
 Revised: April 3, 2013  

Rockefeller College 
University at Albany 
 

 

 

 
 

Problem Set #5: Positional/Blockmodel Analysis 

 

Adapted from original by Peter V. Marsden, Harvard University 

 

This problem set provides an overview of the routines in UCINET that are particularly useful for 

undertaking a “positional analysis” of multirelational network data. The methods can of course 

also be applied to data on a single relation. Positional or “blockmodel” analyses are quite 

common and extremely valuable. Positional analysis identifies larger structures within the data. 

It can help to identify actors that correlated in terms of their structure, making other forms of 

correlational analysis possible. Positional analysis is also a useful data reduction tool. For 

instance, instead of trying to disentangle all 40 nodes in my mental health dataset, I focused on 

the eight positions that UCINET identified in the data. 

 

A blockmodel analysis usually begins with one or more one-mode data matrices, defined on N 

actors. The objective is to induce a mutually exclusive and exhaustive mapping of the N actors 

into a set of K subgroups of actors, where K < N. The grouping/mapping criterion is that actors 

placed together approach “equivalence” with one another. 

 

Equivalence is defined in relational terms; the most commonly studied form of this is 

“structural” equivalence. We will concentrate on structural equivalence as the equivalence 

concept for this problem set. 

 

Positional analysis can also be multi-relational. You may wish to infer a position from multiple 

relationships in the data. For instance, the cases in my dissertation include four communication 

sociomatrices. By placing all four into a single UCINET dataset, the positional analysis routines 

will take into account all four relations. You may also conduct positional analysis on a single 

relation by dividing a multi-relational UCINET dataset into single relationship datasets. 

 

Stages in building a blockmodel include the following: 

 

1. Preparing data prior to analysis. 

 

2. Selecting a similarity or dissimilarity measure which measures the extent to which two 

nodes approach structural equivalence/substitutability. 

 

3. Clustering the similarity/dissimilarity measures from step 2, and selecting a partitioning 

of the actors/nodes into subgroups. 
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4. Superimposing the partition from step 3 on the basic data and examining subgroup 

density matrices, to venture an interpretation of the subgroups/positions induced. 

 

5. Simplifying the representation even further by dichotomizing entries in subgroup 

density matrices, to create binary “image” matrices of the relationships between 

subgroups of the network. 

 

Some routines for doing positional analyses perform the operations in more than one of these 

stages. The Network/Roles & Positions/Structural menu contains options called Profile, 

CONCOR, and Optimization. The Profile menu calculates Euclidean distances as measures of 

dissimilarity, and conducts an “agglomerative” cluster analysis – that is, it does steps 2 and 3 

above. The CONCOR routine does even more – it calculates correlations as measures of 

similarity, conducts a “divisive” cluster analysis, selects a number of “blocks,” and superimposes 

the partition based on the blocks onto the original data–so it does steps 2 through 4. 

 

The Optimization menu tries to optimize a “cost” function that is calculated on the basis of 

variances within the blocks. The idea is the minimize the variance within blocks, In a perfect fit, 

each member of a block would have the same pattern of connections with all other actors in the 

network at the same level of frequency (or whatever the value may represent). The best fit is the 

one which minimizes these variances. The optimization routines leave it to you to choose the 

number of blocks you wish to find. Because this routine only operates on one relation at a time, 

we will not dwell on it any further, but it is another option when studying single relations. 

 

The steps above involve analytically separate decisions, and most can be conducted separately. 

You may get a better sense of how blockmodels are constructed if you take each decision 

separately. Also, if you want to control the clustering method rather than accepting the default 

choice in the Profile routines, you have to conduct the steps separately. 

 

We will try these out on the Krackhardt high-tech managers data. However, you may first wish 

to look at the Wiring data, which is a classic example of a multirelational network. The Wiring 

data was used in the original White, Boorman and Breiger (American Journal of Sociology, 

1976) paper about constructing blockmodels. You will have seen the in-class illustration of 

positional analysis via this dataset. 

 

 

Data Transformations prior to analysis 
 

Positional analyses can be conducted with both binary and continuous/valued network data. 

Many analyses given in articles as methodological illustrations utilize binary data, but that is a 

convenience, not a requirement. Some definitions of abstract equivalence (which we will grapple 

with in the next problem set) do require binary data – particularly those that define equivalence 

using indirect ties. However, valued data are fine for studies relying on the more common 

structural concept of equivalence. 

 

You may wish to make some data transformations before you get started. If, for example, you 

have several valued relations that are measured on very different scales of measurement, you 
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may wish to adjust them through normalization so that different matrices get more or less equal 

weight in the analysis. Differences in scale count in these types of analyses. In the WIRING 

dataset, for instance, the last relationship (trading jobs) is measured on a very different scale 

from the first five. One option would be to drop this last relationship using the Extract command, 

but another approach would be to adjust its scale. 

 

Another circumstance in which transformation might be necessary would be if you wanted to be 

sure that your analysis was sensitive to the presence of multiplex ties at the dyadic level. For 

instance, in the Padgett families data, you may want positions to be defined in part on the basis 

of the joint occurrence of business and marriage ties. In this event, you should create a new 

matrix of relations that includes the specific multiplex tie of interest, join it to the existing 

dataset, and begin. In other words, create a new matrix that shows a tie from Actor A to Actor B 

if and only if there is a tie in both the marriage and business relationship. This matrix would be 

included in the Padgett families dataset when it is submitted to UCINET for positional analysis. 

 

In other cases, you may wish to execute a positional analyses for a single relation. In that case, 

you would need to create a single-relation dataset from your “source” multi-relational dataset. 

 

In many cases, however, no data transformations are required, and you needn’t make any to work 

with the datasets mentioned above. 

 

Measuring Profile (Dis)similarity 
 

The criterion of structural equivalence is very stringent: two actors must have precisely the same 

relations to and from all pairs of other actors, across all relations, in order to satisfy this 

definition precisely. Hence, the criterion is usually relaxed by using some indicator of the degree 

to which a pair approaches structural equivalence. 

 

The two main options used in relaxing the structural equivalence criterion are Euclidean distance 

and correlation. Euclidean distance is a dissimilarity measure which grows larger as the 

relational patterns of two actors grow more different. Correlation is a similarity measure which 

approaches 1 as relational patterns of two actors approach proportionality or a linear relationship 

with one another. It is important to keep track of which type you selected. The routine will 

output an “equivalence” matrix that may be submitted to a clustering routine, but you will need 

to tell the clustering routine whether you have similiarities or dissimiliarities. 

 

You can select either correlation or distance as an option within the Network/Roles & 

Positions/Structural/Profile menu. This menu also provides options that deal with two other 

questions: (1) whether transposes are to be included in the similarity/dissimilarity measure 

(important to do if relationships are not symmetric – and the Krackhardt managers data is not – 

since one wants to compare similarities in the sending as well as the receiving of relations), and 

(2) how to deal with diagonal elements. 

 

Question (2) is of importance because diagonal elements (i,i) are often undefined for social 

network data. Options for the diagonal are to include (i.e., retain) the diagonal elements in 

calculations of similarity/dissimilarity measures (usually a bad idea, since the diagonal values are 
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arbitrary), to ignore them from consideration, or to make “reciprocal” comparisons: instead of 

comparing (i.i) with (i,j), and (j,i) with (j,j) as the precise theoretical definition of structural 

equivalence would require, the reciprocal option compares the (i,j) and (j,i) entries. The ignore is 

the default choice, and I usually use reciprocal1 (single out). The intuition is that two 

structurally equivalent actors should be related to one another in the same way, regardless of 

whether they are mutually unrelated or mutually related. 

 

You can also calculate similarity and dissimilarity measures in the Tools/Similarities or 

Tools/Dissimilarities&Distances menu. These menus do not give you options for transposes and 

treatment of the diagonal, however; you would have to prepare data matrices yourself for entry 

into these routines, by merging/joining/reshaping in the Data and Transform menus–which could 

be quite a bother. (The similarity and dissimilarity tools are useful in other applications – for 

instance, if you want to judge the similarity of actors in terms of a set of attributes, and 

subsequently scale or cluster those similarities.) 

 

 

Using CONCOR 

 

CONCOR is, in essence, a different hierarchical clustering algorithm that operates on 

correlations. It works in a direction opposite from that of the Johnson hierarchical clustering 

algorithm. CONCOR begins with all actors concentrated in a single group, and successively 

“splits” that group into smaller ones. In principle, this splitting could be continued until every 

actor was in a separate “block,” but analysts usually stop before getting to that point. 

 

With CONCOR, one chooses a “maximum depth of splits.” This indirectly leads to the number 

of blocks or positions that are located: 1 split creates two positions, 2 splits creates four positions 

(the whole groups is divided once, and then each subgroup is split again), 3 splits creates eight 

positions, and so on. The number of positions will generally be a power of 2 given this 

construction of the program. 

 

CONCOR generates a partition/blocking matrix that by default is called ConcorCCPart. You can 

use this in the same way as other partitioning matrices we have encountered.  

 

 

Clustering routines for developing partitions 
 

Usually partitions of actors into blocks/positions are obtained on the basis of results from 

applying a clustering algorithm to a similarity/dissimilarity matrix of distances or correlations. 

The routine in the Network/Roles & Positions/Structural/Profile menu will automatically conduct 

a single-link clustering of the distances or similarities it produces. In general, network analysts 

do not recommend using the single-link clustering procedure, since it often produces long and 

stringy clusters instead of compact ones. Instead, I suggest that you submit the 

similarity/dissimilarity measure produced by Profile (the default file name for which is SE) to 

hierarchical clustering according to the complete- or average-link method within the 

Tools/Cluster Analysis/Hierarchical menu. This will generate a tree diagram or dendrogram and 

a partition vector (the default name of this is PART) which will enable you to superimpose the 
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various partitionings generated by the cluster analysis on the data. REMEMBER: You must tell 

the clustering routine whether you have similarities or dissimilarities.  

 

Whether you use Profile or CONCOR, you will obtain a clustering diagram. As we have seen, 

choosing which of these partitions to apply is something of an art form. It is a good idea to try 

out multiple partitions, remembering that there’s a tradeoff between the goals of parsimony in 

modeling and of accuracy in representing the original data. 

 

Using the Krackhardt High-Tech Managers Data, run Profile (using Euclidean distances) and 

CONCOR blockmodels. For both, include the original output and dendrogram in the write-up. 

For the Profile output, submit the structural equivalence measures (default file name = SE) to 

the clustering routine and use the “complete link” option. 

 

 

Density tables 
 

Once you choose a partition, you will usually wish to see the result of superimposing it on the 

original network data. You can do this as we have done it before in the 

Network/Cohesion/Density command. Remember: the idea is to permute the original sociomatrix 

using the results of the clustering you just did. The Density command will take as an input 

dataset the file containing the original sociometric data; it uses the partition file from the 

clustering routine you just completed as the row and column blocking. The members of a block 

will then be grouped together. 

 

The Density command will report block-specific density tables for each matrix in your dataset, 

and a permuted version of each original data matrix, using a partition you select to separate 

actors into subgroups. Thus you can see both how the “blocking” of actors maps on to the 

original data, and a set of group-to-group matrices indicating the typical intensity of intergroup 

ties. 

 

By default, the density tables produced by the Density routine are stored in a dataset called 

Density. 

 

Create a density table from your Profile and CONCOR output for the Krackhardt High-Tech 

Manager. Choose a level in the clustering output to establish blocks; use the complete link 

results for the Profile run and the cluster output provided as part of the CONCOR run. Be 

sure to name things carefully, as you will need to work with the resulting density matrices for 

the final step in this analysis. 

 

 

 

“Image” matrices 
 

The final step in a positional analysis is to obtain a set of “image” matrices that are a 

dichotomous, modeled representation of your multirelational network. This creates what White, 

Boorman and Breiger termed “blockmodel image matrices.” They provide caricatured binary 
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representations of the patterns of relationships that characterize each of the positions identified, 

somewhat parallel to those provided by the “condensed digraphs” studied earlier on. Often image 

matrices provide a basis for assigning an interpretation to the types of position identified by an 

analysis. 

 

You can create image matrices by submitting the density tables created in the previous step to the 

Transform/Dichotomize routine. In using this, you need to select a criterion value for 

dichotomizing. The so-called “lean fit” criterion uses 0, so that “zero-blocks” in an image reflect 

the data exactly. That is, a block in the image matrix is coded a “0” if and only if every item in 

the block is a zero. The “fat fit” criterion uses 1, assuming that only completely filled cells of a 

density matrix correspond to 1s in the blockmodel image. That is, a block in the image matrix is 

coded a “1” if and only if every element in the block is a one. An “α-fit” criterion uses a number 

larger than 0 but less than 1 (The discussion in this paragraph has assumed binary data. If you 

have valued data, other threshold values could and should be considered for dichotomizing 

density matrices into blockmodel images.) An α-fit sets a “tolerance” criterion. For instance, if α 

is set to 0.25, then if 25% or more of the elements in a block are “1s”, then the block will be 

coded a 1, otherwise it will be coded a zero. 

 

Most applied work on blockmodels uses the α-fit criterion. The original work on blockmodels by 

White and colleagues advocated lean fit, and it is hard to imagine a persuasive blockmodel 

analysis based on fat fit. Like some other decisions in network modeling, the selection of α is not 

guided by definite rules. It is often a good idea to try out more than one value. One criterion that 

has been proposed is to examine the frequency distribution of entries in the block density 

matrices, and set α at some break in the distribution of these. 

 

Sometimes working with the fit criteria can highlight very interesting features of the network. In 

my data on the mental health policy network, I found that a 20% fit created an image graph that 

was largely connected, but a 25% fit criteria created three disconnected components that had 

interesting features. The network had a “kitchen cabinet” surrounding the Mental Health Agency 

that was disconnected from the other network members. The other component focused on the 

two newspapers in the state I was studying. In desperation, the other network members use the 

newspapers as a way to “fly over” the structural disconnect, with varying degrees of success. 

 

It is sometimes helpful to use a different dichotomizing criterion to form image matrices for each 

relation within a blockmodel, especially if the relations involved have very different densities. 

This would need to be done by hand, since UCINET does not provide a direct routine for 

accomplishing it. Fortunately it is not a great deal of work, since density matrices are usually 

rather small after you have blocked the actors into a relatively small number of positions. 

 

Notice, too, that the diagonal in an image graph becomes meaningful, because the sociomatrix 

represents aggregates rather than individuals. It does make sense to consider whether structurally 

equivalent actors tend to communicate with one another. It may be, for instance, that two 

competing brokers in a network have the same pattern of ties to others in the network but no 

active communication with one another. A zero on the diagonal in an image graph states that 

members of the position are not tied at the criteria level specified; a one indicates that the 

position is internally tied. 
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Blockmodel images from the Wiring data might lead to the following interpretation of positions: 

 

Position 1 lacks solidarity. Its members have neither positive nor negative affect for one 

another, and neither cooperate nor fight with one another. Instead, position 1 is defined by 

its relationships to other types of actors in the room. Its members have an ambivalent 

relation with position 2: they are in conflict with them, but they also play games with and 

give aid to the actors in position 2. Position 1 expresses negative affect for both of the other 

social positions. 

 

Position 2 is solidary: Its members play games and like each other. Actors in position 2 

receive help from both of the other sets of actors, and give help to actors in position 3; 

actors in position 2 are in conflict with and express antagonism for those in position 1. 

 

Position 3 is also solidary in terms of game-playing and positive affect. Its members are 

involved in conflicts with one another, but not with actors in other positions. Actors in this 

position have mutual helping relations with actors in position 2, and are involved in 

antagonistic relationships with position 1. 

 

Substantively, position 1 includes inspectors and marginal members of the two major cliques 

identified in other analyses of these data. Position 2 includes the wiremen and solderman at the 

front of the room; these were generally the higher-performing workers. Position 3 includes the 

less-productive wiremen and the solderman who served the back of the room. 

 

None of the blockmodel images in the example are identical to one another, so the five relations 

on which the blockmodel is based exhibit different patterns. 

 

It is important that one work hard to characterize the form of the positions identified in a 

blockmodel analysis, and the image matrices provide a good basis for doing this. However, it is 

often a good idea to examine which actors “carry” the relationships between blocks, especially if 

the α-fit criterion is set quite low. It may be that a Block A and Block B are connected to one 

another, but only one or two actors create those linkages. If the Blocks are not internally 

connected, than it may be that the blocks are somewhat artificial, reflecting a few active 

members and not actual interconnection and equivalence. Where it is possible to supplement the 

formal interpretation of positions with substantive detail, you will enrich the value of your 

analysis. 

 

 

Create image matrices from the CONCOR and Profile density matrices you created previously 

for the Krackhardt high-tech managers data. Submit those matrices to NetDraw and include 

the graphs with your write-up. How similar are the outputs from CONCOR and Profile? Is 

there one relation where they are most different? What would you like to know about the 

members of this network in order to better understand the images you have just created? 

(Answer the last question in a paragraph or two.) 
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Alternative and Supplementary Analyses 
 

The above procedures suggest how one may obtain a “discrete” representation of positional 

differentiation among actors. Instead, you may want to look at a multidimensional scaling 

representation of the distances/correlations indicative of positional distinctions. 

 

Under some circumstances, it may be interesting as well to try to reduce the number of relations 

in a blockmodel, as well as reducing the number of actors; in essence, one would wish to identify 

relations that are “structurally equivalent” to one another (in the sense that they tend to connect 

the same pairs of actors). To do such an analysis, one would need to reshape the multirelational 

dataset such that dyads were rows and relations were columns, and then apply the rationale 

outlined above for clustering actors. This would be a useful thing to do if there were many 

measured relations, for example, or if it were apparent that some relations had very similar 

content and pattern. 


