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ABSTRACT

The Chilean Society for Social Network Science (ChiSocNet) has played a pivotal role in the organi-
zation of the social networking community in South America, Ibero-America, and beyond in recent
years. It recently spearheaded the inaugural Chilean Social Networking Conference (ChiSocNet),
held in Santiago, Chile, from January 4-7, 2023. This conference brought together researchers and
practitioners from diverse backgrounds, united by a shared interest in the social networking per-
spective. The program consisted of 13 sessions on nine topics, with more than 8o presentations. In
addition, 180 individuals registered to attend the conference, including speakers and the general
public. Furthermore, six free workshops were held, with registrations ranging from 40 to 100 peo-
ple, depending on the topic. In this context, the international keynote address was delivered by
Steve Borgatti, Professor and Chair of the Department of Management in the College of Business at
the University of Kentucky. A transcript of this presentation is provided in this article.
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INTRODUCTION

THE CHILEAN Society for Social Network Sci-
ence (ChiSocNet) has helped organize the
social networking community in South Ameri-
ca, Ibero-America, and abroad in recent years.
It recently organized the 1st Chilean Social Net-
working Conference (ChiSocNet) held in Santi-
ago, Chile, January 4-7, 2023. This conference
brought together researchers and practitioners
interested in the social networking perspec-
tive. The program consisted of 13 sessions on
nine topics, with more than 80 presentations.
In addition, 180 people registered to attend the
conference (between speakers and the general

public). In addition, six free workshops were
held, with registrations ranging from 40 to 100
people, depending on the topic. In this frame-
work, Steve Borgatti, professor and chair at the
University of Kentucky in the Department of
Management in the Gatton College of Business
and Economics gave the International Keynote
talk. This article provides the revised transcript
of this presentation, which can be found in vid-
eo format on ChiSocNet’s YouTube channel.

AUTHOR’S PRESENTATION

Alejandro Espinosa-Rada: I think it is difficult to
introduce Steve since he is a very well-known
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person, but I am going to say some formal
things, and maybe later, I will add a couple of
more informal things. In terms of the formal,
Steve Borgatti is a professor and chair holder
at the University of Kentucky, Gatton’s Depart-
ment of Management in the College of Business
and Economics. His research focuses on social
networks and at the University of Kentucky,
well, he houses the LINKS Center research in-
stitute, which focuses on the study of social net-
works around the relational perspective. He is
currently an associate editor at Computational
and Mathematical Organizational Theory and
the Journal of Supply Chain Management and
serves on the board of directors of Field Meth-
ods. He is the former editor-in-chief of Connec-
tions, a senior editor of Organization Science,
and has served as the editor of several journals.
These include Administration Science Quar-
terly, Journal of Management, and Sociologi-
cal Methodology, among several others. He is
the author of several well-known programs in
the networking world such as UCINET, which
is a software package for social networks; An-
thropac, which is for analyzing domain and cul-
tural data; and E-NET, which seeks to analyze
network data collected through personal net-
work designs and research. He has served two
terms as president of INSNA, the professional
association for social network researchers, and
founded the SOCNET listserv. Co-founding ed-
itor of Field Methods (when it was CAM - Cul-
tural Anthropology Methods Bulletin). Directed
the NSF Summer Institute for Research Meth-
ods in Anthropology for three years. That’s the
formal part, and the informal part, I think, if
you look up and analyze networks, in the histo-
ry of networks, I think Steve has been a super
important person who has worked with Free-
man, with Martin Everett, with many others,
and I think it’s hard to calculate the relevance
he had, and still has, for many generations who
got into the encyclopedia especially in the nine-
ties in the two thousand even up to today, so
much so that they recently adapted them for
R as well. And if you are still nostalgic about
wanting to use the things that were used in col-
lege but still want to use R, is already solved the
problem. Well, I don’t want to preamble any-
more because I really think we all want to hear
from you, Steve, so thank you very much from
the organization side for being with us today.
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KEYNOTE

Steve Borgatti: Thanks Alejandro, thanks to the
organizers, and to the participants. My topic to-
day is misunderstandings and some criticisms
of social network analysis. In my opinion, there
are three types of social network studies. Pro-
totypical types I have named “links,” “achieve-
ment,” and “style.” The “links” are studies that
want to explain the presence and absence of a
link between each dyad in the network, and
of course, there are other network analyses as
well, but it is a big idea and the mechanisms
(of preference and opportunity) that are key
variables. The second type, I have named it
“achievement”. These studies try to explain
achievement, performance, performance, and
value creation, and they do it based on a mech-
anism that interests us, which is the mecha-
nism of social capital; it is the idea that, in some
way, the links help to be successful. The third
one, “style,” these are the studies that try to
explain why it is that each person has his style,
his way of speaking, his way of eating, his apti-
tudes, his ideas, and why it is that certain pairs
are similar and others are different. Here, the
preferred mechanism of us networkers is diffu-
sion, contagions, and interpersonal influence.
I am going to use these three as a framework
to organize my presentation; although I don’t
think we are going to get to number three, I am
sure we will be able to talk about one and two.

These three types of studies are not all
which we could place in a more complete and
more complicated framework. For example, on
the left, we have different levels of analysis that
distinguish between studies that are interest-
ed in the antecedents of network variables and
those that are interested in the consequences of
the fact that we are all entangled in a network.
The types of networks are influenced by the
theoretical framework, which means different
levels of complexity.

SOCIAL CAPITAL

Let’s start with the concept of social capital. I
think there are three sets of ideas in social capital.

1. First, the idea of social resources is associated
with Nan Lin. His proposal is that it is use-
ful to have friends and contacts with various



resources they can lend you or use to your
advantage. They can bring certain ideas that
can help you. So it is hypothesized that if you
have a large and diverse network, there will be
someone in that network who can help you
when you need it. Thus, in this type of analy-
sis we are mainly counting things, such as, for
example, the number of women you know, the
number of bankers, the number of people in
positions of high power or economic resources.
2. The second group of ideas is that of structur-
al holes, which I associate with Ronald Burt.
It is almost the same idea as the previous
one. The idea is that it is useful to have a
large personal network because, in that net-
work, you will see someone who has what
you need at a given moment. For example,
someone who has the money to invest in
your project and knows about computers
and can help you at that moment. It is also
useful if all the contacts are not connected to
each other. For example, we are interested
in having access to different points of view,
so if our contacts are all connected, they in-
fluence each other and reach a consensus,
and with that, we lose access to new infor-
mation without novelty or innovation. These
gaps in access to new information are what
we call structural holes in the literature. A
small, high-density, small personal network
like the one I am pointing out is not as use-
ful as a larger network with fewer links. So
much of the discussion around this topic fo-
cuses on poverty in very closed and dense
networks. Thus highlighting the relevance of
more open networks with structural holes.
3. The third group of ideas within the notion
of social capital is the notion of centrality.
This idea can be associated with Freeman,
although many authors are involved in devel-
oping this literature. This literature argues
that not only the direct links that matter (as
we saw in the issue of structural holes) but
that the node’s position in the network is
crucial. There is value in the position in the
network, as it is related to proximity to oth-
ers, or that one has access to certain infor-
mation before others, or control over what
circulates in the network, and so on.

Considering these three ideas that circulate
social capital, I raise a criticism. Today, most

studies of social capital, at least in my area of
work, which is business, define this notion
only from the perspective of Burt’s structural
holes. This is a testament to the great impact
of the author and his theory, but perhaps it has
also reduced diversity in the field, which is an
unintended consequence. His ideas are great,
but they have been so good that they have de-
stroyed any competition, in my view.

CENTRALITY MEASURES

It’s a shame because I like all the other cen-
trality ideas and measures. These centrali-
ty measures have been a big part of my work
and are very interesting. For example, we have
the betweenness measure, which measures the
nodes located on the network’s best paths and
therefore has the best control over the flow of
information. The closeness measure measures
the closeness to all the other nodes in the net-
work, thus seeing the reception of everything
that flows in it. To illustrate, these are the peo-
ple who receive a piece of information before
others and can therefore change it a little by
demonstrating their control. The eigenvector is
the measure of popularity in the sense that it
does not measure the number of friends per se
but the number of friends they have in turn.
It is similar to degree centrality but in an im-
proved form. Fragmentation measures how many
pairs of nodes are not reached by any path if we
remove a node, functioning as a determinant
of global cohesion. It is part of the family of
induced centrality measures, where you mea-
sure a specific property of an entire network,
remove the node, and measure it again, and
the difference is induced centrality. Centrality
measures are adaptable, as they can be created
according to what you want to measure in the
contexts in which you work. This makes them
very interesting and beautiful measures, and
they are not being used as much as they could
be. Maybe in other disciplines, such as politi-
cal science, but not in business management,
which is more my area.

STRUCTURAL HOLES
Now that we accept the popularity of struc-

tural holes, let’s review them in more depth.
There are two measures of structural holes:



effective size and constraint. Both mea-
sure a combination of degree and density,
the lack of density within Ego’s personal

Jgujeros estructur

network. For example, we have a personal
network down here; node “G” is Ego (see
Figure 1).

ales

* Y = b0 + b1AE + b2Grado + b3Control2 + ...
* Pero, si AE se mide con tamafio efectivo’, AE = grado - d

* Si controlamos por grado, es lo mismo que quitar grado de AE
* Efectivamente AE se convierte en d en este modelo

* El resultado es que b1 va a salir negativo, como si el capital social
redujera el rendimiento — el revés de lo que deberia ser

* Se nos olvida que las medidas de agujeros estructurales no solo

tienen que ver con el cierre

Figure 1. Examples of “effective size” and “constraint”.

Source: Slide extracted from the presentation in question (in Spanish).

Here are the alters to which G is connected.
The effective size measure is precisely n-d. n is
the number of alters; d is the average degree in
the personal network, so, for example, “E” is
connected to one alter, not including the link
to Ego. “A” is connected to three alters, and the
average of all these degrees is 1.33. To calcu-
late effective size is 6 minus 1.33, which gives
us 4.67. This is a very logical measure. If Ego’s
friends, the alters, had no links between them-
selves, they would all have zero degrees, the av-
erage would be zero, and the measure would be
six minus zero. In that case, the effective size
would be equal to the size, but because some
are connected to others, they are redundant
and the measure takes away points for that. It
is logical.

Now we run into a misunderstanding: what
are we going to do with this measure? We're
going to put it into a regression variable. The
dependent variable is going to be something
like performance, as always in Burt’s case, and
the independent variables are going to be vari-
ous controls, and our variable of interest is the
measure of structural holes. If we do the analy-
sis we expect that the coefficient bl is going to
come out positive and significant. What hap-
pens is that we inevitably have to control for
degrees in the regression. We do that because
the degree is a very important variable affecting
everything, so we have to put the degree in the
regression. But if we do that, what happens?
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We have structural holes (see Figure 2), which
we will measure with the effective size and
added grade and the other controls.

But we already know that the effective
size, the formula is grade minus “d” slash, so
the grade is already twice. We are effective-
ly removing the grade. Putting grade here as
a control will remove the grade from the AE
measurement and leave only what is effective-
ly density. Density divided by “n” minus one
is the closure. So, if we do the analysis, what
will happen is that the coefficient bl, now that
this variable is density, will be negative as if the
capital stock were related to yield in a negative
sense. If we interpret this, we would be saying
that the higher the capital stock, the lower the
yield. This is a mistake, a misunderstanding.

The same happens with constraint. The first
thing is that this is an inverse measure of struc-
tural holes, i.e., the larger value corresponds to
fewer structural holes, and of course, in regres-
sion, we have to expect a negative signal instead
of a positive one, and this causes problems that
we forget. It is believed that the largest max-
imum value of constraint is one, but it is not,
since the largest value of constraint is 1.125;
plus, these are binary and undirected links, so
the minimum value is 0.5 and not zero. There
are few who know these facts, and if one has a
fairly large network that influences the result of
the constraint measurement, generating another
misunderstanding.



Medidas de agujeros estructurales

* Dos medidas de agujeros estructurales

* “Tamafio efectivo” (“effective size”) y “restriccion” (“constraint”) miden una
combinacion de grado (tamafio de la red personal) y de (la falta de) densidad
entre los contactos de ego

* Tamafio efectivo es precisamente n — d, en donde -3 ~2

* N = grado de ego; tamafio de su red personal <~ , _‘--Lfl /
* d = promedio de grado de los alters dentrode lared /| \ (7} |
* Elcierre (d = densidad/(n-1)) i ] ' T / "I
* En el ejemplo (&) ) 11
*N=6,d=133 - A 50
* Tamafo efectivo: 6-1.33=4.67 ;_ 1+-¢°l;2+1+u= 133 -'fo

Figure 2. Misunderstanding of structural holes.

Source: Slide extracted from the presentation in question (in Spanish).

In general, it is assumed that the maximum
value of constraint occurs when you have a per-
sonal network where there is perfect density,
i.e., where all alters connect to all other alters.
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But in reality constraint has its maximum val-
ue in a personal network where there are fewer
connections between all the alters (as in the
network on the right of Figure 3).

Figure 3. Example of networks with maximum constraint value.

Source: Slide extracted from the presentation in question.

This is strange. Because looking at the net-
work on the right, it is obvious that if C is ne-
gotiating between different alters, it is interme-
diating between them. It has possibilities since
two is not connected to four and can be an in-
termediary for those two; two is also not con-
nected to three and five. There are chances to
be an intermediary, but according to the mea-
sure, there are fewer chances than the network
on the left. In this case, the misunderstanding
is that this is unknown, but the cause is a prob-
lem with the measurement, which does not
measure exactly what we wanted to measure.

LINKS IN THE NETWORKS

This section refers to research that studies how
links are formed, who connects to whom and
why, how centrality develops, measures at the
node level, why certain people have more cen-
trality than others, and what determines the
shape of the network.

Mathematically, I believe in networks. I
know that it is a mathematical object and it is
very useful, but sociologically, I don’t believe
in the network as if it were something tangible.
Because these concepts of social relationship,



a link, a friendship, are real, but within the
sociological world. The network is often con-
fused with the group, but they are two sep-
arate concepts. For me, the network is a way
of describing the structure of a group. So, the
group is the thing, and the network is some-
thing that is used to describe the structure of
that group. I mention the group as an example,
but you could apply the same thing to other
sets. So the network is a pattern of links and
nothing more. My thesis is that if one does not
understand this, one may fall into certain mis-
understandings.

The first example is the problem of limits.
It is a problem that, in some cases, is quite big
and causes a lot of anguish; every novice has
this problem; he wants to know how I deter-
mine the limit of my network. It is a difficult
problem, partly because networks do not really
have limits. Obviously, the limit of the friend-
ship network is the whole world or the human
species, or maybe the human species and dogs
and horses or maybe other animals, or cats,
well maybe not cats (laughs). But groups do
have boundaries, while networks don’t: Groups
are hard to define. They are always ambigu-
ous and contested; some members are joining
or leaving, and others want to be members, to
mention a few examples. The limit exists in a
certain sense, and the sense is that it depends
on the very concept of the group. Every group
has its members and partners, and some are
not members, making it difficult to distinguish
them. Those members have certain privileges
and the identity of being a group member, but
the network does not have that.

If we study networks, we can study a set of
nodes that is defined by a natural group. In
that case, we are fine, but the limit is not the
limit of the network but rather the limit of the
group we are studying. If we are studying a
natural group, we have to pay a lot of attention
to choosing the limit correctly. So, I wanted to
say that it is possible to study networks that
are not associated with a sociological group
and are more artificial. For example, if I am
interested, I can get the idea that maybe the
pattern of links between the participants of a
conference affects the quality of the conference
or of the presentations within the conference.
I could do a questionnaire and collect data on
who is friends with whom at the conference,
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and of course, I understand that the boundary
of that conference is very artificial, I under-
stand that friendships do not stop in that or-
der, but the truth is that there are more friend-
ships outside the conference than inside. If I
apply the same survey to many different con-
ferences, then it’s a more legitimate inquiry;
because I might be interested in whether the
pattern of friendships within this set somehow
affects the quality of the conference perfor-
mance, and you could analyze that, even if the
boundaries are quite artificial. So you have to
consider that it is important to distinguish be-
tween groups and networks, also considering
the mathematical aspects, which are artificial
but still useful.

Another point closely related to the bound-
ary issue is the misunderstanding about which
question I should incorporate into my ques-
tionnaire. There are several options: who are
your friends? who do you look to for advice?
who do you have the same hair color with? Ev-
ery question one asks, every relational question
one asks, creates a network at that moment.
The researcher creates the network by asking
the question. If I ask those who have the same
hair color, we can build that network, but that
network is probably not useful or helpful in
predicting anything. The network is anything
that one wants to understand or study that is
relational. The point is always to consider what
relationship we are interested in and which re-
lationships have a connection to some depen-
dent variable of interest.

NETWORK MODELING WITH SIENA

Let’s look at a couple of more complicated and
technical issues. We know that in the world
and in the study of networks, there are mod-
els of network evolution, such as the SIENA
models, but I would like to point out that these
models do not focus on the development of a
group because the evolution of a network is dif-
ferent from the development of a group. SIENA
is not useful for studying how a group evolves
from three people that grows to thirty, grows
to three hundred, and becomes a political
movement. This is a sociological phenomenon,
and to study it, we have to do it from a socio-
logical approach, which requires other models
and theories.



What SIENA does is simpler. Siena models
change between the existence (or not) in the
dyad links. It is the structure that is being
modeled, not the growth of the group. In a
way, in SIENA, networks always exist be-
cause they are artificial; from a mathematical
approach, they exist in the mind of the re-
searcher. The network always exists. All the
nodes exist at all times, although they cannot
make certain links at certain times, so the
only thing that changes is the pattern of re-
lationships.

I hope I am already convincing you that the
network is not true. According to how one
sees everything, in a way, the whole world is
mentally created. There is even a difference
between the idea of a network and the idea
of the group. The group and the link are con-
structed mentally and from a sociological real-
ity, but I think that does not happen with the
network.

NETWORK MODELING WITH ERGMs

Exponential Random Graph Models could be
MEGA (laughs), but no, we have to call them
ERGM. In these models, the network struc-
ture is modeled as a function of certain ten-
dencies of the network to form certain micro-
structures. These microstructures cannot be
seen in the observed network because they are
hidden by other tendencies. There are sever-
al tendencies simultaneously; for example, if
one is using a very open network and the other
is very closed, the result will be a mixture of
both. It is the job of the algorithm to discover
these effects in what we can observe. In these
models, it is imagined that the observed net-
work was created by a process of evolution,
and at each point in the process, there were
opportunities to form a link or not to form
links due to a function. The objective function,
which we do not know, favors the creation of
certain links, and here enters the different ef-
fects to form certain microstructures. For ex-
ample, to create links that would create more
closed triangles (transitivity), or more links
for nodes that already have many links (this
is the measurement of preferential attach-
ment by degree), or to have more homophily
(tendency to affiliate with people similar to
oneself in terms of origins, language, person-

al style, activities, aptitudes, interests, demo-
graphic variables, etc.). Reciprocity and all the
other effects that have been defined in pro-
grams that calculate ERGM. Using this kind
of model is a good idea; it makes sense. We
see observed data, we imagine that thing that
we have seen that pattern of ties had a history,
it evolved and we have to infer what were the
forces that created it.

Now for the misunderstandings. These mod-
els define trends in a certain way and parame-
terize them, so there is a parameter for each
trend. Sometimes, these trends are called so-
cial forces or mechanisms, and they are also
characterized as endogenous, self-organizing,
and emergent. This is where I have problems
with the language used.

Starting with social mechanisms, I believe
that what we see in ERGM models, for exam-
ple, transitivity, is an effect. That is, it is a re-
sult of a social mechanism. Transitivity is not
a force that changes networks, but it is a result
of social forces. Of course, if there were a one-
to-one relationship between a social mecha-
nism and a parameter of the model, then noth-
ing would happen, it is just a convenient way
of speaking, but this is not the case because
each of the effects we see in ERGM has sev-
eral social mechanisms that can create it. For
example, the transitivity effect has many po-
tential mechanisms, such as the idea of a psy-
chological mechanism, where we have Heider’s
cognitive equilibrium theory. The idea is that I
want to align myself with my friends. If I like
Michael and Michael likes John, then I would
like to like John too because that way, I avoid
cognitive dissonance. This psychological men-
tal process results in a tendency to have closed
triangles in the network, but that is a result of
something that is in the minds of individuals.
Another mechanism is opportunity. I become
friends with John, and he probably has other
friends, that he is going to introduce me to, and
when he does that, the triangles close. Again,
we have a tendency toward transitivity, and
these are not the only mechanisms that can re-
sult in transitivity; there are others, including
hemophilia.

Thus, these trends are often described as
endogenous effects for purely statistical rea-
sons. Any effect that can be calculated with
data from the network itself, for example,
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reciprocity, is called endogenous. If we are
studying a network without any other data,
we can calculate transitivity and preferential
attachment. So, all those effects are, in a sta-
tistical sense, endogenous. But what happens
is that we confuse social mechanisms with
these tendencies or effects found in the mod-
el, and, therefore, we now believe that the so-
cial mechanisms are endogenous and inherent
in the network because it is a network. That is
as if these social mechanisms were an integral
property of the networks. This is a mistake be-
cause it is not the network (the network does
not even exist — remember?); the nodes act. It
is the nodes who have agency, and who resent
cognitive dissonance. It is the nodes who want
to respect cultural norms, and who want to
reciprocate interactions. When we look at ef-
fects as if they were endogenous to networks,
we are making a small mistake (although it is
understandable why the word ‘endogenous’ is
used initially - it originates from a statistical
term).

EFFECTS AS “SELF-ORGANIZED”
AND “EMERGENT”

Other words that are often used in this con-
text, and with which I disagree, are the notions
of self-organized and emergent. Social mecha-
nisms, i.e., effects (e.g., transitivity, reciproc-
ity, homophily), are said to be self-organized
and emergent; almost as if they are uncaused
and magically appear. Of course, again, I un-
derstand why the words emerged. In all these
models, the idea is that we have something
that can be described as a macro phenomenon,
which is the pattern of links in a network, and
we are going to explain that macro phenome-
non with some small rules or microstructures
or micro forces, but none of those micro forces
want to create the pattern that we see in the
data. No actor has the notion that you have
to reciprocate when someone gives you some-
thing or that you want your friend’s friend to
like you; you want to create a network with
certain given statistical properties, such as a
network with a core and a periphery. No actor
is trying to do that, and no social mechanism
wants to do that because the pattern we see
results from many different forces acting si-
multaneously.
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So I understand the idea that the pattern is
self-organizing - there is no one who wanted
to create that pattern, but it emerges from the
combination of other things. Almost unexpect-
ed, almost unpredictable. But, what happens
is, for some reason, and I don’t think it’s the
statisticians who make this mistake if not the
users. It is believed that it is the trends, like
transitivity, that are self-organizing, that are
the social mechanisms that emerge in a self-or-
ganizing chaotic way. This is a mistake because,
of course, all these things are based on psychol-
ogy, culture, and institutions, and I think what
is happening is that we are forgetting that we
are studying people, well in my case, in orga-
nizational studies, but the nodes always have
certain abilities and certain limits that deter-
mine what is going to happen in a network. It is
not just because it is a network that causes the
structures that we see.

CONCLUSION

Obviously, the networking field is in crisis. I
think you can hear it in my tone during the pre-
sentation, where I say that mistakes are being
made, and I don’t like all that, but the truth
is that it’s not all that way. I have had a career
of more than thirty years, where I have done
only one thing: study social networks. At the
same time, I have said in this presentation that
I don’t believe in social networks. So obviously,
there is a crisis, but it’s not in the field; it’s in
me (laughs). I have tried to draw attention to
some small misunderstandings, some ontologi-
cal complaints about networks, because I think
they are not real; about the effects of stochastic
models, that I don’t see as social mechanisms,
which would be a mistake. The theme that
ties my complaints together is that we forget
a little about who we are. We are social scien-
tists, and I see in the world now that network
science is emerging, as well as big data and all
that. I think they don’t have a strong interest
in people, groups, organizations, and social
mechanisms. I also know that they very easily
confuse their models with reality. They confuse
the map with the territory. And I do not want
us to make the same mistake. Of course these
are opinions that I raise here, but I think that a
Keynote is appropriate to raise these opinions.
Thank you very much.
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