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Abstract
We present SmallWorlds, a visual interactive graph-based interface that allows users to specify, refine and build
item-preference profiles in a variety of domains. The interface facilitates expressions of taste through simple graph
interactions and these preferences are used to compute personalized, fully transparent item recommendations for
a target user. Predictions are based on a collaborative analysis of preference data from a user’s direct peer group
on a social network. We find that in addition to receiving transparent and accurate item recommendations, users
also learn a wealth of information about the preferences of their peers through interaction with our visualization.
Such information is not easily discoverable in traditional text based interfaces. A detailed analysis of our design
choices for visual layout, interaction and prediction techniques is presented. Our evaluations discuss results from
a user study in which SmallWorlds was deployed as a Facebook application.

Categories and Subject Descriptors (according to ACM CCS): H.3.3 [Information Interfaces and Presentation]:
Information Storage and Retrieval—Information Search and Retrieval

1. Introduction
In this paper we introduce SmallWorlds, a visual interac-
tive tool which generates accurate and useful item recom-
mendations based on a combination of Facebook user pro-
file data and user interactions with a simple graph-based in-
terface (See Figure 1). What sets SmallWorlds apart from
other recommendation systems is that the novel visualiza-
tion/interaction strategy is designed to work within the con-
straints of the Facebook API. That is, the system does not
require large numbers of users in order to produce good
recommendations– Facebook contains over 400 million pro-
files but the Facebook API does not support unauthorized
reading of item preference information beyond the immedi-
ate friend group [Fac], making traditional item recommen-
dation strategies such as automated collaborative filtering
[RIS∗94] [HKR00] largely redundant on this database.

Standard profile-similarity metrics used by traditional rec-
ommendation systems are not sufficient to produce good rec-
ommendations in small datasets. The shortcomings of tech-
niques such as ACF have been well documented in CF liter-
ature [RIS∗94]. Given the data privacy restrictions imposed
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by the Facebook API, by default we have only a small set
of item preference data from which we can compute rec-
ommendations. However, we believe that since this data has
been pre-filtered by peers with a direct social connection to
the active user, it can be used in a visual application to pro-
duce satisfactory recommendation in spite of sparse profile
overlap.

In this paper we evaluate our interactive visualization
with a user study which contributes results at the intersec-
tion of visualization research and recommender systems and
an additional result for the computation of recommenda-
tions. These results stem from the following research ques-
tions: Firstly, are visualizations important for recommenda-
tion systems and do they provide transparency and increase
user trust in the system’s prediction? Secondly, is interaction
important in the visual interface, and does it give the user
a sense of control over the underlying algorithms and final
output. Thirdly, by visualizing the computational process of
generating recommendations, does a user’s pick up “ambi-
ent information” about his peer’s tastes’ in general [War04].
Lastly, can pre-existing social connections [Mil67] be used
in addition to profile similarity to boost performance of a
recommender system? What are the effects of this both in
terms of user satisfaction and accuracy?

2. Background
Background research for this work is presented in three
parts. Firstly, a discussion of the state of the art in visu-
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Figure 1: Screenshot of the SmallWorlds Facebook
Application.

alization design and research for graph and network data
is presented. Following this, a brief overview of collabo-
rative recommender systems research is presented, as this
is required for understanding of the relevance of the novel
visualizations presented later. This includes a comparative
and critical analysis of a range of visual interfaces for sys-
tems that produce recommendations, with a particular fo-
cus on those which are deployed as rich internet applica-
tions. Recently, much attention has been given to visual in-
terfaces for recommendation systems by the AI community,
e.g. [ZJP08, MKK06, HKR00] but this interest has not been
matched by the visualization community. Our background
research focuses on the work at the intersection of these two
research communities.

2.1. Graph and Network Visualization

Designing a representation for a complex network that is
easily comprehensible yet still comprehensive is a non-
trivial task. For large scale data visualization, Ben Shnei-
derman’s visualization mantra of “overview, zoom and de-
tail on demand” has been popular over the years. How-
ever, there are some recent systems that concentrate on nav-
igation and information discovery only in a subset of the
broader data universe, and that do not provide a big-picture
overview. For example, systems like Vizster [HB05] and
TreePlus [LPP∗06]. The design paradigm in both systems
is that users should always have not only a comprehensible,
but a fully readable data representation on the screen at any
given time. The SmallWorlds application introduced in this
work leans towards Shneiderman’s approach in that stan-
dard functionality for overview, zoom, panning and zoom-
based detail are all supported, but in the majority of test
cases discussed later, these functions were not required in
the application. Of course, many other systems still follow
Shneiderman’s approach. For example, PivotGraph [Wat06]
and WiGis [GBOH09] are top-down approaches to network

data visualization which start at a broad overview and allow
users to drill down to more fine levels of detail as they see
fit. In PivotGraph, the user visualizes node’s by their cate-
gories and relationships, while WiGis defined a thin client
architecture that leveraged network communication and re-
mote servers to show very large graphs in a single image
and supported smooth zooming to the node-specific level.
Other systems have simply abandoned the idea of represent-
ing the data as a node-link visualization. NetLens [KPLB07]
employs data histograms and other simple charts to explore
the graph data based on queries over various topological and
semantic attributes.

Traditionally, applications that visualize graph and net-
work data have been desktop based. For example, Cytoscape
[SMO∗03] [Cyt], Pajek [BM98], and some implementations
of Tom Sawyer Visualization [Sof09]. Over the past few
years, increased web-accessibility and bandwidth improve-
ments have triggered a general shift towards rich internet
applications (RIAs) capable of providing interactive and re-
sponsive interfaces through a web browser. This shift has a
potential benefit for resource-intensive graph visualization,
and applications which take advantage of the rich-internet
paradigm are beginning to emerge for visualization of graph
and network data. Examples of such applications include
Touchgraph [Tou], Tom Sawyer Visualization [Sof09] and
IBM’s Many Eyes [DVWK08].

2.2. Recommender Systems
Recommender systems have been developed as a solution
to the information overload problem and have been a fo-
cus of research within the AI community for close to twenty
years [SM95]. The overarching goal of a recommender is
to predict the right item to the right person at the right
time. They can be implemented as basic content-matching
systems [MMN02] [GRGP01], which simply match textual
descriptions of recommendable items to a description in a
user’s preference profile. Such content-based recommenda-
tion techniques are generally considered as a rudimentary
class of recommender and historically they suffer from prob-
lems such as narrowness, since they can only recommend
items similar to what is already in a users profile, they also
fail on non-machine analyzable data such as humor for ex-
ample. The most widely used technique for generating rec-
ommendations is Automated Collaborative Filtering (ACF)
[BMZB05][Kar01][OWS02][RIS∗94][SKKR01], which is
the technique we focus on for the SmallWorlds visualiza-
tions. ACF attempts to model the normal social process of
asking a friend for a recommendation. In brief, ACF algo-
rithms compute a neighborhood of users based on some cor-
relation function (usually Cosine or Pearson’s Correlation
[OWS02] over vectors of rating data) and use that neighbor-
hood to predict items that a user has not yet seen and that
have been “liked” by his/her closest neighbors.

Through visualization we are creating an “explanation in-
terface” for our recommender system. Some research has
been carried out into the effects recommendation explana-
tion has on the overall user experience with the system. A
prominent work in this field is Herlocker’s study of rec-
ommendation explanations [HKR00]. Herlocker et al. eval-
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uate a “white box” conceptual model of recommendation
as opposed to the run-of-the-mill black box approach. They
present a user study where 21 different recommendation in-
terfaces are presented to users, explaining various types of
information from within the recommender algorithm. Her-
locker found that users preferred viewing histograms of their
neighbors’ ratings for the recommended item over all other
approaches. Their general finding agrees with Middleton’s
findings [Mid02] in that “explanation interfaces lead to im-
proved acceptance of a predicted rating.” Previous work by
the authors in [OSG∗08] focused on the visualization of
genre information to elicit preference-feedback from users
to enhance the quality of recommendations generated from
a large scale data set.

In this work, we are interested in a visual interactive in-
terface for an ACF algorithm which is designed to work on
the popular social networking site Facebook. Up until re-
cently, it was possible to extract large scale item preference
data from the Facebook web interface since profile access
was granted by default to members of a users broad Face-
book network. Work in [WBS∗09] has attempted to cap-
ture this information for the purpose of large-scale analy-
sis. However, new privacy policies of December 2009 [Fac]
have restricted profile access only to those directly specified
by the profile owner. Since the Facebook web interface and
API only permit an application access to item preferences
of those profiles in the immediate friend network, we are
very limited in the amount of profile information we can use
to generate recommendations. This constraint poses an in-
teresting research problem however: Given that we can only
see a friend group, can we design an algorithm and visual in-
terface that will produce quality recommendations that will
satisfy users? In our evaluations we demonstrate that by pro-
viding a user with a visual explanation and interactive con-
trol mechanism for an ACF algorithm, and by combining
traditional overlap in preference profiles with pre-existing
social connections, we can achieve this goal to a reasonable
degree.

3. Visualizing Taste Spaces

The Facebook API provides access to a user’s friends and
to their item preferences. Given this constrained informa-
tion space, we have designed an interactive visualization that
produces real-time item recommendations in an open and
transparent manner. We now discuss a high level overview
of the layouts and functionality of the SmallWorlds applica-
tion. This is followed by a more detailed description of the
layout and interaction algorithms used. Figure 2 presents an
overview of a sample graph from the SmallWorlds applica-
tion. The visualization is essentially a second-order graph
which links user nodes through the items which they have
in common. Items generally take the form of books, movies
and music, but can be extended to include any field from the
Facebook API.

The key design in Figure 2 is a constraint which separates
users and items into distinct layers. Layers are defined by the
bi, j values in Figure 2.

• Layer 1 - The active user’s node.

• Layer 2 - The active user’s profile items.
• Layer 3 - Friends who have items in common with the

active user.
• Layer 4 - Items that are not in the active user’s profile but

are liked by friends in layer 3, i.e. the candidate recom-
mendation set.

• Layer 5 and subsequent layers - Friends who have no
items in common with the active user and items in their
profiles, but not in the profiles of friends in layer 3.

It is important to note that nodes are constrained within
their initial layer and do not move across the bi, j lines. The
first layer contains a node representing the active user who
is logged in to the system. This node is locked in position
and remains static through all layouts and interactions. The
second layer shows the items in the active user’s profile. Be-
cause we do not have explicit scaled ratings on Facebook,
and only a binary item presence, in the initial layout, layer
two items are all positioned equally in a vertical vector, in-
dicating equal preference for each by their presence on the
Facebook profile. A user can interact with these nodes after-
wards to express granular preferences for individual items by
dragging them towards or away from their avatar node. Fig-
ure 2 shows layer two items after they have been interacted
with. The items shown in this example are music artists,
however, the graph can contain multiple item types, such as
books and movies for instance, which obviously drastically
alters the final recommendation set.

Layer three contains those friends who have items in com-
mon with the active user. For the initial layout, the proxim-
ity of a layer three node to the boundary b2,3 is governed
by the amount of taste overlap that friend has with the ac-
tive user. Such nodes are automatically scaled up to illustrate
their importance in the recommendation process. For exam-
ple, in Figure 2, profile x3a has more items in common with
x1 than any other node in the graph. Hence the node is drawn
close to the boundary b2,3.

Layer four can be considered the “important” layer, as it
contains the candidate recommendation set. These are items
which are not in the active users profile but are in the profile
of users in layer three. Again, these nodes are placed hori-
zontally between the layer boundaries (b2,3 and b3,4) based
on the number of edges incumbent from layer three nodes.
Nodes closer to the b3,4 line are more popular and are scaled,
highlighted and labeled, because they represent the output of
our visual recommender system. If the active user finds an
item in layer four that she likes, then she can drag it towards
the active user’s node and it will be added to her profile and
put with her other items in layer two.

Layer five contains friends who do not have anything in
common with the active user, but have some items from
layer four in their profile. Layer six would then contain these
friends’ items which are not liked by any friends in layer
three and so on until all friends and items are represented.
Due to the lesser importance of layer five and beyond for the
recommendation process they are given much less space in
the visualization than the first four layers, as can be seen in
Figure 1 and Figure 2. Figure 3 shows an alternate visual-
ization of the recommendation graph, where the layers are

c© 2010 The Author(s)
Journal compilation c© 2010 The Eurographics Association and Blackwell Publishing Ltd.



4 Gretarsson, O’Donovan, Bostandjiev, Hall, Höllerer / SmallWorlds: Visualizing Social Recommendations

Figure 2: Description of various forces and constraints in the layout algorithm.

bounded by concentric circles instead of areas bounded by
straight lines as in Figure 2.

3.1. Interaction and Weighting

Now that we have discussed the functionality of each layer
in our visualization, we move on to our weighting and in-
teraction model. In this section we present many formulas
that are used in the process of computing the recommenda-
tions and determining the position and size of the nodes in
the graph. We must first define our variables which are used
consistently across all the formulas in this section. I is the
set of items in the graph, U is the set of users in the graph,
excluding the active user, which is referred to as x. i is used
to refer to an item from I and u refers to items from U .

Each item i in layer two (the active user’s profile items)
holds a weight between 1 and 5 (both inclusive). The de-
fault weight is 1 for every item to simply reflect presence
of an item in a profile. Any item node can be clicked on
and dragged horizontally, towards or away from the ac-
tive user’s avatar. Based on the drag distance, an associated
weight changes until it reaches a maximum of 5. However, if
the user drags the node outside the boundary between layer
2 and layer 3 then the selected item is removed from the
user’s profile and will be placed in layer 4. This simple item
weighting is given by Equation 1

1 <= ItemWeight(i)<= 5 (1)

Of course, this is just the weight for a single item. In order
to compute the positioning for users in layer three, we need
to know the total weight of all of the items that a layer three
user has in common with the active user. Nodes with larger
weights are placed closer to the left border and increased in
size to illustrate their relevance, as with profile x3a Figure
2. This computation forthe active user x and a given user u
follows as Equation 2:

TotalWeightO fCommonItems(x,u) =

∑
i∈I

(Likes(x, i) ·Likes(u, i) · ItemWeight(i)) (2)

where Likes(u, i) returns 0 or 1 (item i is listed in the pro-
file of friend u)

In our initial design, this value was computed as a count of
the number of common items between the two users. How-
ever, Equation 2 reflects user preference more accurately as
it considers the preference tweaking that a user makes on
their profile items. Since each graph on Facebook is differ-
ent and we do not have a predefined dataset and since users
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can modify weights through interaction with the visualiza-
tion, we must calculate the total item weight on the fly in
order to gain meaning from the value in Equation 2. The to-
tal weight of items for a user u is given by Equation 3.

TotalWeightO f Items(u) =

∑
i∈I

(Likes(u, i) · ItemWeight(i)) (3)

Friend nodes in layer three of Figure 2 are also initialized
with a default weight of 1. If a friend node is moved further
from the active user’s node on the left, the weight becomes
less than 1, and conversely is increased as it is dragged
closer. This value is represented as UserWeight(u) (similar
to Equation 1 ). The range of this function is bounded by 0
on the lower end, but only bounded by the border between
layer two and layer three on the upper end, i.e. the user can
keep dragging the node towards the active user’s node (and
thus increasing the UserWeight) until it reaches the border
between layers two and three. Dragging a friend who has lit-
tle in common with the active user all the way towards the
layer two boundary will result in a much higher UserWeight
than dragging a friend who has much overlap to the same po-
sition, although their influence on the recommendation will
be the same.

Putting this all together, we get a value for the similarity
of a given friend, based not only on overlap between profile
items, but also based on user interaction, which we consider
to be highly important as it can be used to express facets of
trust, current mood and other user-specific preferences. The
similarity of a given friend node u to the active user x is
represented as Equation 4.

UserSimilarity(x,u) =
UserWeight(u)·TotalWeightO fCommonItems(x,u)√

TotalWeightO f Items(x)·TotalWeightO f Items(u)
(4)

However, if a layer three friend node is moved up to a
boundary line, thus expressing the maximum preference for
that friend, the above computation can yield an inconsistency
if the user then expresses a higher preference for one of that
friends’s items. This produces an “over the top” effect where
the user’s preference is higher than the maximum for our
scale. To correct this, we place a limit on the upper bound
for the total similarity. This is shown in Equation 5

BoundedUserSimilarity(x,u) =
min(1,UserSimilarity(x,u)) (5)

To recap, layer four contains items which exist in the pro-
files of friends in layer 3 but are not contained in the ac-
tive user’s profile. Item nodes in this layer are scaled and
positioned based on the number of edges that link to layer
three (similar friend) nodes, and are scaled based on the re-
spective weightings of those connected layer three nodes.
Thus, the items in layer four are the candidate items for rec-
ommendation, and the larger nodes which are close to the

boundary b3,4 constitute a list of top-n recommendations.
The SmallWorlds graph visualization can be viewed as a vi-
sual, graph-based adaptation of a user-based ACF algorithm,
as proposed by Resnick in [RIS∗94], with one distinction–
Facebook preference data is binary. Accordingly, the “can-
didate” items in layer four are ordered based on Equation 6,
where Likes(u,i) returns 0 or 1 (user u likes item i, replacing
the explicit numerical rating used in [RIS∗94] )

Score(x, i) =

∑u∈U (Likes(u, i) ·BoundedUserSimilarity(x,u)) (6)

The interaction model discussed here produces dynamic
item recommendations in real time based on the data ac-
cessible through an individual Facebook profile. The system
is accessible through a simple, web-based graph interface
which is described in the next section.

Apart from the weighting and interaction models, several
additional forces are applied to the nodes to produce the
clean layout shown in Figure 2. At a general level, the graph
layout can be viewed as a layer-constrained Fruchterman-
Reingold force directed algorithm. The basic algorithm has
been substantially altered and a number of constraints have
been added. Each node has a preferred distance from the
central node (based on ItemWeight (layer 2), userSimilarity
(layer 3), and itemScore (layer 4)). Every 5th iteration of the
F-R based layout algorithm, the node is pulled back to this
distance from the active user’s node. In the case of circular
layout the actual euclidean distance is used, but in the exam-
ple in Figure 2 a 1-dimensional distance along the x-axis is
used. Lastly, nodes are spread out along the vertical axis by a
repelling force between each node (a constrained version of
the standard F-R layout algorithm). In the evaluated version
of the system, node size was not a factor in the layout algo-
rithm, although this has been incorporated into the current
implementation of the system.

3.2. Web-Based Architecture

Before we present our evaluation, we must address several
important points about the architecture of the SmallWorlds
application, which delivers real-time, smooth graph interac-
tions and animations in the web. To achieve scalability, fast
graph layouts, and real time interactions, all of which po-
tentially require a lot of computational resources, it is not
always possible to rely on the capabilities of a client ma-
chine. Accordingly, a design choice was made to avoid using
standard rich internet technologies such as Java Applets and
Flash, as these technologies rely on client-side processing.
The SmallWorlds Facebook application is deployed as an I-
Frame in the standard Facebook application architecture [?].
Within this frame, the SmallWorlds graph is simply a bitmap
representation of a graph model that has been computed on
a remote server and streamed across a network in real time
(approximately 10 to 20 FPS for a standard network). Inter-
action is achieved on this graph by capturing mouse move-
ments in JavaScript and streaming them back to a graph
server, where the appropriate layout or interaction functions
compute a new representation of the graph model and stream
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Figure 3: Example of a concentric layout for item rec-
ommendation. As profile or friend nodes are dragged,
item nodes move relatively based on the weighting and
interaction models.

it back to the server. Research on this web-based visualiza-
tion technique [GBOH09] has shown that given a reasonably
fast interaction algorithm, responsive interactions are sup-
ported for graphs of the order of hundreds of thousands of
nodes†. An advantage of this architecture is that no browser
plug-ins are required, and performance of layout and inter-
action does not depend on the potentially poor capabilities
of a client’s computer. For the Facebook profiles that have
been analyzed thus far, since we have only tested with books,
movies, and music in a single graph, the largest size graph
we have visualized for a single profile is still less than 2000
nodes. However, if the application amasses enough users, the
architecture is capable of supporting fast interactive visual-
izations with a multitude of domain items on a single graph.

4. Evaluation

Since the SmallWorlds application is a visual interactive
tool, deployed over the limited dataset from Facebook API,
we cannot adopt the standard large scale automated tests to
evaluate the quality of recommendation algorithm in terms
of accuracy. The nature of the application also precludes
standard Precision-Recall testing used in Cranfield-like eval-
uations. Accordingly, we test the quality of the interface
through analysis of interactions in a user study. Although
they are highly dependent on each other, a distinction should
be drawn between the qualitative evaluation of the visual in-
terface and the recommendations it is used to produce. For
example, we find that users with more than 200 friends re-
ported a much higher satisfaction rating with the system,
compared with users who had less than 50 Facebook friends.
This most likely occurs because they had much richer graphs
due to increased taste-overlap with their many friends. To
test the quality of recommendations produced, we com-
pare SmallWorlds against a benchmark system which uses

† www.wigis.net

a database of millions of ratings [MAL∗03], and perform a
small scale leave-one-out accuracy comparison.

4.1. User Study
To evaluate the interactive visualization components of the
system, we performed a study consisting of 17 controlled
user trials. The objective of the trials was to address the
research questions raised in the introductory text. The user
study was designed to gain as much information as possible
about users’ overall experience while using the system to
get recommendations and explore their peer’s movie tastes.
Specifically, the study looked at sense of control, and satis-
faction levels. In addition, the study examined the degree
of “latent information gain” that occurred while users in-
teracted with the visual interface. A comparison was made
over a range of tasks between the standard, html-based Face-
book interface, and two configurations of our SmallWorlds
interface. Lastly, the study compared results from the Small-
Worlds system to a benchmark recommendation system in
terms of user satisfaction. The purpose of the comparison
against the text-based interface is not to show that Small-
Worlds is “better” than the Facebook interface, but rather
that it does have inherent shortcomings because it is largely
text-based. For example, discovery of information about
trends, cliques and other metrics that require analysis of data
from multiple friends profiles simultaneously.

The study opened with a pre-test questionnaire, followed
by a set of 7 information discovery tasks involving a bench-
mark recommendation system, the standard Facebook web
interface and various configurations of the SmallWorlds ap-
plication. On average, studies lasted for 30 minutes, the ma-
jority of which was spent on the 7 tasks. To eliminate bias,
question ordering was randomized and questions which re-
quired Likert Scale (1-5) answers had the scale direction
randomly switched. Orders of tasks were also randomly
switched to minimize possible learning effects which could
potentially skew results. User interactions were logged and
initial graph visualizations were stored for later analysis. Af-
ter completion of each task, users filled out a post-study
questionnaire designed to compare the interfaces, and an-
other questionnaire was filled out shortly afterwards to fur-
ther analyze the SmallWorlds tree-layout which was the best
overall performer in the earlier test.

4.1.1. Participants
17 participants undertook the study. Participants were
mainly from a university at all levels from undergraduate to
faculty. The group of participants consisted of 14 males and
3 females, ranging in age from 21 to 33 with an average of
27.2 years (median: 27). Most participants reported that they
were regular Facebook users (23% daily, 60% weekly). Par-
ticipants exhibited diversity in number of Facebook friends,
which ranged from 50 to 1200 with an average of 240 (me-
dian 215). The most commonly reported favorite Facebook
application was online poker. Quiz applications were also
popular. We queried about data privacy on Facebook, partic-
ipants almost unanimously reported that they would not per-
mit an unfamiliar application to access their profile data. On
average, participants reported that they were familiar with
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recommendation systems and have used them in the recent
past. When asked about where participants get recommen-
dations for new media such as music and movies, the large
majority (73%) reported that it was from online sources as
opposed to direct communication with friends. To prevent
studies from becoming over-lengthly, our data domain was
restricted to movies only. It was ensured that all participants
had a minimum of 10 movies in their Facebook profile prior
to the study. Profile size ranged from 10 to 25 with an av-
erage size of 14 (median 15). Reported knowledged of the
domain varied from poor to excellent across all participants
with the majority reporting a very good knowledge.

4.1.2. Information Discovery Tasks
A set of 6 tasks (tasks 2-7, below) were designed to allow
for a comparison between the Facebook interface, a Small-
Worlds tree-like layout and a SmallWorlds circular layout.
The list below presents an overview of each task. A 2-task-
3-interface Graeco-Latin square approach was used to assign
tasks to users to avoid a learning pattern. All users completed
task 1.
1. Task 1: Familiarization (5 mins, supervised)
2. Task 2: Find popular items in your peer-group.
3. Task 3: Find your 3 most similar peers
4. Task 4: Find your 3 least similar peers
5. Task 5: Get recommendations through layout only
6. Task 6: Get recommendations through layout and inter-

action
7. Task 7: Get recommendations through layout and inter-

action, with layer 4 (candidate-set) items hidden.
Figure 4 shows the results from the comparison study. The

Sn values on the x-axis represent the statements shown in
Table 1, which users were asked to rate on a 5-point Likert
scale of increasing satisfaction. A within-subjects ANOVA
revealed a significant difference (p < 0.05). As expected
there was a significant improvement reported over all met-
rics (S6 being negative) for the two visual interfaces over
the standard Facebook interface. To re-iterate, the Facebook
text based interface is included in the comparison only to
highlight that it does have shortcomings for certain complex
information discovery tasks such as those listed above, and
that it could benefit from the addition of a visual component.
The tree-based layout (SW-Tree) produced better satisfac-
tion ratings than the circular layout (SW-Circular) with the
exception of S5 in which the circular layout was reported to
be around 12% more intuitive. This was an unexpected result
since it is easier to visually distinguish between node layers
in the tree layout. Across the other metrics listed in Table 1
the increase in satisfaction for the SW-Tree method over the
circular method ranged from about 6% to about 12%. When
asked if the interface was “clumsy” for the given tasks, there
was disagreement for both tree and circular layouts (S6) and
agreement for the text-based interface. Participants strongly
agreed that the tree-graph was globally effective for finding
commonalities in movie taste (S1), was highly informative
(S7, equally with the circular graph) and generally helped
to explore the given topic (S8). The largest win for SW-
Tree over SW-Circular was on S9, which refers to profile
building capability. On the facebook interface, during pro-
file building, items are suggested in drop-down lists as they

Figure 4: Comparative results showing user perception
of three interfaces.

# QuestionDescription
S1 effective for finding commonalities in taste
S2 item popularity easily discoverable
S3 interesting items easily discoverable
S4 was easy to use
S5 was intuitive overall
S6 was clumsy overall
S7 was informative overall
S8 helped you to explore the given topic
S9 helped you to build your movie profile

Table 1: Likert Scale Questions from the User Survey.

are typed into a profile, but it is not possible to look at a
friend’s profile and click an item to have it appended to your
profile. This can only be performed with a standard copy-
and-paste, which involves further navigation and reloading
of web pages. Profile-building is facilitated in SmallWorlds
based on items in friends’ profiles. A user can click on any
item that is liked and drag that item all the way from layer
four (friends items) into layer two (the active user’s profile).
This action causes the dragged item to be added to the active
user’s Facebook profile, and causes the weighting model to
rearrange the graph layout based on the updated profile in-
formation. It is believed that this feature caused the prefer-
ence to lean towards SW-Tree for S9, since the layer bound-
aries (bn values in Figure 2) are less clear in the SW-Circular
method (shown in Figure 3).

The results shown in Figure 4 clearly show a significant
preference for SW-Tree over the other approaches. Once
this result was ascertained, users were given a more detailed
questionnaire relating specifically to the SW-Tree interface.
This second questionnaire was designed to gain more in-
foramtion about the user-experience with the SW-Tree in-
terface, and to probe into user satisfaction with the recom-
mendations generated by interactions with the SW-Tree vi-
sualization. Figure 5 shows both the questions asked and the
reported results for each. Again, questions were posed in a
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5-point Likert scale format. A one-way ANOVA showed sig-
nificance with p < 0.072 on average. Both the first and last
questions in Figure 5 are repeated from the previous ques-
tionnaire with a different wording as a sanity check. Ratings
only differ from their partner questions ( the leftmost bar of
S6 and S1 in Figure 4) by less than half a rating point (with
one of the results exactly equal). It was found that users gen-
erally liked the interface and felt that they would like to use
the system again on their own time to explore their peers’
item preferences. Participants were asked about the sense of
control that the visualization/interaction gave them over the
item prediction algorithm. The result reported (Q4 in Fig-
ure 5) is less than originally anticipated at 3.82. This is most
likely because of the item nodes in layer 4. In our initial de-
sign, layer four nodes, which are the set of items in friend’s
profiles which are not in the active user’s profile, were made
non-interactive. That is, they can not be moved individually
with a click-and-drag. The original motivation for this de-
cision was to make the SW-tree layout model a traditional
ACF algorithm as closely as possible. In ACF, predictions
are generated based on user ratings on their profile items,
not necessarily on the candidate recommendation set. How-
ever, freetext comments at the end of the survey included the
following "a sense of restriction", "wish I could move all of
the nodes", "last layer nodes should be movable". Accord-
ingly, the layout algorithm and interaction model was up-
dated shortly afterwards to extend weightings to layer four
items, and allow users to rate them. This also provides a good
feedback mechanism to assess system performance. If many
individual layer four items are dragged away, then the pre-
diction algorithm is doing badly for the current user.

Probably the most important result from this question-
naire shows us that users felt that the complex process of rec-
ommendation was explained to them as they were interacting
with the SW-Tree layout. This sentiment is manifested in re-
sult 8 of Figure 5 as about 4.5 from a possible 5 rating points,
and is a very promising result. If a complex process such as
ACF can be easily explained through an interactive graph
interface, then the SmallWorlds tool can serve as a pedagog-
ical aid for ACF and possibly for other collaborative algo-
rithms. Moreover, by explaining where recommended items
are coming from, we are increasing the trust and confidence
that end-users will place in the final output.

4.2. Quality of Predictions
Because of the novel nature of the SmallWorlds application,
a fair comparison with a benchmark is difficult to compose,
since benchmark recommendation systems such as Movie-
Lens [RIS∗94] [HKR00] are usually run on larger datasets.
Although accuracy of a prediction system is not a common
focus among visualization researchers, the authors feel that it
is important to demonstrate the quality of predictions which
are generated from interactions with the SmallWorlds visual
recommender, as they have a bearing on the overall experi-
ence that users had with the visual interface.

4.2.1. User Satisfaction
Since our system only operates on the limited data available
from Facebook, and since our system requires user tweaks

Figure 5: Overall user experience with the Smallworlds
tree-like graph.

and interactions, it is difficult to compare with MovieLens
directly. However, during the user evaluations, the Facebook
movie profile was stored (with permission) from every user
and input into an implementation of a benchmark ACF pre-
diction algorithm using the MovieLens 100000 numerical
rating dataset [MAL∗03]. An ordered list of 10 recommen-
dations was generated by the algorithm for each participant.
These were randomized and the participant was asked to rate
them. Interestingly, when compared against the satisfaction
rating generated from SmallWorlds which used only hun-
dreds of binary ratings, made from close friends of the tar-
get user, the empirical accuracy difference was surprisingly
small, especially after interaction occurred in the interface.
Table 2 shows the results of this comparison for the bench-
mark and the SW-Tree method both with and without user
interactions. By using the SW-Tree layout which is compu-
tationally equivalent to a standard ACF algorithm, but only
uses peer profile data from Facebook, a mean absolute error
(MAE) of 1.22/5 (or 24%) was produced. When interaction
was applied (without the user seeing the candidate recom-
mendation set), MAE was reduced to 0.81 (16.2%). Consid-
ering that the MovieLens system, which used several orders
of magnitude more training data produced an MAE of 0.75
or 15%, only 1.2% better than our SW-Tree approach, we
extrapolate that the use of underlying social connections can
greatly boost the performance of an ACF algorithm. Further-
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Method MovieLens SW-Tree (interactive) SW-Tree
Satisfaction 4.25 4.19 3.78

Table 2: Satisfaction ratings of item predictions for
Movielens and for SmallWorlds with and without user
interactions.

more we find that a visual interface can increase both accu-
racy as well as confidence in the system’s predictions.

Since participants in our user trials had varying profile
sizes, a brief analysis examining the correlation between
Facebook neighborhood size and satisfaction with the sys-
tem predictions was performed. While the analysis does in-
corporate quality of predicted items, it also considers the var-
ious different graphs that were created based on participants
profiles. Usually, participants with larger profiles did have
more overlap in taste, and more layer two nodes on their
SW-Tree visualization. Figure 6 is a scatterplot with a trend
line showing the number of friends on the x-axis and overall
satisfaction with the system on the y-axis. The data series
represent reported satisfaction using layout only, and then
using layout and interaction. There is a clear improvement
in user satisfaction shown for most cases after interaction
has been performed. The more interesting result from this is
that that trend shows a tentative ROC-curve which highlights
200 friends as a threshold number for a participant to report
a high level of satisfaction with the recommendations. Pro-
file sizes greater than this threshold do not exhibit a relative
increase in satisfaction.

4.2.2. Automated Accuracy Test

To boost the reliability of our previous results, which was
based only on 17 participant profiles, we preformed a cross-
fold validation through a leave-one-out analysis based on the
ratings collected in the user study. For every user in our study
we ran both SmallWorlds and MovieLens QuickPick[Gro09]
on the dataset multiple times, with one item removed from
the profile each time. A prediction was then generated for
the “removed” item and the result was recorded. A predic-
tion was made for every item in the active user’s profile. The
number of items in each user’s graph varied depending on
the movies they had listed and the number of friends they
had on Facebook. On average there were 179 items in the
graph, ranging from 25 to 521 and the median was 128.

MovieLens QuickPick only returns a list of top 12 rec-
ommendations so we compared how often the removed item
was in the top 12 list for each system. On average 1.94 items
appeared in the top 12 list on SmallWorlds, while for Movie-
Lens the average was 0.82. In reality, users are more inter-
ested in prediction order, rather than average numerical rat-
ings. To assess the performance of SmallWorlds on this top-
n metric, relative positioning of items was recorded. For 9
of 17 users SmallWorlds had more movies in top 12 than
MovieLens did, for 4 users MovieLens did better, and rank-
ing position was tied for 4 users.

A similar analysis was carried out for number of items in
top 5 and in first position (which would obviously be the
ideal spot for the removed item). The average number of

Figure 6: Relation between satisfaction with recom-
mendations and number of Facebook friends.

items in top 5 was 1.00 for SmallWorlds and 0.65 for Movie-
Lens. For 7 of our users SmallWorlds got more items in top
5 than MovieLens did, but for 3 of our users MovieLens did
better. For 7 users the predicted rank was tied. The average
number of items in the number one spot for SmallWorlds
was 0.47 and 0.18 for MovieLens, meaning that most of the
time none of the removed items appeared in the number one
spot. For 5 of our users SmallWorlds predicted more items in
the number one spot than MovieLens did, while MovieLens
only did better in 1 case. For 11 of our users, both systems
predicted an equal number of items in the number one spot.

Lastly, all items listed in the top 12 for at least one of
the systems were examined for each user. The number of
times each system had the removed item ranked higher than
the other was recorded. On average SmallWorlds had 1.88
items ranked higher than MovieLens did, while MovieLens
did better for 0.65 items on average. In terms of number of
users, SmallWorlds did better for 9 users while MovieLens
did better for 4 and the systems did equally well for 4 users.
Again, the overall performance of SmallWorlds was surpris-
ingly high compared to the benchmark on the top-n metric,
reinforcing the fact that use of social connections greatly
boost the predictive accuracy of the system.

5. Conclusions

In this paper we have presented SmallWorlds, a live Face-
book application with a visual interactive interface that can
be used to control item predictions based on underlying data
from the Facebook API. We have presented a novel layout
and interaction algorithm which can be used for producing
item recommendations on a broad range of data. Results of
a user study have been discussed which provide insight into
the four research questions posed at the outset of this work.
On the visualization side, our findings indicate that a visual
interface does increase satisfaction in a system that makes
predictions for users, because it incorporates transparency.
Our results show that facilitating interactions with a visu-
alization of a computational process provides a user with a
sense of control over the outcome of that process, and there-
fore increases overall trust in the final result. On the social
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computing / AI side, our analysis has shown pre-existing
friend connections can be used to boost satisfaction in pre-
dictions made using small datasets such as the data accessi-
ble from a single user on Facebook.
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