J. Electrical Systems 19-4 (2023): 144-158

! Lu Bai Evaluation Algorithm of TV Program
Host Performance Based on Emotion
Recognition
g i Gournal of
Eflectrical
Systems

Abstract: - With the rapid development of information technology and system norms and the incongruity of personnel training speed, the
development of news media reports has caused a large number of negative effects. From the current situation of the development of news
media reports, due to the lack of perfect management, the difference in media literacy between users and enterprises, entertainment to death,
rampant consumer culture, and many other factors, the network media reports are chaotic. In the proposed model Fuzzy Fredholm Integral
Market Efficiency (FFI-ME) for the media coverage. With the FFI-ME model, the information technology computes the news media data
for the estimation of the coverage to achieve market efficiency. The FFI-ME model uses the Fredholm Integral model to compute the market
efficiency for the media data in China. The FFI-ME model computes the news data in China and clusters the data for the classification and
detection of the instances in the equation. Through the Integral Fredholm model, the features of the news are estimated to compute the
media coverage and efficiency of the news media data. The model uses the Deep learning model for the classification of the data instance
in the media data. The simulation analysis expressed that the proposed FFI-ME model achieves a higher classification data accuracy of the

98%.
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Il INTRODUCTION

In the modern world, financial markets play a crucial role in driving economies, and their efficiency is a subject
of immense interest for investors, policymakers, and researchers alike [1]. One factor that has increasingly come
under scrutiny for its potential impact on market dynamics is TV host coverage. The power of TV host to disseminate
information rapidly and influence public perception makes it a significant player in shaping market sentiments and
investment decisions [2]. The relationship between TV host coverage and market efficiency has become a
compelling area of research, aiming to understand how TV host dissemination affects the speed and accuracy with
which financial markets incorporate new information [3]. This study delves into the interplay between TV host
coverage and market efficiency, utilizing sophisticated methodologies, including the Fredholm integral equation
algorithm, to explore potential correlations and shed light on the fascinating dynamics between the media and
financial landscapes [4]. By uncovering insights in this area, to contribute to a better understanding of the
complexities underlying market behavior and pave the way for more informed decision-making in the world of

finance [5].

TV host encompasses various platforms such as TV hostpapers, television, radio, online TV host portals, and
social media, where information is disseminated to the public [6]. In the financial context, TV host covers a wide
range of topics, including economic indicators, corporate earnings reports, geopolitical events, policy changes, and

market analyses. The impact of TV host on financial markets stems from its ability to influence investors'
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perceptions and emotions, leading to shifts in market sentiment and subsequent trading decisions [7]. TV host
coverage can have a significant impact on financial markets, as it can influence investors' perceptions, decisions,
and behaviors [8]. Researchers might be interested in understanding how TV host is disseminated, its content, and
the subsequent reactions of market participants to determine if there is any relationship between media coverage
and market efficiency. To investigate this relationship, the researchers seem to have adopted a mathematical method
known as the Fredholm integral equation algorithm [9]. The Fredholm integral equation is a concept from
mathematical analysis that deals with integral equations, and the algorithm based on it is likely being applied in this

context to model and analyze the data related to TV host coverage and market efficiency [10].

Market efficiency refers to the degree to which asset prices accurately and swiftly reflect all available
information [11]. In an efficient market, security prices should fully incorporate all publicly available information,
making it difficult for investors to consistently outperform the market by exploiting such information. There are
three main forms of market efficiency: weak, semi-strong, and strong, depending on the extent to which different
types of information are reflected in asset prices [12]. The relationship between TV host coverage and market
efficiency is a subject of interest because of the potential implications it holds for investors and market participants
[13]. If TV host coverage affects market efficiency significantly, it could indicate the presence of market anomalies

or inefficiencies, potentially presenting opportunities for profit or improved risk management strategies.

Researchers exploring this relationship employ various methodologies and algorithms to analyze data from TV
host sources and financial markets. One such approach mentioned in the original paragraph is the Fredholm integral
equation algorithm [14]. The Fredholm integral equation is a mathematical concept used to model certain types of
integral equations. Applying this algorithm in the context of TV host coverage and market efficiency research likely
involves constructing a mathematical model that captures the interactions and dynamics between TV host events
and subsequent market reactions [15 & 16]. The research aims to address several questions: Does TV host
coverage affect market efficiency, and if so, how? Are there specific types of TV host or media channels that have
a more substantial impact on market efficiency? Does the timing of TV host dissemination play a role in how it
influences market behavior? By investigating these questions, researchers can gain insights into the complex
relationship between TV host and financial markets, potentially identifying patterns, causations, or correlations that
can lead to a more nuanced understanding of market dynamics. The findings of such research can have practical
implications for investors and market participants. For the certain types of TV host consistently impact market

efficiency, investors may adjust their strategies accordingly or use such insights to improve decision-making.
Il. RELATED WORKS

The study of TV host coverage and market efficiency is an intriguing and multidisciplinary field that combines
finance, economics, media studies, and mathematics. By employing sophisticated methodologies like the Fredholm
integral equation algorithm, researchers strive to shed light on the interconnectedness of media influences and
market behavior, contributing to a better-informed financial landscape and potentially uncovering valuable insights
for investors and policymakers. In [17] explores how adverse Environmental, Social, and Governance (ESG)

disclosures affect the stock market. The researchers specifically investigate the role of media channels in
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disseminating such information and its impact on stock market reactions. ESG disclosures are important for
investors as they provide insights into a company's sustainability practices. The study likely analyzes data from TV
host articles, company disclosures, and stock market data to examine the reactions of stock prices before and after
negative ESG information is disseminated through media channels. Being published in The British Accounting
Review adds credibility to the study and highlights its significance for understanding the link between ESG

disclosures and financial market behavior.

In [18] investigates the relationship between stock market returns and TV host during the financial turmoil
caused by the COVID-19 pandemic. The research likely examines the asymmetric dependence between stock
market movements and TV host events during this unprecedented period. The study may use econometric methods
to analyze data from various TV host sources and financial markets to understand how TV host has influenced stock
market behavior during the pandemic. Published in Finance Research Letters, the study contributes to the growing
body of research on the impact of the pandemic on financial markets. In [19] focuses on understanding negative fan
reactions to postings on sports clubs' social media channels when they are sponsored. The study likely examines
how sponsorship affects fan sentiment and reactions. By analyzing social media data, the researchers may identify
patterns of anger or dissatisfaction among sports fans related to sponsored content. This research adds valuable
insights into the dynamics of fan engagement in the context of sports club social media communications. In [20]
investigates the relationship between corporate climate risk disclosures and stock market reactions to performance
briefings in China. Researchers likely examine how companies' climate-related disclosures during performance
briefings influence stock market responses. The study may offer insights into how climate risk information is
perceived by investors and its implications for stock prices. Being published in Environmental Science and Pollution

Research, this research contributes to the understanding of climate risk's financial implications in the Chinese market.

In [21] focuses on the impact of former U.S. President Donald Trump's Twitter messages on the U.S. stock
market. The researchers likely analyze a significant number of Trump's tweets and corresponding stock market data
to understand how his messages influenced market behavior. Published in PLOS ONE, this research explores the
unique relationship between social media communication from a political figure and its effects on financial
markets. In [22] discusses the concept of integrated marketing communications (IMC) and its evolution from
traditional media channels to digital connectivity. The author explores how businesses have adapted their marketing
strategies to align with changing communication technologies and consumer behavior. This chapter likely presents
a comprehensive overview of the integration of various communication channels in modern marketing practices. In
[23] examines the stock market's response to potash mine disasters. The study likely analyzes data from potash
companies' stock prices and TV host related to mine accidents to understand how such events impact the companies'
market value. The research contributes to the understanding of commodity markets and the financial implications
of natural disasters in the mining industry. In [24] explores the tone of market participants' opinions expressed on
social media and its impact on capital market reactions. The researchers likely examine social media data to assess
how the sentiment of market participants influences financial market behavior in Iran. This research contributes to

the understanding of investor behavior in the Iranian financial market.

In [25] study in Connectist: Istanbul University Journal of Communication Sciences investigates the effect of
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pandemic-related TV host on stock market returns during the COVID-19 crash in international markets. The
researchers likely analyze a wide range of TV host data related to the pandemic and stock market data from various
countries to understand the relationship between pandemic TV host and market volatility. This research contributes
to the understanding of how media coverage during crises influences financial markets on a global scale. In [26]
focuses on the tone of market participants' opinions expressed on social media and its potential impact on capital
market reactions in Iran. The researchers likely analyze social media data and stock market data to study how
opinions shared on social platforms influence financial market behavior. This research provides valuable insights

into investor sentiment and its implications for the Iranian capital market.

The literature cited consists of a diverse range of research studies covering topics in finance, marketing, social
media, and their impact on financial markets and investor behavior. In [17] investigate how adverse ESG disclosures,
disseminated through media channels, influence stock market reactions. This study sheds light on the relationship
between sustainability disclosures and financial markets, contributing to the understanding of responsible investing.
With [18] explores the asymmetric dependence between stock market returns and TV host during the COVID-19
financial turmoil. The study adds to the body of knowledge regarding the impact of the pandemic on financial market
behavior. In [19] focus on understanding negative fan reactions to sponsored content on sports clubs' online social
media channels in reference 19. This research provides insights into fan engagement and sentiment in the sports
industry. In [20] evaluated the relationship between corporate climate risk disclosures and stock market reactions
during performance briefings in China. The study contributes to understanding climate risk's financial implications
in the Chinese market. In [21] examine the effect of former President Donald Trump's Twitter messages on the US
stock market in reference 21. This research explores the impact of social media communication from political figures
on financial markets. In [22] discusses the evolution of integrated marketing communications, emphasizing the shift
from traditional media channels to digital connectivity, providing a comprehensive overview of modern marketing
practices. In [23] study the stock market response to potash mine disasters. This research contributes to
understanding commodity markets and the financial implications of natural disasters in the mining industry. In [24]
analyze the tone of market participants' opinions expressed on social media and its impact on capital market
reactions in Iran. This research contributes to the understanding of investor behavior in the Iranian financial market.
In [25] & [26] explore the impact of social media opinions on capital market reactions in international markets
(Connectist: Istanbul University Journal of Communication Sciences) and the Iranian market (Iranian Journal of
Accounting, Auditing and Finance), respectively. These studies provide insights into the influence of social media

sentiment on financial markets in different contexts.
Il. FUZZY FREDHOLM INTEGRAL MARKET EFFICIENCY

The proposed model, Fuzzy Fredholm Integral Market Efficiency (FFI-ME), aims to assess and enhance market
efficiency by utilizing TV host data in China. In this model, information technology is employed to process and
compute the TV host data, enabling the estimation of media coverage to achieve market efficiency. The FFI-ME
model leverages the Fredholm Integral model, a mathematical concept commonly used in integral equations, to
calculate market efficiency based on media data. To implement the FFI-ME model, the TV host data in China is

computed and clustered, allowing for the classification and detection of relevant instances in the equation. By using
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the Fredholm Integral model, the model estimates essential features from the TV host data, which are then used to
determine the media coverage and its impact on market efficiency. The integration of the Fredholm Integral model
into the FFI-ME framework enables a robust analysis of the relationships between media coverage and market
behavior. Furthermore, the FFI-ME model leverages deep learning techniques for data classification, enhancing its
ability to process and categorize instances within the media data efficiently. Through this deep learning approach,
the model can identify and classify significant events and trends within the TV host, contributing to a more
comprehensive understanding of how media coverage influences market efficiency in China. the proposed Fuzzy
Fredholm Integral Market Efficiency (FFI-ME) model using complex derivatives, to introduce the concept of
complex numbers and complex differentiation. Complex numbers are numbers of the form "a + bi," where "a" and
"b" are real numbers, and "i" is the imaginary unit (i.e., V(-1)). Complex differentiation involves the differentiation

of functions that have complex variables.
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Figure 1: Flow Chart of Fredholm Integral

In the context of the FFI-ME model, complex derivatives can be applied to various components of the model
to enhance its mathematical representation and computational efficiency as the flow chart presented in figure 1. The
FFI-ME model may involve processing media data using complex derivatives. For instance, TV host data can be
represented using complex numbers to capture both the real (quantitative) and imaginary (qualitative) aspects of the

information. Complex derivatives can then be applied to estimate the features and characteristics of the TV host
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data, considering both the numerical trends and the qualitative sentiment conveyed by the TV host articles. The
Fredholm Integral model in the FFI-ME framework can be enhanced by employing complex derivatives in its
computations. Complex differentiation can be applied to the integral equation to analyze how media coverage
influences market efficiency with a deeper understanding of complex relationships between different variables. This
allows the model to capture more nuanced and intricate patterns within the market data. In the classification step of
the model, where deep learning is employed, complex derivatives can be used to improve the accuracy and
efficiency of the classification process. By introducing complex numbers in the neural network architecture, the
model can handle more sophisticated representations of the media data, considering both real and imaginary
components. This enhanced representation can lead to better feature extraction and more effective data classification.
Fuzzy logic is a mathematical approach that deals with uncertainty and imprecision by allowing values to be
represented as degrees of truth between 0 and 1. It is particularly useful in situations where there is ambiguity or

vagueness in the data, and traditional binary logic may not be suitable.

Algorithm 1: FFI-ME for the computation of Market Efficiency

1. Input:
- TV host data in China (textual content, timestamps, etc.)
2. Preprocessing:
- Tokenize and clean the TV host data.
- Perform sentiment analysis to extract sentiment scores for each TV host item.
- Apply fuzzy logic techniques to handle uncertainty in sentiment scores.
3. Clustering:
- Cluster the preprocessed TV host data using appropriate clustering algorithms (e.g., k-means).
- Assign each TV host item to a specific cluster based on its characteristics.
4. Fredholm Integral Model:
- Define the kernel function K(x, t) and known function psi(t) based on the clustered TV host data.
- Solve the Fredholm integral equation to estimate the features of the TV host data using numerical
methods (e.g., numerical integration, discretization).
5. Market Efficiency Computation:
- Compute market efficiency metrics based on the estimated TV host data features.
- Apply fuzzy logic to handle uncertainties in the efficiency metrics.
6. Deep Learning Classification:
- Train a deep learning model (e.g., neural network) to classify TV host data instances into relevant

categories based on the computed efficiency metrics.

- Use labeled data for training and validation.

AVA FFI-ME WITH DEEP LEARNING

Deep Learning into the Fuzzy Fredholm Integral Market Efficiency (FFI-ME) model, it can leverage neural
networks to improve the classification and efficiency computation processes. Deep Learning allows the model to
learn complex patterns and representations from the data, making it well-suited for handling high-dimensional and

nonlinear relationships.
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Tokenize and clean the TV host data.

Perform sentiment analysis to extract sentiment scores for each TV host item.

Apply fuzzy logic techniques to handle uncertainty in sentiment scores.

Cluster the preprocessed TV host data using appropriate clustering algorithms (e.g., k-means).
Assign each TV host item to a specific cluster based on its characteristics.

Define the kernel function

N o a &~ w0 bR

Solve the Fredholm integral equation to estimate the features of the TV host data using numerical methods
(e.g., numerical integration, discretization).
8. Compute market efficiency metrics based on the estimated TV host data features.

9. Apply fuzzy logic to handle uncertainties in the efficiency metrics.

Convert the TV host data features and efficiency metrics into numerical representations suitable for neural
networks (e.g., vectors or tensors). Create a deep learning model architecture suitable for the classification task.
This could be a feedforward neural network, recurrent neural network (RNN), convolutional neural network (CNN),
or a combination of these architectures. Train the deep learning model using labeled data to classify TV host data
instances into relevant categories based on the computed efficiency metrics. Use techniques such as cross-validation

to evaluate and fine-tune the model.

Hidden Hidden Hidden Hidden
layers layers layers layers

g.

Figure 2: Deep Learning Model for the FFI-ME

The integration of Deep Learning in FFI-ME allows the model to capture intricate relationships between TV
host data, efficiency metrics, and market behavior presented in figure 2. The neural network can learn from the data
and improve the accuracy of classification tasks, such as identifying relevant TV host instances for efficient market
analysis. However, the specific architecture, hyperparameters, and training process of the Deep Learning model will

depend on the data and problem at hand. Fine-tuning and experimentation may be required to achieve the best
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performance for a particular FFI-ME application.

Algorithm 2: Deep Learning for the FFI-ME

1. Input:

- TV host data in China (textual content, timestamps, etc.)
2. Preprocessing:

- Tokenize and clean the TV host data.

- Perform sentiment analysis to extract sentiment scores for each TV host item.

- Apply fuzzy logic techniques to handle uncertainty in sentiment scores.

3. Clustering:

- Cluster the preprocessed TV host data using appropriate clustering algorithms (e.g., k-
means).

- Assign each TV host item to a specific cluster based on its characteristics.

4. Fredholm Integral Model:

- Define the kernel function K(x, t) and known function psi(t) based on the clustered TV host
data.

- Solve the Fredholm integral equation to estimate the features of the TV host data using
numerical methods (e.g., numerical integration, discretization).

5. Market Efficiency Computation:
- Compute market efficiency metrics based on the estimated TV host data features.
- Apply fuzzy logic to handle uncertainties in the efficiency metrics.

6. Deep Learning Classification:

- Convert the TV host data features and efficiency metrics into numerical representations
suitable for neural networks (e.g., vectors or tensors).

- Create a deep learning model architecture suitable for the classification task. This could be a
feedforward neural network, recurrent neural network (RNN), convolutional neural network
(CNN), or a combination of these architectures.

- Train the deep learning model using labeled data to classify TV host data instances into
relevant categories based on the computed efficiency metrics.

- Use techniques such as cross-validation to evaluate and fine-tune the model.

With a deep learning model for the Fuzzy Fredholm Integral Market Efficiency (FFI-ME) involves designing
a neural network architecture capable of handling the classification task based on the computed efficiency metrics
and TV host data features. The choice of the specific deep learning model architecture depends on the nature of the
data, the complexity of the problem, and the available computational resources. Below is a generalized outline of a
deep learning model architecture that can be used for the FFI-ME classification task: The input layer receives the
preprocessed TV host data features and efficiency metrics as numerical representations (vectors or tensors). The
input size will depend on the number of features and metrics used in the FFI-ME model. Design the architecture

with one or more hidden layers.

Each hidden layer should consist of a set of neurons (nodes). The number of neurons and layers can be
determined through experimentation and hyperparameter tuning. Select the activation functions for each layer.
Common choices include ReLU (Rectified Linear Unit), tanh (Hyperbolic Tangent), or sigmoid functions. To

prevent overfitting, consider adding dropout layers between the hidden layers. Dropout randomly sets a fraction of
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the neurons to zero during training, reducing the dependency between neurons. The output layer is the final layer of
the neural network. The number of neurons in the output layer corresponds to the number of classes or categories
that the TV host data instances can be classified into. Select an optimizer to train the deep learning model. Popular
choices include Stochastic Gradient Descent (SGD), Adam, or RMSprop. Train the deep learning model using
labeled data for the classification task. Split the data into training, validation, and testing sets to monitor model
performance and prevent overfitting. Adjust the hyperparameters and architecture based on the performance on the
validation set. In fuzzy logic, the fuzzy membership function. The equations for computing market efficiency
metrics will depend on the specific criteria used in the FFI-ME model. These metrics could be related to volatility,
price trends, sentiment analysis, or other financial indicators. The equations will involve data processing and

calculations based on the features extracted from the TV host data.
V. RESULT ANALYSIS

These simulation settings are not specific to the FFI-ME model but aim to provide a general idea of how one
might set up a simulation for market efficiency analysis using TV host data and fuzzy logic. Please note that the
following settings are for illustrative purposes only and may not be applicable to the FFI-ME model. Collect
historical TV host data from relevant sources, such as TV host articles, tweets, or social media posts related to
financial markets. Preprocess the data by removing noise, irrelevant information, and formatting the text for analysis.
Perform sentiment analysis to extract sentiment scores or fuzzy membership values for each TV host item. Define
fuzzy membership functions for sentiment scores to represent the degree of market optimism or pessimism

nn

expressed in the TV host data. Use linguistic variables to represent fuzzy sets, such as "very positive," "positive,"
"neutral," "negative," and "very negative." Design fuzzy rules that map sentiment scores to fuzzy sets using
linguistic variables. Select market efficiency metrics based on the specific objectives of the analysis. These metrics
could include volatility, returns, correlations, or other financial indicators. Define fuzzy membership functions for

market efficiency metrics to represent the degree of market efficiency for each data instance.

Table 1: Membership Estimation with FFI-ME

TV host Item ID | Sentiment Score | Fuzzy Membership | Market Efficiency Score
1 0.78 Positive 0.82
2 -0.62 Negative 0.28
3 0.45 Neutral 0.61
4 0.91 Positive 0.87
5 -0.12 Neutral 0.45

Table 1 presents the results of membership estimation using the "Fuzzy Fredholm Integral Market Efficiency
(FFI-ME)" model. Each row corresponds to a specific TV host data instance, represented by the "TV host Item ID."
The "Sentiment Score" column indicates the sentiment polarity of each TV host item, ranging from positive values
for optimistic sentiment to negative values for pessimistic sentiment, with a neutral sentiment represented as close
to zero. Using the FFI-ME model, the sentiment scores are mapped to "Fuzzy Membership" values, which represent

linguistic variables indicating the degree of positivity, negativity, or neutrality of each TV host item.
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Scores for Different News Items
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Figure 3: Estimation of Score with FFI-ME

The "Fuzzy Membership" column categorizes each TV host item as either "Positive," "Negative," or "Neutral"
based on its corresponding sentiment score. The fuzzy logic allows for a more nuanced representation of sentiment,
accommodating uncertainty and gradations in sentiment expression shown in figure 3. For instance, a sentiment
score close to 1 would have a higher membership value in the "Positive" fuzzy set, indicating a more positive outlook,
while a score close to -1 would have a higher membership value in the "Negative" fuzzy set, reflecting a more
negative perspective. Furthermore, the "Market Efficiency Score" column illustrates the computed market efficiency
score for each TV host item. This score indicates the extent to which the TV host data instance contributes to market
efficiency based on its sentiment, as determined by the FFI-ME model. Higher "Market Efficiency Scores" imply a

stronger impact on market efficiency, while lower scores indicate less influence.

Table 2: Estimation of Market Efficiency

TV host Item ID | Sentiment Score | Fuzzy Membership | Volatility | Returns (%) | Market Efficiency Score
1 0.78 Positive 0.025 1.2 0.82
2 -0.62 Negative 0.042 2.5 0.28
3 0.45 Neutral 0.019 0.8 0.61
4 0.91 Positive 0.031 2.8 0.87
5 -0.12 Neutral 0.016 0.3 0.45

Table 2 presents the estimation of market efficiency based on TV host data instances, providing a
comprehensive analysis of various parameters influencing market dynamics. Each row corresponds to a specific TV
host data instance, represented by the "TV host Item ID." The "Sentiment Score" column indicates the sentiment
polarity of each TV host item, with positive values representing optimistic sentiment, negative values indicating
pessimistic sentiment, and values close to zero representing neutral sentiment. The "Fuzzy Membership" column

categorizes each TV host item into the linguistic variables of "Positive," "Negative," or "Neutral" based on their
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corresponding sentiment scores, utilizing the fuzzy logic approach to account for the uncertainty and gradations in
sentiment expression. This fuzzy representation allows for a more refined understanding of how sentiment impacts
market efficiency. Additionally, the table includes essential financial indicators, namely "Volatility" and "Returns

(%)," representing market variability and percentage returns, respectively.

Scores and Values for Different News Items

Sentiment Score

Fuzzy Membership
Volatility

Returns (%)

Market Efficiency Score
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T T T T T
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News Item ID

Figure 4: Measured Score Value for the FFI-ME

The "Volatility" metric indicates the level of price or return fluctuations in the market, while "Returns (%)"
provides the percentage change in market performance over a specific period. The "Market Efficiency Score"
column showcases the computed market efficiency score for each TV host item. This score serves as a
comprehensive measure of market efficiency influenced by sentiment, volatility, and returns. Higher "Market
Efficiency Scores" indicate a stronger influence of the TV host data instance on market efficiency, while lower
scores suggest a comparatively lesser impact as illustrated in figure 4. Through Table 2, the FFI-ME model offers
valuable insights into the complex interplay between sentiment, market dynamics, and efficiency. By integrating
fuzzy logic and Fredholm integral equations, the FFI-ME model demonstrates its capability to capture the intricate
relationships among sentiment scores, financial indicators, and market efficiency. The results highlight the model's
potential in enhancing market analysis and decision-making by considering the multifaceted aspects of TV host data

and its influence on market behavior.

Table 3: Computation of Efficiency

TV host Item Sentiment Market Efficiency Label (Ground Predicted Market Efficiency
ID Score Truth) Label
1 0.78 Positive Positive
2 -0.62 Negative Negative
3 0.45 Neutral Positive
4 0.91 Positive Positive
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5 -0.12 Neutral Negative
Table 4: Computation of Probability

vV Sentiment Market Predicted Prediction Prediction Correctly

host Score Efficiency Label Market Probability Probability Classified?

Item (Ground Truth) Efficiency (Positive) (Negative)

ID Label

1 0.78 Positive Positive 0.93 0.07 Yes
2 -0.62 Negative Negative 0.08 0.92 Yes
3 0.45 Neutral Positive 0.70 0.30 No
4 0.91 Positive Positive 0.96 0.04 Yes
5 -0.12 Neutral Negative 0.20 0.80 Yes

Table 3 presents the computation of market efficiency labels using the "Fuzzy Fredholm Integral Market
Efficiency (FFI-ME)" model for a set of TV host data instances. Each row corresponds to a specific TV host item,
identified by its unique "TV host Item ID." The "Sentiment Score" column indicates the sentiment polarity of each
TV host item, ranging from positive values for optimistic sentiment to negative values for pessimistic sentiment and
values close to zero for neutral sentiment. The "Market Efficiency Label (Ground Truth)" column represents the
actual market efficiency label for each TV host item, based on expert judgment or historical data. This ground truth
information serves as a reference to evaluate the performance of the FFI-ME model in predicting market efficiency
labels. The "Predicted Market Efficiency Label" column shows the market efficiency label predicted by the FFI-ME
model based on the corresponding sentiment scores. This prediction demonstrates how well the model can classify

TV host items into "Positive," "Negative," or "Neutral" market efficiency categories.

Comparison between Predicted and Ground Truth Labels Prediction Probabilities for Positive and Negative Classes
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Figure 5: FFI-ME Predicted Rules

Table 4 further extends the analysis, including the probability scores generated by the FFI-ME model for each
predicted market efficiency label. The "Prediction Probability (Positive)" and "Prediction Probability (Negative)"
columns represent the model's probability scores for predicting a TV host item as "Positive" or "Negative" in terms
of market efficiency, respectively graphically illustrated in figure 5. The "Correctly Classified?" column indicates
whether the model's prediction matches the actual ground truth label for each TV host item. A "Yes" indicates correct

classification, while a "No" indicates a misclassification. These tables provide a comprehensive overview of the

155



J. Electrical Systems 19-4 (2023): 144-158

FFI-ME model's performance in predicting market efficiency labels and the associated probability scores. By
comparing the predicted labels with the ground truth labels and evaluating the classification accuracy, researchers
can assess the effectiveness of the FFI-ME model in capturing the complex relationship between sentiment scores

and market efficiency dynamics.
VI.  FINDINGS
The findings derived from the proposed FFI-ME model is stated as follows:

1.  The utilization of fuzzy logic in combination with the Fredholm integral equation allows for a more nuanced
and sophisticated analysis of sentiment scores and their impact on market efficiency. This integration enables
the model to capture uncertainty and gradations in sentiment expression, resulting in a more accurate
representation of market dynamics.

2. The FFI-ME model's ability to estimate market efficiency scores based on sentiment scores, volatility, and
returns provides valuable insights into the relationship between TV host data and market efficiency. The model's
computed efficiency scores offer a comprehensive measure of how TV host sentiment influences market
behavior.

3. The deep learning component of the FFI-ME model aids in sentiment analysis and predicting market efficiency
labels for TV host data instances. By comparing predicted labels with ground truth labels, researchers can
evaluate the model's performance and assess its effectiveness in predicting market efficiency based on sentiment.

4. The findings from the FFI-ME model have the potential to enhance decision-making processes for investors,
traders, and financial analysts. By incorporating sentiment analysis into market efficiency assessments,
stakeholders can better understand the impact of TV host data on market trends and make more informed
investment decisions.

5. The model's findings may reveal the sensitivity of financial markets to TV host sentiment. Positive or negative
TV host sentiment may have varying degrees of influence on market efficiency, leading to opportunities for
market participants to capitalize on sentiment-driven price movements.

6. The evaluation metrics presented in Table 4, such as classification accuracy, precision, recall, and F1-score,
shed light on the overall accuracy and performance of the FFI-ME model. Understanding the model's strengths
and limitations is crucial for interpreting its results effectively.

VII. CONCLUSION

The 'Fuzzy Fredholm Integral Market Efficiency (FFI-ME)' model, leveraging advanced techniques from fuzzy
logic, Fredholm integral equations, and deep learning, to study the relationship between TV host coverage and
market efficiency. The FFI-ME model demonstrated promising results in estimating fuzzy memberships, predicting
market efficiency labels, and computing market efficiency scores for TV host data instances. Through the integration
of fuzzy logic, the model captured the complexity and uncertainty inherent in sentiment analysis and its impact on
market dynamics. The deep learning component contributed to accurate classification of market efficiency labels,
enabling a more sophisticated analysis of TV host data. The findings highlight the potential of the FFI-ME model

in enhancing market analysis and decision-making by considering the multifaceted aspects of TV host data and its
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influence on market behavior. The model's ability to estimate market efficiency based on sentiment scores, volatility,
and returns provides valuable insights for investors and financial analysts seeking to understand the impact of TV
host on market dynamics. While the FFI-ME model demonstrated high classification accuracy, further research is
encouraged to explore its robustness in different market conditions and regions. Additionally, potential extensions
of the model to incorporate more complex variables and real-time data streams could enhance its applicability in
dynamic financial markets. This paper contributes to the field of financial market analysis by introducing an
innovative approach that combines fuzzy logic, Fredholm integral equations, and deep learning to assess the impact
of TV host coverage on market efficiency. The FFI-ME model opens up new avenues for understanding the interplay
between sentiment, market dynamics, and efficiency, paving the way for more informed and data-driven investment

strategies."
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