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1. Purpose of MRC:

The Centre for Data Science is established with the objective of applying data analysis,
machine learning, and statistical modeling technologies to address societal issues. It is
also aimed at developing new technologies in the field of Data Science.

2. Objective of MRC:
The Centre for Data Science is set up with the following objectives:

1. Fundamental Research: Investigating the underlying principles and theories of
data science. This involves exploring new algorithms, models, and techniques for data
analysis, machine learning, and statistical modeling.

2. Application Development: Creating practical applications and systems that
leverage data science technology. This can range from predictive analytics and natural
language processing to recommender systems and big data analytics.

3. Interdisciplinary Collaboration: Working with experts from other fields such as
computer science, economics, healthcare, and social sciences to develop more
comprehensive and effective data science solutions.



4. Technology Transfer: Bridging the gap between academic research and industry
by developing technologies that can be commercialized. This includes working with
industry partners to bring innovations from the lab to the market.

5. Education and Training: Providing education and training opportunities for
students, researchers, and professionals. This often involves organizing workshops,
seminars, and courses to disseminate knowledge and skills in data science.

6. Publication and Dissemination: Publishing research findings in leading journals
and conferences, and presenting at academic and industry events to share insights and
advancements with the broader community.

3. Description on Proposed Research:

There are various applications of Data Science, and predictive analytics is one of them.
Predictive analytics involves using historical data, statistical algorithms, and machine
learning techniques to identify the likelihood of future outcomes based on historical data.
In our MRC, we mainly focus on developing robust predictive analytics models. We
adopt the following methods and techniques for predictive analytics:

Predictive Analytics Algorithms

The predictive analytics approach involves the automatic analysis of input data to
forecast future trends and behaviours. This process uses both traditional and modern
methods.

Traditional Methods
The traditional method of predictive analytics consists of three steps:

1. Data Collection: This implies gathering and organizing relevant data from various
sources. The most typical flaw is incomplete or inconsistent data, which creates a
significant issue at the modeling step.

2. Data Cleaning and Pre-processing: Following data collection, we use pre-
processing technigues to clean and transform the data. This involves handling
missing values, normalizing data, and encoding categorical variables.

3. Model Training and Validation: After pre-processing, we use statistical and
machine learning models to train on the historical data and validate their
performance. This step includes selecting the appropriate features and tuning
model parameters to improve accuracy.

3.2. Modern Methods

While traditional approaches focus on manual feature selection and preprocessing,
modern approaches in data science leverage advanced machine learning and deep
learning algorithms to automate and enhance the predictive analytics process. These
approaches focus on developing models that can learn complex patterns and
relationships in data without extensive manual intervention. Modern approaches
employ deep learning architectures to automatically extract features and make
predictions based on input data. These methods include:



1. Deep Learning for Feature Extraction:

o Modern predictive analytics models employ convolutional neural networks
(CNNss) to automatically extract features from raw input data. Unlike
traditional methods, CNNs do not require manual feature engineering. Instead,
they learn hierarchical feature representations directly from the data through
multiple layers of convolutional operations.

2. Recurrent Neural Networks for Sequential Data:

o For time-series and sequential data, recurrent neural networks (RNNSs),
including Long Short-Term Memory (LSTM) networks and Gated Recurrent
Units (GRUSs), are used. These networks are designed to capture temporal
dependencies and patterns in sequential data, making them ideal for tasks such
as sales forecasting, stock price prediction, and customer behavior analysis.

3. End-to-End Learning:

o Modern approaches often use end-to-end learning, where the entire pipeline
from raw data input to final prediction is trained simultaneously. This allows
the model to optimize all steps in the process jointly, leading to better
performance and more accurate predictions.

Example Workflow:

1. Data Collection and Pre-processing: Gathering raw data from various sources and
applying minimal pre-processing to prepare the data for deep learning models.

2. Feature Extraction using CNNs: Applying convolutional layers to extract high-level
features from raw data, such as patterns and trends in sales data, or significant
attributes in customer data.

3. Sequence Modeling with RNNs: Feeding the extracted features into an RNN to
model temporal dependencies and predict future outcomes based on historical
sequences.

4. Prediction and Evaluation: Using the trained model to generate predictions and
evaluating its performance using metrics such as Mean Absolute Error (MAE), Root
Mean Squared Error (RMSE), or accuracy, depending on the application.

DATA COLLECTION AND PREPROCESSING FEATURE EXTRACTION USING CNMN's

PREDICTION AND EVALUATION SEQUENCE MODELLING WITH RNN's




Text Recognition Techniques in MRC-Data Science

In predictive analytics, handling a "stream of data" is crucial since the number of outputs
typically varies based on the input data. For example, given a time-series input, the goal is
to predict a sequence of future values. This sequential nature of the data requires models
that can handle such dependencies effectively. Here are different solutions to develop a
"stream of data" approach for predictive analytics:

Recurrent Neural Networks (RNNs)

RNNSs are designed to handle sequential data by maintaining a hidden state that captures
information from previous time steps. However, the main disadvantage of RNNSs is that
each state depends on the previous one, making it difficult to parallelize computations.
This limitation can slow down training, as the GPU must focus on a specific segment of
the task rather than distributing resources across the entire sequence.

Transformers

Transformers address the limitations of RNNs by employing an "attention” mechanism.
This allows the model to focus on different parts of the input sequence simultaneously,
leading to faster training and inference. Transformers are highly parallelizable, making
them more efficient for handling large-scale sequential data.

Model Overview

The neural network model for predictive analytics in our system consists of convolutional
neural network (CNN) layers, recurrent neural network (RNN) layers, and a final layer for
output prediction. Here's an overview of the system:

1. Convolutional Neural Network (CNN) Layers: These layers automatically extract
features from the raw input data. For example, in time-series analysis, CNNs can
identify important patterns and trends in the data.

2. Recurrent Neural Network (RNN) Layers: RNN layers, such as LSTM or GRU,
are used to model the temporal dependencies in the sequential data. These layers
process the extracted features from CNNSs and capture the sequential nature of the
data.

3. Transformer Layers: For improved performance and parallelization, transformer
layers can be integrated into the model. The attention mechanism in transformers
allows the model to focus on different parts of the input sequence simultaneously,
enhancing the model's ability to handle long-term dependencies.

4. Output Prediction Layer: The final layer generates the predicted output based on the
processed features from the previous layers. This layer is typically designed to
handle the specific type of output required, such as a sequence of future values in
time-series forecasting.

Operation of Machine Learning Models in Data Science:
1. Data Preprocessing and Feature Extraction:

« Data preprocessing involves steps tailored to the specific domain data. This includes
normalization, augmentation, and feature extraction techniques optimized for the task at
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hand. For instance, in text recognition tasks, preprocessing might involve cleaning and
tokenizing text data, handling missing values, and converting text into numerical
representations suitable for modeling.

 Feature extraction techniques are employed to transform raw data into a format that can

be effectively utilized by machine learning algorithms. These techniques may include
word embeddings, TF-IDF, or more advanced contextual embeddings. The choice of
feature extraction method depends on the nature of the data and the requirements of the
task.

2. Model Training and Optimization:

« Model training is conducted through iterative processes using backpropagation and

optimization techniques such as stochastic gradient descent (SGD) or adaptive optimizers
like Adam. The objective is to minimize the loss function associated with the model and
enhance its performance.

« To prevent overfitting and improve generalization, regularization methods such as

dropout or batch normalization are applied during training. These techniques help the
model learn robust patterns from the data and reduce the likelihood of memorizing noise
or irrelevant features.

3. Evaluation and Performance Metrics:

o Models are evaluated using standard metrics relevant to the data science task at hand.

Common metrics include accuracy, precision, recall, and F1-score. These metrics
provide insights into the model's performance in terms of its ability to make correct
predictions and avoid false positives or false negatives.

« Performance benchmarks are established based on domain-specific requirements, aiming

for high accuracy and efficiency in real-world applications. These benchmarks serve as
reference points for assessing the effectiveness of the model and identifying areas for
improvement.

. Expected Outcome:

The proposed system aims to accurately identify English handwritten text with a minimum
accuracy of 90%. Achieving this target ensures reliable digitization of handwritten
content, facilitating efficient document processing and enhancing accessibility to
handwritten materials in digital formats.
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