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ABSTRACT

Socio-Cognitive Mapping is an observational method to collect
information about people’s social networks in settings in which
participant observers know each other well, for example in school
settings. Compared to traditional self-report data, observation
reports make it possible to include (anonymized) network information
about people who do not participate. In a series of papers, Neal and
colleagues have criticized the methodology of Socio-Cognitive
Mapping studies. However, the criticisms do not pertain to the data
but only to a specific analysis program, SCM4, that was used in about
80% of the reviewed studies. To document their critiques, the authors
introduce a new analysis strategy intended to correct some of the
problems identified, and combine this with a promising new Community
Detection method. They compare their results to SCM4 results and find
in random simulations that, when using criteria that are more restrictive,
fewer groups and fewer group members are identified. | highlight the
extent to which the critique of the program is only justified under
restrictive conditions, explain that the backbone of the proposed
method has been used before, list problems of analyses that their
method does not overcome, and outline avenues for their solution.
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Capturing Peer Group Contexts: In Defense of
Socio-Cognitive Mapping Strategies to Ildentify
Children’s Peer Network Affiliations

The goal of reliably identifying cohesive
subgroups within people’s social networks (i.e.,
cliques or peer groups) has been at the forefront of
research on peer relationships since Moreno’s
pioneering efforts 1.2, Two main data collection
strategies are most prominent: People’s self-reports
of their own connections with others, and Socio-
Cognitive Mapping strategies (SCM3), in which
observers who know a setting well report on their
own groups as well as on their observed affiliations
of others. SCM has the advantage that network
data are obtained on individuals who choose not to
participate in a data collection. When care is taken
to anonymize their data, the networks so identified
become more inclusive4; Figure 1 gives an example
(for the entire map, see
https: / /web.pdx.edu/~thomas/graphics /jpgs/ima

ge002.JPG).

To analyze network data, many analytic
tools are available. Most prominent is the
framework UCINET (University of California Irvine
Network Analysis3) which includes many tools and
routines (e.g., n-clique, k-plex, Factions, Girvan-
Newman algorithm). In addition, there are classical
analysis programs (e.g., Negopy®¢, CSS7) as well as
recent developments (e.g., Neighborhood Detection
algorithms; Islands algorithm; Moody’s Crowds
algorithm). All of these methods are primarily
designed for use with self-reports but can also be
used for multiple-reporter data. A specific
program, SCM4, offers some advantages for such
data, and it is this program that has come under
concerted attack. The current paper is in defense of
SCM data and in specific, in defense of this
program. It examines the key critique points that
were made about the program, disentangles the
assumptions underlying the critiques, and clarifies
those critique points that are justified.

Figure 1: Subsection of the Socio-Cognitive Map of Girls’ Peer Groups in a Cohort of All 6" Graders in a

Small Town (from Kindermann®).

...............................
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The basic position of the current paper is
that many of the critiques have been leveled at a
“straw man,” that is, at a monolithic “SCM method”
that equates data collections and the nature of the
data with SCM4 as their sole analysis method, and
at a version of SCM4 that does not exist except in
the minds of its critics.

Where Do Real Problems Exist with The SCM4
Program and Where Have Non-Existent Problems
Been Created?

The evaluation of the critiques of Socio-
Cognitive Mapping strategies is based on the latest
attack, a paper by Neal, Neal and Domagalski®
entitled “False Positives Using Social Cognitive
Mapping to Identify Children’s Peer Groups.” The
critique rests on four points. First, the authors argue
that there exists a monolithic method -- “the” SCM
method-- consistent and “dominant” (p. 1) that relies
on the SCM4 analysis program or “variants” thereof
(p- 3). Second, they contend that “the” SCM Method
leads to the identification of large numbers of
“false positives” in data on peer affiliations, and
“always” identifies groups, even when none are
present (p. 5). Third, they describe the method as
consisting of five steps of data manipulations that,
according to Neal and Neal''!, change the
“meaning” of peer groups. Fourth, they argue that
the method is not documented sufficiently and its
inner workings remain obscure. As the solution to the
problems, they suggest an alternative, which
combines conditional probability analyses with a
Community Detection algorithm.

On the surface, this seems to be a
devastating critique. On closer inspection, however,
most of these points in the paper?® do not hold up to
scrutiny. To give an example, SCM is depicted as
the “dominant” method for identifying cohesive
subgroups in naturalistic settings from data in which
multiple peer observers report on groups (p. 1).
One page later (p. 2), the authors state that forced-
choice peer reports of Cognitive Social Structures”
is the “most widely used” approach for analyzing
multiple reporter networks. To make this point
requires a very fine-grained distinction between
reports of groups and reports of networks.
“Dominance” of SCM is then a result of a narrow
definition of research areas — and it is “dominance”
in a very small pond: The vast majority of network
analyses is based on self-reports of affiliations.

After addressing the four critique points,
the current paper concludes that when researchers
pay attention to some well-known minor problems
with SCM4, they should still feel confident in using
it. | end with a list of the real issues to be considered
for future updated versions of the program, offer
clarifications and corrections when these are
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needed, and weigh the value of SCM4 among
alternative approaches.

Critique #1: Does “the” SCM Method Exist for
Analyzing Peer Group Affiliation Data?

Socio-Cognitive Mapping is first and
foremost a method of collecting data on children’s
and adolescents’ peer groups in natural settings.
This method was introduced in 1985 by Cairns,
Perrin, and Cairns'2 as a way to identify peer
groups from reports of resident expert observers
(i.e., participant observations by children or
adolescents in their own schools or classrooms). The
goal was to reach a higher level of inclusiveness. In
traditional self-reports of networks, people who do
not participate are lost as individuals and as
potential network partners. In SCM, participants are
also observers and respond to a simple probe:
“Who hangs out together in a group in your
class/school2 Please list the kids who hang out
together in a group, for as many groups as you can,
and include your own group(s)” (sometimes adding,
“For each group, can you tell me what is it that
makes these kids a group? What do they typically
do together? Is there a name for this group?”).
Observers report on known groups, including
dyads. For example, observer A reports being in a
group herself together with B and C, and also
reports another group of D, E, and F. A key
assumption is that reporters are experts about peer
groups because they see them every day. Such
data are ‘multiple reporter data’ (the term that
Neal and colleagues® use); the difference is that
SCM reporters are study participants and expert
observers at the same time.

From these data, a Co-Occurrence Matrix
can be formed, consisting of counts of the
frequencies with which two students occur together
across observers’ reports. In A’s report above, A
occurs one time with B and once with C, B occurs
once with A and once with C, and C occurs once with
A and once with B. These are the counts of how often
each child was observed together with any other
child. The matrix is based on the program
Networks!3; the first version ran in 1986 on an
Apple lle. It was inspired by Bakeman’s Sequential
Lag Analysis 14, in which conditional probabilities of
observed behavior sequences are compared to
unconditional expected rates. With SCM data,
because observers are reporting on the same
visible groups, there is typically a high level of
agreement among them. Then, various analysis
methods are used on these data to extract
composite maps of peer group membership.
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Multiple Methods of Analyzing SCM Data

Neal and colleagues’ critique? raises no
concerns at all about the data of SCM methods. It is
focused solely on SCM4, a specific analysis
program. They argue that all SCM data are
analyzed by SCM4 or “variants” thereof (p. 7). To
construct this argument, the authors used a Google
search for papers with the term “Socio-Cognitive
Mapping” or “SCM” in their titles and identified 42
SCM studies among 72 studies that aimed to
identify peer networks. All used SCM data
collection methods (collecting multiple reporter data
on “who hangs out together in a group?” and
counting co-occurrences) but only about 80% used
SCM4 for analyses. As shown in Figure 2, there are
several options for analyzing cooccurrences:
Kindermann®'5  used conditional probability
analyses; Gest and colleagues’®- 19 used factor
analyses. At most, there is dominance of the SCM

Figure 2. Socio-Cognitive Mappimg: Data and Analysis Methods
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data collection method. Further, this count of studies
is an outcome of the decision to exclude more
diverse journals in their review (e.g., European
Journal of Psychological Science, Journal of
Educational Psychology, Merill-Palmer Quarterly,
Psychosocial Intervention, Zeitschrift fuer
Erziehungswissenschaft, L’Anee Pychologique). If a
wider net had been cast, 12 studies with SCM data
would have been found that did not use SCM4. In
short(see Figure 2), Neal and colleagues®
constructed a strawman to make the case that there
would be a single (“the”) dominant SCM method. To
create a big target, they conflate the data
collection method with the analysis program,
dismissing both when the program is the only actual
target of their critiques. By overcounting studies that
use SCM data collections and undercounting
analysis alternatives, they mischaracterize the
“dominance” of the program.

"The SCM Method" Six Methods Have Been Exploredto Analvze SCM Data
(as interpreted by Neal et al 2021%)

Steps
Organize peer reports into Recall Matrix (1) Count cooccurrences in peer reports

l

Systematize counts as

a Recall Matrix for users

Analysis of Conditonal Probabilities; binomial 7 -tests

Transform Recall Matrix into Cooceurrence Matrix
"infer interactions" (p. 3) @

"mirrors" projection (p. 3), potential interactions inferred

Principal Component Analysis

Analysis of Conditional Probabilities; Backbone Extraction & Community Detection

from co-participation: (p. 3) Correspondence Analysis
Multidimensional Scaling
SCM4

"Transform Cooccurrences into Similarity Matrix" (2) Correlate columns (or rows) of the cooccurrence matrix

"mirrors the CONvergence of iterated CORrelations” and arrange into a Similarity Matrix

(CONCOR)

"Construct binary network" consisting Collect pairs of people with cooccurrence correlations >.40 for a preliminary network

of pairs with corelations >.40 (iteratively increment accepted clusters; see Bacete & Perrin, 2013 *. Farmer et al., 1993°)

"Undocumented Black Box" decisions (3) Prune the preliminary network: Scan the entire network again and delete group
members who are only connected to less than 50%
of the other members (see Farmer et al.. 199337)

Critique #2: Does SCM4 Create “False Positives”
When Detecting Groups?

Neal and colleagues’ second criticism is that
SCM4 produces “false positives”. Implicitly, the
authors assumed that all 42 studies found in their
Google search used analyses that have in common
a specific feature called “projection” (as hinted in
Neal & Neal'0.11.20 21) Projection combines two-
mode network data into a one-node network
(Breiger?2). For example, if A observes B and C

together in a group, B observes A and C, and C
observes A and B, the observations can, according
to Neal23, be treated as a two-mode network and
projected to observations that connect all into a
triadic group, A-B-C (p. 85). However, none of the
SCM studies does this. And, this would not be
recommended because it can create affiliations
between people who have no observed connections
and inflate group membership.

On the observational level, contrary to
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Neal and colleagues’ earlier criticisms,'%1! the co-
occurrence matrix of the example is very clear:
Three observers reported three dyads with tallies
of ‘1°. Whether or not there could be a triad cannot
be determined when observers do not agree.
Beyond the observational level, analytics strategies
for SCM data can broadly be grouped into
probability-based and correlation-based analyses;
the critiques of Neal and colleagues only apply to
the latter methods. Correlation-based analyses
(e.g., Factor Analysis, Correspondence Analysis,
Multidimensional Scaling) assume that when people
have similar co-occurrence profiles, these people
can be seen as connected. This is sometimes justified,
but sometimes not. For example, consider Max
Weber’s 1947 point that if a dozen people on a
street open their umbrellas at the same time, this can
denote a network effect, but it can also mean that,
independently of interpersonal interactions, a rain
shower occurred.?4

This is where Neal and colleagues’
erroneous assumption about projection comes in.
SCM4 first correlates the columns of the co-
occurrence matrix: People with intercorrelations
above a certain level (usually .4) are preliminarily
assumed to be in the same group. This can lead to
projection-like results, but note that if so, this occurs
via intercorrelations, not through inferences about
the counts. Figure 2 includes quotes from Neal and
colleagues’ paper? suggesting that SCM’s Step 2
data manipulations use projection and create
artificially inflated counts. SCM4 does not involve
any of these manipulations and matrix
transformations. Instead, the process used by the
program is simple and straightforward: It involves
counting.

Neal and colleagues’ assumptions about
projection can explain several of the otherwise
puzzling critique points they raised: If the co-
occurrence matrix were a projected matrix, there
would indeed be a coherent set of (42) SCM
“projection” studies and it would be possible to
group studies that use SCM4 with studies that do
not. If projection occurred before correlations were
tested, that could explain why one can end up with
non-explainable results. And, because projection
was never explained in any SCM4 manual or
paper, one could have argued that there would be
unexplained assumptions in a mysterious “black
box” that produced non-replicable results. SCM4
does none of these things.

The “Creation of False Positives”

Even if SCM4 does not create false
positives through projection, it is still possible that it
identifies too many group members because of its
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correlational nature. As mentioned previously,
similarity of co-occurrences does not guarantee
affiliations. Neal and colleagues’ paper® uses
randomized data simulations to test whether SCM4
overestimates affiliations, and after a superficial
reading, the verdict is concerning: The number of
SCM4-identified group clusters seems much too
large. However, this conclusion is far from justified.

First, the quality of an analysis program
cannot be judged by its ability to deal with data it
was not designed to analyze. There is a difference
between SCM data and random data. Second, that
pattern-finding programs find patterns in random
data is reminiscent of the hurdles that Cluster
Analysis proponents had to overcome before their
method was accepted. To filter out illicit data,
Cluster Analysis proponents developed tests to
determine whether real clusters actually exist in a
data set, and similar strategies have been
developed for Factor Analysis (parallel analyses).
Indeed, all pattern recognition rests on the
assumption that there is something to be recognized.
If there is something, a program should find it.

With observational data, the key criterion
to determine whether there is something to detect
rests on inter-observer reliability. In their earlier
critique, Neal and Neal'® presented artificial data
in which no observer agreed with any other
observer (i.e., A reports A and B to be in a group;
B sees B and C; C sees C and A) and argued that
SCM4 cannot distinguish whether there are three
dyads or one triplet. It should not. Why?2 Because
the observers do not agree on any groups; hence
there arent any (Kindermann'525 also excluded
cooccurrences of 1 in order to exclude self-
enhancing self-reports). Reliability needs to be
examined prior to running group detection
programs. If classrooms are the unit of analysis and
expert participants observe their own classrooms,
quick inspections of reporter agreement will suffice
(as long as more than 50% of setting members
participate3). In large samples, observer agreement
will not be obvious, so Kindermann25 recommended
a kappa?¢ (agreement corrected for chance) of .70
or higher.

In the above example, the determination of
whether there are any groups will depend on
additional observations. If a further observer also
reports any of the dyads (raising co-occurrences
from 1 to 2), that dyad is reliably observed and
can be accepted. There would be a triad as soon
as another observer (D) reports that A, B, and C are
together (the dyadic reports are taken as errors of
omission). Whether such patterns will be identified
in SCM4 will also depend on the significance levels
of the co-occurrence intercorrelations (i.e., none of
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the above patterns would be accepted if
individuals also have frequent connections with
other people, say E or F).

Although their overall criticism does not
withstand scrutiny, Neal and colleagues’ example
does identify two valid critique points: First, SCM4
has no check for reliability built into the program.
Researchers themselves have to know that they
need to check it. Secondly, there is no alert when
“significant” patterns are based on single
nominations; researchers need to exclude those
based on inspection of the output. To my
knowledge, the published SCM4 papers took both
of these steps. In Neal and colleagues’ simulations,
the authors chose not to do so.

However, there is also an elephant in the
room. How many significance tests were conducted
in the simulations? As results of their simulations with
SCM4, Neal and colleagues? report that on
average, two-thirds of children were found to be
with a group when using SCM4 (Study 2, p.6). This
means that more than 18000 tests showed
significant correlations. How many of these should
be accepted when adjustments for chance
significance would have been made? Typically,
peer researchers do not use Bonferroni adjustments
when just a handful of classrooms are studied, but
adjustments are needed with this many simulations
(either  constrained to  specific  classroom
characteristics, see Neal and colleagues’ Study 2°,
or unconstrained with completely random data as in
Study 4). Even with adjustments by a factor of 100
(on a level of .0005), only a very small number of
children, if any, would remain accepted in a group.
In Neal and colleagues’ Study 4 using Backbone
Extraction and Neighborhood detection? only
between 7% and 14% of children were found to
be in a group; however, most of these connections
would likely also disappear after adjustments for
chance. In sum, one method would be criticized
because it produced more pseudo-significances
(noise) than another, when actually, likely none of
the significances in the random data should be
accepted.

Do the Decisions Neal and Colleagues Made as
Analysts Make the SCM4 Program Look Worse Than it
Actually Is?

Neal and colleagues propose® a promising
method for analyzing data collected via SCM that
combines conditional probabilities with community
detection (Study 4). The goal was to show that this
is better than SCM4, and they conducted five
simulation studies comparing the two analysis
methods. | will take up the merits of their new
method later, but when using SCM4, Neal and
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colleagues made decisions that informed analysts
would not easily make; these decisions made the
program look worse than it actually is. Neal and
colleagues imply that most researchers also made
these same decisions in prior studies. But they did
not necessarily do so, and even if they did, it is not
the fault of the program. The differences between
SCM4 and Neal and colleagues’ new method arise,
not in the output of these two programs, but as
explained in the next sections (1) in the input where,
instead of reliable co-occurrence data, completely
random data are used; (2) in their interpretation
about how to treat dyadic connections; and (3) in
their interpretations with respect to whether students
can belong to multiple groups.

SCM4 in Simulations of Data it is Not
Designed to Analyze. In their Study 3, Neal and
colleagues? show that in 1000 random simulations,
peer “groups” were identified about 800 times by
SCM4, and 66% of children were identified as
members of groups. This seems like a lot. However,
should one really expect that there would be “no
groups” in random data (p. 7)2 Consider a game of
poker: The probability of having a hand with a pair
or higher is about .499 (almost 500 times in 1000
draws). If one only accepts three of a kind or higher,
as in Neal and colleagues’ Community Detection
comparison, the probability is .029 (29 times).
Importantly, the probabilities are never zero. Even
in random data, patterns should be expected: Pairs
and three of a kind in a poker game, and groups in
randomized observations.

Nevertheless, SCM4 shows a high number
of groups. One explanation rests on the fact that
SCM4 was designed to analyze co-occurrence
matrices representing expert observer reports on
existing peer groups, that is, data that already
reflect reliable reports of co-nominations from
multiple reporters. When used with such data,
SCM4 results were shown to be comparable to
those of Neal and colleagues’ new method. This is
demonstrated in their Study 1, where they use
reliable data (the sample of Cairns and Cairns3).
Her, findings from SCM4 are consistent with results
from the new combination of Backbone Extraction
with the Community Detection method (BE & CD?28).
When reliable SCM data are used, the results
match, and this is exactly as it should be. When the
SCM4 program was first developed in the 1990’s,
the patterns from z-tests of conditional probabilities
matched with SCM4 results (see Figure 3).

Dealing with Dyadic Connections. The
second explanation is that SCM4 includes some
dyads, purposefully, whereas the authors’ new
method does not, also purposefully. This is a
decision, not a program feature; the authors’
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method could have included dyads, or dyads could
have been excluded from the SCM4 output. Since
inclusiveness is one of the goals of SCM4 (and SCM
data collections), dyadic connections are included

Figure 3:
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under certain conditions: The intercorrelations of
their cooccurrences need to be above .40, there are
no disconfirming observations, and the groups are
reliably observed.

Group Contexts Identified by SCM4 and Networks4 in the data of Cairns et al312
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— Significant Connection p < .01 (Networks4)
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One reason for including dyads is that
Robert Cairns aimed to include Bavelas-like group
constellations (see Figure 4). The goal was to include
structures like “stars” or “chains” as peer groups.
Many traditional group theorists, however, do not
consider such patterns to denote groups; instead, a
Bavelas-chain of three would be seen as a pattern
of two dyads, not one group. SCM4, however,
includes people in a single group when they share
connections with 50% or more of its members.
Readers can imagine this as an iterative process, in
which first, dyads are incremented to triads, and
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then, two triads are combined (occasionally,
researchers have also used 60% as the minimum, in
order to exclude such patterns).

Bavelas groups can be real (e.g., in a
school newspaper group, only the editor may be in
touch with all the reporters). Thus, the patterns in
Figure 4 may denote groups, even if they consist just
of interconnected dyads (assuming there would be
no observer who reported a triad). Many
neighborhood detection methods will likely only
include those as interconnected dyads.
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Figure 4: Bavelas Groups: Dyadic Connections and “Groupness”

O O O O Chain

Star (Wheel and "Y’)

Circle

Neal and colleagues’® method explicitly
excludes dyads (p. 5 footnote 7, and so do some
SCM researchers?’). SCM4, however, will include the
patterns in Figure 4 as (secondary) quadruplet
groups in its output if the criteria for inclusion are
met (i.e., cooccurrence intercorrelations are above
.40; little connections to outsiders; see HEA in Figure
3). When researchers want to exclude them, they
need to be taken out separately from the output.
This is a problem of SCM4: Bavelas-like dyads are
hard to detect from the output. A future version of
the program should aim to identify them separately
and give an estimate of their reliability.

Interpreting Output on Multiple Group
Membership. The third example of a decision made
by Neal and colleagues® that needs to be
questioned is that, in their Community Detection
method, they added a decision rule: Only accept
primary (non-overlapping) groups. (The authors
state on p. 8 that this was done in “most” SCM
studies -- they refer to four -- but | am less than sure
that this is true.) This rule defies ecological validity,
since in the real world, most children belong to
multiple overlapping peer groups?.

This decision produced a problem
highlighted by Neal and colleagues (in their Figure
1; equivalent to Figure 3 here 9) and revolves
around child HEA who shows close connections to

Medical Research Archives |https:

two different groups of children that are
interconnected. The question is whether HEA belongs
to multiple groups (and similarly KEN, not included
in the Figure) or just fo one most important group.
Neal and colleagues argue that because HEA seems
to have two groups, her primary group affiliation
cannot be decided from the data, and her network
pattern should be ignored. However, HEA is well-
integrated in the classroom system (Figure 3) and
should not be ignored. The outcomes of this decision
are apparent in Neal and colleagues’ Study 4 which
uses BE-CD? to contrast SCM4 analyses of real
classroom data (data set 1), randomized classroom
data (set 2), and freely simulated data (set 3).
SCM4 performs badly when there are no experts
and there is no reliability. But the comparisons
actually look worse than expected. SCM4 aims to
preserve multiple group memberships, whereas
Neal and colleagues’ BE-CD alternative decision
rule explicitly excluded them. This is not a matter of
programs but of analysts’ decisions. To expect that
each of the simulations contains two individuals with
multiple group membership may be unrealistic, but
if only a quarter of the simulations contained such
cases, there would be dozens of multiple
memberships. This could explain much of the
differences.
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This decision rule needs to also be
questioned. First, to identify distinct and separated
groups is not always a good goal of research
questions in the real world: Groups tend to be
naturally overlapping. Secondly, because many
network researchers have trouble with groups that
overlap, if ignoring a person is not an option, a
decision will need to be made about a primary
group and a secondary group affiliation. Often,
such decisions are made based on levels of
connectedness and favor membership in the more
interconnected group. However, statistics may give
bad advice here: It will make a difference whether
a student is assigned to the Journalism Club or the
Rock Band at school (which will likely be more
cohesive) when he or she is a member of both. The
decision should not be made based on statistical
considerations but should depend on the research
question under study. Thus, when academic
development is examined, choosing the most
cohesive subgroup can be a mistake; it should be
the group that is most important for academic
development (or, if in doubt, both groups should be
included). If social integration, group selection, or
group influences are considered, individuals with
multiple group memberships can also not be
ignored and their connections need to be included.

Over-identification or Under-
identification? In sum, looking at the distributions in
Figures 3 and 4 of Neal and colleagues’ critique,
there are multiple reasons why SCM4 would show
more groups and more members. However, major
differences between the results from the new
community detection method and SCM4 do not stem
from peculiarities of SCM4, but from the decisions
made in the comparison itself. On the one hand,
SCM4 may overidentify groups when input data
are not reliable. If so, then the verdict is clear: Do
not use SCM4 with data that it was not designed to
analyze. When there are no experts, “findings”
should not be trusted. Researchers need to check for
data reliability by hand (just as when using Cluster
Analyses or Factor Analyses). An automated check
may be preferable in future revisions. On the other
hand, when differences in identification are based
on decision rules that analysts impose about
whether to count dyads and multiple group
memberships, information on these rules needs to be
provided. From the information provided by Neal
and colleagues, this possibility cannot be evaluated.
To do so, readers would need to know how many of
the patterns identified by SCM4 were dyads and
how many were cases of multiple group
memberships. Based on Neal and colleagues’ use of
restrictive criteria, the comparison may not indicate
that SCM4 overidentifies groups, but that their
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choice of decision rules lead to under-identification
of groups.

Critique #3: Does the “SCM method” consist of
five steps of “manipulating” collected data, and
do the manipulations change the meaning of
“peer groups”?

The authors seem to be invested in their own
preferences for network analysis, as evidenced in
the steps they attribute to SCM methods. The actual
SCM data collection and analysis methods remain
close to the observational nature of the data, and
the steps that SCM actually uses are depicted in
Figure 2. In the SCM studies that did not use SCM4,
analyses methods consisted of two steps: (1)
creating a co-occurrence matrix and (2) analyzing
it with conditional probability methods or factor
analysis. In studies where SCM4 was used, there are
three steps: (1) creating a co-occurrence matrix, (2)
correlating columns of the co-occurrence matrix and
collecting individuals with correlations lager than
.40; and (3) pruning the network. In comparison,
Neal and colleagues’ description ? consists of five
steps (see Figure 2).

Changing the Nature of Peer Groups

One can argue that it is the second step in SCM4,
namely, correlational analyses, that could change
the nature of groups, as inferred from Neal &
Neal'011, The authors are correct in that correlating
bivariate connections in the co-occurrence matrix
does not always lead to the best representation of
groups; combinatorial or Markov approaches
would be preferable. SCM4 does not do this,
because there are usually not enough data to count
and compare triplets, quadruples, and so on (but
such strategies have been tried30). At the same time,
the use of correlations is not uncommon and not
always considered problematic. For example,
proponents of factor analyses of network data3! do
not see a problem with a correlational approach.
Even Neal and colleagues? seem to view this as less
problematic now than years ago. The Community
Detection method introduced in their paper builds
on conditional probabilities with which two people
are observed in the same group report (as in’516)
and then applies a community detection algorithm.
Most community detection algorithms use similarity
matrices and thus correlational methods. This
suggests that the use of correlational methods in
SCM4 would not be considered a serious problem
any more. In sum, counter to Neal and colleagues’
critiques, analysis of SCM data does not use
projection and not five steps of data
“manipulation.” Instead, it employs two or three
steps, all of which keep analyses close to the
original observation data.
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Critique # 4: Is the “SCM Method” a “Black box”
that is Not Sufficiently Documented, and whose
Inner Workings are Not Transparent?

Neal and colleagues®!! have argued that
SCM4 is a “Black Box” with obscure inner workings.
It is important to note again that this concern applies
only to the SCM4 program. Nothing was ever
unclear about SCM data collection methods or the
co-occurrence matrices that are subjected to
analyses. It is actually possible that this critique
about the workings of SCM4 had some validity
decades ago. When Robert Cairns died suddenly
in 1999, SCM4 was finalized but its documentation
was not. There existed a provisional Manual32 and
an unpublished co-authored paper3s,
Understandably but unfortunately, the
programmers wanted to leave the program as it
was and did not want to see it changed (e.g., efforts
to combine it with Networks4 did not succeed
because the source code was not shared; this may
have been the same for Neal and colleagues,). So,
the authors’ frustration in this regard s
understandable. And this protectiveness perhaps
contributed to the misguided assumption that
projection was a part of SCM4, when clearly it is
not. Today however, little remains uncertain and
published descriptions are available32-37, Note that
years ago, information about the program was
already sufficient to allow Z. Neal to design his own
version of SCM438,

Documenting Decisions Surrounding the Use of SCM4

Based on the confusions and
misinterpretations found in Neal and colleagues’
critiques, it seems possible that additional
documentation would be helpful, not so much about
the SCM4 program itself, but about the series of
decisions that need to be made by researchers
surrounding its use. Drawing together information
from previous sections of this paper and several
decades of study using SCM, the following aims to
clarify two main decision points.

First, there are decisions about the input;
these focus on whether the data are sufficiently
reliable to justify any further analysis. Second, there
are decisions that researchers have to make from
the SCM4 output; these involve determining which
identified groups they actually want to accept.
Since these decisions can vary based on the specific
research question, researchers typically only
describe the decisions they actually made in a
particular study.

Are the Data Reliable? Observations rely
on observer reliability. In small datasets, this can be
gauged from the convergence among observer
reports. In larger data sets, this needs to be
examined separately (e.g., Kindermann's kappa

Capturing Peer Group Contexts: In Defense of Socio-Cognitive Mapping Strategies to Identify
Children’s Peer Network Affiliations

indices). Future versions of the program should
include such tests so that random data cannot be
used.

How Should One Treat the Diagonal of
the Cooccurrence Matrix? In SCM4, the use of the
diagonal (which technically speaking should include
the number of times A co-occurs with A) was never
much scrutinized and is not well documented. The
solution of SCM4 was to include in the diagonal of
the cooccurrence matrix the raw observation
frequencies of each observed person (i.e., the
number of times each person was named as being
a member of any group by the whole set of
observers). This was a corrective measure to account
for signal strength (dampening of correlations when
signal strength deviates from co-occurrences), and
makes the correlations more conservative for
people whose co-occurrences differ much from their
overall observed counts. The inclusion of signal
strength in the correlations was, perhaps, audacious
30 years ago, but it has since become common
practice, for example, in text mining38 and health
statistics39. There may nevertheless be situations
when this is not an optimal solution and Neal offers
in his SCM4 version3® an option to normalize the
data that fills these values. This, however, will often
smoothen the distributions and can then lead to
higher correlations (and larger groups) than
researchers may want to accept. So, caution should
be used and researchers should be asked to
explicitly justify their decisions if they adjust these
values.

Do researchers want to accept dyads and
multiple (overlapping) group memberships?
SCM4 was designed to be inclusive, with the idea
that children who belong to dyads cannot be
considered social isolates, and that overlapping
peer groups are the rule rather than the exception.
If researchers decide not to include dyads and/or
multiple group memberships, these need to be
pruned from the extracted group reports. Thus,
SCM researchers exclude them manually if they
need to and it is considered problematic to exclude
them by default. If these decisions are going to be
made, they should be should be made explicitly
(and justified) by researchers and not by an
analysis program.

Conclusions: Letting Go of a Strawman

In their latest critique of SCM?, Neal and
colleagues created a strawman-- a picture of SCM
that is inaccurate -- and then knock it down. Their
criticisms are based on four premises. First, they
argue that SCM is a monolithic method that
dominates the identification of peer groups.
However, it is neither monolithic nor dominant. SCM
is not primarily a data analysis method, but first and
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foremost a data collection method, and SCM4 is not
the only way to analyze data collected via this
method. Second, Neal and colleagues contend that
SCM4 identifies large numbers of “false positives”
in data on peer group affiliations, and “always”
identifies groups, even when none are actually
present. Their evidence rests on the use of random
data that a real peer group researcher would not
subject to further analysis, as well as on comparisons
between results from SCM4 and from a Backbone
Extraction and Community Detection method in
which they excluded dyads and insisted on non-
overlapping groups. This may lead to the under-
identification of how connected individuals really
are with their peers. Most importantly, these criteria
reflect analysts’ decisions and not features of the
program.

Third, the authors describe SCM methods as
consisting of five steps of data manipulations that
change the “meaning” of peer groups. In reality, the
analyses consist of counting co-occurrences and
aggregating the counts into matrices, followed by
one or two further steps (depending on the specific
method), all of which keep the data close to their
observational base. The only step where questions
may arise is the use of correlational methods—
which, however, have become widely accepted in
community detection methods. Fourth, Neal and
colleagues argue that the method is not documented
sufficiently and its workings remain obscure. Today,
the code is available and the program was
documented well enough in 2014 that Neal and
colleagues were able to create their own version of
SCM4.

Valid critiques rely on an accurate
portrayal of the object to be criticized. The current
reply aimed to paint a more accurate picture of
SCM by: (1) providing an overview of the method
and its roots in the collection of observations; (2)
explaining how important it is to use the kind of
data the program was intended to analyze (i.e.,
reliable co-occurrences); (3) reminding readers of
the several alternatives to SCM4 in analyzing such
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data; and (4) describing the steps researchers go
through in making decisions about which parts of the
program’s output to use and which to prune. These
decisions should be based on investigators’
expertise and their specific research questions, and
should not be delegated to an analysis program. To
sharpen the critiques, it might be helpful for Neal
and colleagues to reorient themselves to a broader
understanding of SCM as an area of observational
research and to the facts of how that research is
conducted. Or, they may wish to go beyond
criticism. Given their expertise, and perhaps in
collaboration with researchers who are experts on
the method and the substance of the questions it is
designed to address. This could make real and
lasting contributions to this area of research.

Epilogue

It may seem surprising that this paper addresses
critiques of SCM4, when the author has never used
the program in any published paper. However,
SCM4 is based on the analysis of the co-occurrence
matrix that was co-developed together with Robert
Cairns, and the current paper objects to the
portrayal by Neal and colleagues of SCM4 as a
complicated method that involves a large set of
transformations, matrix  manipulations, and
controversial assumptions. From the critiques,
readers get the impression that SCM data are
problematic to analyze and SCM4 is almost
impossible to understand. The goals of the current
paper were to show that SCM data are
straightforward and that SCM4 provides one good
alternative for analyzing them. Personally, the
experience of looking deeper into SCM4 gave me
new respect for this 30-year-old program. It is
essential to have accurate portrayals of various
methods in order to compare their advantages and
disadvantages, and SCM4 is still a good alternative
that works reasonably well and so deserves to be
considered as a valid alternative.

esmed.org/MRA /index.php /mra/article /view /3149 11

Medical Research Archives |https:


https://esmed.org/MRA/index.php/mra/article/view/3149
https://esmed.org/MRA/mra

Medical
Research
Archives

References

1.

10.

11

12.

13.

Medical Research Archives | https:

Moreno JL. Who Shall Survive?¢ A New Approach
to the Problem of Human Interrelations. Nervous
and Mental Disease Publishing; 1933.
Freeman L. The Development of Social Network
Analysis: A Study in the Sociology of Science.
Empirical Press; 2004.

Cairns RB, Cairns BD. Lifelines and Risks:
Pathways of Youth in Our Time. Cambridge
University Press; 1994.

Mehess S J. Finding the Missing Links: A
Comparison of Social Network Analysis Methods.
Unpublished Masters Thesis, Department of
Psychology, Portland State University; 2016.
https: / /pdxscholar.library.pdx.edu/open_acc
ess_etds/2728/

Hanneman RA, Riddle M. Introduction to Social
Network Methods. University of California
Riverside; 2005.
http://faculty.ucr.edu/~hanneman/

Richards WD, Rice RE. The NEGOPY network
analysis program. Soc Networks. 1981;3:215-
223. https://doi.org/10.1016/0378-
8733(81)90017-4

Krackhardt D. Cognitive social structures. Soc
Networks. 1987;9:109-134.
https://doi.org/10.1016/0378-
8733(87)20009-8

Kindermann TA. Effects of naturally-existing
peer groups on changes in academic
engagement in a cohort of sixth graders. Child
Dev. 2007;78:1186-1203.

Neal Z, Neal JW, Domagalski R. False positives
using social cognitive mapping to identify
children’s peer groups. Collabra: Psychol.
2021,7(1):1-14.

https://doi.org/10.1525 /collabra.17969
Neal JW, Neal ZP. The multiple meanings of
peer groups in social cognitive mapping Soc
Dev. 2013 22:580-594. doi: 10.1111/j.1467-
9507.2012.00656.x

. Neal ZP, Neal JW. Opening the black box of

social cognitive mapping. Soc Dev. 2013;22:
604-608.

doi: 10.1111/j.1467-9507.2012.00668.x
Cairns RB, Perrin JE, Cairns BD. Social structure
and social cognition in early adolescence:
Affiliative  patterns. J  Early  Adolesc.
1985;5:339-355.
https://doi.org/10.1177/02724316850530
07

Kindermann TA, Kwee R. NETWORKS 3.5.01
[Computer program]. Portland State University,
Department of Psychology. 1995.

https:/ /sites.google.com/site /sonetpsu/

14.

15.

16.

17.

18.

19.

20.

21.

22.

23.

24.

25.

26.

Capturing Peer Group Contexts: In Defense of Socio-Cognitive Mapping Strategies to Identify
Children’s Peer Network Affiliations

Bakeman R. Computing lag sequential statistics:
The ELAG program. Behav Res Methods Instrum
Comput. 1983;15:530-535.

Kindermann TA. Natural peer groups as
contexts for individuals’ development: The
sample case of children's motivation in school.
Dev Psychol. 1993;29: 970-977.

Gest SD, Moody J, Rulison K L. Density or
distinction? The roles of data structure and
group detection methods in  describing
adolescent peer groups. Journal Soc Struct.
2006;6.

http:/ /www.cmu.edu/joss/content /articles/vol
ume8/GestMoody/

Molloy LE, Gest SD, Rulison KL. Peer influences
on academic motivation: Exploring multiple
methods of assessing youths’ most “influential”
peer  relationships. J  Early  Adolesc.
2011;31(1):13—40. DOI:
10.1177/0272431610384487

Gest SD, Graham-Bermann SA, Hartup WW.
Peer experience: common and unique features
of number of friendships, social network
centrality, and sociometric status. Soc Dev.
2001;10:23-40.

Gest SD, Farmer T, Cairns BD, Xie H. Identifying
children’s peer social networks in school
classrooms: Links between peer reports and
observed interactions. Soc Dev. 2003;712:513-

529. https://doi.org/10.1111/1467-
9507.00246
Neal ZP, Neal JW. Network analysis in

community psychology: Looking back, looking
forward . Am J Community Psychol. 2017;60
279-295. doi 10.1002/ajcp.12158

Neal JW, Neal ZP, Capella E. Seeing and
being been: Predictors of accurate perceptions
about classmates’ relationships. Soc Networks.
2016;44:1-8.
doi:10.1016/j.socnet.2015.07.002

Breiger R. The Duality of Persons and Groups.
Soc Forces. 1974:53(2):181-190.

Neal ZP. The backbone of bipartite projections:
Inferring relationships from co-authorship, co-
sponsorship, co-attendance and other co-
behaviors. Soc Networks. 2014;39:84-97.
Weber M. The theory of social and economic
organization. Free Press; 1947.

Kindermann TA. Strategies for the study of
individual development within
naturally-existing peer groups. Soc Dev.
1996;5:158-173.

Cohen J. A coefficient of agreement for nominal
scales. Educ Psychol Meas. 1960;20(1):37—-46.
doi:10.1177/001316446002000104.

esmed.org/MRA /index.php /mra/article /view /3149 12



https://esmed.org/MRA/index.php/mra/article/view/3149
https://esmed.org/MRA/mra
https://pdxscholar.library.pdx.edu/open_access_etds/2728/
https://pdxscholar.library.pdx.edu/open_access_etds/2728/
http://faculty.ucr.edu/~hanneman/
file:///C:/Users/thomas/Desktop/Soc%20Networks
https://doi.org/10.1016/0378-8733(81)90017-4
https://doi.org/10.1016/0378-8733(81)90017-4
https://doi.org/10.1016/0378-8733(87)90009-8
https://doi.org/10.1016/0378-8733(87)90009-8
https://doi.org/10.1525/collabra.17969
https://doi.org/10.1177/0272431685053007
https://doi.org/10.1177/0272431685053007
https://sites.google.com/site/sonetpsu/
http://www.cmu.edu/joss/content/articles/volume8/GestMoody/
http://www.cmu.edu/joss/content/articles/volume8/GestMoody/
https://doi.org/10.1111/1467-9507.00246
https://doi.org/10.1111/1467-9507.00246
https://en.wikipedia.org/wiki/Doi_(identifier)
https://doi.org/10.1177%2F001316446002000104

Medical
Research
Archives

27. Zarbatany L, Ellis WE, Chen X, Kinal M, Boyko

28.

29.

30.

31.

32.

33.

34.

Medical Research Archives | https:

L. The moderating role of clique hierarchical
organization on resource control by central
clique members. J Youth Adolesc.
2019;48:359-371.

https://doi.org/10.1007 /s10964-018-097 2-
9

Domagalski R, Neal Z P, Sagan B. Backbone:
An R package for extracting the backbone of
bipartite projections. PLoS ONE.
2021;16(1):e0244363.
https://doi.org/10.1371 /journal.pone.02443
63

Kindermann TA, Gest SD. The peer group:
Linking  conceptualizations, theories, and
methods. In Laursen B, Bukowski W, Rubin KH,
eds. Handbook of peer interactions,
relationships, and groups; 2 Ed. Guilford;
2018,84-105.

Kindermann TA. Distinguishing "buddies" from
"bystanders":  The study of children's
development within naturally-existing peer
contexts. In Kindermann TA, Valsiner J., eds.
Development of person-context relations.
Erlbaum; 1995,205-226.

Mehta PD, Neale MC. People are variables
too: Multilevel structural equations modeling.
Psychological Methods. 2005;10:259-284.
DOI: 10.1037/1082-989X.10.3.259

Cairns RB, Gariepy JL, Kindermann TA, Leung
MC. A user manual for SCM 4.0. Unpublished
manuscript, Center for Developmental Science,
University of North Carolina at Chapel Hill.
1998.

Cairns RB, Gariepy J L, Kindermann TA.
Identifying social clusters in natural settings.
Unpublished manuscript, University of North
Carolina at Chapel Hill, Department of
Psychology. 1989.

Bacéte, FJG, Perrin GM. Social Cognitive Maps:
Un método para identificar los grupos sociales

35.

36.

37.

38.

39.

40.

Capturing Peer Group Contexts: In Defense of Socio-Cognitive Mapping Strategies to Identify
Children’s Peer Network Affiliations

en contextos naturales.
Intervention. 2013;22(1):61-70.
https://doi.org/10.5093/in2013a8

Farmer TW, Cairns RB. Social networks and
social status in emotionally disturbed children.
Behav Disord. 1991;16(4),288-298.
https://doi.org/10.1177 /01987429910160
0404

Farmer TW, Xie H. Manufacturing phenomena
or preserving phenomena? Core issues in the
identification of peer social groups with Social
Cognitive Mapping procedures. Soc Dev. 201 3;

Psychosocial

22:595-603. doi: 10.1111/j.1467-
9507.2012.00669
Farmer TW, Stuart CB, Lorch NH, Fields E. The

social behavior and peer relations of
emotionally and  behaviorally  disturbed
students in residential treatment: A pilot study.
J Emot Behav Disord. 1993;1(4):223-234.
https://doi.org/10.1177/10634266930010
0404

Neal ZP. SCM: Stata Module to Process Data for
Social Cognitive Mapping, Statistical Software
Components  S457446, Boston College
Department of Economics. 2012. Handle:
RePEc:boc:bocode:s457 446,

https:/ /ideas.repec.org/c/boc/bocode /s457
446.html

Wiedemann G, Niekler A. Hands-On: A five-
day text mining course for humanists and social
scientists in {R}. In Bockwinkel P, Declerck T,
Kibler S, Zinsmeister H, eds.- Proceedings of the
Workshop on Teaching {NLP} for Digital
Humanities {Teach4DH@GSCL}). 2017:57-65.
http:/ /ceur-ws.org/Vol-1918 /wiedemann.pdf
Srinivasan K, Currim F, Ram S. Predicting high-
cost patients at point of admission Using
network science. IEEE J Biomed Health Inform.
2019;22:1970-1977;

DOI: 10.1109/JBHI.2017.2783049

esmed.org/MRA /index.php /mra/article /view /3149 13



https://esmed.org/MRA/index.php/mra/article/view/3149
https://esmed.org/MRA/mra
https://doi.org/10.1007/s10964-018-0972-9
https://doi.org/10.1007/s10964-018-0972-9
https://doi.org/10.1371/journal.pone.0244363
https://doi.org/10.1371/journal.pone.0244363
https://doi.org/10.5093/in2013a8
https://doi.org/10.1177/019874299101600404
https://doi.org/10.1177/019874299101600404
https://doi.org/10.1177/106342669300100404
https://doi.org/10.1177/106342669300100404
https://ideas.repec.org/c/boc/bocode/s457446.html
https://ideas.repec.org/c/boc/bocode/s457446.html
https://ideas.repec.org/s/boc/bocode.html
https://ideas.repec.org/s/boc/bocode.html
https://ideas.repec.org/c/boc/bocode/s457446.html
https://ideas.repec.org/c/boc/bocode/s457446.html
https://www.uni-stuttgart.de/universitaet/organisation/personen/Bockwinkel-00001
https://www.dfki.de/~declerck/
http://cl.indiana.edu/~skuebler
https://www.slm.uni-hamburg.de/germanistik/personen/zinsmeister.html
http://ceur-ws.org/Vol-1918/wiedemann.pdf
https://ieeexplore.ieee.org/author/37086482699
https://ieeexplore.ieee.org/author/38228909200
https://ieeexplore.ieee.org/author/37275404600
https://doi.org/10.1109/JBHI.2017.2783049

