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the variance in Study 1 and 35% of the variance
in Study 2. Multiple-group confirmatory factor
analysis suggests that the factor structures of
the two studies are invariant (c2 =11.34,P =
0.66, df = 14; CFl = 0.99, RMSEA = 0.01).
Taken together, these results provide strong
support for the existence of a single dominant
¢ factor underlying group performance.

The criterion task used in Study 2 was an ar-
chitectural design task modeled after a complex
research and development problem (14). We had
a sample of 63 individuals complete this task
working alone, and under these circumstances,
individual intelligence was a significant predictor
of performance on the task (r = 0.33, P = 0.009).

When the same task was done by groups,
however, the average individual intelligence of
the group members was not a significant predictor
of group performance (r = 0.18, ns). When both
individual intelligence and c are used to predict
group performance, c is a significant predictor (b =
0.36, P = 0.0001), but average group member
intelligence (b = 0.05, ns) and maximum member
intelligence (b = 0.12, ns) are not (Fig. 1).

If ¢ exists, what causes it? Combining the find-
ings of the two studies, the average intelligence of
individual group members was moderately cor-
related with ¢ (r = 0.15, P = 0.04), and so was the
intelligence of the highest-scoring team member
(r=0.19, P =0.008). However, for both studies, ¢
was still a much better predictor of group per-
formance on the criterion tasks than the average or
maximum individual intelligence (Fig. 1).

We also examined a number of group and indi-
vidual factors that might be good predictors of c. We
found that many of the factors one might have ex-
pected to predict group performance—such as group
cohesion, motivation, and satisfaction—did not.

However, three factors were significantly cor-
related with c. First, there was a significant corre-
lation between ¢ and the average social sensitivity

of group members, as measured by the “Reading
the Mind in the Eyes” test (15) (r = 0.26, P =
0.002). Second, ¢ was negatively correlated with
the variance in the number of speaking turns by
group members, as measured by the sociometric
badges worn by a subset of the groups (16) (r =
-0.41, P=0.01). In other words, groups where a
few people dominated the conversation were less
collectively intelligent than those with a more
equal distribution of conversational turn-taking.

Finally, ¢ was positively and significantly
correlated with the proportion of females in the
group (r = 0.23, P = 0.007). However, this result
appears to be largely mediated by social sensitiv-
ity (Sobel z=1.93, P = 0.03), because (consistent
with previous research) women in our sample
scored better on the social sensitivity measure
than men [t(441) = 3.42, P = 0.001]. In a regres-
sion analysis with the groups for which all three
variables (social sensitivity, speaking turn vari-
ance, and percent female) were available, all had
similar predictive power for c, although only
social sensitivity reached statistical significance
(b =0.33, P=0.05) (12).

These results provide substantial evidence for
the existence of ¢ in groups, analogous to a well-
known similar ability in individuals. Notably, this
collective intelligence factor appears to depend
both on the composition of the group (e.g., aver-
age member intelligence) and on factors that emerge
from the way group members interact when they
are assembled (e.g., their conversational turn-
taking behavior) (17, 18).

These findings raise many additional questions.
For example, could a short collective inteligence
test predict a sales team’s or a top management
team’s long-term effectiveness? More important-
ly, it would seem to be much easier to raise the
intelligence of a group than an individual. Could
a group’s collective intelligence be increased by,
for example, better electronic collaboration tools?

Many previous studies have addressed ques-
tions like these for specific tasks, but by measur-
ing the effects of specific interventions on a group’s
¢, one can predict the effects of those interventions
on a wide range of tasks. Thus, the ability to
measure collective intelligence as a stable property
of groups provides both a substantial economy of
effort and a range of new questions to explore in
building a science of collective performance.
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