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Abstract

In this article we present a context-aware recommendation method that exploits

graph-based data models and Personalized PageRank to provide users with rec-

ommendations.

In particular, our approach extends the basic graph-based representation

that relies on users and items nodes by introducing a third class of nodes,

that is to say, context nodes, whose goal is to model the different contextual

situations in which an item can be consumed. Given such a data model, we used

Personalized PageRank to identify the most suitable recommendations for each

user: in a nutshell, our model is based on the intuition that context nodes shall

be used to influence random walks, in order to assist the algorithm in identifying

the items that are relevant in a particular contextual setting.

In the experimental evaluation we investigated the effectiveness of the ap-

proach on three different datasets. The results showed that our context-aware

graph-based approach overcame the baselines in most of the experimental set-

tings and obtained the best overall results in cold-start situations, thus confirm-

ing the validity of the methodology.
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1. Introduction

Recommender Systems (RS) [1] represent one of the most disrupting tech-

nologies that appeared on the scene in the last decade [2]. Basically, such

systems acquire information about user needs, interests and preferences, and

tailor their behavior on the ground of such information, thus supporting people5

in several decision-making tasks in a personalized manner.

The effectiveness of these systems is confirmed by several evidences: as an

example, 35% of Amazon’s revenues are generated through its recommenda-

tion engine1, and many companies frequently report claims that RS contribute

from 10% to 30% of total revenues [3]. Similar success stories regarding other10

web companies such as Facebook, Spotify and Netflix further confirm that RS

nowadays play a central role to improve the effectiveness of web platforms.

However, this effectiveness is the consequence of a very long path run by

both researchers and practitioners of RSs. Indeed, most of the models that

were originally proposed in the area tended to oversimplify the recommendation15

process, since they did not take into account the concept of context. Conversely,

context plays a key role in every decision-making process, and RS were no

exception. As an example, the mood can direct the choice of the movie to be

watched. Similarly, a different company (friends, family, children) drives the

choice of a restaurant, and so on.20

This intuition is investigated from the early 2010s by the research line regard-

ing context-aware recommender systems (CARS) [4], whose goal is to evaluate

how the injection of contextual data and contextual factors impacts on recom-

mendation processes.

State of the art approaches for CARS are broadly split into three main25

groups: Pre-filtering approaches use the contextual information to filter out

from the recommendation process all the ratings that are provided in contex-

1http://www.mckinsey.com/industries/retail/our-insights/

how-retailers-can-keep-up-with-consumers
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tual situations different from the current one: as an example, if a user needs

a recommendation for a place to go with friends, pre-filtering techniques ig-

nore the preferences she expressed when she spent time with her family or her30

colleagues. Differently, post-filtering techniques use contextual information af-

ter the standard non-contextual recommendation methods are applied on the

recommendation data. In this case, a standard approach is to use information

about context as a weighting factor to re-rank a non-contextual recommendation

list. Finally, contextual modeling assumes that contextual information is used35

inside the recommendation algorithm together with the user and item data.

Regardless of the contextualization strategy which is used, several work con-

firmed effectiveness of CARS, since these techniques usually outperform merely

collaborative or content-based recommendations [5]. However, it is worth to

state that these methodologies are not completely free from problems: given40

that for each item a larger number of different ratings (one for each contextual

situation, actually) need to be expressed, CARS are even more prone to cold-

start and sparsity issues [6], which unavoidably hurt the overall effectiveness of

the algorithms.

In this article we fit into this research line and we present a new approach to45

provide users with context-aware recommendations. In particular, our method-

ology relies on a graph-based data model and exploits Personalized PageRank

(PPR) [7] to generate recommendations.

The intuition behind this work is to extend the basic graph-based represen-

tation that relies on users and items nodes by introducing a third class of nodes,50

that is to say, context nodes, whose goal is to model the different contextual

conditions in which the items can be consumed. Next, given such a data model,

we used PPR as recommendation algorithm and we suggested the items with the

highest PageRank score. In this case, we biased PPR by modifying the person-

alization vector p (as shown in [7]) through the adoption of different strategies55

to distribute the weights. More details and a more precise formalization of the

approach are reported in Section 3.2.

To make a long story short, our model is based on the intuition that context
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nodes shall be used to influence the random walks that connect the user to the

most suitable items, by taking more into consideration the items that have been60

previously enjoyed by other users in a particular contextual setting.

The strength and the novelty of the approach lies in the following aspects,

that will be further discussed in Section 3.3:

• Differently from related literature (see [8] and [9]), we avoided the expo-

nential growth of the context nodes encoded in the graphs by introducing65

just one node for each user and one node for each contextual setting. This

choice allows to obtain a more connected graph where a higher amount of

paths connecting the target user with relevant items exist.

• Based on the previous design choice, we can also state that we developed

an approach which is less prone to cold start. Indeed, even if a user did70

not express any preference in a specific contextual setting, our strategy

can still provide recommendations by exploiting: (i) the paths that con-

nect the preferences of the current user in different contextual settings;

(ii) the paths that encode the preferences that other users in the same

contextual settings. This is a clear hallmark of our work, since most of75

the traditional techniques to provide users with context-aware recommen-

dation (even complex matrix factorization technique) significantly suffer

of the cold start.

• We introduced different strategies to influence random walks, which are

expected to provide high flexibility to our recommendation strategy. In-80

deed, our framework allows to tune the behavior of the algorithm on the

ground of the characteristics of the dataset, by making the strategy suit-

able to very different situations and recommendation scenarios.

In the experimental evaluation we showed that our approach overcame sev-

eral state-of-the-art baselines in most of the experimental settings. Moreover,85

the results emerged from the experiments showed that a proper tuning of the

weights in the personalization vector p tend to improve the accuracy of the
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framework. In particular, we noted that the best performance are often ob-

tained by inducing the algorithm in running across the paths that pass through

both the current contextual setting as well as the items the user previously en-90

joyed. To sum up, through this article we provide the following contributions:

1. We propose a tripartite graph-based data model encoding users, items

and context nodes, that allows to provide users with context-aware rec-

ommendations;

2. We present different strategies to influence random walks (and, in turn,95

the recommendations returned by the framework) based on different dis-

tribution of the weights assigned to the different classes of nodes;

3. We validated our methodology through several experiments, and we showed

that our approach obtains competitive results, which are in line (or above,

as in cold-start scenarios) with respect to most of the baselines.100

The rest of the article in organized as follows: in Section 2 we provide an

overview of related work in the area. Next, Section 3 focuses on the methodology

and Section 4 evaluates the effectiveness of our framework. Finally, Section 5

presents the conclusions and sketches directions for future work.

2. Related Work105

This work investigates two different research lines, that is to say, graph-

based recommendations and context-aware recommendations. In this section we

provide an overview of related work in the areas, by emphasizing the hallmarks

of the current work with respect to relevant literature.

2.1. Graph-based Recommendations110

Most the approaches that have been presented in the area of graph-based

recommendations can be roughly split into two classes: (i) approaches that

exploit spreading activation techniques; (ii) approaches inspired by PageRank

(PR) and random walk [10].
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The use of spreading activation for recommendations purposes is investigated115

from the early 2000s. As an example, Kovacs et al. present in [11] a domain-

indipendent framework for context-aware recommendations which is based on

spreading activation. Next, Zhang et al. [12] confirmed the effectiveness of

such methodology in the task of recommending research papers. Recently, the

approach has been exploited in a context-aware recommendation setting by Pap-120

neja et al. [13] and by Bahramian et al. [14], who designed a RS for the tourism

domain that relied on spreading activation. In particular, the authors formally

designed an ontology to encode both contextual situations (e.g., weather, time,

etc.) as well as knowledge about the items and run spreading activation to

identify the most relevant POI for the user.125

As for the use of PR and random walk, one of the early work in the area

is due to Hotho et al. [15], who propose an adaptation of PR to tackle the

problem of providing users with tag recommendations. In particular, in this

work the authors create a graph connecting resources with the tags used in the

community to annotate them, and run PR to identify the most suitable tags130

that can be used to annotate a resource.

Similar intuitions were proposed by Baluja et al. [16], who presented a RS

for YouTube that is based on random walks run on the bipartite user-video

graph, and by Bogers [17], who used PageRank over the graph that connects

movies to tags, genres and actors. A more sophisticated approach is presented135

in [18], where the authors exploit random walks to calculate similarities be-

tween users and items, which are used to tackle the recommendation problem

as a link prediction one. The flexibility and the effectiveness of graph-based

representations is also confirmed by de Gemmis et al. [19], who showed that

recommendations based on random walk with restart can provide users with140

serendipitous encounters.

Recently, the effectiveness of deep learning models has been demonstrated in

graph-based recommendations as well. As an example, Xie et al. [20] exploited

graph-based data models to learn embeddings that are then exploited to provide

users with location recommendations. Another interesting attempt has been145
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proposed by Wang et al. [21], who proposed a recommendation framework

exploiting a Knowledge Graph Attention Network. In particular, their model

falls into the category of knowledge-aware recommendations since they rely on

a tripartite graph connecting users, items and entities (descriptive properties

of the items) and design a deep architecture based on attention mechanisms to150

provide users with recommendations. Unfortunately, both these models did not

model nor encode the concept of context, thus it was not possible to take them

into account in our experimental evaluation.

Generally speaking, differently from these work, we preferred to directly run

PPR over our graph-based data model, without any other processing and with-155

out the application of any other algorithm. This is choice is motivated by the

findings emerging from previous research [22], where it is shown that recommen-

dation strategies based on PPR can provide state-of-the-art recommendation

accuracy.

In particular, through this paper we try to make one step further with respect160

to our previous work [23], where we investigated how the distribution of the

weights in PPR can influence the overall performance of a recommendation

framework. Specifically, the findings discussed in [23] are here extended by

evaluating PPR in a context-aware recommendation scenario, which is a poorly

investigated research line.165

Finally, it should be pointed out that the in this work we only modeled

users, items and contexts, without encoding descriptive features of the items.

The injection of such information into graph based representation is typically

covered by knowledge graphs [24], whose positive impact in recommendation

tasks has been already investigated in [25], in [26], and in the recent work by170

Caro-Martinez et al. [27] , where a node similarity measure inspired by social

network analysis is used to identify relevant problems to be solved.

By the way, this research line is out of the scope of this research, since

we just aim to investigate to what extent graphs can be used to provide users

with context-aware recommendations. However, the easiness of integration of175

knowledge graphs in the current model already provides us with a clear direction
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for future work.

2.2. Context-aware Recommendations

The area of context-aware RSs (CARS) is quite recent, and relies on the

idea that contextual factors, such as mood, company, time of the day and so180

on need to be taken into account in recommendation scenarios, since they have

a significant impact on decision-making processes. One of the first attempts

in the area is due to Herlocker and Konstan, who proposed in [28] to adapt

the recommendation list to the specific task of the user. Next, Adomavicius

et al. introduced in [5] a multi-dimensional model where the user-item matrix185

is enriched with contextual information. As expected, in both these cases the

experiments showed that the introduction of data about context significantly

improves the accuracy of the recommendations.

Accordingly, the research in the area gained more and more interest in the re-

cent years. An important research effort was stimulated by the series of CARS2
190

and CAMRa3 workshops. These workshops triggered the development of many

approaches, mostly based on the manipulation of the user × item × contexts

matrix. As an example, Karatzoglou et al. [29], proposed the multiverse rec-

ommendation framework, in which different types of context are considered as

additional dimensions in the representation of the data as a tensor. Similar195

methods have been proposed by Baltrunas [30] and by Hidasi et al. [31]. Even

if the most recent approaches are based on the use of deep learning techniques,

as those proposed by Kim et al. [32], by Xin et al. [33], and Liu et al. [34], who

recently used attention mechanisms over a graph connecting users and items,

the use of matrix factorization is still considered as state of the art in the area of200

context-aware recommendations. For further reading about CARS, we suggest

to refer to the recent survey by Zheng [35].

The distinctive trait of our work with respect to the above mentioned ap-

2http://cars-workshop.org/
3http://camrachallenge.com/
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proaches lies in the adoption of a graph-based data model to encode information

about users, items and contexts and the exploitation of PPR to rank the item205

nodes and provide the user with context-aware recommendations.

The use of PPR is also investigated by Bagci et al. [36], who use the prefer-

ences of the users to influence random walks over a graph that connects users and

points of interests, and by Wu et al. [37], who exploited PPR scores as a weight-

ing factor to re-rank a list of recommendations in a post-filtering context-aware210

recommendation strategy. The use of PPR is also a distinctive characteristic

of the model proposed by Lee et al. [8]. In this case, the authors extend the

classical bipartite user-item representation by creating a graph where each com-

bination user-context is encoded as a single node. As an example, let n be the

number of different contextual settings, each user is modeled through n different215

nodes. Another similar attempt is proposed by Yao et al. [9], who introduce

the concept of multi-layer context-graph. In this case, the authors present a

data model that includes a context node for each combination of contextual set-

tings, and use PPR to bias random walks and to obtain the recommendations.

The distinctive traits of the current work with respect to such literature will be220

discussed in next section.

3. Methodology

In this section we describe our graph-based recommendation framework.

First, we show how we extended the basic bipartite representation that relies on

users and items by introducing context nodes, next we provide some basics of225

PPR algorithm and we introduce the different strategies to distribute weights in

PPR to influence random walks over the tripartite context-aware representation.

3.1. Graph-based Representations

The main idea behind a basic graph-based model is to represent users and

items as nodes in a graph. Formally, given a set of users U = {u1, u2, . . . un}230

and a set of items I = {i1, i2, . . . im}, an undirected graph G =< V,E > is

9



Figure 1: A toy example showing our graph-based data model. Users, contexts and items

are represented in red, blue and green respectively. Every rating is expressed as a path that

connects a user to an item passing through the contexts in which the evidence has been

collected.

instantiated, where |V | = |U | + |I|. Of course, G is a bipartite graph, since it

models two different kind of entities (that is to say, users and items).

Differently from such a data model, our novel context-aware data model in-

troduces a third class of nodes, that is to say, context nodes, whose goal is to235

model the different contextual situations in which an item can be consumed.

Formally, given k different contextual dimensions (mood, company, etc.) each

of which is described through v different values (mood=good, mood=neutral,

mood=bad, etc.), a set of context nodes C, where |C| = k ∗ v is introduced in

the graph. As previously stated, we encode just one node for each contextual240

setting, without considering their combinations. Of course, by introducing con-

text nodes we obtain a tripartite graph, since three different kind of entities are

now modeled.

Figure 1 provides a toy example of the graph-based data model we propose

in this work. In this case, users are represented with red nodes, contexts are245

represented with blue nodes and items are represented with green nodes. It is

important to emphasize that each context node represents a contextual situation,

not a contextual dimension. This means that a node it is used to represent

‘mood=good’ rather than just ‘mood’. Accordingly, if two different values can

be used to describe the contextual dimension mood, two different nodes are250
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included in the graph. For the sake of completeness, we want to emphasize that

Figure 1 just reports a the static representation our graph-based data model,

showing how a traditional bipartite graph is extended to introduce a new class

of nodes. The details concerning how to run PR over this graph and how exploit

such a representation to provide users with context-aware recommendations are255

provided in Section 3.2.

Once the context nodes have been injected in the graph, it is necessary to

encode user preferences as well. In graph-based data models the preferences

are modeled as edges that connect the users to the items they like. However,

differently from classical recommendation methods where each preference can260

be expressed as a function like(user,item), in CARS the preferences depend on

the different contextual situations in which an item can be consumed, thus the

previous function shall be represented as like(user,item,context).

In order to extend the representation of user preferences in a context-aware

fashion, we tackled the problem as follows: for each user ui who liked an item265

ij in a specific contextual setting c, with c ∈ C 4 (since c can be a combination

of contexts c1 . . . cs) we create 2s edges that connect ui with each ck, and each

context ck with the item ij , with k = 1 . . . s.

By referring to Figure 1 again, if the evidence that u1 liked i1 in the contex-

tual setting C = {c1, c2} is collected, we create four different edges. The first270

two edges connect u1 to c1 and c2, while the other two connect both the contexts

with i1. Of course, this process is repeated over all the preferences expressed by

all the users. The merge of all the edges modeling the preferences of the users

provides us with the context-aware data model that we used to generate recom-

mendations. For the sake of completeness, we want to point out that whether275

ratings are expressed on a discrete scale, they have to be preliminary mapped to

a binary scale (like/dislike) before being encoded in the graph. As an example,

this can be done by setting a threshold rating.

4C is the power set of C, containing the single contexts.
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3.2. Running Personalized PageRank

Given our context-aware representation, we need an algorithm to provide280

each node i ∈ I with a relevance score, in order to rank the available items and

provide users with recommendations.

A very popular strategy to rank nodes in a graph is to adopt PR algorithm

[10], which is able to assign a score to every node in the graph depending on its

link structure. If a node i has a link to a node j, then i is implicitly conferring285

some importance to j, and precisely it confers an importance which is inversely

proportional to the outdegree of node i. Consider a random surfer who begins

at a node i and executes a random walk on the graph as follows: at each time

step, the surfer proceeds from his current node i to a randomly chosen node i

is linked to. If i has N outlinks, the surfer proceeds at the next time step to290

one of these nodes, with equal probabilities 1/N . As the surfer proceeds in this

random walk from node to node, he visits some nodes more often than others;

intuitively, these are nodes with many links coming in from other frequently

visited nodes. The idea behind PR is that pages visited more often in this walk

are more important. Instead of following the link structure, the random surfer295

can also decide to directly jump to any other node in the graph. This operation

is called teleport, and also allows to deal with nodes with no out-links. In the

classical PR the destination of a teleport operation is modeled as being chosen

uniformly at random from nodes. In other words, if N is the total number of

nodes in the graph, the teleport operation takes the surfer to each node with300

probability 1/N. This means that the random surfer at any node can invoke

the teleport operation with probability 0 < α < 1, and the standard random

walk, i.e. follow an out-link chosen uniformly at random, with probability 1−α,

where α is a fixed parameter chosen in advance, called dumping factor.

Formally, let M be the column normalized adjacency matrix of the graph305

12



Figure 2: Running PPR with two different strategies to distribute the weights. In Figure

2-a we only bias random walk in order to pass through the items the user liked, represented

with a dotted yellow line. In Figure 2-b we also distribute a part of the weights to the nodes

representing the current contextual situation. As expected, by changing the distribution of

the weight the most suitable recommendation changes as well.

13



G, built in this way:

Mji =


1

outdegree(i) if i→ j

0 otherwise

(1)

M is a column stochastic matrix (columns sum to 1) and is interpreted as the

transition probability matrix over the graph G.

Consider the Markov chain induced by the random walk on G, where the

states are given by the nodes in G, and the stochastic transition matrix describ-310

ing the transition from i to j is given by M . If M is aperiodic and irreducible,

then the Ergodic Theorem guarantees that the stationary distribution of the

random walk is unique [38]. The standard way of ensuring that M is irreducible

is to add a new set of complete outgoing transitions with small transition prob-

abilities to all nodes, creating a complete, and thus an aperiodic and strongly315

connected, transition graph. The new resulting matrix M ′ is defined as:

M ′ = (1− α)M + α[
1

N
]N×N (2)

PR can be thus viewed as the stationary probability distribution for the

Markov chain induced by the random walk on the graph. Given the column

vector Rankt, where Rankti denotes the probability that the random walk at

step t is at node i:320

Rankt+1 = M ′ ×Rankt = (1− α)M ×Rankt + αp (3)

with p = [ 1
N ]N×1, which is the n-dimensional column vector representing a

uniform probability distribution over all nodes.

The stationary probability distribution can be obtained by iterating Eq.

3 until convergence, that is, until
∥∥Rankt+1 −Rankt

∥∥
1

(i.e. L1 norm of the

difference between two successive estimates) is below a certain threshold, or a325

maximum number of iterations is reached.

Unfortunately, classical PR does not represent the best choice for a recom-

mendation scenario for a twofold reason: (i) highly connected nodes (that is

14



to say, items liked by many users) are provided with very high PR scores, thus

the algorithm almost behaves as a simple popularity-based approach; (ii) the330

approach is not personalized, that is to say, two different users are provided

with the same list of recommendations since the preferences of the single user

are not taken into account.

Accordingly, the most suitable strategy to adopt PR and to consider also

users’ preferences is to exploit the previously mentioned variant of the algorithm,335

called PPR [7].

The gist of the algorithm is to bias the computation of PR to increase the

importance of specific nodes by using a non-uniform N×1 personalization vector

for p (see Eq. 3). This allows the random surfer to teleport towards a specific

set of nodes, whose weights can be distributed according to a specific strategy.340

Intuitively, a different distribution of the weights can be used to induce random

walks to different paths in the graph. As an example, a strategy could distribute

80% of the total weight among the items liked by the target user u, while the

remaining 20% could be evenly distributed among the remaining nodes. By

following this strategy, that we effectively adopted in our previous research [22],345

PPR tends to give a higher score to the items that are highly connected with

those the user already liked.

In order to compute PPR, in Eq. 3, we replace the uniform vector p =

[ 1
N ]N×1, with a non-uniform vector which allows the random surfer to teleport

towards specific nodes, for example the nodes representing the items the user350

liked, or in a context-aware recommendation scenario the context nodes (the

blue ones in Figure 2).

The examples provided in Figure 2-a and Figure 2-b better explain our

intuition. In both the examples we generate recommendations for u1 in the

contextual setting C = {c3, c4}. In Figure 2-a we assume to run the algorithm355

by only distributing the weights over the items the user liked (in this case, i1

and i3, highlighted with a yellow dotted line), as in the traditional PPR. By

following this strategy, it is likely that items that are highly connected to i1 and

i3, regardless the specific contextual setting in which they have been consumed,

15



have a high probability of being recommended. In this case, i4 can be a probable360

recommendation.

Conversely, in Figure 2-b we also distribute a part of the weight to the

nodes representing the current contextual situation. As expected, by changing

the distribution of the weights the most likely recommendation changes as well.

In this case, by distributing some weights to c3 and c4 the item i5 becomes the365

most probable recommendations.

It should be pointed out that, thanks to our novel strategy to distribute

weights in the graph, item i5 can be now reached by random walks even if u1 did

not express any preference in contextual setting c4. In other terms, we can state

that by distributing some of the weights to context nodes we introduce some370

collaborative information in our recommendation strategy, since the algorithm

benefits of the paths built by taking into account the preferences of other users.

Accordingly, in this work we identified three main strategies to distribute

the weights in our graph-based data model, in order to bias PR:

• PPR-I: random walks biased towards the nodes representing the items the375

user already liked. This kind of distribution correspond to that depicted

in Figure 2-a;

• PPR-C: random walks biased towards context nodes. In this case, our

intuition is to bias random walks to pass through the context nodes repre-

senting the current context with a higher probability. This will give a high380

PR score to the items that are highly connected to the current context

nodes (that is to say, items that many users liked in the current contextual

setting), without considering user preferences;

• PPR-I-C: combination of the two previous strategies, with a bias towards

both context and item nodes. In this case, we aim to bias random walk in385

order to take into account at the same time the preferences of the current

user as well as the current contextual situation. This strategy corresponds

to the situation depicted in Figure 2-b.
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In the experimental evaluation, we investigated whether different distribu-

tion of the weights in our context-aware graph leads to an improvement of the390

accuracy of our recommendation strategy.

3.3. Discussion

Our methodology is based on a tripartite graph-based data model that uses

PPR to provide users with recommendation. In this section, we justify our

design choices and we further emphasize the strengths of our methodology and395

the elements that distinguishes it from other approaches already presented in

literature.

1. Adoption of a graph-based representation. Graphs provide a uni-

form representation based on nodes and edges, that allows to model the

entities involved in the recommendation problem in a very natural fashion.400

Moreover, such a representation can be easily extended by encoding extra

features, such as descriptive features of the items and - as in our case -

context nodes modeling the different contextual situations. In our opinion,

the adoption of a uniform representation to model heterogeneous data is a

strong point that further motivates the choice of adopting a graph-based405

representation;

2. Robustness in highly sparse experimental settings. As shown in

Section 2, the techniques presented in [8] and [9] show some overlap with

the methodology we introduce in this work. However, some relevant differ-

ence still distinguishes our framework: in both the approaches, the authors410

include a new context node for each combination of different contextual

situations. This choice leads to an exponential growth of the context

nodes encoded in the graphs, and this makes difficult to identify some

suitable paths connecting users and items via the (combination of) con-

textual settings, especially when the number of contexts is particularly415

huge. Conversely, we introduce just one node for each user and one node

for each contextual setting. Consequently, a lower number of nodes is

encoded in the graph.
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Even if our design leads to a slight simplification of the way we encode

contextual ratings (since ratings are based on a partial description of the420

contextual situations), this choice allows to obtain a more connected graph

where a higher amount of paths connecting the target user with relevant

items exist, and this leads to a recommendation strategy that is expected

to be more effective and less prone to cold start.

Moreover, our approach allows to provide recommendations even if a user425

not express any preference in a specific contextual settings. Indeed, our

strategy can still provide recommendations by exploiting: (i) the paths

that connect the preferences of the current user in different contextual

settings; (ii) the paths that encode the preferences that other users in

the same contextual settings. This is a clear hallmark of our work, which430

is borrowed from traditional user-based collaborative filtering algorithms.

Conversely from our work, most of the approaches that provide users

with context-aware recommendation (even complex matrix factorization

techniques) suffer of the cold start. To sum up, we expect that our design

choices make our methodology less prone to sparsity and cold-start, and435

this will in turn lead to an improvement of the overall performance.

3. Flexibility of the recommendation framework. Another strength of

the framework lies in the introduction of different strategies to bias random

walks. In our opinion, this is expected to provide high flexibility to our

recommendation strategy since the behavior of the algorithm can be tuned440

on the ground of the characteristics of the dataset. As an example, when

the amount of contextual dimensions is huge and the dataset is particularly

sparse, we expect that weight distributions based on PPR-C and PPR-I-C

schemes provide the best results, since they induce PPR to pass through

context nodes, and this gives in turn high scores to the items that are445

frequently liked in that particular contextual setting. Conversely, when

the sparsity is lower or when the number of contextual situations is smaller,

distributions based on PPR-I can be more helpful. To sum up, we think

that our strategies to distribute weights can provide our framework with
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the ability to adapt to different situations and recommendation scenarios,450

and this is another strong point of the methodology.

4. Experiments

In the experimental evaluation we carried out two experiments, whose goal

was to answer to the following research questions:

1. How effective are the different strategies to distribute the weights in our455

context-aware data model? Which one leads to the best recommendations?

(Experiment 1)

2. How does our framework perform with respect to state-of-the-art tech-

niques to provide users with context-aware recommendations? (Experi-

ment 2)460

4.1. Experimental Design

In this section we provide all the details concerning the design of our ex-

perimental session, to allow to reproduce the experiments and to guarantee the

reproducibility of the results.

4.1.1. Description of the Datasets465

The evaluation was carried out on three state of the art datasets for context-

aware recommendations5, that is to say, Tripadvisor dataset, DePaul movies

dataset and Tijuana restaurants dataset. All the datasets are reported in [39],

which provides an overview of standard datasets for evaluating CARS. Thus,

we can state that we evaluated our framework against state-of-the-art datasets.470

Some statistics is reported in Table 1.

As shown in the table, we chose datasets having very different characteris-

tics: TripAdvisor is a very sparse dataset having a high number of contextual

5https://github.com/irecsys/CARSKit/tree/master/context-aware_data_sets
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TripAdvisor DePaul-Movies Tijuana

#Users 2371 97 50

#Items 2269 79 40

#Ratings 14063 5039 1413

#Dimensions 6 3 2

#Conditions 261 10 7

Density 0,00% 1,62% 8,91%

Table 1: Statistics about the datasets. ’Contextual dimensions’ refer to the high-level contex-

tual facets (e.g., mood, company, etc.) while ‘contextual conditions’ refer to the values that

each contextual dimension can assume.

conditions. Tijuana restaurants is a dataset having a very small number of rat-

ings and contexts, while DePaul movie has a lower density than Tijuana and a475

lower number of contexts as than TripAdvisor.

As for the contextual dimensions encoded in each dataset, Tijuana Restau-

rants dataset includes two contextual dimensions (time and location), where

time = {weekend,weekday} and location = {school, home,work}. Next, De-

Paul movie dataset encodes three contextual dimensions (time, location and480

company), where time = {weekend,weekday} and location = {home, cinema}

and company = {family, partner, alone}. Finally, TripAdvisor dataset in-

cludes six different contextual dimensions: five location-related dimensions,

such as User State, User Timezone, Item City, Item State, Item Timezone and

trip− type = {family, couples, business, solo− travel, friends)}.485

4.1.2. Parameters of the Experiment

In Experiment 1 we carried out several runs of the algorithm in order to

compare the effectiveness of the recommendations on varying of the strategies

to distribute the weights. Clearly, as recommendation algorithm we used PPR

(dumping factor equal to 0.85, as in [10].490

As for PPR-I and PPR-C, we evaluate three different combinations. In par-
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ticular, we distribute to item nodes (or context nodes, respectively6) 30%, 50%

or 80% or the total weight. The remaining weight is evenly distributed among

the other nodes.

As for PPR-I, the N × 1 personalization vector p in Eq. 3 is defined as

follows:

pPPR−Ii =


β
|Iu| if i ∈ Iu
1−β

N−|Iu| otherwise

(4)

where N is the total number of nodes in the graph and Iu is the set of nodes495

corresponding to items liked by user u, and β allows to define the percentage of

the total weight to distribute to item nodes. Setting β = 0.3, 0.5, 0.8 allows to

distribute 30%, 50% or 80% of the total weight to the specific nodes.

Similarly for PPR-C, the N × 1 personalization vector p in Eq. 3 is defined

as follows:

pPPR−Ci =


β
|C| if i ∈ C

1−β
N−|C| otherwise

(5)

where C is the current contextual situation, and |C| represents the number of

nodes in the graph corresponding to the current contextual situation.500

Similarly, we propose three different configurations also for PPR-I-C: in the

first, we give the same importance to context and item nodes (40% of weight

to context and item nodes, 20% to the others), while in the second and in the

third we give a slightly higher weight to a class of nodes (50% of the weight to

context node and 30% to item nodes, and the opposite) and 20% to the others.505

These values were set in an empirical fashion, and took inspiration from the

weights distribution presented in [23]. Automatic tuning of the weights will be

considered as future work.

As for PPR-I-C, the N × 1 personalization vector p in Eq. 3 is defined as

6When we talk about item nodes or context nodes, respectively, we refer to the nodes repre-

senting the items the user previously liked and the nodes representing the current contextual

situation.
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follows:

pPPR−I−Ci =


β1

|Iu| if i ∈ Iu
β2

|C| if i ∈ C

1−β1−β2

N−|Iu|−|C| otherwise

(6)

where β1 and β2 are the percentage of the total weight to distribute to item

nodes and context nodes, respectively.510

To sum up, we evaluated the effectiveness of our framework with nine differ-

ent combinations of weights (three strategies and three weighting schemes for

each group).

For each experimental session, the performance of our weighting schemes

was evaluated through a 5-cross fold validation by exploiting F1@5, F1@10,515

NDCG@5 and NDCG@10 as evaluation metrics. Metrics were calculated by

folowing the ”All Unrated Items” strategy defined in [40]. By following this

strategy, which is very widespread to evaluate RSs, recommended items that

are not appearing in the test set of the user are negative examples. Even if this

is strong assumption, it allows to reproduce well a real environment, where the520

goal of the RS is to rank all the items in the catalog. In [41], this strategy is

referred to as AllItems methodology.

As for the choice of the metrics, Precision and Recall are not reported for

the sake of brevity, since the F1 measure is a combination of both of them, while

NDCG was preferred over MRR since the latter focuses on the position of the525

first relevant item returned to the user, while NDCG is able to provide a more

comprehensive evaluation based on the overall list.

4.1.3. Selection of the Baselines

In Experiment 2 we compared the best-performing configuration emerging

from Experiment 1 to several state-of-the-art techniques. In this case, we com-530

pared our method to the implementation of CARS available in the CARSKit

library [42]. Moreover, we also compared our results to a non-personalized ver-

sion of PR.
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In particular, we compared our methodology to some of the most popular

and well-performing techniques to provide users with context-aware recommen-535

dations, such as Context-aware Matrix Facatorization (CAMF) [30] and Con-

textual Sparse Linear Method (CSLIM) [43] in all their variants. By following

the classification provided in [35], we exploited approaches for dependent context

modeling which exploits the dependencies among users, items and contexts to

provide users with recommendations.540

As for CAMF, it represents an extension of the method traditional ma-

trix factorization that includes new parameters to represent the interaction of

contextual conditions with users and items. In particular, we compared out

framework to four different variants of this method:

• CAMF C. The simplest CAMF implementation, that assumes that all545

the contextual dimensions have a uniform influence on all ratings, without

differentiating by item;

• CAMF CI. This model assumes that each contextual factor influences

in a way different to each item, so for each couple (item, context) a new

parameter has to be learnt;550

• CAMF CU. This model is similar to the previous one, but it considers

the user. Accordingly, it assumes that each contextual factor influences the

users in a different way, so for each couple (user, context) a new parameter

has to be learnt;

• CAMF CUCI. This model combines the previous approaches, since it555

assumes that each contextual factor influences both the items and the

users differently. Thus, (many) different parameters for each combination

of user, item and context have to be learnt.

Differently from CAMF, CSLIM is derived from the sparse linear method

(SLIM) [44] which was designed for Top-N recommendations in traditional560

RSs. The different implementations for CSLIM (CSLIM C, CSLIM CI and

CSLIM CU) follow the same intuition we have previously explained for CAMF.
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Moreover, we also considered simpler contextual pre-filtering approaches,

such as UserSplitting and ItemSplitting, inspired by those proposed in [45].

These methods perform a pre-processing of the data according to the contextual565

conditions, and then apply traditional recommendation methods that do not

take into account the context over the already filtered data.

For all the baselines, we run the experiments by using the default parameters.

To conclude, we want also point out that it was not possible to further

extend the set of the baselines since almost all the related work we previously570

mentioned verified (at least one of) the following conditions: (i) the authors

did not provide an implementation of their method; (ii) the evaluation focused

on error metrics, such as MAE, RMSE, etc., while we focused on ranking; (iii)

the authors used different datasets to evaluate their approach, thus the results

are not comparable. However, regardless this clarification, we can state that575

our experimental protocol can provide solid findings since we compared our

methodology to nine different baselines, each of which can be considered as

state-of-the-art in the area of CARS. Moreover, we made available our source

code and we thoroughly explained our protocol, in order to make this work

extensible and reproducible.580

4.1.4. Implementation details

We integrated our algorithm with CARSKit and we run the experiments by

using the same splits of the data as well as the same protocol. This guarantees

the consistency between the different runs of the experiments. As previously

stated, the source code of our recommendation framework is available online7.585

As indicated in [46], the time complexity of the approach is O(n∗k), where n is

the number of edges in the graph and k is the number of iteration steps. Time

complexity is the same for all the configurations, since the amount of edges

that are encoded in the graph does not change on varying of the personalization

vector.590

7https://github.com/swapUniba/CARSKit_PageRank
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Config. Weights F1@5 F1@10 NDCG@5 NDCG@10

PPR-I 30/0/70 0.0047 0.0034 0.0085 0.0100

PPR-I 50/0/50 0.0063 0.0069 0.0104 0.0166

PPR-I 80/0/20 0.0035 0.0048 0.0043 0.0091

PPR-C 0/30/70 0.0056 0.0041 0.0127 0.0145

PPR-C 0/50/50 0.0064 0.0053 0.0152 0.0181

PPR-C 0/80/20 0.0117 0.0118 0.0178 0.0271

PPR-I-C 50/30/20 0.0031 0.0017 0.0050 0.0050

PPR-I-C 30/50/20 0.0075 0.0066 0.0174 0.0217

PPR-I-C 40/40/20 0.0076 0.0041 0.0121 0.0121

Table 2: Results of Experiment 1 on TripAdvisor data. The best-performing configuration is

reported in bold. Values in the weight column refer to item nodes, context nodes and other

nodes, respectively.

4.2. Results of the Experiments

Experiment 1. Results of the first experiment are provided in Table 2,

3 and 4, and report the results obtained on TripAdvisor, DePaul-movie and

Tijuana datasets, respectively.

As for TripAdvisor data, we obtained the best F1 and NDCG with the595

PPR-C configuration that gives the greater weight (80%) to context nodes. This

results suggests that context is the most important source of information for this

dataset, which plays a key role to provide users with relevant recommendations.

Indeed, the algorithm obtained the best performance by introducing a bias

towards the nodes that describe the current contextual situation.600

It is worth to note that such a configuration does not take into account the

specific preferences of the current user. Indeed, PPR-C only biases random walks

by inducing the algorithm to pass through context nodes. This gives a higher PR

score to the items that are highly connected to the nodes that model the active

context (that is to say, other items the users liked in that specific contextual605

setting). Even this can seem as counter-intuitive behavior, it is perfectly in line
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Config. Weights F1@5 F1@10 NDCG@5 NDCG@10

PPR-I 30/0/70 0.0433 0.0512 0.0464 0.0689

PPR-I 50/0/50 0.0485 0.0596 0.0582 0.0863

PPR-I 80/0/20 0.0457 0.0544 0.0524 0.0799

PPR-C 0/30/70 0.0568 0.0582 0.0568 0.0781

PPR-C 0/50/50 0.0529 0.0634 0.0593 0.0896

PPR-C 0/80/20 0.0556 0.0736 0.0641 0.0985

PPR-I-C 50/30/20 0.0675 0.0837 0.0614 0.1003

PPR-I-C 30/50/20 0.0525 0.0603 0.0536 0.0800

PPR-I-C 40/40/20 0.0505 0.0671 0.0542 0.0887

Table 3: Results of Experiment 1 on DePaul-Movie data. The best-performing configuration

is reported in bold. Values in the weight column refer to item nodes, context nodes and other

nodes, respectively.

with the intuitions behind our methodology.

Indeed, as previously stated, one of the advantages that follow the adop-

tion of PPR lies is the ability of providing good recommendations in cold-start

situations.610

This claim perfectly explains the behavior we observed on TripAdvisor data,

since this dataset has the largest number of contextual dimensions and the

highest sparsity. Accordingly, to distribute a part of the weight to the nodes

that represent the items the user previously liked is not helpful to correctly

address random walks, since the paths connecting that nodes to other relevant615

item nodes are typically too scarce. Conversely, through the PPR-C weighting

scheme the choices of other users that enjoyed an item in the same contextual

settings can be easily taken into account, and this leads to an improvement of

the overall performance of the method.

Next, we can state that an interesting behavior emerges by analyzing the620

results regarding DePaul-movie data that we presented in Table 3. In this case,

the overall best results are obtained by the PPR-I-C weighting scheme, that gives
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importance to both item nodes (50%) and context nodes (30%). This suggests

that, differently from what we noted on TripAdvisor data, the preferences of

the target user have to be taken into account.625

Indeed, by following this strategy, the algorithm is biased in running across

random walks that give high consideration to both the current contextual situ-

ation as well as to the previous preferences of the user, encoded in item nodes.

These results confirm the idea underlying our methodology, since they showed

that the extension of the data model through the introduction of context nodes630

and the distribution of part of the weight to that nodes in order to bias random

walks leads to an improvement of the predictive accuracy of recommendation

framework.

Furthermore, in this case we can note that the PPR-C weighting schemes

obtained worse results. This suggests that when the data are less sparse and635

when a smaller number of contextual dimension exists, as in DePaul-Movie

dataset, it is better to take into consideration also the information that comes

from users’ preferences. These findings are also confirmed by considering the

results we got on Tijuana Restaurant data.

However, as for this dataset, the most interesting outcome of the experiment640

regards the performance of the PPR-I weighting scheme, which resulted as the

best-performing one on both NDCG@5 and NDCG@10. By recalling the be-

havior of such a scheme, it only biases the nodes that represent the previous

preferences of the users without taking into account the information about the

context.645

In this case, our conjecture is that PPR-I obtained the best results since the

number of contextual dimensions and contextual settings in Tijuana restaurant

dataset is very low and the density in the data is already high. Accordingly, it

is not necessary to take into consideration the information that comes from the

context and the users preferences can drive the process alone.650

Overall, we can state that these results validate one of the conjectures this

work relies on, since it confirmed how effective PPR can be to provide users

with good recommendations in cold-start settings. Moreover, the strategy we
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Config. Weights F1@5 F1@10 NDCG@5 NDCG@10

PPR-I 30/0/70 0.1975 0.1722 0.2380 0.3007

PPR-I 50/0/50 0.1651 0.1927 0.1819 0.2836

PPR-I 80/0/20 0.2010 0.2038 0.2586 0.3567

PPR-C 0/30/70 0.1888 0.1403 0.2342 0.2707

PPR-C 0/50/50 0.1960 0.1648 0.2449 0.3075

PPR-C 0/80/20 0.2155 0.1765 0.2513 0.3049

PPR-I-C 50/30/20 0.2163 0.2095 0.2511 0.3125

PPR-I-C 30/50/20 0.1959 0.1771 0.2471 0.3047

PPR-I-C 40/40/20 0.1853 0.1856 0.2094 0.3106

Table 4: Results of Experiment 1 on Tijuana Restaurants data. The best-performing config-

uration is reported in bold. Values in the weight column refer to item nodes, context nodes

and other nodes, respectively.

adopted to distribute the weights makes the algorithm solid and capable of

providing good suggestions even when more data are available.655

Experiment 2. Next, we compared the best-performing configurations that

emerged from Experiment 1 to the baselines implemented in CARSKit library8

and to a non-personalized version of PR that does not use any weighting scheme

to bias random walks.

As shown in Table 5, the first finding of this experiment is that our framework660

based on PPR obtained the best results on TripAdvisor data.

Indeed, our configurations obtained a 216% increase (from 0.0037 to 0.0117 )

with respect to traditional PR and a 85% increase (from 0.0065 to 0.0117 ) with

respect to the best-performing baseline, that is to say, CSLIM.

This outcome further confirms the goodness of the intuition behind our ap-665

proach. Indeed, as we already explained, context-aware techniques are really

prone to cold-start in highly sparse recommendation scenarios, such as TripAd-

visor. Conversely, our approach showed its robustness even in these extreme

8https://github.com/irecsys/CARSKit
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TripAdvisor DePaul-Movie Tijuana Rest.

Config. F1@5 NDCG@5 F1@5 NDCG@5 F1@5 NDCG@5

PPR (best) 0.0117 0.0178 0.0675 0.0641 0.2155 0.2586

PR 0.0037 0.0038 0.0518 0.0546 0.1900 0.2278

CAMF CI 0.0000 0.0000 0.0704 0.0710 0.1043 0.1048

CAMF CU 0.0002 0.0003 0.0522 0.0509 0.1165 0.1331

CAMF C 0.0017 0.0040 0.0756 0.0869 0.1737 0.2287

CAMF CUCI 0.0049 0.0090 0.0806 0.0837 0.1207 0.1566

CSLIM C 0.0065 0.0110 0.0998 0.1202 0.1105 0.1142

CSLIM CI 0.0018 0.0040 0.0369 0.0376 0.1061 0.1078

CSLIM CU 0.0017 0.0030 0.0686 0.0845 0.1147 0.1711

UserSplitting 0.0018 0.0013 0.0528 0.0460 0.1335 0.1472

ItemSplitting 0.0011 0.0016 0.0530 0.0525 0.1738 0.2101

Table 5: Results of Experiment 2 for all the datasets. The best-performing configurations are

reported in bold.
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cases, since the results clearly show that our graph-based representation along

with the adoption of particular weighting schemes to bias random walks can670

lead to a large improvement to the overall results.

Conversely, when the data are less sparse, as it happens on DePaul-Movie

dataset, techniques such as CSLIM are still more precise. In this case it is

likely that the ability of learning some relationships and dependencies between

contexts and preferences, that is one of the characteristics of more sophisticated675

algorithms such as CSLIM, allows the algorithm to outperform PPR. However,

it is worth to state that our results are still better than those obtained by simple

pre-filtering techniques based on UserSplitting and ItemSplitting, even on these

data.

Finally, the results regarding Tijuana Restaurant provide other interesting680

outcomes. By referring to the statistics of the dataset we reported in Table 1,

it emerges that this dataset is the less sparse one. Accordingly, we would have

expected a behavior similar to that we noted on DePaul-movie data, that is to

say, to have a matrix factorization-based approach obtaining the best results.

Contrary to what was expected, our framework obtained the best results.685

This can be justified by the fact that the number of contextual dimensions

encoded in this dataset is very small, thus the adoption of a very sophisticated

recommendation algorithm based on machine learning is not necessary and eas-

ier strategies to provide recommendation can be equally effective. Such an in-

tuition is confirmed by analyzing the results of the baselines, that showed that690

the second best results are obtained by adopting simpler splitting approaches.

However, for our part, these results further confirm the robustness and the

flexibility of our framework, which is able to provide good recommendations

in experimental settings that are very different one from each other. In this

case, our framework has the ability of biasing random walks in order to mainly695

consider user preferences and to give less importance to the context, and this

choice leads to the overall best recommendations among the available methods.
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4.3. Take-Home Messages

In this section we try to summarize and outline the main findings emerging

from the experiments. In order to better emphasize the effectiveness of the700

framework, we link our discussion to the hallmark of the current work we already

presented in Section 3.3.

1. Adoption of a graph-based representation.As previously stated, the

adoption of a uniform representation based on graphs was a strong point

of our methodology. As expected, experiments showed the effectiveness705

of the approach, which obtained results better (or at least in line) than

several state of the art techniques. The capability of being effective in a

broad range of experimental settings confirmed the intuition behind our

strategy and supported our claims.

2. Robustness in highly sparse experimental settings. In highly sparse710

recommendation scenarios, our algorithm provides the best results. This

outcome mainly depends on the novel data model we introduced in this

work, which is based on a tripartite representation that models users,

items and contexts. The paths encoded in this graphs allow to identify

relevant items even when the connections in the graph are just a few.715

It is likely that our choice of modeling each context through one single

node (rather than modeling the combination of contexts, as other related

work do) has been helpful to obtain these results, since it leads to a more

connected graph where more paths connecting the nodes exist;

3. Flexibility of the recommendation framework. As previously stated,720

in highly sparse recommendation scenarios our strategy largely overcomes

the other baselines. Conversely, in less sparse recommendation scenarios,

our algorithm still overcomes simple context-aware recommendation meth-

ods (as splitting methods) but is beaten by more sophisticated techniques.

Finally, when the number of contextual dimensions is small, regardless of725

the sparsity, our framework beat all the baseline. Overall, the experimen-

tal session confirmed the flexibility of the framework. Indeed, our method-
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ology allows to set a different bias based on the different characteristics

of the dataset, by deciding whether it is better to give more importance

to the contextual settings alone, as in highly sparse recommendation sce-730

narios, or to the preferences of the users, regardless of the specific context

in which they have been expressed. This large space of option let our

framework adapting to different settings and to obtain satisfying results

in a broad range of scenarios. This distinguishes our methodology from

other traditional CARS techniques.735

5. Conclusions and Future Work

In this work we presented a novel graph-based context-aware recommen-

dation framework that uses PPR to provide users with recommendations. Our

methodology is based on the following intuitions: (i) first, we extend the original

bipartite graph-based data model that relies on users and items nodes by intro-740

ducing context nodes. (ii) next, we introduce different strategies to distribute

the weights in PPR, in order to bias random walks towards specific nodes.

Clearly, in our case we try to induce the algorithm to give high scores to

nodes highly connected to the previous preferences of the user as well as to

the current contextual situation. As shown in the experiments, our strategy745

obtained results in line with the current literature and resulted as more effective

in most of the cold-start settings.

As future work, we will try to introduce in our data model descriptive fea-

tures encoding some characteristics of users and items, such as user-generated

content [47, 48], in order to evaluate also the impact of these information on the750

overall performance of the framework. Moreover, we will introduce weighted

edges, in order to reward items that are more frequently consumed in specific

contextual settings and we will assess to what extent PR and PPR algorithms

are prone to popularity bias [49]. Finally, another interesting research direc-

tion lies in the adoption of more accurate representations, such as those based755

on binary codes [50], and the introduce of elements borrowed from cognitive

32



computing [51] in the overall framework.
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