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 In the ever-evolving landscape of streaming platforms, recommendation 

systems contribute significantly to enhancing the user experience. This article 

examines the significance of these systems in suggesting movies, analyzing 

their impact on user satisfaction and platform performance. Utilizing 

SparkMLlib, a powerful tool for large-scale data processing, we explore 

various recommendation techniques, including collaborative filtering and 

content-based filtering. We highlight the dimension of digital communication 

to further enhance the accuracy of recommendations and foster greater user 

engagement. Our study also addresses the challenges and future opportunities 

related to recommendation systems, emphasizing the need for transparency 

and ethical algorithms. This research highlights the potential for 

recommendation systems to revolutionize the digital entertainment landscape 

and shape the future of the movie industry. 
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1. INTRODUCTION 

In today's data-driven world, the deluge of information presents a significant challenge: how to extract 

meaningful insights and provide personalized experiences at scale [1], [2]. This problem is particularly relevant 

in the realm of recommendation systems, where users are often overwhelmed by vast catalogs of products or 

content [3]. Addressing this global need for efficient and scalable personalized recommendations, especially 

within the context of large datasets, is the core focus of this paper [4]. 

Our approach is based on artificial intelligence and collaborative filtering, and we specifically focus 

using Apache SparkMLib for big data analytics [5]. We address the challenge of building a scalable and high-

quality movie recommendation system for large-scale user-item interaction data. Now that we have huge 

datasets, we can use the machine learning algorithm of SparkMLib to process them and analyze them to give 

out accurate and personalized movie recommendations [6]. 

Previous research in this area often investigates different collaborative filtering approaches  that 

leverage classic machine learning libraries [7]. Although these methods have performed well on small 

datasets, they do not scale well with the exponential growth of user data [8]. Based on these foundations, 

this paper solves these limitations with the use of the distributed processing capabilities offered by 

SparkMLib [9]. 

We contribute to the application of SparkMLib in creating high-performance movie recommendation 

system. You will learn how to configure and tune SparkMLib algorithms to make accurate recommendations 

on real-world datasets. In addition, we will look into benefits SparkMLib provides with its distributed 

https://creativecommons.org/licenses/by-sa/4.0/
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processing capabilities and its justification with respect to large scale recommendation tasks [10]. The research 

provides a valuable resource for developers and researchers interested in building scalable and efficient 

recommendation systems with big data technology. 

 

 

2. ROLE OF RECOMMENDATION SYSTEMS IN THE MOVIE INDUSTRY 

2.1.  Significance of recommendation systems 

Recommendation systems are one of the key components for improving user experience on streaming 

platforms by providing the user with movies they may enjoy [11], [12], and a hybrid recommendation system 

can enhance movie suggestions [13]. Based on analysis of user preferences and behavior on digital mediums 

of communication, these systems supply personalized recommendations that reflect individual taste, easing the 

task of an ever-expanding universe of new content users are likely to enjoy [14]. This, in turn, leads to greater 

user satisfaction, extended viewing sessions, and improved retention on the part of streaming platforms [15]. 

Recent advancements have included the integration of deep learning techniques with traditional collaborative 

filtering methods, enhancing the effectiveness of these systems [16]. 

 

2.2.  Digital communication and recommendation systems 

Our view on data collection from the digital communication for our movie recommendation project 

is based on online communications like movie reviews, ratings, and social media activities [17], [18]. This 

enabled us to feed our models with the relevant contextual and behavioral data, improving the precision of 

the recommendations and different methods like collaborative filtering, content-based filtering, and hybrid 

approaches [19], [20]. We implemented recommendation models using the Python programming language 

and using Apache Spark framework [21], [22] to enable fast processing of large datasets [23]. The large 

libraries available in Python for data analysis and machine learning, along with the distributed computing 

ability of Spark [24], allowed us to implement scalable recommendation systems on huge volume of movie 

data [25], [26]. 

 

2.3.  Digital communication and recommendation systems 

Recommendation systems were rigorously tested and analyzed, with methods using precision, recall, 

and mean average precision (MAP) as evaluation metrics [27], [28]. To ensure high accuracy and relevance of 

movie recommendations, we conducted iterative optimization as well as experimentation to fine-tune our 

models [29]. However, by integrating digital interactions, we utilized techniques like cross-validation and A/B 

testing to validate the reliability and effectiveness of the recommendation algorithms [30]. 

 

2.4.  Impact of recommendation systems on digital user engagement 

The inclusion of recommendation systems and online communication in streaming platforms has 

transformed how the users identify and consume films [31]. These systems improve user interaction, increase 

time spent on the platform, and develop a sense of loyalty towards streaming platforms by providing specific 

suggestions based on the user preferences and his/her respective digital footprint [32], [33]. In addition, 

recommendation systems help popularize diverse content availability [29], which extends the reach of 

filmmakers and promotes heterogeneity and innovation in the film sector [28], [34]. 

 

2.5.  Challenges and future directions 

Although beneficial, recommendation systems also suffer from privacy issues, algorithmic adversarial 

biases [35], and the necessity to trace the prevailing trends of user preferences over time with dynamic 

adaptation across various domains and industries [34], [36]. Solving these issues will necessitate the 

cooperation of data scientists, engineers, and industry professionals to enable fairer and more transparent 

recommendation algorithms [35], [37]. In the long run, new usable findings (e.g., key learning points) will be 

explored by using innovative system learning procedures like profound learning and support learning [38] 

(e.g. pioneer finding of the client, selling more than one thing without a moment's delay to help precision and 

pertinent proposal) [39], [40]. 

 

 

3. METHOD 

This section overviews the methodology that has been used throughout the project. First of all, we 

will define the processes of data collection and data preprocessing and then deal with the concrete datasets and 

their specific characteristics that were used. Finally, we will outline the data cleaning process to show the way 

the validity of the analysis has been sustained. This logical chain is designed to ensure the high level of 

reliability of the study. 
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3.1.  Data collection and preprocessing 

For this project, we pulled movie data from three CSV files: movies.csv, ratings.csv, and tags.csv. 

[41]. Specifically, the three files consist of info about movies, ratings from users on the movies, and tags 

generated by users on the movies [42]. After collecting and preprocessing the data, it is important to provide a 

detailed description of the contents of each file used in this study. 

 

3.2.  Data description 

This section presents a detailed summary of data regarding different sources, with the focus on the 

interpretation of their nature and the types of information that they could possess. The information is necessary 

to acquire a basic understanding of the characteristics of data used in the project and proceed with their analysis. 

i) Movies.csv: a CSV file with data about the movies and the following columns [43]: 

‒ movieId: an identifier for movies. 

‒ title: title of the film. 

‒ genres: genres of the film. 

ii) Ratings.csv: we have a CSV file that has user ratings for various movies that includes the following 

columns: 

‒ userId: to identify users uniquely. 

‒ movieId: movie’s unique identifier. 

‒ rating: 0.5-5.0 based on user votes for the film. 

‒ timestamp: datetime when the rating was created. 

iii) Tags.csv: The CSV file is about user provided tags for movies and contains the columns: 

‒ userId: every user has a unique ID. 

‒ movieId: movie unique identifier. 

‒ tag a user, but it can be added on the image in the movie. 

‒ timestamp of when the tag is created. 

Following the presentation of the different data sources and their contents, a thorough data cleaning process 

was carried out to ensure the quality and consistency of the dataset. 

 

3.3.  Data cleaning 

The movie data provided was cleaned prior to performing the analysis in order to maintain data quality 

and consistency [44]. This cleaning process ensured the reliability of the subsequent results. The following 

steps were carried out during this phase:  

‒ Duplicate detection: all CSV files were checked for duplicates and removed unnecessary duplicate entries. 

‒ Missing values: missing or NaN values in the dataset was checked and handled via various methods 

(imputation or removal of records with missing values). 

‒ Timestamp conversion: the timestamp values of the ratings.csv and tags.csv → CSV human readable 

interpretable CSV files were converted to easily readable interpretable CSV files for better analysis. 

 

3.4.  Data preprocessing 

The movie data was then preprocessed by importing it using PySpark and, when necessary, Pandas 

[45]. This preprocessing helped efficiently prepare the data for further analysis. Several key tasks were carried 

out as part of this process, such as: 

‒ Feature engineering: the new features are derived from the features that already exist or the old feature, 

which is transformed into a new feature, considering the relevant information to be used for modeling 

purposes. This means that some of the features were calculated to provide extra data, e.g., movie ratings 

count per user and average movie rating. 

‒ Normalization: we normalized any numeric features in the variable 42 to ensure that we were on the same 

scale across the variables. Such preprocessing is particularly important in enhancing algorithm 

performance or accuracy, specifically on models that are sensitive to the scales of features, such as in 

collaborative filtering algorithms. 

‒ Encoding categorical variables: categorical features like movie genres were converted to numerical 

representation using methods like one-hot encoding. By this conversion, we can use categorical data as 

input variables for machine learning algorithms that require numerical input. 

The preprocessed data with rendered features, normalized numerical variables, and encoded categorical 

variables were input to construct recommendation models and analyses [46]. 

 

3.5.  Algorithm selection for movie recommendation 

3.5.1. Overview 

In this section, we explain the algorithms that we use in our collaborative filtering movie 

recommendation system and discuss their performance against each other. Analysis of collaborative filtering, 
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content-based filtering, and hybrid methods on their role in providing users with personalized movie 

recommendations. Full analysis of both approaches and their advantages/disadvantages in the context of  

our system. 

 

3.5.2. Algorithm description 

Collaborative filtering alternating least squares (ALS): collaborative filtering is a popular technique 

for building recommendation systems that use the wider population to predict what any single user will like. 

Apache Spark includes an implementation of the ALS algorithm for collaborative filtering in its MLlib library, 

which is one of the most popular implementations of this technique. ALS factorizes the user-item interaction 

matrix into two low-rank matrices, one pertaining to the latent features of the users and the other to the latent 

features of items. ALS minimizes the squared error between the predicted values and real ratings, creating 

recommendations for personalized items to users by iteratively adjusting these matrices [47], [48]. Recent 

studies have also evaluated the performance of machine learning frameworks such as PyTorch and TensorFlow 

in the context of big data recommendation systems [22], and integrating these methods with collaborative 

filtering can enhance recommendation accuracy and efficiency [49]. 

Content based filtering: content-based filtering recommendations are made for users based on the 

characteristics/features of the items. For example, content-based filtering in movie recommendation uses 

movie metadata (e.g., genre, cast, director, and plot summary) to retrieve similarities between items. 

Afterwards, it recommends you movies similar to the ones you enjoyed watching earlier. Content-based 

filtering does not depend on the interaction between user and item; however it takes the aspect of items and 

user preferences to itself [50]. 

 

3.5.3. Algorithm comparison 

This analysis contains two tables, providing perspectives into different recommendation algorithms. 

Even when the best algorithms can be applied to the data, the quality of that data has a large impact on 

effectiveness. Finally, sentiment analysis can be a useful in assessing the quality of the data provided by 

recommendation systems using online panels [51]. 

Table 1 offers a detailed comparison of different recommendation algorithms based on their 

personalization capabilities and scalability. Collaborative filtering ALS is noted for its high personalization but 

only moderate scalability. In contrast, content-based filtering excels in scalability but provides lower 

personalization. Hybrid approaches, which blend elements from both techniques, achieve high personalization 

and moderate to high scalability. 

 

 

Table 1. Comparison of recommendation algorithms (part 1) 
Algorithm Personalization Scalability 

Collaborative filtering ALS High Moderate 

Content-based filtering  Low High 
Hybrid approaches High Moderate-high 

 

 

The data requirements of the algorithms are listed in Table 2. Collaborative filtering ALS is based on 

user-item interaction data. This type of content-based filtering relies on metadata like data about movies 

characteristics or attributes related to products. Hybrid methods use both interaction data and metadata to 

exploit the advantages of the other two methods to increase relevance and quality. 

 

 

Table 2. Comparison of recommendation algorithms (part 2) 
Algorithm Data requirements 

Collaborative filtering ALS User-item interaction 

Content-based filtering Movie metadata 

Hybrid approaches Combined interaction data and metadata 

 

 

3.5.4. Algorithm selection 

Our movie recommendation system uses a hybrid approach, which is a combination of collaborative 

filtering and content-based filtering. This method utilizes the advantages of both methods. We selected this 

approach to increase recommendation precision and overcome deficiencies of individual algorithms. Here are 

the reasons why we made this choice: 

‒ Flexibility/personalization: hybrid methods are flexible and can combine the strengths of both data-driven 
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and knowledge-driven approaches. 

‒ Scalability: moderately scalable for collaborative filtering ALS; high scalable for content-based filtering, 

so this hybrid system can deal with large scale movies. 

‒ Data requirements: hybrid methods utilize user-item interactions and movie metadata; therefore, they 

typically have medium to high data requirements yet they can provide more interpretable and diverse 

recommendations. 

We developed a hybrid recommendation system that combines collaborative and content-based filtering 

approaches to provide personalized movie recommendations to users while overcoming the scalability 

limitations of standard collaborative filtering techniques [52], [53]. 

 

3.6.  Model evaluation 

For the purpose of evaluating the performance of the recommendation models, we employed several 

evaluation measures. These measures show how precise and how accurate the models are in recommending 

movies. Here’s how we evaluated them: 

i) Data splitting: we divided the dataset into two parts: training and testing sets. We used most of the data 

(about 80). 

ii) Model training: we trained the recommendation models, including collaborative filtering ALS, and hybrid 

approaches, using the training dataset. We used the right algorithms and settings to train them. For 

example, the ALS algorithm learned from the interactions between users and movies to make personalized 

recommendations. 

iii) Prediction generation: once trained, the models were put to work generating predictions for movie 

recommendations on the testing dataset. For instance, they suggested movies that users hadn’t rated yet. 

iv) Evaluation metrics: 

‒ We used several evaluation metrics to judge the quality of the recommendations made by the models. 

‒ Precision: this measure how many of the recommended items are actually relevant to the user. 

‒ Recall: it shows how many of the relevant items were successfully recommended to the user. 

‒ MAP: this calculates the average precision across all users, giving us a good overall view of 

recommendation quality [54]. 

‒ We calculated these metrics for each model to see how accurate and relevant their recommendations 

were. 

v) Comparison and analysis: 

‒ We compared and analyzed the performance of the recommendation models based on these evaluation 

metrics. This helped us understand the strengths and weaknesses of each model, such as how well they 

could personalize recommendations, handle large amounts of data, and more. 

‒ By rigorously evaluating the models and analyzing the results, we got important insights into how 

effective they were and where our movie recommendation system could be improved. 

 

 

4. RESULTS AND DISCUSSION 

The evaluation of the recommendation system produced valuable results. These findings are 

illustrated in the following visualizations. Each visualization helps highlight different aspects of the system’s 

effectiveness and performance. 

 

4.1.  Recommendation results 

Table 3 shows the recommendations created for the user with userId =1, along with the movie  

IDs and the predicted ratings. This table gives the user an idea about the list of movie IDs and  predicted 

rating for recommended movies. Hence, it serves as a great insight into the recommendations of the system 

for the user. 

 

4.2.  Distribution of ratings 

Understanding the distribution of movies based on their ratings offers information regarding user 

preferences and the overall quality of the dataset. As shown in Figure 1, the movies are arranged according to 

their ratings, which clearly highlights the levels of popularity and user satisfaction. This information helps to 

identify trends and patterns within the dataset. 

The distribution of ratings allows us to identify trends in user preferences. For example, extracting 

trends from user ratings, if all or most of the ratings are concentrated on the higher side of the scale that means 

the users generally like the movies they watch, then the collection of the movies was well received. In contrast, 

a distribution that is more evenly spread out with several ratings low down may imply wider variation in quality 

or levels of satisfaction amongst users. 
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Table 3. Recommendation results 
movieId User ID prediction 

6 1 4.4505124 
101 1 4.2939234 

151 1 4.3998666 

231 1 3.855823 
349 1 3.8604753 

423 1 2.893969 

543 1 4.2212844 
596 1 4.517418 

923 1 4.1947184 

940 1 4.423781 
943 1 3.6412902 

1009 1 3.241991 

1024 1 4.264587 
1031 1 4.6748037 

1089 1 4.88029 

1197 1 5.0 
1220 1 4.5909705 

1573 1 3.7724674 

1805 1 3.7703674 
1967 1 4.388135 

 

 

 

Figure 1. Distribution of ratings 

 

 

4.3.  Average prediction by genre plot 

This important plot illustrates how the average prediction scores vary across different movie genres 

and helps assess the performance of the recommendation system. Figure 2, a pie chart of the average prediction 

scores, provides a visual overview of the recommendations generated by the system. It allows for better 

interpretation of which genres are prioritized or favored based on the system’s predictions. 

In this plot chart we see the fraction of recommendations for each movie genre. If a genre has a large 

slice, it means that the recommendation system had recommended more movies to it. This distribution can give 

some insights into what users are actually listening to and then can help make the recommendation system 

more user preference centered. 

 

4.4.  Word cloud of movie titles 

This visualization creates a word cloud of the titles of movies, where the size of the word indicates 

how often they appear. As we can see in Figure 3, it presents the word cloud and most frequently appears 

illustrating titles in our dataset. It gives you an idea, what movie titles are mentioned the most. 

This is a word cloud to show how frequently a movie-title appears in our dataset. The bigger words 

mean more frequent use of those titles, hinting at the popular movies or movies that are most commonly 

watched. This visualization is a first step to seeing more popular movies and the user-preferences based on the 

title frequency [55], [56]. 
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Figure 2. Average prediction by genre plot 

 

 

 
 

Figure 3. Word cloud of movie titles 

 

 

4.5.  Movie connections network graph 

A network graph indicating connections between movies based on either user interactions or other 

criteria. Stated differently, these are co-occurrences or similarities, and these relationships are shown in  

Figure 4. This helps us to inform and guide in building effective recommendation strategy. The network graph 

represents relationships between movies, with nodes representing movies and edges indicating connections 

between them. Movies that are closely connected in the graph are likely to have similar characteristics or be 

frequently watched together by users. By recommending similar movies to users based on their viewing history, 

we can leverage this information to enhance recommendation algorithms. 

 

4.6.  Box plot of prediction scores by genre 

The box plot provides us a summary of prediction score distribution by genre. In contrast, Figure 5 

shows the distribution and central tendency of the prediction scores by topic. These two visualizations help to 

understand the prediction data variation and key tendency. The box plot displays the prediction score 

distribution of movie categories this sheds light on the spread of prediction scores for each genre, and it may 

assist in highlighting the outliers or genres that have more or fewer prediction scores. It helps to make the 

recommendation system better and more precise. 
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Figure 4. Movie connections network graph 

 

 

 
 

Figure 5. Box plot of prediction scores by genre 

 

 

4.7.  Correlation coefficients between tags and prediction scores 

The relationship between user-generated tags and resulting prediction scores can shed light on how 

effective tag-based recommendations are. The correlation coefficients between tags and prediction scores are 

shown, with the tags strongly associated with high or low prediction scores, in Figure 6. The plot shows the 
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correlation coefficients between prediction scores and tags generated by users. Tags having relatively higher 

positive correlation coefficients are more strongly associated with high prediction scores (likely relevant) and 

rightly recommend correct tags. On the flip side, tags with negative correlation coefficients may be orthogonal 

or perhaps less predictive. 

 

 

 
 

Figure 6. Correlation coefficients between tags and prediction scores 

 

 

4.8.  Distribution of movie ratings by hour of the day 

The distribution of movie ratings according to time of day unveils some fascinating information about 

how users consume their content and their preferences. This distribution shows where views peak and when 

engagement drops as can be seen in Figure 7. With these insights, content release timing can be maximized, 

and user experience can be optimized. 

 

 

 
 

Figure 7. Distribution of movie ratings by hour of the day 
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This visualization shows how movie ratings are distributed by the time of day in which users 

watched movies. This distribution allows us to identify what the peak hours are for watching television, as 

well as how users' viewership behavior is during different parts of the day. This information is extremely 

valuable when determining when to release content or how to frame marketing efforts so that people are 

more likely to engage with or be converted by your service. In addition, unlike other models that solely 

depend on existing user data for generating the model, this recommendation system is not dependent on any 

of these data. The system can also suggest personalized movies for even nonregistered users if they are not 

already present in the database, the suggestion can be based on the time of the day, genre preference or the 

popularity of the movie. Such ability adds to the enjoyment of a movie and may increase user satisfaction 

and engagement [53]. Recommendation systems are powerful tools for harnessing the vast amounts of data 

produced in the big data era and creating personalized user experiences. This chapter gives us an idea about 

how recommendation algorithms function under the hood, an overview of their importance, and a basic 

understanding of their future within big data. 

 

4.9.  Understanding user preferences: the backbone of recommendation systems 

At its core, a recommendation system is reading between the lines and making intelligent predictions 

based on a granular pattern hidden under big oceans of data. These systems identify patterns across massive 

data sets comprising users' interactions, viewing history, and comments to detect more nuanced patterns of 

behavior and preference with the aid of big data analytics. Recommendation systems perform a large-scale 

analysis of user behaviors using the advanced machine learning wizardry of collaborative filtering and deep 

learning and predict with high accuracy the next piece of content the user is likely to consume. 

 

4.10.  Driving business outcomes: the power of personalization 

The recommendation systems using big data analytics for Netflix, Disney, and Amazon Prime Video 

giants are not just a technological marvel but a business grow-or-die strategic asset. With access to mountains 

of data, created by millions of users around the world, these companies can provide hyper-personalized content 

recommendations based on personal interests and viewing histories. Such a high degree of personalization 

increases user activity, retention and, in turn, the bottom line, allowing them to continue asserting market 

leadership in the highly competitive arena of digital entertainment [51], [52]. 

 

4.11.  Business impact of recommendation systems 

The influence of big data analytics-powered recommendation systems deployed widely by digital 

entertainment companies on firms in and around the digital entertainment space is very profound. Personalized 

recommendations go past convenience (Mobile payment APIs lead to greater delight); on a macro level, 

personalized recommendations have profound power over consumer behavior, driving how digital 

communication takes place across millions of users. A custom content catalog driven by big data analytics will 

bring companies closer to consumers, increasing subscription renewals, customer lifetime value, and brand 

loyalty. Additionally, recommendation systems are powerful content discovery tools that uplift niche titles and 

promote diverse content consumption across different global audiences [52]. 

 

4.12.  Charting the path forward: future directions in recommendation systems 

As we chart the course forward in the realm of big data- driven recommendation systems, a myriad 

of possibilities beckons us to explore new frontiers and push the boundaries of innovation. While the current 

state of recommendation algorithms stands as a testament to their efficacy, there is sample room for further 

enhancement and evolution. Looking ahead, several key areas warrant attention and investment: 

‒ Enhanced personalization and contextual understanding: continuously refining algorithms to  

further analyze user-preferences, incorporating contextual information such as time, location, and 

device type to deliver hyper-personalized recommendations tailored to individual preferences and 

circumstances. 

‒ Multi-modal recommendations: embracing a multimodal approach that transcends traditional 

boundaries, combining text, image, audio, and other forms of data to offer richer, more immersive 

content recommendations that resonate with diverse audiences across global markets. 

‒ Interpretable and transparent models: developing recommendation models that are not only accurate but 

also interpretable, providing users with insights into the rationale behind each recommendation, thereby 

fostering trust, transparency, and user engagement at scale. 

‒ Continuous evaluation and feedback loop: instituting robust mechanisms for continuous evaluation 

of recommendation performance, gathering user feedback, and iteratively refining the system to adapt 

to evolving user preferences, cultural nuances, and industry trends within the dynamic landscape of 

big data [52], [53]. 
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By embracing these forward-looking strategies and harnessing the power of big data analytics, 

recommendation systems will continue to redefine the digital entertainment landscape, enriching user 

experiences and driving business success on a global scale through enhanced communication, advanced digital 

approaches, and increased interactivity [53]. In conclusion, the integration of digital communication into 

recommendation systems has revolutionized the movie-watching experience, setting the stage for future 

innovations that will continue to enhance digital interaction and engagement. By addressing the prevailing 

challenges and exploring new avenues in big data analytics, these systems will remain at the forefront of 

advancing the digital entertainment industry, ultimately bringing about a more personalized and engaging 

experience for users worldwide. 

 

 

4. CONCLUSION 

We propose the movie recommendation system by applying Apache SparkMLib with proven high 

performance, which allows the construction of a movie recommendation system of massive datasets. This 

blog demonstrated how we can use SparkMLib to overcome the limitations of traditional recommendation 

methods by harnessing the distributed processing capabilities and machine learning algorithms from 

SparkMLib and provide a scalable and efficient solution to the detrimental issue of information overload. 

The knowledge acquired through optimizing SparkMLib settings and evaluating its performance provides 

important directions for developers and researchers, who are important to develop a solid recommendation 

system. The ability to provide right and personalized recommendations in a big data setting has wide 

implications not only for improving user experiences in areas such as entertainment and e-commerce but 

also for any areas where personalized information retrieval is vital. In conclusion, this work highlights 

supporting future and intelligent/personalized digital experiences solving real-world problems using big data 

technologies such as SparkMLib. 
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