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Data cleaning and content analysis: It 
performs categorical encoding using One-Hot 
Encoding (OHE). OHE creates binary columns 
for each category, which converts the categorical 
variables (genre, director, cast) into numerical 
form extracted from the sample data set which will 
be shown as below.
•	 Genre: Action → [1,0], Comedy → [0,1]
•	 Director: Rajmouli → [1,0], Priyadarshan → 

[0,1]
The next process will be text cleaning 

for review text to make it usable for sentiment 
analysis or embeddings. By lowercasing, removing 
punctuation, removing stop words, and Stemming/
Lemmatization process, we finally get data in the 
form of Cleaned reviews:
•	 Bahubali → “mind bend visual stun”
•	 SeethaRamam → “heartbreak love story”
•	 Avathar → “epic space journey emotional 

depth”
The next process involves generating 

sentiment scores to reviews using tools like VADER 
or TextBlob.
•	 Bahubali → 0.85 (positive)

Introduction
This paper tackles the important issue of 

predicting movie ratings effectively and producing 
personalized recommendations in both the film 
industry and online streaming. With an immense 
amount of movie data available, especially on 
websites such as IMDb, machine learning techniques 
can be utilized to produce relevant insights and 
even predictions over ratings that significantly 
enhance the user experience by providing tailored 
content recommendations. But selecting the most 
efficient approach is complicated by the diversity 
of data types involved - numerical ratings versus 
textual metadata - and the complexity of individual 
user preferences. The objective of the study is 
to evaluate and compare traditional machine 
learning techniques, in particular, a classification 
model with TF-IDF vectorization along with cosine 
similarity for content.
Overview

The data preprocessing will be done with 
the complete IMDb movie data set. The following 
process is followed to classify the huge data 
according to each category like genre, casting, 
director, etc.
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With larger datasets, performance will vary 
- linear regression is a good baseline model. This 
model can be interpreted; coefficients represent 
the contribution of each feature towards the 
rating. Ensemble approaches and Deep Learning 
are generally superior to Linear Regression for 
predicting highly non-linear relationships.

The process of a typical Machine Learning 
Environment for IMDb Movie Rating Prediction 
can be represented by this workflow, beginning 
at Data Collection (IMDb metadata, reviews, 
external features), followed by Data Preprocessing 
(cleaning, normalization, sentiment analysis), 
Feature Extraction (cast, director, genre, reviews), 
and finally using ML Models (regression, decision 
trees, deep learning, NLP). The workflow concludes 
with Evaluation Metrics (RMSE, MAE, R²) and 
Integration into a Recommendation System.
Deep Learning Methods with CNN Process

The figure 1 represents a visual 
representation of the method (embedding → 

•	 SeethaRamam → 0.70 (positive but less 
intense)

•	 Avathar → 0.80 (positive)
Feature Engineering: This step involves 

Numerical Features for a movie with Runtime, 
year, sentiment score. Along with Categorical 
Features like Encoded genre, director, cast. Later 
it extracts the Derived Features from the IMDb 
data set for Director popularity (based on average 
IMDb rating) and actor frequency.
Comparison with Model Approaches
Linear Regression

Linear regression models the relationship 
between independent variables (features like 
runtime, year, sentiment, genre, director, cast) and 
the dependent variable (IMDb rating).
•	 Rating=β0+β1⋅Runtime+β2⋅Sentiment+…+ϵ
•	 β0: Intercept
•	 βi: Coefficients (weights) learned by the model
•	 ϵ: Error term

Table 1: Sample Dataset Extraction
Title Runtime Year Senti-

ment
Genre_
Action

Genre_ 
Comedy

Direc-
tor_

RMouli

Direc-
tor_Pri-
yadar-
shan

Cast_
Leonar-

do

Dr_ Pop-
ularity

IMDb 
Rating

Bahubali 148 2016 0.85 1 0 1 0 1 8.7 8.8
Seetha-
Ramam

195 2023 0.70 0 1 0 1 1 7.8 7.8

Avathar 169 2000 0.80 1 0 1 0 0 8.7 8.6

Figure 1: Architecture of IMDb movie rating with Deep learning Method of CNN

Table 2: Comparative study of Prediction review rate with three different Methods

Title Actual Rating Predicted (Linear) Predicted (RF) Predicted (TF-IDF)
Bahubali 8.8 8.5 8.7 8.8
SeethaRamam 7.8 7.5 7.7 7.9
Avathar 8.6 8.4 8.5 8.6
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between metadata and text features. Together, 
they provide a balanced model that uses both 
structured and unstructured data. TF-IDF with 
the random forest method is excellent for baseline 
models and smaller datasets - interpretable, fast, 
and robust. Whereas Deep Learning processes 
like CNN and RNN dominate when you have large-
scale IMDb reviews and want to capture nuanced 
meaning in text.
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convolution → pooling → dense → score prediction). 
Each word inside the reviews is mapped as a dense 
vector (Word2Vec, GloVe, or BERT embeddings). 
Consequently, the review can have a matrix of 
word embeddings.

Pooling Layer: Max-pooling reduces the 
quantity of information that has been inputted 
through the filters by only taking the most critical 
records from each. This allows for a reduction 
in the dimensions of the data without losing the 
essential factors of the data.

Fully Connected Layers: After pooling has 
taken place, the pooled features visit the fully 
connected layers. Any metadata (runtime, year, 
sentiment score) could also be concatenated here.

Output (IMDb rating): The final dense layer 
produces an output score (for instance, 8.1) of 
the evaluation. CNNs [3] are good at detecting 
local semantic styles consisting of “heartbreaking 
love story” or “visually stunning”. CNNs are 
also more efficient than RNNs and can be more 
effortlessly parallelized. But, they are extremely 
tough to analyze to decide how the sentiment was 
determined within the assessment. CNNs can scale 
very well; however, their capability to remember 
local context is restrained.
Random Forest Method with TF-IDF

This method helps to frame a decision tree 
and adequate predictions. It’s an ensemble method 
that builds many decision trees and averages their 
predictions. It handles nonlinear relationships 
between features (e.g., runtime × sentiment × 
director popularity). [4] This method provides 
feature importance scores, showing which factors 
drive ratings most. It is very robust against noise 
in user reviews and metadata.

The overall rating and prediction are 
analyzed with extended metadata (runtime, 
year, director, etc.) but also from textual movie 
reviews using embeddings like TF-IDF (Term 
Frequency–Inverse Document Frequency). It runs 
by combining metadata and text features into a 
single feature matrix. Later, we have to train a 
Random Forest Regressor. Scalability and data 
interpretability are very high compared with 
the CNN process. For the large data set, TF-IDF 
provides a high accuracy rate.

The expected output for the above sample 
will be generated by applying the three methods 
with respect to the review rates as follows.
Conclusion

Based on the study on [1] and [2], TF-
IDF captures the meaningful words in reviews. 
Random Forest learns nonlinear interactions 


