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1 Introduction

The entertainment industry continues to evolve, and with this evolution,
understanding audience preferences and feedback becomes crucial. In this report,
my objective is to analyze a large dataset containing movie ratings, build predictive
models to predict these ratings, and evaluate their performance using the Root Mean
Square Error (RMSE).

2 Dataset Summary and Initial Observations

Overview of the Dataset

e Total Rows: 9,000,055 entries in the dataset.
e Unique Movies: 10,677 different movies.
e Unique Users: 69,878 different users.

Ratings Analysis

e Rating Counts: The script calculates counts for specific rating values and
overall distribution:
e No zero ratings (0).
e 2,121,240 instances of a rating of 3.
e Ratings 4 and 3 are the most common, with 2,588,430 and 2,121,240
counts respectively.
e Whole vs. Half Star Ratings: Whole star ratings (e.g., 1, 2, 3) are more
common than half-star ratings (e.g., 1.5, 2.5).

Genre Analysis

e Counts by Genre: The script computes the number of ratings for specific
genres:

Drama: 3,910,127

Comedy: 3,540,930

Thriller: 2,325,899

Romance: 1,712,100

e Top Genres: Drama and Comedy are the most represented genres in the
dataset.



Top Rated Movies

e Most Rated Movies: Identifies movies with the highest count of ratings. The
top S are:
"Pulp Fiction (1994)" - 31,362 ratings
"Forrest Gump (1994)" - 31,079 ratings
"Silence of the Lambs, The (1991)" - 30,382 ratings
"Jurassic Park (1993)" - 29,360 ratings
"Shawshank Redemption, The (1994)" - 28,015 ratings

Data Integrity and Structure

e No Missing Data: Confirmed that there are no missing (NA) values in the
dataset.
Data Types: The dataset includes integers, numerics, and characters.
Structure of Data: edx is a data frame with 6 columns: userld, movield, rating,

timestamp, title, genres.

Ratings Distribution:

e Zeros: O(It appears no movie has been rated zero.)
e Threes: 2,121,240

Genre-based Distribution:

Drama: 3,910,127 ratings
Comedy: 3,540,930 ratings
Thriller: 2,325,899 ratings
Romance: 1,712,100 ratings



3 Visualisations:

Plot for Distribution of ratings
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Distribution of Ratings:

The most common rating appears to be around 4, followed by 3, indicating that users
tend to give high ratings.The histogram illustrating the distribution of ratings across the
MovieLens dataset presents a clear preference among users for higher ratings, with 4
stars being the most frequently awarded score. The x-axis delineates the rating scores,
segmented by a bin width of 0.5, while the y-axis enumerates the total count of ratings
within each bin. Notably, scores of 3 and 4 dominate the distribution, indicating a user
tendency towards favorable reviews. The extremes of the rating scale, 1 and 5, are less
commonly assigned, but 5-star ratings are still notably more prevalent than the lowest
rating of 1. The least common rating given is 2 stars, highlighting a discernible skew towards
positive movie experiences within this community.

o This graph displays the frequency of each rating from 1 to 5.

o It seems the most frequent ratings given are 3 and 4, with 4 being the
most common. Ratings of 1 and 5 are less frequent, with 2 being the
least frequent among all.

o Most ratings are centered around 3 and 4.

o Ratings of 1 are relatively infrequent.

o Ratings of 5 are somewhat less common than 3 and 4 but more frequent
than 1 and 2.



Plot for Average ratings per movie
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Average Ratings per Movie displays the frequency of each average rating.

Each bar represents a distinct average rating interval, with the height indicating the number
of movies that fall into that rating category. The plot shows a normal-like distribution with a
clear peak around the 3 to 4 rating range, suggesting that most movies in the dataset are
considered above average by the viewers. There is a noticeable decline in frequency as the
ratings approach the lower end of the scale, with very few movies having an average rating
below 2. This trend underscores a predominance of positive reception among the movies
rated in the MovieLens dataset.

Rating Frequencies:

e 4-star: 2,588,430 counts
e 3-star: 2,121,240 counts [and so on for the provided ratings]
e Note: Half-star ratings appear to be less common than whole star ratings.

Ratings Spread:

With no movie being rated zero, it indicates that there's an inherent bias amongst the
users to rate a movie if they found some value in it, or it could mean that movies in
this dataset are of at least a certain standard.



Plot for Number of ratings per movie
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Number of Ratings per Movie:

This histogram displays the number of ratings each movie received, with most movies
receiving few ratings, which is typical of long-tail distributions often found in real-world
data.

o This graph shows the distribution of the number of ratings each movie
has received.

o A significant number of movies have received very few ratings, and the
frequency decreases as the number of ratings increases. This suggests
that there are a few very popular movies that have received a large
number of ratings, while most movies have only been rated a few times.

o The majority of movies have received a small number of ratings, with
only a few movies having thousands of ratings.

o This indicates that a few movies are highly popular and widely rated,
while many movies have only been rated by a small number of users.



Plot for Number of ratings per user
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Number of Ratings per User:

This histogram shows how many ratings were submitted by each user, highlighting that
most users rate only a few movies.

Similar to the second plot, the group_by(userld) and summarise functions are used to
calculate the count of ratings per user.

o This graph depicts how many movies each user has rated.

o Most users have rated only a few movies, with a sharp decline in the
number of users as the number of ratings per user increases. This
means that there are very few users who have rated a large number of
movies.



Plot for Distribution of User Activity
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e The histogram displays the frequency of user ratings on the MovieLens

platform.

The x-axis represents the number of ratings given by users.

The y-axis shows the frequency of users for each rating count.

There is a steep drop-off in frequency as the number of ratings increases.

Most users have rated a small number of movies, as indicated by the high

frequency of low rating counts.

e A very small number of users have rated a large number of movies, suggesting
a few highly active users.

e The distribution suggests a power-law or long-tail effect, where the majority of
ratings come from a minority of users.

e The plot indicates that user activity on the MovieLens platform is highly
skewed, with most users being infrequent raters.

The histogram titled "Distribution of User Activity" on the MovieLens platform illustrates a
pronounced skewness in user rating behavior, where a vast majority of users contribute
a relatively small number of ratings, and a small subset of highly active users contribute
a large number of ratings. This pattern indicates a typical power-law distribution often
observed in online platforms, where engagement is concentrated among a limited pool of
highly active participants.



Plot for Distribution of Movie Popularity
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Distribution of Movie Popularity

The histogram represents the distribution of how frequently movies were rated,
indicating their popularity on the MovielLens platform.

The x-axis measures the number of ratings that movies have received.

The y-axis counts the number of movies corresponding to each rating
frequency.

A small number of movies have a very high number of ratings, standing out as
extremely popular.

There is a sharp decline in the number of movies as the number of ratings
increases.

The majority of movies receive a low to moderate number of ratings, with very
few reaching high popularity.

This suggests that movie popularity on the platform follows a long-tail
distribution, where few movies are highly popular and many have low visibility.
The plot highlights the presence of blockbuster hits alongside a vast number
of less frequently rated movies, reflecting diverse user interests and the broad
range of movies available.

stribution of Movie Popularity" histogram reveals that a few movies garner a

significantly large number of ratings, highlighting their standout popularity among the
MovieLens users. Conversely, the vast majority of movies receive far fewer ratings,
indicating a long-tail distribution of movie popularity where only a select few achieve
widespread acclaim. This distribution is emblematic of consumer behavior on many digital
platforms, where a small selection of items enjoys a disproportionate amount of
attention.



Dominant Genres: Drama and Comedy seem to be the dominant genres, accounting for
the highest number of ratings. It can suggest that these genres are more widely watched or
perhaps are more polarizing, prompting viewers to leave ratings.

Active Movies and Users: A few movies like 'Pulp Fiction', 'Forrest Gump', and 'Silence
of the Lambs' have attracted a considerable number of ratings, suggesting their widespread
popularity or critical acclaim. Also, there will be a segment of users who are more active
than others, rating many movies, and then there will be passive users who rate very few.

Ratings Preference: The fact that 4-star ratings are the most common is interesting. It
shows that while users are willing to rate movies highly, they are slightly reserved in giving a
perfect score. The infrequency of half-star ratings compared to whole star ratings
suggests that users prefer rounding up their ratings, or maybe the interface/platform where
these ratings are being given discourages or doesn't offer half-star ratings readily.

Distribution of User Activity:The vast majority of users have given a very small number of
ratings (possibly between 1 to 20).As the number of ratings given by users increases, the
frequency dramatically drops.This suggests that only a small proportion of users are highly
active in terms of rating movies.

Distribution of Movie Popularity:A large number of movies have received very few ratings
(possibly just 1).The frequency of movies getting more ratings steadily decreases.Similar to
the user activity distribution, only a small subset of movies have received a significant
number of ratings, suggesting that most movies are not as popular or simply have not been
watched by many users.

Cold Start Problem: The data indicates a classic "cold start" situation in recommendation
systems. Many movies have received very few ratings, and many users have rated only a
few movies. This could make it challenging to provide recommendations for these movies or
users.

Active vs. Passive Users: The vast majority of users rate very few movies. This could be
due to various reasons like new users, users not interested in rating, or infrequent users. On
the other hand, there's a small set of very active users who rate a large number of movies.
This difference in behavior might be useful in segmenting users for specific recommendation
strategies.

Popular vs. Niche Movies: Just like user behavior, there's a wide discrepancy in movie
popularity. While many movies are rated by very few users, indicating they might be niche or
less popular, a small number of movies are extremely popular and have been rated by
many users.



Summary :Dataset Summary and Initial Observations

Our dataset is drawn from the MovieLens 10M collection, consisting of 9,000,055 ratings
from 69,878 unique users across 10,677 unique movies. Each entry includes a user ID,
movie ID, the rating given, a timestamp of the rating, the movie's title, and its genres.

The ratings are whole and half-star, ranging from 0.5 to 5 stars. The most common rating
given is 4 stars, highlighting a tendency among users to rate movies positively. There are
no zero ratings, indicating either a system restriction against such ratings or user
disinclination to rate a movie so poorly.

Data Types

The dataset comprises a mix of numerical and categorical data types. User IDs and movie
IDs are integers, facilitating discrete identification. Ratings are numerical, allowing for
precise quantification of user sentiment. Timestamps are also integer types, enabling
chronological analyses. Movie titles and genres are categorical, with genres often
composed of multiple categories indicating a movie can belong to several genres
simultaneously.

Data Exploration and Visualization

User Activity Distribution :

The visualization of user activity indicates that activity levels are highly skewed, with many
users providing ratings infrequently. A small cohort of users are extremely active, which
may indicate the presence of power users or potentially automated systems.

Movie Popularity Distribution :

In the movie popularity plot, we see that a small number of movies have garnered an
exceptional number of ratings, suggesting they are widely viewed and rated within the
community. This could reflect a small subset of very popular movies, perhaps blockbusters
or cult classics.

Distribution of Ratings :

The distribution of ratings shows that users are more likely to give whole star ratings, with
half-star ratings being less common. The most frequent ratings are 4 stars, followed by 3
and 5 stars. This suggests that users are generally positive in their movie evaluations, with
fewer ratings at the lower end of the scale.

Average Ratings per Movie :

When examining the average ratings per movie, we see a normal-like distribution centered
around the 3 to 4-star range. This central tendency implies that most movies are rated as
above average by the users.

Number of Ratings per Movie :

The distribution of the number of ratings per movie reaffirms the long-tail nature of movie
popularity, with most movies receiving a moderate number of ratings and a few outliers
receiving many thousands of ratings.



Number of Ratings per User :

Lastly, the distribution of the number of ratings per user reinforces our previous
observation about user activity being heavily skewed. A vast majority of users have rated
fewer than 200 movies, with the number dropping significantly as the number of ratings
increases.

Analysis :

In the analysis phase, our primary focus was to understand user behaviour and movie
popularity. We observed a power-law distribution in user activity, where a small number of
users contributed a large number of ratings, while the majority were far less active.
Similarly, movie popularity followed a long-tail distribution, with a few movies receiving a
vast number of ratings, while most received few.

4 Data Preprocessing

Title Column Removal

In this phase, we made a strategic decision to remove the 'title' column from the
dataset. This decision was driven by two key factors:

e Data Type Consideration: The 'title' column is a character type, which poses
challenges in a modeling context that predominantly relies on numerical data.
Integrating character data into models often requires additional preprocessing
steps like text encoding or embedding, which can complicate the model
without significantly contributing to its predictive power in this particular
scenario.

e Redundancy with MovielD: Each movie in our dataset is uniquely identified by
'movield’, which serves as a sufficient identifier for modeling purposes. The
'title' column, while informative, is redundant for the predictive analysis since
'movield' already encapsulates the unique identifier required for each movie.
This redundancy justifies the exclusion of the title column to streamline our
dataset, focusing on features that directly contribute to our predictive
modeling.

Other Preprocessing Steps

e Random Seed for Reproducibility: To ensure reproducibility of results, a
random seed was set prior to any operation involving randomness. This
practice is crucial in data science to guarantee that results can be
consistently replicated across different runs and by other researchers or
analysts.



e Data Partitioning Strategy: We divided our dataset into training and validation
sets, allocating 80% of the data to the training set and the remaining 20% to
the validation set. This split was chosen to provide a substantial amount of
data for training our models, while still reserving an adequate portion for
validating the model’s performance. The training set is used to train and tune
our models, and the validation set serves to assess the model's performance
on unseen data, a critical step in evaluating the generalizability of our
predictive models.

5 Feature Engineering

Feature engineering was undertaken to significantly boost our model's predictive accuracy.
This process involved creating several feature categories:

User-Based Features:

Average Rating per User: Computed the average rating given by each user.

Number of Ratings per User: Tallied the total number of ratings each user provided.
User Rating Standard Deviation: Assessed the variability in a user's ratings.

Time Since User's First Rating: Determined the duration from a user's first rating to
the current timestamp.

Movie-Based Features:

Average Rating per Movie: Calculated the average rating received by each movie.
Number of Ratings per Movie: Counted the total number of ratings for each movie.
Movie Rating Standard Deviation: Evaluated the variability of ratings for each movie.
Movie Age: Measured the time elapsed since the movie's first rating in the dataset.

Temporal Features:

e Time of Day: Categorized ratings into different times of the day (morning, afternoon,
evening, night).

e Day of the Week: Identified the specific day of the week when the rating was made.

e Seasonality: Determined if the rating was made during a holiday season or a
particular time of the year.

Genre-Based Features:

e Genre Dummies: Created binary (0/1) indicators for each genre a movie is
associated with.

e Number of Genres per Movie: Counted the number of genres each movie is
associated with.

e Popular Genre Indicator: Flagged whether a movie belongs to one of the top genres.



6 Model Development

Machine Learning Models

Simple Average Model

Baseline Model: Implemented a basic model that averages user and movie ratings
to predict unknown ratings.

Model Construction: Combined user and movie averages for predictions on
the validation set.

RMSE Calculation: Computed the Root Mean Square Error (RMSE) on the
validation set to evaluate model performance.

Final Holdout Test: Assessed the model on the final holdout test set and
calculated its RMSE for performance evaluation.

Regularized Model with Cross-Validation

Advanced Modeling Approach: Developed a more sophisticated model using
regularization and cross-validation to enhance accuracy and prevent
overfitting.

Feature Engineering: Included a whole star rating feature for more nuanced
modeling.

Global Average Rating: Calculated to establish a baseline for rating
deviations.

User and Movie Averages: Computed to assess individual biases in ratings.
Cross-Validation Process: Conducted to determine the optimal regularization
parameters, enhancing model robustness.

Optimal Lambda Determination: Identified the best regularization factors for
movies and users based on cross-validation results.

Final Bias Calculation: Utilized optimal lambda values to compute final movie
and user biases.

Validation Set Prediction: Performed predictions on the validation set using
refined biases.

Final Model Evaluation: Evaluated the RMSE of the model on the validation
set.



SVD Model

e Conceptual Overview:

SVD is a key collaborative filtering technique in recommendation
systems.

It decomposes user-item rating matrices into singular values to
uncover latent factors.

These latent factors significantly influence user preferences and item
characteristics.

SVD aims to enhance the system's ability to accurately predict user
ratings for movies.

e Data Transformation:

Converted user-movie rating data into a sparse matrix using
realRatingMatrix.

Sparse matrix format is efficient for representing user-item
interactions, particularly with missing ratings.

This format is critical for computational efficiency in handling large
datasets like MovielLens.

e Model Training:

Focused on optimizing various parameters and configurations.
Predefined number of latent factors to determine the dimensions of the
feature space.

Aimed to balance capturing sufficient user and item information while
avoiding overfitting.

Monitored model convergence to ensure an optimal balance between
variance and bias.

Implemented regularization techniques to prevent overfitting and to
generalize better on unseen data.



7 Model Evaluation

Metrics: RMSE (Root Mean Square Error)

The RMSE (Root Mean Square Error) is a standard statistical measure used to evaluate the
accuracy of a predictive model. It calculates the square root of the average of the squares of
the differences between the predicted and actual values. Here's the formula:

RMSE = \/ N (G vi)?

L X

° i represents the predicted value,

Vi

e 'listhe number of observations.

° represents the actual value, and

The RMSE value provides an indication of how much error there is between the
predicted values by the model and the actual values in the dataset. Lower RMSE
values indicate better model performance, with a value of 0 representing a perfect fit.

The primary metric used for evaluation was RMSE (Root Mean Square Error). RMSE
provides a clear indication of how much our predictions deviate, on average, from the
actual values in the dataset.

The primary metric used for evaluation was the RMSE, which measures the average
magnitude of the prediction errors. For the Simple Average Model, we reported the RMSE
on both the validation set and the final holdout test set, providing a comprehensive overview
of the model's predictive accuracy.

Further, the Singular Value Decomposition (SVD) Model was implemented. This
collaborative filtering technique is particularly suited for recommendation systems. The SVD
model's effectiveness was quantified using the RMSE calculated on the validation set and
the final holdout test set, facilitating a direct performance comparison with the Simple
Average Model.

In the case of the SVD Model, the RMSE on the validation set indicated a high level of
predictive accuracy, while the RMSE on the final holdout test set allowed us to assess the
model's generalizability to unseen data.

In summary, our modeling efforts highlighted the importance of balancing model complexity
with predictive performance. The RMSE results guided our selection of the most appropriate
model, with a clear preference for models that not only fit the training data well but also
maintain their performance on validation and unseen data sets.



Model Evaluation and RMSE Calculation Results

In the evaluation phase of our models, the RMSE was computed as the key metric to assess
the accuracy of our predictions. Here are the results obtained from our models:

Simple Average Model

Validation RMSE: 0.9140326

Final Holdout Test RMSE: 0.9136086

Analysis: The simple average model has consistent performance on both the
validation and the final holdout test set, which is good. However, the RMSE is
relatively high, indicating that the model's predictions are, on average, about 0.91
units different from the actual ratings.

e Validation RMSE: Achieved an RMSE of 0.9140326 on the validation set, indicating
the model's average error magnitude in a controlled testing environment. This metric
reflects the model's ability to predict movie ratings with moderate accuracy.

e Final Holdout Test RMSE: Exhibited a similar RMSE of 0.9136086 on the final
holdout test set, showing consistent performance between the validation and
holdout test datasets. This consistency suggests that the model maintains its
predictive ability on unseen data.

Regularized Model with Cross-Validation

Validation RMSE: 0.8823245

Final Holdout Test RMSE:0.8817297

Optimal lambda for movies is: 27.6

Optimal lambda for users is: 18.6

Analysis: This model shows a slight improvement over the simple average

model and, importantly, maintains consistency between the validation and final

holdout test sets. This suggests that the regularization is effective in controlling
overfitting and that the model generalizes well.

e Validation RMSE: Demonstrated an improved RMSE of 0.882324 on the validation
set. This improvement over the Simple Average Model suggests more accurate
predictions, likely due to the implementation of regularization techniques.

e Final Holdout Test RMSE: Showed a slightly better RMSE of 0.88172970n the final

holdout test set. This result is indicative of the model's robustness and its ability to

generalize well on new, unseen data.

SVD Model

Validation RMSE: 0.849919
Final Holdout Test RMSE: 3.666140
Analysis: The SVD model performs well on the validation set but very poorly on
the final holdout test set. This large discrepancy suggests that the model might be
overfitting the training data or that there is a significant difference in the data
distribution between the training/validation set and the final holdout test set.

e Process and Warnings:



o Encountered memory allocation warnings due to sparse-to-dense matrix
conversion.

o These warnings indicate substantial memory use, raising scalability and
efficiency concerns.

e Validation RMSE:

o Achieved an RMSE of 0.8651428 on the validation set, suggesting reasonable
accuracy.

e Final Holdout Test RMSE:

o RMSE increased to 3.66362296092266 on the final holdout test set,
indicating poor generalization.

e Conclusion:

o Due to the high memory consumption and poor generalization on the final
holdout test set, decided to transition to Spark's ALS model for improved
scalability and memory efficiency.

e SVD Validation RMSE: On the validation set, the SVD Model achieved the best
performance with an RMSE of 0.849919. This result signifies a strong fit and high
accuracy in predicting ratings on the validation data.

e Final Holdout Test RMSE: Contrarily, the performance on the final holdout test set
showed a marked increase in RMSE to 3.666140. This significant discrepancy
highlights potential issues such as overfitting to the training data or challenges in the
model's capacity to generalize effectively to new data.

Alternating Least Squares (ALS) Model (Spark's MLlIib)

Final Holdout Test RMSE: 0.8176838

Analysis:Demonstrates improved performance with lower RMSE compared to
previous models, indicating better predictive accuracy and generalization on unseen
data.

e ALS Model Training and Configuration: Utilized Spark's MLIib for training the ALS
model, focusing on optimizing latent factors, regularization, and iterations for better
model performance.

e Final Holdout Test RMSE: The ALS model showed a promising RMSE of 0.8176838
on the final holdout test set. This result indicates superior performance compared to
other models, reflecting better accuracy in predicting movie ratings on unseen data.

e Analysis: The ALS model's lower RMSE suggests that it effectively captures user
and item interactions without overfitting. Its scalable and efficient computation,
particularly with large datasets like MovieLens, makes it a suitable choice for our
recommendation system.



8 Transition to Spark's ALS Model Due to SVD Model
Limitations

Overview

After implementing the Singular Value Decomposition (SVD) model for our
MovieLens Recommendation System, we encountered significant challenges that
necessitated a change in our approach. While the SVD model performed reasonably
well on the validation set with an RMSE of 0.8651428, it exhibited poor performance
on the final holdout test set, yielding an RMSE of 3.66362296092266. Additionally,
the implementation of the SVD model raised concerns regarding memory efficiency.

Challenges with SVD Model

e Memory Consumption: The conversion from sparse to dense matrix during
SVD computations required substantial memory allocation. Warnings of
allocating vectors of sizes up to 4.4 GiB indicated excessive memory usage,
which can be problematic, especially when scaling to larger datasets.

e Poor Generalization on Holdout Test Set: The substantial increase in RMSE
from the validation set to the final holdout test set suggests that the SVD
model might have overfit the training data. This overfitting resulted in poor
generalization and predictive performance on the unseen holdout test set.

e Computational Efficiency: Besides memory concerns, the SVD model's
computational efficiency was also questionable, especially considering the
large size of the MovieLens dataset.

Transition to Spark's ALS Model

Given these challenges, we decided to transition to using the Alternating Least
Squares (ALS) model implemented in Spark's MLIib. Spark’s implementation of ALS
offers several advantages:

e Scalability and Efficiency: Spark's distributed computing capabilities allow for
efficient handling of large datasets, addressing memory and computational
efficiency concerns.

e Optimized for Sparse Data: Spark's ALS is well-suited for sparse datasets,
typical in recommendation systems, avoiding the need for dense matrix
coercion and thereby reducing memory usage.

e Flexibility in Model Tuning: ALS in Spark provides options for tuning various
parameters like the number of latent factors, regularization term, and
iterations, which can help in optimizing the model to prevent overfitting.



Implementation and Evaluation Plan

e Model Training: We will train the ALS model train the Alternating Least
Squares (ALS) model on the whole edx dataset.

e Parameter Tuning: We plan to experiment with different configurations of the
ALS model, focusing on optimizing latent factors and regularization
parameters to achieve a balance between bias and variance.

e Evaluation on Holdout Test Set: The model's effectiveness will be assessed
based on its performance on the final holdout test set, with RMSE serving as
the primary metric for evaluation.

The shift to Spark's ALS model is a strategic decision driven by the need for a more
scalable, memory-efficient, and potentially more accurate recommendation system.
This transition aligns with our goal of developing a robust, generalizable model
capable of handling the complexities and scale of the MovielLens dataset. Future
updates will focus on the outcomes of this new approach, detailing the performance
and insights gained from the ALS model implementation.

Spark Setup and Connection

e Environment Preparation: Set up and connected to the Spark environment for
large-scale data processing.
Configuration: Defined Spark configurations for optimal memory utilization.
e ALS Model Implementation and Evaluation:
e ALS Model Training: Utilized Spark's MLIib to train the Alternating
Least Squares (ALS) model on the edx dataset.
e Predictions on Holdout Test Set: Made predictions using the trained
ALS model on the final_holdout_test dataset.
e Model Performance Assessment: Evaluated the model using RMSE, a
key metric for accuracy.

ALS Model(Spark's MLIib)

Final Holdout Test RMSE: 0.8176838

Analysis:Demonstrates improved performance with lower RMSE compared to
previous models, indicating better predictive accuracy and generalization on unseen
data.



9 Final Model Selection

Overview

The process of selecting the final model for our MovieLens Recommendation System

involved thorough evaluation and comparison of various machine learning models.

These models were assessed based on their performance, particularly in terms of

RMSE (Root Mean Square Error), scalability, and generalization capabilities on unseen

data. The models under consideration included the Simple Average Model, the

Regularized Model with Cross-Validation, the Singular Value Decomposition (SVD)

Model, and the Alternating Least Squares (ALS) Model implemented in Spark's MLIib.

Comparison of Models

Simple Average Model:

Performance: Showed moderate accuracy with RMSE values around 0.91
on both validation and final holdout test sets.
Pros: Simplicity and consistency in performance.

Cons: Limited in capturing complex user-item interactions.

Regularized Model with Cross-Validation:

Performance: Slightly better than the Simple Average Model, with RMSE
values around 0.88.
Pros: Improved accuracy through regularization and cross-validation.

Cons: Still lacks in handling more nuanced aspects of the data.

SVD Model:

Performance: Excellent on the validation set (RMSE of 0.849919) but poor
on the final holdout test set (RMSE of 3.666140).
Pros: High accuracy in controlled environments.

Cons: Issues with overfitting and generalization to new data.

ALS Model (Spark's MLIib):

Performance: Best RMSE on the final holdout test set (0.8176838),
indicating superior predictive accuracy.

Pros: Efficient handling of large datasets, scalability, and better
generalization.

Cons: Requires a distributed computing environment for optimal

performance.



Selection Criteria
e Accuracy: The ability of the model to predict ratings as close as possible to the
actual user ratings.
e Scalability: The model's capacity to handle large datasets efficiently.
e Generalization: The model's performance on unseen data, a critical aspect for any

recommendation system.

Final Model Selection: ALS Model (Spark's MLIib)

e Rationale: The ALS Model implemented in Spark's MLIlib emerged as the clear
winner. It not only provided the lowest RMSE(0.8176838) on the final holdout test
set, indicating high accuracy, but also demonstrated superior scalability and
generalization capabilities.

e Key Strengths:

e Efficiently processes the large and sparse MovielLens dataset.
e Provides flexibility in model tuning, which aids in achieving a balanced model
that neither overfits nor underfits.

e Demonstrates robustness in predicting unseen user-movie interactions.

10 Conclusion and Future Directions

The RMSE calculations across different models provided critical insights into each model's
predictive accuracy. The Simple Average Model and the Regularized Model demonstrated
consistent performance across validation and holdout test sets but with moderate accuracy.
The SVD Model, while performing exceptionally well on the validation set, faced challenges
in generalizing to the final holdout test set, suggesting overfitting.

The transition to the ALS model in Spark's MLIib was driven by the need for improved
scalability, efficiency, and accuracy. The ALS model's lower RMSE on the final holdout test
set underscores its effectiveness in providing accurate recommendations while being able to
handle the complexities of large-scale data. These findings guide our future direction in
refining the ALS model and leveraging its capabilities for an enhanced MovielLens
Recommendation System.

The ALS Model's(Final Holdout Test RMSE: 0.8176838) superior performance in

accuracy, scalability, and generalization makes it the ideal choice for our MovieLens
Recommendation System. Moving forward, we will focus on further refining this
model, exploring different parameter tuning strategies, and integrating additional
features that might enhance its predictive power. Our aim is to continue improving the

recommendation system, ensuring it remains reliable, efficient, and user-centric.
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