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Freeman (2005) - Graphic Techniques for Exploring Social Network Data 

 
The analysis of social network data has two main goals: 

 

1. Identify cohesive groups 

2. Identify social positions 

 

Moreno (1932) was the first to use visual images to show patterning of linkages among actors. 

 

- Moreno developed procedures for placing points that reveal structural features of the data.  

- However, these procedures were ad hoc rather than systematic. 

- Later analysts have developed systematic procedures. 

- The main assumption of these procedures is the display of a social pattern should preserve the      

  pattern which means: 

 

1. The spatial location of points must preserve the observed strengths of the inter-actor ties. 

2. Points socially closest in the observed data should be spatially closest in the image. 

3. Points socially remote in the observed data should be spatially remote in the image. 

 

Two main approaches are used to construct these images. 

 

1. Multidimensional scaling (MDS) 

 

- Requires the researcher to specify the desired dimensionality  (1, 2, 3) 

- MDS uses a search procedure to find the optimal locations at which to place the 

points. Optimal locations are either: 

 

o Those that come closest to reproducing the pattern of the original N-dimensional 

social proximities in the data matrix  

                            or 

o Those that come closest to reproducing the order of the original N-dimensional 

social proximities in the data matrix  (but not necessarily the exact magnitudes) 

 

2. Singular value decomposition (SVD)  

 

- Based on an algebraic procedure that transforms the N original variables into N new 

variables ordered from largest to smallest. 

- They are ordered according to the percent of variance (pattering) in the original data 

that is associated with each. 

- The produced image will only be useful if a one, two, or three dimensional solution is 

associated with virtually all of the variance contained in the original data. 

- There are different ways that SVD solutions are produced. One of the better know 

approaches is principal components analysis (PCA). 

 

- Using either MDS or SVD we can determine whether a data set has interesting structural   

  properties according to the degree that the produced image departs from a disk shaped image. 

- This is the first step in the exploratory analysis of the network data. 
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Scott (1991) - Dimensions & Displays 
 

- The sociogram is a very common way of displaying network data. 

- However, it has a few limitations as a method of representing and displaying relational data. 

- One common technique has been to construct the sociogram around the circumference of a   

  circle so that the pattern of lines becomes more visible.  

- This procedure also has limitations.   

- It is harder to interpret this display as the spatial arrangements do not correspond to network  

  data. 

- In order to make inferences about the sociometric properties of a network the physical distances  

  between points has to correspond as closely as possible to the graph theoretical distances  

  between them. 

- A better approach is using multidimensional scaling.    

 

Metric Multidimensional scaling (MDS) 

 

- Produces a much closer map of the space in which the network is embedded. 

- MDS converts graph theoretical measures and expresses them as metric measures. 

- Metric refers to any model of space and distance in which there are known and   

  determinate relations among its properties. 

- A metric framework allows for the measurement of distances and directions after a  

  configuration of points and lines has been made into a metric map (not graph theory  

  path distance but closer to Euclidean distance) 

 

    Steps: 

 

o Produce a case-by-case proximity matrix from graph theoretical measures by  

converting relational data into correlation coefficients. (conversion necessary  

relational data does not conform to the assumptions of a Euclidean metric) 

o Two points with identical patterns of connections on a graph will be perfectly 

correlated resulting in a proximity measure of 1. 

o Metric MDS aims to produce a configuration in which the pattern of metric 

distances corresponds to the pattern of proximities (based on either similarities or 

dissimilarities) 

o The construction of a simple physical map gives a good insight into the outcome 

of a metric MDS of relational data.  

 

An approach that conforms closely to metric MDS is PCA! 

 

Principal Components Analysis (PCA)  

 

- PCA is used to determine one or more components that are common to all the variables. 

- These components can be used to plot a scatter diagram of the data. 

- The scatter diagram conveys information about the relative position of actors. 
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PCA Steps: 

 

1. Converts a case-by-variable matrix of attribute data into a variable-by-variable matrix 

of correlations.  

2. Search variable-by-variable matrix for those variables that are highly correlated with 

one another. 

3. Replace this identified set of highly correlated variables with the 1
st
 principal 

component. 

- The principal component is constructed based on the correlation between the    

  identified set of highly correlated variables. 

4. Repeat step 2 with the restriction that the next set of highly correlated variables not be 

correlated with the first identified set.   

5. Replace this identified set of highly correlated variables with the 2
nd

 principal 

component. 

6. Repeat the steps 2 and 3 until all the principal components have been identified. 

- The initial variable-by-variable correlation matrix has now been converted to a   

  variable-by-component correlation matrix in which the cell entries are the   

  component loadings computed for each variable against each component. 

 

- PCA attempts to identify a set of uncorrelated principal components that collectivity account 

for all of the variance in the data. 

- The 1
st
 principal component stands for the most highly correlated set of variables and 

accounts for the largest amount of variance in the data. 

- The independence of principal components means that they can be drawn at right angles to 

each other. 

- Diagrams with more than 3 principal components can not be drawn. 

- The goal of the researcher is to identify the smallest number of principal components that are 

meaningful and explain most of the variance in the data.  

- The principal components are used as axes on a scatter diagram and the loadings are used to 

plot the position of each variable within these axes. 

- The scatter of this diagram can be rotated (if needed) to produce a positioning of the 

configuration that gives the best alignment with the main axes. 

- Any rotated solution results in a new variable-by-component correlation matrix that contains 

a revised set of loadings. 

 

Non-metric Multidimensional scaling (MDS) 

 

- Metric MDS has a number of limitations. 

- Many relational data sets are binary in form and can not be directly used to measure proximity. 

- Researchers may make unwarranted assumptions from binary (nominal) data. 

- The use of ratio or interval measurement may not be appropriate. 

o Example: Two companies with four directors in common may not be twice as close to 

one another as two companies with two directors in common.  

- Non-metric MDS requires a symmetrical adjacency matrix. 

- The procedure only takes into account rank order – data are treated as measures at the ordinal  

  level. 

- Non-metric MDS seeks a solution in which the rank ordering of the distances is the same as the  
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  rank ordering of the original values.  

Steps: 

 

1. Sort cell values of the original matrix into descending order. 

2. Construct a new matrix by replacing original values with rank scores. 

3. Construct a matrix of Euclidean distances that preserves the rank ordering of the original 

data. 

          - The Euclidean distances matrix is calculated by an iterative procedure that   

            compares the rank order of the distances with that of the proximity rank matrix. 

                     - This matrix can be used to draw a metric scatter plot similar to those produced in  

                        PCA. 

 

How do you determine how many dimensions is an acceptable solution? 

 

- A researcher must undertake a number of different analyses in order to discover which of the  

  various solutions (# of dimensions) provides the best overall fit with the original data.  

 

Option #1 – Stress Test! 

 

- Stress measures the average spread of points around the line of good fit in the Shepard diagram. 

 

Option #2 – Absolute value of stress 

 

- The absolute value of stress is another way to determine the fit of your solution and acceptable  

  number of dimensions.  

 

According to Kruskal (1964): 

 

 Stress values of less than or equal to 5% indicates good fit. 

 Stress values around 10% indicate fair fit. 

 Stress values around 20% indicate poor fit. 

 

Option #3 – Interpretation of dimensions 

 

- The number of adequate dimensions will often be more than two. 

- The most common solution is to display on paper successive two-dimensional ‘slices’ through   

  the configuration. 

- For example, in a three-dimensional solution, the configuration can be represented on paper as   

  three separate 2D views of the overall configuration: D1 & D2, D2 & D3, D1 & D3. 

- We can then plot the configuration of points from a MDS program within this space defined by  

  the number of dimensions. 

 

The process of interpretation concerns two main questions. 

 

1. What is the meaning of the dimensions? (Rotation helps in this interpretation) 

2. What is the significance of the way points are arranged?  (Identify clusters and use the 

dimensions to give some meaning to their position in relation to one another.) 
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The Analysis and Interpretation of Multivariate Data for Social Scientists 

David Bartholomew, 2002 

Multidimensional scaling (MDS) is one of several multivariate techniques that aim to reveal the 

structure of a data set by plotting points in one or two dimensions. 

 Distance is the prime concept 

 Input data is in the form of a distance matrix representing the distance between a pair of 

objects 

 Output will be expressed in terms of distance 

 There is a strong subjective element in using this method 

Typical problems: 

 There is often a degree of arbitrariness in the definition of distance 

 Often there is little idea how many dimensions would be necessary in order to reproduce, 

even approximately, the given distances between objects of interest 

 Need measures of similarity between columns of the data matrix instead of the rows in 

order to carry out an MDS analysis on variables 

Key Terms/Definitions: 

 Classical Multidimensional scaling: The distances on the map would be in the same 

metric (scale of measurement) as the original бij ‘s 

o Also known as metrical scaling because the fitted and original distances are 

expressed in the same metric 

o The aim is to find a configuration in a low number of dimensions such that the 

distances between the points in the configuration dij are close in value to the 

observed distance δij 

 Ordinal Multidimensional scaling: (Non-metrical) Producing a map on which the 

distances have the right rank order if the distances come from subjective similarity 

ratings 

o The aim is to find a configuration such that the dij’s are in the same rank order as 

the original δij’s 

 Stress: Measure of the goodness-of-fit to judge how many dimensions are necessary.  

Values of stress that are close to zero indicate that the MDS solution is a good fit.  

Kruskal’s stress, type 1 is typically used for ordinal MDS.   

 Disparities:  A smoothing process that is usually necessary using least-square monotonic 

regressions to construct fitted distances in ordinal MDS.  Makes the Ďij’s are in the same 

rank order as δij’s 

Three Important Points about Interpreting MDS Solutions: 

1. The configuration can be reflected without changing the inter-point distances 

2. The inter-point distances are not affected if we change the origin by adding or subtracting 

a constant from the row or the column coordinates 

3. The set of points can be rotated without affecting the inter-point distances, this is the 

same thing as rotating the axes.  This means you should be prepared to look for the most 

meaningful set of axes when interpreting MDS solutions. 
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Additional Points: 

 Orientation is arbitrary and the message may become clearer if you consider other 

rotations 

 Euclidean distances may be intact or may need to be found with transforming data 

dependent upon the MDS type  

 The MDS solution depends on the choice of initial configuration and the stress criterion 

used.  May want to try different strategies and configurations to achieve similar solutions 

as a way to check your work.   

 Assessing the fit of your MDS solution: 

o Compare the stress of your solutions (0.20 = poor; 0.05 = good; 0.00= perfect) 

o Choose the number of dimensions by examining a scree plot in which the stress is 

plotted against the number of dimensions 

o As the number of dimensions increase, the stress decreases, thus there is a trade-

off between improving fit and reducing the interpretability of the solution. 

Overall a useful method, even when there is a rather poor fit, some meaning can still be extracted 

from the analysis.  Investigate as many solutions as possible by adding dimensions to discover 

meaningful groupings. 

The Effects of Spatial Arrangement on Judgments and Errors in Interpreting Graphs 

Cathleen McGrath, Jim Blythe, and David Krackhardt, 1997 

Abstract: The spatial arrangement of social network data in graphs can influence viewers’ 

perceptions of structural characteristics such as prominence, bridging and grouping. To study the 

extent of this effect, we conducted an experiment with 80 graduate students. Each student viewed 

three of five different spatial arrangements of the same network. We found that viewers' 

perceptions of structural features of the network changed as the spatial arrangement of the 

network changed. 

Article Summary: 

 When actors in networks are presented as nodes in a graph and the relationships between 

them are displayed as lines connecting the nodes, the graph conveys all the information 

contained in the adjacency matrix and so the two are 'informationally equivalent' (Larkin 

and Simon, 1987). However, the graph can also use Euclidean spatial relations to 

highlight the relationships among actors. Thus, drawing network data in a graph may 

influence individuals' perceptions of social network attributes completely determined by 

the structure of the network, such as the existence of subgroups and the relative centrality 

of actors.  

 In this paper we explore the influence of the spatial arrangement of networks on 

individuals' perceptions of common social network measures, in particular 'prominence' 

and 'bridging', which are two facets of centrality, and grouping.  

 The experiment was conducted using five different spatial arrangements of one particular 

network having twelve actors and 48 ties. In this study the authors consider how 

Euclidean spatial factors affect the viewer's perception of the graph when structural 
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features are held constant. In particular they consider the influence of:  1. proximity to the 

center of spatial arrangement on perception of prominence; 2. positioning between 

clusters of nodes in spatial arrangement on perception of bridging; 3. spatial clustering of 

groups of nodes in spatial arrangement on perception of grouping.  

 Positioning nodes between groups seems to enhance the perception of their importance as 

a bridge. And similarly, positioning toward the center of the graph seems to highlight 

prominence. For both prominence and bridging, spatial positioning can draw attention to 

particular characteristics of the network and therefore influence viewers' perceptions of 

the network.  

 The number of subgroups that individuals perceive in a graph may be influenced by the 

spatial clustering of nodes in the arrangement. Spatial clustering of nodes may influence 

judgment of the presence of groups independent of the structure of ties between the 

nodes.  

 It is probably not possible to say that one spatial arrangement is the 'best' spatial 

arrangement of a particular network. Often the best spatial arrangement is the one that 

highlights the characteristic of the network that is being discussed, and there may be no 

single arrangement that best highlights every characteristic.  

 In general, 'good spatial arrangements' should not leave the viewer with the impression 

that all nodes have the same values for prominence or bridging when in fact they vary on 

these dimensions.  

 Interestingly, the 'best' spatial arrangement for a social network may often depend on the 

information that the arrangement is intended to convey.  

New Directions in the Study of Community Elites 

Edward Laumann & Franz Pappi, 1973 

Abstract: Recent work in the study of community decision-making appears to be converging on a 

number of common theoretical and methodological strategies and assumptions.  There still 

remain, however, important weaknesses in the overall theoretical framework and its implied 

methodology in directing research efforts.  Attention is directed to a structural analysis of the 

community influence system that derives in part from Parsons.  Several critical questions are 

raised concerning the identification of the relevant set of community influential and the 

systematic description of their attributes as influential and the ties that bind them into coalitions 

depending on the functional issue confronted.  Recent advances in graph theory and smallest 

space analysis are used to examine the consensus-cleavage structure of the community influence 

system of Altneustadt, a small city in West Germany.  Finally, a theoretical strategy and an 

empirical procedure are proposed for identifying community issues and tracing their impact on 

the formation of opposing factions and coalitions. 
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New terms/Definitions: 

 Social differentiation: Differing allocation of tasks and responsibilities among positions 

in a social system. 

 Differentiated social structure: Actors tend to confine their consensual relationships with 

others performing similar tasks. 

 Distance-generating mechanism: The more dissimilar two positions are in status, 

attitudes, beliefs and behavior of their incumbents, the less likely the formation of 

consensual relationships and the “farther away” they are from another in the structure. 

 Principle of Integrative Centrality: Persons playing key integrative or coordinating roles 

in a given structure will tend to be located in the “central region” of their space – this 

will, on the average, minimize their distances from (access to) any other person in the 

space – while persons located increasingly in the periphery should be of declining 

importance in performing integrative activities for that structure and possibly of 

increasing in representing narrowly defined or interest-specific demands in that structure. 

 Principle of Sector Differentiation: Divides the space into relatively homogenous regions 

radiating from the center and including personnel who typically occupy key positions in 

the same institutional sector and who, therefore, are likely to share common concerns.  

These sectors represent potential “natural” coalition zones for community issues.   

Article Summary: 

 A model of community decision-making, an open-ended system (input-throughput-

output) posits that certain features of communities, such as population size, regional 

location, age, industrial and economic base, population stability, and economic and 

ethnoreligious heterogeneity together with attributes of their political institutions, are 

associated with or determine certain features of their decision-making apparatus, such as 

the degree of centralization or diffusion of their decision-making.  These, in turn, 

determine which issues will be brought to decision and the decision outcome.  This paper 

aims to empirically test these issues previously thought to be immeasurable and generate 

consensus on how to measure these concepts. 

 The community elite is viewed as a set of incumbents of theoretically identified 

categories of social positions.  Two features of individual elite members: (1) their 

primary and secondary locations in functionally defined institutional sectors, and (2) their 

relative influence statuses.   

 Conflict is an endemic, necessary feature of any community decision-making apparatus, 

posing the fundamental functional problem of integration for such structures, that is, the 

problem of establishing binding priorities among competing goals.  

 Unit of analysis: the individual actor in a particular kind of social position, found by 

reputation and nominations from well-informed community members or community 

influentials.  A list of 55 individuals was compiled based on interviews with 46 people.  
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Listing was ranked based on the number of mentions of having influence to create an 

average influence status, the lower the number the higher the average influence status.  

 Respondents were asked patterns of business-professional relationships, social or 

expressive relationships, and community affairs relationships. 

 The influence structure was highly integrated since nearly every individual can reach and 

be reached in each of the three networks by every other influential in the community.   

 Findings: Pattern-maintenance personnel are divided into two clearly identifiable regions 

or clusters at roughly opposite ends of an axis running through the center, with Research 

Center personnel located at a relatively greater distance from the center (reflecting their 

weaker influence on community decision-making) and traditional religious and 

educational leaders at the other end of the axis, some of whom enjoy closer proximity to 

or inclusion in the integrative cores of the three spaces. 

 There is somewhat less differentiation of the adaptive sector since economic personnel 

tend to cluster in the central region and an immediately adjacent peripheral zone rather 

than to fall into sharply separated clusters on opposite sides of the central region.  

 The analysis can predict how given issues will be resolved by determining the 

functionally specialized structure likely to be activated by a given functional issue.  It can 

also assess the likelihood of a sector being divided on an issue by examining the relative 

spread or clustering of personnel in a particular institutional sector in the spatial solutions 

and their locations with respect to the central integrative core.  If there is significant 

sectoral or integrative differentiation, the winning coalition can be predicted as the one 

favorably located relative to the integrative core and including a higher average level of 

reputed community influence. 

 


