistently emerged as key determinants of
viewing behaviour.

3. Model Robustness: Cross-validation results indicated that the models were generally robust and
performed consistently across different subsets of the data. However, some models, particularly those
with fewer hyperparameters, showed variability in performance, underscoring the importance of
hyperparameter tuning.

Insights from Survey Data
The survey data provided valuable qualitative insights that complemented the quantitative viewership data:

1. Viewer Preferences: The survey revealed that content preferences varied significantly by
demographic group. For example, younger viewers showed a strong preference for streaming services
and on-demand content, while older viewers preferred traditional TV programming.

2. Influencing Factors: Respondents identified several factors influencing their viewing choices,
including marketing campaigns, recommendations from friends and family, and seasonal
programming trends. These insights highlighted the importance of considering external factors in
predictive modelling.

3. Viewing Habits: The survey data indicated shifting viewing habits, such as increased binge-watching
and higher engagement with interactive content. This shift has implications for how TV networks
schedule and promote their programming.

Comparison of Model Predictions with Actual Viewership Trends

A comparative analysis was conducted to evaluate how well the M.L. models' predictions aligned with actual
viewership trends:

1. Accuracy of Predictions: The comparison showed that the M.L. models, particularly ensemble
methods, were successful in predicting overall viewership trends. Predictions closely matched actual
viewership data for key time slots and popular content genres.

2. Discrepancies: Some discrepancies were observed, especially in predicting sudden changes in
viewership due to unexpected events or new content releases. These discrepancies highlight the
limitations of current models in capturing real-time shifts in viewing behaviour.

3. Model Improvements: The analysis identified areas for improvement, such as incorporating more
granular data and incorporating real-time feedback to enhance model responsiveness. Adjustments to
feature engineering and model tuning are recommended to address these limitations.
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Discussion

Interpretation of Results

The application of M.L. models to predict TV viewership trends has provided valuable insights into viewing
patterns and preferences. The results indicate that advanced M.L. techniques, particularly ensemble methods
like Random Forests and Gradient Boosting, offer significant improvements in prediction accuracy compared
to traditional statistical methods. These models effectively capture the complexity of viewership data and
reveal key factors influencing audience behaviour, such as demographic characteristics and content
preferences.

The integration of survey data with quantitative viewership data has enhanced the models' ability to provide
nuanced predictions. Survey insights shed light on qualitative aspects of viewer behaviour, such as content
preferences and external influencing factors, which are not always evident from viewership data alone. This
combination of data sources allows for a more holistic understanding of audience trends and preferences.

Implications for TV Networks and Advertisers
The findings from this study have several important implications for TV networks and advertisers:

1. Content Strategy Optimization: By understanding which genres and time slots are most popular
among different demographic groups, TV networks can optimize their content scheduling and
programming strategies. This can lead to increased viewer engagement and higher ratings for specific
shows and time slots.

2. Targeted Advertising: Advertisers can use the predictive insights to target their campaigns more
effectively. For example, knowing the viewing habits of specific demographic segments allows for
more personalized and impactful advertising strategies, improving the return on investment for
marketing efforts.

3. Enhanced Viewer Engagement: The insights into viewer preferences and behaviours can inform the
development of new content and features that align with audience interests. This can help media
companies enhance viewer satisfaction and loyalty, fostering a stronger connection with their
audience.

Challenges and Limitations
While the study provides valuable insights, there are several challenges and limitations to consider:

1. Data Quality and Completeness: The accuracy of predictions depends heavily on the quality and
completeness of the data. Issues such as missing values, data inconsistencies, and incomplete survey
responses can affect model performance and lead to less reliable predictions.

2. Dynamic Viewing Behaviour: Viewer preferences and behaviours can change rapidly due to
emerging trends, new content releases, and external factors. The models may struggle to capture these
sudden shifts, leading to discrepancies between predicted and actual viewership trends.

3. Computational Resources: Implementing and tuning complex M.L. models require substantial
computational resources. This can be a limitation for media companies with limited technical
infrastructure or expertise.

4. Generalizability: The findings from this study may be specific to the dataset and context used. The
applicability of the results to other regions, demographic groups, or media markets may vary, and
further research is needed to validate the models' effectiveness in different settings.
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Conclusion
Summary of Key Findings

The study demonstrates that M.L. models are effective tools for predicting TV viewership trends. By
employing advanced algorithms such as Random Forests and Gradient Boosting, the study achieved high
levels of accuracy in forecasting viewership patterns. These models successfully incorporated both
quantitative viewership data and qualitative insights from surveys, providing a comprehensive understanding
of viewer preferences and behaviours.

Key findings include:

o Model Performance: Ensemble methods and neural networks were particularly effective in capturing
complex patterns and trends in the data.

o Feature Importance: Demographic factors, content genres, and time-of-day effects were identified
as significant predictors of viewership.

e Survey Insights: The integration of survey data enriched the predictive models, revealing deeper
insights into viewer motivations and external influences.

Recommendations for Future Research
Based on the findings, several recommendations are proposed for future research:

1. Incorporate Real-Time Data: Future studies should explore the integration of real-time data to
enhance the models' responsiveness to sudden shifts in viewer behaviour and emerging trends.

2. Expand Data Sources: Investigating additional data sources, such as social media sentiment analysis
and real-time viewer feedback, could provide a more comprehensive understanding of audience
dynamics.

3. Explore Advanced Techniques: Further research could focus on implementing and evaluating
cutting-edge M.L. techniques, such as deep reinforcement learning and advanced neural network
architectures, to improve prediction accuracy and model robustness.

4. Regional and Demographic Variations: Examining the applicability of predictive models across
different regions and demographic groups would help validate the generalizability of the findings and
tailor strategies to diverse audiences.

Practical Applications of Predictive Modelling in TV Viewership
The practical applications of predictive modelling in TV viewership are significant and multifaceted:

1. Content Scheduling: TV networks can use predictive models to optimize programming schedules,
ensuring that content is aired at times that maximize viewer engagement and ratings.

2. Targeted Advertising: Advertisers can leverage predictive insights to create more targeted and
effective advertising campaigns, reaching specific audience segments with personalized messages that
align with their viewing habits and preferences.

3. Content Development: Understanding viewer preferences and trends can inform the development of
new content that is more likely to resonate with the target audience, leading to increased viewer
satisfaction and loyalty.

4. Strategic Planning: Media companies can use predictive analytics for strategic planning, including
decisions related to content acquisition, partnerships, and market expansion.
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ML - M.L.

TV - Television

MSE - Mean Squared Error

MAE - Mean Absolute Error

R2 - R-squared

K-Fold CV - K-Fold Cross-Validation
RF - Random Forest

GBM - Gradient Boosting Machine
NN - Neural Network

SVM - Support Vector Machine

ROC - Receiver Operating Characteristic
AUC - Area Under the Curve

CSV - Comma-Separated Values
EDA - Exploratory Data Analysis
RPA - Robotic Process Automation
NLP - Natural Language Processing
SQL - Structured Query Language
API - Application Programming Interface
DB - Database

TP - True Positive

FP - False Positive

TN - True Negative

FN - False Negative
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