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 A B S T R A C T

This article presents an analysis of the impact of the number of alters elicited in an ego network on the 
structural properties of those networks. There continues to be debate about the pros and cons of eliciting a 
fixed number of alters for each respondent versus allowing the respondent to list as many or few alters as they 
would like. This article explores a random assignment of respondents to three treatment groups – (1) a fixed 
number of alters set at 30, (2) a variable number of alters up to 45, and (3) a variable number of alters up to 
45 with a 20 alter minimum. The results indicate that, from a non-structural perspective, all levels of emotional 
proximity, interaction contexts, genders, and ages are consistently sampled across the three treatment groups. 
At the structural level, the behavior of individual metrics is also largely similar. However, the most significant 
differences arise in the collective behavior of structural metrics—specifically, in their correlation structure, 
the amount of redundant information each variable provides, and the diversity and interpretability of the 
observed structural variability. When a data collection strategy constrains network size, it reduces the sparsity 
of the correlation matrix, effectively decreasing the number of independent global variables needed to describe 
network structure and making these global variables less interpretable. In other words, networks constructed 
with a survey that limits size tend to be more similar to each other, exhibiting less structural diversity and 
yielding differences that are harder to interpret. However, we discuss how these differences may simply be 
mathematical artifacts, without necessarily implying a clear advantage in choosing one treatment over another. 
Finally, we argue that the field needs a targeted study to answer whether the differing numbers of alters listed 
is a function of network size.
1. Introduction

Over the past two decades, research on egocentric networks has 
grown exponentially in terms of both publications and citations, and is 
now widely used not only in the social sciences but also in fields such 
as public health and medicine. The practice of using the compositional 
and structural characteristics of the social context surrounding an 
individual (hereafter, ‘ego’) to predict outcomes for that ego is widely 
accepted. In some cases, the individuals surrounding an ego (hereafter, 
‘alters’) can be harvested from different sources, such as Meta, LinkedIn 
and X. For most studies, however, the alters must be elicited from the 
ego through a series of questions. With this approach the goal is to 
elicit a set of alters that represents the social context that may impact 
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ego for one or more outcome variables. The process of eliciting alters 
is largely the same across such studies. Ego is asked a question, or set 
of questions, to elicit the names of alters (people they know), these 
are called name generators. Ego is then asked to provide information 
about each alter using questions that align with the goals of the study, 
called name interpreters. Finally, in most ego network studies egos are 
asked to evaluate the existence of ties between alters. There are known 
concerns about the accuracy of cognitive reporting in social network 
data collection from ego (e.g., Bernard et al., 1979, 1984; Brashears 
and Quintane, 2015; Marin, 2004). Nonetheless, previous research has 
shown that ego-reported information about their own social contacts 
and the ties between them tends to be highly reliable (e.g., Moody 
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et al., 2007; Green et al., 2014; McEvily, 2014; McCarty et al., 2019). 
This reliability increases when respondents are asked to report on a 
relatively large number of alters and to evaluate systematically the ties 
among them. Cognitive representations of social ties may not fully over-
lap with behavioral interaction data (e.g., Barrat and Cattuto, 2015; 
Mastrandrea et al., 2015), but both capture distinct and complementary 
dimensions of social life.

Regarding the collection of ego network data, although the method-
ology is well established, significant differences exist in the num-
ber of alters elicited and, thereafter, in the richness of the composi-
tional and structural information available. To account for this situa-
tion, Perry et al. (2018) distinguished between ‘focused’ and ‘expansive’ 
approaches to the study of egocentric networks. The first selects a 
focus of interest (e.g., health) to collect relevant alters. The number 
of alters these approaches elicit is typically reduced (5–10). Even if 
the number of alters elicited may be large (e.g., >20) in some designs, 
the alter–alter tie evaluation considers a subsample of about 5 alters. 
The second approach is interested in exploring the complete foci of 
interaction in which the ego is active (e.g., Stulp, 2021; Bolíbar et al., 
2015; Lubbers et al., 2010, 2021; Maya-Jariego and González-Tinoco, 
2023; Bidart and Lavenu, 2005; Vacca et al., 2018). To achieve this 
goal, researchers adopt different name generator strategies, from listing 
multiple contexts or foci of interaction to elicit alters to the use of a 
single free generator but with a large number of alters (20 to 45). The 
latter is the approach we want to examine here, specifically the effect 
of fixing or not the number of alters. This question is relevant because 
the richness of compositional and structural information provided by 
the ‘‘expansive’’ approach allows the computation and comparison of 
multiple measures that, to our knowledge, have not been systematically 
explored to date.

There is considerable research on what constitutes a good name 
generator. Researchers may use any of the four distinct types of name 
generators typically used in the literature (exchange-based, content-
based, affect-based, and interaction-based), combining them in a mul-
tiple name generator approach, and even randomly selecting alters to 
ease the alter–alter pair evaluation task (Perry and Roth, 2021). Most 
of the research is focused on the phrasing of the question to elicit alter 
names (Bidart and Charbonneau, 2011) or whether multiple questions 
should be used versus one global question (Marin and Hampton, 2007). 
There have been some attempts to elicit alter names using prompts to 
sample alters from memory (McCarty et al., 1997) and subsequent re-
search testing the potential biases using that approach (Brewer, 1997). 
With the introduction of software to collect and analyze ego networks, 
there are debates about whether it is better to elicit names straight 
from memory, the approach used in Egonet (McCarty and Smith, 2007), 
or a visual interface to collect alter data such as is used with more 
recent tools like Network Canvas (Birkett et al., 2021) and Venn-
maker (Michael Kronenwett, 2007). Less research has addressed an 
ongoing debate about the number of alters that best represents an 
ego’s network, and whether that number of alters should vary for each 
ego. There is broad consensus that the size of ego networks varies 
across egos. Some people have many alters in their networks and some 
have fewer. Several network studies on network size demonstrate this 
variability (McCarty et al., 2001; Dunbar, 1993; Killworth et al., 1990; 
Lubbers et al., 2019; van Willigen et al., 1995). Size of ego networks 
also varies depending on the boundary definition a researcher uses. For 
any given person, their total network of all alters is defined by some 
connection, such as people you know or people you are close to.

However, researchers are often interested in a subset of the total 
network, such as the network that provides emotional support, or the 
network of alters who engage in risky behavior. These numbers also 
vary for each ego. There have been a few studies that examined the 
effect of the number of alters elicited on the structural properties of 
those networks. McCarty et al. (2007) used data from two studies 
where egos were each asked to name 45 alters, and also provided 
an evaluation of the ties between each pair of alters. The authors 
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used various approaches to examine the structural properties of those 
networks with all 45 alters, considered by the study to be the best 
structural representation, and subsets of those alters at various levels. 
They found that most of the structural properties for subsets of 20 
or more alters were not significantly different than those properties 
at size 45. This was particularly true if the subset was randomly 
selected from a larger list. Below size 20 the structural properties of the 
networks were different than they were at size 45. Golinelli et al. (2010) 
conducted a similar study to estimate the time savings associated with 
random samples of alters from a larger list.

Neither of the studies above investigated whether a fixed or variable 
number of alters was a better approach. They did demonstrate that 
the structural properties of personal networks varied with the number 
of alters in the network and identified a threshold at which those 
structural properties changed dramatically. Neal and Neal (2017) did 
a review of articles in the American Journal of Community Psychology 
that used social network analysis. In their review they concluded that 
using a fixed number of alters could lead to errors. They presented 
a hypothetical case where adding two additional alters to an ego 
network of four alters dramatically changed the structural properties 
of the ego network. They suggest that there is a consensus in the 
network community against using a fixed number of alters. It is worth 
noting that a network of four or six alters is well below the 20-
alter threshold (McCarty et al., 2007) identified in their study of ego 
network structure, and thus subject to structural differences based on 
small changes in the number of alters. Maya Jariego (2018) disagreed 
with the Neal and Neal conclusion that ego network data collection 
should avoid a fixed number of alters approach. He summarizes several 
reasons why a fixed number of alters may be desirable in some ego 
network studies. The fixed alter approach may be particularly valuable 
when examining the variability of the structural properties of personal 
networks across respondents. Asking respondents to list alters as a 
measure of network size is a flawed approach, while other methods 
to measure personal network size exist. There is little certainty why a 
respondent stops listing alters, but there are at least three possibilities, 
(1) the respondent has listed all alters, (2) the respondent has listed a 
subset of alters and cannot remember all alters or (3) the respondent 
has listed a subset of alters and refuses to list the remaining alters due 
to fatigue or a lack of cooperation to complete the task. The potential 
effects of the second or third possibilities may be exacerbated when 
respondents are free to list (or not) more than 20 alters.

As can be seen, contrary to the conclusions of Neal and Neal (2017), 
there is no consensus in the network community on whether it is 
better for ego to determine the number of alters they list, or if the 
number of alters should be fixed by the researcher for each ego. To 
our knowledge, there has not been a systematic comparison of the 
structural properties of networks produced by different name gener-
ators. Campbell and Lee (1991) performed a comparison of networks 
constructed using different name generators, but they focused only on 
non-structural properties, like age, race, gender, etc. and Eagle and 
Proeschold-Bell (2015) explored other methodological considerations. 
In our study, nonetheless, we focus on the non trivial effects that the 
choice of a data collection strategy imprints on the structure of the 
egocentric network reconstructed. We collect ego network data from 
298 individuals, divided into three treatment groups. In each treatment 
group, data is collected using a different operationalization of the name 
generator. We compare systematically the networks obtained in the 
three treatment groups, using the methodology developed in González-
Casado et al. (2024), and discuss the implications of the choice of 
one treatment over another. Our main hypothesis is that the more a 
treatment constrains the size of the networks collected, the higher the 
correlations between different structural variables used to describe the 
network, and consequently, the lower the structural variability across 
those networks. We develop this idea in detail in the following sections.



M.A. González-Casado et al.

 

Social Networks 84 (2026) 78–86 
2. Data and methods

2.1. Data collection

As defined above, in an ego network nodes represent alters, and 
edges indicate the existence of a personal relationship between them. 
Accordingly, in our study, each respondent reported the composition 
of their own ego network, the relationships between their alters, and 
additional required data. Respondents were divided into three treat-
ment groups based on the survey used to collect the data. The data was 
obtained through surveys administered via a computer or mobile phone 
interface, with respondents accessing the survey through a provided 
link that could be completed on any electronic device. Completing 
the survey typically took between 15 and 60 min, with variations 
depending on the treatment group. We will analyze these differences in 
survey completion times when discussing the results. The sample was 
taken from the volunteers data base of the IBSEN project (IBSEN, 2018). 
Respondents were offered a payment of 5 euros for completing the 
survey, and entered into a 50-euro raffle among all respondents. The 
panel consists of 2500 individuals, 70% of whom are undergraduate 
and graduate students from UC3M University (Madrid), aged between 
18 and 30 years. The gender balance is discussed in the Supplementary 
Material. The typical response rate is 1 in 6, depending on the survey. 
The research project was approved by the corresponding Ethics Com-
mittee. It is worth noting that our sample is relatively homogeneous 
and belongs to a specific demographic and cultural group, which 
limits the generalizability of our findings, regarding human behavior, 
to other populations. However, the goal of our study is not to draw 
conclusions about specific human behaviors, but rather to evaluate 
methodological approaches. For this purpose, we do not require three 
representative samples of the general population, but three groups that 
are comparable to one another. If this comparability holds, we can 
reasonably argue that the observed differences are due to the data 
collection procedures rather than to demographic or cultural variations, 
regardless of the sample’s homogeneity. That said, any extrapolation of 
behavioral findings from our study should be made with caution.

Within each treatment group we used a different survey to elicit 
the names of the alters in the respondent’s ego network. Specifically, 
respondents were randomly assigned to a treatment group and asked 
the following question: Write X names of people you know by their first 
name and vice versa, people with whom you have had contact at least in 
the last two years and whom you can contact if necessary. This can be any 
type of person you know in any field (studies, work, family, associations or 
clubs, churches, sporting events, travel, etc.). Here, ‘vice versa’ implies a 
reciprocal relationship (the people ego names also know ego by their 
first name). The only difference between the treatment groups was the 
number X—the number of names the respondent was asked to provide:

• Free Choice: Unlimited names (up to 45). We have 98 respon-
dents in this treatment group.

• Minimum 20: At least 20 names. We have 95 respondents in this 
treatment group.

• Fixed 30: 30 names. We have 105 respondents in this treatment 
group.

Our survey also included additional questions that were identical for 
all respondents, regardless of the treatment group. Specifically, we 
collected:

• Gender: Man/Woman/Other/Prefer not to answer
• Age
• Survey Time: Time taken by the respondent to complete the 
survey

Furthermore, for each alter name provided by the respondent, we also 
asked for their gender and age, as well as the following information:
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• Emotional Proximity: How emotionally close do you feel to [al-
ter name] (from 1 to 5, with 1 being the minimum and 5 being 
the maximum emotional closeness)? Only integer numbers were 
allowed.

• Context: How did you meet [alter name]? Respondents were given 
the following options: Family / Primary or Secondary
Education / Higher Education / Job / Common Hobbies / Through
another person / Neighbor / Other.

Finally, respondents were asked the following question: Do [Alter 𝑖] 
and [Alter 𝑗] know each other in such a way that they could contact or 
meet without you being present? They were given three response options: 
Yes, Maybe, or No. This question was asked for every possible pair of 
alters from the names elicited in the first question. Thus, if a respondent 
provided 𝑁 alter names, they were required to evaluate (𝑁2 − 𝑁)∕2
potential relationships between alters. With this information, we recon-
structed a network for each respondent, where each node represents an 
alter, and a link between two alters exists if the respondent answered
Yes to the previous question. An alternative analysis was conducted in 
which Maybe responses were also considered as existent links, yielding 
equivalent results. The main findings of this alternative analysis are 
summarized in Section S5 of the Supplementary Material. We include as 
well in Section S4 of the Supplementary Material a preliminary analysis 
of the gender composition of our sample.

2.2. Methodology

The implicit assumption is that our sample of real ego networks 
is statistically equivalent across all the participants, irrespective of 
the treatment. When a specific name generator is used, we obtain an
empirical representation of the real ego network, aiming to capture its 
relevant characteristics. However, the choice of a data collection strat-
egy directly influences the information collected, shaping the empirical 
network reconstructed from the real network. Our surveys differ in the 
number of alters required from respondents. While this difference may 
seem minor, it can have significant implications for the data collected. 
For instance, it is well known that larger networks tend to have lower 
densities, and this relation between density and network size is far 
from trivial (Friedkin, 1981). Consequently, when using a survey that 
elicits a larger number of alters, we expect to observe networks with 
lower densities. Importantly, this does not necessarily mean that the 
real network has a lower density. Instead, it reflects the effect of our 
methodological choice: the empirical ego network we construct will 
exhibit lower density. This distinction is crucial throughout the paper—
we are comparing empirical networks without direct knowledge of the 
real underlying ego network.

The effect of varying the number of alters requested by the survey 
extends well beyond network density. Several other structural prop-
erties – such as subgraph centrality metrics (Estrada and Rodriguez-
Velazquez, 2005) and community structure – are significantly influ-
enced by changes in network size. Moreover, this variation affects not 
only individual structural variables but also the relationships between 
them. In other words, changes in network size affect the correlation 
patterns among structural variables, shaping the range of behaviors 
observable in the dataset. We will discuss this idea in detail below.

Network size also impacts aspects beyond structural properties. 
For instance, if too few alter names are elicited, there is a risk of 
misrepresenting interaction contexts. A small number of alters may 
disproportionately belong to a limited set of contexts, such as family 
or work, whereas a larger number of alters may introduce additional 
contexts, such as former classmates or neighbors. Similarly, when 
respondents provide fewer names, they may prioritize individuals with 
a high level of emotional proximity, potentially skewing the dataset. 
Other factors, such as age and gender distributions, could also be 
affected.
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With these issues in mind, we divide our analysis into two parts. 
First, we examine the effects of the survey on variables unrelated to net-
work structure, such as emotional proximity, interaction contexts, age, 
and gender. We refer to this as the non-structural analysis. Next, we 
investigate in detail how the survey influences the structural properties 
of the ego network.

2.2.1. Non-structural analysis
In our analyses, we aim to compare networks with one another. To 

enable this comparison between networks beyond structural properties, 
we use the available data to define some variables at the ego network 
level. We define the following variables:

• Gender Homophily: Computed as the proportion of alters within 
the ego network that share the same gender with ego.

• Min/Max/Mean/Median/Standard Deviation of the age dif-
ference between the ego and all the alters: 5 variables to 
characterize the distribution of age differences between the ego 
and the rest of alters. Besides, we analyze the age of the ego 
separately.

• Levels of emotional proximity in the network: Computed as 
the proportion of alters within each level of emotional proximity. 
When interpreting these values, one needs to take into account 
the differences in network sizes between the three treatment 
groups.

• Context Heterogeneity: Computed as the number of unique 
contexts that appear in the network over 8, the maximum number 
of contexts that can appear.

• Context Presence: Computed as the proportion of alters within 
each context. When interpreting the values, one needs to take 
into account the differences in network sizes between the three 
treatment groups.

For this part of the analysis we will explore simply how these variables 
are distributed across networks depending on the survey used.

2.2.2. Structural analysis
The structural analysis is based on the methodology presented 

in González-Casado et al. (2024). Here, we will summarize the key 
points necessary to understand the results presented, while referring 
the reader to the original reference for further (technical) details. Our 
starting point is a collection of adjacency matrices representing our 
ego networks. Our goal is to understand the differences in structures 
displayed by these networks and use this information to compare 
different treatment groups.

To this end, we compute a comprehensive set of 41 structural 
metrics, drawing from well-established sources in Network Theory 
and Social Network Analysis, such as Wasserman and Faust (1994), 
Estrada (2012), and Newman (2018). These metrics capture different 
aspects of network structure, including connectivity, closure, local and 
global centralities, distances, community and subgroup structures, and 
structural holes. A complete list of these variables, along with their 
mathematical definitions and interpretations, is provided in the Supple-
mentary Material of González-Casado et al. (2024). We calculate these 
metrics for each network, constructing a dataset containing the values 
of these structural variables for every network. However, as discussed 
in the original article, some of these metrics may provide redundant 
information about the network structure. This means that, although our 
dataset includes many metrics, not all of them are necessary. To address 
this, we analyze correlation patterns among these metrics and apply a 
dimensionality reduction technique based on Factor Analysis (Mulaik, 
2009; Buja and Eyuboglu, 1992). Simply put, this procedure groups 
together structural metrics that provide redundant information into a 
single composite metric. For instance, if correlation analysis reveals 
that metrics such as density, clustering coefficients, and transitivity 
convey similar information, we combine them into a single metric, 
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which we arbitrarily name cohesion. This procedure yields a small 
number of global structural metrics, defined as linear combinations 
of the original 41 metrics, allowing us to explain and interpret the 
spectrum of ego network structures in our dataset. However, as de-
scribed in González-Casado et al. (2024), we also need to understand 
how these global variables relate to the original structural metrics to 
interpret variations in network structure in simple terms. Since these 
global variables are expressed as linear combinations of the original 
metrics, each metric is linearly correlated with certain global variables. 
To summarize these relationships, we use the loadings matrix, which 
contains the correlation coefficients between the original metrics and 
the global structural variables. This matrix enables us to group similar 
metrics together and associate them with each global variable. Conse-
quently, instead of analyzing 41 different variables, we can focus on a 
few key dimensions that capture the essential structural features of ego 
networks, thereby improving interpretability. With this summarized 
dataset, comparing treatment groups becomes more straightforward.

While the above analysis should be sufficient to compare networks 
across groups by examining how structural behaviors differ in terms 
of these global variables, a complementary analysis can further clarify 
these differences. We can classify networks within each group based on 
their structure, allowing us to describe the diversity of networks col-
lected using each survey using a few representative ego networks that 
contain the key characteristic structural properties. By comparing these 
representative samples across groups, we can effectively summarize the 
main structural differences between treatment groups. For technical 
details, the reader is again referred to González-Casado et al. (2024).

3. Results

3.1. Non-structural analysis

In Fig.  1, we present a comparison of all the non-structural variables 
discussed in the previous section between treatment groups. Overall, 
we find that the behavior of these variables is fairly similar across 
groups. However, it is relevant to interpret the small observed differ-
ences. To do so, it is helpful to consider the distribution of network sizes 
for each group, shown in Fig.  2, panel (a) (distribution of the number of 
nodes). For the Fixed 30 group, all networks contain exactly 30 nodes. 
For the Free Choice group, the distribution is wide, with most networks 
having between 9 and 32 nodes (first and third quartiles) and a median 
of around 17.5 nodes. There are 23 small networks, with a size of less 
than 10 nodes; and 14 networks with the maximum size imposed by the 
survey, 45. The rest lie between 10 and 44 nodes. For the Minimum 20 
group, the distribution is bounded between 20 and 45 nodes. Notably, 
this distribution is narrower, with most respondents naming between 
20 and 25 alters (first and third quartiles, median of 21), and fewer 
respondents reaching larger values for the number of nodes. In this case 
it is worth noticing that the behavior is not equivalent to ‘collapsing’ 
the smaller networks in the Free Choice to 20 nodes while keeping the 
others. We interpret this behavior as being influenced by a sense of a 
‘completed task’. Since respondents are required to name at least 20 
alters, many stop naming additional individuals once they reach this 
threshold, even if their network contains more people. This contrasts 
with the Free Choice group, where there is no explicit lower bound, and 
the absence of such a threshold likely avoids this psychological effect. 
Furthermore, for the Minimum 20 we expect to observe intermediate 
behavior – both in structural and non-structural variables – between the 
Free Choice and Fixed 30 groups, but closer to Fixed 30. The observed 
limited size variability is likely to impose correlation structures similar 
to those observed in Fixed 30 networks. We will explore this idea 
further in the following section.

Focusing on non-structural variables again (Fig.  1), we first observe 
differences in the time respondents took to complete the survey. As 
expected, individuals in the Fixed 30 group spent more time because 
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Fig. 1. Distributions of individual non-structural metrics for the networks in each 
treatment group.

their networks are larger and they were required to evaluate all pos-
sible relationships among the named alters. Regarding age and the 
variables that characterize the distribution of age differences within 
each network, we find that most variables behave similarly across 
the three groups, except for the minimum age difference, which is 
larger (in absolute value) for the Fixed 30 group. We hypothesize 
that respondents tend to name people closer to them first, who are 
likely to be in the same or a nearby age group. However, as they 
are required to name more people, individuals from more distant age 
groups, such as grandparents or bosses, are increasingly included. This 
hypothesis was not explored further in this study. Gender homophily 
is slightly higher for the Free Choice group. It is well established 
that personal relationships tend to exhibit gender homophily, specially 
when these relationships are close to the ego (Rivera et al., 2010). 
Since respondents name fewer people in the Free Choice group, it is 
likely that the named individuals are closer to them and, consequently, 
share the same gender. This is further supported by the distribution 
of emotional proximities: in the Free Choice group, the proportion 
of alters with stronger emotional proximity is larger, as respondents 
name fewer, but closer, individuals. Conversely, the Fixed 30 group 
82 
Fig. 2. Distributions of individual structural metrics for the networks in each treatment 
group. A subset of the original 41 metrics is shown, selected to represent different 
structural aspects. On the 𝑥-axis, the groups of variables that exhibit the same behavior 
are indicated below each distribution. The displayed distribution corresponds to the first 
variable listed within each group.

shows a higher proportion of weaker ties within egocentric networks. 
Finally, regarding the heterogeneity of contexts, networks in the Free 
Choice group are less heterogeneous, with a higher proportion of alters 
belonging to the respondents’ families or higher education contexts. If 
respondents name people closer to them, it is reasonable that family 
members would be named first. Moreover, since our sample includes 
a significant proportion of university students, it is also likely that 
many alters belong to the higher education context. Despite these 
differences, it is important to emphasize that they are relatively minor. 
Across all groups, the networks provide a reasonable representation of 
emotional proximity levels, genders, contexts of interaction, and age 
groups. While the choice of data collection strategy does influence these 
distributions, the effects are not exaggerated, and thus this analysis 
does not point to a clear preference of one survey over the others. 
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Fig. 3. Loadings Matrix for each treatment group. Columns in this matrices represent each global structural variable defined as a linear combination of the 41 structural metrics. 
Rows are these 41 structural metrics we measure in the ego networks. Each element of the matrix represents the correlation coefficient between each metric and each global 
variable. Below each variable we display the percentage of the variance of the data explained by that variable.
All these results are in agreement with the preliminary non-structural 
analysis performed by Campbell and Lee (1991).

3.2. Structural analysis

As explained above, for each network we measure a collection of 
41 properties that capture different aspects of network structure. The 
most straightforward approach is to first compare how these variables 
are distributed across treatment groups, ignoring for the moment their 
collective behavior. Since many of these variables exhibit similar pat-
terns, Fig.  2 displays the distribution of a representative subset, chosen 
to illustrate the different structural aspects measured. Overall, we 
find that, at the individual level, all variables behave similarly across 
the three name groups. However, as we will see, the key difference 
between groups is not captured by the individual behavior of these 
variables but rather by their collective behavior—specifically, by the 
correlation patterns among them. Despite the overall similarities, some 
differences are worth noting. As expected, for all variables, networks 
generated by the Minimum 20 survey exhibit an intermediate behavior 
between those of the other two groups. Focusing on specific metrics and 
comparing Free Choice networks with Fixed 30 networks, we find that 
Free Choice networks generally have a lower number of cliques, lower 
subgraph centrality metrics, fewer communities and components, lower 
modularity, and lower variance and centralization of the constraint 
and effective size metrics. They also exhibit higher values in global 
cohesion metrics such as density, triangle density, global efficiency, and 
average closeness centrality, as well as in average constraint, number 
of isolated nodes, average PageRank and Eigenvector centralities, and 
variance and centralization of closeness and degree centralities. Finally, 
some variables behave similarly across all three groups, including 
betweenness centrality metrics and local cohesion measures such as the 
Watts–Strogatz clustering coefficient, local efficiency, and transitivity.

All observed differences can be traced back to variations in net-
work size across groups, since Fixed 30 networks are generally larger 
than Free Choice networks. In simple terms, certain structural metrics 
are properly normalized with respect to network size. This is the 
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case for local cohesion variables and betweenness centrality metrics, 
meaning that their numerical values can be interpreted independently 
of network size. However, most other variables either lack explicit 
normalization or remain sensitive to network size even when normal-
ization is applied. As a result, larger networks tend to exhibit more 
communities and components, higher subgraph centrality values, and 
lower global cohesion metrics, among other effects. This dependence of 
individual metrics on network size is well-documented in the literature 
and should not come as a surprise to the reader. However, as our 
analysis will suggest, this dependence has far-reaching implications 
beyond the individual behavior of variables. It fundamentally alters 
the internal correlation structure among variables—that is, their joint 
behavior. We will now discuss this in depth.

To analyze the collective behavior of these variables, the most 
straightforward approach is to compute the correlation matrix between 
them. The three correlation matrices for each group are presented 
in section S2 of the Supplementary Material. As explained in the 
methodology, some groups of metrics provide redundant information 
about network structure. This redundancy can be extracted from the 
correlation matrices using any dimensionality reduction technique. By 
applying this procedure, we group together structural metrics that 
convey redundant information into a single composite metric, effec-
tively reducing the 41 structural metrics to a smaller set of global 
variables that summarize network structure. The loadings matrix for 
each group, which contains the correlation coefficients between the 
original metrics and these global structural variables, is shown in Fig.  3. 
We observe that networks generated by the Free Choice survey can be 
effectively described by five global structural variables. The first groups 
together all subgraph centrality metrics and the number of cliques, 
capturing the network’s subgroup structure. The second combines all 
metrics related to community structure and global cohesion. The third 
primarily reflects betweenness centrality metrics. The fourth includes 
metrics related to Eigenvector and PageRank centralities, effective size, 
and local cohesion. Finally, the fifth is associated with centralization 
and the variance of closeness and degree centrality metrics. The amount 
of variance explained by each of these global variables is relatively 
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Fig. 4. Heat-Map of the values of the structural metrics that characterize each cluster in the 5-cluster partition for each treatment group. Each row in the heatmap represents 
one of the 41 metrics measured for each PN. The columns are divided into five clusters (colors). Within each cluster, there are three values displayed for each row. The central 
value represents the mean value of the standardized metric for that particular cluster. The values on the right/left sides indicate the upper/lower limits of the 95% confidence 
interval. On top of each cluster we present the network closer to the centroid of the cluster (thus, the network that is representative of the cluster). In the bottom of each cluster 
we display the number of networks that belong to that cluster. Networks are not necessarily distributed homogeneously between clusters because some regions of the space of 
structural variability may be denser than others.  (For interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.)
balanced. In other words, networks generated by the Free Choice survey 
can be described by five global structural variables, each summarizing 
a distinct and interpretable aspect of network structure and capturing 
a similar amount of variance.

This contrasts with the other two groups. Examining the loadings 
matrix of the Fixed 30 group, we see a single dominant global vari-
able that explains almost 40% of the dataset’s variance and groups 
together most of the individual metrics, including subgroup structure, 
community structure, global cohesion, and some Eigenvector centrality 
metrics. The remaining variance is captured by three dimensions, each 
grouping far fewer metrics: one related to local cohesion, another to 
degree and closeness centrality variance, PageRank, and effective size, 
and a third to betweenness centrality. The loadings matrix for the 
Minimum 20 group falls between these two extremes but is clearly 
closer to the Fixed 30 case, where a single global variable dominates, 
grouping most structural metrics together.

This result can be understood by revisiting the correlation matri-
ces. In simple terms, when network size is not constrained by the 
survey (as in the Free Choice case), variables correlated with network 
size can vary independently. For instance, if we do not fix network 
size, networks can exhibit independent variation in subgraph cen-
trality and community structure metrics. While both are correlated 
with network size—since larger networks tend to have larger sub-
groups and communities—these two aspects remain independent of 
each other. Thus, knowing a network’s subgroup structure does not 
provide direct information about its community structure. However, 
when network size is constrained (as in the Minimum 20 and Fixed 
30 cases), the correlation matrix changes. Essentially, the individual 
correlations that network size had with each metric now propagate, 
effectively coupling them. This means that previously independent met-
rics become correlated. Returning to the earlier example, community 
and subgroup structures are no longer independent—knowing one now 
provides information about the other. As a result, the correlation matrix 
becomes less sparse, reducing the number of global variables required 
to describe the data. This explains why, in the Fixed 30 case, a single 
dimension groups together subgraph centrality, community structure, 
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global cohesion, and Eigenvector centrality: all these variables are 
strongly influenced by network size, and once size is fixed, they be-
come mathematically coupled. Consequently, the amount of redundant 
information among individual metrics increases, meaning that different 
surveys alter the informativeness of certain variables in describing 
network structure.

In practical terms, our results suggest that networks generated by 
the Free Choice survey exhibit greater structural diversity, with a larger 
number of independent dimensions (i.e., the network structure can 
vary across more independent factors). Moreover, these independent 
dimensions are more interpretable, as they group together structurally 
related metrics and explain similar proportions of variance. By con-
straining network size through a specific survey, we limit the possible 
independent variations in structural metrics.

Despite these theoretical insights, it is not immediate to interpret 
how these different behaviors translate into specific structural differ-
ences in the observed networks. To better visualize these differences, 
we classify networks for each group, generating a taxonomy of struc-
tural types, as specified in the methodology. This approach divides the 
spectrum of structures observed into distinct regions characterized by 
specific structural properties. By selecting representative networks from 
each region, we can compare groups based on a small set of exemplary 
networks. Specifically, we choose five networks (this number is selected 
arbitrarily) for each group to make the comparison.

In Fig.  4 we depict the five paradigmatic networks for each group 
along with a diagram that conveys the structural metrics that charac-
terize each presented network. Free Choice networks can be divided 
into these five groups: networks with a distinct community structure, 
cohesive networks, networks with central nodes (betweenness central-
ity metrics), small and sparse networks, and networks with subgroup 
structure (subgraph centrality metrics). These clusters correspond di-
rectly to different combinations of values in the five global structural 
variables identified earlier. In contrast, for the Minimum 20 and Fixed 
30 groups, representative networks are primarily characterized by spe-
cific combinations of density, subgraph centrality, and community 
structure. For both groups we find networks with a distinct community 
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structure, networks with high density and subgraph centrality but weak 
community structure, mixed-type networks, and networks with high 
subgraph centrality and community structure but low density. Besides, 
we also find networks with central nodes. These types illustrate how the 
dimensions of community structure, subgraph centrality and cohesion 
are no longer independent, as in the Free Choice group.

4. Discussion

In this work, we compared ego networks constructed using three 
different operationalizations of a name generator, where the only differ-
ence is the number of alters elicited from the respondent. We analyzed 
both the structural differences between these networks and differences 
in other non-structural variables. The three surveys produce networks 
that are highly similar in terms of age and gender composition, emo-
tional proximity, and context of interaction. While some differences 
are expected due to variations in network size, all levels of emotional 
proximity, interaction contexts, genders, and ages are sampled similarly 
across the three treatment groups. At the individual level, structural 
variables also behave similarly. Although structural differences are 
more pronounced than non-structural ones, the overall similarity be-
tween the three groups remains. All observed differences can be traced 
back to the correlation patterns between the number of nodes and other 
structural variables.

The most significant differences among the three groups emerge 
in the collective behavior of structural metrics—in the correlation 
structure among them, the amount of redundant information each 
variable provides, and the diversity and interpretability of the ob-
served structural variability. Overall, we find that, for the ego networks 
constructed using the Fixed 30 and Minimum 20 surveys, the con-
straint on network size induces correlations between variables that 
were previously independent. This reduces the sparsity of the corre-
lation matrix, effectively decreasing the number of independent global 
variables needed to describe network structure and making these global 
variables less interpretable. While the Free Choice survey produces 
five easily interpretable global variables, each capturing distinct, in-
tuitive aspects of network structure, the Fixed 30 and Minimum 20 
surveys produce a single dominant dimension that explains most of 
the variance, making structural variation more difficult to interpret 
and visualize. This conclusion is reinforced by our structural taxonomy 
analysis, which shows that networks from the Fixed 30 and Minimum 
20 groups are intuitively more similar to each other than to those 
from the Free Choice group. This similarity arises because these surveys 
constrain structural variability, leading to a lower-dimensional space of 
possible network structures.

However, caution is needed when interpreting these findings. Apart 
from the relatively homogeneous population of our panel, the greater 
structural diversity and better interpretability of networks from the 
Free Choice group do not necessarily indicate a methodological ad-
vantage; they may simply be mathematical artifacts resulting from a 
wider distribution of network sizes. If real ego networks indeed vary 
widely in size – from as few as 5–6 nodes to more than 45 – then 
surveys that restrict network size artificially limit the spectrum of ob-
servable structures, introducing biases into data collection. This raises a 
fundamental question: How effectively do survey methods capture the 
variability in personal networks size? If the variation in numbers of 
alters elicited with a Free Choice approach is not a function of actual 
network size, but something else, such as varying levels of cooperation 
or ability to recall, then the more varying levels of structural measures 
are a mathematical artifact. The field needs a targeted study to answer 
whether the differing number of alters listed is a function of network 
size. Such a study could involve a free choice elicitation and one 
or more independent assessments of network size, such as using the 
network scale-up method (Laga et al., 2021).

This reveals a trade-off: A survey that constrains ego network size 
inherently limits structural variability and diversity. However, if net-
work size is left unrestricted, responses may be subject to biases—such 
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as the inclusion of non-compliant respondents who underreport their 
network size. Our non-structural analyses suggest that valid networks 
can still be recovered despite these constraints, but we cannot be cer-
tain. Regardless of the choice of a data collection strategy, the structural 
information recovered is shaped and potentially biased by its design. If 
network size is predetermined, the range of mathematically possible 
structural behaviors is constrained, meaning individuals with different 
ego networks may appear similar when analyzed using a survey that 
enforces a fixed number of alters. However, if network size is not fixed, 
then underreporting becomes a possibility, and small empirical ego 
networks may not accurately reflect real small networks.

In sum, among the three groups, the Fixed 30 and minimum 20 
appeared very similar, and given this result, we would not recommend 
the option of a minimum 20 with a variable maximum strategy. There 
is a trade-off regarding structural variability when comparing a Free 
Choice strategy to a Fixed Choice strategy. It is up to the researcher 
to decide if the increased structural variability from a Free Choice 
strategy represents actual variability in the networks, the potential 
introduction of bias, or if the lower structural variability introduced 
by the Fixed Choice approach is acceptable. This article clearly shows 
the consequences on structural measures of free versus fixed numbers 
of alters. It does not provide a clear recommendation. The researcher 
must determine whether they think the variation in network size from 
free choice generators reflects real variation in size or something else. 
Indeed, the field could use a study dedicated to answering that ques-
tion. It is not clear to us how such a study would be designed. Note that 
both approaches generate variability across egos. It is important to note 
that these observations are only for ego networks with larger (>20) 
alters. Ego network studies constrained to <10 alters typically yield 
much lower structural variation. Some studies, such as those focused 
on a particular type of social support, will often yield smaller numbers 
of alters, and a Free Choice approach may be more appropriate. Alter-
natively, asking about a larger number of alters and then identifying 
those that provide that support provides an opportunity to understand 
how support networks are embedded in larger networks.

In any case, we have demonstrated that, from a theoretical and 
mathematical perspective, changes in network size induced by the 
choice of survey have profound, non-trivial effects on the reconstructed 
structure, extending beyond the individual behavior of each struc-
tural metric and surpassing what has been studied so far. This work 
highlights the effectiveness of the methodology developed in González-
Casado et al. (2024) for analyzing the structural diversity of a group of 
networks. Besides, it enables detailed comparisons between groups of 
networks, and allows us to detect and characterize non-trivial struc-
tural differences with mathematical precision. We believe that such 
comparisons, as those reported here, and the description of the con-
sequences of choosing one data collection strategy over another will 
prove themselves useful for researchers in the field.
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