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Abstract : The fast growth of digital information in terms of documents and videos from YouTube has created a problem in terms
of finding, understanding, and retrieving relevant information. SmartDoc is an artificial intelligence contextual knowledge assistant
that has been designed to solve all these problems, providing knowledge from documents, transcripts and comments from YouTube,
in one knowledge environment. The suggested system will use Natural Language Processing (NLP), sentence-bert-based semantic
embeddings, vector database and Retrieval-Augmented Generation (RAG) to provide context-aware and grounded in sources
response. Uploaded documents and information from YouTube will be processed, turned into semantic embeddings and indexed
for further efficient retrieval. The system will use intelligent retrieval to find relevant information and then generate answers using
a large language model. Additionally, SmartDoc can provide document summarization, semantic search, and contextual information
retrieval, helping to avoid manually going through the text or video. The suggested approach can help to become more efficient and
accurate in retrieving relevant information from various sources. It can help students and other researchers to analyze and retrieve
information from large amounts of unstructured data.

Index Terms — Retrieval- augmented-generation(RAG), Natural Language Processing, YouTube Content analysis, Vector
Database, Sentence-BERT

INTRODUCTION

In today’s world, the increasing number of digital knowledge sources, including videos, documents, transcripts, and comments,
makes the availability of knowledge easier. On the other hand, obtaining required information from these sources is a hard task for
the user because he/she needs to invest enough time in searching a long video or document to find required information. Search
systems rely on matching keywords and do not support semantic search and contextual information.YouTube is one of the popular
websites containing educational and informational videos. Users may need to watch full-length videos or search manually within
their transcripts to get relevant information. In addition, existing conventional document reader tools contain search functionality
but lack the capability of semantic understanding, summarization, and contextual information.The current state of existing solutions
suggests that none of these tools provides a unified interface to integrate document, YouTube transcript, and comment information.

To resolve the above-mentioned problems, SmartDoc is proposed to serve as an Al-based contextual knowledge assistant that will
allow users to combine multiple digital information sources into a single unified knowledge base. The system will use NLP,
Sentence-BERT embeddings, vector database, and Retrieval-Augmented Generation (RAG) techniques to process and retrieve the
information. Semantic search and summarization and generation of context-aware responses are supported by the system.The
proposed solution allows a user to access required information without necessity to go through complete documents or videos.

NEED OF THE STUDY

Currently, the amount of data created and shared in the form of documents, videos, their transcripts, and comments increases
steadily. While the information is easily accessible, its extraction requires efforts because users should read long documents, watch
videos, and check transcripts to get the desired information. Therefore, a need arises to create an intelligent system which will
process vast amounts of information and provide users with necessary information.There are traditional systems for document
analytics and searches that offer a user only basic functions of searching the content in the document and processing it. Such a tool
cannot understand the semantic meaning and context of the query of the user. Moreover, online videos do not have an ability to
provide users with full context since it can be done manually by checking the video and its transcript. It becomes hard to find
necessary information if it is distributed between several sources. Thus, the project materials point at the absence of real-time
collaboration and analytics as other disadvantages of the tools. It is also required to create a system where users can find information
by its meaning and not simply by keyword matching. For instance, the semantic search can help to find the information that is
semantically related to the query of the user. The SmartDaoc satisfies this requirement by implementing Sentence-BERT embeddings
and vector databases which can be used for retrieval of relevant information from the provided content. In addition, the system
implements the Retrieval-Augmented Generation technology which helps to generate responses based on the retrieved information
and not just general knowledge.Thus, the necessity to develop SmartDoc appears as a result of the need to make searching and
retrieving information easier. possible to make this process easier. The offered system includes such functions as semantic search,
summarization, and contextual responses, etc.
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2.1 Population and Sample

The population for this research consists of digital sources of information that are able to be processed and analyzed via the proposed
SmartDoc solution. These sources primarily include text documents, YouTube videos, YouTube transcriptions, and YouTube
comments. All these sources provide a lot of both structured and unstructured information that could be useful for learning, research,
and knowledge retrieval. The sample for the research consists of selected documents and YouTube content that will serve as input
for SmartDoc analysis and information retrieval. These selected sources will be used to evaluate the possibility of the system to
analyze different kinds of information and retrieve relevant content according to user queries.

The sample content will be analyzed through several stages, including text extraction, preprocessing, semantic embedding, vector
storage, and information retrieval. The Semantic BERT (Sentence-BERT) will be used for semantic representation of the content,
while vector database will be utilized for storing and retrieving relevant information. Finally, the retrieved information will be used
by the Retrieval-Augmented Generation (RAG) framework for generation of the contextual response.

2.2 Data and Sources of Data

In this study, digital content will be used as the main data source for developing and evaluating the SmartDoc system. The main
data sources include documents, YouTube transcripts, and YouTube comments since these sources have varying text formats that
can be used for semantic search, summarization, and knowledge extraction purposes.Digital documents provided by users will be
used to obtain the required data for processing. To obtain YouTube transcripts and comments, YouTube content will be used, an d
these will be processed for storage and retrieval purposes. The obtained information will be turned into suitable text fragments to
be further processed by Natural Language Processing components.The processed content will be translated into semantic
embeddings using Sentence-BERT. Semantic embeddings will be stored in the vector database for similarity-based information
retrieval purposes. Using SmartDoc, relevant information will be retrieved based on the queries of users and used for generating
context-aware responses using RAG model.

2.3 Theoretical framework

The SmartDoc solution is powered by technologies such as Al, NLP, semantic search, and RAG.

The system consumes as input various documents, YouTube transcripts, YouTube comments, and the user's query. The information
is analyzed and transformed into semantic vectors with the help of Sentence-BERT.Those vectors are stored in a vector database.
In case the user inputs a query, the system searches the database and selects the most relevant pieces of information.

Finally, this information is provided to the RAG system, which creates an appropriate response.

RESEARCH METHODOLOGY

The methodology of SmartDoc describes the steps followed to develop the Al-powered contextual knowledge assistant. The system
collects information from documents, YouTube transcripts, and comments and processes the content using Natural Language
Processing techniques.The collected content is extracted and preprocessed before generating semantic embeddings using Sentence-
BERT. The embeddings are stored in a vector database for efficient retrieval. When a user enters a query, the system performs
semantic search to identify relevant information. The retrieved content is then provided to the RAG system to generate a context-
aware response.

3.1 Population and Sample

The people who live in an area are what this study is about. This study looks at the people who lived in this area over a per iod of
time. For example the study might look at a country like the United States or it might look at a smaller area like the state of California
or even a city like New York City.A smaller group of people is chosen from the area to help with the study. This smaller group is
called a sample. The sample has information about the people who lived in the area during years or in certain parts of the area. This
helps us see how the number of people in the area has changed over time and if the population is growing or not. The study looks at
things like how many people live in the area how many babies are born how many people die, how many people move in or out of
the area and how crowded the area is. The sample gives us information about what makes the population grow or change. Population
growth is what the study is really, about so it looks at the population and things that affect the population like birth rate and
population density and migration to understand the population better.

3.2 Data and Sources of Data

The data used in this study comes from digital knowledge sources. The main sources of data are YouTube video transcripts,
YouTube comments and documents provided by users. These different sources are worked on. Turned into a single knowledge base,
for smart information retrieval. The text data that is gathered is. Changed into semantic embeddings with the help of Sentence-BERT.
The cleaned data is then put into a three-tier vector database that uses ChromaDB. This helps the SmartDoc system find the
information and create answers that are aware of the context and based on the sources using the RAG framework.

3.3 Theoretical framework

The SmartDoc system is based on the Retrieval-Augmented Generation framework which combines information retrieval with
intelligence to generate answers. The SmartDoc system was designed to address the shortcomings of search systems that use
keywords to find information. It provides search results that are related to the meaning and context of the search query.

The SmartDoc system extracts information from digital sources such as YouTube video transcripts, YouTube comments, and
documents uploaded by the user. These sources contain a wealth of textual information that is processed and prepared for analysis.
The text is tokenized and processed into a format that is easy to store and retrieve.
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The processed information is then encoded using Sentence-BERT to generate numerical representations of the text. The encoded
information is stored in a vector database which acts as a repository of all the information extracted from the different sources.
When a search query is made, the search terms are encoded and compared to the information in the vector database to retrieve
relevant information. The SmartDoc system uses the Maximum Marginal Relevance technique to ensure that the most relevant
search results are retrieved while avoiding repetition. The retrieved information is combined with the search query and sent to a
Large Language Model to generate a contextual response.

The SmartDoc system can also provide additional information such as timestamps, authors, and references to the sources of the
information. The SmartDoc system is a search engine that uses the Retrieval-Augmented Generation framework and artificial
intelligence to provide relevant search results. It encodes information extracted from different sources and uses it to generate answers
to search queries. The textual information extracted from the source is tokenized and prepared for storage for faster retrieval.
Sentence-BERT produces semantic embeddings of the information for faster processing. The embeddings help perform semantic-
level searches instead of linear keyword-based searches. The embeddings generated are stored in a three-tier vector database using
Chroma DB. The three-tier architecture helps smartdocs in achieving maximum performance and scalability while maintaining
accuracy and simplicity. The vector database helps smartdocs store the required information in one place and allows querying of
transcripts, comments, and documents. The query input from the user is ingested through the query APl and is converted into semantic
representations. A query search is performed on the database to find relevant embedded information to form a response. Maximum
marginal relevance is the algorithm used for retrieval which helps in returning the most relevant information along with diverse
results. The query and the relevant information retrieved are passed to the llama/groq answer generation module to generate the final
output. This allows the model to generate answers based on the context retrieved. Smartdocs can also provide source grounded
responses if any of the relevant information has sources associated with them, timestamp, or an author.

3.4 Statistical tools and econometric models

This section will discuss the statistical tools and evaluation models used to assess the performance and efficiency of the proposed
SmartDoc: Al-Powered Contextual Knowledge Assistant. The developed solution processes the information from the YouTube
transcript and comments and the user’s documents, implementing semantic search and using the Retrieval-Augmented Generation
approach.

3.4.1 Descriptive Statistics

Descriptive statistics is used to summarize and describe the general properties of the data and the performance of the proposed
SmartDoc system. This analysis helps get a simple description of collected knowledge sources and information processed by the
system. The descriptive analysis can provide the necessary information about the number of processed YouTube videos, transcripts,
comments, uploaded documents, text chunks, queries, and retrieved results. All these characteristics are needed to understand the
quantity of the data stored in the knowledge base of SmartDoc.Moreover, several statistical measures can be used to describe the
properties of collected data. For example, mean, standard deviation, minimum, and maximum values can describe the number of
text chunks per document, the number of retrieved results, the length of documents, and response time of the system.Descriptive
statistics can be used to compare the results retrieved by different modules of the system, which helps identify its efficiency and
effectiveness in terms of semantic search and context recognition.

3.4.2 Fama-Mcbeth two pass regression

The Fama—MacBeth two-pass regression methodology will be implemented in this study to assess the impact of specific factors on
the performance of the proposed Smart Doc Al-Powered Contextual Knowledge Assistant. This method is particularly useful in
establishing the relationship between the complexity of the documents, accuracy of semantic searches, transcript quality,
summarization quality, response relevance, and retrieval effectiveness, among other variables, on the performance of the proposed
solution. The Fama—MacBeth methodology involves two stages in which the first-stage regressions are performed across multiple
observations, while the second stage involves cross-sectional aggregations (MacBeth, 1970).

First-Pass Regression:In the first-pass regression, the performance of Smart Doc is determined using various transcripts,
documents, queries, and test cases, as well as multiple observations. In this stage, the focus is on capturing the relationship between
performance and the specific factors affecting it. Thus, the general form of the first-pass regression can be presented as follows:
Yit=oi+p1iX [t+p2iX2t+B3iX3t+P4iX4t+eit

Where Yit is the performance of Smart Doc, while X1 is the accuracy of semantic searches, X2 is the summarization quality, X3 is
the document or transcript quality, and X4 is the contextual relevance. The coefficients f reflect the performance of Smart Doc in
relation to the different factors captured by Xi. Thus, the first-pass regression enables the determination of the relative influence of
specific variables on the performance of the proposed solution.

Second-Pass Regression:The second-pass regression involves running cross-sectional regressions for each period using the
coefficients estimated from the first-pass regression. This stage aims to estimate the average relation between the factors influencing
the performance of Smart Doc and its performance. Therefore, the second-pass regression follows the general form below:

Yt=y0t+y 1tB1+y2tB2-+y3tp3+y4tpd-+ut

Where y1t — y4t reflect the degree to which the change in the factors influencing the performance of Smart Doc affects its
performance. Thus, for each factor influencing the performance of the proposed solution, the average coefficient can be estim ated
as follows: y j=1TXyj
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Therefore, the standard error and t-statistic for each coefficient can be estimated and used to establish the significance of the factors
influencing the performance of Smart Doc. Unlike the first-pass regression, in the second-pass regression, the standard errors are
not estimated from the pooled regression but capture the variability between the different period estimators (MacBeth, 1970).

Using the Fama—MacBeth two-pass regression methodology, the performance of the proposed Smart Doc can be assessed based on
the identified factors influencing its performance. In this case, the dependent variable will be the overall performance of the proposed
system, while the independent variables will include the length of the documents, query difficulty, retrieval accuracy, transcript
quality, semantic similarity, and contextual accuracy. Therefore, the Fama—MacBeth two-pass regression will enable asserting the
extent to which the performance of Smart Doc depends on the different factors influencing it. For instance, in the case of semantic
searches, the coefficient capturing the relationship between semantic similarity and performance will show whether the accuracy of
semantic similarity influences the overall performance of the proposed solution. Similar observations can be made for the other
factors influencing the performance of Smart Doc. Thus, the Fama—MacBeth two-pass regression methodology will supplement the
conventional performance assessment metrics, including answer relevance, semantic accuracy, precision, summarization quality,
response accuracy, F1 score, and speed.

3.4.2.1 Model for CAPM

The Capital Asset Pricing Model (CAPM) was used to examine the relationship between the systematic risk and expected return
for each stock. First, in order to estimate the beta coefficient, which measures systematic market risk, a linear regression was
performed on the time series of excess returns. The regression was as follows:

Ri,t — Rf.t = oi + pi (Rm,t — Rft) + &it

Where Ri,t is the monthly return of security i at time t, Rf,t is the risk-free rate at time t, Rm,t is the monthly return of the market
index at time t, i is the systematic risk coefficient, ai is the intercept, and &i,t is the error term.

The excess returns of each security, Ri — Rf, were computed using the time series of share prices for each index over the sample
period. In turn, the excess returns of the market, Rm — Rf, were computed using the same period. The excess returns of each security
were regressed on the excess returns of the market in order to arrive at the first-pass regression, which estimates the systematic risk
of each security.

Then, using the cross-sectional regression, the second pass was conducted to determine whether the beta risk was priced by the
market and to estimate the risk premium of systematic risk. The regression was as follows:

Ri=vy0 +yl Bi+ni

Where Ri is the average excess return of security i over the sample period, y0 is the zero-beta return rate, y1 is the estimated market
risk premium, Bi is the estimated beta coefficient from the first-pass regression, and ni is the error term.

3.4.2.2 Model for APT

The Arbitrage Pricing Theory explains how much stocks can generate returns based on many macroeconomic factors. These factors
can include inflation rates, changes in interest rates, exchange rates, oil prices, and more.

In the first step, linear regression is used to estimate the sensitivity of each stock to the different macroeconomic factors.

Ri - Rf = Bilfl + Bi2f2 + Pi3f3 + Bidf4 + € (3.3)

In this equation, Ri - Rf is the excess return of stock . The variables i show how sensitive the stock is to each specific factor while

f1-f4 represent the factors. Lastly, € is the error term.

The next step is to perform a cross-sectional regression on the excess returns of each stock in order to determine the risk premium

of each factor.

R =70+ yIB1 +y2P2 +y3P3 + y4P4 + i ) (3.4)

In this equation, R represents the average excess return of stock. The terms y1-y4 represent the risk premium of each factor and p1-
B4 represent the scores of each factor. Lastly, y0 is the intercept and ei is the error term.

For the evaluation of how multiple factors affect the performance of the Smart Doc — Al-Powered Contextual Knowledge Assistant,
the APT model can be applied. Factors that may be considered are semantic search accuracy, response relevance, retrieval speed,
contextual understanding, document processing efficiency, and response generation quality.

Every of these factors affects the overall performance of Smart Doc in its own way. Semantic search and contextual understanding
will affect the accuracy of retrieved information, whereas retrieval speed and document processing efficiency will affect response
time.

Therefore, the APT model represents an appropriate model that can be applied for the analysis of the effect of multiple factors on
the performance of Smart Doc and identification of the most influential factors.

3.4.3 Comparison of the Models

Performance comparison of the various models employed in the Smart Doc tool in terms of retrieval accuracy, contextual
comprehension, response quality, adaptability, and suitability for document-based Q&A is undertaken below.

Keyword Search allows for quick search but relies mostly on keyword matching.

TF-IDF enhances the ability to retrieve relevant documents by taking into account the significance of words in documents.
Embedding Models comprehend the semantics of text and retrieve contextually similar data.

Traditional Al/LLM Models ensure better language comprehension and generate appropriate responses.

RAG-Based Models enable information retrieval as well as language generation to generate context-aware responses.

Smart Doc incorporates semantic retrieval and contextual generation to generate relevant and trustworthy responses using uploaded
documents.
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3.4.3.1 Davidson and MacKinnon Equation

This is an econometric test that helps compare two different models in order to identify which of them explains the observed results.
This test is used in situations when there are two ways of approaching the same prediction or performance task.

The general equation will have the following form;

The general form can be represented as:

Y=o+ X+P2 Y2 +¢

Where:

Y - dependent variable or observed system performance

X - independent variables influencing system performance

Y - predicted value received through the competing model

B1, B2 - model coefficients

€ - error term

In terms of the Smart Doc — Al-Powered Contextual Knowledge Assistant, the Davidson and MacKinnon test can be used for
comparing the existing model with some other approach. For example, this could be compared with traditional approaches to
keyword/TF-IDF retrieval with the approach based on Al-powered semantic or RAG-based retrieval.

If the coefficient of the predicted value through the competing model is significant, it means that the competing model provides
extra information about the results. If it is insignificant, the existing model might be enough.

3.4.3.2 Posterior Odds Ratio

The Posterior Odds Ratio is a statistic used to compare the performances of two models in light of the observed outcomes. In the
case of the Smart Doc — Al-Powered Contextual Knowledge Assistant, it is used to determine if the new RAG-based model
outperforms traditional document search techniques.

Formula:

Posterior Odds Rati0:P(MsmartDoc/D)/P(MTraditionaI/D)

Where:

M(SmartDoc) = Proposed Smart Doc RAG-based model

M(Traditional) = Traditional retrieval model like keyword search or TF-IDF

D = Observed evaluation data

P(Msmartocip) = Posterior probability of the Smart Doc model

P(Mraditionap)= Posterior probability of the traditional model

In case of Smart Doc, the comparison can be based on accuracy of answers, relevance of the retrieval, contextual knowledge,
response time, and user satisfaction. The larger Posterior Odds Ratio, the more evidence there is for the Smart Doc model.

IV. RESULTS AND DISCUSSION

4.1 Results of Descriptive Statics of Study Variables
Table 4.1: Descriptive Statics

Std.

Variable N Mean Deviation Maximum Maximum
Retrieval Accuracy

50 91.20 4.35 82 97
Response 50 92 50 382 85 98
Relevance ' '
Contextual_ 50 89.80 476 80 96
understanding
Response Time(sec) | 5q 235 0.58 150 3.40
User satisfaction 50 91.70 410 83 98

The descriptive statistics table represents performance of the Smart Doc — Al-Powered Contextual Knowledge Assistant regarding
the most important aspects of its performance measured through five main study variables. Analysis is performed on the sample
size of 50 observations (N=50) for each of them.

Retrieval Accuracy: 91.20% mean value of this variable suggests high accuracy of document information retrieval performed by
the system. It proves efficient working of the semantic retrieval aspect of the system.

Response Relevance: 92.50% mean value of this variable is the highest among the variables expressed as a percent. Thus, it can be
concluded that responses provided by the system are generally relevant to the question asked by users.

Contextual Understanding: 89.80% mean value of this variable suggests that the system is capable of interpreting the context of
user's question and answering according to the information provided in the documents.

Response Time: 2.35 seconds is the mean response time of the system.

User Satisfaction: 91.70% mean value of this variable suggests that the users are generally satisfied with the system performance.
Overall conclusion: Descriptive statistics reveal high retrieval accuracy, high response relevance, high contextual understanding,
high response time and high user satisfaction of the system.
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