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ABSTRACT 

When searching for content within a very large data set, a recommendation 

system is commonly used to target the most relevant information for a user. Large 

amounts of resources have been poured into the development of recommendation 

systems, resulting in systems that utilize techniques such as collaborative filtering and 

content-based filtering. The display of recommendation system results are generally an 

afterthought. Improvements in baseline computer graphics hardware and global 

network infrastructure give way to more robust and dynamic display techniques, 

providing additional information during a user’s decision-making process. 

This research aims at creating a richer and more informative user interface to 

display recommendation system results, an improvement over commonly used item 

lists. After a comprehensive review of existing recommendation system data displays 

and models, a new framework based on multi-dimensional scaling techniques is 

proposed. The new framework maintains an internal data structure, called the Common 

View, which stores the relationships between relevant data items. From the Common 

View, 2D and 3D inter-item relationship preserving visualizations of the 

recommendation system data can be generated. Experimental results show that 

compared to current visualization techniques, the new system improves a user’s 

decision-making ability.  
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1 INTRODUCTION 

The viewing of recommendation system results have become a large part of 

millions of peoples everyday lives. Claessen et al. argues that there are three topics 

users are interested in: dataset items and their values, the distribution of values, and 

the relationship between item values (Claessen, 2011). Using a novel data display 

system the accessibility of dataset items improve, representation of item relationships 

are provided, and the distribution of item values become clustered. Figure 1 uses heat 

map coloring to display the distance from the query that was submitted to the 

recommendation system. Each display in the figure shows the top 100 movies related to 

the query.

 

Figure 1: Braveheart Top 100 Recommended Movies 
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Recommendation systems strive to present us with the most pertinent 

information to assist in solving common problems, saving the collective whole of society 

an incalculable amount of time during the decision-making process. When presented 

with the results of a recommendation system, a user typically receives the results in 

some form of a list. This is evident in many popular systems such as Netflix, Amazon, 

Crackle, Google and Hulu. Many of the popular systems attempt to increase the amount 

of information provided to the user for the decision-making process by using images in 

addition to text, which is referred to as content. The list that content is displayed in can 

provide additional information to the user as well. The list might present the content in 

a specific order, providing rank among the content items. Many of the current systems

 

Figure 2: Braveheart Top 100 Displayed in the Proposed View 
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(Netflix, Google Play, and Hulu) also categorize results. 

 Netflix uses the categorization of results to display multiple lists in one view to 

provide additional information to the user. Google Play and Hulu use categorization to 

reduce the amount of information provided to the user. Hulu does, however use a 

hybrid technique sub-dividing the categorization into more categorizations to display 

multiple lists to the user. The context of the query going into the recommendation 

system also provides additional information. The query may be for a user, group of 

users, all users, a dataset item, group of items and so forth. There are many queries that 

may be used in any given recommendation system. Currently, many recommendation 

systems focus on using collaborative filtering and content-based filtering to provide 

recommendations (Lam, Yu, Le, & Duong, 2008).  This illustrates the focus on the 

interaction of users and dataset items.  

While there is a lot of data being provided to users to assist in their decision-

making processes, much of the information a recommendation system could be 

conveying to the user is still being lost. When a query is submitted to a recommendation 

system it returns results in the form of dataset items as they relate to the query. All of 

the relationships between dataset items in the results are not provided, limiting the 

amount of information provided to the user. At first glance this may seem trivial. So 

much information has been provided to the user by the recommendation system that 

one may argue more would only overwhelm users. It is agreed that information 

overload is a very important topic and is considered when forming the data display 

system. There is a lot of information being presented to the user, but there is a finite set 
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of relationships being presented to the user that account for only a fraction of the total 

number of relationships that exist between the results of the recommendation system. 

Extracting these additional relationships from the recommendation system and 

presenting them visually will not overwhelm the user with an abundance of information 

displayed. It will, however, change the way the information is presented to the user, 

increasing the accuracy of the visualization as it relates to the dataset. This translates 

into gains represented as decreases in the time required for a user’s decision-making 

process and an increase in the accuracy of the decision. This leads to a hypothesis that a 

decrease in the number of times a user must backtrack to find a suitable dataset item. 

The additional relationships also educate the user about the dataset while viewing each 

result display. Jacques Bertin is attributed with pointing out that relationships are simply 

the result of permutation (Amar, 2005). In this paper we proceed to support his 

statement and recover dataset item relationships. 

1.1 Summary of Contribution 

The proposed framework utilizes an existing dataset and recommendation 

system to increase the amount of information conveyed to the user from the dataset 

producing a more accurate representation of the information contained within.  The 

framework maintains a user friendly display, decreasing barriers to acceptance by users 

of current displays, instead of using one of the academic display models discussed in 

Chapter 2. All inter-item relationships are used in the calculation of the display layout to 

convey the maximum amount of relational information contained within the dataset. An 
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analysis of the 2D grid display per-hop genre clustering is accomplished to provide 

empirical evidence of the gains provided by the proposed framework. 

1.2 Outline 

The Chapter 2 provides an overview of related work done in academia followed 

by an introduction and brief analysis of industry applications. Chapter 3 examines 

recommendation systems, the information provided by them, and the relationships 

contained within their cumulative results. Chapter 4 proposes a new framework for 

extracting this additional information from recommendation system results, what is 

required for the framework to be successfully implemented and the different displays 

that can be generated by the framework. Chapter 5 presents experimental results, 

comparisons to research and industry data visualizations, and results. Chapter 6 

concludes with an analysis of the achievements made, limitations of the proposed 

framework, future work to be done, and a short discussion.  
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2 RELATED WORK 

Data visualization has developed strong roots within multiple fields of study 

including computer science, biology, chemistry and astrology. It is difficult to find 

research that does not provide results without the use of visualizations. Models for 

visualizing data including principle component analysis (PCA), Multidimensional scaling 

(MDS), neural networks, self-organizing map (SOM), polar SOM (PolSOM), visualization-

induced SOM (ViSOM), parallel coordinates plot (PCP), and flexible linked axes, all 

produced through research. Industry is relying heavily on data visualization to provide 

better services to their customers. Companies such as Netflix, Hulu, Google, Crackle, 

Amazon, and Pandora have invested in the ability to serve users with the best 

recommendations of content possible, making the content as easy to consume as 

possible.    

2.1 Research 

Lind et al. presents a parallel coordinate display that duplicates variables on the 

display to eliminate axes that overlap and remove the duplicated axes, simplifying the 

presentation of relationships by reducing the number of visual replications (Lind, 2009). 

The number of axes required is equal or greater than other display methods. The display 

works well for visualizing relationship trends within a dataset. It does not provide the 

information about relationships needed on a per-item basis to add value to a 

recommendation system result display. 
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Claessen et al. presents flexible linked axes (FLINA) display. The primary 

distinguishing factor is that the display is responsive to user interaction (Claessen, 2011). 

The user may move axes and link the moved axes (Claessen, 2011). The user can define 

scatterplots, PCPs, and radar charts and then customize them (Claessen, 2011).   FLINA 

displays work well for visualizing relationships between variables. Relationships 

between dataset items are too granular to be interpreted from a FINA display. 

Self-organizing maps (SOMs), first presented by Kohonen, reduces high-

dimensional data into a few dimensions for display (Kohonen, 2001). Each item is 

represented as a feature vector and weighted neurons are created (Kohonen, 2001). 

Each feature vector is used as input and matched to a neuron that most closely matches 

its weight. Items with high similarity weights are displayed in a low dimensional space 

(Xu, 2010). Inter-point distance is not preserved during this process (Xu, 2010). Since the 

proposed framework’s focus is on recovering dataset relationships within the display 

SOM is not a likely candidate. Visualization-induced SOM (ViSOM) improves on SOM by 

preserving inter-neuron distance and data topology (Xu, 2010). ViSOM places 

constraints on the neighborhood updates to produce the additional preservations of 

information (Yin, 2002). ViSOM is a good candidate for dimensionality reduction within 

the proposed framework since it preserves inter-item relationships. Polar SOM 

(PolSOM) visualizes data in 2D polar coordinates and preserves all features that ViSOM 

does, data weight differences, and cluster features (Xu, 2010). The display generated by 

PolSOM is quite technical and may take user training to fully understand. PolSOM is not 

recommended for use within the proposed framework. 
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Multiple variations on multidimensional scaling (MDS) have been proposed. The 

general purpose of MDS is to reduce the total difference in inter-item distance between 

the original set of data and the data in the lower dimension to replicate the original set 

of relationships as closely as possible. A stress function is defined to illustrate the 

similarity between the original space and the low-dimensional space (Yin, 2002). An 

optimization algorithm is used to minimize the stress, making the low-dimensional 

representation as good a match as possible to the original space (Yin, 2002). Inter-point 

distances match up quality is measured according to the stress function (Yin, 2002).  An 

implementation of MDS is used in the experimental results. It is adapted from an 

implementation found in (Segaran, 2007).  

Principle component analysis (PCA) is also a common tool for dimensionality 

reduction (Hyvarinen, 2009). The most variant dimension is used as a projection axis and 

the least variant dimension is projected to the most variant dimension. The amount of 

relationship information lost during PCA is considered unacceptable for the proposed 

framework. 

Microsoft is producing a web-based academic search application that allows 

visualization of academic publication relationships and author relationships (Microsoft). 

Microsoft has opened it up to the public for beta testing. Figure 3 illustrates four 

different result graphs from Microsoft’s application. The top-left tile is a paper citation 

graph, top-right tile is a co-author graph, bottom-left is a co-author path, and bottom-

right is a genealogy graph. In the paper citation graph each item is a published paper. If 

a line connects a paper to the query paper it has cited the query paper as a source. The 
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co-author graph provides connections between a query author and other authors if they 

have co-authored a paper before. The co-author path graph shows a path connecting to 

query authors. If they have not co-authored a paper before, a social co-author path is 

found and displayed. The genealogy graph returns a query author’s advisors and 

advisees through as many generations as possible. All of the graphs reposition items as 

you zoom in and out within the application for an optimized view of the items. On all 

four displays as the number of items increase, occlusion also increases. Not all items are 

viewable. The views in Figure 3 share many similarities with the proposed framework’s 

results. The results are projected into a 2D space (The proposed framework allows 3D 

also) and displayed to the user with the least amount of occlusion possible. Each view 

has visual and textual cues attached to each item. There are several distinctions as well. 

All of Microsoft’s results produce graphs based on a single parameter attached to each 

author or paper. 

 

Figure 3: Four Microsoft Academic Search Result Graphs 
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The proposed system uses recommendation values that consider all of the item’s 

parameters. The position of items in Microsoft’s display preserves the relationship but 

allow items to shift around. The relationship is preserved because it is a Boolean 

relationship. In the proposed system relationship values are in a continuous value space. 

Movement of items would break the relationships representation within the display. 

The entire display may be moved. 

2.2 Industry Work 

Multiple high-profile companies (Netflix, Hulu, Amazon, Crackle, etc…) use 

recommendation systems in an attempt to improve the accessibility of their products to 

their users. The display of recommendation results is not very robust, providing 

representations that provide plenty of item specific information but lack relationship 

information. 

In recent years, Netflix has become one of the largest sources of North American 

web traffic (Hardawar, 2011). In 2009, a one-million dollar prize was awarded to 

BellKor’s Pragmatic Chaos for their improvements to Netflix’s currently implemented 

internet video streaming service recommendation system (Netflix). The importance of 

the user experience to Netflix is very apparent in their online streaming service. Netflix 

clusters their data into categories in a hierarchical fashion. Not only can a user drill 

down to a ‘Comedy’ category, but one may dive a layer deeper into a ‘Satire’ category. 

By hierarchically structuring the categorization, gains in ease of navigation are achieved. 

The structuring also provides a very loose inter-item relationship model. The proposed 
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framework explicitly defines the inter-item relationships. Each category is displayed as a 

list, horizontally, and provides scroll functionality when the user hovers over the 

beginning or end of a list with the cursor. The proposed framework increases the 

dimensionality of the result display to 2D and 3D.  An image (box art) is presented as a 

visual and textual cue for the user to identify the item. Visual and textual cues are also 

permitted within the proposed framework. An example of the Netflix display can be 

found by navigating to https://netflix.com/. To view their display it will require a 

subscription. Ranking of the items in a list and the relationships between items is not 

explicitly preserved. Duplicate entries may be found between categories on the same 

page. Items are not duplicated within the proposed framework. This cross-category 

duplication is more prominent when viewing a group of sub-categories that fall under 

the same category.  

The MovieLens project is developed by GroupLens, a research lab at the 

University of Minnesota (GroupLens). MovieLens displays returned recommendations in 

a paged list, providing textual queues of the returned content. The ranking of the results 

is preserved as in the proposed framework, but the distance between the results is not 

unlike the proposed framework. The MovieLens display provides more information than 

Netflix on the initial display. It is arguable that the MovieLens display creates 

https://netflix.com/
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information overload in the user. An example of the display is illustrated in Figure 4.

 

Figure 4: MovieLens’s Presentation of Movie Recommendations 

Pandora began in 2000, utilizing a system called the Music Genome Project to 

categorize music (Pandora). Pandora provides millions with customized music stations 

based on the use of the Music Genome Project as the dataset for their recommendation 

system. Pandora Radio presents recommendation results as a music playlist. This is an 

interesting situation in which the ranking of results is not relevant and the list is 

constantly changing, appending a new member periodically and providing the user the 

ability to approve or deny the recommendation. Ranking of the results is not preserved, 

but the list does provide ‘box art,’ providing the user with both a visual and textual cue 

of the content. No content navigation is provided and none of the item relationships are 

preserved. The proposed framework is significantly different. The playlist model may 

benefit from an incrementally constructed version of the proposal, demonstrating the 

spatial selection process and educating the user about the dataset. An example of 
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Pandora’s display is found at http://www.pandora.com/. It is arguable that a playlist 

would not provide the user with additional information by implementing navigation. 

Content duplication may occur over a long duration of time. There is no item duplication 

within the proposed framework. The playlist grows linearly and unbounded unlike the 

finite set of items in the proposal.  

Hulu was founded in 2007 and since, is providing an online video service with 

over 410 companies providing content (Hulu). While looking at Hulu’s presentation of 

recommendation system results, it seems to have improved over the standard display, 

displaying a list, of recommendation results. The display is presented in 2D like one of 

the available display methods in the proposed framework. Hulu has provided a different 

size tile for the most important results and displayed the results in what looks like a grid 

layout. All items in the proposal are generated at the same size.  Hulu’s tech blog 

provides a detailed entry about the recommendation system and the Recommendation 

Hub (Xiang, 2011).  The Recommendation Hub provides users with top 

recommendations, three genres, bookmarks, and user rating lists (Xiang, 2011). No 

details are provided about improvements to the display of the recommendation system 

results. A category navigation system similar to Netflix’s is implemented, providing two 

levels of navigation. Each tile displays image ‘box art’ as a visual and textual cue. An 

example of Hulu’s display can be viewed by visiting 

http://www.hulu.com/tv/popular/shows in a web browser. On mouse over, the tiles 

provide item details. Scrolling functionality of lists is provided via clicking on arrows 

located on the left and right sides of the list.   This cross-category duplication is 

http://www.pandora.com/
http://www.hulu.com/tv/popular/shows


14 
 

observed when viewing a group of sub-categories that fall under the same category. 

Once again, no duplication of items is present in the proposed framework. 

Amazon is a Fortune 500 company, providing the world with e-commerce since 

2000 (Amazon). Amazon uses recommendation systems to provide mass-customization 

using item-to-item collaborative filtering (Linden, 2003). Recommendation results are 

presented below currently displayed products in a single line list. The proposed 

framework uses a minimum of 2 dimensions. To display additional results, arrow icons 

located on the left and right ends of the list. Movement through the display is not 

explicitly defined by the proposed framework. An image of the item is displayed with a 

text title, review rating and price. The number of pages of recommendation results and 

the currently displayed page is listed in the upper right-hand corner of the list area. An 

example of my description can be viewed by going to Amazon’s site, searching for a 

product, and then clicking on the product. The recommendation results will be displayed 

below the selected product.  

Crackle, once known as Grouper, is an online video service backed by Sony 

(Eldon, 2007). Crackle provides basic statistical recommendations and no categorization. 

Category clustering is provided within the proposed framework. The results are 

displayed in a 2D list format similar to a 2D grid display in the proposed framework. 

Each item has ‘box art’ displayed along with the title in text form under the image. On 

mouse over, details of the item are displayed. Horizontal scrolling through the list is 

provided by clicking on arrow icons placed on the left and right sides of the list. Ranking 

and item relationships are not preserved unlike the proposed framework. Crackle’s 
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display is similar to Netflix and Hulu, with a reduced feature set. An example is located 

at http://www.crackle.com/c/movies. 

Google Play provides a centralized point for content purchasing and 

management for android device users. Google Play displays their recommendation 

results in a fashion similar to Hulu and the 2D grid layout display in the proposed 

framework. The each group displays as a perceived grid layout. Some of the displays, 

such as the Top Movie Rentals category, preserve the ranking explicitly by numbering 

the results. Ranking is also preserved in the proposed framework but is not explicitly 

numbered. The displayed lists are paginated. Traversing the pages of list items is done 

by clicking on the requested page below the list or clicking on the arrows located to the 

left and right of the pages displayed below the list. Icons or ‘box art’ are displayed with 

the title of the item below the image, cues that are also allowed within the proposed 

framework. An example of Google’s display is found at http://play.google.com/. 

  

http://www.crackle.com/c/movies
http://play.google.com/
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3 RECOMMENDATION SYSTEM DATA 

Recommendation systems provide results based on information provided by a 

dataset and, in turn, prioritizes the dataset’s items according to a query. The 

recommendation system may utilize techniques such as collaborative filtering, 

demographic filtering, or content-based filtering (Bobadilla, 2012).  A recommendation 

system returns recommendations as they relate to users, other items within the 

dataset, and queries such as most popular content. Recommendations are generated 

from a dataset in either an offline or online environment. In an offline environment 

processing time is generally unconstrained. When generating recommendations in an 

online environment time constraints are formed. While an online system is not 

constrained to real-time generation of results, there is a reasonable expectation of a low 

processing time in the interest of providing the user with a responsive application. 

The recommendation results used in this paper are generated by using the 

number of parameters a dataset item has,  , as the normalizing factor and taking the 

difference between the query’s parameter,  , and the query result’s parameter,  , and 

then normalizing the difference. Many of the parameters in the dataset used are 

Boolean values, simplifying the difference to a match/no match. String values are also 

processed on a match/no match basis.  If all the items parameters match, there is no 

difference between all the parameters and the returned value is 0. For example, a 

record from the experimental implementation contains 19 boolean genre parameters, 

an average rating value calculated from all of the users reviews in the dataset, the movie 
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title, IMDB URL, and release date. Each of the genre parameters are checked for a 

match. If they match, 1 is summed. This is also done for the movie title and IMDB URL. 

Since the difference between two movie’s ratings is not an accurate measure of how 

alike the movies are the rating is normalized by a denominator of 5 and summed into 

the calculation. The release date is compared. If the year matches, 1 is added to the 

summation. The sum is then normalized by the total number of parameters and 

subtracted from 1 to turn 0 into the item matching value. Pseudo-code for collecting the 

recommendation system values in a dataset with these parameters is provided in Figure 

5. The resulting value serves as a trivial recommendation system value for the 

experimental implementation. As the recommendations are generated, they are stored 

in an array for further use. 

 

        ∑        

 

 

Equation 1: Recommendation Value 
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Figure 5: Pseudo-Code for Recommendation Values 

 

3.1 Single Recommendation Result 

The most basic information returned by a recommendation system results in a 

linear display. Many current systems use the top-n results for visualization. They may 

also sort the results to provide the most recommended items to the user first. Both are 

used to prevent information overload. When visualizing the results, the results are 

commonly returned in a list format, with a new parameter attached representing the 

correlation of each item to the query. There are obvious limitations to the number of 

relationships preserved by this technique. By limiting the number of results returned, 

the user is prevented from locating edge-case data that may have been the intended 

target. Also, whether the items are ranked or not, they are stripped of their inter-item 

relationships. 
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3.2  Multiple Recommendation Results 

As the number of recommendation system queries increase, the number of 

accessible relationships increases as well. By maintaining records of the queries, links 

between result sets may be established, providing relationships that were not within a 

single query.  The number of items in the intersection of two result sets illustrates the 

number of recoverable relationships. For example, the first result set   = {A,B,C,E,H,J} 

and the second set   = {C,F,G,H,I,J} then the set of intersecting   relationships {C,H,J} 

can be carried into the display of   as additional relationship information. This 

information influences {C,H,J} in the   result set when the relationship between the 

two queries is known. As the number of queries increases, the number of recoverable 

relationships increases and the likelihood that the relationship between the two queries 

is known increases. Once the stored set of queries includes each item within the dataset 

with each dataset item being a query, the entire set of relationships is recovered. If the 

entire set of relationships is stored in a structure, all queries can reconstruct a visual 

representation of all query result items relationships. 

                                 

Equation 2: Result Intersection Set 

The gains & losses provided by increasing or decreasing the number of 

relationships presented to the user are highly subjective. Many algorithms that process 

large amounts of data may consider many relationships as noise, removing them to 

provide a more focused display. 
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4 IMPROVING THE DISPLAY 

Data is a subset of information and information is a subset of knowledge (Chen, 

2009). To acquire knowledge, the pursuit of information is undertaken. To acquire 

information, one must extract it from data. The more information one retrieves, the 

more knowledge one may acquire. When providing users with a visualization of data, 

the more information you provide the easier it is for a user to extract knowledge. It is 

important to not overload the user, however. Placing information in the smallest details 

may speak volumes.  The proposed framework creates a dissimilarity matrix of the 

complete dataset to use as the base visualization data. This matrix will incrementally be 

updated by the results of the recommendation system. When a display is requested, all 

relevant records are queried from the dissimilarity matrix and used in conjunction with 

the recommendation system results to generate a display. Figure 6 illustrates the flow of 

processes in the proposed framework between in the target environment, a client-

server environment. Option 2 allows the implementation to maintain all processing 

requirements on the server. Many of the requests may also be generated before they 

are requested. Option 1 allows the implementer to offload the MDS and grid fitting 

steps to the client’s hardware. There are no certainties of minimum processing 
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capabilities provided by client hardware. 

ServerWorkstations

1) Request a view
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2) Recommendation 
System generates 

results

3) View Matrix is 
constructed (may be 

pre-constructed)

4) (Option #1) View 
Matrix is sent 
through MDS

4) (Option #2) View 
Matrix is sent 
through MDS

6) (Option #1) View 
is displayed in 2D/

3D

6) (Option #2) View is 
displayed in 2D/3D

5) (Optional) Fit 
View to Grid

5) (Optional) Fit View 
to Grid

Client Side 
Processing

Server Side 
Processing

Step 1 Step 2

Step 3

Step 4

Step 5

Step 6

Step 6

Step 7 Step 7

Step 8 Step 8

 

Figure 6: Client-Server Process Flow 

4.1 Requirements 

To begin improving the display of data within a system with the new display 

framework prerequisites must be met. The author assumes that there is a dataset 

present and a recommendation system is implemented within the system. The 

recommendation system requires the dataset for input while the output of the 

recommendation system is required as input for the new framework. This establishes 

the initial portion of the processing pipeline as seen in Figure 7. 

Dataset
Recommendation 

System
New Framework

 
Figure 7: Flow from Dataset to Framework 
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4.2 Initialization 

A dissimilarity matrix, referred to as the Common View (CV), containing all of the 

dataset item relationships needs to be created. Each item in the dataset must run 

through the recommendation system and generate result values for every item in the 

dataset. If there are n items within the dataset, as each item passes through the 

recommendation system an n length array of values is generated. Each array of values is 

stored as a row within the CV resulting in a    matrix. The resulting storage requirement 

is the storage requirement of a floating integer multiplied by the matrix size. 

            

Equation 3: CV Storage Requirement 

The CV represents all relationships contained within the dataset. Initial construction of 

the CV is an offline process within the system. The performance is linear, dependent 

primarily on the performance of the recommendation system. In Equation 4 R is the per 

item cost of generating a recommendation and n is the number of dataset items.  

        

Equation 4: Performance of CV Construction 

Using the symmetrical properties of the CV, initialization performance is 

improved to half the original cost, shown in Equation 5. Each of the values calculated 

are reflected across the line of symmetry and entered, reducing the number of 

calculations required by half. Figure 8 illustrates an overview of the construction of the 

CV. 



23 
 

 (
    

 
) 

Equation 5: Improved Performance of CV Construction 

 

Figure 8: Constructing the Common View Matrix 

When creating the dissimilarity matrix it is important to keep in mind what the 

value returned by the recommendation system represents. If the relationships are 

weaker as the returned value increases with 0 as a matching relationship, the 

recommendation system already has the values in the proper format. If the 

relationships become stronger as the value increases, the values must be modified. The 

author proposes using a simple method that preserves the relationship for modifying 

values that represent a stronger relationship as the number increases. Normalize all 

values on a scale of 1 and then subtract each value from 1 as shown in Equation 6. 

                   
     

       
 

Equation 6: Change Recommendation System Values 
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4.2.1 CV Maintenance 

Maintenance processes involved with the CV include the insertion of a new 

dataset item, updating a dataset item, and removing a dataset item. All processes are 

handed by the system’s server, away from the user. No user disruption is observed by 

any of the maintenance processes.  

4.2.1.1 Insertion 

To insert a new dataset item the new item must be ran through the 

recommendation system to generate a recommendation value for each item in the 

dataset. From the results,      values are inserted into the CV. Each row has 1 value 

appended to it and the array of values created from the recommendation results is 

appended as an additional row. The dimension of the CV grows from    to      . The 

computational cost of adding a new record is illustrated in Equation 7. 

       

Equation 7: Add Item Computational Cost 

4.2.1.2 Updating 

If the parameters attached to a dataset item change, the change is propagated 

to the CV. This event is most noticeable in collaborative filtering systems where item 

ratings change frequently. To update an item within the CV the modified item runs 

through the recommendation system to generate a new recommendation value for 

each dataset item. The new array of values is compared to the row and column within 

the CV relating to the updated item. If the values change, the values from the new array 

are written to the CV. A total of      values are modified if a change is detected. The 
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computational cost of an update is equivalent to that of adding an item, shown in 

Equation 7.  There is no storage cost for this operation.  

4.2.1.3 Deletion 

If a dataset item is removed, the removal is propagated to the CV. The row and 

column associated with the removed item is located and deleted, reducing the 

dimension of the CV from    to      .      storage space is freed during the 

operation. There is not an associated computational cost with this operation. 

4.3 Creating a View 
Now that the CV is in place and being maintained by the system, views can be 

generated for the user. Table 1 illustrates the form of the stored CV matrix.  

 

                  …       

                  …       

                  …       

… … … … … 

                  …       

Table 1: Current View (CV) Matrix 

Three types of views are generated from the CV and recommendation system: global 

view, personalized view, and subject view. Each view must construct a view matrix 

based on the CV and information provided by the recommendation system. After 

generating a view matrix it is submitted to the next step, multi-dimensional scaling 

(MDS). After the view matrix is processed by MDS, 2D or 3D coordinates for each item in 

the dataset is recorded. Each relationship between the items is transformed into 
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uniform Euclidean distance by the MDS as a best fit. The dataset items are displayed in a 

2D or 3D floating point display or mapped to a 2D or 3D grid layout. Display on a grid 

layout transforms the floating point Euclidean distance from float precision to an 

integer, hop-distance measurement. Relative positioning of each item is preserved. 

Figure 9 illustrates an overview of the construction of a view matrix.  

 

Figure 9: Construction of a View Matrix 

4.3.1 Global View 

A global view represents the dataset items as a universal view. All system users 

that view the global display will see the same relative representation of dataset items. 

This does not mean that it never changes. Each time a maintenance process is 

performed on the CV all three view types are modified. 

4.3.1.1 Create 

Generating a global view requires retrieving the CV in its entirety and passing it 

on to MDS step. This allows the generation of either 2D or 3D coordinates for each item 

in the dataset. It may also be mapped to a grid display. The global view usually requires 
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clustering to reduce computational cost, discussed further in the Managing MDS 

section. 

4.3.1.2 Update 

All updates to the global view are processed through the maintenance processes 

of the CV. When retrieving the CV from the system for view on the user’s display all 

updates up to that moment are considered processed. 

 

4.3.2 Subject View 

A subject view provides information about a subset of dataset items within a 

specific query. For example, the query may be to find the top n related items to a 

dataset item. This permits exploration of data within a specific search domain. 

4.3.2.1 Create 

After submitting the subject query to the recommendation system, a 

recommendation result is created for each item in the query’s result set. Let   be the 

number of items returned by the query and the result set  .  The CV is queried for all 

relationships,   values, contained within the   items returned by the recommendation 

system. The subset of items returned by the recommendation system is then appended 

as a row and column to the CV query, illustrated by the green entries in Table 2.  The 

new position on the line of symmetry that does not have a value is set to 0 to represent 

the query source. A subject view can also be stacked on personalized views to create a 

combined display. 
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Equation 8: Computational Cost of Subject View 

The resulting matrix is the subject view, illustrated in Table 2. The computational cost of 

creating the subject view matrix is given in Equation 8. Each recommendation record in 

the database is stored as a string. The average search time of a recommendation value 

in each returned string is considered in the computation cost. The subject view may now 

be passed to the MDS step. 

 

                                             

                                             

                                             

                                             

         
          

          
          

            
      

                 0 

Table 2: Subject View (Top 5 Results) 

4.3.2.2 Update 

Updates may require the reconstruction of the CV query. In this case, the subject 

view is reconstructed in its entirety. This occurs when the subject of the view changes. If 

only the focus of the subject changes the last row and column is replaced with the new 

recommendation system query and sent to the MDS step. The computational cost of an 

update is then reduced to    . 
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4.3.3 Personalized View 

Using user provided information is a popular technique for improving 

recommendation results. A personalized view provides a link between a user or group of 

users within a system and the dataset items. A personalized view may also be stacked 

on top of subject views to produce subject-based results tailored to a user or group of 

users. The computational and storage costs of the personalized view are equivalent to 

those seen in the subject view. 

 

                  …          

                  …          

                  …          

… … … … … … 

                  …          

         …    0 

Table 3: Personalized Global View 

4.3.3.1 Create 

To create a personalized view, user information is sent as a query to the 

recommendation system.  The recommendation system results are used to query the CV 

for the complete set of relationships as done with a subject view. The recommendation 

system results are then appended as a row and column. The newly created value is set 

to 0 and used as the origin.  An example of a personalized global view is shown in Table 

3.   
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4.3.3.2 Update 

Passing the user to the recommendation system as a query retrieves the current 

relationship values. The final row and column is replaced with the new values. In the 

case of a personalized view the n+1, n+1 position is set to 0 and used as the origin of the 

display. In the case of a personalized subject view the n, n and n+1, n+1 position is set to 

0. When the personalized subject view passes through the MDS step the subject and 

personalization points will merge as a single origin.  

4.3.4 Combining Views 

Subject and personalized views are interoperable within the framework and may 

be applied to each other. An example of a combined view matrix is displayed in Table 4. 

As long as the subset of items retrieved from the CV does not change, additional subject 

and personalization queries may be applied without recreating the entire view. Each 

subsequent query requires     computational cost. The query results will be in the 

form of an s length array.  To compensate for the dimension growth, each subsequent 

query pads indices greater than or equal to [s,s] with a 0. When the matrix passes 

through MDS, each item greater than or equal to s is projected to the same location. 

The 0s function as a match between the items. Each queries relationship is taken into 

account during MDS without modifying the origin. Table 4 illustrates the process. A 

subject query is submitted and the CV query is retrieved. The subject query is attached 

to the CV query. Subsequently, the personalization query is submitted for the subset of 

items generated by the subject query. The subject query is then attached to the 
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combined CV query and subject query result. [s,s+1], [s+1,s], and [s+1,s+1] are all set to 

0 to merge the subject query and personalization query as one origin. 

 

                                                 

                                                 

                                                 

                                                 

         
          

          
          

            
           

                 0 0 

                     
 0 0 

Table 4: Personalized Subject View 

 

4.4 Multi-Dimensional Scaling 

Before sending the dissimilarity matrix into MDS to generate the 2D or 3D points 

for display, the matrix may need to be clustered into manageable groups for processing 

due to the high computational cost of MDS shown in Equation 9. If the view is 

predetermined the entire view can be generated prior to the user’s request. The 

computational threshold increases dramatically in such a situation and the entire view is 

considered an offline process. This is the case when creating global views, personalized 

global views, many subject views, and many combined subject/personalized views. In 

subject and subject/personalized views that are not known before the time of request 
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the MDS and display step must be ran either prior to delivery to the user on the server 

or after delivery on the client’s machine at the time of request. In edge cases a 

computational threshold is placed on the MDS and display steps to maintain system 

responsiveness to the user. Running the MDS and display steps prior to delivery 

provides the implementer with knowledge of the computational resources, but delays 

the request response. Running the MDS and display steps after delivery eliminates any 

assurance of a minimum amount of resources and allows for a quick response. The 

recommended technique for an edge case is to deliver the page without the display, 

retrieving the display asynchronously, and informing the user that the display is being 

generated while it is retrieved. In Equation 9     represents the number of dataset items 

in the dissimilarity matrix. 

      

Equation 9: MDS computational cost 

After clustering the results into   groups, the total processing cost becomes a third of 

the original, illustrated in Equation 10. 

∑   ⁄   

 

 

Equation 10: MDS group computational cost 

When generating the points for visualization, classical multidimensional scaling 

(CMDS) is used to generate a 2 or 3 dimensional plot of the dataset records. Using a 

matrix containing   items, the time complexity of CMDS is equivalent to Equation 9. The 

time requirement to calculate any dataset with substantial information quickly becomes 
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intractable. A hierarchical approach is taken to reduce the time complexity of CMDS. 

Dataset records are clustered into groups using the associated parameters and user 

information.  Each cluster can then calculate a mean centroid value for positioning 

groups in the display and then display group items following the proposed framework. 

This reduces the computational requirement but is still dominated by a power function. 

Limited size queries should be allowed in edge cases. Also, grouped items do not 

preserve relationships between themselves and items in other groups. The more levels 

there are in the structure, the less likely two inter-group items are representational of 

their relationship.  

4.5 Displaying Views 

To display a view in 2D or 3D coordinates after passing the view through MDS 

each item must be rendered with the coordinates provided by MDS. Using such a display 

can tell the user a lot about the data. The information provided by each item can quickly 

become lost as the number of items increases. To provide a display that users are 

familiar with while still providing relationship information the coordinates provided by 

MDS can be mapped into a grid layout. To display the MDS coordinates in a 2D or 3D 

grid layout requires more processing. There are two techniques that can be used. The 

first technique requires each point to be mapped into a block within the grid. Then, all 

empty blocks are eliminated through hop-distance preserving shifts. This means that 

after the shifts are performed, the number of hops between all items remain the same. 

In the experimental results section the second technique is used.  The second technique 
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that may be applied is to rank the items by their coordinates, starting at one maximum. 

Then the list can be rasterized diagonally, sorting each line of items by the coordinates. 

Pseudo-Code for performing the mapping to a grid display using this technique is 

provided in Figure 10, Figure 11, and Figure 12. The entire proposed framework, from 

beginning to end, is summarized in Figure 13. The diagram begins at the top and flows 

down to the display operations. 

 

Figure 10: Grid Display Pseudo-Code for Top-Left Sort 
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Figure 11: Pseudo-Code for Sorting Diagonal Rasterization 
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Figure 12: Pseudo-Code for Mapping Diag. Rasterization to Linear List 
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Figure 13: Framework Overview 
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5 EXPERIMENTAL RESULTS 

The MovieLens 100k dataset is loaded into a MySQL database. 1682 movies are 

loaded and the average user rating is calculated based on all ratings provided by the 

dataset as additional information for recommendation calculations. Recommendations 

are calculated by comparing each movie for matching fields and incrementing the 

recommendation value. The final field, average rating, is the exception. The difference 

between the two values is calculated. The recommendation is directly affected by the 

users’ ratings. The entire dataset’s recommendation values are calculated and then 

normalized by the maximum value. The values are then subtracted from 1 resulting in 0 

as a match and increasing numbers representing the distance between two dataset 

items. Each item is one row in the table and all relationships are recorded in a single, 

comma-delimited string. These strings represent the Common View. 

The top 100 movies related to a selected movie are used for the query. A ranked 

list is used to represent the current display techniques. To represent the new view, the 

ranked list used for the current display technique is produced, and then the additional 

item relationships are pulled from the Common View. The view matrix is constructed 

and passed through 2D MDS. Equation 11 provides the form of the stress function 

implemented in the 2D MDS.   is the distance between item   and   in the original space 

and   is the distance between item   and   in the lower dimensional space. 
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∑   
∑

         
 

   
 

Equation 11: MDS Stress Function 

 The item positions are then mapped to a 10x10 grid for display by sorting the 

coordinate values top-left to bottom-right and then rasterizing the display diagonally, 

starting at the top-left corner. Each rasterized line’s items are sorted by the coordinate 

values to maintain inter-item relationships. Both displays utilize heat map coloring to 

represent the distance from the query. 

5.1 Expectations 

When comparing the two displays the expectations are that the standard view 

will list the highest recommended values at the beginning, top-left, of the list and 

descend in value as the list progresses until the furthest result is displayed at the end, 

bottom-right. The CV display will cluster the closest matches to the query in a central 

location. As you move away from this area in any direction, the recommendation values 

will drop. Movies that are like each other will cluster, demonstrating the preservation of 

inter-item relationships. The local hop distance between items will be reduced resulting 
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in a total average hop distance within a given display significantly decreasing.

 

Figure 14: The Princess Bride Top 100 Recommended Movies 

5.2 Comparisons 

Two sets of comparisons are provided. In the example images a heat map is used 

to display the normalized recommendation distance of each item from the query movie. 

Red indicates that the movie is a close match to the query movie while blue indicates 

that the movie is not related to the query movie very much if at all.  

 In Figure 14, notice the position of ‘Naked Gun’ and ‘Evil Dead II.’ Both related 

movies are presented as close results to the query movie. Moving to Figure 16, ‘Evil 

Dead II’ maintains close proximity to the query while ‘Naked Gun’ has shifted a 

significant distance away from the query. ‘GoldenEye’ can be seen moving from a 

distant relationship in Figure 14 to a much closer positioning in Figure 16. Figure 15 



41 
 

shows the standard display colored by the distances provided by MDS. Here you can see 

how the display will change before it is actually modified. Looking at Figure 15 it is 

evident that ‘Naked Gun’ will move away from the query and ‘New Jersey Drive’ will 

move towards the query. While there are a few dramatic changes within the display, 

illustrated by blue tiles near the query and red tiles away from the query in Figure 15, 

many of the movements result in a general shifting of items. These example results 

provide some visual cuing for mapping the results between the two displays. Nearest 

neighbors are found in all directions, providing up to 8 nearest neighbors. In the 

standard display shown in Figure 14 each item only have 2 nearest neighbors due to the 

linear listing of the results. 

 

Figure 15: The Princess Bride Top 100 Colored by MDS Distance 
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Figure 16: The Princess Bride Top 100 Displayed in the Proposed View 

In Figure 17 and Figure 19 ‘Young Guns’ and ’Dead Man Walking’ illustrate some 

interesting changes within the display. ‘Dead Man Walking’ moves closer to the query 

movie from the standard view to the CV, shown in Figure 17 and Figure 19 and ‘Young 

Guns’ moves from a strong position in Figure 17 to a distance of 4 hops from the query 

movie in Figure 19. A general reorganization of the results is seen. The reorganization is 

accomplished by using all of the inter-item relationships to weight the layout of items in 

2D space. Some of the results are shifted to a greater hop distance from the query and 
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others closer. The transition between the two displays is illustrated in Figure 18.

 

Figure 17: Twelve Monkeys Top 100 Recommended Movies 

 

Figure 18: Twelve Monkeys Top 100 Colored by MDS Distance 



44 
 

All items are relatively closer to the query than in the standard display. In the standard 

display the 100th item is actually 99 hops away from the query. In the common view the 

100th item is a maximum of 9 hops away. Imagine the time savings created by reducing 

user scroll activity in an application.  

 

Figure 19: Twelve Monkeys Top 100 Displayed in the Proposed View 

5.2.1 Industry 

Based on the industry displays presented, the standard display attempted to use 

the fundamental elements found in each. The heat map illustrates the item’s rankings as 

the industry displays may or may not be producing. The hop-distance between the top-

ranked item and the lowest-ranked item is 9. The average furthest hop distance in a grid 

display to any item within the common view is half of the standard display. This is 

dependent on where the center is determined to be in the display. A raster scan of the 

standard display is utilized to process the results. For n results, each item requiring t 
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time to process visually, the average search time is equivalent to (n*t)/2. Use of inter-

item relationships (inherent clustering) reduces the user’s search time. 

5.2.2 Research Models 

Of the applicable research models presented (ViSOM, PolSOM, MDS, PCA), MDS 

was used in the proposed framework. Each technique could be applied to the system. 

Devising a system to compare the accuracy of the inter-item relationships would prove 

to be the greatest challenge in comparing different models within the proposed 

framework. Theoretically, PCA would result in too much lost information during the 

dimension reduction process, SOM does not maintain the item relationships, ViSOM 

would be a feasible solution, and PolSOM would not allow for mapping into a grid 

layout. 

5.3 Genre Clustering  

Figure 20 and Figure 21 illustrate genre clustering in both the standard display 

and the common view for the movie ‘Toy Story.’  If an item is red it belongs to the 

genre. The items with a blue plus symbol are genre items that lay more than 1 hop away 

from another movie that belongs to the same genre. In Figure 20 the top-left image 

shows the standard display’s movies that are labeled by the action genre. The top-right 

image shows the CV’s movies that are labeled by the action genre. The bottom-left 

image displays the standard display’s movies belonging to the comedy genre. The 

bottom-right image is the CV movies belonging to the comedy genre. The action genre 

represents a sparse genre for the movie and the comedy genre represents a dense 
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genre within the displays. 

 

Figure 20: Comparison of the Comedy and Action Genres between Display Methods for the Movie ‘Toy Story’ 

A significant reduction in un-clustered genre items is displayed in these images. A 57% 

reduction in un-clustered items for the action genre and an 87.5% reduction in the 

comedy genre are achieved. In Figure 21 the top-left image represents the standard 

display’s movies in the crime genre, the top-right is the CV’s crime genre movies, 

bottom-left is the standard display’s drama movies and bottom-right is the CV’s drama 

movies. The crime genre is sparse and the drama genre is considered dense within the 

display. In the presence of sparse or dense genres the ability of the standard display to 

cluster data is evident. Over 83% of the un-clustered crime movies become clustered 

and 85% of the un-clustered drama movies become clustered. Moving to the CV side 

almost all genre movies are within one hop of another movie within the same genre. 
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This empirical evidence is a strong indicator of the organizational capabilities achieved 

through the proposed method. It is important to remember the dynamic nature of MDS 

position generation. The results may fluctuate from one execution to the next. The 

nature of the results will remain consistent, however. 

 

Figure 21: Comparison of the Crime and Drama Genres between Display Methods for the Movie ‘Toy Story’ 

5.4 Inter-Item Distance 

To analyze the inter-item distance within each display, each item is processed by 

taking all of its 1-hop neighbors, calculating the distance between the neighbor and the 

item, summing all neighbor’s distances and dividing by the number of neighbors for an 

average distance metric per item. Once all items have been processed in this way, all of 

the item distance values can be summed and then divided by the number of items in the 
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display for an average distance metric for the display.  

∑ ∑                                   

                   
 

Equation 12: Average Inter-Item Distance within a Display 

Since MDS values are not exact, this is done 10 times for each display and then the 

average of these values is used as the display’s distance metric. Equation 12 summarizes 

this process with   as an item,   as a neighbor, and    as the Euclidean distance. 10 

iterations of the average inter-item distance within a display on both types of displays 

have been done for the movie ‘Twelve Monkeys’ and ‘Toy Story’. Results divided by 

sparse and dense genre categories were completed for four movies and averaged over 

all genres belonging to the same dense/sparse classification. Table 5, Table 6, and Table 

7 report the results. Most notably an overall distance reduction of approximately 40% is 

shown in the CV over the standard view. 

 
Sparse  % Dense % 

Toy Story 10.71 79.48 

GoldenEye 41.54 85.71 

Get Shorty 31.67 95 

Four Rooms 41.1 86.96 
Table 5: Sparse vs. Dense Un-clustered Item Reduction by Percentage 
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Twelve Monkeys Std Twelve Monkeys CV Improvement % 

 
355.5266 211.7546 

 

 
370.0693 220.3281 

 

 
360.0491 193.555 

 

 
350.4267 211.5103 

 

 
341.1212 209.2565 

 

 
346.6875 214.1081 

 

 
347.8399 234.2392 

 

 
332.5534 209.4987 

 

 
321.2386 175.9138 

 

 
363.6177 231.257 

 Avg Distance 348.913 211.14213 39.48573713 
Table 6: Twelve Monkeys Average Inter-Item Distance 

 
Toy Story Std Toy Story CV Improvement % 

 
349.3886 224.9616 

 

 
361.4065 221.1325 

 

 
313.6286 211.7982 

 

 
320.2731 204.075 

 

 
358.9033 195.6389 

 

 
348.1923 210.3294 

 

 
370.3761 214.2513 

 

 
374.7828 205.9191 

 

 
365.7141 200.7926 

 

 
350.0084 203.1964 

 Avg 351.26738 209.2095 40.44152349 
Table 7: Toy Story Average Inter-Item Distance 

Visual representations of the per-item average for the movie ‘The Princess Bride’ in both 

displays are illustrated in Figure 22 and Figure 23. Most notably within Figure 22 the 

inter-item distance averages are scattered and varying. In Figure 23 the inter-item 

distance averages are more consistent. Many more of the items are illustrated in a red 

color demonstrating their close proximity to their neighbors. 
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Figure 22: The Princess Bride Top 100 Colored by Average Inter-Item Distance 

 

Figure 23: The Princess Bride Common View Colored by Average Inter-Item Distance 
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6 CONCLUSION 

6.1 Achievements 
Industry and academic work related to the proposed framework is presented 

and discussed. Recommendation system results are analyzed and the ability to recover 

relationships from multiple queries is stated. An inter-item relationship preserving 

display technique for recommendation system results is proposed. Requirements for the 

new system are provided. The processes required to construct, maintain, and make use 

of the system are detailed. An experimental example of the system is demonstrated and 

implemented for a subject view on the MovieLens dataset. Clustering based on dataset 

item parameters is examined and analyzed through visualizations. A comparison 

analysis between the proposed framework, industry, and academic data visualization 

models is done. 

6.2 Limitations 

Visualizations of the top 100 items in the new display have items that vary in 

position. While this is an inherent property due to the MDS process it is made more 

observable by the limited range of recommendation values provided by the dataset. As 

the recommendation values become more varied, the proposed display will significantly 

stabilize.  

Inter-group item relationships in views that require clustering do not accurately 

represent the relationship within the dataset. As the hierarchy of groups increases in 
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number of levels, the divide between inter-group items increases. A per-hop mapping is 

needed to reduce the representative divide between group relationships. 

6.3 Future Work 
Additional work is needed to minimize the spatial divide between items in 

separate clusters. Providing spatial consistency between groups would provide a 

hierarchical display consistency, similar to pyramid image formats. This work would 

provide further scalability of the framework. In addition, development of a metric to 

measure the inter-item relationship accuracy would provide the ability to compare 

different multi-dimensional visualization techniques used in the proposed framework 

and measure the display’s accuracy of representing the dataset relationships 

quantitatively.  

Development of a robust implementation of the proposed display can be done to 

further the proof of concept. In addition, it would provide an excellent platform to 

conduct further testing. An assessment of user preference between standard displays 

and the proposed display could then be conducted. With a thorough analysis of user 

preference, adoption of the proposed display may be accelerated. 

6.4 Discussion 
The proposed framework is provided to increase the consumability of datasets 

by users. As mobile devices such as smartphones and tablets continue to increase in 

sales, a much stronger focus on the consumability of digital content will be driven by 

demand. Increasing the transparency of a system’s interface and providing additional 
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information to the users in a commonly seen display increases the consumability of the 

system’s dataset and increases the satisfaction of the user.    
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