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introduction

When Leonhard Euler first sketched out the foundational tenets of graph theory more
than 200 years ago, he couldn’t possibly have imagined all of the ways that his theory would
be put to use in society and industry. (Then again, it’s quite possible that Euler's genius
could imagine such applications.) Today, graphs are everywhere we look: from fraud detec-
tion and social networks to recommendation engines and, of course, machine learning.

It’s this versatility of the graph model that makes it so valuable to the practice of
machine learning. The secret is context. By making connections more explicit, graphs
enhance older-style machine learning approaches through the power of context. For
example, recommendation engines benefit significantly from increased data context.

And that’s exactly what I wanted to cover in the present text. This book excerpt—
sponsored by Neod4j—features three key chapters from my book Graph-Powered Machine
Learning.

Chapter 3 discusses graphs in machine learning applications. We’ll cover graph techno-
logy in a machine-learning workflow, including data sources, graph algorithms, and data
visualization. Also discussed are graphs as a processing pattern and graph-defined work-
flows, with concrete examples of each.

Chapter 4 covers an introduction to recommendation engines, with an emphasis on content-
based recommendations. We’ll take a closer look at modeling user data and item features.
We’ll also examine the clear advantages of using graphs for recommendation engines.

Chapter 7 dives deeper into conlext-aware and hybrid recommendation engines. This
advanced material shows how data context increases the relevance of your recommen-
dations—and how to use graphs to deliver that critical context. Finally, we discuss hybrid
recommendation engines that combine the strengths of every recommendation para-
digm discussed in the book.

I hope that you enjoy this book excerpt and find it helpful in your practice as a
machine learning professional. To dive even deeper, you can purchase the entire book
directly from Manning Publications, and I hope it sparks your interest in using Neo4j
for your next graph-powered machine learning project.

Yours,
—Alessandro Negro
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Graphs in machine
learning applications

This chapter covers

= Learning the role of graphs in the machine learning
workflow

= Understanding a system for large-scale graph
processing

= Seeing how graphs are used to break down complex
processing tasks

In this chapter, we explore in more detail how graphs and machine learning can fit
together, helping to deliver better services to end users, data analysts, and business-
people. The previous two chapters introduced general concepts in machine learn-
ing, such as:

The different types of machine learning algorithms (supervised, unsuper-
vised, and semi-supervised)

The different phases that compose a generic machine learning project (spe-
cifically, the six phases of the CRISP-DM model: business understanding, data
understanding, data preparation, modeling, evaluation, and deployment)



CHAPTER 3 Graphs in machine learning applications

= The importance of data quality and quantity to create a valuable and meaning-
ful model that can provide accurate predictions
= How to handle a large amount of data (“big data”) using a graph data model

Here, we’ll see how to harness the power of the graph model as a way of representing
data that makes it easy to access and analyze as well as how to leverage the “intelli-
gence” of the machine learning algorithms based on graph theory.

I'd like to start this chapter with an image (figure 3.1) that represents the path of
converting raw data, available from multiple sources, into something that is more than
“simple” knowledge or insight: wisdom.
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Figure 3.1 Illlustration by David Sometrville based on the original by Hugh McLeod.*

We’re flooded by data. Data is everywhere. News, blog posts, emails, chats, and social
media are a few examples of the multiple sources generating data that surround us.
Furthermore, at the time of this writing, we’re in the middle of the IoT explosion:
today even my washing machine sends me data, reminding me that my pants are
clean, and my car knows when I should stop driving and take a coffee break.

Data by itself is completely useless, though; on its own, it doesn’t provide any value.
To make sense of the data, we have to interact with it and organize it. This process pro-
duces information. Turning this information into knowledge, which reveals relationships
between information items—a quality change—requires further effort. This transfor-
mation process “connects the dots,” causing previously unrelated information to
acquire sense, significance, and logical semantics. From knowledge come insight and
wisdom, which are not only relevant but also provide guidance and can be converted
into actions: producing better products, making users happier, reducing production
costs, delivering better services, and more. This is where the true value of data resides,
at the end of a long transformation path—and machine learning provides the neces-
sary “intelligence” for distilling value from it.

1
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Figure 3.1, to a certain extent, represents the learning path for the first part of this
chapter:

Data and information are gathered from one or several sources. This is the
training data on top of which any learning will happen, and it’s managed in the
form of a graph (section 3.1.1).

Once the data is organized in the form of knowledge and represented using a
proper graph, machine learning algorithms can extract and build insights and
wisdom on top of it (section 3.1.2).

The prediction models that are created, as the result of the training of a
machine learning algorithm on the knowledge, are stored back in the graph
(section 3.1.3), making the wisdom inferred permanent and utilizable.

Finally, the visualization (section 3.1.4) shows the data in a way that can easily
be understood by the human brain, making the derived knowledge, insights,
and wisdom accessible.

This path follows the same mental model used in the previous chapters to highlight
and organize the multiple ways in which graphs can be a valuable help in your
machine learning project (figure 3.2).

Managing Storing and Accessing

Data Sources Algorithms Models Visualization
- Connected Source - Graph Algorithms - Store Model Data - Data Navigation

of Truth - Graph-accelerated - Store and Mix - Human Brain Analysis
- Knowledge Graph Machine Learning Multiple Models - Improved communication
- Clean and Merge - Network Dynamics - Fast Model Access
- Enrich
- Feature Selection
- Fast Access Patterns

Machine Learning Project Timeline >

Mental model for graph-powered machine learning.

We’ll start from the beginning of this mental model and go in deep, showing several
of the many techniques and approaches that use graph features to deliver a better
machine-learning project.

3.1 Graphs in the machine learning workflow

The CRISP-DM model described in chapter 1 [Wirth and Hipp, 2000] allows us to
define a generic machine-learning workflow which can be decomposed, for the purposes
of our discussion, into the following macro steps:

Select the data sources, gather data, and prepare the data.

Train the model (the learning phase).

Provide predictions.



As discussed in chapter 1, certain learning algorithms don’t have a model. The
instance-based algorithms use the entries in the training dataset during the prediction
phase. For this class of algorithm, the second step isn’t necessary. Although the graph
approach can be a valid support even in these cases, we won’t consider these algo-
rithms in our analysis.

Furthermore, quite often, data needs to be visualized in multiple shapes to achieve
the purpose of the analysis. Hence, visualization also plays an important role as a final
step that completes the machine learning workflow, allowing further investigation.

This workflow description matches exactly the mental model in figure 3.2, which
you’ll see throughout this chapter (and the book) to help you figure out where we are
in each step.

In such a workflow, it’s important to look at the role of the graph from operational,
task-based, and data flow perspectives. Figure 3.3 illustrates how data flows from the
different data sources through the learning process to end users in the form of visual-
izations or predictions.
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The role of graphs in the machine learning workflow.
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The process starts, as usual, from the data available. Different data sources will have dif-
ferent schemas, structure, and content. Generally, the data used in machine learning
applications can be classified as big data (we discussed working with such data in chap-
ter 2). This data must be organized and managed before the learning process can
begin. The graph model helps with data management by creating a connected and
well-organized source of truth. The transformation from the original data shape into a
graph could happen using multiple techniques that can be classified into two groups:

= Graph modeling: Data is converted using a modeling pattern into some graph
representation. The information is the same, but in a different format, or the
data is aggregated to make it more suitable to feed into the learning process.

= Graph construction: A new graph is created starting from the data available. The
resulting graph contains more information than before.

After this preparation, the data is stored in a well-structured format ready for the next
phase: the learning process. The graph representation of the data doesn’t only sup-
port graph-based algorithms; it can feed multiple types of algorithm. Specifically, the
graph representation is helpful for the following tasks:

= Feature selection: Querying a relational database or extracting a key from a value
in a NoSQL database is a complex undertaking. A graph is easy to query and
can merge data from multiple sources, so finding and extracting the list of vari-
ables to use for training is made simpler by the graph approach.

= Data filtering: The easy-to-navigate relationships between objects make it easy to
filter out useless data before the training phase. This speeds up the model-
building process. We’ll see an example of this later when we consider the rec-
ommendation scenario.

= Data preparation: Graphs make it easy to clean the data, removing spurious
entries, and merging data from multiple sources.

= Data enrichment: Extending the data with external sources of knowledge (for exam-
ple, semantic networks, ontologies, taxonomies) or looping back the result of the
modeling phase to build a bigger knowledge base is straightforward with a graph.

= Data formatting: It’s easy to export the data in whichever format is necessary: vec-
tors, documents, and so on.

In both scenarios (graph-based or non-graph-based algorithms), the result could be a
model that’s well suited to a graph representation; in that case it can be stored back in
the graph, or it can be stored in a binary or proprietary format.

Whenever the predictive model allows it, storing the model back in the graph gives
the opportunity to perform predictions as queries (more or less complex) on the
graph. Moreover, the graph provides access to the same model from different perspec-
tives and for different scopes. Recommendations, described later, are an example of
the potential of this approach.

Finally, the graph model can be used to visualize the data in a graph format, which
often represents a big advantage in terms of communication capabilities. Graphs are
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whiteboard-friendly, so the visualizations can also improve the communication between
business owners and data scientists in the early stages of a machine-learning project.

The phases and steps described here aren’t all mandatory; depending on the
needs of the machine-learning workflow, only part of them might be helpful or neces-
sary. Later sections will present a range of concrete example scenarios. For each sce-
nario presented, the role of the graph is clearly illustrated.

Managing data sources

As we've seen, graphs are extremely useful for encoding information, and data in
graph format is increasingly plentiful. In many areas of machine learning, including
natural language processing, computer vision, and recommendations, graphs are
used to model local relationships between isolated data items (users, items, events,
and so on) and to construct global structures from local information [Zhao and Silva,
2016]. Representing data as graphs is often a necessary step (and at other times a
desirable one) when dealing with problems arising from applications in machine
learning or data mining. In particular, it becomes crucial when we want to apply
graph-based learning methods to the datasets (figure 3.4).

Managing
Data Sources

- Connected Source
of Truth

- Knowledge Graph

- Clean and Merge

- Enrich

- Feature Selection
- Fast Access Patterns

Machine Learning Project Timeline >

Figure 3.4 Managing data sources in the mental model.

The transformation from structured or unstructured data to a graph representation
can be performed in a lossless manner, but this isn’t always necessary (or desirable) for
the purpose of the learning algorithm. Sometimes, a better model is an “aggregated
view” of the data. For instance, if you’re modeling a phone call between two people you
can decide to have a relationship between the two entities (the caller and the receiver)
for each call, or you can have a single relationship that aggregates all the calls.

A graph can be constructed from the input dataset in two ways:

= By designing a graph model that represents the data

= By using convenient graph formation criteria

In the first case, the graph model is an alternative representation of the same informa-
tion available in the dataset itself, or in multiple datasets. The nodes and the relation-
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ships in the graph are a mere representation (aggregated or not) of the data available
in the original sources. Furthermore, in this case the graph acts as a connected data
source that merges data coming from multiple heterogeneous sources, operating, at
the end of the process, as the single trusted source of truth. There are multiple meth-
odologies, techniques, and best practices to apply this model shift and represent data
in a graph format, and we’ll discuss several of them here, considering multiple scenar-
ios. A detailed list of the most common data model patterns for this process in the sec-
ond part of the book.

In the second scenario (using convenient graph formation criteria), the data items
are stored in the graph (generally as nodes) and a graph is created using an edge con-
struction mechanism. As an example, suppose that in your graph each node rep-
resents some text, such as a sentence or an entire document. They're isolated entries.
There’s no relationship between them unless they’re connected explicitly (via a cita-
tion in a paper, for instance). In machine learning, text is generally represented as a
vector where each entry contains the weight of a word or a “feature” in the text. Edges
can be created (constructed) using the similarity or dissimilarity value between the
vectors. A new graph is created starting from unrelated information. In such a case,
the resulting graph embeds more information than the original datasets. This additional
information is made up of several ingredients, the most important of which is the
structural or topological information of the data relationships.

The result of both processes is a graph that represents the input data and that
becomes the training dataset for the relevant machine learning algorithms. In some
cases, these algorithms are themselves graph algorithms, so they require a graph rep-
resentation of the data, and in other cases the graph is a better way of accessing the
same data. The examples and scenarios described here represent both cases.

The required steps in the process of converting data into its graph representation
(or creating it as a graph) are shown in figure 3.5.

Let’s take a closer look at each step:

1 Identify the data sources. Identify the data available for algorithm training pur-
poses as well as the sources from which such data can be extracted. This corre-
sponds to the second phase in a machine learning project, after defining the
goals (the data preparation phase of the CRISP-DM data model).

2 Analyze the data available. Analyze each data source available and evaluate the
content, in terms of quality and quantity. To achieve good results from the
training phase, it’s imperative to have a large amount of good-quality data.

3 Design the graph data model. This step is twofold. According to the specific analyt-
ics requirements, you must:

a Identify the meaningful information to be extracted from the data sources.
b Design a specific graph model, considering the data available, access pat-
terns, and extensibility.
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Define the data flow. Design the architecture of the ingestion process (known as
the ETL process) that extracts, transforms, and loads the data from the multiple
sources in the graph database using the schema designed.
Import the data into the graph. Start the ETL process defined in step 4. Generally,
steps 3, 4, and b are iterative until you arrive at the right model and the right
ETL process.
Perform post-import tasks. Before starting the analysis, the data in the graph might
require preprocessing. These tasks include:
Data cleaning: Remove or correct incomplete or incorrect data.
Data enrichment: Extend the existing data sources with external sources of
knowledge or with knowledge extracted from the data itself. The latter case
falls under graph creation.
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¢ Data merging: Because the data comes from multiple sources, related ele-
ments in the dataset can be merged in a single element or they can be con-
nected through new relationships.

Steps 5 and 6 can be inverted or mixed; in certain cases, the data may pass through a
process of cleaning before the ingestion happens. In any case, at the end of those six
steps the data is ready for the next phase, which involves the learning process.

The new representation of the data provides several advantages that we investigate
here through the lens of multiple scenarios and multiple models. Several of these sce-
narios you'll be seeing for the first time, but others were introduced in the previous
two chapters and will be extended further throughout the book. For each scenario
presented, the context and purpose are described. These are key aspects to define the
right model and to understand the value of the graph approach for storing and man-
aging data and of graphs as input for the next steps in the analysis.

Part II describes in detail the techniques for representing different datasets using a
graph model. This chapter highlights, through the example scenarios, the primary advan-
tages of using a graph to manage the data available for training the prediction model.

MONITOR A SUBJECT

Suppose again that you're a police officer. You want to track a suspect and
predict their future movements using cellular tower data collected from the
continuous monitoring signals every phone sends to (or receives from) all
towers it can reach. Using graph models and graph clustering algorithms, it’s
possible to structure cellular tower data and represent a subject’s positions
and movements in a simple and clear manner. A predictive model can then
be created.

The goal in this scenario is to monitor a subject and create a predictive model that
identifies location clusters relevant to the subject’s life and that’s able to predict and
anticipate subsequent movements according to the subject’s current position and last
movements [Eagle, Quinn, and Clauset, 2009].

The data in this scenario is cellular tower data generated by the interaction
between the subject’s phone and the cellular towers, as represented in figure 3.6.

For the purpose of such as analysis, data can be collected from the towers or from
the phones belonging to the monitored subjects. The data from the cellular towers is
easy to obtain with the necessary permissions, but it requires a lot of cleaning (remov-
ing the irrelevant numbers) and merging (data from multiple cellular towers). Gath-
ering data from the phones requires hacking, which isn’t always possible, but this data
is clean and already merged. In their paper, Eagle, Quinn, and Clauset consider this
second data source, and we do the same here, but the results and the considerations
are the same regardless of the source of the data.



For each tower the geographical
position is known.

When a subject moves, their
phone will reach a different
set of cellular towers.

The phone constantly interacts
with the reachable cellular towers,
even when it is not in use.

The towers register this
communication in logs or a database.

Phones communicating with cellular towers.

Let’s suppose that the phones will provide data in the format shown in table 3.1.

Table 3.1 Examples of the Data Provided by a Single Phone with the 4 towers (identified by their id)
reached at each timestamp.

Phone identifier Timestamp Cellular tower 1 Cellular tower 2 Cellular tower 3 Cellular tower 4

562d6873b0fe | 1530713007 | eca5b35d 710686 1d00f5fb 665332d8
562d6873b0fe | 1530716500 | f7106f86 1d00f5fb 2a434006 ecabb35d
562d6873b0fe | 1530799402 | f7106f86 ecabb35d 2a434006 1d00f5fb
562d6873b0fe | 1531317805 | 1d00f5fb 665332d8 710686 ecabb35d
562d6873b0fe | 1533391403 | 2a434006 665332d8 ecabb35d 1d00f5fb

For the sake of simplicity, this table represents the data provided by a single phone
(the phone identifier is always the same). Each phone records the four towers with
the strongest signals at 30-second intervals.

The analysis requires us to identify locations in which the monitored subject
spends time. The cellular tower data available on the phone cannot provide this infor-
mation by itself because it only contains the identifiers of the four towers with the
highest signal strengths, but starting from such data it’s possible to identify key loca-
tions by passing through a graph representation of the data and a graph algorithm.
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This data can therefore be modeled as a graph that represents a cellular tower net-
work (CTN). As you’ll recall from the previous chapter, each node in this graph is a
unique cellular tower; edges exist between any two nodes that co-occur in the same
record, and each edge is assigned a weight according to the total amount of time that
pair of nodes co-occurred in a record, across all records. A CTN is generated for each
subject that shows every tower logged by that individual’s phone during the monitor-
ing period. The result looks like figure 3.7.

Cellular Towers

These links exist if the
monitored phone can reach
both the cellular towers at the
same time (co-occurrence).

The link’s dimension (the weight) is
related to how long/often this happens.
A heavier link means the user spent a
longer time in a location where the
phone could reach both towers.

A graph representation of the CTN for a single subject.

A graph clustering algorithm is then applied to this graph to identify the main loca-
tions where the subject spent a significant amount of time (for example, at the office,
at home, at the supermarket, at church, and so on). The result of the analysis looks
like figure 3.8, in which multiple clusters are identified and isolated.

This scenario shows how well-adapted a graph model is to represent the data for
the specific purposes of this analysis. By performing a graph-based analysis using the
community detection algorithm, we can easily identify areas where the subject spends
a lot of time—a task that would be difficult, if not impossible, with other representa-
tions or analysis methods.
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The subject spends a lot of time in the
areas reached by these cellular towers.
They could be the subject’s home or

office, for example.

These relationships are
created when the subject
moves from one area/
location to another area/
location.

A clustered view of the CTN.

The graph modeling described here illustrates a graph construction technique. The
resulting graph can be generalized as a co-occurrence graph. The nodes represent enti-
ties (in this case, cellular towers), and the relationships represent the fact that the two
entities belong to a common set or group (in the CTN, the set is the row in the table
that indicates that at a specific point in time the phone can reach both towers). This is
a powerful technique used in many algorithms and machine learning applications as a
data preprocessing step before performing the analysis. Quite often, this type of
graph construction technique is used in applications related to text analysis; we’ll see
an example of this later.

DETECT A FRAUD

Suppose again that you want to create a fraud-detection platform for banks
that reveals the point of origin of a credit-card theft. A graph representation
of the transactions can help you identify, even visually, the location of the
theft.

In this scenario the data available is the credit card transactions, with details about the
date (timestamp), the amount, the merchant, and whether the transaction is “dis-
puted” or “undisputed.” Once a person’s credit card details have been stolen, in the



13

transaction history, real operations are mixed with illegal or fraudulent operations.
The goal of the analysis is to identify the point where the fraud started—the shop
where the theft occurred. The transactions at that shop will be real, but any transac-
tions that have taken place afterward may be fraudulent.

The data available looks like table 3.2.

Table 3.2 A Subset of User Transactions

User identifier Timestamp Amount Merchant Validity
User A 01/02/2018 $250 Hilton Barcelona undisputed
User A 02/02/2018 $220 AT&T undisputed
User A 12/03/2018 $15 Burger King New York undisputed
User A 14/03/2018 $100 Whole Foods disputed
User B 12/04/2018 $20 AT&T undisputed
User B 13/04/2018 $20 Hard Rock Cafe undisputed
User B 14/04/2018 $8 Burger King undisputed
User B 20/04/2018 $8 Starbucks disputed
User C 03/05/2018 $15 Whole Foods disputed
User C 05/05/2018 $15 Burger King undisputed
User C 12/05/2018 $15 Starbucks disputed

Our aim is to identify a common pattern that reveals at which point users start disputing
their transactions, which will help us to locate the establishment where the card details
were stolen. This analysis can be performed using a graph representation of the transac-
tions. The data in table 3.2 can be modeled in a transaction graph as shown in figure 3.9.

Regular transaction

<
/ N —
Hilton =
\ \‘.‘ y AT&T ‘\
¥
TRANSACTION 321 TRANSACTION 1234 TRANSACTION 22 TR‘;}:SG%-I:E;;R
250% 01/02/2018 . 220% 02/02/2018 20$ 12/04/2018
\ / Shop in commen to all the \ . / User that denounced a fraud
User A users whose cards detail UserB*+"""7
- have been stolen
7 ~ { -
User that denounced a fraud TRANSACTION 876 ! TRANSACTION 245
15% 12/03/2018 " 85 14/04/2018 \
\ ~ — TRANSACTION 247
\ BURGEE 852010412018 ~._
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100$ 14/03/2018 ho
_7_'\‘ \ Disputed transaction
e TRANSACTION 876
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'6 TRANSACTION 876
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e 158 03/05/2018  —_
User C o __ .
User that denounced a fraud

A transaction graph for credit card fraud detection.



14

CHAPTER 3 Graphs in machine learning applications

As described in the previous chapter, by starting from this representation of the trans-
actions and using graph queries, it’s possible to determine that the theft occurred at
Burger King. (The steps taken to arrive at this conclusion are described in section
2.2.2 and will not be repeated here.)

The graph of the transactions allows us to easily identify where the card thief oper-
ates. In this case the analysis is performed on the graph as it appears after the ETL
phase; no other intermediate transformation is required. This data representation
expresses the information in such a way that it is possible to quickly recognize behav-
ioral patterns in a long list of transactions and spot where the issue is.

Transaction graphs such as the one shown here can represent any kind of event
that involves two entities. Generally, they’re used for modeling monetary transactions
in an unaggregated way, which means every single operation can be related to a spe-
cific portion of the graph. For the majority of cases, in the resulting graph each trans-
action is represented in one of the following two ways:

= As a directed edge between the two entities involved in the transaction. For exam-
ple, if User A makes a purchase at Shop B, this event is translated into a
directed edge that starts with User A and terminates at Shop B. In this case, all
the relevant details about the purchase, such as the date and amount, are
stored as properties of the edge (figure 3.10 (a)).

= As a node that contains all the relevant information about the event and is con-
nected via edges to the related nodes. In the case of the purchase, the transac-
tion itself is modeled as a node, and it’s then connected to the “source” and
“destination” of the purchase (figure 3.10 (b)).

Date:2018/07/12
Amount: 200$

Date: 2018/07/12
Amount: 200§

@) (b)

Figure 3.10 Transaction modeling examples.

The first approach is generally used when the amount of information related to the
event is small or when a simpler model is preferable for the purpose of the analysis.
The second approach is generally preferred when the event itself contains valuable
information that could be connected to other information items, or when the event
involves more than two items.
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Transaction graphs are quite common in fraud detection analysis and all machine-
learning projects in which each event contains relevant information that, if the events
were aggregated, would be lost.

IDENTIFY RISKS IN A SUPPLY CHAIN

Suppose that you have to implement a risk management system that identifies
or predicts possible risks in a supply chain. A supply chain network (SCN) is a
common way to represent supply chain elements and their interactions in a
graph. Such a representation, together with proper graph analysis algorithms,
makes it easy and fast to spot issues throughout the chain.

This scenario has become more and more relevant in recent years, for multiple rea-
sons. For example:

= With the development of the global economy, which means any supply chain
can have a global dimension, the problems that supply chain management faces
are becoming more complex.

= Customers located at the end of the chain are becoming more interested in the
origins of the products they buy.

Managing the disruption risk and making the chain more transparent are currently
mandatory tasks in any supply chain. Supply chains are inherently fragile and face a
variety of threats, from natural disasters and attacks to the contamination of raw prod-
ucts, delivery delays, and labor shortages [Kleindorfer and Saad, 2005]. Furthermore,
because the different parts of the chain are complex and interrelated, the normal
operation of one member—and the efficient operation of the chain as a whole—often
relies on the normal operation of other components. The members within a supply
chain include suppliers, manufacturers, distributors, customers, and so on. They’re all
dependent on one another and cooperate with each other through material flows,
information flows, and financial flows, but they’re also independent entities operating
on their own, and perhaps providing the same services to multiple companies. There-
fore, the data available in such a scenario will be distributed across multiple compa-
nies that have different structures. Any kind of analysis based on data in this shape is a
complex task; gathering the required information from the multiple members and
organizing it requires a lot of effort.

The purpose of the analysis here is to spot elements in the chain that, if compro-
mised, can disrupt the entire network (or a large part of it), or significantly affect the
normal behavior. A graph model can support such an analysis task through different
network analysis algorithms. We will discuss details about the algorithms later; here,
we focus on the graph construction techniques that can be used to build the graph
representation from the multiple sources available.



16

A supply chain can be represented by a graph using the following approach:

Each member of the supply chain is represented by a node. The members
could be raw product suppliers (primary suppliers), secondary suppliers, inter-
mediate distributors, transformation processes, organizational units in a big
company, final retailers, and so on. The granularity of the graph is related to
the risk evaluation required.

Each relation in the graph represents a dependency between two members of
the chain. The relationships could include transport from a supplier to an
intermediate distributor, a dependency between two processing steps, the deliv-
ery to the final retailer, and so on.

To each node it’s possible to relate “temporal” data that could store historic as
well as forecasting information.

The network structure might evolve over time as well. The graph model can be
designed to keep track of the changes, but that would make it too complicated for the
purpose of this example.

Our example graph model is shown in figure 3.11.

iThe nodes represent elements of a supply chain. E
i For example: i
i - product transformation process i
- product providers/farms/fabrics !
- distribution channels/shops/resellers i
- end users i
i

= 1

Raw Product B

Intermediate
Product B
l Raw Product C l 1S >

r
|
|

Finished
Product B

The relationships represent how products move to i
ithe next step in the chain. i
| For example: !
i - moving a product from a farm to a transformation |
! fabric |
- delivering a finished product to the reseller !
- moving an intermediate product to the next step in i
i
i
i
]

1
1
i
! .
! the transformation process
i

[

A supply chain network.
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This model represents an important method for gathering data and organizing it in an
organic and homogeneous way, and it provides a suitable representation for the type of
analysis that risk management requires. The algorithms that allow us to perform the
analysis to reveal high-risk elements in the chain will be discussed in section 3.1.2.

RECOMMEND ITEMS

Suppose that you want to recommend items to users in an e-commerce shop,
using the data you have about previous interactions (clicks, purchases, rat-
ings). Graphs can help you store the user—item dataset in a way that speeds up
access to it and storing the predictive models in the graph not only facilitates
the predictions but also allows you to merge multiple models smoothly.

One of the most common use cases for graphs in machine learning is recommenda-
tions. I wrote the first recommendation engine ever built on top of Neo4j in 2012.
That’s how my career with graphs started, and it’s why this specific topic is close to my
heart. Throughout this book, using multiple examples, we’ll discover the great advan-
tages of using graphs for building multi-model recommendation engines, but here we
start with a simple example by considering the most basic implementation.

It’s possible to use multiple approaches to provide recommendations. In this spe-
cific example, the approach selected is based on a technique called collaborative filter-
ing. The main idea of collaborative approaches to recommendations is to exploit
information about the past behavior or opinions of an existing user community to
predict which items the current user of the system will most probably like or be inter-
ested in [Jannach et al., 2010]. Pure collaborative approaches take a matrix of given
user—item interactions of any type—views, past purchases, ratings, and so on—as input
and produce the following types of output:

= A (numerical) prediction indicating the likelihood that the current user will
like or dislike a certain item (the relevance score)

= An ordered list of n recommended items based on the value predicted

The relevance is measured with a utility function fthat is estimated based on the user
feedback [Frolov and Oseledets, 2016]. More formally, the relevance function can be
defined as:

f:User X Item — Relevance Score

where User is the set of all users and ltem is the set of all items. This function can then
be used to compute the relevance scores for all the elements for which no informa-
tion is available. The data the predictions are based on can be either directly provided
by the users (through ratings, likes/dislikes, and so on) or implicitly collected by
observing the users’ actions (page clicks, purchases, and so on). The type of informa-
tion available determines the types of techniques that can be used to build the recom-
mendations. A content-based approach is possible if information about the users
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(profile attributes, preferences) and items (intrinsic properties) can be drawn upon.
If only implicit feedback is available, a collaborative filtering approach is required.
After predicting relevance scores for all the unseen (or unbought) items, we can
rank them and show the top 7 items to the user, performing the recommendation.
As usual, we start our discussion from the data available. The data source in this
case looks like table 3.3 (1 means a low rating while 5 means the user has a great opin-
ion of the item).

Table 3.3 An Example of a User-Item Dataset Represented Using a Matrix

User Item 1 Item 2 Item 3 Item 4 Item 5
Bob - 3 - 4 ?
User 2 3 5 - - 5
User 3 - - 4 4 R
User 4 2 - 4 - 3
User 5 - 3 - 5 4
User 6 - - 5 4 -
User 7 5 4 - - 5
User 8 - - 3 4 5

This table is a classic user—item matrix that contains the interactions (in this case the
ratings) between the users and the items. The cells with the symbol “-” mean that the
user hasn’t bought or rated that item. In an e-commerce scenario like the one we’re
considering, there could be a large number of users and items, so the resulting table
could be quite sparse—each user will buy only a small subset of the available items, so
the resulting matrix will have a lot of empty cells. In our example table, the unseen or
unbought element that we’d like to predict interest in is item 5 for the user Bob.

Starting from the data available (in the shape described) and from the basic idea
of collaborative filtering, multiple ways of implementing this prediction exist. For the
purpose of this scenario, in this part of the book we’ll consider the item-based algo-
rithms. The main idea of item-based algorithms is to compute predictions using the
similarity between items. Therefore, we’ll consider the table column by column, with
each column describing a vector of elements (called the rating vector) where the “-”
symbol is replaced with a 0 value. Let’s examine our User—Item dataset and make a
prediction for Bob for item 5. We first compare all the rating vectors of the other
items and look for items that are similar to item 5. The idea of item-based recommen-
dation is now to simply look at Bob’s ratings for these similar items. The item-based
algorithm computes a weighted average of these other ratings and uses this to predict
a rating for item 5 for the user Bob.


https://graphaware.com/neo4j/2017/10/03/efficient-unsupervised-topic-extraction-nlp-neo4j.html
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To compute the similarity between items, a similarity measure must be defined.
Cosine similarity is the standard metric in item-based recommendation approaches: it
determines the similarity between two vectors by calculating the cosine of the angle
between them [Jannach et al., 2010]. In machine learning applications, this measure
is often used to compare two text documents, which are represented as vectors of
terms; we’ll use it frequently in this book.

The formula to compute the cosine of the angle between the two vectors, and
therefore the similarity between two items @ and b, is as follows:

a-b
Al |
The - symbol indicates the dot product of the two vectors. @l is the Euclidian length of

the vector, which is defined as the square root of the dot product of the vector with itself.
Figure 3.12 shows a representation of cosine distance in two-dimensional space.

sim(ad, I—))) = cos(d, B) =

Item 2

Figure 3.12 Cosine distance representation
in two-dimensional space.

To further explain the formula, let’s consider the cosine similarity of item 5, described
by the rating vector [0, 5, 0, 3,4, 0, 5, 5], and item 1, described by the vector [0, 3, 0, 2,
0, 0, 5, 0]. It’s calculated as follows:

— 0*x0+5+x34+0%x0+3%x24+4x0+0x0+5+%5+5%*0
sim(ﬁ,ll)=

V5% +3%2 4+ 42 + 52 + 52 % /32 + 22 4 52
The numerator is the dot product between the two vectors, computed from the sum

of the products of the corresponding entries of the two sequences of numbers. The
denominator is the product of the Euclidian lengths of the two vectors. The Fuclidian
distance is the distance between two points in the multidimensional space of the vec-
tors. Figure 3.13 illustrates the concept in a two-dimensional space.

The formula is as follows:

I,y =/ G — Y2 + (2 — ¥2)2)

The Euclidian length is the Euclidian distance of the vector from the origin of the
space (the vector [0,0,0,0,0,0,0,0] in our case):

x| = y/x,? +x22‘
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(z2,92)

Y2 — 41

(T1,91) T2 21
Euclidian distance in two-dimensional space.

The similarity values range between 0 and 1, with 1 indicating the strongest similarity.
Consider now that we have to compute this similarity between each pair of items in
the database, so if we have 1M products we need to compute 1M * 1M similarity val-
ues. We can reduce this number by half because similarity is commutative—cos(a, b) =
cos(b, a)—but it’s still many computations. In this case a graph can be a valuable
helper to speed up the machine learning algorithm for the recommendations.

The User—Item dataset described previously can be converted easily into a graph
like the one in figure 3.14.

User subset of nodes

User interacts with the item
Bob through a rating

- \
- \

5 N _—
Bipartite

graph representing the
Item subset of nodes User-ltem dataset.

e
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In this graph representation, all the users are on the left and all the items are on the
right. The relationships go only from nodes in one subset to nodes in the other sub-
set; no relationships occur between nodes of the same set. This is an example of a
bipartite graph, or bigraph.

More formally, a bigraph is a special type of graph whose vertices (nodes) can be
divided into two disjoint and independent sets Uand Vsuch that every edge connects
avertex in U to one in V, or vice versa. Vertex sets Uand Vare usually called the parts
of the graph [Diestel, 2017].

How can a bipartite graph representation reduce the number of similarity compu-
tations we have to perform? To understand this, it’s necessary to understand cosine
similarity a little better (although the principle can be extended to a wider set of simi-
larity functions). The cosine similarity metric measures the angle between two n-
dimensional vectors, so the two vectors have a cosine similarity equal to 0 when they
are orthogonal (perpendicular). In the context of our example, this happens when
there are no overlapping users between two items (users that rate both the items). In
such cases, the numerator of the fraction will be 0. For example, we can compute the
distance between item 2, described by the vector [3, 5, 0, 0, 3, 0, 4, 0], and item 3,
described by the vector [0, 0, 4, 4, 0, 5, 0, 3], as follows:

sim(ﬁ,ﬁ) =

In this case the similarity value will be 0 (see figure 3.15). In a sparse User—Item data-

3¥0+5«x0+0%x44+0%4+3x04+0+x5+4+x0+0=%3
V32 4+ 52 + 32 + 42 x /42 + 42 + 52 + 32

set the probability of orthogonality is quite high, so the number of useless computa-
tions is correspondingly high. Using the graph representation, it’s easy, with a simple
query, to find all the items that have at least one rating user in common. The similarity
can then be computed only between the current item and the overlapping items,
greatly reducing the number of computations required. In a native graph engine, the
query for searching overlapping items is quite fast.

Another approach is to separate the bipartite graph into clusters and compute the dis-
tance only between the items belonging to the same cluster. In the second part, other
techniques are presented for representing such a graph in a way that simplifies the
identification of areas in which it is easier to find similar items or users.

In this scenario, the graph model helps to improve performance by reducing the
amount of time required to compute the similarities between the items, and therefore
the recommendations. Later we’ll see how, starting from this graph model, it’s possi-
ble to store the results of similarity computations to perform fast recommendations.
Furthermore, cosine similarity will be used as a technique for graph construction.

Algorithms

The previous section described the role of the graph model in representing the train-
ing data that’s used for the learning phase. Such a representation of the source of
truth has multiple advantages, as described previously, regardless of whether the
learning algorithm is graph-based or not.
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Item |

| lem5

Two nonoverlapping items: these
items have no rating users in common, so the
cosine similarity between them is 0.

This section describes (see figure 3.16), again using multiple scenarios, machine-
learning techniques that use graph algorithms to achieve the project’s goals. We’ll
consider two approaches:

The graph algorithm as the main learning algorithm

The graph algorithm as a facilitator in a more complex algorithm pipeline

Algorithms

- Graph Algorithms
- Graph-accelerated
Machine Learning
- Network Dynamics

Machine Learning Project Timeline >

Algorithms in the mental model
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In part II, an entire catalog of algorithms is described in detail with implementation
examples. In this chapter the purpose is to highlight the role of graph algorithms for
delivering predictions to the end user. These techniques, in contrast to the traditional
methods, provide alternative and novel ways to solve the challenging problems posed
by machine-learning use cases. The focus here (and in the rest of the book) is on
showing how to use these techniques in real-world applications, but we also take into
account the design of the methods introduced that are complementary or helpful in
terms of performance and computational complexity.

IDENTIFY RISKS IN A SUPPLY CHAIN
Supply-chain risk management aims primarily at determining the susceptibility of the
chain to disruptions, also known as the supply chain vulnerability [Kleindorfer and
Saad, 2005]. Evaluating the vulnerability of supply chain ecosystems is challenging,
because it cannot be observed or measured directly. The failure or overloading of a
single node can lead to cascading failures spreading across the whole network. As a
result, serious damage will occur within the supply chain system. The analysis of vul-
nerability must therefore take into account the entire network, evaluating the effect of
a disruption of each node. This approach requires identifying nodes that, more than
others, represent critical elements in the network.

If the supply chain is represented as a network, as in figure 3.17, several graph
algorithms can be applied to identify nodes that expose it to greater vulnerability.

Intermediate
Product A

Raw Product A

Finished
Product A

Intermediate
Product B

Raw Product B
I Raw Product C }

Figure 3.17 A supply-chain network.

Finished
Product B

Y

The purpose of the analysis is to determine the most important or central nodes in the
network. This type of analysis will reveal what the “nodes of interest” are in the supply
chain—these are the most likely targets of attack and the nodes that require the most
protection, because any disruption of them would gravely affect the entire supply
chain and its ability to operate normally. In figure 3.17, for instance, an issue with the
supply of raw product B (the disruption could be on the provider’s end or in the con-
nection) will affect the entire chain, because it is on the paths to all the shops.
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There are many possible definitions of “importance,” and consequently many cen-
trality measures that could be used for the network. We’ll consider two of them, not
only because they're useful for the specific scenario of the supply chain, but also
because they are powerful techniques used in multiple examples later in the book:

= PageRank: This algorithm works by counting the number and quality of edges to a
node to arrive at a rough estimate of the node’s importance. The basic idea imple-
mented by the PageRank model, invented by the founders of Google for their
search engine, is that of “voting” or “recommendation.” When a node is con-
nected to another node by an edge, it’s basically casting a vote for that note. The
more votes a node receives, the more important it is—but the importance of the
“voters” matters too. Hence, the score associated with a node is computed based on
the votes that are cast for it and the scores of the nodes casting those votes.

= Betweenness centrality: This algorithm measures the importance of a node by con-
sidering how often it lies on the shortest paths between other nodes. It applies
to a wide range of problems in network theory. For example, in a supply chain
network, a node with higher betweenness centrality will have more control over
the network because more goods will pass through that node.

Figure 3.18 illustrates what these two algorithms look like.

EThis is the most interesting |
inode in the graph according !
ito the value computed by
:PageRank.

iThese nodes have the :
thighest centrality, |
ibecause the most paths |
ipass through them. |

iThis node has only !
ione link, but with a
ihigh-value node.This |
1is why it has such a
:high value.

i The value in the node ié i i The number in ti\e vnode is the

H ! | hIg
idivided equally by the number | i current (at the current iteration) |
 of outgoing links. The values | ivalue. I
‘are sent to the connected i | It comes from the sum of the |
inodes. o ivalues in the incoming links. |
|
@) (b)

Figure 3.18 PageRank (a) and betweenness centrality (b) examples.

In the supply chain vulnerability use case, both algorithms can be used to determine
the most interesting nodes in the supply chain network, but from two different per-
spectives:
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= Betweenness centrality allows us to determine which nodes may have considerable
influence within the supply chain by virtue of their control over the products
passing through them. The nodes with highest centrality are also the ones
whose removal from the supply chain network will most disrupt the products’
flow, because they lie on the largest number of paths taken by the products. For
example, suppose that in the chain there’s a single company that’s the only pro-
vider of a basic component of all the products in the supply chain, or that
there’s only one company operating as the sole distributor of a particular prod-
uct. In both cases the greatest number of paths for that component or product
pass through them, and any serious disruption of these nodes would affect the
entire supply chain.

= PageRank allows us to identify nodes that, according to the relative importance
of the nodes they’re connected with, have a high value in the network. In this
case, disrupting an important node might affect only a small portion of the net-
work, but the disruption could still be significant. For example, suppose that in
the chain there’s a transformation process that converts a product into a form
suitable only for one of the biggest end customers of the supply chain. In this
case, there aren’t many paths passing through the process, so the node’s
betweenness centrality is quite low, but the “value” of the node is high because
disrupting it would affect an important element in the chain.

As these examples illustrate, graph algorithms provide a powerful analysis mechanism
for supply-chain networks. This approach can be generalized to many similar scenar-
ios, such as communication networks, social networks, biological networks, or terrorist
networks.

FIND KEYWORDS IN A DOCUMENT

Suppose that you want to identify automatically a set of terms that best
describe a document or an entire corpus. Using a graph-based ranking model
you can find the most relevant words or phrases in the text, via an unsuper-
vised learning method.

Companies often need to manage and work with large amounts of data, whether to
provide services to end users or for internal processes. Most of this data takes the form
of text. Because of the unstructured nature of textual data, accessing and analyzing
this vast source of knowledge can be a challenging and complex task. Keywords can
provide effective access to a large corpus of documents by helping to identify the main
concepts. Keyword extraction can also be used to build an automatic index for a docu-
ment collection, to construct domain-specific dictionaries, or for text classification or
summarization tasks [Negro et al., 2017].

Multiple techniques, some of them simple and others more complex, can be used
to extract a list of keywords from a corpus. The simplest possible approach is to use a
relative frequency criterion (identifying the terms that occur most frequently) to select
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the “important” keywords in a document—but this method lacks sophistication and
typically leads to poor results. Another approach involves using supervised learning
methods, where a system is trained to recognize keywords in a text based on lexical and
syntactic features—but a lot of labeled data (text with the related keywords manually
extracted) is required to train a model accurate enough to produce good results.

Graphs can be your secret weapon to solve a complex problem like this, providing
a mechanism to extract keywords or sentences from the text in an unsupervised man-
ner by leveraging a graph representation of the data and a graph algorithm such as
PageRank. TextRank [Mihalcea and Tarau, 2004] is a graph-based ranking model that
can be used for this kind of text processing.

In this case, we need to build a graph that represents the text and interconnects
words or other text entities with meaningful relations. Depending on the purpose, the
text units extracted—keywords, phrases, or entire sentences for summarization—can
be added as nodes in the graph. Similarly, it’s the final scope that defines the types of
relations that are used to connect the nodes (lexical or semantic relations, contextual
overlap, and so on). Regardless of the type and characteristics of the elements added
to the graph, the application of TextRank to natural language texts consists of the fol-
lowing steps [Mihalcea and Tarau, 2004]:

1 Identify text units relevant to the task at hand and add them as nodes in the
graph.

2 Identify relations that connect the text units. The edges between nodes can be
directed or undirected and weighted or unweighted.

3 Iterate the graph-based ranking algorithm until convergence or until the maxi-
mum number of iterations is reached.

4 Sort the nodes based on their final scores and use these scores for rank-
ing/selection decisions. Eventually, merge them.

The nodes are therefore sequences of one or more lexical units extracted from text,
and they’re the elements that will be ranked. Any relation that can be defined
between two lexical units is a potentially useful connection (edge) that can be added
between the nodes. For keyword extraction, one of the most effective ways of identify-
ing relationships is co-occurrence. In this case, two nodes are connected if they both
occur within a window of a maximum of Nwords (an N-gram), with N typically being
between 2 and 10. This is another example (maybe one of the most common) of using
a co-occurrence graph; an example of the result is shown in figure 3.19. Additionally,
it’s possible to use syntactic filters to select only lexical units of a certain part of speech
(for example, only nouns, verbs, and/or adjectives).

Once the graph has been constructed, the TextRank algorithm can be run on it to
identify the most important nodes. Each node in the graph is initially assigned a value
of 1, and the algorithm runs until it converges below a given threshold (usually for
20-30 iterations, at a threshold of 0.0001). Once a final score has been determined
for each node, the nodes are sorted in reverse order by score and postprocessing is
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Compatibility of systems of linear constraints over the set of natural numbers.
Criteria of compatibility of a system of linear Diophantine equations, strict
inequations, and nonstrict inequations are considered. Upper bounds for components
of a minimal set of solutions and algorithms of construction of minimal generating
sets of solutions for all types of systems are given.

These criteria and the corresponding algorithms for constructing a minimal
supporting set of solutions can be used in solving all the considered types systems
and systems of mixed types.

Graph construction
techniques

system

linear

algorithm

Co-occurrence is one of the most

Each node is a word extracted from effective ways of identifying
the text and generally transformed relationships: two nodes are
from inflectional or derivationally connected if they occur within a
related forms to a common base form. window of a maximum of N words.

A co-occurrence graph created by TextRank.

performed on the top 7' nodes (typically between 5 and 20). During this postprocess-
ing, words that appear one after the other in the text and are both relevant are
merged into a single keyword.

The accuracy achieved by this unsupervised graph-based algorithm matches that of
any supervised algorithm [Mihalcea and Tarau, 2004]. This indicates that with a graph
approach it’s possible to avoid the considerable effort supervised algorithms require
to provide prelabeled data for a task such as the one described here.

MONITOR A SUBJECT

Let’s continue our discussion of how to monitor a subject’s movements using cellular
tower data. Earlier in this chapter, we discussed how to convert the data distributed
across multiple towers or multiple phones and stored in a tabular format into a homo-
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geneous graph called a cellular tower network (shown again here in figure 3.20). As
explained in chapter 2, the nodes in the graph that have the highest total edge weight
correspond to the towers that are most often visible to the subject’s phone [Eagle,
Quinn, and Clauset, 2009].

Cellular Towers

These links exist if the
monitored phone can reach
both the cellular towers at the
same time (co-occurrence).

The link’s dimension (the weight) is
related to how long/often this happens.
A heavier link means the user spent a
longer time in a location where the
phone could reach both towers.

Figure 3.20 A graph representation of the CTN for a single subject.

The graph construction described earlier in this chapter was a preliminary task for
using graph clustering algorithms that allow us to identify groups of towers. The logic
here is that a group of nodes connected to one another by heavily weighted edges and
to other nodes by less heavily weighted edges should correspond to a location where
the monitored subject spends a significant amount of time. Graph clustering is an
unsupervised learning method that aims at grouping the nodes of the graph into clus-
ters, taking into consideration the edge structure of the graph in such a way that there
should be many edges within each cluster and relatively few between the clusters
[Schaeffer, 2007]. Multiple techniques and algorithms exist for this purpose, and
these will be discussed extensively in the second part of the book.

Once the graph is organized into multiple subgraphs that identify locations, the
next step is using this information to build a predictive model that can indicate where
the subject is likely to go next based on their current position. The clusters of towers
identified previously can be incorporated as states of a dynamic model* Given a

2 A dynamic model is used to represent or describe systems whose state changes over time.
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sequence of locations visited by a subject, the algorithm learns patterns in the sub-
ject’s behavior and can calculate the probability of them moving to different future
locations. The algorithm used for the modeling here [Eagle, Quinn, and Clauset,
2009] is a dynamic Bayesian network. A simpler approach, the Markov chain, is intro-
duced in the next section.

Whereas in the previous scenario applying the graph algorithm (TextRank) was
the main and only necessary action, here, because the problem is more complex, the
graph algorithm is used as part of a more articulated learning pipeline to create an
advanced prediction model.

Storing and accessing machine learning models

The third step in the workflow involves delivering predictions to end users. The out-
put of the learning phase is a model that contains the result of the inference process
and allows us to make predictions about unseen instances. The model has to be stored
in permanent storage or in memory so it can be accessed whenever a new prediction
is required (figure 3.21). The speed at which we can access the model affects the pre-
diction performance. This is a fundamental aspect of the machine-learning project’s
definition of success. If the accuracy of the resulting model is high but the prediction
rate is low, the system can’t accomplish the task in the right way.

Storing and Accessing
Models

- Store Model Data

- Store and Mix
Multiple Models

- Fast Model Access

Machine Learning Project Timeline >

Storing and accessing models in the mental model.

For instance, consider the recommendation scenario for an e-commerce site. The
user is looking for something but doesn’t have a specific idea about what product to
buy, so they start their navigation with a text search, then click here and there in the
results list, navigating through the several options available. At this point, the system
starts recommending items to the user according to the navigation path and the
clicks. This is all done in a matter of moments: with a decent network the user navi-
gates quickly, moving from one page to the next every 5 to 10 seconds, or even less.



30

Therefore, if the recommendation process requires 10 or more seconds, it’s com-
pletely useless.

This example shows the importance of having a system that can provide predic-
tions quickly to being effective. In this sense, providing fast access to the model is a
key aspect of success, and again, graphs can play an important role here.

This section explores, through some explanatory scenarios, the use of graphs for
storing prediction models and providing fast access to them.

RECOMMEND ITEMS

The item-based (or user-based) approach to collaborative filtering produces as a result
of the learning phase an Item-Item matrix that contains the similarity between each
pair of items in the User—Item dataset. The resulting matrix will look like table 3.4.

Table 3.4 Similarity Matrix

Item 1 Item 2 Item 3 Item 4 Item 5
Item 1 1 0.26 0.84 0 0.25
Item 2 0.26 1 0 0.62 0.25
Item 3 0.84 0 1 0.37 0.66
Item 4 0 0.62 0.37 1 0.57
ltem 5 0.25 0.25 066 0.57 1

Having determined the similarities between the items, we can predict a rating for Bob
for item 5 by calculating a weighted sum of Bob’s ratings for the items that are similar to
item 5. Formally, we can predict the rating of user u for a product p as follows [Jan-
nach et al., 2010]:

Zieratedltems(u) Sim(i' p) * Tu,i

Zierutedltems(u) Sim(i' p)

pred(u,p) =

In this formula, the numerator contains the sum of the multiplication of the similarity
value of each product that Bob rated to the target product and his rating of that prod-
uct. The denominator contains only the sum of all the similarity values of the items
rated by Bob to the target product.

Let’s consider only the line of the User—Item dataset shown in table 3.5 (techni-
cally, a slice of the User—Item matrix).

Table 3.5 User-ltem Slice for User Bob

Bob - 3 - 4 2
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The preceding formula will appear as follows:
0.25%*3 +0.57 x4
= 3.69
0.25 + 0.57

The Item-Item similarity matrix from table 3.4 can be stored in the graph easily. Start-
ing from the bipartite graph created for storing the User-Item matrix, it’s a simple

pred(Bob,15) =

matter of adding new relationships that connect items to other items (so it won’t be a
bipartite graph anymore). The weight of the relationship is the value of the similarity,
between 0 (in this case, no relationship is stored) and 1. The resulting graph looks
like figure 3.22.

User subset of nodes

User interacts with the item
Bob through a rating

Similarity distance computed

Item subset of nodes

Similarity distance model stored in the original bipartite graph.

In this figure, to reduce the number of arcs connecting the nodes, bidirectional rela-
tionships between items are represented. In reality, they’re two different relationships.
Additionally, because the number of relationships is N x N, it could be quite difficult
both in terms of reading and writing to store all the relationships. The typical
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approach is to store only the top K relationships for each node. Once all the similari-
ties are computed for each other item, they're sorted in descending order, from the
most similar to the least similar, and only the first K are stored. This is because during
the computation of the prediction only the top Kwill be used. Once the data is stored
in this way, computing the topmost interesting item for a user is a matter of a few hops
in the graph. According to the formula, all the items the target user rated are consid-
ered (in our case, items 2 and 4 are connected to the user Bob), and then for each of
them the similarity to the target item (item 5) is taken. The information for comput-
ing the prediction is local to the user, so making the prediction using the graph model
presented is fast. There’s no need for long data lookups.

Furthermore, it’s possible to store more type of relationships and navigate them at
the same time during the prediction to provide combined predictions based on multi-
ple similarity measures. These could be based on approaches other than pure collabo-
rative filtering. We’ll discuss other techniques for computing similarity or distance
(the same concept, just a different point of view) in the second part.

MONITORING A SUBJECT

In the subject-monitoring scenario, after the identification of clusters of towers that
represent locations where the subject spends significant amounts of time, the algo-
rithm continues by learning patterns in the subject’s behavior. We can then use
dynamic models, like a dynamic Bayesian network, to build a predictive model for sub-
ject location.

A Bayesian network is a directed graph in which each node is annotated with quan-
titative probability information (like 50% or 0.5, 70% or 0.7). The Bayesian network
(a.k.a. probabilistic graphical model or belief network) represents a mix of probability
theory and graph theory in which dependencies between variables are expressed
graphically. The graph not only helps the user to understand which variables affect
which other ones, but also enables efficient computing of marginal and conditional
probabilities that may be required for inference and learning. The full specification is
as follows [Russell and Norvig, 2009]:

Each node corresponds to a random variable. These may be observable quantities,
latent variables, unknown parameters, or hypotheses.

Edges represent conditional dependencies. If there’s an edge from node X to
node Y, Xis said to be a parent of Y. The graph has no directed cycles (and hence is a
directed acyclic graph, or DAG). Nodes that aren’t connected (where there’s no path
between the variables in the Bayesian network) represent variables that are condition-
ally independent of each other.

Each node X; has a conditional probability distribution P(X; Parents(X;)) that
quantifies the effect of the parents on the node. In other words, each node is associ-
ated with a probability function that takes (as input) a particular set of values for the
node’s parent variables and gives (as output) the probability, or probability distribu-
tion, if applicable, of the variable represented by the node.
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To make this clearer, let’s consider a simple example [Russell and Norvig, 2009]:

You have a new burglar alarm installed at home. It is fairly reliable at detecting a
burglary, but also responds on occasion to minor earthquakes. . . . You also have two
neighbors, John and Mary, who have promised to call you at work when they hear the
alarm. John nearly always calls when he hears the alarm, but sometimes confuses the
telephone ringing with the alarm and calls then, too. Mary, on the other hand, likes
rather loud music and often misses the alarm altogether. Given the evidence of who has or
hasn’t called, we would like to estimate the probability of a burglary.

The related Bayesian network for this example appears in figure 3.23. Burglaries and
earthquakes have a direct effect on the probability of the alarm going off, as illus-
trated by the directed edges that connect the Burglary and Earthquake nodes at the
top to the Alarm node. At the bottom, you can see that whether John or Mary calls
depends only on the alarm (denoted by the edges connecting Alarm to the JohnCalls
and MaryCalls nodes). They don’t perceive the burglaries directly, or notice minor
earthquakes, and they don’t confer with one another before calling.

Burglary Earthquake

Figure 3.23 A typical
é l_PEJ )_ A_ l_PiM_) \ Bayesian network, showing
T 0.90 T]0.70 MaryCalls both the topology and the

F | 0.05 F | 0.01 conditional probability tables.

JohnCalls

In figure 3.23, the tables near each node are the conditional distributions, repre-
sented as conditional probability tables (CPTs). A conditional distribution is a probability
distribution for a subpopulation. Each row in a CPT contains the conditional proba-
bility of each node value, given the possible combinations of values for the parent
nodes. For instance, P(B) represents the probability of a burglary happening, while
P(E) represents the probability of an earthquake happening. These are simple distri-
butions because they don’t depend on any other event. P(J), the probability that John
will call, and P(M), the probability that Mary will call, depend on the alarm. The CPT
for JohnCalls says that if the alarm is going off the probability that John will call is
90%, while the probability him calling when the alarm isn’t going off (recall that John
can confuse the phone ringing for an alarm) is 5%. A little more complex is the CPT
for the Alarm node, which depends on the Burglary and Earthquake nodes. Here,
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P(A) (the probability that the alarm will go off) is 95% in the case where a burglary
and an earthquake happen at the same time, while it’s 94% in the case of a burglary
that doesn’t coincide with an earthquake and 29% in the case of an earthquake but no
burglary. A false alarm is extremely rare, with a probability of only 0.1%.

A dynamic Bayesian network (DBN) is a special type of Bayesian network that relates
variables to each other over adjacent time steps. Returning to our subject monitoring
scenario, the simplest version of a DBN that can be used for performing a location pre-
diction is a Markov chain. The example shown in figure 3.24 is a pure graph. It’s a special
case of the more general graph representation of a Bayesian network. Nodes in this case
represent the status (in our case, the subject’s location) at point ¢, and the weights of the
relationships represent the probability of a status transition at time ¢+ 1.

Figure 3.24 A simple Markov chain (the most probable movement is shown in red).

In the graph in figure 3.24, if the subject is at Home at time ¢ it is most likely that they
will stay at home (45%). The probability that they’ll move to the Officeis 25%, while
there’s a 20% likelihood that they’ll instead go to the Market and a 10% probability
that they’ll go to the School (perhaps to drop off the kids). This is the representation of
a model built using the observations. Starting from this model, computing the proba-
bility of a location ?-step-ahead is a path navigation between nodes where each node
can appear more times.

This approach can be extended further. Eagle, Quinn, and Clauset [2009] noticed
that patterns of movement for people in practice are dependent on the time of day
and day of the week (Saturday night versus Monday morning, for example). They
therefore created an extended model based on a contextual Markov chain (CMC)
where the probability of the subject being in a location is also dependent on the hour
of the day and the day of the week (which represent the context). The CMC is not
described in detail here, but figure 3.25 shows the basic ideas behind it.

The context is created considering the time of day, defined as “morning,

”

after-
noon,” “evening,” or “night,” and the day of the week, split into “weekday” or “week-
end.” After learning the maximum likelihood parameters, the graphs in figure 3.25
were created. Figure 3.25(a) shows the Markov chain for a morning during the week-

end, so no school for the kids, and no office. Figure 3.25(b) shows the Markov chain
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Context: Saturday midday 3 Context: Monday 8am

@ i ®

A simple contextual Markov chain for two values of the context: C = {morning, weekend}

(a) and C = {morning, weekday} (b).

3.14

related to a morning on a weekday. Such graphs allow us to compute, through a sim-
ple query on the graph, a prediction of where the subject is most likely to go next.

Markov chains, contextual Markov chains, and, more generally, [dynamic] Bayes-
ian networks are prediction models that work for many use cases. The subject moni-
toring scenario is used to illustrate here, but such models are actively used in many
kinds of user modeling, and especially in web analysis to predict user intents.

Visualization

One of the main goals of machine learning is to make sense of data and deliver a sort
of predictive capability to the end user (although, as described at the beginning of this
chapter, data analysis in general aims at extracting knowledge, insights, and finally wis-
dom from raw data sources, and “prediction” represents a small portion of the possible
uses). In this learning path data visualization (figure 3.26) plays a key role, because it

Visualization

- Data Navigation
- Human Brain Analysis
- Improved communication

Machine Learning Project Timeline >

Visualization in the mental model.
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allows us to access and analyze data from a different perspective. In our mental map of
the machine-learning workflow, it’s presented at the end of the process, because visual-
izing data after initial processing has been performed is much better than visualizing
raw data, but data visualization can happen at any point in the workflow.

In this context, again, the graph approach plays a fundamental role. A growing
trend in data analysis is to make sense of linked data as networks. Rather than looking
solely at attributes of the data, network analysts also focus on the connections and resulting
structures in the data. If graphs are a helpful way of organizing data to better under-
stand and analyze the relationships contained within that data, visualizations help
expose that organization, further simplifying understanding. Combining the two
helps data scientists to make sense of the data they have. Furthermore, successful visu-
alizations are deceptive in their simplicity, offering the viewer new insights and under-
standing at a glance.

Why does visualizing data, specifically in the form of a graph, make it easier to ana-
lyze? Here are several reasons:

= Humans are naturally visual creatures. Our eyes are our most powerful sensory
receptors and presenting data through information visualizations makes the
most of our perceptual abilities [Perer, 2010].

= Many datasets today are simply too large to be inspected without computational
tools that facilitate processing and interaction. Data visualizations combine the
power of computers and the power of the human mind, capitalizing on our pat-
tern recognition abilities to enable efficient and sophisticated interpretation of
the data. If we can see the data in the form of a graph, it’s easier to spot pat-
terns, outliers, and gaps [Krebs, 2010; Perer, 2010].

= The graph model exposes relationships that may be hidden in other views of
the same data (tables, documents) and helps us pick out the important details
[Lanum, 2016].

On the other side, choosing an effective visualization can be a challenge, because dif-
ferent forms have different strengths and weaknesses [Perer, 2010]:

Not all information visualizations highlight the patterns, gaps, and outliers important to

analysts’ tasks, and furthermore, not all information visualizations “force us to notice

what we never expected to see” [Tukey, 1977].
Moreover, visualizing big data requires significant effort in terms of filtering, organiz-
ing, and displaying it on a screen. But despite all of these challenges, the graph view
remains appealing to researchers in a broad range of areas.

Several good examples of using graph representations to reveal insights into
human behavior appear in the work of social network analyst Valdis Krebs. An inter-
esting aspect of his work is that he can take data from any kind of source (old docu-
ments, newspapers, databases, or web pages), convert it into a graph representation,
perform network analysis, and then visualize the results with his own software, called
InFlow. He then analyzes the graph and comes up with some conclusions. One exam-
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ple, which we saw in chapter 1, is his analysis of political book purchases on Ama-
zon.com during the US presidential election in 2008 (figure 3.27).
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Figure 3.27 The political book networks from the 2008 US presidential election (Krebs, 2010).

Amazon provides summary purchase data that can be used for creating a co-occur-
rence network (a type of graph we saw earlier in some of our example scenarios). Two
books are connected when a customer buys both. The more customers there are who
purchase both items, the stronger the association between them is and the higher on
the “customers who bought this item also bought” list the associated item appears.
Consequently, using Amazon data it’s possible to generate a network that provides sig-
nificant insights into customers’ preferences and purchasing behavior. As Krebs puts
it, “With a little data mining and some data visualization, we can get great insights into
the habits and choices of Amazon’s customers—that is, we can come to understand
groups of people without knowing about their individual choices.”

In figure 3.27, it’s possible to recognize two distinct political clusters: a red one
designating those who read right-leaning books and a blue one designating those who
read left-leaning books. Only one book holds the red and blue clusters together: iron-
ically, that book is named What Went Wrong. This graph visualization provides strong
evidence of how polarized US citizens were during the political election in 2008. But
this “evidence” isn’t so evident to a machine learning algorithm, because it requires a
lot of contextual information that it’s much easier for a human brain to supply, like
the political orientation of the book or the book’s author, the circumstances of the
ongoing political election, and so on.

Graphs as processing patterns

In many machine learning projects, including many of those described in this book,
the graphs that are produced are extremely large. The scale of these graphs makes
processing them efficiently difficult. To deal with these challenges, a variety of distrib-
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uted graph processing systems have emerged. In this section, we’ll explore one of
them: Pregel, the first computational model (and still one of the most commonly used)
for processing large-scale graphs.?

This topic suits the purpose of the chapter for two main reasons:

= It defines a processing model that’s useful for providing an alternative imple-
mentation of several of the algorithms we’ve discussed (both graph-based and
non-graph-based).

= It shows the expressive power of the graph and presents an alternative approach
to the computation based on the graph representation of the information.

Pregel

Suppose that you want to execute the PageRank algorithm on a large graph,
such as the whole internet.

As stated earlier in this chapter, the PageRank algorithm was originally developed by
the founders of Google for their search engine—so the algorithm’s primordial pur-
pose was exactly this. We explored how the algorithm works earlier, so let’s focus now
on how to solve a concrete problem: processing the PageRank values for such a large
graph. This will be a complex task to accomplish due to the high number of nodes
(web pages) and edges (links between web pages). It requires a distributed approach.

The input to a Pregel computation is a directed graph in which each node has a
unique identifier and is associated with a modifiable, user-defined value that is initial-
ized (this is also part of the input). Each directed edge is associated with:

= A source node identifier
= A target node identifier

= A modifiable, user-defined value

In Pregel the program is expressed as a sequence of iterations (called supersteps), sepa-
rated by global synchronization points, that run until the algorithm terminates and
produces its output. In each superstep S, a node can accomplish one or more of the
following tasks, conceptually conducted in parallel (Malewicz et al., 2010):

= Receive messages sent to it in the previous iteration, superstep S— 1.
= Send messages to other nodes that will be read at superstep S+ 1.
= Modify its own state and that of its outgoing edges or mutate the graph topology.

Messages are typically sent along outgoing edges (to the directly connected nodes),
but a message can be sent to any node whose identifier is known. In superstep 0, every
node is active; all active nodes participate in the computation of any given superstep.
At the end of each iteration a node can decide to deactivate itself by voting to halt. At
that point it becomes inactive and won’t participate in subsequent supersteps unless it

% Tts name honors Leonhard Euler; the bridges of Kénigsberg, which inspired Euler’s theorem, spanned the
Pregel River (Malewicz, 2010).
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receives a message from another node, at which point it is reactivated. After being

reactivated, a node that wishes to halt must explicitly deactivate itself again.
This simple state machine is illustrated in figure 3.28.

If the node is active it will If the node is inactive it will
participate to the next not participate in the next
iteration. iteration.

i
|
A4 Vote to halt Vote to halt

Message received N Message received ,
A 4

The two statuses in which a
node can be in the Pregel
computational model.

Figure 3.28 Node statuses according to the Pregel computational model.

The termination condition for the iterations is reached when all the nodes have voted

to halt, so no further work will be done in the next superstep.

Before applying the Pregel framework to our PageRank use case, let’s consider a

simpler example: given a strongly connected graph where each node contains a value, find the

highest value stored in the nodes. The Pregel implementation of this algorithm will work

in this way:

The graph and the initial values of each node represent the input.

At superstep 0, each node sends its initial value to all its neighbors.

In each subsequent superstep S, if a node has learned a larger value from the
messages it received in superstep S — 1, it sends that value to all its neighbors.
Otherwise, it deactivates itself and stops voting.

Once all nodes have deactivated themselves and there are no further changes,
the algorithm terminates.

These steps are shown in figure 3.29, with concrete numbers.
Pregel uses a pure message passing model, for two reasons:

Message passing is expressive enough for graph algorithms; there’s no need for
remote reads (reading data from other machines in the processing cluster) or
other ways of emulating shared memory.

By avoiding reading values from remote machines and delivering messages
asynchronously in batches it’s possible to reduce latency, thereby enhancing
performance.
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In the node there is the internal status.
For this algorithm this is just the
maximum value found so far.

In superstep 0 the value is the value
stored in each node.

Each node communicates its
value to the connected node.

Each node updates its own status with
the max value between the previous
status and all the values received.

If the new value is the same as the
previous one, the node deactivates itself. ~ -~
Such nodes will not send any other
values.

These nodes don’t receive a new
value. So they deactivate themselves.

This node reactivates since it received __ _ _ — =~
a new value higher than its previous
status.

P
==

Zz-Z - N T~o -
All the nodes are inactive now. N
The end condition is reached, and the —>

algorithm terminates.

-
2 -
-

Pregel implementation for finding the highest value stored in the nodes.

Superstep 0

Superstep |

Superstep 2

Superstep 3

Although Pregel’s node-centric model is easy to program and has proven useful for

many graph algorithms, it is also worth noting here that such a model hides the parti-

tioning information from users and thus prevents many algorithm-specific optimiza-

tions. This often results in longer execution times due to excessive network load. To

address this limitation, other approaches exist. This can be defined as a graph-centric

programming paradigm. Under this graph-centric model, the partition structure is

opened up to the users and can be optimized so that communication within a parti-

tion can bypass the heavy message passing [Tian et al., 2013].

Now that the model is clear and the advantages and drawbacks have been high-
lighted, let’s return to our scenario and examine the logical steps of the implementa-

tion of the PageRank algorithm using Pregel. It could look like figure 3.30.
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PageRank implemented using Pregel framework.

The schema in figure 3.30 can be further described as follows:

The graph is initialized so that in superstep 0, the value of each node is 1 /
NumNodes(). Each node sends along each outgoing edge this value divided by
the number of outgoing edges.



42

3.3

331

CHAPTER 3 Graphs in machine learning applications

= In each subsequent superstep, each node sums up the values arriving in mes-
sages into sum and sets its own tentative PageRank to 0.15/NumNodes() + 0.85
x sum. Then it sends along each outgoing edge its tentative PageRank divided
by the number of outgoing edges.

= The algorithm terminates if either all of the overall changes in value are under
a threshold or it reaches a predefined number of iterations.

The fun aspect of the Pregel implementation of the PageRank algorithm in the inter-
net scenario is that we have a graph-by-nature dataset (internet links), a pure graph
algorithm (PageRank), and a graph-based processing paradigm.

Graphs for defining complex processing workflows

In a machine learning project graph models can be used not only for representing
complex data structures, making it easy to store, process, or access them, but also for
describing, in an effective way, complex processing workflows— the sequences of sub-
tasks that are necessary to complete bigger tasks. The graph model allows us to visual-
ize the entire algorithm or application, simplifies the identification of issues, and
makes it easy to accomplish parallelization even with an automated process.

Although this specific use of graphs won’t be presented extensively in the book, it’s
important to introduce it because it shows the value of the graph model in represent-
ing complex rules or activities in contexts not necessarily related to machine learning.

Dataflow is a programming paradigm that uses directed graphs for representing
complex applications; it’s extensively used for parallel computing. In a dataflow
graph, nodes represent units of computation and edges represent the data consumed
or produced by a computation. TensorFlow* uses these graphs to represent computa-
tion in terms of the dependencies between individual operations.

Dataflow

Suppose that you’re expecting a baby, and during your last visit the doctor
predicted the weight of the newborn to be 7.5 pounds. You want to figure out
how that might differ from the baby’s actual measured weight.

Let’s design a function to describe the likelihood of all possible weights of the new-
born. For example, you want to know if 8 pounds is more likely than 10 pounds
[Shukla, 2018]. For this kind of prediction, the Gaussian (otherwise known as nor-
mal) probability distribution function is generally used. It takes as input a number
and other parameters, and outputs a nonnegative number describing the probability
of observing the input. The probability density of the normal distribution is given by
the equation:
1 _Gew?
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4 https://www.tensorflow.org/
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where:

= u is the mean or expectation of the distribution (and also its median and
mode).
= o is the standard deviation.

= o2 is the variance.

This formula specifies how to compute the probability of x (the weight in our sce-
nario) considering the median value p (in our case 7.5 pounds) and the standard
deviation (which specifies the variability from the mean). The median value isn’t ran-
dom; it’s the actual average value of a newborn in North America.” This function can
be represented in an XY chart as shown in figure 3.31.

0 105 11 115 12
I ! I

Figure 3.31 Normal distribution curve (bell curve).

Depending on the value of ¢ (the standard deviation) the curve can be taller or fatter,
whereas depending on the value of p (the mean) it can move to the left or right side
of the chart. Figure 3.31 has the value of the mean centered to 7.5. According to the
value of the standard deviation, the probability of the nearest values could be more or
less distributed. The taller curve has a variance of 0.2 while the fatter one has a vari-
ance of 5. A smaller value of variance means that the most probable values are the
closest to the mean (on both sides).

In any case, the graph presents a similar structure that causes it to be informally
called the bell curve. This formula and the related representation mean that events
closer to the tip of the curve are more likely to happen than events on the sides. In
our case, if the mean expected weight of a newborn is 7.5 pounds and the variance is
known, by using this function, we can get the probability of a weight of 8 pounds com-
pared with 10 pounds. This function shows up all the time in machine learning, and
it’s easy to define in TensorFlow; it uses only multiplication, division, negation, and a
few other fundamental operators.

® https://www.uofmhealth.org/health-library/te6295
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To convert such a function into its graph representation in dataflow, it’s possible to
simplify it by setting the mean to 0 and the standard deviation to 1. With these param-
eter values the formula becomes:

x2

e 202

1
f(Xlu,02)=am

This new function has a specific name: the standard normal distribution.
The conversion to the graph format requires the following steps:

= Each operator becomes a node in the graph, so we have nodes representing
products, power, negation, square root, and so on.

= The edges between operators represent the composition of mathematical func-
tons.

Starting from these simple rules, the resulting graph representation of the Gaussian
probability distribution is shown in figure 3.32.
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data flows ~<
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Figure 3.32 A graph representation of the normal distribution in dataflow programming.

Small segments of the graph represent simple mathematical concepts. If a node has
only an inbound edge, it’s a unary operator (an operator that operates on a single
input, such as negation or doubling), while a node with two inbound edges is a binary
operator (an operator that operates on two input variables, such as addition or expo-
nentiation). In the graph in figure 3.32, passing 8 pounds (the weight we would like to
consider for the newborn) as the input to the formula will provide the probability of this
weight. The figure shows the different branches of the function clearly, which means
that it’s trivial to identify portions of the formula that can be processed in parallel.

In TensorFlow, this approach makes it easy to visualize and process even algo-
rithms that appear to be quite complex. DFP was a commonly forgotten paradigm,
despite its usefulness in certain scenarios, but TensorFlow revived it by showing the
power of graph representations for complex processes and tasks.
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The advantages of the DFP approach can be summarized as follows [Johnston,
Hanna, and Millar, 2004; Sousa, 2012]:

It provides a visual programming language with a simplified interface that
enables rapid prototyping and implementation of certain systems. We’ve already
discussed the importance of the visual sense and graphs as a way to better under-
stand complex data structures. DFP is capable of representing complex applica-
tions and algorithms while keeping them simple to understand and modify.

It implicitly achieves concurrency. The original motivation for research into
dataflow was the exploitation of massive parallelism. In a dataflow application,
internally each node is an independent processing block that works inde-
pendently from all the others and produces no side effects. Such an execution
model allows nodes to execute as soon as data arrives at them, without the risk
of creating deadlocks, because there are no data dependencies in the system.
This is an important feature of the dataflow model that can greatly increase the
performance of an application being executed on a multicore CPU without
requiring any additional work of the programmer.

Dataflow applications represent another example of the expressive power of graphs

for decomposing complex problems into subtasks that are easy to visualize, modify,

and parallelize.

Summary

This chapter presented a comprehensive array of use cases for graphs in machine
learning projects. In this chapter you learned:

How to use graphs and a graph model to manage data. Designing a proper
graph model allows multiple data sources to be merged in a single connected
and well-organized source of truth. This is useful not only because it creates a
single knowledge base—the knowledge graph—that can be shared between multi-
ple projects, but also because often it organizes the data in a way that suits the
kind of analysis that has to be performed.

How to process data using graph algorithms. Graph algorithms support a wide
spectrum of analysis and can be used either in isolation or as part of a more
complex and articulated analytics pipeline.

How to design a graph that stores the prediction model resulting from training
in order to simplify and speed up access during the prediction phase.

How to visualize data in the form of graphs. Data visualization is a crucial aspect
of predictive analysis. A graph can be a pattern for modeling the data so that it
can be visualized by an analyst in an efficient and effective way; the human
brain can do the rest.

How to use graphs to manage data processing. Graphs are so expressive that
they can be used as the processing model for distributed paradigms like data-
flow and Pregel.
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Content-based
recommendatsions

This chapter covers

Presenting an overview of the most common
recommendation techniques

Designing proper graph models for a content-based
recommendation engine

Importing existing (not-graph) datasets in the graph
models designed

Implementing working content-based recommendation
engines

Representation is one of the most complex and compelling tasks in machine learn-
ing, and computer science in general. Pedro Domingos, a computer science profes-
sor at the University of Washington, published an article in 2012 [Domingos, 2012]
in which he decomposes machine learning into three main components: represen-
tation, evaluation, and optimization.

Representation, specifically, affects three core aspects of a machine-learning
project’s lifecycle:
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= The formal language (or schema) in which a training dataset is expressed
before passing it as input to the learning process

= The way in which the result of the learning process—the predictive model—is
stored

= How, during the prediction phase, the training data and the prediction model
are accessed during forecasting

All of these are influenced by the learning algorithm used to infer the generalization
from the observed examples in the training dataset, and they affect the overall perfor-
mance in terms of forecast accuracy and training and prediction performance (speed).

The second part of this book focuses on data modeling: the formal structures used
to represent the training dataset and the inferred model (the result of the learning
process) so that a computer program (the learning agent®) can process and access it
to provide forecasting or analysis to end users. Hence, two different models are taken
into account:

= The descriptive model is a simplified representation of reality (the training data-
set) created to serve a specific learning purpose. The simplification is based on
assumptions about what is and isn’t relevant for the specific purpose at hand, or
sometimes on constraints on the information available.

= The predictive model is a formula for estimating the unknown value of interest: the
target. Such a formula could be mathematical, a query on a data structure (a data-
base or a graph, for instance), a logical statement such as a rule, or any combina-
tion of these. It represents, in an efficient format, the result of the learning process
on the training dataset and it is accessed to perform the actual prediction.

The chapters in this section of the book illustrate graph-based techniques for data
modeling that serve both purposes. In certain cases (when the learning algorithm is a
graph algorithm), this is a necessary decision. In other cases, the graph approach rep-
resents a better option than using a table or other alternatives.

Chapters 2 and 3 presented several modeling examples at a high level, such as
using cellular tower networks (CTNs) for monitoring subjects, co-occurrence graphs
for finding keywords, and bipartite graphs for representing a user—item dataset in a
recommendation engine. Those examples showed the advantages of a graph
approach for modeling purposes in those specific scenarios. In this second part of the
book, we go into more depth by using four different macro-goals—recommendations,
mining text, fraud analytics, and user behavior modeling—the six chapters in this part
present in greater detail a selection of modeling techniques and best practices for rep-
resenting the training dataset, predictive models, and access patterns. Nonetheless,
the focus remains on graph modeling techniques rather than on the predictive algo-
rithms themselves. The main purpose is to provide you with the mental tools for rep-

® As defined in the first chapter 1, an agent is considered as learning if, after making observations about the
world, it can improve its performance on future tasks.
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resenting the inputs or outputs of predictive techniques as graphs, showing the
intrinsic value of the graph approach. Example scenarios are presented, and when-
ever possible and appropriate, the design techniques are projected—with the neces-
sary extensions and considerations—into other scenarios where they’re relevant.

From now until the end of the book, the chapters are also practical. Real datasets,
pieces of code, and queries are introduced and discussed in detail. For each example sce-
nario, datasets are selected, models are designed and ingested, and a predictive model is
created and accessed to get forecasts. For queries, we’ll use one of the standard graph
query languages, Cypher. This SQL-like language began life as a proprietary query mech-
anism specifically for Neo4j databases, but since 2015 it has been an open standard. Seve-
ral other companies (such as SAP HANA and Databricks) and projects (such as Apache
Spark and RedisGraph) have since adopted it as a query language for graph databases.

No previous knowledge about the Cypher language is required for this chapter,
and throughout the book all the queries are described and commented in detail. If
you’re interested in learning more about it, I recommend looking at the official docu-
mentation [Cypher Documentation] and a few books where the topic is described in
great detail [Robinson et al., 2015, and Vukotic et al., 2014]. Furthermore, in order to
better understand the content of this (and the following) chapter, I recommend you
install and configure Neo4j and run the queries. This gives you the opportunity to
learn a new query language, play with graphs, and fix the concepts presented here
better in your mind. An installation guide is available on the Neo4j developer site.
The queries and the code examples have been tested with the version 4.x, the latest
available at the time of writing.

The first three chapters of this second part focus on data modeling as applied to
recommendation engines. Because this is a common graph-related machine learning
topic, several different techniques are introduced in great detail. A generic introduc-
tion to recommendation engines is presented in the next section.

Recommendation engines—an introduction

The term recommender system (RS) refers to all software tools and techniques that, by
using the knowledge they can gather about the users and items in question and provide
suggestions for items that are most likely of interest to a particular user [Ricci et al.,
2015]. The suggestions can be related to various decision-making processes, such as what
products to buy, which music to listen to, or which films to watch. In this context, item is
the general term used to identify what the system recommends to users. A recommender
system normally focuses on a specific type or class of items, such as books to buy, news
articles to read, or hotels to book. The overall design and the techniques used to gener-
ate the recommendations are customized to provide useful and relevant suggestions for
that specific type of item. Other times, it’s possible to use information gathered from a
class of items to provide recommendations for other types of items. For example, some-
one who buys suits might be interested in business books or expensive phones.
Although the main purpose of recommender systems is to help companies sell
more items, they also have many advantages from the user’s perspective. Users are


https://www.opencypher.org/
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continually overwhelmed by choice: what news to read, products to buy, shows to
watch, etc. The set of “items” offered by different providers it is growing quickly, and
users can no longer sift through all of them. In this sense, recommendation engines
provide a “customized” experience, helping people find what they’re looking for or
what could be of interest to them more quickly. The end result is that user satisfaction
will be higher, because they’ll get relevant results in a shorter amount of time.

There are various reasons why more and more service providers are exploiting this
set of tools and techniques [Ricci et al., 2015], including to:

= Increase the number of items sold. This is probably the most important function for
an RS: to help a provider sell more items than they would without offering any
kind of recommendation. This goal is achieved because the recommended
items are likely to suit the user’s needs and wants. With the plethora of items
(news articles, books, watches, whatever) available in most contexts, users are
often flooded by so much information that they cannot find what they’re look-
ing for, and the result is that they don’t conclude their sessions with a concrete
action. The RS represents in this sense a valid help in refining user needs and
expectations.

= Sell more diverse items. Another important function that an RS can accomplish is
to allow the user to select items that might be hard to find without a precise rec-
ommendation. For instance, in a tourism RS the service provider might want to
promote the places that could be of interest to a particular user in the area, not
only the most popular ones. By providing customized suggestions, the provider
dramatically reduces the risk of advertising places that are not likely to suit that
user’s taste. By suggesting or advertising unpopular (in the sense of not so well-
known) places to users, the RS can improve the quality of their overall experi-
ence in the area and allow new places to be discovered and become popular.

= Increase user satisfaction. A properly designed RS improves the user’s experience
with the application. How many times while navigating an online bookstore
such as Amazon have you looked at the recommendations and thought, “wow,
that book definitely looks interesting”? If the user finds the recommendations
interesting, relevant, and gently suggested by a well-designed front end, they’ll
enjoy using the system. The killer combination of effective, accurate recom-
mendations and a usable interface will increase the user’s subjective evaluation
of the system, and most likely they’ll come back again. Hence, this approach
increases the system usage, the data available for the model building, the qual-
ity of the recommendations, and finally the satisfaction of the users.

= Increase user loyalty. Websites and other customer-centric applications appreciate
and encourage loyalty by recognizing returning customers and treating them as
valued visitors. Tracking returning users is a common requirement for RSs (with
several exceptions that are discussed later) because the algorithms used leverage
the information acquired from the users during previous interactions, such as
their ratings of items for making recommendations in the course of the user’s next
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visit. Consequently, the more often a user interacts with the site or application, the
more refined the user’s model becomes: the representation of their preferences
develops and the effectiveness of the recommender’s output is increased.

= Gel a better understanding of what the user wants. Another important side effect of a

properly implemented RS is that it creates a model for the user’s preferences,
which are either collected explicitly or predicted by the system itself. The ser-
vice provider can reuse the resulting new knowledge for a number of other
goals, such as improving the management of the item’s stock or production.
For instance, in the travel domain, destination management organizations can
decide to advertise a specific region to new customer sectors or use a particular
type of promotional message derived by analyzing the data collected by the RS
(transactions of the users).
These aspects must be taken into account during the design of a recommendation sys-
tem, because they affect not only the way in which the system gathers, stores, and pro-
cesses data, but also the way in which it’s used for the predictions. For several of the
reasons listed here, if not all, a graph representation of the data and graph-based
analysis can play an important role by simplifying data management, mining, commu-
nication, and delivery. These aspects will be highlighted throughout this and the fol-
lowing chapters.

It’s worth noting here that we’re talking about personalized recommendations—in
other words, every user receives a different list of recommendations depending on
their tastes, which are inferred based on previous interactions or information gath-
ered using different methods [Jannach et al., 2010]. The provisioning of personalized
recommendations requires that the system know something (or many things) about
each user and each item. Hence, the RS must develop and maintain a user model (or
user profile) containing, for instance, data on the user’s preferences, as well as an item
model (or item profile) containing information on the item’s features or other details.

The creation of user and item models is central to every recommender system.
However, the way in which this information is gathered, modeled, and exploited
depends on the particular recommendation technique and the related learning algo-
rithms. According to the type of information used to build the models and the
approach used to forecast user interests and provide predictions, different types of
recommender systems can be implemented.

In this and the next two chapters, four main recommendation techniques are
explored. This is only a sampling of the solutions available, but they’ve been selected
to cover a wide spectrum of opportunities and modeling examples. The four
approaches we will consider are:

= Content-based recommendations: The recommendation engine leverages the avail-
ability of (manually created or automatically extracted) item descriptions and
user profiles that assign importance to different characteristics. It learns to find
items that are similar in content, to the ones that the user liked (interacted
with) in the past. A typical example is a news recommender that compares the
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articles the user has read previously with the most recent ones available to find
items that are similar in terms of content. This is the topic of this chapter.

= Collaborative filtering: The basic idea behind collaborative recommendations is
that if users have shared the same interests in the past—for instance, if they
bought similar books, or watched similar movies—they’ll have the same behav-
ior in the future. The most famous example of this approach is Amazon’s rec-
ommender system, which uses user—item interaction history to provide users
with recommendations. This is the topic of chapter 5.

= Session-based recommendations: The recommendation engine makes predictions
based on session data, such as session clicks and descriptions of clicked items.
A session-based approach is useful when user profiles and details of past activities
aren’t available. It uses information about current user interactions and matches
it with other users’ previous interactions. An example of this is a travel site that
provides details on hotels, villas, and apartments, where users generally don’t log
in until the end of the process, when it’s time to book. In such cases, no history
about the user is available. This is one of the topics discussed in chapter 6.

= Context-aware recommendations: The recommendation engine generates relevant
recommendations by adapting them to the specific context of the user [Adoma-
vicius et al., 2011]. Contextual information could include location, time, or
company (who the user is with). For example, many mobile applications use
contextual information (location, weather, time, and so on) to refine the rec-
ommendations provided to users. This approach is also presented in chapter 6.

This isn’t an exhaustive list and not the only classification available. From certain per-
spectives, session-based and context-aware recommendations might be considered
subcategories of collaborative filtering, but it depends on the type of algorithms used
to implement them. This list, however, reflects the way in which the different
approaches will be described in this book.

Each of these approaches has advantages and disadvantages, which are highlighted
in the next sections. Hybrid recommendation systems combine different approaches
to overcome such issues and provide better recommendations to end users. Hybrid
recommendation approaches are also discussed in chapter 6.

Content-based recommendations

Suppose you want to build a movie recommender system for your local video rental
store.

Old-fashioned Blockbuster-style rental shops have largely been put out of business
by the advent of new streaming platforms like Netflix, but several still exist here and
there. There was one in my town where back when I was at university (a long time
ago) that I used to go with my brother every Sunday to rent action movies (keep this
preference in mind; it will be useful later!). That’s beside the point; the important
thing here is that this specific scenario inherently has many peculiarities in common
with real, more complex online recommender systems. These include:


https://money.usnews.com/money/blogs/flowchart/2010/09/23/how-netflix-and-blockbuster-killed-blockbuster
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= A small user community. The number of users or customers is quite small. Most
recommendation engines, as we’ll discuss later, require there to be many active
(in terms of number of interactions, such as views, clicks, or buys) users to be
effective.

= A lmited sel of well-curated movies. Each item—in this case a movie—can have
many associated details, such as a plot description, a list of keywords, genres,
actors, and so on. These “details” aren’t always available in other scenarios,
where in the extreme case the item has only an identifier.

= Knowledge of user preferences. The owner or shop assistant knows the preferences of
almost all of the customers, even if they’ve only rented a few movies or games.

Before moving the discussion on to technicalities and algorithms, take a moment and
think about the brick-and-mortar shop. Think about the owner or clerks, and what
they do to succeed. They make an effort to get to know their customers, by analyzing
their previous rental habits and remembering past conversations with them. They try
to create a sort of profile for each customer, containing details on their tastes (horror
and action movies rather than romcoms), habits (renting generally on the weekend
or during the week), item preferences (movies rather than video games), and so on.
They collect information over time to build up this profile and use the mental models
they create to welcome each customer in an “effective” way, suggesting something that
could be of interest to them, or perhaps sending them a message when a tempting
new movie becomes available in the shop.

Now let’s consider a “virtual” shop assistant that welcomes a site’s users, suggesting
movies or games to rent or sending them an email when something new that might be
of interest comes into stock. The specific conditions described earlier preclude several
approaches to recommendations because they require more data. In the case we’re
considering (both the real and the simplified virtual shop), a valuable solution is a
content-based recommender system (CBRS) .

CBRS:s rely on item and user descriptions (content) to build item representations
(or item profiles) and user profiles to suggest items similar to those a target user has
usually already liked in the past (these are also known as semantics-aware CRBSs). This
approach allows the system to provide recommendations even in cases where the
amount of data available is quite small (that is, where limited number of users, items,
or interactions exist).

The basic process of producing content-based recommendations consists of match-
ing up the attributes of the target user profile, in which preferences and interests are
modeled, with the attributes of the items to find similar items to what the user liked in
the past. The result is a relevance score that predicts the target user’s level of interest in
those items. Usually, attributes for describing an item are features extracted from meta-
data associated with that item or textual features somehow related to the item—
descriptions, comments, keywords, and so on. These contentrich items contain a great
deal of information by themselves that can be used for making comparisons or infer-
ring a user’s interests based on the list of items they’ve interacted with. For these rea-
sons, content-based recommendation engines don’t require much data to be effective.



54

Figure 4.1 highlights the high-level architecture of a content-based recommender
system. It’s one of many possible architectures and is the one used in this section.
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High-level architecture of a content-based recommender.

This diagram decomposes the recommendation process into three main components:

Items Analyzer: The main purpose of this component is to analyze items, extract
or identify relevant features, and represent the items in a form suitable for the
next processing steps. It takes as input the item content (such as the contents of
a book or a product description) and metainformation (such as a book’s
author, the actors in a movie, or movie genres) from one or more information
sources and converts them into an item model that’s used later for providing
recommendations. In the approach described here this conversion produces
graph models, which can be of different types. This graph representation is
used to feed the recommendation process.

User Profiles Builder: This process collects data representative of the users’ prefer-
ences and infers user profiles. This may include explicit user preferences gath-
ered by asking users about their interests or implicit feedback collected by
observing and storing user behavior. The result is a model—a graph model, spe-
cifically—that represents the user’s interest in some specific item, item feature,
or both. In the architecture in figure 4.1, the item profiles (created during the
item analysis stage) and user profiles (created in this stage) converge in the
same database. Moreover, because both processes return a graph model their
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outputs can be combined into a single, connected and easy-to-access graph
model to be used as the input of the next phase.

= Recommendation Engine: This module exploits the user profiles and item represen-
tations to suggest relevant items by matching the users’ interests with item fea-
tures. In this phase, you build a prediction model and use it to predict for each
user a relevancy score for each item. This score is used to rank and order the
items to suggest to the user. Certain recommendation algorithms precompute
relevant values, for instance item similarities, to make the prediction phase faster.
In the approach proposed here, such new values are stored back in the graph,
which is, in this way, enriched with other data inferred from the item profiles.

In the following section, each module is described in greater detail. Specifically,
I describe how a graph model can be used for representing the item and user profiles
that are the outputs of the item analysis and profile building stages, respectively. Such
an approach simplifies the recommendation phase, described last.

As in the rest of the chapter, and most of the book from now on, real examples are
presented using publicly available datasets and data sources. In this case the Movie-
Lens dataset is used. It contains ratings of movies provided by real users, and it’s a
standard dataset for reccommendation engine tests. However, this dataset doesn’t con-
tain much information about the movies, and a content-based recommender requires
“content” to work. This is why in our examples it is used in combination with data
available on the Internet Movie Database (IMDb),” such as plot descriptions and key-
words, genres, actors, directors, writers, and so on.

Representing item features

In the content-based approach to recommendation, an item can be represented by a
set of features, also called properties or attributes. Features are important or relevant char-
acteristics of that item. In simple cases, such characteristics are easy to discover,
extract, or gather. For instance, in the movie recommendation example, each movie
can be described using:

= The list of genres (or categories) it belongs to (horror, action, cartoon,
drama...)

= A plot description

= A list of actors

= A set of tags or keywords manually (or automatically) assigned to the movie

= The year of production

= The director

= A list of writers

= A list of producers

7 The IMDb is an online database of information related to films, television programs, home videos, video
games, and internet streams, including details on the cast and production crew, plot summaries, trivia, and
fan reviews and ratings.
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Consider, for example, the information presented in table 4.1 (source: IMDb).

Table 4.1 Some Examples of Movie-Related Data

Title Genre Director Writers Actors
Pulp Fiction Action, Crime, Thriller Quentin Quentin Tarantino, John Travolta, Sam-
Tarantino Roger Avary uel Jackson, Bruce
Willis, Uma Thurman
The Punisher Action, Adventure, Jonathan Jonathan Hens- Thomas Jane, John
(2004) Crime, Drama, Thriller Hensleigh leigh, Michael Travolta, Samantha
France Mathis
Kill Bill: Action, Crime, Thriller Quentin Quentin Tarantino, Uma Thurman, Lucy
Volume 1 Tarantino Uma Thurman Liu, Vivica A. Fox

Such features are defined generally as metainformation because they aren’t actually the
content of the item. Unfortunately, there are classes of item where it isn’t so easy to
find or identify features, such as document collections, email messages, news articles,
or images.

Text-based items don’t tend to have readily available sets of features. Nonetheless,
their “content” can be represented by identifying a set of features that describe it. A
common approach is the identification of words that characterize the topic. Different
techniques exist for accomplishing this task, several of which are described later in
this book; the result is a list of features (keywords, tags, relevant words) that describe
the content of the item. These features can be used to represent a text-based item in
exactly the same way as the metainformation here, so the approach described from
now on can be applied either when metainformation features are easily accessible or
when features have to be extracted from content.

Extracting tags or features from images is out of the scope of this book, but once
those features have been extracted, the approach used is exactly the same as that dis-
cussed in this section.

Although representing such a list of features in a graph—more precisely, a property
graph®—is straightforward, several modeling best practices exist that should be taken
into account while designing the item model.

Consider, as a simplistic example, the graph model in figure 4.2 of the movies in
table 4.1 with their related features.

In this figure the simplest possible representation of the item is used, with the
related list of attributes. For each item a single node is created, and the features are
modeled as properties of the node. The following query shows the Cypher queries
used to create the three movies (run them one at a time).

8 The property graph, introduced in the chapter 2, organizes data as nodes, relationships, and properties (data
stored on the nodes or relationships).
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Each movie is represented
by a node with label Movie

title: 'The Punisher’

actors: [John Travolta', Thomas Jane’,'Samantha Mathis"]
director:‘jonathan Hensleigh’

genres: ['Action’,'Adventure’,'Crime’,'Drama’, Thriller']
writers: ['Jonathan Hensleigh', 'Michael France']

year: 2004

title: ‘Pulp Fiction’

actors: [John Travolta', 'Samuel Jackson',
"Bruce Willis', 'Uma Thurman']
director:'Quentin Tarantino’

genres: ['Action’, 'Crime’, 'Thriller"]
writers: ['Quentin Tarantino', 'Roger Avary']
year: 1994

d
’
’

'
The movie features are
translated in node properties
\

title: ‘Kill Bill: Volume I’

actors: ['Uma Thurman’,‘Lucy Liu’,Vivica A.
Fox'],

director:'Quentin Tarantino’,

genres: ['Action’, 'Crime’, "Thriller'],
writers: ['Quentin Tarantino', 'Uma Thurman’]
year: 2003

Figure 4.2 Basic graph-based item representation.

Query 4.1 Queries to create a basic model for movie representation

Each CREATE statement creates a new node with “Movie” as the label.

CREATE (p:Movie { The curly braces define the list of key/value
title: 'Pulp Fiction' properties of the node, beginning with title.

actors: ['John Travolta', 'Samuel Jackson', 'Bruce Willis', 'Uma Thurman'],
director: 'Quentin Tarantino',

genres: ['Action', 'Crime', 'Thriller'l],

writers: ['Quentin Tarantino', 'Roger Avary'l,

year: 1994 . . .
1) Properties can be of different types: strings,
arrays, integers, doubles, and so on.

parentheses .pp,rp (¢ .Movie {
gzﬁ:ﬁ::ﬁs title: 'The Punisher',
of the actors: ['Thomas Jane', 'John Travolta', 'Samantha Mathis'],
created node director: 'Jonathan Hensleigh',
instance. genres: ['Action', 'Adventure', 'Crime, Drama', 'Thriller'],
writers: ['Jonathan Hensleigh', 'Michael France'],
year: 2004

3]

CREATE (k:Movie ({
title: 'Kill Bill: Volume 1',

actors: ['Uma Thurman', 'Lucy Liu', 'Vivica A. Fox'],
director: 'Quentin Tarantino',

genres: ['Action', 'Crime', 'Thriller'l],

writers: ['Quentin Tarantino', 'Uma Thurman'],

year: 2003

)
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In the Cypher queries, CREATE allows you to create a new node (or relationship). The
parentheses define the boundaries of the created node instances, which in these cases
are identified by p, t and k and a specific label, Movie, is assigned to each new
node. The label specifies the type of a node, or the role the node is playing in the
graph. Using labels is not mandatory, but it’s a common and useful practice to orga-
nize nodes in a graph (and is more performant than assigning a type property to each
node). Labels are a bit like tables in an old-fashioned relational database, identifying
classes of nodes, but in a property graph database there are no constraints on the list
of attributes (such as for columns in the relational model). Each node, regardless of
the label assigned to it, can contain any set of properties, or even no properties at all.
Furthermore, a node can have multiple labels. These two features of the property
graph database—no constraints on the list of attributes and multiple labels—make the
resulting model quite flexible.

Finally, in the curly braces a set of comma-separated properties is specified.

The single-node design approach has the advantage of a one-to-one mapping
between the node and the item with all the relevant attributes. With an effective index
configuration, retrieving movies by feature values is quite fast. For example, the
Cypher query to retrieve all the movies directed by Quentin Tarantino looks like the
following query.

Query 4.2 Query to search for all the movies directed by Quentin Tarantino

[h: MATCH clause defines the graph pattern to match:

a node with the label Movie in this case. The WHERE clause defines

MATCH (m:Movie) . _ the filter conditions.
WHERE m.director = 'Quentin Tarantino'

RETURN m .
The return clause specifies the
list of elements to return.

In this query, the MATCH clause is used to define the graph pattern to match. Here,
we’re looking for all the Movie nodes. The WHERE clause is part of MATCH and adds con-
straints—filters—to it, as in relational SQL. In the example the query is filtering by
director’s name. The RETURN clause specifies what to return. Figure 4.3 shows the
result of running this query from the Neo4j browser.

The simple model just described has multiple drawbacks, including:

= Data duplication: In each property, data is duplicated. The same director name,
for instance, is duplicated in all the movies with the same director, and the same
is true for authors, genres, and so on. Data duplication is an issue in terms of the
disk space required by the database and data consistency (how can we know if “Q.
Tarantino” is the same as “Quentin Tarantino”?), and it makes change difficult.
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$ MATCH (m:Movie) WHERE m.director = 'Quentin Tarantino' RETURN m =3 bl A N O X

-
Graph
23]

Table

A

Text
Kill Bill:
Volume 1
<>
Code

Displaying 2 nodes, 0 relationships.

Figure 4.3 Query results from Neo4j browser for the simple model.

= Error prone: Particularly during data ingestion, this simple model is subject to
issues such as misspelled values or property names. These errors are difficult to
identify if the data is isolated in each node.

= Difficult to extend/enrich: If during the life of the model an extension is required,
like grouping together genres to improve search capabilities or provide seman-
tic analysis, these features are hard to provide.

= Navigation complexity: Any access or search is based on value comparison or, even
worse, string comparison. Such a model doesn’t use the real power of graphs,
which enable efficient navigation of relationships and nodes.

To better understand why such a model is poor in terms of navigation and access pat-
terns, suppose you wanted to query for “Actors who worked together in the same
movie.”
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Such a query can be written in the following way.

Query 4.3 Finding all the actors who acted together in the same movie (simple model)

Forward the actors list to the next step. This UNWIND converts the actors list into multiple rows.
MATCH (m:Movie) This second MATCH with the WHERE filter
Search for WITH m.actors as actors searches for all the movies each actor acted in.
all the UNWIND actors as actor

Forward the actor, the list of actors in each movie that

movies.  MATCH (n:Movi . . . .
(n:Movie) actor acted in (coactors in the same movie), and the title.

WHERE actor IN n.actors

WITH actor, n.actors as otherActors, n.title as title <
UNWIND otherActors as otherActor
WITH actor, otherActor, title <

Forward the pair of actors
Filter out the pair in and the title of the movie
which the actor is paired in which they coacted.
with himself or herself.

Convert the WHERE actor <> otherActor
list of other RETURN actor, otherActor, title

actors into  ORDER BY actor
multiple
rows.

Order the result by the name
of the first actor in the pair.

In the previous query:

1 The first MATCH searches for all the movies.

2 WITH is used to forward the results to the next step. The first one forwards only
the actors list.

3 With UNWIND, you can transform any list back into individual rows. The list of
actors in each movie is converted into a sequence of actors.

4 For each actor, the next MATCH with the WHERE condition finds all the movies
they acted in.

5 The second WITH forwards the actor considered in this iteration, the list of
actors in each movie they acted in, and the movie title.

6 The second UNWIND transforms the list of other actors and forwards the actor—
other actor pair along with the title of the film they acted in together.

7 The last WHERE filters out pairs in which the actor is paired with himself or herself.

s The query returns the names in each pair and the title of the movie in which
both acted.

9 The results are sorted, with the clause ORDER BY, by the name of the first actor
in the pair.

In such a query all the comparisons are based on string matches, so if a misspelling or
a different format (for example, “U. Thurman” instead of “Uma Thurman”) exist, the
results will be incorrect or incomplete.

Figure 4.4 shows the result of running Query 4.3 on the graph database we created.

A more advanced model for representing items, which is even more useful and
powerful for these specific purposes, exposes “recurring” properties as nodes. In this
model, each “entity,” such as an actor, a director, or a genre, has its own representa-
tion—its own node. The relationships between such entities are represented using
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$ MATCH (m:Movie) WITH m.actors as actors UNWIND .. s " i
actor otherActor title
"Bruce Willis" "John Travolta" "Pulp Fiction"
"Bruce Willis" "Samuel L. Jackson" "Pulp Fiction"
"Bruce Willis" "Uma Thurman" "Pulp Fiction"
<‘If) "John Travolta" "Samuel L. Jackson" "Pulp Fiction"
Code "John Travolta" "Bruce Willis" "Pulp Fiction"
"John Travolta" "Uma Thurman" "Pulp Fiction"

"John Travolta"
"John Travolta"
"Lucy Liu"

"Lucy Liu"
"Samantha Mathis"

"Samantha Mathis"

"Thomas Jane"
"Samantha Mathis"
"Uma Thurman"
"Wivica A. Fox"
"Thomas Jane"

"John Travolta”

"The Punisher"
"The Punisher"
"Kill Bill: Volume 1*
"Kill Bill: Volume 1*
"The Punisher"

"The Punisher"

"Samuel L. Jackson" "John Travolta" "Pulp Fiction"
"Samuel L. Jackson" "Bruce Willis" "Pulp Fiction"
"Samuel L. Jackson" "Uma Thurman" "Pulp Fiction"

"Thomas Jane"

"Thomas Jane"

"John Travolta”

"Samantha Mathis"

"The Punisher"

"The Punisher"

"Uma Thurman" "John Travolta" "Pulp Fiction"
"Uma Thurman" "Samuel L. Jackson" "Pulp Fiction"
"Uma Thurman" "Bruce Willis" "Pulp Fiction"
"Uma Thurman" "Lucy Liu" "Kill Bill: Volume 1°

"Uma Thurman"
"Vivica A. Fox"

"Vivica A. Fox"

"Wivica A. Fox"
"Uma Thurman"

"Lucy Liu"

"Kill Bill: Violume 1"
"Kill Bill: Violume 1"

"Kill Bill: Violume 1"

Started streaming 24 records after 10 ms and completed after 10 ms.

Figure 4.4 Results from Query 4.3 with the sample database created.

edges in the graph. The edge can also contain properties to further characterize the
relationship.

Figure 4.5 shows what the new model looks like for the movie scenario.

New nodes appear in the advanced model to represent each feature value, while
the feature types are specified using labels such as “Genre,” “Actor,” “Director,” and
“Writer.” Certain nodes can have multiple labels, because they can have multiple roles
in the same or different movies. Each node has several properties that describe it,
such as name for actors and directors and genre for genres. The movies now have only
the title property because this is specific to the item itself; there’s no reason to
extract it and represent as a separate node.
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Some features are represented as nodes.
Each node has some properties,
such as name in the actor and writer nodes.
\ ~
~
g
John
Travolta

Samuel
Jackson

ACTS_IN
ACTS_IN

Some features are

represented by properties. . Y ACTS_IN
Generally they are specific | 4 WROTE
to the node. :oger " ’ /ﬁ
va 4
ry 4 / Quentin
[Wwriter | ;o ' Tarantino
I, \

The edges express the relationships
of the node representing the
movie's feature with the movie itself.

\ Director hame:‘Quentin Tarantino’
AR aliases: ['Q.Tarantino’]

N

The same node can play different roles.
This can be modeled with different labels or
A different relationships or both.

N _-

~_———

Advanced graph-based item representation.

The queries to create this new graph model for the movie example are as shown in
the following query.

Query 4.4 Creating an advanced model for movie representation

CREATE CONSTRAINT ON (a:Movie) ASSERT a.title IS UNIQUE;
CREATE CONSTRAINT ON (a:Genre) ASSERT a.genre IS UNIQUE; Each of these statements

CREATE CONSTRAINT ON (a:Person) ASSERT a.name IS UNIQUE; creates a unique constraint
in the database.

CREATE (pulp:Movie {title: 'Pulp Fiction'}) FOREACH loops over a list and execute
Each CREATE FOREACH (director IN ['Quentin Tarantino'] the MERGE for each element.

createsthe | MERGE (p:Person {name: director}) SET p:Director MERGE (p)- [:DIRECTED] -
movie with > (pulp)) 4
onlythe title FOREACH (actor IN ['John Travolta', 'Samuel L. Jackson', 'Bruce Willis', 'Uma

as a property. '
property Thurman'] MERGE first checks if the node already exists,
using the uniqueness of the director name in this

case; if not, it creates the node.
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| MERGE (p:Person {name: actor}) SET p:Actor MERGE (p)-[:ACTS_IN]->(pulp))
FOREACH (writer IN ['Quentin Tarantino', 'Roger Avary']

| MERGE (p:Person {name: writer}) SET p:Writer MERGE (p)- [:WRITES]->(pulp))
FOREACH (genre IN ['Action', 'Crime', 'Thriller']

| MERGE (g:Genre {genre: genre}) MERGE (pulp)-[:HAS GENRE]->(g))

CREATE (punisher:Movie {title: 'The Punisher'})
FOREACH (director IN ['Jonathan Hensleigh']

| MERGE (p:Person {name: director}) SET p:Director MERGE (p) - [:DIRECTED] -
> (punisher))
FOREACH (actor IN ['Thomas Jane', 'John Travolta', 'Samantha Mathis']

| MERGE (p:Person {name: actor}) SET p:Actor MERGE (p)-[:ACTS IN]-
> (punisher))

FOREACH (writer IN ['Jonathan Hensleigh', 'Michael France']
| MERGE (p:Person {name: writer}) SET p:Writer MERGE (p)- [:WRITES]-
> (punisher))
FOREACH (genre IN ['Action', 'Adventure', 'Crime', 'Drama', 'Thriller']

| MERGE (g:Genre {genre: genre}) MERGE (punisher)-[:HAS GENRE]->(g))

CREATE (bill:Movie {title: 'Kill Bill: Volume 1'})
FOREACH (director IN ['Quentin Tarantino']

| MERGE (p:Person {name: director}) SET p:Director MERGE (p)- [:DIRECTED] -
>(bill))

FOREACH (actor IN ['Uma Thurman', 'Lucy Liu', 'Vivica A. Fox']

| MERGE (p:Person {name: actor}) SET p:Actor MERGE (p)-[:ACTS IN]->(bill))

FOREACH (writer IN ['Quentin Tarantino', 'Uma Thurman']

| MERGE (p:Person {name: writer}) SET p:Writer MERGE (p)- [:WRITES]->(bill))

FOREACH (genre IN ['Action', 'Crime', 'Thriller']

| MERGE (g:Genre {genre: genre}) MERGE (bill)-[:HAS GENRE]->(g))

Although graph databases are generally referred to as schemaless, in Neo4j it’s possi-
ble to define constraints in the database. In this case, the first three queries create
three constraints on the uniqueness of the title in a Movie, the value of a Genre, and
the name of a Person, respectively. This will avoid, for instance, having the same per-
son (actor, director, or writer) appear several times in the database. As described pre-
viously, in the new model the idea is to have a single entity represented by a single
node in the database. The constraints help to enforce this modeling decision.

After the constraint creation, the clause (repeated three times, once for each
movie in the example) works as before to create each new Movie with the title asa
property. Then, the FOREACH clauses loop over directors, actors, writers, and genres,
respectively, and for each element search for a node to connect to the Movie node,
creating a new node if necessary. In the case of actors, writers, and directors, a generic
node with label Person is created using a MERGE clause. MERGE ensures that the sup-
plied pattern exists in the graph, either by reusing existing nodes and relationships
that match the supplied predicates or by creating new nodes and relationships. The
SET clause, in this case, assigns a new specific label to the node, depending on the
needs. The MERGE in the FOREACH checks for (and creates if necessary) the relationship
between the Person and the Movie. A similar approach has been used for genres.

The overall result is shown in figure 4.6.
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Advanced graph-based item representation for the three movies.

title: Kill Bill:Volume I

Modeling pro tip

You can use multiple labels for the same node. In this case this is both useful and
necessary because in the model we want to have each person represented uniquely
regardless of the role they play in the movie (actor, writer, or director). This is why we
opt for MERGE instead of CREATE, and we use a common label for all of them. At the
same time, the graph model assigns a specific label for each role the person has.
Once assigned, it becomes assigned to the node, so it will be easier and more per-
formant to run queries such as “find me all the producers that. . . .”

The new descriptive model not only solves all the issues described earlier, but also pro-
vides multiple advantages:

No data duplication: Mapping each relevant entity (person, genre, and so on) to
a specific node avoids data duplication. The same entity can play different roles
and have different relationships (for example, Uma Thurman isn’t only an
actress in Kill Bill: Volume I but also one of the writers). Moreover, for each item
a list of alternative forms or aliases can be stored (for example, “Q). Tarantino,”

” <

“Director Tarantino,” “Quentin Tarantino”). This helps with searches, and it

avoids the same concept being represented in multiple nodes.
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= Error tolerant: Avoiding data duplication guarantees a better tolerance to errors
in the values. Unlike in the previous model, where a misspelled value is hard to
spot because it’s distributed among all the nodes as a property, here the infor-
mation is centralized in isolated and notreplicated entities, making errors easy
to identify.

= FEasy to extend/enrich: Entities can be grouped together by using a common label
or creating a new node and connecting it to the related nodes. This can
improve the query performance or style. For instance, we can connect multiple
genres, such as Crime and Thriller, under a common Drama node.

= FEasy to navigate: Each node and even each relationship can be the entry point of
the navigation (actors, genres, directors, and so on), whereas in the previous
schema the only available entry points were the features in the nodes. This
enables multiple and more efficient access patterns to the data.

Consider again the example query from earlier, for “Actors who worked together in
the same movie.” In the new model constructing this query is much easier, as you can
see in the following query.

Query 4.5 Finding all the actors who acted together in the same movie (advanced model)

u;this case, the MATCH clause specifies a more complex graph pattern.

MATCH (actor:Actor)-[:ACTS_IN]->(movie:Movie)<-[:ACTS_IN] - (otherActor:Actor)
WHERE actor <> otherActor <«
RETURN actor.name as actor, otherActor.name as otherActor, The identity pair
movie.title as title is removed.
ORDER BY actor

Query 4.5 produces exactly the same results as query 4.3, but it’s much simpler,
clearer, and even faster. This is evidently a better use of the MATCH clause. Here,
instead of describing a single node it describes the entire graph pattern we’re looking
for: we’re looking for two actors who worked on the same movie, movie, and the WHERE
filters out the original actor. The result is shown in figure 4.7.

It’s worth noting that, unlike before, here we have no string comparison. Further-
more, the query is much simpler, and on a bigger database it will execute faster. If you
recall our discussion about the native graph database and how Neo4j implements
adjacency-free indexes for node relationships, it will be much faster than the index
lookups on strings that are necessary in listing 4.3 instead.

We’ve now designed our final graph-based model for representing items. In a real
machine-learning project, the next step would be to create the database, importing
data from one or more sources. As stated at the beginning of this section, the Movie-
Lens dataset has been selected as a testing dataset. You can download the dataset from
GroupLens. Depending on how long you’re willing to wait to see a first graph data-
base, you can choose a suitable dataset size (if you're really impatient, choose the
smallest). The dataset contains only a little information about each movie, such as the
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$ MATCH (a:Actor)-[:ACTS_IN]->(m)<-[:ACTS_IN]-(o:Actor) WHERE a <> o RETURN a.name as. >

actor otherActor title

"Bruce Willis" "John Travolta’ Pulp Fiction"

“Bruce Willis* “Samuel L. Jackson® Pulp Fiction"
Bruce Willis" "Uma Thurman" Pulp Fiction"

“John Travolta" "Samuel L. Jackson" Pulp Fiction"

“John Travolta* “Bruce Willis Pulp Fiction*

“John Travolta" "Uma Thurman" Pulp Fiction"

"John Travolta"
“John Travolta*
“Lucy Liu"

“Luey Liu"
Samantha Mathis

Samantha Mathis

"Thomas Jane"
"Samantha Mathis"
"Uma Thurman"
"Vivica A. Fox"
"John Travolta

"Thomas Jane"

The Punisher"
The Punisher”
Kill Bill: Volume 1"
Kill Bill: Volume 1"
The Punisher”

The Punisher"

"Samuel L. Jackson" "John Travolta’ Pulp Fiction"
"Samuel L. Jackson" "Bruce Willis" Pulp Fiction"
"Samuel L. Jackson" "Uma Thurman" Pulp Fiction"
“Thomas Jane! “John Travolta’ The Punisher”

Started streaming 24 records after 6 ms and completed after 6 ms.

Figure 4.7 Results from listing 4.5 with the sample database created.

title and a list of genres, but it also contains a reference to its IMDb ID, where it’s pos-
sible to access all sorts of details about the movie: plot, directors, actors, writers, and so
on. This is exactly what we need.

The following two code listings contain the Python code necessary for reading the
data from the MovieLens dataset, storing the first nodes in the graph, then enriching
them using the information available on IMDb.

Listing 4.1 Importing basic movie information from MovieLens

def import movies(self, file):
with open(file, 'r+') as in file:
reader = csv.reader(in file, delimiter=',")
next (reader, None) Starting a new session
with self. driver.session() as session: connecting to Neo4j.
self.executeNoException(session,
Creating contraints to "CREATE CONSTRAINT ON (a:Movie) ASSERT a.movieId IS UNIQUE; ")
guarantee the unigeness self.executeNoException (session,
of people and genres. "CREATE CONSTRAINT ON (a:Genre) ASSERT a.genre IS UNIQUE; ")
The function

executeNoException tx = session.begin transaction() L. X
wrap the exception Beginning a new transaction,

generated ifthe 1 - o; which will allow the atomicity

constraint already exist. 4§ - o (allin or all out) of the
operations on the database.

Reading the values from
a CSV file (movies.csv).

for row in reader:
try:
if row:
movie id = strip(row[0])
title = strip(rowl[1l])
genres = strip(row[2])
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query = "w»
CREATE (movie:Movie {movieId: $movieId, title:
$title})
with movie
UNWIND $genres as genre
MERGE (g:Genre {genre: genre})
MERGE (movie)-[:HAS_GENRE]->(g)

Creating the movie and
the genres (the merge
avoids creating the same
genre multiple times)
and connecting them.

tx.run(query, {"movieId": movie id, "title": title,
"genres": genres.split("|")})

toet Pro tip: To avoid a huge commit at the end,

this check ensures the commit to the database
happens for every 1,000 lines processed.

Jo+=1

if i == 1000:
tx.commit ()
print (j, "lines processed")

i =0
tx = session.begin transaction()
except Exception as e:
print (e, row, reader.line num)
tx.commit ()
print (j, "lines processed")

Listing 4.2 Enriching the database with details available on IMDb

def import movie details(self, file):
with open(file, 'r+') as in file:
reader = csv.reader(in file, delimiter=',")
next (reader, None)
with self. driver.session() as session:
self.executeNoException (session, "CREATE CONSTRAINT ON (a:Person)

Creating a new ASSERT a.name IS UNIQUE;")
constraint to tx = session.begin transaction()
make people 1= o0; B
unique. = 0;
for row in reader:
try:
if row:
Getting movie movie id = strip(rowl[0])
details from IMDb. imdb_id = strip(row[1])
> movie = self. ia.get movie(imdb_id)
self.process _movie info(movie info=movie, tx=tx,
> movie id=movie_id)
Processing +=

i 1
information from jo+=1
IMDb and storing
itin the graph. 1¢ i —= 10:

tx.commit ()

print (j, "lines processed")

i=0

tx = session.begin transaction()
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except Exception as e:
print (e, row, reader.line num)
tx.commit ()
print (j, "lines processed")

def process movie info(self, tx, movie info, movie id) :
query = "nnw

MATCH (movie:Movie {movieId: $movieId})
Same as Query 4.4, SET movie.plot = $plot

eXCGPtherethe FOREACH (director IN $directors | MERGE (d:Person {name: director})
movie already SET d:Director MERGE (d)- [:DIRECTED]->(movie))
exists FOREACH (actor IN $actors | MERGE (d:Person {name: actor}) SET

d:Actor MERGE (d)-[:ACTS_IN]->(movie))
FOREACH (producer IN $producers | MERGE (d:Person {name: producer})
SET d:Producer MERGE (d)-[:PRODUCES]->(movie))
FOREACH (writer IN $writers | MERGE (d:Person {name: writer}) SET
d:Writer MERGE (d)-[:WRITES]->(movie))
FOREACH (genre IN $genres | MERGE (g:Genre {genre: genre}) MERGE
(movie) - [ :HAS_GENRE] ->(g))
directors = []
for director in movie info['directors']:
if 'nmame' in director.data:
directors.append(director['name'])

genres = ''
if 'genres' in movie info:
genres = movie info['genres']

actors = []
for actor in movie info['cast']:
if 'mame' in actor.data:
actors.append (actor ['name'])

writers = []
for writer in movie info['writers']:
if 'mame' in writer.data:
writers.append(writer['name'])

producers = []
for producer in movie info['producers']:
producers.append (producer [ 'name'])

plot = "'
if 'plot outline' in movie_info: ﬁ Take the plot value from the movie info
plot = movie info['plot outline'] to create a plot property on the nodet.

tx.run(query, {"movieId": movie_id, "directors": directors, "genres":
genres, "actors": actors, "plot": plot,
"writers": writers, "producers": producers})
This code is oversimplified, and it takes ages to complete because accessing and pars-
ing IMDb pages requires time. In the book’s code repository, in addition to the com-
plete implementation of the code there’s also a “parallel” version of the function
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import_movie_details, where multiple threads are created to download and process
several IMDDb pages at the same time. After it completes, the resulting graph has the
structure described in Figure 4.6.

EXERCISES
Play with the newly created database and write queries to:

1 Search for pairs of actors who worked on the same movie. Tip: Use Query 4.3
but add LIMIT 50 at the end of the query; otherwise it will produce a lot of
results.

2 Count, for each actor, how many movies they acted in.

3 Getamovie (by movieId) and list all the features.

The items (movies, in this scenario) are now properly modeled and stored in a real
graph database. In the next section, we’re going to model the users.

User modeling

In a content-based recommender system, several methods exist to gather and model
user profiles. The selected design model will vary according to how the preferences
are collected (implicitly or explicitly) and the type of filtering strategy, or recommen-
dation approach. A straightforward way of collecting user preferences is by asking the
user. For example, the user might express interest in specific genres or keywords, or
particular actors or directors.

From a high-level perspective, the purpose of the user profile and the defined
model is to help the recommendation engine to assign a score to each item or item
feature. The score helps to rank the items suggested to the specific user—they’re
ordered from high to low. This is why recommender systems belong to the area of
machine learning called learning to rank.

We can add preferences or interests to the model we are designing by adding
nodes for users and connecting them to the features of interest. The resulting schema
will look like figure 4.8.

The graph model defined for modeling user preferences extends the model previ-
ously described for the items, adding a new node for each user and connecting it to
the “features” of interest for the user.

Modeling note

The advanced model designed for items fits better in this scenario because the fea-
tures are nodes in the graph and so can be connected to the users by edges. This is
another advantage of such a model in comparison with the simpler one, in which mod-
eling interests would have been much harder and more painful.
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Alternatively, the system can explicitly ask the user to rate certain items. The optimal
approach is to select items that will help to understand, in the broadest sense, the
user’s tastes. The resulting graph model looks like figure 4.9.

In this case, the user nodes are connected to the movies. The ratings are stored on
the edges as a property.

These approaches are called explicit because the system asks the users to manifest
their own tastes and preferences.

On the other side of the spectrum, another approach is to infer the users’ inter-
ests, tastes, and preferences implicitly by considering the interactions each user has
with items. For example, if I buy soy milk, it’s highly probable that I'm interested in
similar products, such as soy yogurt. “Soy” in this case is the “relevant” feature. Simi-
larly, if a user watches the first episode of the Lord of the Rings trilogy, it’s highly proba-
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ble that they’ll be interested in the other two episodes, or other movies of the same

fantasy—action genre. The resulting model looks like figure 4.10.

The model in figure 4.10 is exactly the same as the previous one in figure 4.9; the
only difference is that here the system collects and stores data on user behavior in
order to infer users’ interests implicitly.

It’s worth noting that when the system models relationships between users and
items, regardless of whether information on users’ interests is collected implicitly or
explicitly, it’s possible to infer the users’ interests in specific item features using differ-
ent approaches. Starting from the graph as depicted in figures 4.9 and 4.10, the fol-
lowing Cypher query computes new relationships between users and features and

then materializes (that is, stores as new relationships to improve access performance)

them by creating new edges in the graph. See the following query.
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Query 4.6 Computing relationships between users and item features®
The WITH clause aggregates users and
features, counting the occurrences.

The | allows you to specify multiple
relationship types in the MATCH pattern.
MATCH (user:User) - [:WATCHED|RATES] -> (movie:Movie) -
[:ACTS_IN|WRITES|DIRECTED|PRODUCES |HAS GENRE] - (feature)
as occurrences <

WITH user, feature, count (feature)
WHERE occurrences > 2
(user) - [ : INTERESTED_IN] ->(feature) <
This creates the relationship; using MERGE
instead of CREATE avoids having multiple
relationships between the same pairs of nodes.

MERGE

This WHERE clause allows you to consider only features
that occur in at least three movies the user watched.

 This query can be executed only after the import of the user rating has been done as showed in Listing 4.3.
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This query searches for all the graph patterns ((u:User)-[:WATCHED |RATES] -
>(m:Movie)) that represent all the movies watched or rated by the user. It identifies
the features with

(movie:Movie) - [: ACTS_IN|WRITES|DIRECTED | PRODUCES |HAS_GENRE] - (feature)

For each user—feature couple, the output of WITH also indicates how often a user watched
a movie with that specific feature (which could be an actor, a director, a genre, and so
on). The WHERE clause filters out all the features that appear less than three times, to
keep only the most relevant and not fill the graph with useless relationships. Finally, the
MERGE clause creates the relationships, avoiding storing multiple relationships between
the same pairs of nodes (which would happen if you used CREATE instead).

The resulting model looks like figure 4.11.
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The graph model after inferring relationships INTERESTED_IN.
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The model depicted in figure 4.11 contains relationships between:

= Users and items (In the modeling example, we used explicit “watched” relation-
ships but the same would have held for explicit ratings.)
= Users and features

The second type were computed starting from the first, using a simple query. This
shows another possible extension of the starting model. In this case, instead of using
an external source of knowledge, the new information is inferred from the graph
itself. In this specific case a graph query is used to dustill the knowledge and convert it
into a new relationship for better navigation.

The MovieLens dataset contains explicit user—item pairings based on the users’ rat-
ings (they’re considered explicit because the users decided to rate the items). In list-
ing 4.3 the ratings are used to build a graph as modeled in figure 4.10, with the only
difference that here WATCHED is replaced with RATED because it represents what the
user explicitly rated. The function reads from a CSV file, creates users, and connects
them to the movies they rated.

Listing 4.3 Importing user-item pairings from MovieLens

def import user item(self, file):
with open(file, 'r+') as in file:
reader = csv.reader(in file, delimiter=',")
next (reader, None)
with self. driver.session() as session:
self.executeNoException(session, "CREATE CONSTRAINT ON (u:User)

> ASSERT u.userId IS UNIQUE")
Create a constraint
to guarantee User tx = session.begin transaction()

uniqueness. i=0;
for row in reader:
try:
if row:

user_id = strip(row([0])

movie id = strip(row[1])

rating = strip(row([2])

timestamp = strip(row([3])

> query = """

The query searches for a MATCH (movie:Movie {movieId: $movieId})
Movie by movield then MERGE (user:User {userId: $userId})
creates the User if it doesn’t MERGE (user)-[:RATES {rating: $rating, timestamp:
exist and connects them. $timestamp}]-> (movie)

nnm
tx.run (query, {“movieId":movie_id, "userId": user_ id,
"rating":rating, "timestamp": timestamp})
i += 1
if i == 1000:
tx.commit ()
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i=0
tx = session.begin transaction()
except Exception as e:
print (e, row, reader.line num)
tx.commit ()
At this point, the graph model we’ve designed is capable of representing both items
and users properly and also accommodating several variations or extensions, such as
semantic analysis and either implicit or explicit information.
We’ve now created and filled a real graph database using data obtained by combin-

ing the MovieLens dataset and information from the IMDb.

EXERCISES
Play with the database and write queries to:

1 Getauser (by userId) and list all the features that user is interested in.
2 Find pairs of users that share common interests.

The next section discusses how to leverage this model to deliver recommendations to
the end users in the movie rental scenario we’re considering.

Providing recommendations

During the recommendation phase, a content-based recommendation engine uses
user profiles to match users with the items that are most likely to be of interest to
them. Depending on the information available and the models defined for both users
and items, different algorithms or techniques can be used for this. Starting from the
models described previously, several techniques are described here for predicting user
interests and providing recommendations. They’re presented in order of growing
complexity and recommendation accuracy.

The first approach is based on the model presented in figure 4.12, in which users
are explicitly asked to indicate their interest in features, or interest is inferred from
user—item interactions.

This approach is applicable when:

= The items are represented using a list of features that are related to the items,
such as tags, keywords, genres, or actors. Such features may be manually
curated by users (for instance, tags) or professionals (for instance, keywords),
or generated automatically through an extraction process.

= The user profiles are represented by connecting the users to features that are “of
interest” to them. These connections are described in a binary form: like (in the
graph, represented with an edge between the user and the feature) and don’t
like/unknown (represented by no edge between the user and the feature). In the
case in which explicit information about user interests is not available, interests
can be inferred from other sources (explicit or implicit), as described previ-
ously, using a graph query.
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Figure 4.12 Graph model with user interests pointing to metainformation.

This approach is highly relevant for scenarios like the movie rental example consid-
ered here, in which metainformation is available and better describes the items them-
selves. The entire recommendation process in this scenario can be summarized as
illustrated in figure 4.13.

This high-level diagram highlights how the entire process can be based on graphs.
This approach doesn’t require complex or fancy algorithms for providing recommen-
dations. With a proper graph model, a simple query can do the job. The data already
contains enough information, and the graph structure helps to compute the score
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and returns the ordered list to the user with no need to prebuild any model: the

description and prediction models overlap.
This pure graph-based approach is simple, but it has many advantages:

1t produces good results. The quality of the recommendations is quite high consid-
ering the limited effort required by this method.

1t’s simple. It doesn’t require complex computations or complex code that reads
and preprocesses the data before providing recommendations. If the data is
modeled properly in the graph, as shown previously, it’s possible to perform the
queries and reply to users in real time.

It’s extensible. The graph can contain other information that can be useful to
refine the results according to other data sources or contextual information.

The queries can easily be changed to take new aspects into account.

The task of providing recommendations is accomplished using queries like the follow-

ing one.

Query 4.7 Providing recommendations to a user

——> MATCH (user:User)- [i:INTERESTED IN]->(feature)-[]- (movie:Movie)
WHERE user.userId = "<user Id>" AND NOT exists((user)-[]->(movie))
RETURN movie.title, count (i) as occurrences

> ORDER BY occurrences desc

Sorting in reverse order helps to bring to the top

the movies shared more with the selected user.

Starting from a user, the MATCH clause searches for all The NOT exists() filters out all the movies
the movies that have features of interest for that user. already WATCHED or RATED by the user.
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This query starts from the user (the WHERE clause specifies a userId as string), identi-
fies all the features of interest to the user, and finds all the movies that contain them.
For each movie, the query counts the overlapping features, and it orders the movies
according to this value: the higher the number of overlapping features, the higher the
likelihood is that the item might be of interest to the user.

This approach can be applied to the database we created earlier. The MovieLens
dataset contains connections between users and items, but no relationships between
users and features of interest for the users—these aren’t available at all in the dataset.
We enriched it using the IMDb as a source of knowledge for movie features, and by
applying query 4.6 it’s possible to compute the missing relationships between users
and item features. Use the code and the queries to play with the graph database and
provide recommendations. It will not be fast, but it will work properly. Figure 4.14
shows the result of running query 4.7 on the imported database. It’s worth noting that
user 598 in the example shown here had already rated Shrek and Shrek 2.

$ MATCH (user:User)-[i:INTERESTED_IN]->(feature)-[]-(movie:Movie) WHERE user.userId = "598" ..

vt ovourences I
Tabse
“Shrek the Third (2007)" 15

A Shrek Forever After (a.k.a. Shrek: The Final Chapter) (2010)" 12
e *Confessians of a Dangerous Mind (2002) 10
<> Monsters vs. Aliens (2009)" 9
Code “Batman: Mask of the Phantasm (1993)" 9
“Shrek the Halls (2007)" 9
“Puss in Boots (2011)" 9
*Osmosis Jones (2001)" 9
"Cloudy with a Chance of Meatballs 2 (2013)" 8
“Rubber (2010)" 8
“Tenchi Muy !In Love (1996)" 8
“Agent Cody Banks (2003)" 8
*Sinbad: Legend of the Seven Seas (2003)" 8
“Summer Wars (Sam w zu) (2008)" 8
*Escaflowne: The Movie (Escaflowne) (2000)* 7
“Ginderella (1997) 7
*Aelita: The Queen of Mars (Aelita) (1924)" 7
“Chronicles of Narnia: Prince Caspian, The (2008)* 7
“Dragonheart 2: A New Beginning (2000)" 7
“Nancy Drew (2007)* 7
“Green Hornet, The (2011)" 7
“The Book of Life (2014)" 7
“Ernest & C lestine (Ernest et C lestine) (2012)" 7
“Interstate 60 (2002)" 7

Started streaming 9343 records after 567 ms and completed after 586 ms, displaying first 1000 rows.
Figure 4.14 The result of running query 4.7 on the imported MovieLens database.
Later in this chapter and the book, different techniques and methods for improving

performance are described; here the focus is on different graph modeling techniques
and design options.
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EXERCISE
Rewrite query 4.7 to consider only movies of a specific genre or from a specific year.
Tip: Add a condition to the WHERE clause using EXISTS.

The approach in this section described works quite well and is simple. But with a
small amount of effort, it can be greatly improved. The second approach extends the
previous one by considering two main aspects that can be improved:

1 In the user profile, interest in an item feature is represented by a Boolean value.
It’s binary, representing only the fact that the user is interested in the feature. It
doesn’t ascribe any “weight” to this relationship.

2 Counting the overlapping features between user profiles and items isn’t
enough. We need a function that computes the similarity or commonalities
between user interests and items.

Regarding the first point, as is stated often in this book, models are representations of
reality, and the reality is that we’re modeling a user who’s likely to be interested more
in certain features than others (I like action movies, but I love movies with Jason
Statham). This information can improve the quality of the recommendations.

Regarding the second point, instead of counting the overlapping features, a bet-
ter method to find interesting items for a specific user consists of measuring the
similarity between the user profile and the item’s features—the closer, the better.
This requires:

= A function that measures the similarity

= A common representation for both items and user profiles so that their similarity is
measurable

The selected function defines the required representation for items and user profiles.
Different functions are available; one of the most accurate is cosine similarity, intro-
duced in chapter 3. Here, we recall the formula:

S

sim(&, E)) = cos((i, B) = d—_,
|| = |b]
Like most of the commonly used similarity functions, this requires that each item and
each user profile be projected into a common wvector space model (VSM), which means
that each element has to be represented using a fixed-dimension vector.

The entire recommendation process in this second scenario can be summarized
using the high-level diagram in figure 4.15.

Compared with the previous approach, this case has an intermediate step before
the recommendation process where the items and user profiles are projected into the
VSM. To describe this process of converting items and user profiles into their repre-
sentations in the VSM, let’s consider our movie recommendation scenario. Suppose
our movie dataset is as represented in figure 4.16.
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Each item can be represented as a vector considering metainformation such as the
genres and director (as an example—we could use all the metainformation available,
but that would make the next table too big). The dimensions of each vector, in this
case, are defined by the list of all possible values for genres and directors. Table 4.2
shows what this looks like for the simple dataset we created manually.

Table 4.2 Converting Items to Vectors

Action Drama Crime Thriller Adventure ey popatal

Tarantino Hensleigh

Pulp Fiction 1 0 1 1 0 1 0
The Punisher 1 1 1 1 1 0 1
Kill Bill: Vol I 1 0 1 1 0 1 0

These are Boolean vectors, because the values can be only 0, which means absence,
and 1, which means presence. The vectors representing the three movies are then:

Vector (Pulp Fiction) = [1,0,1,1,0,1,0]
Vector(The Punisher) = [1,1,1,1,1,0,1]
Vector(Kill Bill: Volume I) = [1,0,1,1,0,1,0]

These binary vectors can be extracted from the graph model in figure 4.16 through
the following query.

Query 4.8 Extracting Boolean vectors for movies

Search for all the features that are Director or Genre using
the labels function to get the list of labels assigned to a node.

MATCH (feature)
WHERE "Genre" in labels(feature) OR "Director" in labels (feature)

WITH feature Search for the movie Pulp Fiction; using STARTS WITH is
ORDER BY id(feature) preferable to an exact string comparison because the movies
MATCH (movie:Movie) < <}J generally have the year in the title.
WHERE movie.title STARTS WITH "Pulp Fiction"

OPTIONAL MATCH (movie)—[r:DIRECTED|HAS_GENRE]—(feature) <
RETURN CASE WHEN r IS null THEN O ELSE 1 END as Value,
CASE WHEN feature.genre IS null THEN feature.name ELSE feature.genre

END as Feature

This CASE clause returns 0 if no
This CASE clause returns either the relationship exists, and | otherwise.
name of the director or the genre.

OPTIONAL MATCH allows us to consider all the features,
even if they aren’t related to the movie selected.
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The query starts by looking for all the nodes that represent genres or directors, and it
returns all of them ordered by node identifier. The order is important because in each
vector the specific genre or director must be represented in the same position. It then
searches for a specific movie by title, and OPTIONAL MATCH checks whether the movie is
connected to the feature. Unlike MATCH, which filters out the nonmatching elements,
OPTIONAL MATCH returns null if the relationship doesn’t exist. In the RETURN, the first
CASE clause returns 0 if no relationship exists and 1 otherwise; the second returns the
name of either the director or the genre. Figure 4.17 shows the result of the query run
against the database imported from MovieLens.

$ MATCH (n) WHERE "Genre" in labels(n) OR "Director" i. & ko e A
Value Feature

Table

o *Adventura”
A_ o *Animation’
o 0 “Children"
(f) 1 *Comedy”
Code 1] *Fantasy”

o ‘Romance’

1 ‘Drama”

o *Action’

1 *Crime*

1 “Thriller"

o *Horror"

o “Mystery"

o *Sci-Fi'

o “IMAK"

o ‘Documentary”

o “War"

Figure 4.17 Result of running query 4.8 on the MovieLens dataset.

As is evident from the screenshot in figure 4.17, the real vectors are quite large
because many possible “dimensions” exist. Although this full representation is man-
ageable by the implementation discussed here, the next chapter introduces a way to
represent such long vectors in a better way.

It’s possible to generalize this vector approach to all sorts of features, including
those that have numerical values, like the average ratings in our movie scenario.”
In the vector representation the related components hold the exact values of these
features.

In our example, the vector representations for the three movies become:

10 The average rating isn’t a valuable feature, but it will serve the purpose in our example.
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Adding an index

Running this query on the MovieLens database can take long time. The time is spent
in the filter condition, movie.title STARTS WITH "Pulp Fiction".Adding an index
can greatly improve the performance. Run the following command and then try the
query again:

CREATE INDEX ON :Movie(title)

Much faster, isn’t it?

Vector(Pulp Fiction) = [1,0,1,1,0,1,0,4]
Vector(The Punisher) = [1,1,1,1,1,0,1,3.5]
Vector (Kill Bill:Volume I) = [1,0,1,1,0,1,0,3.9]

The last element represents the average rating. It doesn’t matter if part of the compo-
nents of the vectors are Boolean and others are real-valued or integer-valued [Ullman
and Rajaraman, 2011]. It’s still possible to compute the cosine distance between vec-
tors, although if we do so, we should consider some appropriate scaling of the non-
Boolean components so that they neither dominate the calculation nor are irrelevant.
To do this, we multiply the values by a scaling factor.

Vector(Pulp Fiction) = [1,0,1,1,0,1,0,4]
Vector(The Punisher) = [1,1,1,1,1,0,1,3.5a]
Vector (Kill Bill: Volume I) = [1,0,1,1,0,1,0,3.9]

In this representation, if o is set to 1 the average rating will dominate the value of the
similarity, while if it’s set to 0.5 the effect will be reduced by half. The scaling factor
can be different for each numerical feature and depends on the weight assigned to
that feature in the resulting similarity.

With the proper vector representation of the items in hand, we need to project the
user profile into the same VSM, which means that we need to create vectors with the
same components in the same order as in the item vectors that describe the user’s pref-
erences. As described in section 4.2.2, the information available in the content-based
case regarding user preferences or tastes can be either a user—item pair or a user—feature
pair. Both can be collected implicitly or explicitly. Because the vector space has the fea-
ture values as dimensions, the first step in the projection is to migrate the user—item
matrix to the user—feature space (unless it is already available). Different techniques
can be used for this conversion, including aggregating by counting the occurrences of
each feature in a user’s list of previously “liked”"! items. This option works well for
Boolean values; another option is computing the average values for numerical features.

1 “Liked” here means any kind of interaction between user and item, such as “watched”, “rated”, and so on.
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In the movie scenario, each user profile can be represented as shown in table 4.3.
Table 4.3 User Profiles Represented in the Same Vector Space as Movies

Action Drama Crime Thriller Adventure I UL UL

Tarantino Hensleigh

User A 3 1 4 5 1 3 1 9
User B 0 10 1 2 3 0 1 15
User C 1 0 3 1 (6] 1 0 5

Each cell represents how many movies the user watched that have that specific feature.
So, for example, User A has watched three movies directed by Quentin Tarantino,
while User B hasn’t watched any movies he directed. The table in this case also contains
a new column that represents the total number of movies watched by each user; this
value will be useful later in the creation of the vectors to normalize the values.

These user—feature pairs with the related counts are easy to obtain from the graph
model we’ve used so far for representing user—item interactions. To simplify the next
steps, it’s recommended to materialize these values by storing them properly in the
graph itself. In a property graph database, the “weight” representing how much the
user is interested in a specific item feature can be modeled with a property on the
relationship between the user and the feature. Modifying query 4.6, used earlier for
inferring the relationship between users and features, it’s possible to extract this infor-
mation, create new relationships, and add these weights to the edges. The new query
looks like the following.

Query 4.9 Extracting weighted relationship between users and features

MATCH (user:User)—[:WATCHED|RATES]—>(m:Movie)—
[:ACTS IN|WRITES|DIRECTED |PRODUCES |HAS GENRE] - (feature)
WITH user, feature, count (feature) as occurrence

WHERE occurrence > 2 SET add or modify the weight property
MERGE (user) - [r: INTERESTED_IN] ->(feature) | o, ¢he INTERESTED_IN relationship.
SET r.weight = occurrence

In this version occurrence is stored as a property on the relationship INTERESTED IN,
whereas in query 4.6 it was used only as a filter. Figure 4.18 shows the resulting
model.

On their own, the numbers in the table could lead to incorrect computations of
the similarities between the user profile vector and the item vector. They have to be
normalized to better represent the real interest of a user in a specific feature. For
example, if a user has watched 50 movies and only 5 are dramas, we might conclude
that that user is less interested in this genre than a user who watched 3 dramas out of
a total of only 10 movies, even though the first user watched more movies in total
of this type.
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WATCHED INTERESTED_IN
WEIGHT: 7

INTERESTED_IN
WEIGHT: 2

Samuel

ACTS_IN
ACTS_IN

name: ‘Bruce Willis’
/ ACTS_IN

INTERESTED_IN
WEIGHT: 2

WATCHED

title:'Pulp Fiction’ m
INTERESTED_IN HAs
WEIGHT: | T~
\ WROTE DIRECTED
ACTS_IN
WROTE
Roger
Avai
ry Quentin
[writer | Tarantino
INTERESTED_IN Director name: 'Quentin Tarantino’
WEIGHT: 7 aliases: ['Q.Tarantino’]
4

WATCHED

The relationship
INTERESTED_IN contains a
property specifying how much \ 'N;f:.f::?g'"

the user is interested

T =™ INTERESTED_IN
WEIGHT: 5

The graph model after inferring INTERESTED_IN relationships with
the weights.

If we normalize each value in table 4.3 with the total number of movies watched, we see
that the first user has 0.1 interest in the drama genre, while the second has 0.6. Table

4.4 shows the normalized user profiles.

Table 4.4 Normalized Version of Table 4.3

Action Drama Crime Thriller Adventure T:::::ii:o :I:::Eiag?l
User A 0.33 0.11 0.44 0.55 0.11 0.33 0.11
User B 0] 0.66 0.06 0.13 0.2 0 0.06
User C 0.2 0 0.6 0.2 0] 0.2 0
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Modeling pro tip

It isn’'t recommended to store the results of the normalization process as weights in
the graph, because these are affected by the total number of movies watched by the
user. Storing such values would require us to recompute each weight every time a
user watched a new movie. If we store only the counts as weights, when a user
watches a new movie only the affected features have to be updated. For example, if
a user watches an adventure movie only the count for that genre has to be updated.

In the explicit scenario this “weight” information can be collected by asking the user
to assign rates to a set of possible of item features. The related values can be stored in
the weight property on the edges between users and features.

At the end of this process we have both items and user profiles represented in a
common and comparable way. The recommendation task for each user can be accom-
plished by computing the similarities between the user profile vector representation
and each not-yet-seen movie, ordering them from highest to lowest and returning the
top N, where N can be 1, 10, or whatever the application requires.

In this scenario, the recommendation task requires complex operations that can-
not be accomplished by a query, because they require complex computations, loop-
ing, transformation and so on. The following listing shows how to provide
recommendations once the data is stored as depicted in figure 4.18.

The full code is available in the code repository as ch04/recommendation/con-
tent based recommendation second approach.py.

Listing 4.4 Method to provide recommendations using the second approach

def recommendTo (self, userId, k):

This user VSM = self.get user vector (userId) This function computes the
function movies VSM = self.get movie vectors (userId) similarities between the user
provides top_k = self.compute top k (user VSM, movies VSM, k); | profile vector and the movie
recommen return top k vectors and gets back the
dations. top k movies that best
def compute top k(self, user, movies, k): < match the user profile.

dtype = [ ('movieId', 'U10'), ('value', '£f4')]

knn_values = np.array([], dtype=dtype)

for other movie in movies:

> value = cosine similarity([user], [movies[other moviell)

We use the if value > 0:
cosine_similarit knn values = np.concatenate((knn values, np.array([(other movie,
y function value)], dtype=dtype)))
PVOﬁdEde knn values = np.sort (knn values, kind='mergesort', order='value' ) [::-1]
scikit-learn. return np.array split (knn values, [k]) [0]

—— > def get user_vector(self, user id):
query = nun
MATCH p=(user:User)-[:WATCHED |RATES]-> (movie)
theuserproﬁh;note WFERE user.userId = $userId
how it is provided with with count(p) as total

a single query and MATCH (feature:Feature) The order is critical because it allows

This function creates

mapped with a vector. WITH feature, total us to have comparable vectors.
ORDER BY id(feature)
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This function
provides the
movie vectors.
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MATCH (user:User)
WHERE user.userId = {userId}
OPTIONAL MATCH (user)-[r:INTERESTED_IN] - (feature)
WITH CASE WHEN r IS null THEN 0 ELSE
(r.weight*1.0£f)/(total*1.0f) END as value
RETURN collect(value) as vector
nnn
user VSM = None
with self. driver.session() as session:
tx = session.begin transaction()
vector = tx.run(query, {"userId": user id})
user VSM = vector.single() [0]
print (len(user VSM))

return user_VSM; This query gets only relevant
not-seen-yet movies for the user,
get _movie vectors(self, user id): which speeds up the process.

list_of moview query = """

MATCH (movie:Movie)—[r:DIRECTED|HASfGENRE]—(feature)<—
[i:INTERESTED_IN] - (user:User {userId: $userId})

WHERE NOT EXISTS((user)-[]->(movie)) AND EXISTS((user)-[]-
> (feature))

WITH movie, count(i) as featuresCount

WHERE featuresCount > 5

RETURN movie.movieId as movieId

query = nnn
This query MATCH (feature:Feature)
creates the WITH feature
movie vectors. ORDER BY id(feature)

MATCH (movie:Movie)
WHERE movie.movieId = {movieId}
OPTIONAL MATCH (movie)—[r:DIRECTED|HA57GENRE]—(feature)
WITH CASE WHEN r IS null THEN 0 ELSE 1 END as value
RETURN collect (value) as vector;
nnn
movies VSM = {}
with self. driver.session() as session:
tx = session.begin transaction()

i=0

for movie in tx.run(list of moview query, {"userId": user id}):
movie id = movie["movieId"];
vector = tx.run(query, {"movieId": movie id})

movies VSM[movie id] = vector.single () [0]
i+=1
if 1 % 100 == O0:
print (i, "lines processed")
print (i, "lines processed")

print (len(movies VSM))
return movies_VSM

If you run this code for user 598 (the same user as in the previous scenario) you’ll see
that the list of recommended movies isn’t that different from the results obtained in
the previous case, but these new results should be better in terms of prediction accu-
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racy. Thanks to the graph, it’s possible to easily get movies that contain at least five fea-
tures in common with the user profile.

Also be aware that this recommendation process takes a while to produce results.
Don’t be worried; the goal here is to show the concepts in the simplest way, and vari-
ous optimization techniques will be discussed later in the book. If you’re interested, in
the code repository you’ll find an optimized version of this code that uses a different
approach to vector creation and similarity computation.

EXERCISES
Considering the code in listing 4.4:

1 Rewrite the code to use a different similarity function, such as the Pearson cor-
relation, instead of cosine similarity. Tip: Search for a Python implementation
and replace the cosine_similarity function.

2 Look at the optimized implementation in the code repository and figure out
how the new vectors are created. How much faster is it now? In the next chapter
the concept of “sparse vectors” will be introduced.

The third approach we will consider for content-based recommendations can be
described as “recommend items that are similar to those the user liked in the past”
[Jannach et al., 2010]. This approach works well in general and is the only option
when it’s possible to compute relevant similarities between items, but difficult or not
relevant to represent user profiles in the same way.

Consider our training dataset, as represented in figures 4.9 and 4.10. The user
preferences are modeled by connecting users to items, instead of users to items
metainformation. This could be necessary when metainformation for each item is
either not available, limited, or not relevant, so it isn’t possible (or necessary) to
extract data on the user’s interest in certain features. Nonetheless, the “content” or
“content description” related to each item is somehow available—otherwise, the con-
tent-based approach wouldn’t be applicable. Even in the case where metainformation
is available, this third approach greatly outperforms the previous one in terms of rec-
ommendation accuracy.

This is known as the similarity-based retrieval approach, and it has been selected as a
valuable approach to cover for several reasons:

= It was already introduced in chapter 3. Here, different item representations are
used for computing similarities.

= Similarities are easy to store back in the graph as relationships between items.
This represents a prefect use case for graph modeling and navigating similarity
relationships provides for fast recommendations.

= It’s one of the most common and powerful approaches to content-based recom-
mendation engines.

= It’s flexible and general enough to be used in many different scenarios, regard-
less of the type of data/information available for each item.


https://en.wikipedia.org/wiki/Pearson_correlation_coefficient
https://en.wikipedia.org/wiki/Pearson_correlation_coefficient
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The entire recommendation process in this scenario can be summarized using the
high-level diagram in figure 4.19.

1
———————— These two modules create a Using ONLY information available for each item, similarities

Each item can be defined by ! vector from user profile or This function represents the among items are computed and stored in the graph
data and metadata item features similarity function selected ="
v - -

Similarities
‘Computation
| User Profiles Builder |
1
! 1 I I
I | implicit/explicit | N
|| wuser-item data - | — Match Making |
| : - " This module gets the similarities among |
|

- —————— ¥ items and the user's previous interactions e ke dation
User-Item Mapping and gets the list of top items for the user ===~~~ ‘“"‘"“"E::izzl

\ L
Users can express (implicitly "\ +1tem Metainformation | = — = = = = — — — e e B
or explicitly) interest in .

specific item features N

This graph contains relationships
between users and items such as
buys, rates, evaluates, and clicks

Figure 4.19 Recommendation process for the third approach in content-based recommenders.

It’s worth noting here, because this is the biggest difference with the collaborative fil-
tering approach described in the next chapter, that the similarities between items are
computed only using the item-related data, whatever that is. The user—item interac-
tion is used only during the recommendation phase.

According to the diagram in figure 4.19, three key elements are necessary in this
scenario:

1 User profile: This is represented by modeling the interactions the user has with
items, such as rated, bought, or watched. In the graph these interactions are
represented as relationships between the user and the items.

2 Item representation/description: To compute similarities between items, it’s neces-
sary to represent each item in a measurable way. How this is done depends on
the function selected for measuring similarities.

3 Similarity function: A function is needed that, given two item representations,
computes the similarity between them. We described applying the cosine simi-
larity metric from chapter 3 to a simplified example of collaborative filtering.
Here, different techniques are described in more detail, applied to content-
based recommendations.

As in the second approach, points 2 and 3 are strictly related because each similarity
formula requires a specific item representation. And conversely, according to the data
available for each item, certain functions can be applied while others cannot.

A typical similarity metric, which is suitable for multivalued characteristics, is the
Dice coefficient [Dice, 1945]. It works as follows. Each item I; is described by a set of
features features(I;)—for example, a set of keywords. The Dice coefficient measures
the similarity between items I; and [j as:

2 X |keywords(ll-) n keywords(lj)|
|keywords(I))| + |keywords(I)) |

dice_coef ficient(l;, I;)
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In this formula, keywords return the list of keywords that describe the item. In the
numerator, the formula computes the number of overlapping/intersecting keywords
and multiplies this by 2. In the denominator, it sums the number of keywords in each
item. This is a simple formula, where “keywords” can be replaced with anything: in
our movie example it could be genres, actors, and so on (see figure 4.20).

Keywords are “words” that
describe some feature of the item.

They can be anything.
AR (Reyword ) Keygord
’ N
i Samantha
! Mathis
!
1
RELATED_To RELATED_TO
Bruce
Willis
RELATED_TO
RELATED_TO
RELATED_TO RELATED_TO Keyword

RELATED_TO
RELATED_TO RELATED_TO

RELATED_TO

RELATED_TO

RELATED_TO

RELATED_TO
The relatlonshlps connectmg RELATED_TO RELATED_TO
the items to keywords are &
always the same.
Keyword Keyword

Figure 4.20 The graph model for representing keywords.

Once the similarities are computed they can be stored back in the graph, as shown in
figure 4.21.

It isn’t necessary to store these neighbor relationships between each pair of nodes
(although it’s necessary to compute all of them). Generally, only a small number of
them are stored. You can define a minimum similarity threshold, or you can define a k
value and keep only the k topmost similar items. For this reason, the methods
described in this approach are known as k-nearest neighbor (k-NN) methods regardless of
the similarity function selected.

The Dice coefficient is simple, but the quality of the resulting recommendations is
quite poor, because it leverages a small amount of information for computing the
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Storing similarities back in the graph.

similarities. A much more powerful method for computing the similarities between
items is based on cosine similarity. The items can be represented exactly as in the sec-
ond approach. The difference here is that, instead of computing cosine similarities
between user profiles and items, the cosine function is used to compute similarities
between items.

This similarity is computed for each pair of items, and then the top k matches for
each item are stored back in the graph as similarity relationships. As an example, con-
sider the similarities listed in table 4.5.

Table 4.5 Cosine Similarities Between Movies

Pulp Fiction The Punisher Kill Bill: Volume |

Pulp Fiction

The Punisher

Kill Bill: Volume |

The table’s contents can be stored in the graph as shown in figure 4.21.

It’s important to note here that, unlike in the first and second approaches, where
the recommendation process uses the data as it is, here the recommendation process
requires an intermediate step: this ANN computation and storing. In this case the
descriptive model and the prediction model don’t match completely.
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The following listing shows a Python script for computing A#NN and storing this
data back in the graph. It works on the graph database we imported from the Moviel-
ens dataset.

Listing 4.5 Code for creating the k-NN network

def compute_and store_similarity(self):

Overall movies VSM = self.get movie vectors()

function that for movie in movies VSM:

PENbrmsa" knn = self.compute knn(movie, movies VSM.copy (), 10);
the tasks for self.store knn(movie, knn)

all the movies.

def get movie vectors (self): ) ) )

1ist of moview query = mnm This funct.lor.\ projects

- - MATCH (movie:Movie) each movie in the VSM.
RETURN movie.movieId as movieId

query = ""w
MATCH (feature:Feature)
WITH feature
ORDER BY id(feature)
MATCH (movie:Movie)
WHERE movie.movieId = $movieId
OPTIONAL MATCH (movie)—[r:DIRECTED|HAS_GENRE]—(feature)
WITH CASE WHEN r IS null THEN 0 ELSE 1 END as value
RETURN collect(value) as vector;
mnn
movies VSM = {}
with self. driver.session() as session:
tx = session.begin transaction()

i=0
for movie in tx.run(list_ of moview query) :
movie id = movie["movieId"];
vector = tx.run(query, {“movieId": movie_id})

movies VSM[movie id] = vector.single () [0]
i+=1
if 1 % 100 == 0:
print (i, "lines processed")
print (i, "lines processed")
print (len(movies VSM))
return movies VSM This function computes
the KNN for each movie.
def compute knn(self, movie, movies, k):
dtype = [ ('movieId', 'U10'), ('value', '£f4')]
knn values = np.array([], dtype=dtype)
for other movie in movies:
if other movie != movie:
> value = cosine_similarity([movies[moviell, [movies[other moviell)
Here it used the if value > 0:
cosine_similarity knn values = np.concatenate ((knn values,
available in np.array ([ (other movie, value)l, dtype=dtype)))

scikit. knn values = np.sort (knn values, kind='mergesort', order='value' ) [::-1]
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return np.array split (knn values, k) [0]

This function stores the KNN
on the graph database.
def store knn(self, movie, knn):

with self. driver.session() as session:
tx = session.begin transaction()
test = {a : b.item() for a,b in knn}

clean query = """MATCH (movie:Movie)-[s:SIMILAR_TO]-()
WHERE movie.movieId = $movieId
DELETE s

nnn

query = nnmn

MATCH (movie:Movie)

WHERE movie.movieId = $movieId

UNWIND keys ($knn) as otherMovieId

MATCH (other:Movie)

WHERE other.movieId = otherMovieId

MERGE (movie)-[:SIMILAR TO {weight: $knn[otherMovieId]}]- (other)

tx.run(clean query, {"movieId": movie}) .

tx.run(query, {"movieId": movie, "knn": test}) Before storing the new
tx.commit ()

As in the previous case, this code may take a while to complete. Here I am presenting

the basic ideas; later in the book we’ll discuss several optimization techniques for real
projects.

EXERCISES
Once the kNN have been computed using the code in listing 4.5, write a query to:

1 Getamovie (by movieId) and get the list of the top 10 most similar items.

2 Search for the top 10 most similar pairs of items.

The next step in the recommendation process for this third approach, as depicted in
figure 4.19, consists of making the recommendations, which we do by drawing upon
the ~NN network and the user’s implicit/explicit preferences for items. The goal is to
predict those not-yet-seen/bought/clicked-on items that could be of interest to a user.

This task can be accomplished in different ways. In the simplest approach [Allan,
1998], the prediction for a not-yet-seen item d for a user u is based on a “voting” mech-
anism considering the k most similar items (in our scenario, movies) to the item d.
Each of them expresses a “vote” for d if the user u watched or rated it. For instance, if
the current user liked 4 out of k=5 of the most similar items to d, the system may guess
that the chance that the user will also like d is relatively high.

Another (more accurate) approach is inspired by collaborative filtering, and spe-
cifically item-based collaborative filtering recommendations [Sarwar et al., 2001, and
Deshpande and Karypis, 2004]. This approach involves predicting the interest of a
user in a specific item by considering the sum of all the similarities of the target item
to the other items the user interacted with before:

similarity it deletes the old.
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interest(u,p) = Z sim(i, p)

i€ltems(u)

Here, Items(u) returns all the items the user has interacted with (liked, watched,
bought, clicked on). The returned value can be used to rank all the not-yet-seen items
and return the top % to the user as recommendations.

In the following listing, the final step of providing recommendations for this third
scenario is implemented.

Listing 4.6 Code for getting a ranked list of items for the user

def recommendTo (self, user id, k): <
dtype = [('movieId', 'U10'), ('value',K '£f4')] This function provides the
top movies = np.array([], dtype=dtype) recommendations to the user.
query = """ <
MATCH (user:User) This query returns the
WHERE user.userId = $userId recommendations; it requires
WITH user the model built previously.

MATCH (targetMovie:Movie)
WHERE NOT EXISTS((user)-[]->(targetMovie))
WITH targetMovie, user
MATCH (user:User)-[]->(movie:Movie)-[r:SIMILAR_TO]->(targetMovie)
RETURN targetMovie.movieId as movieId, sum(r.weight)/count(r) as
relevance
order by relevance desc
LIMIT %s
wnn
with self. driver.session() as session:
tx = session.begin transaction()

for result in tx.run(query % (k), {"userId": user id}):
top_movies = np.concatenate((top _movies,
np.array ([ (result ["movieId"], result["relevance"])], dtype=dtype)))

return top movies

When you run this code, you’ll notice that it’s extremely fast. Once the model is cre-
ated, providing recommendations takes only a few milliseconds.

Other approaches can also be used, but they’'re out of the scope of this chapter
and this book. The main purpose here was to show how, once you’ve defined a proper
model for items, users, and the interaction between them, multiple approaches can
be used for providing recommendations without changing the base graph model
defined.

EXERCISE
Rewrite the method that computes the similarity between items to use a different
function than cosine similarity, like the Jaccard index, Dice coefficient, or Euclidian
distance.


https://en.wikipedia.org/wiki/Jaccard_index
https://en.wikipedia.org/wiki/Euclidean_distance
https://en.wikipedia.org/wiki/Euclidean_distance
https://en.wikipedia.org/wiki/Euclidean_distance
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Advantages of the graph approach

In this chapter we discussed how to create a content-based recommendation engine
using graphs and graph models for storing different types of information useful as
input and output of several steps of the recommendation process.

Specifically, the main aspects and advantages of the graph-based approach to con-
tent-based recommendations are:

= Meaningful information must be stored as unique node entities in the graph so
that these entities can be “shared” across items and users.

= Converting user—item data into user—feature data is a trivial task when the
metainformation is available and is meaningful. It only requires a query to com-
pute and materialize it.

= It’s possible to extract several vector representations for both items and user
profiles from the same graph model. This improves the feature selection,
because it reduces the effort required to try different approaches.

= It’s possible to store different similarity values computed using different func-
tions and use them in combination.

= The code presented also showed how easy it is to switch between different mod-
els or even combine them if they’re described by a proper graph model.

The great advantage here is the flexibility provided by the graph representation of the
information, enabling the same data model to serve many use cases and scenarios with
small adaptations. Furthermore, all the scenarios can coexist in the same database.
This frees the data scientists and data engineers from having to deal with multiple rep-
resentations of the same information. These advantages are shared by all the methods
described in the following chapters about recommendations.

Summary
This chapter introduced you to graph-based data modeling techniques. In this first
chapter on the topic, we focused on recommendation engines, exploring how to
model data sources used for training, how to store the resulting model, and how to
access it to make predictions.

In this chapter you learned:

= How to design a graph model for a user—item as well as a user—feature dataset

= How to import data from the original format into the graph model you’ve
designed

= How to project user profile and item data and metadata into a vector space model

= How to compute similarities between user and item profiles and among pairs of
items using cosine similarity and other functions

= How to store item similarities in the graph model

= How to query the resulting model to perform predictions and recommendations

= How to design and implement a graph-powered recommendation engine from
end to end, using different approaches of increasing complexity
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Context-aware and
hybrid recommendation

This chapter covers

= |mplementing a recommendation engine that takes
into account the user’s context

= Designing graph models for context-aware
recommendation engines

= |Importing existing datasets into the graph models
designed

= Combining multiple recommendation approaches

This chapter introduces into the recommendation scenario another variable that
the previous approaches ignored: context. The specific conditions in which the user
expresses a desire, preference, or need have a strong influence on their behavior
and expectations. Different techniques exist to consider the user’s context during
the recommendation process. We’ll cover the main ones in this chapter.
Furthermore, to complete our overview of recommendation engine models and
algorithms, we’ll see how it’s possible to use a hybrid approach that combines the
different types of systems presented so far. Such an approach enables us to create a
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unique and powerful recommendation ecosystem capable of overcoming all the
issues, limitations, and drawbacks of each individual recommendation method.

The context-based approach

Suppose you want to implement a mobile application that provides recom-
mendations about movies to watch at the cinema (we’ll call it Reco4.me).
Using context-aware techniques, you can take into account environmental
information during the recommendation process, suggesting, for instance,
movies playing at cinemas close to the user’s current location.

Let’s further refine the scenario with a concrete example. Suppose you’re in London,
and you want to find a movie to watch at a nearby cinema. You take out your phone,
open the Reco4.me app, and hope for good recommendations. What kinds of recom-
mendations do you expect? You want to know about movies currently playing in cine-
mas close to where you are. Ideally you also want to have recommendations that suit
your preferences. I don’t know about you, but for me the context changes my prefer-
ences a lot. When I’'m alone at home, I love to watch action or fantasy movies. When
I'm with my kids, I prefer to watch cartoons or family movies. When I’'m with my wife,
“we” prefer to watch chick flicks or romcoms. The app should take into account this
environmental information and provide accurate recommendations that suit the
user’s current context.

This example shows how essential it can be to consider context in a recommender
system, because it may have a subtle but powerful influence on user behaviors and
needs. Considering the context can therefore dramatically affect the quality of the
recommendations, converting what might be a very good tip in some circumstances
into a useless suggestion in others. This is true not only in scenarios such as the one
described here, but in many others too. Think, for instance, about how you use an e-
commerce site like Amazon. You might use it to buy a book for yourself, or a gift for
your fiancé, or a toy for your kids. You have a single account, but your behavior and
your preferences are driven by the specific needs you have while you’re navigating the
site. Although it could be useful to see recommendations about books that might be
of interest to you while you’re looking for a skateboard for your son, it would be more
effective to get suggestions that suit your current needs, based on previous gifts you’ve
bought for your kids.

Traditional recommender systems, such as those based on the content-based and
collaborative filtering approaches discussed in the chapters 4 and 5, tend to use fairly
simple user models. For example, user-based collaborative filtering models the user as
a vector of item ratings. As additional observations are made about users’ preferences,
the user models are extended, and the full collection of user preferences is used to
generate recommendations or make predictions. This approach, therefore, ignores
the notion of “situated actions” [Suchman, 1987]—the fact that users interact with the
system within a particular context or specific scope, and that preferences for items
within one context may be different from those in another context. In many applica-
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tion domains, a contextindependent representation may lose predictive power
because potentially useful information from multiple contexts is aggregated.

More formally, interactions between users and items exhibit a multifaceted nature.
User preferences are typically not fixed and may change with respect to a specific situ-
ation. Going back to the example of the Reco4.me app, a simplified schema of the

possible contextual information is depicted in figure 7.1.
| Event I

Time Morning Evening Afternoon
Location Rome Milan London
Company Alone ] [ Wife [ Kids

Contextual information for the app Reco4.me.

This is a small subset of the types of contextual information that could be considered.
Context might include the season of the year or day of the week, the type of electronic
device the user is using, the user’s mood—it can be almost anything [Bazire and
Brézillon, 2005; Doerfel at al., 2016].

It’s worth mentioning here too that the contextual information is defined by what
the system knows or can guess about the specific conditions in which an action or
interaction occurs.

In content-based and collaborative filtering approaches, the recommendation
problem is defined as a prediction problem in which, given a user profile (defined in
different ways) and a target item, the recommender system’s task is to predict that
user’s rating of or interest in that item, reflecting the degree of user’s preference for
the item. Specifically, a recommender system tries to estimate a rating function:

f:User x I[tem - ratings

Such a function maps user—item pairs to an ordered set of score values. Note that fcan
be viewed as a general-purpose utility (or preference) measure for user—item pairs.
The ratings for all user—item pairs aren’t known, and therefore, must be inferred. This
is why we talk about “prediction.” Once an initial set of ratings have been collected,
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implicitly or explicitly, a recommender system tries to estimate the rating values for
items that haven’t yet been rated by the users. From now on we’ll refer to these tradi-
tional recommender systems as (wo-dimensional (2D), because they consider only the
Users and Items dimensions as input in the recommendation process.

In contrast, context-aware recommender systems try to incorporate or use additional
environmental evidence (beyond information about users and items) to estimate user
preferences for unseen items. When such contextual evidence can be incorporated as
part of the input to the recommender system, the rating function can be viewed as
“multidimensional”:

f:User x Item x Context,x Context, x ...x Context,, — ratings

In this formula, Conlext represents a set of factors that further delineate the conditions
under which the user—item pair is assigned a particular rating. The underlying assump-
tion of this extended model is that user preferences for items aren’t only a function of
the items themselves, but of the context in which the items are being considered.

Context information represents a set of explicit variables that model contextual
factors in the underlying domain (time, location, surroundings, device, occasion, and
so on). Regardless of how the context is represented, context-aware recommenders
must be able to obtain contextual information that corresponds to the user’s activity
(for example, making a purchase or rating an item). Such information, in a context-
aware recommender system, has a twofold purpose:

= It’s part of the learning and modeling process (used, for example, for discover-
ing rules, segmenting users, or building regression models).

= For a given target user and target item, the system must be able to identify the
values of specific contextual variables as part of the user’s ongoing interaction
with the system. This information is used to ensure the right recommendation
is delivered, considering the context.

Contextual information can be obtained in many different ways, either explicitly or
implicitly. Explicit contextual information may be obtained from users themselves or
from sensors designed to measure specific physical or environmental information
[Frolov and Oseledets, 2016]. In certain cases, however, contextual information must
be derived or inferred from other observed data. Here some examples:

= [Explicit: The application may ask an individual looking for a restaurant recom-
mendation to specify whether they’re going on a date or going out with cowork-
ers for a business dinner.

= Explicit/implicit: If the restaurant recommender is a mobile app, additional con-
textual information can be obtained through the device’s GPS or other sensors
about the location, time, and weather conditions.

= Implicit: An e-commerce system may attempt, using previously learned models
of user behavior, to distinguish (for example) whether the user is likely to be
purchasing a gift for their spouse or a work-related book.
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Approaches to implicitly infer contextual information typically require building pre-
dictive models from historical data [Palmisano et al., 2008].

Figure 7.2 shows the mental model of a context-aware recommendation engine.
The user’s events, input of the system, are contextualized. They’re converted in a
graph, then the process of building a model and provide recommendation can start.

A graph representation of contextualized
events. Each event is stored as a node and
connected to the contextual infermation, Multiple appreaches ¢an be applied to .
This is not a bipartite graph anymore. compute a set of nearest neighbor networks.
~ v

1
!
J
2
Compute I“
Multiple Nearest
Neighbors 1’ I\eoommendmons Lm p
’ Recommendations
.'
Contextualized ‘v

Iﬁf@
;
s%
i
!

mn
O

User Events v Contextualized Events R Contextualized Events
! f
User interactions (defined as events) with items Using one of the nearest neighbor networks
(watches, buys, rates, etc.). created and the current context of the user,
Each "event” contains as much contextual provide recommendations.

information as possible.

Figure 7.2 A graph-powered context-aware recommender system diagram.

7.1.1 Representing contextual information

In content-based and collaborative filtering approaches, the user—item interactions—
buy, click, view, rate, watch, and so on—are represented as a two-dimensional matrix
that we’ve defined as the User x Item (U x I) dataset. Such a matrix can easily be rep-
resented as a bipartite graph, where one set of vertices represents the users and the
other set represents the items. The interaction is modeled via a relationship between
the user (the subject of the event) and the item (the object of the event).

In context-aware recommendation systems, each interaction event brings more
information with it. It’s described not only by the user and the item, but also by all the
environmental information that contextualizes the situated action. For example, if a
user is watching a movie at home with their kids in the evening, the contextual infor-
mation is composed of:

= Time: Evening, weekday
= Company: Kids

= Location: Home

This is only a subset of the relevant information that can describe the event “watch.”
Other information could include the device being used, the mood of the users, the
ages of the viewers, or the occasion (date night, party, kids’ bedtime movie). Certain
variables may be discrete (contextual information with defined sets of values, such as
device and location), while others are continuous (numerical values like age). In the
latter case, it’s generally preferable to discretize them somehow. For instance, in the
case of age you might have “buckets” of 0-5, 6-14, 15-21, 22-50, and over 50.
It depends on the specific requirements of the recommendation engine.
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The resulting dataset, which represents the input for the recommendation pro-
cess, can no longer be represented as a simple two-dimensional matrix. It requires an
N-dimensional matrix, where two dimensions are the users and the items, and the oth-
ers represent contexts. In the example considered here, the dataset is a five-dimen-
sional matrix:

dataset = User x Item x Location x Company x Time

Each interaction or event cannot be described simply by two elements and the rela-
tionship between them. In the best case, when all the contextual information is avail-
able, it requires three other elements. This means that we cannot use a simple
relationship in a bipartite graph to represent an event. To represent relationships
among five vertices, we need a hypergraph. In mathematics, a hypergraph is a general-
ization of the graph in which one edge can connect any number of vertices. However,
in most graph databases (including Neo4j) it isn’t possible to represent an n-vertex
relationship.

The solution is to “materialize” events as nodes and connect each event node with all
the elements, or dimensions, that describe the event. The result looks like figure 7.3.

Figure 7.3
An n-partite graph
representing

Each event El, E2, ... is connected A i
to specific contextual information contextual information
(not necessary to one for each class). about events.
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The new graph representation is a six-partite graph, because we have users, items,
location information, time information, and company information plus the events.
This graph represents the input for the next steps in the recommendation process
depicted in figure 7.2.

Passing from a two-dimensional representation to an n-dimensional representation
(n=>5 in our case) makes data sparsity an even bigger concern. It will be hard to find
many events for multiple users that happen in the exact same circumstances. This
problem is exacerbated when we have detailed contextual information (higher values
of n), but it can be mitigated by introducing hierarchies in the contextual informa-
tion. Figure 7.4 shows some examples of possible hierarchies—represented in the

User taxonomy by age

Item taxonomy by genre

Figure 7.4 Taxonomies of
users, items, and times.

Taxonomy of time dimension
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form of a graph—considering part of the contextual information for our specific sce-
nario. These hierarchies are defined as taxonomies.

These taxonomies will be used during the recommendation phase to solve the
sparsity problem and enable us to provide recommendations even when we don’t have
much information about the current user’s specific context.

For this section we’ll use the DePaulMovie dataset'? [Zheng et al., 2015], which
contains data collected from surveys conducted with students. It contains data from 97
users about 79 movies, rated in different contexts (time, location, and companion).
Such a dataset matches perfectly with our needs, and it’s often used to perform com-
parisons of different context-aware recommender systems [Ilarri et al., 2018].

To begin, let’s import the data from the DePaulMovie dataset selected for the fol-
lowing listing. Please run the code using a fresh database, you can clean it up'® or
decide to use a different one and keep the previous you created in a previous chapters
for further experimenting.

Listing 7.1 Importing data from the DePaulMovie dataset

def import event data(self, file): Entry point for importing
with self. driver.session() as session: the data from the CSV file.
self.executeNoException(session, "CREATE CONSTRAINT ON (u:User)
ASSERT u.userId IS UNIQUE")
self.executeNoException(session, "CREATE CONSTRAINT ON (i:Item)
Queries which create ASSERT i.itemId IS UNIQUE")
the constraints in the self.executeNoException(session, "CREATE CONSTRAINT ON (t:Time)

database to avoid ASSERT t.value IS UNIQUE")
duplicates and speed self.executeNoException(session, "CREATE CONSTRAINT ON
up access. (l:Location) ASSERT l.value IS UNIQUE")

self.executeNoException(session, "CREATE CONSTRAINT ON
(c:Companion) ASSERT c.value IS UNIQUE")

j=0;

with open(file, 'r+') as in file:
reader = csv.reader(in file, delimiter=',")
next (reader, None)
tx = session.begin transaction()

i = 0;
> query = """
Query which in one MERGE (user:User {userId: $userId})
shot creates the MERGE (time:Time {value: $time})
events and connects MERGE (location:Location {value: $location})
tl.lem tc.t the related MERGE (companion:Companion {value: $companion})
dimensions.

MERGE (item:Item {itemId: $itemId})

CREATE (event:Event {rating:$rating})

CREATE (event)-[:EVENT USER]-> (user)

CREATE (event)-[:EVENT_ITEM]->(item)

CREATE (event)-[:EVENT_ LOCATION]->(location)
CREATE (event)-[:EVENT_ COMPANION]-> (companion)
CREATE (event)-[:EVENT_TIME]-> (time)

12 https://github.com/JDonini/DePaulMovie-Recommender-System
3 To clean the existing database, you could run “MATCH (n) DETACH DELETE n” buti t could take longer.
Another option is to stop the database and purge the data directory.
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for row in reader:
try:
if row:
user id = rowl[O0]
item id = strip(rowl[l])
rating = strip(row([2])
time = strip(rowl[3])
location = strip(row[4])
companion = strip(row[5])
tx.run(query, {"userId": user id, "time": time,
"location": location, "companion": companion,
"itemId": item id, "rating": rating})
i +=1
Jo+=1
if i == 1000:
tx.commit ()
print (j, "lines processed")
i=0
tx = session.begin transaction()
except Exception as e:
print (e, row)
tx.commit ()
print (j, "lines processed")
print (j, "lines processed")

In the complete version in the code repository, you’ll notice that I've also imported

information about the movies. This will be useful for getting a sense of the results and
also for the following exercises.

EXERCISES
Once you've imported the data, play with the graph database. Here are several things to try:

= Look for the most frequent contextual information—the most frequent time
for watching a movie, for instance.

= Look for the most active users and check the variability of their contextual
information.

= Try adding taxonomies and see if the results of the preceding queries change.

= Search for movies or genres that are commonly watched during the week and
those that are more often watched at the weekend.

Providing recommendations

Classical recommender systems provide recommendations using limited knowledge of
user preferences (that is, user preferences for some subset of the items), and the
input data for these systems is typically based on records of the form <user, item, rat-
ing>. As described in the previous chapters, the recommendation processes generally
use the U x I matrix to create a model and provide recommendations based only on
user interaction and preferences.

In contrast, context-aware recommender systems typically deal with data records of
the form <user, item, contextl, context2, ..., rating>, where each specific record
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includes not only how much a given user liked a specific item, but also contextual
information about the conditions in which the user interacted with the item (for
example, contextl = Saturday, context2 = wife, and so on). This “rich” information is
used (we’ll see how later) to create the model. Furthermore, information about the

user’s current context can be used in various stages of the recommendation process,
leading to several different approaches to context-aware recommender systems.
From an algorithmic perspective, the vast majority of the context-aware recom-

mendation approaches:

Take as input the contextualized (extended) User x Item dataset in the form
UxIxC;xCox...x C, where C;is an additional contextual dimension.

Produce a list of contextual recommendations ¢y, i, i, ... for each user u, based

on the current co

ntext of the user.

Based on how the contextual information, the current user, and the current item are

used during the recommendation process, context-aware recommendation systems
can take one of the three forms shown in figure 7.5.

a) Contextual Prefiltering
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The three types of context-aware recommendation system are [Ilarri et al., 2018]:

Contextual prefiltering (or contextualization of recommendation input): In this paradigm
information about the current context, ¢ is used only for selecting the relevant
set of data, and ratings are predicted using any traditional 2D recommender
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system on the selected data. For efficiency, several models must be precom-
puted, considering the most probable combinations of contexts.

= Contextual postfiltering (or conlextualization of recommendation output): In this para-
digm contextual information is initially ignored, and the ratings are predicted
using any traditional 2D recommender system on the entire dataset. Then the
resulting set of recommendations is adjusted (contextualized) for each user using
the contextual information. Only one model is built, so it’s easier to manage, and
the contextual information is used only during the recommendation phase.

= Conlextual modeling (or conlextualization of recommendation function): In this para-
digm contextual information is used directly in the modeling technique as part
of the model building.

The following subsections describe the three paradigms in more detail, highlighting
the role of the graph approach for each (especially the first two).

CONTEXTUAL PREFILTERING

As shown in figure 7.6, the contextual prefiltering approach uses contextual informa-
tion to select the most relevant User x Item matrices and create models from them.
It then generates recommendations through the inferred models.

a) Contextual Prefiltering
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,
d
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’
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The ratings are
predicted using any
traditional approach on Contextual
the filtered set of data. | Recommendations Figure 7.6 Contextual prefiltering.

i|'i2‘ i3.

Once the User x Item datasets are extracted, any of the numerous traditional recom-
mendation techniques proposed in the literature (some of them have been discussed
here in the previous chapters on recommendation) can be used to build the model
and provide recommendations. This represents one of the biggest advantages of this
first approach to context-aware recommendation engines.

Note that the prefiltering approach is related to the task of building multiple local
models in machine learning and data mining based on the most relevant combination
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of contextual information. Rather than building the global rating estimation model
utilizing all the available ratings, the prefiltering approach builds (prebuilds in the real
scenario) a local rating estimation model that uses only the ratings pertaining to the
user-specified criteria for the recommendation (for example, Saturday or weekday).

When using this approach, the context ¢ essentially serves as a filter for selecting
relevant rating data. An example of a contextual data filter for a movie recommender
system would be if a person wants to see a movie on Saturday, only the Saturday rating
data is used to recommend movies. Of course, extracting the relevant dataset, build-
ing the model, and providing the recommendations requires time, especially if the
dataset is big. For this reason, multiple versions are precomputed using most relevant
combinations of contextual information.

In the graph approach proposed and considering the model depicted in figure
7.3, performing such prefiltering consists in selecting the relevant events by running a
query such as the following.

Query 7.1 Filtering events based on relevant contextual information

MATCH (event:Event)-[:EVENT ITEM]->(item:Item)

MATCH (event) - [:EVENT USER] -> (user:User)

MATCH (event) - [:EVENT TIME]->(time:Time)

MATCH (event) - [:EVENT LOCATION] ->(location:Location)
MATCH (event) - [:EVENT COMPANION] -> (companion:Companion)
WHERE time.value = "Weekday"

AND location.value = "Home"

AND companion.value = "Alone"

RETURN user.userId, item.itemId, event.rating

In this query we’re considering only the events that happen during a weekday alone at
home. The output is a “slice” of our multidimensional matrix. If we instead want to
get a User x Item matrix for the context <Weekend, Cinema, Partner>, the query
would look like the following.

Query 7.2 Filtering events based on different contextual information

MATCH (event:Event) - [:EVENT_ITEM]->(item:Item)

MATCH (event) - [:EVENT USER] -> (user:User)

MATCH (event) - [:EVENT TIME]->(time:Time)

MATCH (event) - [:EVENT_ LOCATION] ->(location:Location)
MATCH (event) - [:EVENT COMPANION] -> (companion:Companion)
WHERE time.value = "Weekend"

AND location.value = "Cinema"

AND companion.value = "Partner"

RETURN user.userId, item.itemId, event.rating

The resulting matrices will be totally different.

Of course, it isn’t necessary to specify all the contextual information. Several of the
dimensions can be ignored. For instance, we could have a context <Cinema, Partner>
in which the time dimension is considered irrelevant. The query in this case will look
like the following.
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Query 7.3 Filtering events considering only two items of contextual information

MATCH (event:Event)-[:EVENT ITEM]->(item:Item)

MATCH (event) - [:EVENT_USER] -> (user:User)

MATCH (event) - [:EVENT LOCATION] ->(location:Location)
MATCH (event) - [:EVENT COMPANION] -> (companion:Companion)
WHERE location.value = "Cinema"

AND companion.value = "Partner"

RETURN user.userId, item.itemId, event.rating

The graph model is highly flexible. As mentioned previously, once the data is filtered,
any classic method can be applied for building the model and providing recommenda-
tions. Suppose that we want to use the collaborative approach, and more specifically the
nearest neighbor approach. We have to compute similarities among items, users, or
both. The resulting similarities can be stored as “simple” relationships between items
and/or users, but in this way the information about the prefiltering condition is lost.
A property can be added on the relationships to keep track of the sources used for com-
puting them, but it’s difficult to query and, most importantly, this approach doesn’t
leverage the graph capabilities to speed up navigation through nodes and relationships.
The best modeling choice in this case is to materialize the similarities using nodes and
connect them to the relevant contextual information used for computing them: the pre-
filtering conditions. At this point the resulting graph model will look like figure 7.7.

Graph model
with the similarity nodes
after the computation.
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This model is easy to navigate during the recommendation process. We can assign an
ID to each set of contextual information to make querying easier; this isn’t manda-
tory, but it’s helpful because it allows a faster and simpler access to it. We can then get
the &NN for a specific context using a query such as the following.'*

Query 7.4 Getting the k-NN given specific contextual information

MATCH p=(n:Similarity)-->(1i)

WHERE n.contextId = 1 L. .
RETURN p 'Asf5|gn|ng IDs I'clo specific sets of I:ontextual "
1imit 50 information allows us to query by context ID.

The following listing allows you to create such a graph model.

Listing 7.2 Code for computing and storing similarities in the prefiltering approach

Entry point for computing similarities in prefiltering. The context parameter
specifies the contextual information. This function has to be run multiple
times for multiple combinations of contextual information.

def compute_and store_similarity(self, contexts): Computes the similarities
for context in contexts: (the function is the same
items VSM = self.get item vectors (context) of previous listing)
for item in items VSM:
knn = self.compute knn(item, items_VSM.copy (), 20);

self.store knn(item, knn, context)

def get item vectors(self, context):

Prefilters the dataset, considering
the relevant contextual information,
and returns the usual item list with
related sparse vectors

list_of items_query = """
MATCH (item:Item)
RETURN item.itemId as itemId
wnm
context info = context[1l].copy ()
match query = """
MATCH (event:Event)-[:EVENT_ITEM]->(item:Item)
MATCH (event)-[:EVENT_USER]->(user:User)
nnm
where_query = """
WHERE item.itemId = {itemId}

if statements that change the query
i€ mlocation" in context_ info: according to the contextual information.
match query += "MATCH (event)-[:EVENT_ LOCATION]->(location:Location) "
where_ query += "AND location.value = {location} "

if "time" in context info:
match_query += "MATCH (event)-[:EVENT_TIME]->(time:Time) "
where query += "AND time.value = {time} "

if "companion" in context info:
match query += "MATCH (event)-[:EVENT COMPANION]->(companion:Companion) "

where query += "AND companion.value = {companion} "

return query = """

4 The query can be run after the code completed the KNN creation. Here the purpose is to show how to query

the model.
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WITH user.userId as userId, event.rating as rating
ORDER BY id(user)
RETURN collect(distinct userId) as vector

query = match query + where query + return query
items VSM sparse = {}
with self. driver.session() as session:
i=0
for item in session.run(list_of items_gquery) :
item _id = item["itemId"];

context info["itemId"] = item id

vector = session.run(query, context info)
items_VSM sparse[item id] = vector.single() [0]
i+=1

if i $ 100 == 0:

print (i, "rows processed")
print (i, "lines processed")
print (len(items VSM sparse))
return items_VSM_ sparse

def store knn(self, item, knn, context):
context id = context [0]
params = context[1].copy ()
with self. driver.session() as session:
tx = session.begin transaction() Query that cleans up the
knnMap = {a: b for a, b in knn} previous stored model
clean query = """
MATCH (s:Similarity)-[:RELATED_ TO_SOURCE_ITEM]->(item:Item)
WHERE item.itemId = $itemId AND s.contextId = $contextId

DETACH DELETE s T
Query that creates the new similarity

nodes and connects them to the related
items and contextual information

query = """
MATCH (item:Item)
WHERE item.itemId = $itemId
UNWIND keys ($knn) as otherItemId
MATCH (other:Item)
WHERE other.itemId = otherItemId
CREATE (similarity:Similarity {weight: $knn[otherItemId],
contextId: $contextId})
MERGE (item)<-[:RELATED_ TO_SOURCE_ITEM]- (similarity)
MERGE (other)<-[:RELATED TO_DEST_ITEM ]-(similarity)

e if statements which modify the query
according to the filter conditions.
if "location" in params:
query += "WITH similarity MATCH (location:Location {value:

$location}) "
query += "MERGE (location)<-[:RELATED_TO]-(similarity) "

if "time" in params:
query += "WITH similarity MATCH (time:Time {value: $time}) "
query += "MERGE (time)<-[:RELATED_TO]-(similarity) "

if "companion" in params:
query += "WITH similarity MATCH (companion:Companion {value:
$companion}) "
query += "MERGE (companion)<-[:RELATED_TO]-(similarity) "
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tx.run(clean query, {"itemId": item, "contextId": context id})

params ["itemId"] = item
params ["contextId"] = context id
params ["knn"] = knnMap

tx.run(query, params)
tx.commit ()

def compute knn(self, item, items, k):

knn_values = []

for other item in items:

if other item != item:
value = cosine similarity(items[item], items[other item])
if value > 0:
knn_values.append( (other item, value))

knn_values.sort (key=lambda x: -x[1])

return knn values|[:k]
As mentioned previously, sometimes the exact context can be too narrow. Consider, for
example, the context of watching a movie with your partner in a cinema on Saturday—
or, more formally, ¢ = <Partner, Cinema, Saturday>. Using this exact context as a data-
filtering query may be problematic, because there may not be enough data available
for accurate rating prediction. To address this issue, Adomavicius and Tuzhilin [2005]
suggest generalizing the filtering conditions by aggregating more narrow context
details that may not be significant. These generalizations are the taxonomies we dis-
cussed earlier, several examples of which were shown in figure 7.4. For instance, Satur-
day can become Weekend, while Monday to Friday are considered Weekday. Not only is
it easy to represent such hierarchies or aggregations in a graph, but it’s also easy to
query them. Using broader concepts while filtering data can deliver better results.

When considering the prefiltering approach, it’s important to determine whether
the local (specific to part of the contextual information) model it generates outper-
forms the global model of the traditional 2D technique, where all the information
associated with the contextual dimensions is simply ignored. For example, it’s possible
that it’s better to use contextual prefiltering to recommend movies to watch in a
movie theater on the weekend but use the traditional 2D technique (ignoring the
contextual information) to recommend movies to watch at home on demand.
The trade-off during the calculation of an unknown rating in this case is between:

= Using more specific (in the sense of narrower contextual information) but rele-
vant data (the prefiltering)
= Using all the data available (the traditional 2D recommendation)

There’s no rule for this—which approach will be more successful depends on many
factors, such as the type of contextual information, the application domain, the user
behaviors, the amount and sparsity of data available, and so on. That’s why the
prefiltering recommendation method may outperform traditional 2D recommenda-
tion techniques in some contexts but not others. Based on this observation, Adomavi-
cius and Tuzhilin [2005] propose combining a number of contextual prefilters with
the traditional 2D technique (where no filtering is done).
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CONTEXTUAL POSTFILTERING
As shown in figure 7.8, the contextual postfiltering approach ignores contextual infor-
mation completely during model generation.

b) Contextual Postfiltering
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for each user using the Figure 7.8 Contextual postfiltering.
contextual information.

Furthermore, the ranked list of all candidate items is computed regardless of the con-
text. The postfiltering approach uses contextual information in a later phase to adjust
the obtained recommendation list for each user. The adjustment to the top N items
can be performed in two ways:

= [iltering out recommendations that are irrelevant in a given context

= Adjusting the ranking of recommendations in the list

For example, in our movie recommendation application Reco4.me, if the user only
watches comedies at the weekend, the recommendation system could filter out all
noncomedies in the recommendation list for weekend viewing or penalize them by
reducing their ratings.

Which method is preferable will depend on the application. For example, Panniello
et al. [2009] performed an experimental comparison of the exact (that is, nongeneral-
ized) prefiltering method with postfiltering methods they called Weight and Filter, using
several real-world e-commerce datasets. Their results showed that the Weight postfilter-
ing method outperformed the exact prefiltering approach, which in turn outperformed
the Filter method. Depending on your application, however, your results may vary.

The methods for filtering or adjusting rankings can be classified as heuristic-based or
model-based. Heuristic postfiltering approaches focus on finding common item charac-
teristics (attributes) for a given user in a given context (for example, preferred actors
to watch Saturday in a cinema) and then uses these attributes to adjust the recommen-
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dations. This method requires storing metadata about each item and searching for
common patterns in user preferences.

In the graph model representing item metadata is straightforward, and multiple
modeling techniques have been presented in the previous chapters (specifically for
the content-based approach). Mixing such models with the User x Item x Contexts
graph representation is a simple exercise; a possible result is presented in figure 7.9.

Figure 7.9 An n-partite graph representing contextual information of events plus the item attributes.

The DePaulMovie dataset contains references to IMDb IDs for each movie, so we can
reuse the code we implemented in chapter 4 to get and add information from the IMDb.
The code is presented in the file import_depaulmovie.py in the repository for this chapter.

After the import, queries such as the following can be used to compute “common-
alities” based on contextual information for users. Note that the queries shown here
focus on a specific user to prove the concept. They consider only two contexts, of all
the possible combinations: <Cinema, Partner> and <Home, Alone>. We’ll start with
the <Cinema, Partner> context shown in the following query.
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Query 7.5 Getting user preferences/profile for the context <Cinema, Partner>

MATCH (user:User)<-[:EVENT USER] - (event:Event)

MATCH (event)- [:EVENT_ITEM]->(item:Item)-[]- (feature:Feature)
MATCH (event) - [:EVENT LOCATION] ->(location:Location)

MATCH (event) - [:EVENT COMPANION] -> (companion:Companion)
WHERE user.userId = "1032"

AND location.value = "Cinema"

AND companion.value = "Partner"

RETURN CASE 'Genre' IN labels(feature)

WHEN true THEN feature.genre

ELSE feature.name END AS feature, count (event) as occurrence
ORDER BY occurrence desc

The results of query 7.5 are shown in figure 7.10.

feature occurrence
"Comedy" 4
"Romance" 4
"Drama” 4
"Action" 4
"Adventure" 3
"Roland Emmerich" 3
"Dan Brown" 3
“Tom Hanks" 2
"Al Jean" 2
"Mike Scully" 2
"Matt Groening" 2
"James L. Brooks" 2
"Animation” 2
"Dan Aykroyd" 2
"Fantasy" 2
"Family" 2
"Michael Bay" 2
"Graham Beckel" 2
"Randall Wallace" 2
"Chiwetel Ejiofor" 2
"Harald Kloser" 2
"Ron Howard" 2
"Thriller" 2

Results
"Mystery" 2 of query 7.5.
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From the results it’s clear that when this user is watching a movie at the cinema with
his partner, “he” prefers comedies, romances, dramas, and action movies. The pre-
ferred actors/directors follow the same logic. Now let’s take a look at the <Home,
Alone> context in the following query.

Query 7.6 Getting user preferences/profile for the context <Home, Alone>

MATCH (user:User)<- [:EVENT_USER] - (event:Event)

MATCH (event)-[:EVENT ITEM]->(item:Item)-[]- (feature:Feature)
MATCH (event) - [:EVENT_LOCATION] ->(location:Location)

MATCH (event) - [:EVENT COMPANION] -> (companion:Companion)

WHERE user.userId = "1032"

AND location.value = "Home"

AND companion.value = "Alone"

RETURN CASE 'Genre' IN labels (feature)

WHEN true THEN feature.genre

ELSE feature.name END AS feature, count (event) as occurrence
ORDER BY occurrence desc

The results of this query are shown in figure 7.11.
Is this the same user as before? The results here are totally different, showing the
extent to which, the context plays a role in the user’s preferences.

Results obtained in this way can be used to postfilter/fine-tune the results of a tra-
ditional collaborative filtering approach.

These preferences based on context can be precomputed and stored back in our
graph model. The result will look like figure 7.12.

The types of nodes and relationships presented in the model in figure 7.12 can be
created by running queries such as the following.

Query 7.7 Creating user preferences

MERGE (userPreference:UserPreference {userld: "1032", location:"Home",
companion: "Alone"})

WITH userPreference

MATCH (user:User)<-[:EVENT USER] - (event:Event)

MATCH (event) - [:EVENT_ LOCATION] ->(location:Location)

MATCH (event) - [:EVENT COMPANION] -> (companion:Companion)

WHERE user.userId = userPreference.userId

AND location.value = userPreference.location

AND companion.value = userPreference.companion

WITH userPreference, user, collect(distinct event) as events

MERGE (userPreference)<-[:HAS PREFERENCE] - (user)

WITH userPreference, events, size(events) as size

UNWIND events as event

MATCH (event) - [:EVENT ITEM]->(item:Item)- []- (feature:Feature)
WITH feature, userPreference, 1.0f*count (event)/(1.0f*size) as
preferenceValue

MERGE (userPreference)- [:RELATED TO {value: preferenceValue}]->(feature)
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feature

"Comedy"
"Adventure"
“Action”

'Sci-Fi"

"Crime"

"Drama”

"Jonah Hill"
"Thriller"
"Animation”
"Family"

"Fantasy"

"Steve Carell"
"Andrew Stanton"
"Judd Apatow"
"Romance”
"Michael Bay"
"Mitchell Tanen"
"Allison Janney"
"Ronnie Del Carmen"
"Pete Docter"
"Leonardo DiCaprio"
"Christopher Nolan"

"Quentin Tarantino"
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Figure 7.11 Results
3 of query 7.6.

It’s worth noting that this query uses properties to represent the contextual informa-

tion of the user preferences. This is a slight deviation from the model design shown in
figure 7.12, but it’s a valid option. In the following exercises, you're invited to create
an equivalent query that matches the model perfectly.

EXERCISES

Using query 7.7 as the basis, create the following queries:

= The same query, but for different a context

= An equivalent query that uses relationships to contextual information instead

of using properties for specifying the context

= A query only for actors
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A query only for directors
A query only for writers
A query only for genres
During the recommendation process, we can use this information about user prefe-

rences to determine how to adjust the results obtained using the first approach. The
query to get this information is simple, as you can see here.

Query 7.8 Getting the boosting factor for the features

MATCH (user:User) - [:HAS PREFERENCE] -> (userPreference:UserPreference) -
[r:RELATED_TO] -> (feature:Feature)

WHERE user.userId = "1032"

AND userPreference.location = "Home"

AND userPreference.companion = "Alone"
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RETURN CASE 'Genre' IN labels (feature)

WHEN true THEN feature.genre

ELSE feature.name END AS feature, r.value
This query returns values we can use as boosting factors after the first “generic”
recommendation list has been obtained using one of the classic approaches.

The alternative to the heuristic approach to postfiltering is the model-based
approach. Here, we build predictive models that calculate the probability of the user
choosing a certain type of item in a given context (for example, the likelihood of
choosing movies of a certain genre when alone and at home) and then use these
probabilities to adjust the recommendations. The algorithms for computing probabil-
ity are out of the scope of this chapter, but once computed they can be stored in the
graph model exactly as shown in figure 7.12.

It's important to note that, as was the case with contextual prefiltering, the biggest
advantage of the contextual postfiltering approach is that it allows the use of any tradi-
tional recommendation technique.

CONTEXTUAL MODELING

The third type of context-aware recommendation system is based on contextual mod-
eling. This approach, as illustrated in figure 7.13, uses contextual information directly
during the model creation, giving rise to truly multidimensional recommendation
functions representing either predictive models (such as decision trees, regressions,
and so on) or heuristic calculations that incorporate contextual information in addi-
tion to the user and item data.

c) Contextual Modeling
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In the last few years, a large number of recommendation algorithms based on a variety
of heuristics as well as predictive modeling techniques have been developed. Several
of these techniques can be considered an extension of the 2D to the multidimen-
sional recommendation settings. Frolov and Oseledets [2016] show how to represent
the User x Item x Contexts dataset as a multidimensional matrix, or tensor.'” Such a
tensor can be represented as in figure 7.14, where each event represents an element
and the contexts, users, and items represent the dimensions. In such a representation,
certain operations on tensors, such as slicing, are easy to do with simple queries.

In this case each node is an element of
the tensor. The other labels represent
the dimensions of the tensor.

Figure 7.14 Tensor representation in a graph model.

Other researchers have addressed the task of contextual modeling with a pure graph-
based approach, considering context-aware recommendation as a searching problem
to find interesting items for a user given a so-called context graph [Wu et al., 2015]. The
previously suggested method for creating the graph would not work in this case,

15 A matrix is a two-dimensional grid of numbers. A tensor is a generalization that can have any number of
dimensions: 0 (a single number), 1 (avector), 2 (a traditional matrix), 3 (a cube of numbers), or more. These
higher-dimensional structures are difficult to visualize. The dimension of a tensor is known as its rank (aka
order or degree).
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where the model design is completely different. Instead, the graph is created as fol-
lows. Given a context graph G = {V, E} the vertices and the edges are defined so that:

The vertex set V is divided into several distinct sets, such as a set of users U, a set
of items I, a set of attributes A, and a set of contexts C. C represents the combi-
nation of contextual information in a node—for instance, <Home, Alone,
Weekday> is a node. While nodes A represent the static features or attributes of
users or items—information that doesn’t change for different ratings, unlike
the contextual information.

The edge set E consists of the existing connections of the Cartesian product:
V x V. Edges with diverse types have distinct semantics. U x A connects users
and their attributes (user interests), U x I connects users with the items they
have interacted with (this is the old User x Item dataset), and U x C connects
users and contexts. The submatrix U x U, which stores social network informa-
tion, may exist or not.

The context graph G can be represented as an adjacent matrix where submatrices are
all configured as symmetric (for example, UI" is the transport matrix of UI), as shown
in table 7.1.

Table 7.1 An Adjacent Matrix Representation of Contextual User-ltem Interaction

Contexts Attributes
Users uu ul uc UA
ltems urr 0 IC 1A
Contexts ucT ICT 0 0
Attributes UAT AT 0] 0

The resulting graph is shown in figure 7.15.

Avoiding too many details, a random walk approach (more specifically, the Person-
alized PageRank or “PageRank with restart” algorithm) is then used to compute the
relevance of the nodes in the graph. The recommendation process uses these rele-
vance scores to estimate the likelihood of an unseen item ¢ being accessed by a user .
For a detailed description, see Wu et al. [2015].

PROS AND CONS
Each of the three techniques discussed for context-based recommendation has advan-
tages and disadvantages. These include:

Prefiltering:
— Pros: This method not only is easy to implement but allows you to use any of

the traditional recommendation techniques. It can deliver quite accurate
results if relevant data for the user’s current context is available.
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In this case the context node represents
a combination of contextual information.
For example: <Cinema,Alone,Weekday>.

Figure 7.15 Representation of a context graph.

— Cons: The data sparsity problem is common here, because it’s highly proba-
ble that for some contexts there won’t be enough data available for accurate
recommendations. Moreover, to be performant this approach requires you
to prebuild a high number of models and keep them all updated.

= Postfiltering:

— Pros: This method is even easier to implement. You use a traditional tech-
nique (such as collaborative filtering) to generate the recommendations,
then apply the filter to the result.

— Cons: The postfiltering filters out or reduces the ratings for elements not rele-
vant for the user’s current context. The prediction accuracy is almost indepen-
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dent from the context, and it’s mostly aligned with the traditional methods.
Data sparsity is a problem here too, as it is for the traditional methods—it may
be that all the resulting elements are irrelevant for the current context.

= Conlextual modeling:

— Pros: The methods belonging to this category are the most recent and tend to
be the most accurate. The main disadvantage of the previous approach is that
context isn’t integrated tightly into the recommendation algorithm, prevent-
ing you from taking full advantage of the relationships between the various
user—item combinations and contextual values. Contextual modeling takes
context into account from the beginning, enabling the creation of precise
models that can be queried using user, item, and contextual information.

— Cons: Most of the methods available for contextual modeling are complex to
implement, and much computational power is required to create and
update the model.

Which technique to choose actually depends on weighing these pros and cons. More
specifically, it depends on the type and quantity of data available, the frequency of
new data, and how closely the model should be aligned with the current data.

Advantages of the graph approach

In this section we’ve discussed the different approaches available for creating a con-
text-aware recommendation engine: prefiltering, postfiltering, and contextual model-
ing. The different methods and algorithms presented can all use the graph
representation of the User x Item x Contexts dataset, which simplifies accessing and
navigating this complex data.

Specifically, the main aspects and advantages of the graph-based approach to con-
text-aware recommendation systems are:

= The User x Item x Contexts multidimensional matrix, which represents the
input of any such system, can be represented by a graph materializing the
“interaction event.” This data model speeds up the filtering phase and avoids
the data sparsity problem, which can be problematic in this scenario.

= A proper graph model can store the multimodel results of contextual prefilter-
ing. Specifically, in the case of the nearest neighbor approach to prefiltering,
which results in different sets of similarities among the items or users, graphs
can store the results of multiple models by materializing the similarity nodes.

= During the recommendation phase, graph access patterns simplify the selection
of relevant data based on the current user and the current context.

= In the contextual modeling approach, graphs provide a suitable method to
store tensors, simplifying certain operations. Additionally, specific approaches
not only leverage a graph representation of the data (the context graph
described earlier), but also use graph algorithms such as random walk and spe-
cifically PageRank for building models and then providing recommendations.
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7.2  Hybrid recommendation engines

The recommendation approaches discussed in this book exploit different sources of
information and follow different paradigms to make recommendations. Although
they produce results that are considered to be personalized based on the assumed
interests of their recipients, they perform with varying degrees of success in different
application domains. Collaborative filtering exploits a specific type of information
(item ratings) from a user model to derive recommendations, whereas content-based
approaches rely on product features and textual descriptions as well as on the user
profile. Session-based approaches use the clickstreams of “anonymous” users, whereas
context-aware methods leverage contextual information together with item ratings to
fine-tune the recommendations according to the current needs of the user.

Each of these approaches has its pros and cons (they were highlighted in detail in
this and previous chapters)—for instance, the ability to handle the data sparsity and
cold start problems, or the amount of effort required for content or context acquisi-
tion and processing.

Figure 7.16 sketches a recommendation system as a black box that transforms
input data into a ranked list of items as output. Potential inputs, based on the
approaches discussed here, include user models and contextual information as well as
session data and item data; other inputs, required by other recommendation models,
could be included as well. However, none of the basic approaches is able to fully
exploit all of these. Consequently, building Aybrid systems that combine the strengths
of different algorithms and models to overcome some of the aforementioned short-
comings and problems has become the target of recent research.

Input: Hybridization: Output:
Different types of inputs specific
to the recommendation schemas — — — — _ - . A
used in the hybrid recommender. set of recommender systems that
m collaborate in the recommendation process,
: \:\ User profile :
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Figure 7.16 Hybrid recommendation system as a black box.
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Hybrid recommender systems are technical implementations that combine multiple
algorithms or recommendation components. Burke’s [2002] taxonomy distinguishes
among seven different hybridization strategies. From a more general perspective,
however, the seven variants can be abstracted into three base designs:

= Monolithic: This hybridization design incorporates aspects of several recommen-

dation strategies in one algorithm implementation. Several recommenders con-
tribute virtually because the hybrid uses additional input data that’s specific to
another recommendation algorithm, or the input data is augmented by one
technique and factually exploited by another. Feature combination and feature aug-
mentation strategies can be assigned to this category. Feature combination uses a
diverse range of input data. For instance, it can combine collaborative features,
such as a user’s likes and dislikes, with content features of catalog items. Feature
augmentation applies complex transformation steps: the output of a contribut-
ing recommender system augments the feature space of the actual recom-
mender by preprocessing its knowledge sources. See figure 7.17a.

Parallelized: This approach requires at least two separate recommender imple-
mentations, which are subsequently combined (see figure 7.17b). Parallelized
hybrid recommender systems operate independently of one another and pro-
duce separate recommendation lists. In a subsequent hybridization step, their
output is combined into a final set of recommendations. Following Burke’s tax-
onomy, the weighted, mixed, and switching strategies require recommendation
components to work in parallel.

Pipelined: In this case, several recommender systems are joined together in a pipe-
line architecture (see figure 7.17c). The output of one recommender becomes
part of the input of the subsequent one. Optionally, the subsequent recom-
mender components may use parts of the original input data, too. The cascade
and meta-level hybrids, as defined by Burke, are examples of such architectures.

a) Monolithic Hybrid
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Figure 7.17 Hybridization design techniques.
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7.2.1

For the purposes of this chapter we’ll focus on the parallelized hybridization tech-
nique, which allows multiple recommender systems to operate in parallel, each using
their own input and producing their own output model. The resulting models have to
be stored somewhere so that they can be accessed and “mixed” or “merged” easily
during the recommendation phase. In this context, graphs provide:
A suitable representation for storing in a single, homogeneous, and connected
data source all the different sets of information required by each recommender
A model for storing the results of the training process so that they can be que-
ried easily in parallel and then merged according to the hybridization strategy

Multiple models, a single graph

Let’s take a closer look at the parallelized hybrid approach (figure 7.18). Suppose you
have two types of recommender systems to be hybridized: one content-based, such as
the ones described in chapter 4, and one collaborative, such as those described in
chapter 5. This is quite a common scenario: it’s often useful to merge these types of
recommender systems because each can solve the issues of the other. The content-
based approach mitigates the cold start problem that occurs when data is missing,
such as in the case of a new user, a new item, or a totally new platform, whereas the
collaborative filtering approach not only provides more accurate results but also
works without information or metadata about users and items.

r a

Hybrid Recommender

Input Step

|
\ . ——
/ T~ X
[ Hybridization Outpubt

b) Parallelized Hybrid

Parallelized approach.

The graph used as input for the parallelized hybrid recommendation system using
these two types of recommenders as input will look like figure 7.19.

Specifically, in this case it’s important to note how the “rated” connection is used
by both recommender systems, in different ways.

Once the models are computed they can be stored back in the graph, as depicted
in figure 7.20.
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7.2.2

Input

Providing recommendations

Now that we’ve built the models and stored them in the graph, We can combine their
outputs to obtain a unique list (or sometimes multiple lists) of items to recommend to
the user. As described earlier, parallelized hybridization designs employ several rec-
ommenders side by side and use a specific hybridization mechanism to aggregate
their outputs. The hybridization mechanism defines the strategy to provide recom-
mendations to the user. According to Burke’s [2002] classification, three main strate-
gies can be applied: mixed, weighted, and switching. However, additional
combination strategies for multiple recommendation lists, such as majority voting
schemes, may also be applicable.

MIXED
The mixed hybridization strategy combines the results of different recommender sys-
tems at the level of the user interface. Results from different techniques are presented
together; therefore, the recommendation result for user w is a set of lists of items.
The top-scoring items for each recommender are then displayed to the user next
to each other, generally specifying to the user the “criteria” behind each of them.
Sometimes in the mixed approach, a type of conflict resolution is necessary to avoid
too many overlaps in the multiple lists.

WEIGHTED

A weighted hybridization strategy combines the recommendations of two or more rec-
ommender systems by computing weighted sums of their scores. Figure 7.21 is a
graphical model showing how it works.

Parallelized Hybrid Recommender

Output

score (Alessandro, GPML) = 3.62

P /
Each B value assigns a weight Here the values are
to each recommendation. summed up.

Weighted method explained with graphical model.

Thus, given n different recommendation functions score(u, 7) with associated relative
weights B, the final score will be computed according to the following formula:

n

Scoreyeightea(U,1) = z B X score,(u,i)
k=1
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where 7 is the number of recommenders whose outputs have to be mixed. Further-
more, the item scores need to be restricted to the same range for all recommenders,
and the sum of all B; must be 1. This technique is quite straightforward and is thus a
popular strategy for combining the predictive power of different recommendation
techniques in a weighted manner.

It’s worth noting here that the value of B, can be dynamic. It can change over the
life of the recommendation system, privileging, for instance, the content-based
approach over collaborative filtering in the early stages when not enough information
is available for the latter to be effective and then gradually giving it more weight once
more data has been gathered. Moreover, the values can be dynamic per user assigning
a higher value of B, to the content-based recommendations until the system has
acquired enough data for the collaborative filtering approach to be effective. Differ-
ent techniques can be applied for evaluating how to set and then evolve the values of
the weights.

SWITCHING
Switching hybrids require an “oracle” that decides which recommender should be used
in a specific situation, depending on the user profile and/or the quality of recommen-
dation results.

Figure 7.22 is a graphical model describing how it works.

Parallelized Hybrid Recommender )

| Collaborative
! Filtering

score (Alessandro, GPML) = 3.4 Hybridization Step

Output

j score (Alessandro, GPML) = 34

A
T
|
|

The logic in this switch decides
which algorithm to select.

Figure 7.22 Switching method explained using a graphical model.

Such an evaluation could be carried out as follows:)
SCOT€gyitching(W, 1) = scorey (u, i)

where £ is determined by the switching condition. For instance, to overcome the cold
start problem, a content-based and collaborative switching hybrid could initially make
content-based recommendations until enough rating data is available. When the col-
laborative filtering component can deliver recommendations with sufficient confi-
dence, the recommendation strategy could be switched. In the extreme case, dynamic
weight adjustment could be implemented as a switching hybrid. There, the weights of
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all but one dynamically selected recommender are set to 0, and the output of the sin-
gle remaining recommender is assigned a weight of 1.

Advantages of the graph approach

In this section we’ve discussed how to create a hybrid recommendation engine, focus-
ing on the different parallelized hybridization approaches that are available: mixed,
weighted, and switching. The methods presented here can all take advantage of a
graph representation of the data, both for training and in the resulting models .

Specifically, the main aspects and advantages of the graph-based approach to
hybrid methods are:

= Various sets of information can coexist in the same data structure, making it
easier to meet the data management needs of a hybrid recommender.

= The several independent models resulting from each recommender can be
stored together and then accessed easily during the recommendation phase.

Summary

This chapter presented the latest advanced techniques to implement recommenda-
tion engines using contextual information and showed how to combine different
approaches for greater effect. The various data models illustrate the usefulness and
flexibility of graphs for satisfying different requirements in terms of training data and
model storage.

In this chapter, you learned:

= How to improve the quality of the recommendations by embedding contextual
information in the model and the related graph model

= How to leverage the graph for feeding the different context-aware design
approaches: pre/postfiltering and contextual modeling

= How to combine multiple algorithms in a single recommendation engine and
how to mix different training datasets and models in a single big graph
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conclusion

Thank you for reading this excerpt from Graph-Powered Machine Learning.
I hope you've learned a lot, but this isn’t the end; it’s just the beginning of a new
journey.

Graph databases can be your best friend, not only in solving traditional data
problems in a completely new way, but also for overcoming new data challenges
required by machine learning.

Having a graph database is key for storing and operationalizing the connections
in your data, but I'd also like to highlight the new Neo4j Graph Data Science
Library. I’ve used the GDS library in my own machine learning projects. I believe
this new set of data science tools addresses better than ever the core issues and chal-
lenges of the machine learning field.

—Graphs are an ML-empowering technology whether you're using the Neo4j
graph database, the Graph Data Science Library, or both. So, if you're embarking
on a new machine learning project, I encourage you to consider using graph tech-
nology to make it a success.

Thanks again for reading,
—Alessandro Negro
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