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Abstract

Collective intelligence describes the capacity of groups to
achieve levels of performance that cannot be explained by the
abilities of their individuals. The existence of collective intel-
ligence implies that groups composed of mixed-ability mem-
bers may outperform groups of high ability. Here, we examine
when such advantages emerge in humans and whether emer-
gence is driven by collaboration. We designed a collaborative
multiplayer online game and manipulated team composition
(mixed-ability vs. high-ability) and coordination demands by
exposing teams to two different task environments that var-
ied in how much they encouraged collaboration. We collected
data from 280 teams of two human players (70 per condition),
totaling 560 participants. We found that mixed-ability teams
outperformed high-ability teams in environments designed to
encourage collaboration. This performance advantage was due
to more collaborative actions and more frequent division of la-
bor. Our results show that collaboration emerges selectively as
a function of group composition and coordination demands.
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Introduction

Collective intelligence refers to the ability of groups to
achieve levels of performance that cannot be fully explained
by the abilities of individual members alone (Woolley et al.,
2010). Collective intelligence has been documented in a wide
range of settings (Kim et al., 2017; Malone & Bernstein,
2015; Riedl et al., 2021; Woolley et al., 2015), and a growing
body of empirical work suggests that collective intelligence
is closely related to how group members collaborate (Engel
et al., 2014; Kim et al., 2017; Riedl et al., 2021; Woolley
et al., 2010). Across a variety of tasks, group performance
is better predicted by collaboration-related factors, such as
social sensitivity, balanced participation, and communication
dynamics, than by the cognitive abilities of the most capable
individuals (Engel et al., 2014; Woolley et al., 2010). More
recent work has further shown that the collaboration process
of groups while performing a task is correlated with their
task performance (Riedl et al., 2021). While these findings
show that collaboration plays a central role in collective in-
telligence, they typically measure the degree of collaboration
and its relationship to collective intelligence. As a result, they
leave open a critical question: when does collaboration actu-
ally emerge? In other words, under what circumstances are

groups more likely to engage in collaborative strategies rather
than relying on individual strategies?

To address this question, experimental paradigms are
needed in which collaboration is optional, dynamic, and
directly observable (Janssens et al., 2022). Game-based
paradigms provide a powerful approach for studying the
emergence of collaboration because they embed decision-
making and interaction in rich environments while maintain-
ing experimental control (Allen et al., 2024; Brindle et al.,
2023; Kim et al., 2017). In particular, multiplayer games of-
fer a natural setting for investigating how collaborative strate-
gies emerge from real-time interaction. For example, collab-
orative multiplayer cooking games inspired by Overcooked
(Games, 2016) have previously been used to study coordina-
tion among artificial intelligence (AI) agents and among hu-
mans and Al agents (Biswas et al., 2025; Knott et al., 2021;
Liet al., 2023; Strouse et al., 2022; Wu et al., 2021; Yu et al.,
2023; Zhao et al., 2022). However, a systematic understand-
ing of when and why collaboration emerges in human teams
in this game environment remains largely missing.

Here, we work toward this understanding by developing an
Overcooked-like online multiplayer game in order to examine
the emergence of collaboration in human teams. We use our
multiplayer online game to particularly study the emergence
of collaboration under controlled variations in team compo-
sition and coordination demands. Prior work has shown that
these factors, i.e., the diversity of team members (Aggarwal
et al., 2019; Hong & Page, 2004; Rocca & Tylén, 2022) and
the extent to which coordination is required for task comple-
tion (Biswas et al., 2025; Verhagen et al., 2022), shape the
collaboration and performance of teams in a variety of set-
tings. Through systematic variation of these factors using our
multiplayer online game, we collect a large dataset of team
behaviors (560 participants) and use it to demonstrate that
collaboration is especially likely in human teams composed
of members with differing ability strengths in constrained
task environments. This enhanced collaboration likelihood
enables these teams to out-perform (on average) teams com-
posed of high-ability members with a higher average ability,
thereby signaling the team performance enhancement that is
the hallmark of collective intelligence.



A multiplayer online game to study collaboration

In our game, two human players control a single chef each,
and all chefs within a kitchen can assemble and deliver salads
to achieve a collective score (the total number of delivered
salads across players). Players act by clicking on locations
in the map. Clicking on items such as ingredients or plates
allows players to pick them up, while clicking on kitchen
counters or cutting boards places items down. Collisions are
possible; i.e., players cannot walk through one another or oc-
cupy the same position on the map. A successful delivery
requires teams to pick up ingredients (our experiments only
comprised one ingredient, tomatoes), cut them on a cutting
board, place a plate on the kitchen counter, assemble the salad
on the plate, and deliver it to the delivery station. Success-
ful team performance, therefore, depends on completing two
time-consuming subtasks: (a) walking through the kitchen to
transport tomatoes and empty plates and to deliver assembled
salads, and (b) cutting tomatoes at a cutting board.

We designed the game to allow the gradual adjustment of
players’ walking and cutting abilities. In addition, the game
includes a set of kitchen maps that vary in how strongly they
encourage coordination (Figure 1). The game thereby allows
systematic investigation of collaboration under different task
environments with varying coordination demands (for a sim-
ilar game, see Carroll et al., 2019).

Critically, collaboration in this game can only emerge
through non-verbal coordination embedded in players’ ac-
tions. Players cannot talk to each other during the game and
receive no instructions about which actions to take or how to
coordinate, leaving them free to decide how to act throughout
gameplay. Players can divide labor, with one player focus-
ing on sub-task (a) (taking all walking-intensive actions) and
one player focusing on sub-task (b) (cutting tomatoes). Al-
ternatively, players may complete the task using an individ-
ual strategy, in which each player performs all subtasks in-
dependently. Thus, the game design allows players to apply
individual and collaborative strategies within the same task.

The present study

In this study, we used our multiplayer online game to system-
atically vary team composition and coordination demands,
and monitor team collaboration (quantified by actions where
one player picked up a plate, tomato, or assembled salad that
the other player set down on the kitchen counter/island) and
performance (quantified by the team score).

We manipulated team composition by varying chefs’ abil-
ities. In high-ability teams, both players’ chefs had maximal
walking speed and maximal cutting speed. In mixed-ability
teams, each chef had maximal speed in one ability but was
reduced to 40% speed in the other, such that one player was
a fast walker but slow cutter, while the other showed the op-
posite profile. Importantly, this manipulation introduced only
deficits and no performance advantages: mixed-ability teams
were strictly dominated by high-ability teams in terms of in-
dividual capabilities. This allowed us to test whether ability

Figure 1: Game maps. A: Open map. B: Partially-blocked
map. Players can walk on checkered brown tiles. Players
can take plates (gray circles) from the two counter tiles corre-
sponding to the plate dispenser in the upper right corner of the
game and tomatoes (red circles) from two counter tiles next
to the plate dispenser. Players can also put plates and toma-
toes on the turquoise kitchen counter and cut tomatoes on the
three cutting boards in the upper left corner of the game. Fi-
nally, players can deliver assembled salads on the grey tiles
with arrows. Players cannot walk or place items on black
tiles. The yellow arrow is not part of the game map and in-
dicates the key difference between the two maps: players can
walk through this tile on the open map, while players cannot
move through this tile on the partially-blocked map.

diversity, while having the same set of abilities, promotes col-
laboration.

We manipulated the task environment by applying two
game maps that differ in their structural layout. The open
map (Figure 1A) does not encourage collaboration much
for high-ability players, as individual players can move ef-
ficiently through the top of the map above the kitchen is-
land and therefore perform both subtasks with minimal walk-
ing. In contrast, we designed a partially-blocked map (Figure
1B) to strongly encourage collaboration. This map increases
walking demands substantially for players pursuing indepen-
dent strategies because it requires them to walk around the
kitchen counter to perform both subtasks. Dividing labor in
the partially-blocked map should therefore result in substan-
tially enhanced performance. Manipulating task environment
allowed us to test how increased coordination demands, in-
duced by environmental structure, shift the relative benefits of
individual versus collaborative strategies and thereby shape
whether collaboration emerges.

Method
Participants

We collected data through Prolific from 70 teams for each
of four game conditions, for a total of 280 teams and 560
participants (mean age = 36.69; SD = 8.23). All participants
gave consent to participate in this study and were at least 18
years old. Participation was voluntary and participants could
leave the experiment at any time. The experiment lasted for
5 minutes, and we compensated participants with $1 (USD)



for participating, plus a performance bonus of $0.02 per point
scored in the testing phase as a team.

Experimental design

We implemented the above-described game with two players
in the 2x?2 experimental design. The goal of the game was
to deliver tomato salads. We did not instruct players to ap-
ply certain strategies and players could not talk to each other
before or during the game, or participate in multiple games.
We did not instruct participants about the abilities of their
or their teammate’s chef. In the mixed-ability teams, players
could infer from their own observation that one player walked
relatively quickly and one player cut relatively quickly. Play-
ers always had identical initial positions on the kitchen maps:
one player next to the cutting boards and one player next to
the plates and ingredients. On mixed-ability teams, the player
with fast cutting ability started next to the cutting board while
the player with fast walking ability started next to the plates.
Players always saw the collective team score during the game,
and we did not present individual scores to players.

The experiment consisted of two phases: a training phase
(2 minutes) and a testing phase (3 minutes). Before training,
we informed players that team scores did not matter during
training. Before testing, we informed them that team scores
affected their bonus during testing.

Data analysis

To examine how team composition and task environment in-
fluenced team performance and collaboration, we ran a 2 x 2
analysis of variance (ANOVA) in R. Post hoc pairwise com-
parisons of estimated marginal means were conducted using
the emmeans package (Lenth, 2024), with Tukey adjustment
to control for multiple comparisons. In addition, we per-
formed behavioral clustering analyses in Python using the
scikit-learn package (Pedregosa et al., 2011) and quantified
differences in groups with respect to team scores and collab-
oration with Bonferroni corrected two-sided t-tests. Due to
page limits, we report only data from the testing phase.

As independent variables, we considered two dichotomous
factors: team composition (high-ability vs. mixed-ability
teams) and game map (open vs. partially-blocked map). As
dependent variables, we analyzed two complementary mea-
sures: (i) team score, defined as the total number of delivered
plates per team, and (ii) collaboration index, defined as the
proportion of collaborative actions within a team. We com-
puted collaboration index as the number of collaborative ac-
tions (e.g., assembling a dish using tomatoes placed by the
partner) divided by the total number of team actions.

For each dependent variable, we ran an ANOVA includ-
ing the main effects of team composition and game map, as
well as their interaction. We quantified differences between
conditions with pairwise comparisons of estimated marginal
means. To further examine the relationship between collab-
oration and performance, we correlated collaboration index
and team score for each condition to assess how variation in

Table 1: Codes for the 10 most frequent actions
Action Code

Use cutting board

Pick up ingredients from cutting board
Assemble salad

Pick up ingredients from counter

Put plate on counter

Pick up ingredients from dispenser
Pick up plate from dispenser

Pick up salad from counter

Put ingredients on counter

Deliver salad
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collaboration within conditions relates to variation in team
performance.

To investigate how players differ in behavior, we encoded
their actions during a game as a vector containing the total
number of times they perform each action. Players took a
total of 26 distinct types of action during a game; however,
the 10 most frequent actions corresponded to 93% of all ac-
tions taken. For ease of reference, the 10 most frequent ac-
tions are numbered in Table 1. The encoded actions form a
vector that represents an aggregate template of each player’s
choices, such that two vectors with a high difference corre-
spond to two players with very divergent behavior.

To classify behaviors across this high-dimensional ac-
tion space, action vectors were clustered using the density-
based DBSCAN algorithm, which identifies similar clusters
as high-density regions in the space. These groupings can be
labeled as behavior archetypes and used to investigate how
archetypes vary across each condition. We chose hyperpa-
rameters € = 4.2 and minimum cluster size N = 8, leaving
a total noise ratio of 38%. These parameters were chosen
because they yield a robust and interpretable clustering with
minimal unclassified points.

Results

We illustrate the results of our ANOVA analyses on game
score and collaboration index in Fig. 2.

Game score

The ANOVA results revealed a significant main effect of team
composition (F = 6.23, p = .009), indicating a higher score
for high-ability teams than mixed-ability teams. There was
no main effect of map (F = 0.35, p = .557). Critically, we
observed a strong team composition x map interaction (F =
66.78, p < .001), indicating that the effect of group composi-
tion on performance depended on the task environment.

To follow up the significant team composition X map in-
teraction, we conducted Tukey-adjusted pairwise compar-
isons of estimated marginal means. On the open map, high-
ability teams scored significantly higher than mixed-ability
teams, (f = 7.63, p < .001). In addition, high-ability teams
scored significantly more points on the open map compared
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Figure 2: Differences between conditions are visualized with
boxplots, averages (diamonds), and half-violin plots for (A)
game score and (B) collaboration index.

to high-ability teams on the partially-blocked map (¢t = 6.20,
p < .001). Critically, mixed-ability teams scored significantly
higher than high-ability teams on the partially-blocked map
(t =3.93, p <.001). Mixed-ability teams on the partially-
blocked map also scored significantly higher than mixed-
ability teams on the open map (t = —5.36, p < .001).

Together, these results suggest that under the specific cir-
cumstances of our game, high-ability teams performed best
in environments like the open map where individual strate-
gies are effective, whereas mixed-ability teams can outper-
form high-ability teams when the task environment encour-
ages coordination.

Collaboration index

The ANOVA results revealed significant main effects of team
composition (F = 6.32, p = .013) and map (F = 88.55,
p < .001), as well as a significant team composition X map
interaction (F = 17.55, p < .001).

On the open map, collaboration did not differ between
high-ability and mixed-ability teams (¢ = 1.18, p = .637). In
contrast, on the partially-blocked map, mixed-ability teams
showed significantly higher collaboration than high-ability
teams (t = 4.74, p < .001). In addition, high-ability teams
collaborated more on the partially-blocked map than on the
open map (t = —3.69, p = .002) and the same pattern held
for mixed-ability teams (r = —9.62, p < .001).

Together, these findings show that collaboration increased
selectively under environmental conditions that promoted co-
ordination, with mixed-ability teams showing the most col-
laboration in environments that encourage division of labor.

Correlation between collaboration and game score

Collaboration index was significantly positively correlated
with team performance across all conditions (all p < .001),
with the strongest correlation observed for mixed-ability
teams and the partially-blocked map.

Classifying collaboration through action profiles

To investigate how environmental constraints mechanistically
give rise to collaboration between players, we examined their
behavior in more detail, paying particular attention to the set
of actions each player took during gameplay. We found that
players could be sorted into four groups via DBSCAN clus-
tering of their actions (Fig. 3A), and that groups had signifi-
cantly varying levels of collaboration (Fig. 3B).

Collaboration Index
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Figure 3: Player behaviors can be classified into distinct
groups via DBSCAN clustering. Groups differ in (A) their
relative frequency of specific actions and (B) collaboration
index, visualized via boxplots, averages (diamonds), and vi-
olin plots. (C) Groups are unevenly distributed across game
conditions, shown via histograms of player behavior for each
condition. Note that, within each condition, all counts of
player archetypes add to 140.

The first group, labeled Independent, took most common
actions at equal rates except for actions 3 and 8 which play-
ers do not take when not collaborating (Fig. 3A, see Table
1 for a description of each action). The interpretation that
the Independent group did not collaborate frequently is sup-
ported by a low average collaboration index in their games,
~ 0.08 (Fig. 3B). By contrast, the two groups labeled Co-
operative Chef and Cooperative Server took distinct and es-
sentially non-overlapping sets of actions (Cooperative Chefs
took actions O to 3 and Cooperative Server took actions 4 to
9; Fig. 3A) and participated in games with a high average col-
laborative index, ~ 0.25 for both groups (Fig. 3B). The differ-
ences in collaboration index between the Independent group
and the Cooperative Server group (t =9.54, p < .001) and In-
dependent group and the Cooperative Chef group (¢ = 8.89,
p < .001) were statistically significant, while the Cooperative
Server group and the Cooperative Chef group did not signifi-
cantly differ in collaboration index (r = 0.65, p = .451).

The Cooperative Chef group tended to take actions local-



ized on the left side of the map, around the cutting board,
while the Cooperative Server group tended to take actions lo-
calized on the right side of the map, interacting with the dis-
pensers and delivery counter (subtasks b and a of the game as
described above; Fig. 3A). These behavior archetypes occur
in teams; 80% of games involving a Chef or Server were a
Chef/Server pair, while in 18% of games their partner was in
the Other group and in only 2% of games a Chef or Server was
partnered with an Independent player. Collectively, these ac-
tion archetypes indicate that the Cooperative Server and Co-
operative Chef players divided tasks during games, with the
Cooperative Chef using the cutting board and assembling the
dish and the Cooperative Server bringing ingredients to the
counter and delivering dishes.

The group labeled Other encapsulates three other clusters
found by the DBSCAN algorithm: two small clusters con-
sisting of players with other collaborative behavioral profiles
similar to the Cooperative Servers/Chefs, and a large un-
classified group consisting of behavioral profiles that were
not clustered by DBSCAN. Few players (= 5%) were clas-
sified into the two clusters similar to the Cooperative Server
and Cooperative Chef groups. Overall, players in the Other
group took a more evenly distributed set of actions and varied
largely in collaboration index. This group may capture play-
ers with different strategies, as well as players who swapped
strategies during a game.

Importantly, the behavioral groups identified by DBSCAN
are unevenly distributed across game conditions, demonstrat-
ing that environmental constraints influence player behavior
(Fig. 3C). When playing on the open map, members of both
mixed-ability and high-ability teams adopted the Cooperative
Chef and Cooperative Server archetypes infrequently, tending
instead to adopt Independent and Other behaviors. Players on
high-ability teams adopted Other behaviors more frequently,
and Independent archetypes less frequently, than players on
mixed-ability teams. Since the Other behavior category is
characterized by a broad distribution of actions, we interpret
this result to mean that high-ability teams displayed more be-
havioral variation than mixed-ability teams.

On the partially-blocked map, the Cooperative Chef and
Cooperative Server archetypes were adopted more frequently
than on the open map by members of both mixed-ability and
high-ability teams (Fig. 3C). On mixed-ability teams, col-
laboration was the dominant strategy, as more players were
classified as Cooperative compared to Independent or Other.
On high-ability teams, however, players were more often
classified as Other than either Cooperative or Independent
(Fig. 30).

Distributions of team scores for each behavior group in
each game condition (Fig. 4) show a clear link between the
performance advantage of a cooperative strategy over an in-
dependent one and players’ tendencies to adopt those strate-
gies. Two-sided t-tests indicated that Independent groups
(across all conditions) scored significantly less than the Co-
operative Server group (t = 11.48, p < .001) and Cooperative
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Figure 4: Team score for each behavior group in each game
condition, visualized via boxplots, averages (diamonds), and
violin plots. Note that for high-ability teams on the open map,
very few players adopted Cooperative behaviors.

Chef group (r = 13.41, p < .001). The Cooperative Server
group and the Cooperative Chef group did not significantly
differ in team score across conditions (t = 0.791, p = .551).
This suggests that all teams gained an advantage by adopting
a cooperative strategy over an independent one.

Independent players from high-ability teams had a signifi-
cantly higher mean team score (= 7.0) on the open map com-
pared to the partially blocked map (= 3.6, =7.12, p < .001).
Similarly, independent players from mixed-ability teams had
a significantly higher mean team score (=~ 4.9) on the open
map compared to the partially blocked map (= 3.0; r = 3.63,
p = .006). Especially for high-ability teams on the open map,
arelatively high mean score for Independent and Other strate-
gies (Fig. 4) leads to almost no players adopting Cooperative
behaviors (Fig. 3C).

Conversely, mixed-ability teams on the partially-blocked
map have a strong tendency to behave cooperatively
(Fig. 3C) and a correspondingly low score when they act
independently (Fig. 4). In fact, the difference in average
scores between the Independent group and the two Cooper-
ative groups (Server and Chef) was largest on the partially-
blocked map for mixed-ability teams and smallest on the open
map for high-ability teams'. This result suggests that the
performance gap between the Independent and Cooperative
groups may be a key factor controlling the emergence of col-
laboration. Notably, however, in all conditions some players
in the Other category are able to achieve high scores, indicat-
ing that not all successful strategies are captured by collabo-

I This difference in differences was statistically significant with
p < .001.



ration through the Chef/Server model of subdividing tasks.

In summary, our behavioral analysis aligns with our anal-
ysis of acts of collaboration, drawing a clear connection be-
tween behavior archetypes, collaboration, and performance.
Players are more likely to collaborate when doing so gives a
larger performance advantage, and they collaborate through
task division by tacitly assigning roles to each team member
despite having no verbal communication channels.

Discussion

With this study, we have systematically investigated the col-
laboration of human teams playing an online multiplayer
game, and found that frequency of collaboration can be tuned
solely through the imposition of constraints on the players.
Despite having never worked together before, and despite the
lack of verbal and non-verbal communication during game-
play, pairs of human players show frequent collaboration
when division of labor is encouraged through two constraints:
(1) asymmetry in group composition, such that players have
differing ability strengths, and (ii) partial blockage in the
game map such that different subsets of resources are less
accessible to each player. The enhanced tendency to col-
laborate under these constraints enables mixed-ability teams,
with lower average ability, to out-perform uniformly high-
ability teams on average. Our results are consistent whether
we measure collaboration by the number of acts of collabora-
tion involving the player-to-player exchange of a shared item
necessary to complete the task, or whether we determine col-
laboration according to behavioral archetypes of players (Co-
operative Chef or Cooperative Server) based on their actions.

Collaboration in scenarios in which it is not required is
far from guaranteed to emerge, even when it would improve
group performance. In many tasks, individuals can achieve
adequate outcomes by acting independently, creating situ-
ations of non-required cooperation (Zhang et al., 2016) in
which the incentives to coordinate are ambiguous. In such
settings, players who have not interacted before often con-
verge on non-cooperative strategies, even when coordinated
strategies would be more efficient (Biswas et al., 2025). Con-
vergence to non-cooperative strategies is likely because co-
operative solutions are rarely explored and remain latent—a
phenomenon described in game theory as a shadowed equi-
librium (Matignon et al., 2012). Our study sheds light on
the conditions under which groups transition away from this
non-cooperative equilibrium and adopt collaborative strate-
gies. Taken together, our results provide a useful set of guide-
lines for enhancing the likelihood of cooperation in contexts
in which it is not required.

We hypothesize that environmental constraints increase the
likelihood of collaboration when they make the performance
benefits of coordination sufficiently large to outweigh the
costs, manifested by lower scores or time lost when a bid for
collaboration by one player is ignored by the other player. Al-
though collaboration was always an available choice for the
players, they did not adopt it uniformly across conditions. In-

stead, teams more frequently collaborated under conditions
that decreased the effectiveness of individual strategies in se-
curing a high game score. The group most likely to col-
laborate was the mixed-ability team on the partially-blocked
map—for this group, limitations on ability and resource ac-
cess encouraged coordination in order to compensate through
role differentiation.

Although our results point to the existence of a cost-benefit
analysis underlying players’ choices of strategy (also see
Straub et al., 2023; Vélez et al., 2023), future work is needed
to uncover exactly when this analysis is performed and how
players adapt their behavior in real time in response to it. Our
multiplayer online game will provide a means for investigat-
ing this learning in real time, since it is a fully customizable
environment in which game duration can be altered and all
behavior is recorded. Future studies will implement games
of longer duration, possibly including reinforcement learning
or other Al agents to augment the dataset, in order to eluci-
date the dynamics of strategy-learning in collaborative teams.
Further, since the difference between mixed-ability and high-
ability teams can be varied continuously in our design, future
work should investigate what difference is necessary to give
rise to the coordination benefits seen here.

Our work has several limitations. By its nature, our game
is limited in terms of its ability to access true causal mech-
anisms for collaboration in human teams. For example, we
cannot know the actual abilities of the human players, includ-
ing their beliefs about their teammates and the resulting ef-
fects on collaboration (Xiang et al., 2023), because the game
manipulates only the abilities of the chefs—not those of the
human players. Additionally, while players were rewarded
for a high game score, we cannot guarantee that they chose
to actually maximize game score. Extensive literature shows
that humans may choose to follow a personally rewarding
strategy even if external incentives are clear (Yu et al., 2023).
Also, we only considered one testing phase length. Our re-
sults may change with longer testing phases; for example,
high-ability teams may explore new strategies and collabo-
rate more at later times. Finally, we have focused on under-
standing group behavior within one task only. Others have
shown that enhanced group performance due to collective in-
telligence is relatively stable across a range of tasks (Malone
& Bernstein, 2015; Woolley et al., 2010, 2015). Future work
will examine other factors that influence group behavior, and
whether group behavior is consistent across a set of tasks.

To conclude, our study shows that collaboration in humans
emerges selectively as a function of group composition and
coordination demands. Using an online multiplayer game, we
demonstrate that mixed-ability groups can outperform uni-
formly high-ability groups through coordination and division
of labor, which they are more likely to adopt when environ-
mental constraints increase the performance advantage of col-
laborative strategies. Our results point toward the strategic
conditions under which collaboration becomes worthwhile.
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