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ABSTRACT

We present NodeXL, an extendible toolkit for netkvorerview,
discovery and exploration implemented as an addeinthe
Microsoft Excel 2007 spreadsheet software. We detnate
NodeXL data analysis and visualization featureshwét social
media data sample drawn from an enterprise intraoeial
network. A sequence of NodeXL operations from datport to
computation of network statistics and refinement naftwork
visualization through sorting, filtering, and cleshg functions is
described. These operations reveal sociologicalgfevant
differences in the patterns of interconnection agnemployee
participants in the social media space. The tool method can
be broadly applied.

1. INTRODUCTION

We describe a tool and a set of operations foryaisabf networks
in general and in particular of the social netwocksated when
employees use an enterprise social network servibe. NodeXL
tool adds “network graph” as a chart type to tharlyeubiquitous
Excel spreadsheet. We intend the tool to make aritanalysis
tasks easier to perform for novices and expentsthé following

we describe a set of procedures for processingalsoeitworks
commonly found in social media systems.
illustrations of the density of the company’s imi@rconnections,
the presence of key people in the network and iogiships

between network and job role attributes. We sugtiese steps
can be applied to similar data sets and describeduirections
for developing tools for the analysis of social maeghd networks.

Social media applications enable the collectiveatiom and
sharing of digital artifacts. The use of theselgomherently
creates network data. These networks represemntaheections
between content creators as they view, reply, at@obr
explicitly link to one another’'s content. The mafgyrms of
computer-mediated social interaction, including ynaommon
communication tools like SMS messages on mobilenphpemail
and email lists, discussion groups, blogs, wikisotp and video
sharing systems, chat rooms, and “social networkices", all
create digital records of social relationshipsmast all actions in
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a social media system leave a trace of a tie betwsers and
other users and objects.

These networks have academic and practical vahey offer
detailed data about previously elusive social pgses and can be
leveraged to highlight important content and cdmttors. Social
media systems are at an inflection point. Authpriools for
creating shared media are maturing but analysids tdor
understanding the resulting collections have laggess large
scale adoption of authoring tools for social meianow no
longer in doubt, focus is shifting to the analysfssocial media
repositories, from public discussions and mediaisbasystems
to personal email stores. Hosts, managers, aridugausers of
these systems have a range of interests in impydbie visibility
of the structure and dynamics of these collections.

We imagine one network analysis scenario for NodeXLbe to

analyze social media network data sets. Many usens

encounter Internet social network services as waslistores of
personal communications like email, instant messagg chat
logs, and shared files. Analysis of social medapations and
artifacts can create a picture of the aggregatetstre of a user’s
social world. Network analysis tools can answeedgions like:

What patterns are created by the aggregate ofairttens in a
social media space? How are participants connetdedne

another? What social roles exist and who playtscariroles like

connector, answer person, discussion starter,rtenbcaretaker?
What discussions, pages, or files have attractechtbst interest
from different kinds of participants? How do netWwetructures
correlate with the contributions people make withie social
media space?

There are many network analysis and visualizatatware tools.
Researchers have created toolkits from sets ofarktanalysis
components not limited to R and the SNA libraryNTk] Guess,
and Prefuse [[2], [12], [15]]. So why create arsstmetwork
analysis toolkit? Our goal is to create a toot #haids the use of
a programming language for the simplest forms otada
manipulation and visualization, to open network Igsia to a
wider population of users, and to simplify the gs& of social
media networks. While many network analysis progremg
languages are “simple” they still represent a digant overhead
for domain experts who need to acquire technicdlssland
experience in order to explore data in their speditld. As
network science spreads to less computational kyaditimically
focused areas, the need for non-programmatic adesf grows.
There are other network analysis tools like Paj¢€|Net, and
NetDraw that provide graphical interfaces, richrdities of
metrics, and do not require coding or command direcution of
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Figure 1. NodeXL Menu, Edge List Workshee, and Graph Display Pane

features. However, we find that these tools arsiged for
expert practitioners, have complex data handlimgl @mflexible
graphing and visualization features that inhibidevi adoption

(4], [51]-

Our objective is to create an extendible networ8lysis toolkit

that encourages interactive overview, discovery arploration

through “direct” data manipulation, graphing andudlization.

While relevant for all networks, the project hasp&cial focus on
social media networks and provides support for gisamail,

Twitter and other sources of social media netwosdtadsets.
NodeXL is designed to enable Excel users to easiport, clean-

up, analyze and visualize network data. NodeXleras the
existing graphing features of the spreadsheet thithadded chart
type of “network”, thus lowering the barrier for ggtion of

network analysis. We integrated into the Excel 28pieadsheet
to gain access to its rich set of data analysischiaditing features.
Users can always create a formula, sort, filtesioply enter data
into cells in the spreadsheet containing networta.daNodeXL

calculates a set of basic network metrics, allowisgrs familiar
with spreadsheet operations to apply these skillsetwork data
analysis and visualization. Those with programmgkijls can

access the NodeXL features as individual features library of

network manipulation and visualization components.

In future work we report on the deployment of Notleahd the
observation of work practices with the tool acr@ssange of
users. In the following we give a brief overview the tool,
examine related work and describe key NodeXL festihrough
an analysis of a sample network data set colledteth an
enterprise intranet social media application.

2. NodeXL OVERVIEW

The NodeXL—Network Overview, Discovery and Expldoat
add-in for Excel 2007 adds network analysis andialigation
features to the spreadsheet. The NodeXL source eodl
executables are available Bttp://www.codeplex.com/NodeXL
NodeXL is easy to adopt for many existing userExdel and has
an extendable open source code base. Data entetedthe
NodeXL template workbook can be converted into eealed
graph chart in a matter of a few clicks. The sofevarchitecture
comprises three extendable layers:

Data Import FeaturesNodeXL stores data in a pre-defined Excel
template that contains the information needed fenegating
network charts. Data can be imported from exisfagek files,
other spreadsheets, comma separated value (CS&9, fibr
incidence matrices. NodeXL also extracts networkmfa small
but extensible set of data sources that includeslestored in the
Windows Search Index and the Twitter micro-bloggmegwork.
Email reply-to information from personal e-mail rsages is
extracted from the Microsoft Windows Desktop Seanotiex.
Data can also be imported about which user sulescrib one
another's updates in Twitter, a micro-blogging abaietwork
system. NodeXL has a modular architecture thatwallfor the
integration of new components to extract and impettvork data
from additional resources, services, and applioatiothe open
source access to the NodeXL code allows for a comtmuof
programmers to extend the code and provide intesfdo data
repositories, analysis libraries, and layout metho8preadsheets
can then be used in a uniform way to exchange mktdata sets
by a wide community of users.

Network Analysis ModuleNodeXL represents a network in the
form of edge lists, i.e., pairs of vertices whigk also referred to
as nodes. Each vertex is a representation of aity a@nt the
network. Each edge, or link, connecting two vedicis a
representation of a relationship that exists betwt#®m. This
relationship may be directed or not. Some relatigpss are bi-
directional (like marriage); others can be uni-dilenal (like
lending money).

An edge list is, minimally, a pair of entity namehich indicate
the presence of a relationship. These lists caexXpended with
additional columns that can contain data aboutréiationship.
NodeXL includes a number of software routines falcalating
statistics about individual vertices including iegplee, out-degree,
clustering coefficient, and closeness, betweenneasd
eigenvector centrality. Additional analyses feasurean be
integrated by advanced users. The results of tiwonle metric
calculations are added to the spreadsheet as @uittolumns
that can be further combined and reused in Exaehdita during
analysis and visualization. Spreadsheet featukesdata sorting,



calculated formulae, and filters can be appliechétwork data
sets directly.

Graph Layout EngineNodeXL provides a canvas for displaying
and manipulating network charts and data. Users agply a
range of controls to convert an edge list into afwisnode-link
chart. These include display options that spetiéydappearance of
individual edges and nodes as well as the oveagthut of the
network. The lines between nodes that represergsedgn have
different thickness, color, and level of transpasedepending on
the attributes of the data or parameters specifigdhe user.
Similarly, each node representing a vertex candieas have a
different location, size, color, transparency, loage. Optionally,
the user can specify images to replace the nodgeesha

Reliance on a spreadsheet does limit the scaleodeXL data
sets to small and medium size networks with thodsaa tens of
thousands of nodes. However, we see a great vélwerking in
that spectrum of network analysis problems. Fimstworks with
a few thousands of nodes and edges are alreadicientfy
challenging for visualization and interpretationdaexhibit a
variety of complex issues that we attempt to addres our
research. Second, networks of such size are alailatdiverse
usage scenarios, allowing us to explore a rangesign choices
and principles. Third, the practical scale supgbrby standard
spreadsheets will itself also expand over time, dgample, the
latest version of Excel limits spreadsheet sizéheolimits of the
computer's memory and storage resources ratherahambitrary
value. Most networks even when composed of bilicof
elements will ultimately need to be reduced tonaitéd set either
by aggregation or by selectively focusing on a segion of the
larger network.

Following a brief review of related efforts in gtapisualization
and exploration, we offer a step-by-step guideh® ¢reation of
NodeXL visualizations and highlight analysis feasirof the
toolkit. We conclude with the discussion of chafjes and future
directions for network exploration tools.

3. RELATED WORK

Over the years there have been various effortsdvige flexible,

interactive, and effective exploratory interfacesr fhetwork
analysis [[11], [13]]. For example, the SocialActitool provides
real-time exploration, filtering and clustering @ions for small
to medium sized networks by integrating statistiesd

visualizations [[16], [17], [18]]. An alternate pgach applies
semantic substrates, i.e., attribute-based layoutehich node
attributes govern assignment to regions, e.g., g@msain one
region, employees in another, and customers inird.thThen
node placement within regions is determined by ro#t&ibutes
and the user can control edge visibility to redetater [[3],

[20]]. The pursuit of less cluttered and more réinea
visualizations has prompted further research orsares of graph
layout quality [7].

The value of network visualizations for investigati social
structures of computer-mediated interactions iswshdn a
growing number of recent papers [9]. Welser ef24] show that
distinct connecting patterns among users are retata variety of
social roles that, in turn, form complex ecosystémsocial media
spaces. Social network diagrams were used tdrélieskey social
roles found in discussion spaces and wiki documentduding
‘answer people’, ‘discussion people’, ‘discussidarters’, and
people who specialized in improving the formattafgviki pages.

Adamic et al. [1] illustrate the value of sociakmerk analysis for
understanding the social connections within quastind answer
discussions in the Yahoo! Answers system. Theunalizations
of different collections of messages, grouped lopmmon tag or
category, illustrate a range of social practiced patterns, from
question and answer exchanges to long debatesgumehents.

4. NETWORK ANALYSIS GOALS

Network graphs can be explored along multiple disie@ms, most
prominently scale and time. Some research questamus on the
structure of the whole graph or large sub-grapliseroquestions
focus on identifying individual nodes that are o#rtcular

interest. Some analysts will want to analyze tHele graph
aggregated over its entire lifetime; others willnvao slice the
network into units of time to explore the progressiof the

network's development. Attempts to enumerate théwaork

analysis tasks that most analysts will want togrenfon their data
set are promoting discussion [13]. A starting pasnthe list from
Perer and Shneiderman [17]:

1. Overall network metrics, e.g., number of nodes, nemnof
edges, density, diameter

2. Node rankings, e.g., degree, betweenness, closeeesality

3. Edge rankings, e.g., weight, betweenness centrality

4. Node rankings in pairs, e.g., degree vs. betweanpéstted
on a scatter gram)

5. Edge rankings in pairs

6. Cohesive subgroups, e.g., finding communities

7. Multiplexity, e.g., analyzing comparisons betwedifedent
edge types, such as friends vs. enemies.

These tasks serve higher level goals for most métwaalysis.
At its most basic level, the initial goal is to gpabasic insights
into its macro structure. From an overview, thalgst can begin
to seek sub-elements of the network that are dfqodar interest.
This may involve finding sub-groups or cliques ameasuring
their cohesionn terms of the density of their internal connexs.

At the micro-level, network analysts focus on indial nodes.
Some nodes are notable, for example, because theg &an
extreme degree of connection to other nodes. Fawank
analysts, the connection of such nodes to one anathd their
‘betweenness’ or various forms of centrality (likdegree,
closeness and eigenvector centrality, among otlaesommon
topics of interest. Some nodes play critical rasdridges, sinks,
or sources within the network. With an overviewaofietwork in
place, analysts may seek to find the gaps or holéise network
that could indicate missing data, a hidden actog strategic gap
that should be filled. These measures changetowerand many
analysts also seek to map diffusion and changetover

We describe NodeXL features that demonstrate how
accomplish some of these basic network analydis tas

5. SYSTEM DESCRIPTION AND

WORKFLOW

The core of NodeXL is a special Excel workbook téated that
structures data for network analysis and visuabmat Six main
worksheets currently form the template. Thereveseksheets for
“Edges”, “Vertices”, and “Images” in addition to wsheets for
“Clusters,” mappings of nodes to clusters (“Clustartices”),
and a global overview of the network's metrics (‘&@al
Metrics”).

to
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Figure 2. NodeXL template worksheets

NodeXL workflow typically moves from data import rdugh

processing, calculation and refinement before tiegulin a

network graph that tells a useful story (Figure.2@hese steps
include:

Step 1. Import dataNetwork data can be imported from one or
more network data sources. Users may have ddiesne.g. in
text format, separated by delimiters, or stored réhational
databases. Wherever the data originates, it isrestinto the
NodeXL template in the “Edges” worksheet in themoof pairs
of names, along with any additional attributes alrelationship
between them. Multiple edge lists can be storedhm same
spreadsheet, expressing different relationshipsngmm set of
nodes or the same relationships at different tinRRslationships
can be annotated with multiple additional colummbkich can be
used to set values for display attributes. Dataathe “strength”
of the relationship can be included, or edges earmotated with
the time slice or date range in which they occuratbwing a
single dataset to contain edges over multiple perods.

Step 2: Clean the datéif required). This typically involves
eliminating duplicate edges when appropriate. Bata can often
be noisy and contain redundant data. In some caswegork
measures cannot be calculated correctly if multguiges between
the same pair of entities exist in a single data e these cases
redundant edges may be aggregated into a single with a
weighting that reflects the number of original arstes.

Step 3: Calculate graph metricsA range of measurements exist
that capture the size and internal connectivitg oftwork as well
as attributes of each node. NodeXL supports amahget of the
most crucial network measures for individual nodes:and out-
degree, clustering coefficient, and betweennessseckess, and
eigenvector centrality. This operation also pofadahe Vertex
worksheet with a unique list of nodes and theimvogk measures.
In some cases multiple edges between nodes arefpattat is
interesting in a data set and should be retainspitethe fact that
some metrics will be inaccurate and should be igthorNodeXL
marks these network metrics with the Excel “Bad’nfat if asked
to calculate some metrics with duplicate edgeséndata set.

Step 4: Create clustersNetwork nodes may share a variety of
attributes. It is often useful to group and analflzem together.
NodeXL has a clustering algorithm and allows udersreate
clusters and map nodes to them by editing the &isisand
Cluster Vertices worksheets. Each cluster can hs/eown
display attributes with a distinctive shape, colosjze,
transparency or image. Users can toggle the disggdlalusters so
that the display features for each node is repldethe display
features for its cluster (if any).

Step 5: Create sub-graph image®/hole graph images are often
too large or dense to reveal details about indaiiduodes or
clusters. Sub-graph images produce a local nettf@kcenters
on each node at a time and encompasses the noddsctoit is
immediately connected. These extracted images eamudeful
representations of the range of variation in theallonetwork
structures of the population in the network.

Step 6: Prepare edge listblodes can have a “Layout Order”
value that governs the presentation of nodes irgthph display.
Nodes and edges have attributes that can be usedebthe data,
for example, ordering nodes by their date of fappearance or
rate of connection to other nodes. The value foumtLayout
Order” governs the order in which nodes are laitliodhe whole
graph visualization.

Step 7: Expand worksheet with graphing attribut@slumns can
be auto-filled to map data to display attributesGraphical

attributes of nodes and edges, their shape, cofmcity, size,
label, and tooltip can be altered to convey add#idnformation

in the network visualization. Images listed in tHenages”

worksheet can replace the shapes used to repnesées. Users
can insert additional numerical attributes aboutheaode in
adjacent columns. These attributes can be autoafigtscaled to
display characteristics. For example, each node h@se data
about the income of the person it represents orntimaber of
employees in an enterprise which could be mappethédosize,
shape, or color of a node. Once set, these mapgipgly to all

networks created from that point on with NodeXL iumngset.

This “sticky” layout feature simplifies the creatioof multiple

networks while maintaining consistency of displagppings.

Step 8: Show graph This opens or hides the graphical display
pane in which NodeXL will render a visualizationtb& network.

At each stage of the NodeXL workflow, the toolkitopides a
number of options; the workflow is not rigidly poebed. The
user can iteratively refine any stage of the anslyand
visualization. This may involve operations like:

Read workboak Load the current state of the network as stored
the spreadsheet and render it according to thetedléayout.

Adjust layout Select among a number of automated layout
options that govern where each node in the netwaitk be
located. Layouts include a force-directed Fruchger-Reingold
layout [10], that attempts to dynamically find gdat that clusters
tightly connected nodes near one another as welkiaple
geometric layouts like circles or grids.

Apply dynamic filters Selectively hide edges and nodes,
depending on the attributes of the network. Famaple, a filter
could hide all but the most connected nodes, owsbnoly the
edges that are ‘stronger’ than a selected thresheiltering may
involve “trimming” parts of the network and thencaéculating
network metrics and layout based on the remainygufation of
nodes and edges.

Re-render the graphRedraw the network based on remaining
nodes and edges and their changed display attsibute

Re-calculate network statisticReturn to the spreadsheet to sort
or calculate new data. Once initial visualizati@ns created, the
user may reorder nodes or import or calculate nata dssociated
with each node or edge.

Finalize the network analysi€reate final images or a data set
with an optimal network layout for sharing that Hlights
meaningful features of the network.

NodeXL users can perform all of the operations sstgd in the
network analysis tasks listed in Section 4.



6. NODEXL USAGE CASE
We demonstrate the use of the NodeXL tool for figdi
interesting patterns in a social media data set.

6.1 Data

We extracted eight months of data from a socialianagplication

users can hide or grey out nodes that do not meet af criteria
and thus reveal structures among selected nodearthatherwise
obscured. In Figure 5, the nodes with the highesteigree are
highlighted while all other nodes and associategesdare grayed
out. The resulting network is composed of the numstnected
nodes in the network.

used by a medium sized corporation. The companyemad yjsyal Enhancement&he network can be decorated to highlight

extensive use of an internal social networkingiserthat allowed
employees to explicitly identify other employeeshmivhom they
had a professional connection or friendship. Eiygds also
contributed heavily to an internal discussion weiard and a
collection of wiki documents. There were 174 ergpks and
other user accounts present in the data colleaiah fApril -

December 2008 (Table 1).

Table 1. Network data statistics

Metric Value

Vertices 174
Unique Edges 7,852
Graph Density 0.26

6.2 Data Visualization using NodeXL

Figure 3 displays the “raw” network of the “frientiés that users
created when they request and grant one anotheliciexp
connections in the internal social network servaggplication.
When a reciprocated tie is created, each persanfgwill list
the other person’s name as a “friend” or colleague.

Figure 3. The unrefined whole graph visualization bthe data
sample comprising 174 nodes and 7,852 edges

Whole graph visualizations are often chaotic atedjible. Figure
3 is no exception, as expected given its size aeddensity of
ties. The network density is 26% of all possibést{Table 1). We
now demonstrate several steps with NodeXL to expéord refine
the graph visualization.

Node and Edge FilteringThe chart in Figure 3 does convey the

high level of interconnection among members of ttésvork but
it obscures many important features like the keylesoand
patterns in the network. Using NodeXL dynamicefist (Figure 4)

key features with color, size, shape, transparamclyimages. For
example, the node sizes in Figure 6 are made piopat to their

in-degree, while the color is used to indicate Wiadue of their
clustering coefficient. From this display we cdrserve that the
larger core nodes, with high degree, have relativielwer

clustering coefficients because they connect toyng@ople who
are not themselves connected to one another. Nwoikshigh

clustering coefficients typically connect to fewpeople since
small groups are more able to connect every mertbesne

another.

" Dynamic Filters ==
Edge Filtters
Friendship Date:
5/22/2008 ~ | | 12/ 52008
Vertex Filters
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Figure 4. Dynamic filters allow edge and vertex attbutes to
determine what appears in the network visualization

Analysis of Ego-centric Network8sing the “Sub-graph Images”
feature users can generate a set of thumbnail srtage represent
the connections around each node in the networkrssan select
the number of steps away from each core node tadacn the
sub-graph. These ego-centric network images aeted in-line
with the other vertex data in the Vertices worksheEhis allows
the images to be sorted along with the other detales can be
sorted by any column using the spreadsheet sottirfea In
Figure 7 the nodes are sorted by decreasing cingteoefficient.



Figure 5. Filtered network, highlighting the most ®nnected
employees and their connections to one another.

Figure 6. NodeXL graph with node size proportionalto node
in-degree statistics and node color mapped to thealue of the
clustering coefficient: low values are indicated inred, high
values indicated by shades of green.

This combination of visual data representation atatistical

analysis support additional non-trivial observasiaout the data.

For example, sub-graph images illustrate how timeeselustering
coefficient can refer to very different local netkaizes: a triad
(row 4) has the same clustering coefficient of §5’a complete
graph (or strong “clique”) among a larger groupn(rb). Sorting
nodes by various attributes can help correlate owt\structures
and other attributes of the nodes.

Visualization through Alternative LayoutAdditional alternative
layouts may be useful for some data analysis asdalization.

For example, in Figure 8 the network is laid outigrid. Nodes
are ordered by the date on which they first coreteetith another
employee, laid out from left to right and top tattomn, where the
top-left node was the first joiner and the righttbm one was the
last joiner. This is roughly an indication of théire date since
most employees quickly used the company intrangabkoetwork

tool and began to link to other employees in theygany shortly
after being hired (many existing employees stamgdg the

Figure 7. NodeXL Vertex worksheet showing the listf nodes,
(employees), with sub-graph images indicating the ade-
networks (personal networks of colleagues) and seted
related metrics.

system in a large wave of “friending” when the systwas first
installed and made operational).

A grid layout shows some aspects of the networkenwearly

than one that clusters nodes tightly. As befdne, dize of each
node is proportional to the in-degree of that erypgéowhile its
color reflects the clustering coefficient of thatrgon’s network.
Greener nodes are employees whose connection eoaected
to one another. Red nodes are those with lowertering

coefficients, which indicate people who connegbéople who are
not themselves densely connected to one another.

Figure 8. A grid layout ordered by first connectiondate (from
left to right and top to bottom), sized by in-degre, and
colored by clustering coefficient. A recently hiredemployee’s
network is selected. High clustering coefficientare shown as
green.



While edges can be displayed in this layout, itp@ssible to
remove the clutter of the underlying edges. In tise-sorted
grid, it is possible to see that the more recehitgd employees
have been connected to by fewer other employees.etployee
is selected and that node’s edges or relationsbimections is
displayed.

Nodes can also be located on the grid based om attributes or
projected into any two dimensional space with the of the “X”
and “Y” data columns in the Vertex worksheet. Egample they
can be plotted in a coordinate space defined by thestering
coefficient and ‘betweenness’ centrality. Figursh®ws a scatter-
plot of these two statistics for the nodes in thepy.

Interactive Exploration of GraphsNodeXL enables users to
display and hide connectivity data interactively shown in
Figure 8. This particular graph highlights a rebtenhired
employee who is more connected to other employess others
among the latest hires in the data set.

Figure 9. Scatter plot of employees based on thddetweenness
centrality (y) and clustering coefficient (x) highighting the

same employee as Figure 8.Figure Size representsdegree,
Red maps to high clustering coefficient.

We note that highly connected employees, repredenith large
circles, tend to be red, indicating low clustericagfficient, i.e.,
the people they connect to are less well conndctethe another.
This is in contrast with employees with smallerdiegrees who
are designated with smaller size but often greeofr, i.e., with
higher clustering coefficients.

7. DISCUSSION

NodeXL is intended to simplify the process of netwalata
analysis, making it easier to convert edge listd @cidence
matrices into useful visualizations that accelerdiscovery.
Adding networks as a chart supported by a spreatisieduces
the barriers to network data analysis and maniuiatSince
network  visualizations are not always
comprehensible, simpler charts featuring a sub$ehetwork
attributes can be appealing during analysis. Rstance, scatter
plots of nodes led to insights into outliers angggavhen larger
network visualizations were visually muddled in Bb&ction
[18].

The use of a spreadsheet to host network data matesesolve
many of other long standing challenges facing netvemalysis in

immediately

general and network visualization in particular. etiork

visualizations can easily become unintelligibleconvey limited

information. Edge and node occlusion limit the temof nodes
and edges that can be distinctly displayed. Laydgorithms

often fail to find optimal arrangements of lineslarodes in order
to maximize the comprehension of the structurehef network.
Clusters of nodes are difficult to identify and megent,

particularly when a node participates in more tloae cluster.
Large scale data sets remain hard to display.

NodeXL has not directly addressed these and mamgr atf the
hard problems in graph layout and network visusiira
Nonetheless, the integration of network visual@adi in a
spreadsheet continues to yield surprising paydftg point to
improvements in some areas of the network analysi&flow.

In many cases, a spreadsheet is the existing hdmeuch
network data, reducing data migration and pipelssies. For
those who can code, the spreadsheet offers a nch deep
programming language. For those who do not corkgtiog a
spreadsheet formula may be a more accessible stiiilpowerful
way to manipulate data. NodeXL shows that a sicguift level of
flexibility can be achieved with nothing more than few
spreadsheet formulae.

Flexible slicing of dataOne of the strategies for increasing the
comprehensibility of network presentation is filtgy and slicing
the network. Spreadsheet features provide usefipcst for data
manipulations related to collections of edges frmitiple time
periods.

Time slices provide a natural and useful samplipgraach as
network analysts push past static graphs. The dgheat can
easily allow for the addition of columns that regmet the time
periods in which edges were active. These at&boan be used
to drive the “Visibility” control of each edge, alking users to
step through time slices using the dynamic filtersdirectly
manipulating the spreadsheet data. Short timesslin which
fewer modes and edges are present are often nteliégible than
longer time spans in which all nodes and edgegeesent and
displayed.

Extracting ‘strong’ relationships is an alternatite slicing a
network by time. Users can limit complexity by ctraging
relationships to the strongest present in the ndtwo “Tie
strength” is a common attribute associated with emlge, a
measure of how much the tie is active. The nurobeeplies one
person sends to another is an example of tie strerdy dynamic
filter can hide all nodes in a graph that do natret to another
node with a frequency or
Alternatively, attributes of individual nodes mag bdded to the
spreadsheet, for example the income of peoplesical network
or the publication citation count of a documentanresearch
literature can be selected to limit the humbereshaining nodes
and edges. All attributes of nodes and edges lumuts inserted
into the spreadsheet can be leveraged to conedligplay of the
network. These features are a benefit for thopéoerg data sets
with rich attributes.

Avoiding whole graph visualizations entirely is &m@r approach.
Instead of generating overly complex and muddy lgsapith too
much data, an alternative is to focus on ego-aenetworks [1].
NodeXL already supports the creation of sub-grdpim a larger
graph. This is a useful but often labor intengivecess in which
each node is visualized within its own “1.5 degreetwork of

strength above a threshold



links to and among node connections. The automatfothis
process allows for the rapid creation of small iplds of ego-
centric networks: grids of networks for each pgptaat that
support individual and group level comparisons lastrated in
Section 6.

Expanding the NodeXL layout engineghe application of
multiple layouts to different parts of the data cat help call out
important aspects of the network’s structure. Cioatiions of
different layouts can pull different classes of esdinto
complementary shapes or patterns that
interconnection. This points towards the potenti@nefit of
implementing features to support semantic substrate further
organize nodes into more comprehensible patterrobgtraining
nodes to regions in the network diagram.

Presentation of analysidNodeXL images prepared for use in print
are more constrained than exploring a network 8irac
interactively in the NodeXL application graph vimation pane.
Dynamic network exploration enables users to makerwise
visually opaque graphs more comprehensible as tiglylight
different aspects of the network.

8. FUTURE WORK

Network visualization is so complex a field thaérd is no limit
to the number of improvements and directions that NlodeXL
effort can take. A high priority item, however, ithe
implementation of better support for clusteringhetwork nodes.
This feature is needed to represent how groupsntfies are
bound, for example, by a common membership or shstatus.
Furthermore, clustering is required for normalizingltiple entity
identifiers that point to the same entity. For epéam multiple
forms of a name or email address that appear irdéte would
fragment a single person’s representation and taffex network
analysis by making what should be a single noderimny.

The data structures required to support clustereaabled in the
current version of NodeXL but we still need to desiand

develop graphical user interfaces for creatingtehssand adding
and removing nodes from clusters. These operatiegsire that
the layout algorithm be altered to operate contirslypas opposed
to the current ‘on-demand’ execution of the reqeesayouts.

The NodeXL toolkit currently provides only a minimset of
network measures. A vast number of network measbage yet
to be implemented. While key metrics are calcdateNodeXL,
a more comprehensive
transformations may be best achieved by enablitegaperability
with existing libraries of network analysis algbrits. The project
seeks to prioritize the highest value missing messthat would
address the needs of the widest user population.

The basic layouts in the current implementation aften
inadequate for rendering complex or dense grafester layouts
are the focus of several ongoing research eff8itsThe modular
architecture of the NodeXL system already allowseotayouts to
be added and, similar to the issues related to igiray a
comprehensive library of network analysis metricppints to the
value of interoperability with existing librariesf olayout
algorithms.

Finally, providing access to additional data sosrds an
important direction for the project. Excel nativelyrovides
connections to database servers. Other sourcescafl network
data include the many “Social Networking” servigaspopular

highlight ir the

library of network measuresl an

use, such as Facebook, mySpace, and Linkedin abk asel
enterprise implementations of similar services. sbme cases
these services are opening programmable interfiacéiseir data
sets making connections between NodeXL and them &arly
simple to implement.

NodeXL currently supports the import of social nedietwork
data sets from the user's own personal email rempysivia the
Windows Search Index found on most Windows opegatin
systems. This allows users to study the pattefmepy in their
own email for any date range, set of folders, ysarkeywords.
The resulting maps illustrate groups and connestimaintained
via the exchange of email messages. NodeXL algposts
extracting social network data from the Twitter roiblogging
and messaging service. Additional import connecfor social
media sites are a direction for future work for fhreject. The
goal would be to provide an extensive set of cotioes to
widely used social media sites. The result coudd & more
comprehensive view of an individual’s social mectatext.

9. CONCLUSION

Network structures are important in many disciginand
professions. Interest in these structures is grgwiore common
as the world of social networks and computer-mediatocial
content becomes more main stream. NodeXL aims t&iema
analysis and visualization of network data easyecdmbining the
common analysis and visualization functions witle tlamiliar
spreadsheet paradigm for data handling. The toables
essential network analysis tasks and thus supparide audience
of users in a broad range of network analysis sana

Using the tool on a sample social media networksidtwe found
and illustrated structural patterns like the densit connections
within the enterprise, different kinds of contribtg, and key
network metrics. These analysis tasks can be lhsefoplied to a
wide range of social media data sets.
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