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Experimental evidence confirms that
triadic social balance can be achieved
through dyadic interactions

Check for updates

Mirta Galesic1,2,3 , Henrik Olsson1,2 , Tuan Minh Pham1,4, Johannes Sorger1 & Stefan Thurner1,2,5

Balanced triadic relationships in social groups, such that friends of friends are considered friends, are
at the heart of stable human societies. Computational models of the origins of social balance typically
assume that people attend to the indirect relationships between their direct social contacts. This
assumptionmaybeof limitedplausability but there havebeennoexperimental comparisonsofmodels
using different assumptions. We compare one model that assumes that people pay attention only to
their direct social relationships1, and another that assumes they try to minimize imbalance in their
triadic relationships2. In a longitudinal group experiment with 480 interacting participants, we find that
triadic social balance can be achieved even if people pay attention only to their dyadic relationships.
Such empirical studies are essential for discerning between the many existing models of social
dynamics and identifying the most promising pathways for further theoretical development.

To foster successful collective action, societies must achieve and maintain
stable social networks. With the rise of new technologies that foster both
formation and dissolution of social relationships at an unprecedented scale,
it is important to understand the underlying network dynamics leading to
more or less stable societies. An influential proposal has been the structural
balance theory3,4, whereby social stability can be achieved by establishing
balanced cycles of relationships. The most studied cycles have been “trian-
gles”, or the relationships between any threemembers of a social network. A
triangle is considered to be balanced if all relationships are positive (+++)
or if only one relationship is positive (+--), while the remaining config-
urations (++- and ---) are considered to be imbalanced. This classification
can be extended further by considering edge directions and incomplete
triangles5,6 as well as cycles with more than three nodes3,7, but here we focus
on the four classic types of fully connected triangles in undirected graphs.

The central hypothesis in structural balance theory is that imbalanced
social cycles, such as imbalanced triangles, cause social dissonance, a term
used here to align with the broader literature on dissonance reduction. This
involves changing beliefs and/or social relationships to alleviate discomfort
arising from inconsistencies between them8,9. While the term “social stress”
is commonly employed in studies of structural balance, “social dissonance”
better captures this broader context as highlighted in prior research. Con-
sequently, these imbalanced cycles tend to shift toward balanced states over
time4. As a result, the proportion of balanced triangles should increase, and
theproportionof imbalanced trianglesdecreaseover timeuntil a steady state
is reachedwhere balanced triangles dominate in the social network.Variants

of this idea have been applied in different fields, including sociology10,11,
psychology12,13, and political science14 to understand the dynamics of social
relationships. In recent years, advances in network science and computa-
tional methods have enabled researchers to explore the structural balance
theory in greater depth and detail. This has led to a renewed interest in
quantitative modeling of how balance and imbalance in social networks
develop over time1,2,15,16, and how they affect social phenomena such as
cooperation17, conflict18, and polarization19.

A number of quantitative models have been proposed to explain
changes in structural balance. Earlier models explained updating of links in
social networks solely by minimizing social dissonance due to imbalanced
relationships (e.g., refs. 20,21). Recently developed models acknowledge
other factors contributing to changes in social balance, in particular the
dynamics based on homophily of one or more opinions (e.g.,
refs. 1,2,15,16,22,23). These models, and other network dynamic models
such as stochastic actor-oriented models24, recognize that both opinions of
and relationships between individuals can change, and that these two types
of changes can affect each other.

Most quantitative models of structural balance dynamics assume that
people have direct access to and take into account detailed triadic rela-
tionships of their nearest neighbors or even in the entire social network (but
see refs. 19,25,26, discussed later). For example, the model of Pham et al.2

assumes that people update relationships with their contacts not only based
on their own agreement with these contacts but also based on how their
contacts agree with each other.
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However, people often do not have information about agreement
between their contacts in most social networks they are a part of, except
perhaps in their closest social circles. Even if the information were available,
for most realistic network sizes it seems implausible that people can recall
and use that amount of information when deciding whether to update their
relationships27,28. For example, a person having only 10 contacts would have
to keep track and account for 45 links between these contacts.While people
sometimes seek and use this information (e.g., when planning seating
arrangements at an important dinner, or resolving a complicated political
issue), in most everyday situations people have to rely on the information
that is available and can be easily processed.

Recently, Pham et al.1 proposed a model of social balance dynamics
where the updating is based only on indivduals’ dyadic relationships.Unlike
the triadic models such as the above-mentioned Pham et al.2, in this dyadic
model people are assumed to consider only their own agreement with their
contacts, and not the agreement between their contacts. Surprisingly, this
model can still account for the emergence of triadic balance, and can
reproduce empirical observations of the distribution of triangle types and
the time course of triangle formation in an online multiplayer game29.
Moreover, the model can predict tipping points at which a society becomes
fragmented.

Despite the growing number of models of social balance dynamics,
thesemodels have not been compared against eachother in empirical terms.
Without model comparisons, ideally in longitudinal experiments that
would allow for causal inferences about the underlying dynamics, it is dif-
ficult to determine which theoretical directions are promising as actual
explanations of human social behavior. The models by Pham et al.2 and
Pham et al.1 are ideal for such a comparison because they are structurally
similar but have different assumptions about human cognition and give
different predictions about the proportion of different triangles.

In what follows, we first review the extant experimental and long-
itudinal observational studies of social balance. As we will see, the experi-
mental studies have so far been one-shot, making it difficult to investigate
the time course of balance, while the longitudinal studies have been
observational, making it difficult to assess causality. We then describe the
two models by Pham et al. that we will compare in a longitudinal
experimental study.

Experimental studies of balance largely adopt Heider’s4 POX triad
conventions, where P is a focal person, O another person andX an object. X
can also be another person and this triad is sometimes denoted PO1O2.
Originally, Heider4,30 defined eight triads, four balanced and four unba-
lanced. The experimental studies largely base their investigations on one of
two of Heider’s suggestions12,31. First, he suggested that “imbalance will
produce tension” (4, p 108), and second, “if no balanced state exists, then
forces towards this state will arise” (4, pp. 107–108) and balanced triads will
be “preferred” (30, p. 204). The first suggestion of “tension” has been
investigated using pleasantness ratings, while the second suggestion of
“balance preference” has been investigated in two ways: by eliciting
expectations regarding relationships within triads, and by memory experi-
ments where participants first learn negative or positive relationships and
are later tested for their memory of them.

Experiments in the “tension” vein typically involve asking for plea-
santness ratings of different triads32–36. Experimental manipulations often
include variations in the liking between P, O and X (positive or negative; e.g.,
ref. 36) and the presence or absence of agreement by P and O concerning X
(e.g., ref. 37). These experimental studies show evidence of one or more of
three response patterns or biases. The first is the positivity bias35,37, where
triadswith positive relationships are rated asmore pleasant. The second is the
agreement bias35,37, where triads that have agreement between P and O
concerning X are rated asmore pleasant than those containing disagreement
irrespective of the balance of the triad. For example, a triad that is balanced
and consists of P+O, O-X, and P-X is rated as more pleasant than another
balanced triad that consists of P-O, O+X, and P-X. Finally, in the balance
bias32 balanced triads are rated as more pleasant than unbalanced triads.
While the empirical evidence supports each of these biases, it is unclear when

one bias dominates over the other12. As such, these experiments do not
support or rule out specific models of how people update links and opinions
in relationships that we investigate here, that is if they update their relation-
shipbasedondyadicor triadicdissonance reduction.Theydo,however, point
to the importance of agreement or homophily in link- and opinion updating,
which is a crucial ingredient in the models for determining the dissonance.

In the “balance preference” vein, the predicted preference for
balanced triads has been investigated by gauging participants’ expec-
tations about relationships within triadic structures. These experiments
typically ask how participants would like to see relationships change for
balanced and unbalanced triangles36,38,39 or predict the values of missing
relationships40–42. Typical experimental manipulations include, as with
the pleasantness studies reviewed above, variations in the liking between
P, O and X (positive or negative; ref. 38) and the presence or absence of
agreement between P and O concerning X (e.g., ref. 36). As with the
pleasantness ratings, there is evidence in these experiments for posi-
tivity bias36 and agreement bias38, but less so than for pleasantness
ratings. Generally, these results point more to a balance bias than the
results from the pleasantness ratings12,43. Again, these results do not
directly speak to the potential use of dyadic or triadic dissonance in the
updating of relationships. For example, people can still expect that a
missing link will make a triad balanced, while at the same time update
their relationships based on dyadic dissonance reduction.

Predicted preferences for balanced triads have also been studied by
investigating how participants’memory errors reflect their expectations of
relationships. These experiments rely on a paired-associates method, where
participants are asked to learn a set of either balanced, unbalanced, or a
mixed set of triads. At each trial, participants only learn one
relationship13,31,44. The interpretation of the results from a balance per-
spective has been contentious with failures to replicate results and questions
about how relevant paired-associate learning is for assessing if people prefer
balanced triads (see reviews in Mover12,43). Even with these caveats, the
results show a positivity bias, with positive relationships being easier to
learn31,44, some agreement bias44, and mixed results for balance bias13,44. The
mixed results for the balance bias might stem from the complexity of the
experimental setting, with less complex experiments with fewer structures
leading to more balance bias than more complex experiments that mixed
many structures43. Aswith the results from the experiments reviewed above,
these results do not directly speak to the potential use of dyadic or triadic
dissonance in the updating of relationships.

The experimental studies reviewed in this section are mostly from the
1960s and 70s. This is the period when the bulk of the experimental studies
on balance was conducted. There are a few newer studies that replicate
classical findings but do not have balance as the main focus. For example,
von Hecker et al.45 replicated the classical finding of a positivity bias in a
paired-associate experiment.

Investigations of the time course of balance in groups of people have so
far been only observational. The data comes in the form of longitudinal
surveys, databases of political relations over time, studies of online com-
munities, and studies of organizational networks.

A classic survey data set used to investigate balance over time has been
described by Newcomb46 and includes members of a fraternity that ranked
each other by attraction at weekly intervals. Using this data, Doreian and
Krackhardt47 found mixed support for the hypothesis that the proportion of
balanced triangles will increase over time. While the proportion of balanced
triangles (in particular +--) increased relative to the proportion of unba-
lanced triangles, the proportion of unbalanced --- triangles also kept
increasing in this data set. Rawlings and Friedkin48 investigated positive and
negative relationships in a longitudinal survey of small communities inmajor
U.S. cities. They investigated rules of friendship formation formulated by
Rapoport49 and found support for several rules leading to social balance,
including: “a friend of a friend is a friend (+++)”, “a friend of an enemy is an
enemy (-+-)”, and “an enemy of a friend is an enemy (+--)”. Rambaran
et al.50 found support for similar rules in a survey of network formation
among U.S. adolescents. In a longitudinal study of university students which

https://doi.org/10.1038/s44260-024-00022-y Article

npj Complexity |             (2025) 2:1 2

www.nature.com/npjcomplex


measured their opinionsandcommunicationnetworks, Linczuket al.23 found
support for triadic influence but only when interactions were measured over
multidimensional vectors of opinions, rather than for individual opinions.

Like studies of balance based on survey data, investigating balance in
political relations also has a long history, starting with the illustrative
examples in Harary51. In a longitudinal study of co-sponsorship in the U.S.
Congress from 1973 to 2016, Neal52 investigated the proportion of balanced
triangles over time (+++ and +--). Overall, in both the House of Repre-
sentatives and the Senate the proportion+-- was higher than for+++, and
the proportion of+-- has been increasing over timewhile the proportion of
+++ has remained constant. Most of the +++ triangles occurred within
parties, while nearly all+-- triangles occurred between parties. Doreian and
Mrvar53 used data from theCorrelates ofWar database from1946 to 1999 to
investigate networks based on alliances and conflicts. The frequency of the
balanced triangle +++ was the highest through all years and it increased
over time, while the other balanced triangle +-- together with the two
unbalanced triangles ++- and --- had much lower absolute numbers and
barely increased over time.However, Doreian andMrvar53 also reported the
overall proportion of balanced triads, which showed both increases and
decreases of balanced triads over time.

In recent years, online communities have brought new data sets that
can be used to investigate balance. One important source of data are mul-
tiplayer games. In these games a diverse set of social interactions can be
investigated, ranging from establishing friendships and economic rela-
tionships to forming groups, alliances, and even engaging in battles and
wars. For example29,54, studied the structural balance in an online gamewith
more than 300,000 people. From this data it is possible to extract friendship
and enmity relations and determine the level of social balance. The balanced
triangles +++ and in particular +-- were overrepresented and the unba-
lanced triangle ++- was underrepresented with respect to a random null
model. Moreover, the results showed that over time the incomplete ++
triangles close preferentially with a positive link (and become +++ trian-
gles), and incomplete +- triangles close preferentially with a negative link
(and become +-- triangles). In another online multiplayer game, Belaza
et al.14,55 found strong temporal fluctuations in the probabilities of different
triangles, with themost common triangle over time being+--. Other online
communities have also been studied, including product review site

Epinions,Wikipedia administrator elections, andBitcoin trust networks56,57.
In those communities, +++ triangles are more frequent than +--
triangles57, which are in turn less than or as frequent as++- triangles.

In the realm of organizational networks, Askarisichani et al.58 have
recently investigated triangle balance of a network estimated from pairwise
communication intensities among traders in a tradingfirm.They found that
these networks have a tendency towards increasing balance over time, with
transitions occurring from unbalanced triads to balanced triads but not the
other way around.

Most observational studies find that social balance in closed social
networks increases over time, but the results have beenmixed regarding the
proportions of different types of balanced triangles. Some studiesfind that+
++ triangles are more prevalent than+-- triangles52 (within parties in U.S.
Congress55, and53, for international relationships57, for online communities),
while others find that +-- triangles outnumber +++ triangles52 (between
parties in U.S. Congress29,55 for online multiplayer games).

In sum, the experimental studies of balance are not applicable to
comparisons of the models we are considering here. The observational
studies give some credence to the idea that balance should increase over
time. However, the studies cover a wide range of contents, time scales, and
methodologies. For example, some studies investigate fixed relationships
with little or no increase innetwork size (e.g., the data in ref. 46),while others
investigate growing networks where individual nodes can enter and exit at
any time (e.g., refs. 14,29,55 and the international relationsdata in ref. 53), all
with different ways of defining and measuring positive or negative links.

To address the lack of empirical tests of models of social balance
dynamics, we conduct a longitudinal group experiment including 480
individuals and compare how well two recent models1,2 explain the results.
We first derive predictions across different parameter values in simulations
with the model presented in Pham et al.2, henceforth the triadic model, and
themodel presented inPhamet al.1, henceforth called thedyadicmodel1 (see
details in Methods).

The two models are ideal for empirical comparisons because they are
structurally similar, with both using the same statistical physics framework
with the same number of parameters (two) and assuming that people are
motivated to reduce dissonance in their relationships. Figure 1 illustrates the
basics of each model.

Fig. 1 | Illustration of the mechanisms underlying the link updating process in
the dyadic1 and triadic2 models. Nodes A, B, and C are individuals. Pluses and
minuses within the nodes indicate the individuals’ binary opinions (positive or
negative) about 3 issues. Blue lines indicate positive links and red lines indicate
negative links between the individuals. The initial state (left panel) is a balanced
triangle+--.What would happen if A changes the first of her opinions fromþ to�?
Her similarity to B would decrease, justifying the already present negative link
between them, but she would become more similar to person C on 2 of 3 issues,
prompting her to change her link to C from� toþ. Because B and C have a positive
link between them, this would create an imbalanced triangle ++-. However,

according to the dyadic model (top right) A does not notice this imbalance because
she does not consider the link between B and C, only her own dyadic relationships
with B and C. Therefore, she is likely to change her belief and the link with C. Over
time, with just one more change in her belief (e.g., switching the last of her three
beliefs from� toþ), prompting the change of the relationshipwithB from� toþ as
well, this triangle can become a balanced +++ triangle. In contrast, in the triadic
model (bottom right panel) A notices that her opinion change would produce an
imbalanced triangle and does not change her belief or her linkwith B. As a result, the
triangle remains +--. For detailed description of the mechanisms assumed by each
model, please see Eqs. (1)–(4) and the accompanying text in the Methods section.
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Both models employ a similar belief update process, but the triadic
model assumes that people try to minimize the imbalance in their triadic
relationships2 whereas the dyadic model assumes this only for their dyadic
relationships1. Bothmodels assume that an individual i has binary opinions
si aboutG different issues (si ¼ 1means that i agrees with an issue, si ¼ �1
means that iopposes it) and that they interactwithKothermembers of their
group of size N. Based on these interactions, they update their opinions as
well as their relationships Jij to the other members. These relations are
Jij ¼ 1 or Jij ¼ �1, depending on whether i and j are friends or enemies,
respectively.

The likelihood of updating is proportional to the dissonance stemming
from the inconsistencies between their own and others’ opinions. In the
triadic model this dissonance includes inconsistencies in one or more (Q)
triadic relationshipsof each individual. Specifically,Q is thenumberof triads
that can change at any given update. These triads represent the social
relationships that one would like to keep balanced and that can change after
one’s opinion changes. The other relationships that do not belong to these
chosen triads are not considered for updating and hence do not change
following one’s opinion change.

In the dyadic model, the dissonance arises solely from dyadic rela-
tionships. It is calculated separately for one’s friendly and unfriendly con-
tacts, and the twoparts are integrated after applying ahomophilyweightα to
friendly contacts. This free parameter can be interpreted as the relative
attention to friendly compared to unfriendly contacts. It represents the
importance one assigns to balanced relationships within their friends’
group, compared to the balance one aspires for in relationships with those
who are not friends.

In both models, the dissonance affects opinion and relationship
updating to the extent that people pay attention to it, as modeled by the free
parameter β that is equivalent to the inverse temperature in statistical
physics. This parameter is designed to capture one’s overall attention to the
social dissonance in a particular context. Themore attention one pays to her
social dissonance, the more likely is that one will update her opinions and
relationships in a way that lowers the dissonance.

The group experiment enables us to compare the predictions of the two
models to actual human behavior. If the dyadic model’s predictions are cor-
rect, groups should be able to achieve similar levels of social balance and
similar triangle proportions with or without triangle information. In the
experiment,participantswerearranged in40groupsof12andasked to choose
from among different cars to buy and companies to invest in, over four study
waves (seeMethods for details). Each participantmade choices in eight tasks,
involving a different number of cars/companies (G= 3 or G= 9 issues). For
each task, participants were placed in different smaller or larger teams (with
K= 4orK= 8membersof their group).Wehavechosen thesegroup sizes and
values ofG andK based onmodel simulations and previous results described
in ref. 2, which have shown that these values produce noticeable differences in
predicted patterns of social balance. At the same time, these values were
feasible to implement in an experiment with human participants. Finally, we
recruitedgroupsof 12participantsbecause thesegroupswere sufficiently large
to enable comparisons of networks with degreesK= 4 andK= 8, while at the
same time sufficiently small to be feasible for an experiment. Based on pre-
liminary simulations, we decided to present 20 groups without the relevant
triangle information (10 without any information and 10 with irrelevant
information) and 20 groups with the relevant triangle information.

From the second study wave and on, participants were shown how
their choices compared to those of their other teammembers in theprevious
wave. Critically, some groups of participants were shown only information
about their dyadic relationships (whether they were friendly or unfriendly
with each of their contacts, based on their past choices), while other groups
were in addition shown information about their triadic relationships
(whether the relationship between two of their social contacts was friendly
or unfriendly). We tracked the participants’ choices and relationships over
time and examined the differences in the social balance and the proportion
of different triangles achievedby the groups inwhichparticipants did vs. did
not get triangle information.

Results
We now present the results of the simulations of the triadic and dyadic
models and then compare them with the results of the longitudinal group
experiment. In short, empirical evidence suggests that triadic balance can
indeedbe achievedonly throughdyadic updating, in linewith theprediction
of the dyadic model. Human groups achieved high level of social balance
(seeEq. (5) inMethods) in just a fewroundsof interactions.Theproportions
of different triangles (the two unbalanced types, --- and ++-, and the two
balanced types, +-- and +++) were in line with the predictions of the
dyadic model. We also find evidence that the critical parameters in the
dyadic model, homophily weight α and attention to dissonance β, are
psychologically plausible, and together can predict apparently conflicting
results in the literature.

Simulations
We first compare the predictions of the two models for the level of social
balance and proportion of different triangles achieved after four rounds of
updates (equivalent to the four study waves in our experiment). The models
can produce predictions for many different combinations of their two para-
meters: the proportion of triangles considered for updating (q, for the triadic
model), the homophily weight (α, for the dyadic model), and the attention to
dissonance (β, for bothmodels). In addition, all predictions can be calculated
for different number of issues (G) and team sizes (K). Figures S4 and S5 show
predictions for a wide range of plausible combinations of these parameters.

Figure 2 shows the predictions for the parameter values that are most
comparable to our group experiment. For the triadic model, the relevant
parameter value is q = 0.01, which denotes updating of just one triangle, as it
was in our experiment. For the dyadicmodel, the relevant parameter value is
α=0.9, denoting a relatively strong homophily weight or focus on friends
compared to unfriends. This corresponds to empirical observations in our
experiment (see section How psychologically plausible are model para-
meters), and to observations within Szell et al.’s54 online multiplayer game
(see ref. 1). Figure 2 shows predictions for different levels of attention to
dissonance (β), with values of β from 1 to 2 (denoted by green shadings)
being the most realistic for our experimental setting. These values corre-
spond to themoderate-to-high levels of attention to dissonance thatwehave
observed empirically among our participants.

Top panels of Fig. 2 show the social balance and the proportion of
different triangles predicted by the triadic model atQ = 1 (here represented
as q=0.01 times the number of triangles, which is 10 for K = 4 and 75 for
K = 8; see caption of Fig. 2), equivalent to one triangle being considered and
mimicking the experiment where only one triangle was shown to partici-
pants. At themost plausible values of β (1–2, as described above), themodel
predicts that groups will, on average across different combinations ofG and
K, achieve moderately high (forG = 9) to high (for G = 3) levels of balance.
Themodel further predicts that the proportion of+-- triangleswill be larger
than the proportion of +++ triangles. These patterns of results are quite
similar at all levels of proportions of updated triangles q and inverse tem-
peratures β>0, as shown in Fig. S4 (Supplementary Information, Section 1).

Bottom panels of Fig. 2 show the predictions of the dyadic model at
α=.9, corresponding to empirical observations as described above. At the
most plausible values of β, the model predicts that groups will, on average
across different combinations of G and K, achieve moderate (for G = 9) to
high (for G = 3) levels of balance. While this prediction is similar to that of
the triadic model, the dyadic model’s predictions for the proportion of
different triangles are quite different. Instead of predicting that+-- triangles
outnumber +++ triangles, the dyadic model predicts that+++ triangles
will be more prevalent.

As shown in Fig. S5 in Supplementary Information, the predictions of
the dyadicmodel for the proportion of different triangles aremore nuanced
than those of the triadicmodel. Like for the triadicmodel, initially predicted
order of different triangles by their proportion is+--,++-,+++, and ---.
However, while for the triadic model this order stays roughly the same
independently of parameters q and β, the dyadic model can produce dif-
ferent distributions of different triangles after a few rounds of updating,
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depending on the level of homophily weight (α). At lower levels of α the
model predicts higher or equal proportion of+-- triangles compared to++
+ triangles. However, with sufficiently high α, its prediction flips towards a
higher proportion of +++ than +-- triangles, as observed in Fig. 2.

We next compare the predictions of the two models for the level of
social balance andproportionofdifferent trianglesover eachof the four time
steps, corresponding to the four studywaves in our experiment.We assume
the parameter values that most correspond to our experimental setting, as
described above (for the triadicmodel, q = 0.01; for the dyadicmodel.α=0.9;
for bothβ ¼ 0:2). Bothmodels predict an increase in balance over time, but
the dyadic model predicts a slower increase than the triadic model (Fig. 3).
When it comes to the proportion of different triangles (Fig. 4), the predic-
tions of the triadic model are very different than those of the dyadic model,

with +-- triangle dominating all waves in the triadic model, and +++
triangles prevailing in the dyadic model predictions.

Group experiment
Next, we use the data fromour longitudinal group experiment to investigate
whether people use triangle information to achieve social balance, how well
the two models predict the final balance and proportions of different tri-
angles, and how psychologically plausible model parameters are.

Dopeople need triangle information to achieve balanced triangles?.
We first examined the differences between groups of participants who
received either no information about triangles, irrelevant information, or
relevant information about one of the triangles they were a part of.

Fig. 3 | Normalized balance (f̂ ) over time predicted by the triadic (top) and dyadic
(bottom) model for situations in which participants decide about different
number of issues G, and are embedded in teams of different sizes=K. Error bars

represent confidence intervals. The initial balance f is set to f̂ = 0 for easier com-
parison of tasks and experimental conditions.

Fig. 2 | Predictions of triadic (top) and dyadic (bottom) models for the level of
balance (f) and proportions of different triangles after four updating rounds.
Shown are predictions for different number of issues (G = 3, light red or G = 9, light
blue), and team sizes (K = 4 or K = 8), equivalent to the conditions in the group
experiment. Top: Predictions of the triadic model assuming that each individual
updates only one of their triangletime step, like in the group experiment s in each

(Q = 1 ormore generally q ¼ dQ=NTe, whereNT is the total number of triangles in a
group; see Figure S4 for more details). Bottom: Predictions of the dyadic model,
assuming high levels of attention to friendly vs. unfriendly team members α, as
observed in Szell et al.29. All predictions are shown for different levels of attention to
dissonance β. Green shaded areas denote moderate-to-high levels of attention that
were observed in our experiment. Error bars denote the 95% confidence intervals.
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Participants in all three conditions were affected by the information they
received about their groups (Table S1), but more so if they received either
irrelevant or relevant triangle information. However, as shown in Fig. 5, the
mean trends in balance were not systematically different between these
different experimental conditions, with confidence intervals largely over-
lapping. This was so independently of the number of issuesG, the number of
contacts K, or the topic of the task (cars or companies; see Fig. S6). If
anything, the groupswithout any triangle information achievedhigher levels

of social balance faster than the groups with either relevant or irrelevant
triangle information. At the same time, the balance has increased from the
first to the last round of the experiment, in all three conditions.

The proportion of balanced triangles+++ increased throughout the
experiment in all three experimental conditions (Fig. 6), while the pro-
portion of unbalanced triangles as well as +-- triangles decreased. The
empirical patterns inFig. 6 clearly correspondbetter to thepredictions of the
dyadicmodel (Fig. 4), both in terms of the achieved levels of balance, and in
terms of the proportions of different triangles producedover time.The same
pattern occurs in experimental conditions with different number of issues
(G), the number of contacts (K), andwith tasks involving cars or companies
(Fig. S7). More generally, participants gainedmore friendly than unfriendly
contacts over successive rounds of the experiment (Fig. S8).

How well are the final balance and triangle statistics predicted by
models of social balance?. Next, we compare the empirical results in
the last study wave, for the 20 groups who received relevant triangle
information, with themodel predicted patterns. The empirical results are
summarized as boxplots in Fig. 7. The level of balance across different
number of issues (G) and number of contacts (K) is around 0.6, with the
+++ triangles being by farmost prevalent (60%of triangles), followedby
about 20% of both balanced+-- or unbalanced++- triangles, and a rare
occurrence of --- triangles.

To compare the experimental results with the predictions of the triadic
model shown in the top panels of Fig. 2, we average themodel predictions in
green shaded areas of these panels, corresponding to predictions at
moderate-to-high level of attention (β of 1 or 2). Comparing these average
predictions, denoted by Xs in Fig. 7, with box plots showing experimental
results, we see that this model corresponds to the level of balance f observed
in the experiment for different values ofG andK (left-most columnof Fig. 7)
as well as the relative proportion of unbalanced triangles (the second and
third columns of Fig. 7).

However, the triadic model predictions for the relative proportion of
different balanced triangles donot correspond to the empirical observations.
As shown in the last two columns of Fig. 7, the model always predicts many
more +-- than +++ triangles, opposite from the empirical observations.
This pattern of predictions is independent of the values of β (see Fig. S4).

Fig. 4 | Proportion of different triangles over time predicted by the triadic (top)
and dyadic (bottom) model for situations in which participants decide about
different number of issuesG, and are embedded in teams of different sizesK.The

differently colored lines represent the triangles --- (green),++- (orange),+-- (red),
+++ (blue). Error bars represent confidence intervals.

Fig. 5 | Effect of information about triangle relationships on the normalized
balance (f̂ ) achieved by groups of participants receiving no information (red),
irrelevant information (yellow), or relevant information about one of their tri-
angles (blue). Shaded areas represent the 95% confidence intervals. The initial
balance (on average acros s groups, f 1 ¼ 0:27) is set to f̂ 1 ¼ 0 for easier comparison
of tasks and experimental conditions. Note that balance forms very rapidly, reaching
f 4 ¼ 0:62 (f̂ 4 ¼ 0:35 after normalization) in only three study waves. The achieved
level of balance corresponds better to the predictions of the dyadic model than of the
triadic model (Fig. 3).
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We can do the same comparison of the experimental results with the
predictions of the dyadic model in the bottom panels of Fig. 2. The model
predicts the empirically observed level of balance at β around 1 or 2 (see
circles in the left-most column of Fig. 7). In addition, themodel predicts the
order of relative proportions of different triangles. The +++ triangles are
predicted to be the most prevalent, followed by +--, ++-, and finally ---
triangles, in line with the experimental results (see circles in the four right
columns in Fig. 7). This is an important difference compared to the triadic
model, which predicts that+-- triangles will be more prevalent than+++
triangles. One pattern predicted by the dyadic model is not reflected in our
empirical data: the model predicts a higher balance for groups with largerK
and smallerG, but we find no consistent patterns in our data (see Figs. 5–7).

How psychologically plausible are model parameters?. The dyadic
model assumes that its parameters α and β correspond to actual psy-
chological mechanisms underlying the dynamics of social balance. To

test this, we collected participants’ subjective reports of their level of
attention to friendly vs. unfriendly team members (α*) and their per-
ceived level of distraction and difficulty (β*, see Methods for more
details). In line with our findings that the model is best aligned with the
experimental data when α and β are moderately high, most participants
reported paying equal (64%) or more (28%) attention to friendly than to
unfriendly contacts (2%), and most (more than 90%) reported that they
were able to pay attention to the task (that is, that theywere not distracted
and that the task was very easy).

Even though it is not possible to map the absolute values of partici-
pants’ subjective reports directly to the parameter values, we still expect that
their reports correlate in specific wayswith the achieved level of balance and
the proportion of different triangles. In particular, from the model predic-
tions for different levels of α and β, shown in Figs. 2 and S5, we expect a
positive relationship of the subjective estimates of these parameters, α* and
β*with the overall social balance andwith the proportion of+++ triangles.

Fig. 6 | Proportion of different triangles occurring in the group experiment over
time, by experimental conditions and tasks. The triangles in each wave are based
on links Jij that were updated based on participants’ answers in that wave according

to Eq. (3). The differently colored lines represent the triangles --- (green), ++-
(orange), +-- (red), +++ (blue). The empirically observed patterns are similar to
the predictions of the dyadic model, but not to those of the triadic model (Fig. 4).

Fig. 7 | Relation of the number of issues participants had to decide about in each
task (G, top panels) and the number of other participants they worked with (K,
bottom panels), with the social balance (f, column 1) and the proportion of
different triangles occurring in the group experiment (columns 2–5). For each
box, the central red line is themedian, the edges are the 25th and 75th percentiles, the
whiskers extend to the most extreme data points within another box length on each

side, and the outliers are plotted individually as dots. Green Xs denote the mean
predictions of the triadic model for q = 0.01, while green circles denote the mean
predictions of the dyadic model for α=0.9 (see Fig. 2). For both models, predictions
are averaged over levels of attention β 2 f1; 2g (the areas of Fig. 2 denoted by green
shaded areas). Shown are results for the 20 participant groups who received the
relevant triangle information; patterns are similar for all 40 groups (see Fig. S9).
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Weexpect a negative relationship of the subjective estimates α* and β*with
the proportion of the other types of triangles.

As shown in Fig. 8, remarkably, we find the expected positive rela-
tionships of balance and proportion of+++ triangles with the participants’
subjective reports of model parameters α* and β* (averaged for each of the
40 groups).Also as expected,wefind small tonegative relationships between
these subjective estimates and other types of triangles, including+--. These
results are in line with the assumptions of the dyadic model in Pham et al.1,
providing further evidence that this is a promising theoretical framework for
understanding the dynamics of social balance.

Discussion
In this study, we addressed the lack of longitudinal experimental studies of
balance dynamics as well as the lack of comparison of models of this
dynamics. Previous experimental studies of social balance were one-shot,
preventing investigations of the dynamics of balance, while the longitudinal
studies were observational, making it difficult to assess causality. We
compare two recent models of balance dynamics, a triadic model that
assumes that people try to minimize imbalance in their triadic
relationships2, and adyadicmodel that assumes people pay attention only to
their direct social relationships1.

We find support for a provocative prediction of the dyadic model by
Pham et al.1: groups are able to achieve social balance within a few inter-
action rounds even without the information about triangle relationships in
their social networks. This is an important finding because it shows that
social stability is possible even with limited knowledge of and capacity to
account for the many different indirect relationships people have. The
proportion of different triangles and the overall balance achieved in our
experiment (Figs. 5 and 6) are in line with the dyadic model predictions
(bottompanels of Figs. 2–4), assumingplausible values ofmodelparameters
α andβ in linewith their subjective estimates (Section “Howpsychologically
plausible are model parameters?”) and past studies29.

Our results stress the importance and demonstrate psychological
plausibility of two critical parameters in the Pham et al.1 model: the dif-
ferential attention to friendly vs. unfriendly social contacts (homophily
weight α) and the overall attention to the social dissonance in a particular
context (β). As shown in Figure S5, when the attention to both friendly and
unfriendly contacts is the same (α=0.5), thedistributionof different triangles
stays the same as it initially was, with+-- triangles outnumbering the+++
triangles. When the attention to friendly contacts is higher, as it was in our
experiment, the +++ triangles become the most prevalent. Differences in
this homophily weight might help explain differences in empirical findings
about theproportionof different triangles.Whilemany studiesfind that++
+ triangles dominate, some studiesfind that themost common triangles are

+-- (see Introduction). Investigating the empirical differences in the
motivations and the ability to attend to friendly vs. unfriendly social contacts
in different societal contexts would therefore be an interesting avenue for
future research. In addition, our results suggest that social balance cannot be
achieved unless individuals pay at least some attention to the social dis-
sonance and update their beliefs and relationships accordingly (parameter β
in the model).

Note that we have presented a qualitative comparison of predicted and
empirical values rather than quantitative model fitting. Because the models
were not designed tomimic specific psychological processes, but to provide
sufficient conditions for achieving structural balance, conducting quanti-
tative fits of model parameters to the data seems inappropriately precise59.
The qualitative comparison allows us to discernwhich of themodels ismore
promising for future development but at the same time does not tempt us to
overgeneralize from abstract models “as if” they represented actual psy-
chological mechanisms60. Both the triadic and dyadic models1,2 (respec-
tively) were designed on a relatively abstract level, aiming to show sufficient
assumptions for achieving global structural balance on the basis of indivi-
dualsminimizing cognitive dissonance, rather than to reproduce the specific
psychological mechanisms underlying participants’ choices. While the
dyadic model is more cognitively realistic than the triadic model in that it
does not assume knowledge of or attention to triadic social relationships,
neither model incorporates cognitive details that likely affect actual human
performance in this experiment. For example, both models assume that
people calculate dissonance based on the difference between all of their
opinions and all of the opinions of all of their group members. Even for a
task with small G and K, this would require attending to G = 3 answers of
each of the K = 4 contacts, and comparing them with each of one’s own
answers. This requires 12 comparisons in each study wave just for this task,
in addition to other considerations (triangle relationships in Eq. (1), or who
is friendly or not friendly in Eq. (2)) for each task. For large G and K, the
number of comparisons rises to 72 per task, which is almost certainly not
what people are doing.

Our study suggests guidelines for further theoretical development and
empirical research on structural balance. While our experimental results
clearly support dyadic model over the triadic one, details of an empirical
setting certainly matter. They can affect the attention paid to friends, the
level of attention to any dissonance and the overall distraction, the knowl-
edge about the relationships in one’s social environment, the degree to
which it involves coordination or conflict, how different outcomes carry
different consequences and other relevant factors that are hard to control.
For example, the dyadic model predicts differences in balance achieved in
conditions with different levels of G (number of items or issues to have an
opinion on) andK (number of social contacts or team size), whichwedonot

Fig. 8 | Relationship of the subjective estimates of model parameters α (α*,
reported attention to friendly compared to unfriendly teammembers) and β (β*,
inverse of reported distraction and difficulty of tasks). The estimates were

measured in the last study wave and averaged for each of the 40 participant groups,
with the social balance (f) and the proportion of different triangles in the last study
wave. Results for all four study waves are shown in Figs. S10 and S11.
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observe empirically. A promising theoretical direction can be to adjust the
assumption that people calculate social dissonance based on their and
others’ opinions about many different issues at hand. When the number of
issues G is large, it is possible that only a few issues at a time are used to
calculate the dissonance. Further refinements can include limiting the
number of social contactsK that participants pay attention to, as theymight
be able to attend to only a few other individuals. Finally, model refinements
could include stubbornness regarding own initial opinions. People might
experience dissonance when their new beliefs deviate from their previous
ones, and this dissonancemay add on to the overall social dissonance. These
additional assumptions, while plausible, should be tested empirically by
measuring people’s attention span for items and other groupmembers, and
their commitment to their initial beliefs.

Our results also provide an indirect support for other models of
belief and social dynamics that show plausible collective patterns of
beliefs emerging from dyadic social interactions in social networks,
whereby two agents aim to establish a balanced relationship between
themselves and their beliefs on common issues19,25,26. Similarly to the
dyadic model, individuals in these models are assumed to adjust several
of their beliefs and their dyadic relationships simultaneously, following
simple homophily-based updating like here26, or other mechanisms
such as associative diffusion25 or structural balance on the level of two
individuals and their opinion vectors (Schweighofer et al.19). While
these studies did not explore indicators of social balance such as those
presented here (in particular, the proportion of different types of tri-
angles), future experimental research could compare thosemodels with
the dyadic model.

In summary, we have shown that it is possible to empirically observe
the formation of social balance in group experiments. Despite the large
number of quantitative models, there is a huge need for empirical model
comparisons61,62. Rather than developing further models without empirical
tests, substantial progress in understanding human sociality can be achieved
by a tight coupling of model development with studies of actual cognitive
mechanisms and behavior.

Methods
Simulations
We simulated the dynamics of the triadic and dyadic models to com-
pare their outcomes with those of the social group experiment. The
simulations use the same assumptions as the group experiment used to
test them (see Section “Longitudinal group experiment”). Specifically,
we assumed teams of N = 12 individuals, with each individual con-
nected to either K = 4 or K = 8 other individuals and having binary
opinions [–1,1] on G = 3 or G = 9 issues. To construct initial social
networks of these teams, we iterated over different random graphs of
size N and degree K until we obtained networks with the maximum
number of triangles (10 triangles for K = 4, 75 triangles for K = 8; see
Fig. S3 in Supplementary Information for visualizations of the network
structures). Each node was involved in a similar number of triangles. Of
note, we used those same networks in the group experiment described
below. We ran the simulations over four time steps (again, as in the
group experiment), and average them over 100 independent runs for
each combination of parameters.

Both models were initialized by assigning each individual an opinion
vector si composed of randomly chosen opinions (–1 or 1) onG issues, and
connecting each individual withK other groupmembers through links Jij to
establish the social network structure. For the triadic model, at each time
step the local social dissonance function for each individual is calculated as

HðiÞ ¼ � 1
G

X

j

J ijsi � sj �
X

ðj;kÞQi

J ijJ jkJki; ð1Þ

with Qi denoting the number of randomly chosen triangles that an indi-
vidual i is trying tobalance, of all triangles that the individual haswith j and k
other individuals.

For the dyadic model, the local social dissonance function for each
individual is

HðiÞ ¼ � α

G

X

j:Jij¼1

si � sj þ
1� α

G

X

j:J ij¼�1

si � sj; ð2Þ

with the first sum including all friendly contacts of i (Jij = 1), and the second
all unfriendly contacts (Ji j = –1), weighted by the parameter α that can be
operationalized as a homophily weight (attention to friendly compared to
unfriendly contacts).

For both models, the edge weights were initially calculated and sub-
sequently updated according to

Jij ¼ signðsi � sjÞ; ð3Þ

For the triadic model, at each time step we (i) randomly choose one indi-
vidual,flip one of theirG opinions (si→ –si), (ii) recalculate the values of their
social dissonance HðiÞ [1 or 2] for both models and (iii) update the edge
weights Jij according to ref. 7. The dyadic model follows the same steps
except that the order of steps (ii) and (iii) is reversed, in line with its original
version in1. This does not change the results.We then (iv) accept the opinion
flip with the probability:

p ¼ min e�βΔHðiÞ
; 1

n o
; ð4Þ

where ΔHðiÞ is the difference between updated and previous social dis-
sonance, and β is the inverse temperature parameter that captures the
attention to dissonance stemming from the current constellation of opinions
and relationships. If theopinionflip is rejected, the recalculated edgeweights
are also rejected.We repeat (i)–(iv) above until all individuals’ opinions and
edge weights have been updated before continuing to the next time step.

We then calculate the level of social balance achieved at the end of each
simulation as the relative difference of balanced n+ and unbalanced n–
triangles:

f ¼ ðnþ � n�Þ=ðnþ þ n�Þ; ð5Þ

where nþ and n� are the numbers of balanced and unbalanced triangles,
respectively. We also record the proportions of different types of triangles:
the twobalanced types (+++ and+--) and the twounbalanced types (++-
and ---).

Longitudinal group experiment
To compare the triadic and the dyadic model described in the previous
section, we collected data from human groups in a longitudinal experiment
designed to be very similar to the simulation setting. We recruited 480
participants from the crowdsourcing platform Mechanical Turk using
Cloud Research platform that enables guardrails for known problems with
unique and truthful identities, and makes it easier to conduct longitudinal
research with the same participants. Among the participants, 51% were
male, 35% had less than bachelor degree, and average age was 41 years
(SD = 12.3), ranging from 19 to 78 years. Participants received fixed
incentives of $1.5 for participating in wave 1, $1.5 for wave 2, $2 for wave 3,
and $3 for wave 4. Each wave took about 5min to complete. There was no
incentive tobemore responsive to the choicesof and relationshipswith team
members, to avoid producing responses that accord with the research
questions.

Participants were divided in 40 groups of 12 and have received 8 tasks
involving choices of car types and industry sectors in each of 4 study waves
~10 days apart. For each task, participants were assigned to a different team
composed of a random subset of their group members, and embedded in
network structures that were the same as those used in simulations
described above (see Fig. S3 in Supplementary Information). These teams
remained the same across all study waves.
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The 8 tasks (see examples in Fig. S1, and the whole questionnaire in
Supplementary Information, Sections 2 and 3) were characterized by a
different combination of the following three within-subject factors: (i)
number of issues the participants had to decide about (G = 3 orG = 9 car
types or industry sectors), (ii) the number of other participants in the
team (K = 4 orK = 8), and (iii) topic – choosing the type of car to buy for
their company (e.g., coupe or sedan), or industry sector (e.g., tech or
pharmaceutical industry) they would like to invest in. The two topics –
cars and companies – served as replications of the same combinations of
G andK. In each wave, tasks with the particular combination ofG andK
contained the same types of cars and industry sectors but with different
examples of cars and industries (for example, Mini Hardtop and
Volkswagen Beetle for coupes, Honda Civic and Nissan Altima for
sedans, Google or Microsoft for tech industries, Pfizer or Roche for
pharmaceutical industries; see issues and examples for each topic in
Supplementary Information, Section 3). In this waywe tried tomake the
tasks very similar regarding content and structure across waves, but
sufficiently novel each time. The order of tasks was randomized across
participants and waves.

To test whether the information about triangles affected the for-
mation of social balance, the study included a between-subject
manipulation with three conditions, one experimental and two con-
trols (see Fig. S2 in Supplementary Information). In the experimental
condition (bottom row of Fig. S2), 20 groups of participants got
information about one of the triangles they were involved in and were
told (truthfully) that these connections were based on the result of their
choices in the tasks in the previous wave, and represented friendly (full
lines) and unfriendly (dashed lines) relationships. In the first control
condition (top row of Fig. S2), 10 groups of participants got no
information about their triangles at all. To make sure that differences
in cognitive load do not affect the results, in the second control con-
dition (middle row of Fig. S2), 10 groups got information about one of
the triangles they were involved in but were told (again, truthfully) that
this information is essentially irrelevant for the task of choosing cars
and companies. Specifically, this second group was told that the other
two members of the triangle were connected because they were ran-
domly chosen to participate in a fundraising event, with full lines
denoting an event for a local children’s hospital, and dashed line for a
local zoo.

After each study wave, we updated the participants’ friendly and
unfriendly links Jij usingEq. (3) above. In each subsequentwave, we showed
the participants their answers as well as the answers of their friendly and
unfriendly contacts (see Fig. S1 for examples of this display) and tracked
how much they updated their initial beliefs.

To make sure that all participants understood the way these
answers and the triangle information were presented, we included
detailed instructions and examples, as well as four practice tasks at the
beginning of the first wave and two at the beginning of each of the
subsequent waves (see Supplementary Information, Section 2). Parti-
cipants had to answer 10–12 (depending on whether triangle infor-
mation was present in their condition or not) test questions correctly
after each of the practice tasks to be allowed to proceed to each wave of
the study.

Besides tasks involving choices between cars and companies,
participants were also asked additional questions designed to elicit the
psychological mechanisms assumed by model parameters α in Eq. (2)
and β in Eq. (4). The parameter Qi in Eq. (1) was set to 1 for all
participants who received triangle information, as they all received
information about only one of their triangles. For α, participants were
asked at the end of each wave to report howmuch attention they paid to
their friendly vs. unfriendly team members (“Overall, across different
tasks, how much attention did you pay to your friendly and unfriendly
team members?”). We calculated the median of the responses to this
question over waves 2–4 (wave 1 was excluded as the social information
was not yet available) and used it as empirical parameter α*, explored in

Fig. 8. For β, we asked participants about their level of distraction at the
end of each wave (“How distracted were you while answering ques-
tions?”), as well as several questions about the perceived difficulty of the
tasks at the end of the study (“How easy or difficult was it to understand
all the instructions?”, “How easy or difficult was it to answer the
questions about types of cars?”, “How easy or difficult was it to answer
the questions about industry sectors?”, and “How easy or difficult was it
to understand the information about others in your group?”). We
calculated the inverse average of responses to these questions,
assuming that lower distraction and better understanding of the tasks
related to a higher attention to the task, or lower ‘temperature’ in Eq.
(4). We used this average response as the empirical parameter β*,
explored in Fig. 8.

The study was conducted in June and July of 2022. All materials and
procedures were extensively pretested in several smaller studies on the same
population. These pretests also served as benchmark for determining the
final sample sizes appropriate for discerning the patterns in different
experimental conditions. The study was approved by the Institutional
Review Board of the University of New Mexico (no. 1331148-4) and was
reviewed positively by the Research Ethics Committee of the Vienna Uni-
versity of Technology.

Data availability
All data needed to evaluate the conclusions in the paper are available at
https://osf.io/ur2b4/.

Code availability
All code needed to evaluate the conclusions in the paper are available at
https://osf.io/ur2b4/.
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