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Abstract. Research on teams spans many contexts, but integrating knowledge from het
erogeneous sources is challenging because studies typically examine different tasks that 
cannot be directly compared. Most investigations involve teams working on just one or a 
handful of tasks, and researchers lack principled ways to quantify how similar or different 
these tasks are from one another. We address this challenge by introducing the “Task 
Space,” a multidimensional space in which tasks—and the distances between them—can be 
represented formally, and use it to create a “Task Map” of 102 crowd-annotated tasks from 
the published experimental literature. We then demonstrate the Task Space’s utility by per
forming an integrative experiment that addresses a fundamental question in team research: 
when do interacting groups outperform individuals? Our experiment samples 20 diverse tasks 
from the Task Map at three complexity levels and recruits 1,231 participants to work either 
individually or in groups of three or six (180 experimental conditions). We find striking het
erogeneity in group advantage, with groups performing anywhere from three times worse 
to 60% better than the best individual working alone, depending on the task context. Criti
cally, the Task Space makes this heterogeneity predictable: it significantly outperforms tra
ditional typologies in predicting group advantage on unseen tasks. Our models also reveal 
theoretically meaningful interactions between task features; for example, group advantage 
on creative tasks depends on whether the answers are objectively verifiable. We conclude 
by arguing that the Task Space enables researchers to integrate findings across different 
experiments, thereby building cumulative knowledge about team performance.
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1. Introduction
Teams are ubiquitous. They play key roles in areas as 
diverse as the military (Goodwin et al. 2018), healthcare 
(Valentine et al. 2015), and corporate governance 
(Peterson et al. 1998, Barrick et al. 2007). However, the 
variety in both teams and their related research has 
made it difficult to produce a coherent science of team
work. Hollenbeck et al. (2012) astutely observed that 
“the diversity of this expanding research … creates 
certain challenges. Perhaps the greatest is the problem 

it causes in generating a cumulative knowledge base 
for meaningfully integrating and aggregating results 
across studies.”

Consider, for example, the question of when groups 
outperform individuals—what researchers call group 
advantage or team synergy (Larson 2010). This question is 
at the heart of lively scholarly debates in the social and 
behavioral sciences (Hill 1982, Larson 2010, Almaatouq 
et al. 2021a) and underlies critical managerial and orga
nizational decisions (Barrick et al. 2007). Although it is 
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generally accepted that interacting groups can have a 
performance advantage over independent work, the 
specific conditions under which this occurs remain 
unclear (Almaatouq et al. 2024a). As with many ques
tions in team research, there is not so much a single 
answer as there is a collection of phrases starting with 
“it depends.” In particular, researchers have identified 
the task being performed as a key determinant of group 
performance (Morris 1966, Steiner 1972, Herold 1978, 
McGrath 1984, Stewart and Barrick 2000, Whiting et al. 
2019, Meluso and Hébert-Dufresne 2023). For example, 
Husband (1940)’s early study of puzzle-solving teams 
concluded that groups are better for tasks “requiring 
definite originality and insight,” but not for those that 
are predictable and routine. More recent work by 
Almaatouq et al. (2021b), using a room assignment 
task, demonstrated that groups outperform individuals 
only when task complexity is sufficiently high. Still 
other studies show conflicting patterns: groups are 
advantageous at intellective tasks where members can 
verify correct answers—the “truth wins” phenomenon 
(Laughlin et al. 2006)—but generate fewer creative 
ideas than individuals working separately (Diehl and 
Stroebe 1987, Mullen et al. 1991).

While researchers have long recognized that tasks 
matter, the problem is that tasks are complex and mul
tidimensional, and we lack a systematic way to quan
tify which specific attributes drive these different 
outcomes. And though there have been multiple pro
posed frameworks for classifying tasks (Shaw 1963, 
Steiner 1972, McGrath 1984, Laughlin and Ellis 1986), 
these classifications not only rely on overly broad cate
gories but also lack consensus about which task 
dimensions are most important (Larson 2010). Catego
rizing tasks into broad, unidimensional “types”—such 
as “Intellective” and “Maximizing”—obscures sources 
of variation that are not captured by the category 
label. For example, while completing a crossword 
puzzle and solving an algebraic equation are both 
“Intellective” tasks that involve identifying a correct 
answer, they differ in other respects that could mean
ingfully impact group outcomes (such as the degree of 
mathematical reasoning required, the role of vocabu
lary knowledge, or the potential for collaborative 
problem-solving). Making matters worse, task frame
works can describe the same task in different, often 
incomparable, terms. According to McGrath (1984), 
both crossword puzzles and algebra questions are 
Intellective tasks; under Zigurs et al. (1999)’s frame
work, the algebra question is a “Simple Task” because 
it has only one unambiguously correct answer, while 
the crossword puzzle is a “Problem Task” because it 
involves uncertainty about which words might fit a 
given clue. Thus, two tasks that appear equivalent in 
one framework can be placed in entirely different cate
gories in another.

The lack of a common set of dimensions (incommen
surability) makes it difficult to create meaningful com
parisons across studies; when a finding from one 
setting fails to generalize to another (Chang et al. 2021, 
Yarkoni 2022, Almaatouq et al. 2024a) it is unclear 
whether to attribute the discrepancy to replication fail
ure, methodological error, or sufficiently dissimilar 
tasks. Enabling commensurability across tasks—and 
allowing knowledge to be better integrated into a cohe
sive whole—is therefore critical to the research of 
teams.

To fill this gap, we introduce a 24-dimensional 
design space of team tasks, which we call the “Task 
Space,” that synthesizes task taxonomies1 from the lit
erature to date. Each dimension in the space represents 
a specific construct motivated by prior research (e.g., 
Shaw 1963, Steiner 1972, McGrath 1984, Laughlin and 
Ellis 1986). By positioning tasks as points in this 
multidimensional space rather than forcing them into 
broad categories, we enable quantitative comparisons 
between any two tasks. We additionally label a reposi
tory of 102 tasks sourced from the empirical literature 
on team performance, creating what we call the “Task 
Map.” The Task Map serves as the basis of a large-scale 
study that demonstrates our approach, as well as a 
standalone contribution for use in future research.

The Task Space solves the incommensurability prob
lem: researchers can now quantify how similar Hus
band’s puzzle-solving tasks are to Almaatouq’s room 
assignment task, and determine whether conflicting 
findings reflect genuine boundary conditions or incom
parable contexts. Beyond reconciling past findings, the 
Task Space enables systematic research design (Almaa
touq et al. 2024a), allowing researchers to select tasks 
with specific features or sample tasks that are maxi
mally different. Finally, the Task Space can serve as a 
living resource, in which new tasks and dimensions 
will be added as our understanding evolves. This uni
fied framework allows future discoveries to be seam
lessly integrated into the cumulative knowledge base 
rather than be viewed as isolated findings.

We empirically demonstrate the utility of the Task 
Space through a large-scale integrative experiment 
examining whether groups outperform individuals. 
After systematically sampling 20 diverse tasks from the 
Task Map, we build each task at three levels of com
plexity and randomly assign 1,231 participants to work 
either individually, in groups of three, or in groups of 
six. This design resulted in 5,972 observations across 
180 unique experimental conditions. Our experiment 
reveals striking heterogeneity in group advantage 
depending on the task context. Critically, the heteroge
neity is predictable—by using dimensions from the 
Task Space in predictive models, we achieve signifi
cantly higher out-of-sample performance than models 
relying on traditional categorical approaches. These 
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findings illustrate how the Task Space can transform 
isolated, task-specific findings into cumulative knowl
edge about when and why it is advantageous to hire a 
team.

2. Background
The Task Space extends a long history of prior work 
that has examined the key categories or features of 
tasks and that has produced numerous competing 
taxonomies (e.g., Shaw 1963, Hackman 1968, McCor
mick et al. 1972, Tushman 1979, Wood 1986, Driskell 
et al. 1987, Cohen and Bailey 1997, Peterson et al. 2001, 
Wildman et al. 2012). In our review of the literature, we 
identified 15 such taxonomies (Online Appendix A) 
and found significant heterogeneity across them. More 
problematically, though each taxonomy, when viewed 
in isolation, offers a plausible account of how tasks dif
fer from each other, when viewed in aggregate, the 
accounts are not collectively coherent—partly because 
they focus on different attributes of tasks and partly 
because they adopt different definitions of a “task” to 
begin with. For example, some frameworks emphasize 
the task’s stimulus material (e.g., Hackman 1968, 
McGrath 1984), while others focus on the primary goal 
(e.g., Laughlin and Ellis 1986), the work process (e.g., 
Steiner 1972), the required skills (e.g., Roby and Lan
zetta 1958, Fleishman 1975), and even the level of parti
cipants’ interest in the task (Shaw 1963).

These divergent perspectives reflect three related 
sources of incommensurability: (1) the conceptual para
digm; (2) the data source or setting; and (3) the level of 
detail used to describe the task. The first source, one 
originally noted by Hackman (1969), is that researchers 
use different conceptual paradigms when thinking 
about tasks. Some researchers use a task qua task para
digm, which defines a task purely from its stimulus 
material. Others expand the focus to participants’ 
downstream interactions: task as behavior requirement 
emphasizes the behaviors that successful participants 
should achieve, while task as behavior description focuses 
on the typical behaviors that participants display. Still 
others adopt a task as ability requirement approach, 
focusing on personal characteristics that influence how 
participants approach the task. These different para
digms naturally require different types of information: 
a task qua task framework needs only details about the 
stimulus itself, while other approaches might require 
participant demographic information or empirical data 
on typical participant reactions.

A second source of incommensurability is that taxo
nomies draw on data from different settings, and con
sequently make different assumptions about the nature 
of the task and the individuals completing it. Some fra
meworks are oriented toward the laboratory (e.g., 
Shaw 1963, Hackman 1968, Steiner 1972, McGrath 

1984) and therefore assume that tasks are short, self- 
contained activities with clear goals. Others are ori
ented toward real work environments (e.g., Hackman 
and Oldham 1975, Driskell et al. 1987, Peterson et al. 
2001, Wildman et al. 2012) where tasks tend to be more 
open-ended and place greater demands on employees’ 
abilities and skills. Still other frameworks synthesize 
features from both laboratory and field contexts (e.g., 
Driskell et al. 1987). Categorization of tasks can there
fore be highly specific to the setting being studied, such 
as “Basic Research” versus “Applied Research” (Tush
man 1979) or “Managing Others,” “Advising Others,” 
and “Human Service” (Wildman et al. 2012).

Finally, task frameworks specify their features using 
varying levels of detail. While some frameworks require 
information about the exact mechanics of performing a 
task—down to the precise number of actions involved 
(Wood 1986) and the duration of each stimulus (Fleish
man 1975)—others place tasks into broad categories, 
such as “Production,” “Discussion,” and “Problem- 
Solving” in Hackman (1968) and the eight categories in 
McGrath (1984). Although a general description (“this 
task is about solving math problems”) would be enough 
to categorize a task as “Problem-Solving” in Hackman’s 
framework, Wood would require additional implemen
tation details to determine the problem’s complexity.

Thus, differences in paradigms, settings, and levels 
of detail often result in task frameworks that cannot 
“speak to one another.” Given the same details regard
ing two tasks, one framework might place the tasks 
into the same category; another might place them into 
opposing categories; and a third framework might 
not be able to categorize them at all, because it requires 
a different set of information or makes a different 
assumption about the environment.

Our observation of incommensurability in task fra
meworks has parallels with other studies of the fea
tures underlying team-related constructs. For example, 
the critique by Hollenbeck et al (2012) of using taxo
nomies to determine “types” of teams also applies to 
our case (“types” of tasks). In fact, substituting the 
word “team” for “task,” their passage almost exactly 
replicates our point:

The literature on teams [tasks] proposes a dizzying 
array of different team [task] types, even though the 
number of actual underlying dimensions used as 
building blocks to construct team [task] types is lim
ited. This state of affairs impedes the meaningful 
accumulation of results across studies and, in general, 
makes it very difficult for researchers or consumers of 
research to answer the question, “What kind of team 
[task] is this?”

In Section 3, we seek to resolve task frameworks’ 
incommensurability by building a flexible design space 
of tasks. First, we describe our multidimensional 
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approach, in which each task is allowed to have a non
zero association with any task dimension, rather than 
being assigned to a single “category” or “type.” Second, 
we define two related but distinct notions of a task (the 
task class and task instance), allowing us to clarify issues 
around the conceptual paradigm and level of detail. 
Finally, we identify a set of 24 dimensions that are rele
vant at the level of the task class, and we describe our 
methods for evaluating a task along these dimensions. 
By positioning tasks within our 24-dimensional design 
space, we produce a unified answer for how similar or 
different two tasks are.

3. Introducing the Task Space: Design 
and Construction

3.1. Representing Tasks as Vectors in 
Multidimensional Space

In the Task Space, each task is represented as a vector 
with M elements, where each element corresponds to 
the task’s value on one of M dimensions. A collection of 
N tasks can thus be represented as an N × M matrix, 
where each row is a task and each column is an 
attribute of the task (Figure 1, left panel). This represen
tation enables researchers to compute distances or 
similarities between tasks using standard metrics (e.g., 
Euclidean distance, cosine similarity), and to identify 
clusters of related tasks, systematically sample tasks 
for experiments, and quantify semantic relationships 
(Figure 1, right panel).

The vector representation integrates a variety of pro
posed task constructs while making few additional 
assumptions. For example, unlike in McGrath (1984), 
we do not assume mutually exclusive or collectively 
exhaustive categories, nor do we assume any particular 
topological structure (e.g., a circumplex). Reading the 
matrix in Figure 1, we can see how different frame
works would describe each task. For instance, “Writing 

Story” would not be considered a Maximizing task 
according to Steiner (1972), and hence the row corre
sponding to this task has a value of 0 in the column cor
responding to the Maximizing dimension. In contrast, 
the Shopping Plan is (almost by definition) a Planning 
task according to McGrath (1984); thus, the row corre
sponding to this task has a value of 1 in the Planning 
dimension.

The matrix representation makes the Task Space 
inherently flexible and extensible. Researchers can eas
ily add new tasks or dimensions, update existing 
values, or focus on subsets relevant to their research 
questions. Because these modifications involve only 
simple matrix operations, different research groups can 
maintain compatible versions while adapting the space 
to their specific needs.

More concretely, we can think of downstream appli
cations in machine learning terms: theory-informed 
task dimensions serve as features to predict outcomes 
of interest, and the results of these predictions, in turn, 
inform the selection and development of task dimen
sions. This iterative process progressively refines the 
Task Space as more data becomes available. Features 
that do not predict relevant outcomes may be removed, 
and puzzling observations—where tasks occupying 
the same location have different outcomes—may sug
gest the need for new dimensions. New tasks may also 
inspire the addition of previously-unexplored dimen
sions. Figure 2 illustrates this process, in which two 
scientists use the multidimensional representation to 
unify different subsets of task dimensions, apply fea
ture engineering techniques, and refine the Task Space 
through prediction.

When constructing the Task Space, we deliberately 
refrained from applying factor analysis or combining 
conceptually similar dimensions ex-ante. Because there 
are many plausible methods of engineering features, 

Figure 1. (Color online) An Illustration of the Task Space 

Notes. Left: Our labeled set of tasks can be thought of as a 102 tasks × 24 dimensional matrix in which each task is represented as a row vector 
for which each element (column) is a dimension of the task. Right: Each row vector in this matrix can also be mapped to a point in 
24-dimensional space. This representation makes the Task Space easily amenable to linear algebra-based analysis (e.g., finding similarity between 
vectors, clustering, and sampling).
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our view is that refinements of the Space should be 
guided by applying it to practical questions, rather 
than by statistical relationships in an arbitrary set of 
existing tasks. This emphasis on empirical validation 
mirrors successful dimensional refinement processes in 
other domains. In early personality psychology, for 
example, researchers proposed thousands of personal
ity dimensions (Allport and Odbert 1936) before even
tually converging on what is now the “Big Five” 
(Goldberg 1993). The dimension reduction process was 
driven by a combination of empirical research and vig
orous theoretical debate. For example, Hough (1992) 
argued that Affiliation (socialization preference) and 
Potency (energy level) should not have been combined 
into the single dimension of Extroversion, because they 
predicted different work-related outcomes (Potency 
predicted work success, but Affiliation did not).

In contrast, the team performance field has yet to 
begin a similar convergence, because researchers lack 
an effective means to make comparisons across frame
works. In a review of meta-analyses on team 

performance in the last 40 years (Online Appendix H), 
we found that no publication classified tasks using 
more than one taxonomy or typology; some only coded 
tasks according to a single dimension (e.g., task interde
pendence or task complexity); and some included no 
information about the task at all. To eventually con
verge to a potential “Big Five” of task dimensions, the 
first step is to test the predictive power of task dimen
sions across multiple task taxonomies. This process 
requires unifying taxonomies into a shared representa
tion; in other words, to construct a Task Map that helps 
researchers connect the spatial position of a task to 
some specific outcome of interest.

3.2. Construction of the Task Map
The Task Map is a repository of 102 tasks that are anno
tated according to the 24 dimensions of the Task 
Space—it is a “worked example” of applying our pro
posed matrix representation to an initial set of com
monly used tasks and frameworks. This section 

Figure 2. (Color online) An Illustration of the Iterative Theory Construction Process 

Notes. Scientists 1 and 2 each begin with different “versions” of the Task Space; Scientist 1’s version is a two-dimensional space with features A 
and B, while Scientist 2’s version is a two-dimensional space with features A1 and B1. To make their versions commensurate, the scientists can 
simply take the union of all features, creating a four-dimensional space. The unified space can then be transformed in a variety of ways (“feature 
engineering”), which may include eliminating redundant features, down-selecting to a subset of features, creating synthetic features, or summa
rizing key factors. The engineered features are then used to predict outcomes of interest. How well task features perform in predicting outcomes 
will inform additional changes to the task features. For example, task features that do not correlate with any known outcomes can be regarded as 
irrelevant and removed from the Task Space; task features that consistently improve model prediction on known outcomes can be retained.
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considers the construction of the map in terms of its 
dimensions (columns), tasks (rows), and ratings (cells).

3.2.1. Dimensions (Columns). To establish explicit cri
teria for the dimensions we include in the Task Map, 
we introduce the notion of a task class and task instance. 
A task class, following the task definitions by Larson 
(2010) and Hackman (1968), represents the general 
blueprint of a task, as characterized by its stimuli and 
goals. For example, tasks in the Room Assignment class 
involve a set of students, rooms, and constraints (the 
stimuli), in which the students must be optimally allo
cated (the goal). Importantly, however, there may be 
many variations within the class—a “low complexity” 
version might involve assigning students to rooms 
under only one constraint, while a “high complexity” 
version might involve dozens of students, rooms, and 
constraints. We call these variations task instances.

This definition clarifies a key issue with existing taxo
nomies, in which there is no explicit consensus about 
the boundaries of a task, leading various frameworks 
to implicitly mix class- and instance-level attributes. 
For example, three of the paradigms we reviewed in 
Section 2 (task as behavior requirement, task as behavior 
description, and task as ability requirement) implicitly 
operate at the instance level, as they require specific 
details about the participants and their reactions to the 
stimuli. Meanwhile, the task qua task paradigm, which 
focuses on the stimuli alone, can operate at either the 
class or instance levels, depending on whether the 
dimensions are general (e.g., does this task involve 
solving a problem?) or specific (e.g., how many opera
tions does it take to complete the problem?).

Class- and instance-level features convey different 
amounts of information. Class-level features represent 
the coarsest level of detail; they are stable regardless of 
who completes the task, how they choose to complete 
the task, or the format in which the task is presented. 
Instance-level features comprise these fine-grained spe
cifics. For example, every Room Assignment Task is an 
optimization problem, but the level of complexity, 
allowable group processes, user interface, and expected 
behaviors can vary. Following Larson, we treat class- 
level features as more “core” than instance-level fea
tures, and hence restrict the dimensions that we will 
use for the Task Map to those describing a task class. 
This restriction does not imply that we ignore instance- 
level attributes; rather, because there are too many var
iations to comprehensively describe, we propose that 
researchers incorporate instance-level attributes as 
additional dimensions (in Section 4, our empirical case 
study will account for task complexity in this manner).

Tasks in the laboratory and in the field are often dif
ferent in nature, so we further restrict our attention in 
this paper to laboratory tasks. These tasks typically 
have very well-defined stimuli and goals due to their 

use in evaluating team performance in controlled set
tings. Thus, they are suitable for demonstrating our 
method in a setting that is complicated enough to high
light its benefits while keeping it simple enough to 
explain. We emphasize, however, that there is nothing 
about the method we outline that in principle excludes 
field tasks; hence, we expect that it will be possible to 
expand the Task Space to include them in the future 
(see Section 5.2 for more discussion).

Applying these two criteria resulted in 24 dimen
sions2 sourced from five frameworks (Shaw 1963, 
Steiner 1972, McGrath 1984, Laughlin and Ellis 1986, 
Zigurs et al. 1999; see Table 1). Further implementation 
details can be found in Online Appendix C.4.3

3.2.2. Tasks (Rows). We sourced 102 tasks from pub
lished papers. Groups and teams are of interdisciplin
ary interest, with research spanning management 
(Marks et al. 2001, Ericksen and Dyer 2004), psychology 
(Mathieu et al. 2017, Salas et al. 2018), computer science 
(Harris et al. 2019), sociology (Gross 1954), economics 
(Weidmann and Deming 2021), complexity science 
(Almaatouq et al. 2021a), and other fields. Thus, our 
aim was not to create a systematic or fully representa
tive sample of any one field, as each discipline has its 
own, often nonoverlapping, set of publication venues. 
Instead, we hand-curated a set of tasks from a diverse 
set of publications across different disciplines, focusing 
on common task paradigms and influential work. 
These include the Collective Intelligence Task Battery 
(Woolley et al. 2010), forecasting and prediction tasks 
(Silver et al. 2021), “classic” tasks used in group studies 
(Lorge and Solomon 1960), economic games (Camerer 
1997), and others; see Online Appendix B for the com
plete list.4 In our repository, each task is summarized in 
a standard format that describes the stimuli and goals 
(the two defining components of the task class). This 
repository is the basis of our empirical demonstration 
in Section 4, as well as a broader set of applications dis
cussed in Section 5. It is also publicly available, along
side complete data and documentation,5 enabling 
future researchers to replicate our task labeling for 
other domains of interest.

3.2.3. Ratings (Cells). To construct the Task Map, the 
102 tasks were rated on 23 dimensions by a panel of 121 
Amazon Mechanical Turk workers, who had passed 
our pretest with an average score of 84.56%.6 We ini
tially excluded a 24th dimension, Type 6 (Mixed- 
Motive), because we were focused on dimensions 
applicable to both individual and team tasks; however, 
this dimension was reintroduced at a later stage and 
separately annotated by the author team (see Online 
Appendix C.4). Over the 23 crowd-rated dimensions, 
each task received an average of 23.20 ratings, and rat
ings across workers were averaged at the question level 
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Table 1. List of Dimensions in the Task Space

No. Dimension name Question text Source

1 Conceptual-Behavioral Does this task primarily require physical effort, as opposed to 
primarily requiring mental effort?

McGrath

2 Intellectual-Manipulative* What is the fraction of physical (as opposed to mental) effort 
required for the task?

Shaw

3 Type 1 (Planning) Is this a “planning” task? In other words, is one of the main 
purpose(s) of this task to produce a sequence of concrete steps 
or actions that an individual can follow to achieve some goal?

McGrath

4 Type 2 (Generate) Is this a “generation” or “brainstorming” task? In other words, is 
one of the main purpose(s) of this task to produce a number 
of ideas or examples, without any particular action associated 
with them?

McGrath

5 Creativity Input* What fraction of the effort required for this task is creative 
thinking (as opposed to any other type of effort, whether 
physical, logical, etc.)?

New; Continuous 
version of Type 2 
(Generate)

6 Type 3 and Type 4 
(Objective Correctness)

Is there an objectively correct solution to this task that can be 
calculated or selected?

McGrath

7 Type 5 (Cognitive 
Conflict)

Is one of the main purpose(s) of this task to resolve people’s 
differences in opinion, perspective, or viewpoint?

McGrath

8 Type 6 (Mixed-Motive)† During this task, group members pursue different interests, 
objectives, or goals.

McGrath

9 Type 7 (Battle) Can the outcome of this task be described in win/lose terms? McGrath
10 Type 8 (Performance) Does the task have an all-or-nothing outcome? In other words, is 

it sufficient to just meet a particular standard?
McGrath

11 Divisible-Unitary Is it efficient and useful for members of the group to work on 
discrete parts (or subtasks) of this activity?

Steiner

12 Maximizing Is the goal (or one of the goals) of this task to try to achieve 
doing something as much as possible, as many as possible, or 
as quickly as possible?

Steiner

13 Optimizing Is the goal (or one of the goals) of this task to try to achieve a 
precise outcome?

Steiner

14 Outcome Multiplicity Is there only one “best” solution (or possible solution) to this 
task?

Shaw, Zigurs et al.

15 Solution Scheme 
Multiplicity

Is there only one method for achieving the task, as opposed to 
many alternatives for task completion?

Shaw, Zigurs et al.

16 Decision Verifiability Can acceptable solutions to this task be demonstrated or verified 
to be correct (e.g., by an expert or third-party)?

Laughlin and Ellis

17 Shared Knowledge Can this task be written as a “formal model” that an algorithm 
could solve?

Laughlin and Ellis

18 Within-System Solution Is there enough information in the problem to find a valid 
solution?

Laughlin and Ellis

19 Answer Recognizability If someone who is able to solve the problem explains their 
answer, would others recognize it as correct without contest?

Laughlin and Ellis

20 Time Solvability Is a participant able to come up with a provably correct solution, 
assuming sufficient ability, time, motivation, and resources?

Laughlin and Ellis

21 Intellective-Judgmental* On a scale of 0 (entirely subjective, with no correct answer; a 
judgmental task) to 1 (entirely objective and demonstrable by 
pure logic; an intellective task), how would you classify the 
extent of demonstrable correctness of this task?

Laughlin and Ellis

22 Conflicting Tradeoffs Does completing this task require participants to evaluate 
tradeoffs—conflicting possible solutions or conflicting pieces 
of information?

Zigurs et al.

23 Solution Scheme Outcome 
Uncertainty

When doing this task, will the participants have any uncertainty 
about whether their method or solution will lead to the 
desired outcome?

Zigurs et al.

24 Eureka Question Is the solution to the question obvious as soon as it is 
proposed—for example, once people see the “trick,” they 
know how to solve it?

Laughlin and Ellis

Notes. A summary of the 24 dimensions included in the Task Space. 20 of the dimensions were rated on a binary 0-1 scale; three dimensions, 
marked with an asterisk (*), were rated on a continuous scale from 0 to 1; one dimension, marked with a cross (†), was hand-coded by 
researchers (details in Online Appendix C.4). Note that some of these features capture similar or related concepts; we chose to ask separate 
questions for these concepts so that each question encodes a single idea and because similar concepts will be loaded onto the same factors (e.g., 
in factor analysis).
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for each task and dimension.7 A rating of 1 indicates 
that a rater perceived the feature as present, whereas a 
0 indicates that a rater perceived the feature as absent; 
thus, the end result of the rating process is a 102 (tasks) 
× 24 (dimensional) matrix in which all cells contain a 
real value between 0 and 1, which we interpret as “the 
degree to which a task displays a particular feature.” 
These values are then used to position tasks in an 
underlying vector space (for an illustration, please refer 
to Online Appendix E).

4. Empirical Case Study: A Large-Scale 
Integrative Experiment of 
Group Advantage

We next use the Task Map as part of a human-subject 
group experiment, in which we use task dimensions 
first to systematically select a diverse set of tasks, and 
second to predict group outcomes across the tasks. Our 
primary outcome is our running example of group 
advantage: the performance gain of working in a 
group, relative to an equivalent number of individuals 
working independently. Given heterogeneous findings 
across several decades of organizational research (e.g., 
Janis 1971, Steiner 1972, Diehl and Stroebe 1987, Stasson 
and Bradshaw 1995, Laughlin et al. 2006, Larson 2010), 
this question is an ideal test case for using the Task 
Space to integrate experimental results.

4.1. Study Design
To demonstrate the Task Space’s potential, we followed 
an integrative experimental approach that allowed us 
to explicitly and quantitatively evaluate the effects of 
many task characteristics on group performance 
(Almaatouq et al. 2024a). Specifically, we selected 20 
diverse tasks from the Task Map and created three ver
sions of each task (with low, medium, and high com
plexity). We then randomly assigned participants to 
work on the tasks either alone or in a group of three or 
six members. This systematic variation yielded 180 
unique experimental conditions (20 tasks × 3 complex
ity levels × 3 group sizes). To demonstrate the use of 
the Task Space for true out-of-sample generalization, 
we also used a sequential design of three experimental 
“waves” with a different collection of tasks in each. The 
first experimental wave contained 10 tasks, while the 
second and third waves each contained 5 tasks (details 
in Online Appendix F.2). In all analyses, we treat the 
first two waves as “training,” since they represent a 
mixture of randomly-sampled and manually-selected 
tasks that maximize prior knowledge about group 
advantage; we then treat Wave 3 as the “held-out” set 
for evaluation.

Within each wave, the experiment proceeded identi
cally. Participants were first assigned to work as part of 
a collaboration unit of either a single-player, three- 

player, or six-player group. The unit then completed a 
randomly-assigned block sequence of five tasks. Each 
task had bespoke specifications for parameters such as 
timing and the manipulation of complexity. When 
completing a given task, participants always experi
enced four versions: a trivial practice task followed by 
three graded versions at “low,” “medium,” and “high” 
complexity. For example, we increased the difficulty of 
Word Construction problems by requiring participants 
to generate words from lists that had fewer valid word 
combinations, and we increased the difficulty of the 
Room Assignment task by increasing the number of 
students, number of rooms, and the number/structure 
of constraints. This within-task manipulation allowed 
us to examine whether group advantage emerges only 
when the task instance is sufficiently complex (a phe
nomenon previously documented in Almaatouq et al. 
2021b).

In summary, we collected data from 1,231 partici
pants (193 individuals, 134 groups of three, and 106 
groups of six), generating 5,972 observations across 180 
conditions, where each observation represents one col
laboration unit’s performance on a given task at a given 
complexity level. The overall study design is shown in 
Figure 3 and detailed in Online Appendix F.

To contextualize the scale and scope of our demon
stration, experimental studies of group performance 
routinely study just one task (e.g., Bavelas 1950; Krac
khardt and Stern 1988; Laughlin et al. 2006; Bahrami 
et al. 2010; Mason and Watts 2011; Koriat 2012; Shore 
et al. 2015; Mao et al. 2016; Aggarwal and Wooley 2019; 
Almaatouq et al. 2020; 2021b; Straub et al. 2023; Almaa
touq et al. 2024c), while one of the most ambitious pre
vious studies of which we are aware (Woolley et al. 
2010) comprised ten tasks with fixed complexity level 
and group size. Indeed, our study is comparable to 
many of the largest meta-analyses in the last 20 years 
(Mullen et al. 1991, Gully et al. 2002, De Dreu and 
Weingart 2003, Weber and Hertel 2007, Riedl et al. 
2021), but offers several methodological advantages: all 
tasks were coded using a consistent framework (the 
Task Space); all experiments were conducted under 
identical conditions on the Empirica platform (Almaa
touq et al. 2021b); and all participants were recruited 
from the same curated panel with detailed demo
graphic information. Additionally, we avoided publi
cation bias by treating all sampled conditions as 
informative regardless of statistical significance.

4.2. Computing Group Advantage
Our objective is to measure the extent to which interact
ing groups tend to outperform comparable individuals 
for a given task (group advantage). This requires us to 
compare group performance against a baseline of 
working independently. Here, following standard 
practice in the groups literature that distinguishes 
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group advantage from mere economy of scale (Mar
quart 1955, Lorge and Solomon 1960, Larson 2010, 
Almaatouq et al. 2021a), we generated “nominal 
groups” by comparing each interacting group with a 
randomly permuted aggregation of individual partici
pants who completed the same task instance. In other 
words, rather than directly comparing performance 
across the group and individual conditions, we treat 
the individuals as part of a “pool” from which we sam
ple “nominal groups” that are equivalent in every 
respect except for the fact that they did not interact. We 
then ask, what advantage does the ability to interact provide, 
compared with what we’d expect from an identical number of 
people who worked independently?

Following prior work (Larson 2010, Hueffmeier and 
Hertel 2011, Meslec et al. 2014, Almaatouq et al. 2021a), 
we examine two variants of group advantage: strong 
group advantage is the ability of a group to perform bet
ter than even the best-performing individual in a nomi
nal group, and weak group advantage is the ability of a 

group to perform better than a randomly-selected 
(i.e., an average) member in a nominal group. Together, 
these two measures capture different aspects of 
collaboration benefits (whether it is worthwhile to 
hire a group over an average individual, versus the 
most competent individual). Details for how we com
pute these two quantities are provided in Online 
Appendix G.1.

4.3. Results
4.3.1. Group Advantage is Heterogeneous. In the 
analyses that follow, we focus on the 120 group condi
tions (3- and 6-person groups), as the 60 individual con
ditions serve as the baseline for constructing nominal 
groups and are already incorporated into the group 
advantage calculation. Figure 4 shows the distribution 
of group advantage across each experimental condi
tion. As expected, the phenomenon of group advantage 
is strikingly heterogeneous: across 20 tasks and 120 
group conditions, interacting groups outperformed a 

Figure 3. (Color online) Illustration of the Experiment Design 

Notes. Panel A shows how we use the Task Space to systematically sample 20 tasks for the experiment. Panel B shows the experiment design. 
Participants were randomized into one of three conditions: working independently, working in interacting groups of three, and working in inter
acting groups of six (Panel B). Participants experienced each task at three levels of complexity: “Low,” “Medium,” and “High” (Panel C). In our 
data, we consider each observation to be a single collaboration unit (an independent worker or an interacting group) performing a specific task 
(e.g., “Task 1”) at a specific complexity level (e.g., “Low”).
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random member of the nominal group (weak advan
tage) in 19 out of 20 tasks and nearly all experimental 
conditions (93%), but only outperformed the best mem
ber (strong advantage) in 5 tasks and a minority (26%) 
of conditions.

This heterogeneity aligns with longstanding observa
tions that group advantage varies with factors such as 
the task, complexity, and group size (Diehl and Stroebe 
1987, Mullen et al. 1991, Bahrami et al. 2010, Larson 
2010, Thompson and Wilson 2015, Almaatouq et al. 
2021a). However, Figure 4 also makes the stronger and 

less obvious point that this heterogeneity does not fall 
neatly along traditional lines of task “types.” For exam
ple, among the types defined by the McGrath Circum
plex, one of the most influential task typologies, there is 
almost as much within-type variation as there is over
all. A Levene test of equality in variances shows that 
the McGrath task types do not significantly decrease 
the variance in strong and weak group advantage com
pared with the overall data (Generate, Strong: W(1, 
148) � 1.01, p � 0.32; Generate, Weak: W(1, 148) � 2.14; 
p � 0.15; Intellective, Strong: W(1, 184) � 3.38, p � 0.07; 

Figure 4. (Color online) Heterogeneity in Group Advantage Across Conditions 

Notes. Each point represents the observed group advantage at the level of an experimental condition, which is a tuple of task (y-axis) × level of 
complexity (color/line thickness; low complexity is represented by a thin green line, medium complexity by a mid-thickness purple line, and high 
complexity by a thick orange line) × group size (point shape; small, three-person groups are represented by circles and large, six-person groups 
are represented by crosses). Tasks are grouped by the experimental wave in which they appeared (top three facets). Error bars represent the ana
lytical 95% confidence intervals (1.96 * 1 standard error) for group advantage in a given condition. Boxes are centered around the mean and 
show one standard error.
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Intellective, Weak: W(1, 184) � 0.43; p � 0.51; Perfor
mance, Strong: W(1, 130) � 3.61; p � 0.06; Performance, 
Weak: W(1, 130) � 0.07, p � 0.79); refer to Online 
Appendix G.3.2 for details. For example, while Adver
tisement Writing and Word Construction are both clas
sified as generation tasks (i.e., “Type 2” in McGrath’s 
Group Task Circumplex), we observe strong group 
advantage for Word Construction but not for Adver
tisement Writing. Similarly, while other judgment tasks 
(such as Recall Word Lists and Random Dot Motion) 
show no strong advantage, the Recall Association task 
presents a notable exception, with the second-highest 
strong group advantage in our corpus.

This heterogeneity also has important implications 
for the way in which research on group performance is 
interpreted and generalized (Almaatouq et al. 2024a, b). 
To illustrate the potential problem, a researcher focusing 
solely on the Word Construction or Recall Association 
tasks (Figure 4; top of Wave 1 and Wave 3) would rea
sonably conclude that groups show both strong and 
weak group advantage, consistent with prior findings 
that communication between group members improves 
on members’ individual decision making (Bahrami et al. 
2010, Koriat 2012). However, if the researcher had 
instead chosen to focus on the Whac-a-Mole or Ran
dom Dot Motion task (Figure 4; bottom of Wave 1 and 
Wave 2), they would conclude that groups have no 
advantage over individuals at all, consistent with 
prior work that emphasizes the prominence of process 
losses (Steiner 1972). Finally, if they were to examine 
the Typing and Room Assignment tasks (Figure 4; 
middle of Wave 1 and Wave 2), they would find weak, 
but not strong, group advantage, leading them to con
clude that, while groups are superior to a randomly- 
selected individual, it is preferable to rely on a small 
number of experts.

A similar point can be made about interaction effects. 
For example, Almaatouq et al. (2021b) found that weak 
group advantage for small groups increases with the 
complexity of the Room Assignment Task. We can rep
licate this effect using a linear mixed-effects model on 
our observational-level data, with random effects for 
the group identifier (β � 0.114, p < 0.001). However, this 
pattern does not hold across all tasks. In fact, we 
observe the opposite pattern in the Whac-a-Mole task: 
group advantage decreases as task complexity increases 
(β � �0.107 for strong; β � �0.176 for weak; p < 0.01). 
Online Appendix G.4 further explores interaction 
effects for complexity and group size, and we show 
that interaction patterns are heterogeneous across the 
20 tasks in our data.

As all these examples illustrate, such substantial 
between-task heterogeneity implies that generaliza
tions about group performance based on individual 
tasks are likely brittle and may not hold even within 
seemingly similar task types. Unfortunately, insisting 

that theoretical claims about group performance can 
only be assumed to hold for the exact task or tasks 
under consideration would effectively prevent any 
generalization to new settings, thereby severely under
mining a fundamental benefit of theory (Yarkoni 2022). 
And without a way to reconcile potentially inconsistent 
results across tasks, the sheer number of existing results 
and possible tasks would lead to an unmanageable pro
liferation of theories, creating confusion about what is 
and is not known (Watts 2017, Levinthal and Rosen
kopf 2020). Taking a middle ground, the Task Space 
allows for an integrative approach (Almaatouq et al. 
2024a)—identifying the “coordinates” (i.e., the fea
tures) of the task at which groups are likely to outper
form individuals. To quantify the informational 
content of the task features that we have defined, we 
frame this problem as an out-of-sample prediction 
exercise, where results acquired from one set of tasks 
can be used to predict group advantage in entirely new 
tasks. The associated models can, in turn, drive theory 
development by illuminating important relationships 
between task attributes, complexity levels, and group 
sizes.

4.3.2. Task Features Predict Group Advantage. To 
assess the predictive value of the Task Space, we use 
task features as covariates to predict group advantage 
at the condition level. We then train hyperparameter- 
tuned ElasticNets with two-way interactions on the 15 
training tasks and evaluate them on the 5 held-out 
tasks. Our primary model uses all 24 Task Space 
dimensions; we compare this model against two base
line models inspired by the McGrath typology and a 
naïve baseline with no task information. The two 
McGrath baselines help to assess the Task Space’s gains 
relative to a representative traditional typology: 
“McGrath Categorical” uses McGrath’s task types as 
dummy variables to evaluate the gains attributable to 
using continuous rather than categorical dimensions, 
while “McGrath Subspace” uses the continuous Task 
Space dimensions inspired by McGrath’s taxonomy to 
evaluate the gains attributable to expanding the dimen
sionality beyond a single taxonomy. Finally, the naïve 
baseline assesses the predictive performance of all 
three models against predicting the training data mean 
without accounting for any task features. All models 
include the exogenous factors of group size and task 
complexity and are evaluated using root mean squared 
error (RMSE). See Online Appendix G.2 for McGrath 
Categorical details, Online Appendix G.5 for model 
details, and Online Appendix G.6 for robustness checks.

Figure 5 shows that the Task Space models substan
tially outperform both the McGrath models and the 
naïve baseline. Strikingly, the McGrath Categorical 
model performs no better than ignoring task informa
tion and simply predicting the training mean. For 
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strong group advantage, the Task Space achieves the 
lowest RMSE (0.28), significantly outperforming both 
McGrath Categorical (RMSE � 0.37, mean ∆RMSE �
�0.093, 95% CI∆RMSE[�0.131, �0.054], p � 0.002) and 
McGrath Subspace (RMSE � 0.31, mean ∆RMSE �
�0.028, 95% CI∆RMSE[�0.048, �0.010], p � 0.004). Addi
tionally, McGrath Subspace significantly outperforms 
McGrath Categorical (mean ∆RMSE � �0.065, 95% 
CI∆RMSE[�0.115, �0.012], p � 0.010). For weak group 
advantage, the patterns are similar: the Task Space 
again achieves the lowest RMSE (0.58), significantly 
outperforming both McGrath Categorical (RMSE �
0.77, mean ∆RMSE � �0.181, 95% CI∆RMSE[�0.291, 
�0.056], p � 0.010) and McGrath Subspace (RMSE �
0.76, mean ∆RMSE � �0.178, 95% CI∆RMSE[�0.310, 
�0.036], p � 0.008). However, the difference between 
McGrath Subspace and McGrath Categorical is not sta
tistically significant (mean ∆RMSE � �0.004, 95% 
CI∆RMSE[�0.137, 0.123], p � 0.957). We base our assess
ment of statistical significance on a resampling of 1,000 
datapoints with replacement from the Wave 3 data, 
computing pairwise RMSE differences for each resam
ple. We then report 95% confidence intervals and two- 
sided p-values derived directly from the empirical 

distribution of these differences (see Online Appendix 
G.5.2 for additional details).

Our results also suggest that strong group advantage 
is inherently more predictable than weak group advan
tage (baseline RMSE of ~0.4 versus ~0.8), likely due to 
lower overall variation in the dependent variable (Figure 
4). Moreover, the same covariates can vary in predictive 
power across outcomes. For example, dimensions drawn 
from McGrath’s taxonomy effectively predict strong 
group advantage but fail to do so for weak group advan
tage. In contrast, the multidimensional Task Space yields 
effective predictions for both, underscoring the value of 
capturing a wider range of task features—beyond the 
shift from categorical to continuous dimensions. Reinfor
cing this point, we conceptually replicate our results 
using the subset of dimensions inspired by the Steiner 
(1972) and Laughlin and Ellis (1986) taxonomies; in both 
cases, a more restricted set of features from a single tax
onomy underperforms the complete Task Space (see 
Online Appendix G.6.2).

4.3.3. Key Task Space Dimensions for Predicting 
Group Advantage. To understand which specific task 
dimensions drive our prediction results, we next use 

Figure 5. (Color online) Bar Plots of the Root Mean Squared Errors (RMSE) of Models Predicting Condition-Level Group 
Advantage; Lower RMSE is Better 

(a) Strong Group Advantage (b) Weak Group Advantage

Notes. All models are hyperparameter-tuned ElasticNets, trained on 15 tasks (Waves 1–2) and evaluated on 5 held-out tasks (Wave 3). The red 
line is the naïve baseline from predicting the training mean (i.e., ignoring task information). Error bars show bootstrapped 95% intervals for each 
model’s performance on Wave 3 (resampling 1,000 Wave 3 datapoints with replacement and taking the 2.5th and 97.5th percentiles). Statistical 
significance is assessed using paired bootstrap differences computed on the same resamples; for each comparison, we report the mean difference 
in RMSE, the 95% CI and a two-sided p-value derived directly from the empirical distribution of the differences. Finally, we report an out-of- 
sample R2 metric, which quantifies the proportion of out-of-sample variance (squared error) explained by our model relative to the naïve 
baseline.
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two complementary approaches to evaluate feature 
importance in our primary model. The first method, 
permutation analysis (Altmann et al. 2010), measures 
the increase in RMSE after a feature is randomly shuf
fled. Features that lead to worse RMSE when permuted 
are considered more important. The second method, 
Shapley Additive Explanations (SHAP; Lundberg and 
Lee 2017), quantifies the relative influence of each fea
ture on the model’s individual predictions. While per
mutation feature importance enables us to assess the 
magnitude of change on predictive accuracy, SHAP is 
useful for inspecting the directional impact of each fea
ture on the model’s predictions. Applying both meth
ods in parallel allows us to identify both the features 
that are most important for determining group advan
tage, as well as whether these features help or hurt 
groups’ expected performance relative to that of 
individuals.

Figure 6 presents our feature importance analysis, 
with permutation feature importance shown in Panels 
a and b and SHAP plots shown in Panels c and d. Fea
tures are ordered by their permutation importance 
rank. For both outcomes, the most predictive features is 
the extent to which a task has a demonstrably correct 
answer (Demonstrable Correctness), followed by the 
extent to which a task involves generating creative 
ideas (Creative). Additional top features include the 
extent to which a task has discrete subtasks that can be 
divided-and-conquered (Divisible-Unitary) and the 
extent to which there is uncertainty about solution cor
rectness (Solution Scheme Outcome Uncertainty). The 
top feature (Demonstrable Correctness) accounts for 
~20% and ~15% of the model’s RMSE for strong and 
weak group advantage, respectively; the second-most 
important feature, Creative, accounts for just over 10% 
of the RMSE for both measures of group advantage. 
Both of these features also positively predict group 
advantage, as evidenced by the warm-colored/dark- 
shaded points (indicating high feature values) cluster
ing to the right of the SHAP plot (indicating positive 
impact on model output).

Beyond these top predictors, importance drops con
siderably: the third-most important feature (Divisible- 
Unitary for strong group advantage, and Solution 
Scheme Outcome Uncertainty for weak group advan
tage) each accounts for close to 5% of the model’s 
RMSE. Having clearly divisible subtasks positively cor
relates with group advantage, as groups can efficiently 
“divide and conquer” the activities. In contrast, uncer
tainty about solution correctness negatively correlates 
with group advantage.

Additionally, while some features show consistent 
patterns across both dependent variables—whether a 
task has an all-or-nothing outcome (“Performance” 
Tasks) ranks among the least predictive features for 
both strong and weak group advantage—other features 

vary in importance depending on the outcome. For 
example, whether a task has multiple possible out
comes (Outcome Multiplicity) ranks as the fifth-most 
important dimension for predicting strong group 
advantage, but is the second-least dimension for pre
dicting weak group advantage.

We next turn our attention to the top two predictors, 
Demonstrable Correctness and Creative. The observa
tion that groups outperform individuals on problems 
with a correct answer originates from Laughlin’s early 
work on social decision schemes and intellective tasks 
(Laughlin et al. 1975, Laughlin and Ellis 1986), which 
posits that, once one member of the group identifies the 
correct answer, “truth wins.” The same notion also 
underlies contemporary work on estimation and fore
casting (Almaatouq et al. 2020, Becker et al. 2021, 
Almaatouq et al. 2022). Put another way, if the task has 
a correct answer that can be easily verified, it is easy for 
group members to efficiently search for the answer and 
to know when one of them has it right.

Curiously, however, we find that groups also outper
form individuals at creative tasks, such as Word Con
struction and Putting Food Into Categories (which 
involves generating ideas for grouping food items). 
Here, our finding ostensibly contradicts the established 
result that interacting groups generate fewer ideas than 
those working independently (Diehl and Stroebe 1987, 
Mullen et al. 1991, Larson 2010). However, this contra
diction can be resolved by considering the details of 
operationalizing group advantage; recall that, in typical 
idea generation tasks, researchers compute the nominal 
group’s performance by combining the deduplicated 
raw ideas of all individuals, whereas we compare the 
group’s final score to the final score of the best 
(“strong”) and a randomly-selected (“weak”) individ
ual member of the nominal group. Group advantage is 
then represented as a ratio between the interacting 
group’s score and the nominal group’s score. In our 
data, groups in the Putting Food Into Categories task 
generate on average 1.6 times as many ideas as the 
“best” individual from a nominal team; however, this 
falls short of the theoretical maximum in which each 
group member contributes at their individual best 
level—effectively requiring a ratio of n (the number of 
group members) to demonstrate true superiority over 
simply combining independent work. In these cases, 
one might say that the group has an advantage over a 
single contributor, but it may not be “worthwhile” to 
facilitate real-time interaction. However, questions 
about the threshold of group worthiness can be highly 
context dependent. In a highly competitive market, 
even a tiny advantage might be extremely valuable and 
hence worth assigning to a group; and in different set
tings, the cost of hiring a group may differ substan
tially. Thus, interpreting our results will require careful 
consideration of these factors.
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In contrast to Demonstrably Correct and Creative 
tasks, one of the strongest negative predictors of group 
advantage is having uncertainty over whether a solu
tion is correct (Solution Scheme Outcome Uncertainty). 
In some sense, the dimension of Solution Scheme Out
come Uncertainty is the inverse of Demonstrable 

Correctness; rather than having provably correct 
answers, tasks high in Solution Scheme Outcome 
Uncertainty have many plausible solutions, with uncer
tainty about whether each one might lead to the desired 
outcome. Indeed, these two dimensions are often con
nected in the literature; one review of 21 collective 

Figure 6. (Color online) Feature Importance Among Task Dimensions for Predicting Strong (Panels A and C) and Weak (Panels 
B and D) Group Advantage 

Notes. Analyses are for the ElasticNet models, trained on the first 15 tasks (Waves 1–2) and evaluated on the final 5 tasks (Wave 3). Permutation 
feature importance is presented in Panels A and B, and SHAP values are presented in Panels C and D, ordered by their rank in permutation fea
ture importance. In Permutation plots, positive bars indicate that a feature improves prediction, as error increases when the feature is shuffled; 
negative bars indicate that a feature merely adds noise, as shuffling the feature reduces error in out-of-sample prediction. In SHAP plots, color 
and shading indicate whether the feature was high (warm/dark color) or low (cool/light color) for a given observation, while location relative to 
the center line indicates whether they are positively (right of center) or negatively (left of center) influential in making a prediction for the obser
vation. Note that, in order to avoid contaminating the permutation analysis with copies of highly correlated features, we create three sets of com
bined dimensions; “Creative” combines two dimensions related to the extent of creative thinking required; “Demonstrably Correct Answer” 
combines seven dimensions related to the extent to which the task has a correct answer that can be verified; and “Physical” combines two dimen
sions related to the extent to which a task requires physical effort.
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intelligence studies finds that groups exhibit collective 
intelligence only for “well-structured” tasks, defined as 
tasks with “(1) one or more verifiably correct solutions 
(i.e., solution demonstrability) and/or the presence of 
several decision options and (2) a guaranteed proce
dure available to reach that solution” (Graf-Drasch et al. 
2022, p. 742). Our findings align with Graf-Drasch 
et al.’s claim. In our data, groups display the strongest 
advantage for tasks that would be considered “well- 
structured.” For example, one of the tasks with the 
highest group advantage is Unscramble Words, an 
anagram-solving task (which is well-structured in the 
sense of having both clearly-defined answers and a 
path to reaching them). In contrast, Moral Reasoning, a 
task that involves high uncertainty over the correct 
answer to a moral quandary, ranks as one of the tasks 
with the lowest group advantage. One possible expla
nation is that groups can be inefficient when navigating 
uncertainty, a pattern that aligns with groups’ known 
biases in discussing limited information (Stasser and 
Titus 1985).

An important note is that, although we directly 
assign participants to different tasks (e.g., Word Con
struction versus Advertisement Writing), we do not 
independently manipulate the underlying features that 
characterize these tasks—these are the ratings taken 
directly from the Task Space. Thus, tasks will naturally 
exhibit different combinations of features, and some of 
this natural variation is useful for explaining puzzling 
observations in our data. For example, we observe 
strong group advantage for Word Construction, but 
not for Advertisement Writing, even though both tasks 
are similar on the Creative dimension. The puzzle is 
resolved by recognizing that Word Construction is also 
high in Demonstrable Correctness, since it is trivial to 
verify when one has generated a valid English word, 
whereas Advertisement Writing is low in Demonstra
ble Correctness and high in Solution Scheme Outcome 
Uncertainty, as evidenced by the difficulty of predict
ing click-through rates in headlines (Batista and Ross 
2024). Consequently, groups working on Word Con
struction can much more efficiently combine their 
efforts (with each member generating as many words 
as they can), while groups working on Advertisement 
Writing are caught up in discussions about whether an 
advertisement is appealing or not. These findings fur
ther show that categorizing tasks into “types” fails to 
tell the whole story. Our multidimensional approach 
integrates disparate ideas from across social science 
(e.g., “truth wins,” productivity losses) into a cohesive 
whole.

5. Conclusion
Writing in 1966, Charles Morris argued for “a system
atic map of the effects of different task characteristics 

on various aspects of the group-interaction process.” 
But in the decades since his writing, such a map was 
never created, despite many calls to better understand 
task features and their impact on social science theories 
(Hackman 1968, Fleishman 1975, Wood 1986). Over the 
years, continued challenges in building cumulative 
knowledge across conflicting taxonomies led to 
renewed calls to shift from categorical representations 
to multidimensional methods (Larson 2010, Hollenbeck 
et al. 2012, Lee et al. 2015, Almaatouq et al. 2024a). The 
Task Space answers these calls for the domain of team 
tasks. And while we present one application via our 
integrative experiment and prediction exercise, we 
next discuss our work within a broader conversation 
on developing research methods for generalizable, 
contextually-bounded theories across social science 
disciplines.

5.1. Discussion
5.1.1. Systematically Selecting Study Stimuli. In psy
chology, theories often deal with broad phenomena: 
that people seek to conform with groups (Asch 1956), 
that knowledge of the outcome biases human judgment 
(Baron and Hershey 1988), and that previous numerical 
information anchors new responses (Epley and Gilo
vich 2006). Each theory may have a plethora of moder
ating variables—for example, are people more likely to 
anchor to larger or smaller numbers? Do people com
mit more outcome bias when the stakes are higher?— 
and the theory is sometimes silent about the moderator. 
But just because the theory is silent does not mean the 
moderator is irrelevant. To address this concern, a sub
stantial stream of literature advocates for using system
atic variations in a study’s stimuli to determine the 
limits of an effect’s generalizability. For example, rather 
than study anchoring by giving all participants the 
same anchor number, the experimenter might select a 
range of numbers that represent different categories: 
very large numbers (10 billion), very small numbers 
(0.0001), and other values in between.

An early proponent of this idea, Egon Brunswik, 
advocated for representative design, or finding a 
“representative sampling of [the] situations” in which 
one intends to generalize their results (Brunswik 1956, 
Dhami et al. 2004). Similarly, Wells and Windschitl 
(1999) argued that researchers should engage in stimu
lus sampling, or using a variety of stimuli within each 
category of interest. If one is studying the effects of gen
der on some phenomenon, for example, using a stimu
lus of one man and one woman is “functionally 
equivalent to conducting an experiment with a sample 
size of n � 1.” Because only one task represents each 
category, “what might be portrayed as a category effect 
could in fact be due to the unique characteristics of the 
stimulus selected to represent that category.”
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By making it possible to quantify task dimensions, 
the Task Space extends this line of work and enables 
researchers to systematically choose tasks along many 
dimensions of interest. Rather than studying just one 
task, researchers can use the Task Space to “stimulus 
sample” across different task contexts, and to do so in a 
reproducible manner. Possibilities include random 
exploration (Baribault et al. 2018), selecting tasks that 
are maximally far apart, or even adaptive sampling— 
from using the classic Thompson sampling technique 
(Thompson 1933) to leveraging more recent develop
ments in adaptive experimental design (Eyke et al. 
2020, Balietti et al. 2021, Simonsohn et al. 2024).

5.1.2. Constructing and Testing “Middle Range” Theo
ries. Our contribution also speaks to longstanding con
cerns in sociology about the domain specificity of 
theories. As Robert Merton once observed, the path to 
understanding general insights about the social world 
is not to seek a single, all-encompassing theory, but to 
progressively unify “theories of the middle range”— 
which are limited in context and scope, yet empirically 
testable (Merton 1949). Similar themes of understand
ing the influence of contextual variables recur across 
social science: Yarkoni (2022) discusses the need to 
measure “stimuli, task, [and] instructions”; Bareinboim 
and Pearl (2013) call such variables the “difference- 
generating factors.” Manzi (2012) describes the world 
as being “causally dense,” with many potential contex
tual factors influencing a given phenomenon. Most 
directly, our research builds on recent work by Almaa
touq et al. (2022) and Levinthal and Rosenkopf (2020), 
who propose quantifying a study’s defining attributes 
in its latent design space. Similarly, Simons et al. (2017) 
advocate for publishing statements of Constraints on 
Generality (COG) that explicitly identify the context for 
which findings are expected to apply. Listing one’s 
design decisions and the implications they may have 
on generalizability can distinguish a bounded “middle 
range” theory from a replication failure.

Thus, in our domain, if the benefit of hiring an inter
acting group rather than a competent individual 
depends on whether the task involves a correct answer, 
the Task Map can coherently encode this idea alongside 
other possible moderators. This integrative potential 
makes the Task Map useful for enhancing meta- 
analysis and systematic review, which have been criti
cized for aggregating studies that are not “remotely 
comparable” (Eysenck 1994).

Moreover, examining a study’s underlying dimen
sions may inspire more context-specific, or “solution- 
oriented,” research (Watts 2017). Managers working in 
different domains may justifiably wonder whether a 
case study from another industry would apply to their 
own, or whether best practices from a traditional colo
cated workplace would translate into one adopting 

distributed, technology-mediated work. The general 
challenge of understanding how and why theories 
translate across contexts is especially salient in a world 
in which the context of work is constantly changing. 
Thus, describing prior studies in terms of their underly
ing dimensions—and isolating the ones that are the key 
“drivers” of an effect—would help practitioners iden
tify which research studies and insights are most rele
vant to them. We envision the Task Space as a tool that 
connects theory to practice, creating theory not for the
ory’s sake, but for producing actionable, context- 
sensitive insights.

5.2. Limitations and Future Directions
Although we have already shown that the Task Space, 
as presented, is a useful device for reconciling findings 
in the group and teams literature, we emphasize that 
this first step is associated with several limitations. For 
example, we chose a human annotation-based method 
of quantifying task dimensions, on the grounds that it 
captures the impressions of task attributes from the 
perspective of a general population; however, our 
framework is agnostic to the method of measurement. 
Future researchers can introduce new methods, includ
ing expert annotations, Elo-style head-to-head compar
isons, and large language model-based annotation (see 
Gilardi et al. 2023). Ultimately, many of the constructs 
in the Task Space are subjective: for example, what qua
lifies as a “conflicting tradeoff” may be up to interpreta
tion. We therefore expect that methods for measuring 
task dimensions, as well as their relative locations 
within the Task Space, will be refined over time. 
Indeed, just as the semantic meanings of words have 
shifted alongside the evolution of language and cul
ture, so the meanings of tasks may also shift alongside 
the landscape of work and automation. The Task Space 
is designed to embrace this change.

Beyond pure measurement issues, we also acknowl
edge that tasks are still far more complex than we have 
allowed in our 24-dimensional representation. As dis
cussed in Section 3, our choice of focusing on the task 
class means that the current Task Space considers only 
general attributes of a task’s stimuli and goals. Dimen
sions outside of this scope include problem-solving 
strategies (e.g., Steiner (1972)’s conjunctive, disjunctive, 
and discretionary tasks), typical participant behaviors 
(Roby and Lanzetta 1958), participants’ perceptions of 
the task (Shaw 1963, Tushman 1979), and instance-level 
specifics (complexity, technology affordances, incen
tive structures, and environmental factors). Each of 
these dimensions constitute design spaces in their own 
right. For example, participant behaviors (the “group 
process”) are very well-studied (Barrick et al. 1998, Li et al. 
2018, Oldeweme et al. 2021), with extensive reviews of 
subtopics, such as leadership (Carton 2022), as well 
as taxonomies on the subject (e.g., Marks et al. 2001). 
Similarly, group composition is another extensively 
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researched field (Bell 2007, Mathieu et al. 2014). Incorpo
rating these richer conceptions of tasks (i.e., beyond the 
stimulus and goals) will entail considerable additional 
work. Nonetheless, we see our approach—of quantifying 
the design space of an empirical question—as a proof of 
concept that can be extended to other aspects of tasks, 
and even to other domains. That is, the procedure we 
have outlined of measuring the underlying variables in a 
domain is naturally extensible to far more general spaces; 
analogous to the Task Space that we have described here, 
one could also create a Process Space, Composition 
Space, and so on.

Another line of future work will be extending the 
Task Space to field research. Whereas laboratory tasks 
are short, self-contained, and can be completed by gen
eralists with minimal training, these properties rarely 
hold for tasks performed in an organizational context. 
In the field, members of teams must respond to an 
ever-changing environment (“rugged fitness land
scapes,” Levinthal 1997) and perform specialized tasks 
embedded within long-term projects. Thus, the notion 
of a “task” will need to be redefined—a process that we 
caution will not be trivial. Among the most significant 
changes will be to shift the focus from class-level attri
butes to instance-level attributes, as well as to empha
size specialized skills. For example, O*NET (originally 
introduced by Peterson et al. 2001), describes a “Sales 
Manager” in terms of activities such as “Selling and 
Influencing Others” and “Establishing and Maintain
ing Interpersonal Relationships.” The analysis by Dris
kell, et al. (1987) of military teams includes skill- 
oriented task types such as “Mechanical/Technical,” 
“Manipulative/Persuasive,” and “Logical/Precision.” 
Wildman et al. (2012) include features such as 
“Managing Others,” “Advising Others,” and “Human 
Service.” As with the laboratory tasks we included in 
this work, there exist a myriad of ways to describe skill- 
and role-related features, and we anticipate that build
ing a multidimensional space of tasks for the field will 
involve developing a shared language for describing 
work activities, then integrating relevant features from 
across these frameworks.

A concern with this philosophy of continued expan
sion is that it will create many different “versions” of 
the Task Space, which could undermine the original 
goal of commensurability. While the need to narrow 
down to a relevant set of attributes is inevitable—it is 
impossible, in a “causally dense” world, to account for 
every conceivable variable—incompatibility is not. The 
Task Space, at its most fundamental level, is a way of 
thinking about tasks, presenting them not as discrete 
“types,” but as points within a multidimensional space. 
Whereas categorical systems imply interdependencies 
between dimensions (e.g., “Creative” tasks are implic
itly not “Intellective;” a “Maximizing” task is implicitly 
not “Optimizing”), multidimensional spaces make 

minimal assumptions. Consequently, it is easier to 
update a multidimensional space, because adding a 
new dimension does not require redefining relation
ships between the existing categories. Different ways of 
thinking about tasks can be combined by simply taking 
the union; and even when researchers select different 
subsets of task dimensions, we find in a robustness 
check that key relationships between tasks are gener
ally preserved (Online Appendix I.2).

This flexibility in the Task Space allows it to serve its 
integrative purpose. Broadly, the integrative approach 
that inspires our work “emphasizes contingencies and 
enables practitioners to distinguish between the most 
general result and the result that is most useful in 
practice” (Almaatouq et al. 2024a). Rather than assume 
that a finding from a single case study extends to teams 
in any context, the Task Space adopts the paradigm 
that one should first delineate a study’s fundamental 
features. By forming and testing theories about these 
features, teams working in organizations can create 
practices that survive rugged terrain.
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Endnotes
1 In some cases, prior work refers to taxonomies, whereas in other 
cases it refers to typologies. Although there are subtle differences 
between taxonomies and typologies (see Bailey 1989, 1994), the 
terms are often used interchangeably. Reflecting this common prac
tice, we will use the term “taxonomy” to refer to both concepts, not
ing also that the technical differences are not relevant to our 
framework.
2 After completing a review of the literature on task taxonomies, we 
initially piloted a set of 71 questions. After a substantial iterative 
process to ensure reliability and applying exclusions based on the 
criteria discussed above (task-class focused and applicable to labo
ratory studies) our final set included 24 dimensions. As we have 
noted, we have designed the Task Space such that it is easy to omit 
or append additional task dimensions. Therefore, we do not make 
any claim that this is the final design space of all tasks, and we 
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welcome contributions by other researchers to further develop the 
design space (a topic that we will expand upon later in this paper).
3 We derived the content of each dimension from the source papers, 
editing them for clarity and conciseness after pilot testing. In addi
tion, we wrote a longer elaboration for each question that clarified 
common misconceptions we found during pilots, which we also 
displayed to raters (see Online Appendix C.2 for piloting procedure 
and Section C.4.3 for elaboration text).
4 We note that the Task Map is not intended to represent tasks in 
general. “Representativeness” is determined by one’s research ques
tion, rather than being a universal truth: for example, a researcher 
studying economic games may be interested in whether the Ultima
tum Game is overrepresented in their field, while another studying 
conflict may be interested in whether distributive negotiations are 
more commonly studied than integrative ones. Answering such 
questions requires representatively sampling tasks in those respec
tive fields. However, the method of evaluating tasks according to 
their dimensions, and positioning them in a “space” where one can 
evaluate and draw boundaries between them, remains unchanged.
5 We have released the data, rater training materials, and data 
cleaning scripts associated with the Task Map on both OSF (https:// 
osf.io/4pftv/) and GitHub (https://github.com/Watts-Lab/task- 
mapping). In addition, readers can interact with our data on our 
public website (taskmap.seas.upenn.edu).
6 All workers were heavily vetted through a three-stage process, in 
which they were screened for reading comprehension abilities, pro
vided with step-by-step interactive training, and required to pass a 
final qualification quiz (see Online Appendix C.4.1).
7 According to the literature on the wisdom of crowds and predic
tion markets, aggregating independent opinions generates accurate 
estimates for the true value of a quantity, and the arithmetic mean 
is a robust pooling function (Chen et al. 2005, Arrow et al. 2008, 
Chen and Li 2012).
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Altmann A, Toloşi L, Sander O, Lengauer T (2010) Permutation 
importance: A corrected feature importance measure. Bioinfor
matics 26(10):1340–1347.

Arrow KJ, Forsythe R, Gorham M, Hahn R, Hanson R, Ledyard JO, 
Levmore S, et al. (2008) The promise of prediction markets. Sci
ence (1979) 320(5878):877–878.

Asch S (1956) Studies of independence and conformity: I. A minor
ity of one against a unanimous majority. Psych. Monographs 
General Appl. 70(9):1–70.

Bahrami B, Olsen K, Latham PE, Roepstorff A, Rees G, Frith CD (2010) 
Optimally interacting minds. Science (1979) 329(5995):1081–1085.

Bailey KD (1989) Taxonomies and disaster: Prospects and problems. 
Internat. J. Mass Emerg. Disasters 7(3):419–431.

Bailey KD (1994) Typologies and Taxonomies in Social Science: An Intro
duction to Classification Techniques, Quantitative Applications in 
the Social Sciences, Series No. 07-102 (Sage, Thousand Oaks, 
CA).

Balietti S, Klein B, Riedl C (2021) Optimal design of experiments to 
identify latent behavioral types. Exp. Econom. 24(3):772–799.

Bareinboim E, Pearl J (2013) A general algorithm for deciding trans
portability of experimental results. J. Causal Inference 1(1):107–134.

Baribault B, Donkin C, Little DR, et al. (2018) Metastudies for robust 
tests of theory. Proc. Natl. Acad. Sci. USA. 115(11):2607–2612.

Baron J, Hershey JC (1988) Outcome bias in decision evaluation. J. 
Personality Soc. Psych. 54(4):569–579.

Barrick MR, Bradley BH, Kristof-Brown AL, Colbert AE (2007) The 
moderating role of top management team interdependence: 
Implications for real teams and working groups. Acad. Manage
ment J. 50(3):544–557.

Barrick MR, Stewart GL, Neubert MJ, Mount MK (1998) Relating 
member ability and personality to work-team processes and 
team effectiveness. J. Appl. Psych. 83(3):377–391.

Batista RM, Ross J (2024) Words that work: Using language to gen
erate hypotheses. Preprint, submitted September 16, http://dx. 
doi.org/10.2139/ssrn.4926398.

Bavelas A (1950) Communication patterns in task-oriented groups. 
J. Acoust. Soc. Amer. 22(August):725–730.

Becker J, Almaatouq A, Horvát E-Á (2021) Network structures of 
collective intelligence: The contingent benefits of group discus
sion. Preprint, submitted March 8, http://arxiv.org/abs/2009. 
07202.

Bell ST (2007) Deep-level composition variables as predictors 
of team performance: A meta-analysis. J. Appl. Psych. 92(3): 
595–615.

Brunswik E (1956) Representative design and probabilistic theory in 
a functional psychology. Psych. Rev. 62(3):193–217.

Camerer CF (1997) Progress in behavioral game theory. J. Econom. 
Perspect. 11(4):167–188.

Carton AM (2022) The science of leadership: A theoretical model 
and research agenda. Annual Rev. Organ. Psych. Organ. Behav. 
9(1):61–93.

Chang EH, Kirgios EL, Smith RK (2021) Large-scale field experiment 
shows null effects of team demographic diversity on outsiders’ 
willingness to support the team. J. Experiment. Soc. Psych. 
94(May):104099.

Chen W, Li X (2012) Deciphering wisdom of crowds from their 
influenced binary decisions. Proc. 2012 IEEE Internat. Conf. Intel
ligence Security Informatics (IEEE, Washington, DC), 235–240.

Chen Y, Chu C-H, Mullen T, Pennock DM (2005) Information mar
kets vs opinion pools: An empirical comparison. Proc. ACM 
Conf. Electronic Commerce (ACM, New York), 58–67.

Cohen SG, Bailey DE (1997) What makes teams work: Group effec
tiveness research from the shop floor to the executive suite. J. 
Management 23(3):239–290.

De Dreu CKW, Weingart LR (2003) Task versus relationship con
flict, team performance, and team member satisfaction: A meta- 
analysis. J. Appl. Psych. 88(4):741–749.

Dhami MK, Hertwig R, Hoffrage U (2004) The role of representative 
design in an ecological approach to cognition. Psych. Bull. 
130(6):959–988.

Hu et al.: The Task Space 
18 Management Science, Articles in Advance, pp. 1–20, © 2026 The Author(s) 

D
ow

nl
oa

de
d 

fr
om

 in
fo

rm
s.

or
g 

by
 [

21
6.

73
.2

16
.1

98
] 

on
 2

2 
Ju

ne
 2

02
6,

 a
t 0

1:
08

 . 
Fo

r 
pe

rs
on

al
 u

se
 o

nl
y,

 a
ll 

ri
gh

ts
 r

es
er

ve
d.

 

https://osf.io/4pftv/
https://osf.io/4pftv/
https://github.com/Watts-Lab/task-mapping
https://github.com/Watts-Lab/task-mapping
http://taskmap.seas.upenn.edu
http://dx.doi.org/10.2139/ssrn.4926398
http://dx.doi.org/10.2139/ssrn.4926398
http://arxiv.org/abs/2009.07202
http://arxiv.org/abs/2009.07202


Diehl M, Stroebe W (1987) Productivity loss in brainstorming 
groups: Toward the solution of a riddle. J. Personality Soc. Psych. 
53(3):497–509.

Driskell JE, Salas E, Hogan R (1987) A Taxonomy for Composing Effec
tive Naval Teams (Naval Training Systems Center, Orlando, FL).

Epley N, Gilovich T (2006) The anchoring-and-adjustment heuristic: 
Why the adjustments are insufficient. Psych. Sci. 17(4):311–318.

Ericksen J, Dyer L (2004) Right from the start: Exploring the effects 
of early team events on subsequent project team development 
and performance. Admin. Sci. Quart. 49(3):438–471.

Eyke NS, Green WH, Jensen KF (2020) Iterative experimental design 
based on active machine learning reduces the experimental bur
den associated with reaction screening. Reaction Chemistry 
Engrg. 5(10):1963–1972.

Eysenck HJ (1994) Systematic reviews: Meta-analysis and its pro
blems. Education and debate. BMJ 309(6957):789–792.

Fleishman EA (1975) Toward a taxonomy of human performance. 
Amer. Psych. 30(12):1127–1149.

Gilardi F, Alizadeh M, Kubli M (2023) ChatGPT outperforms 
crowd-workers for text-annotation tasks. Preprint, submitted 
March 27, http://arxiv.org/abs/2303.15056. 

Goldberg LR (1993) The structure of phenotypic personality traits. 
Amer. Psych. 48(1):26–34.

Goodwin GF, Blacksmith N, Coats MR (2018) The science of teams 
in the military: Contributions from over 60 years of research. 
Amer. Psych. 73(4):322–333.

Graf-Drasch V, Gimpel H, Barlow JB, Dennis AR (2022) Task struc
ture as a boundary condition for collective intelligence. Person
nel Psych. 75(3):739–761.

Gross E (1954) Primary functions of the small group. Amer. J. Sociol. 
60(1):24–29.

Gully SM, Incalcaterra KA, Joshi A, Beaubien JM (2002) A meta-analysis 
of team-efficacy, potency, and performance: Interdependence and 
level of analysis as moderators of observed relationships. J. Appl. 
Psych. 87(5):819–832.

Hackman JR (1968) Effects of task characteristics on group products. 
J. Experiment. Soc. Psych. 4(2):162–187.

Hackman JR (1969) Towards understanding the role of tasks in 
behavioral research. Acta Psychologica 31(2):97–128.

Hackman JR, Oldham GR (1975) Development of the job diagnostic 
survey. J. Appl. Psych. 60(2):159–170.
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