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Abstract As the Web has developed into a global social platform there has been
increasing interest in a particular class of systems known as ‘social machines’. So-
cial machines are typically presented as systems that combine some form of social
participation with conventional forms of machine-based ‘computation’. Beyond this
rather general characterization, however, there is little consensus as to what the term
‘social machine’ actually means. Furthermore, little has been done to explore the
core features of social machines and examine differences between them. This limits
our understanding of the kinds of social machine that currently exist, and it also
limits our ability to imagine the kinds of social machine that could emerge in the
future. In this chapter, we introduce a taxonomy for the description and classifica-
tion of social machines that could be used to frame the scholarly discourse around
social machines and identify aspects of the social machine research effort that de-
serve further consideration. As part of this effort, we propose a definition of social
machines that puts them in relation to the broader class of socio-technical systems,
while distinguishing them from other kinds of technology-mediated social partici-
pation system; for example, human computation systems and collective intelligence
systems. The taxonomic framework we present serves to extend our understanding
of social machines. It includes a total of 33 dimensions and 106 associated char-
acteristics. Together, these specify the space of all (theoretically possible) social
machine types.
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1 Introduction

Within the context of the World Wide Web, we have witnessed the emergence of a
rich range of technologies that support both collaboration and distributed process-
ing. Applications such as Wikipedia, for instance, have demonstrated the power and
potential of the Web to facilitate the pooling of geographically dispersed knowledge
assets. The result has been the creation of the world’s largest online encyclopedia,
available for free in more than 200 languages for everyone to access and use. Sim-
ilar success stories can be found in various other domains. Projects such as Galaxy
Zoo,1 for example, have shown how collective intelligence can be used to inform
scientific inquiry, while initiatives such as Ushahidi2 have played had a crucial role
in emergency management situations worldwide. These three Web-based systems
are representative of a general trend which is characterized by the use of Web-based
technologies to enable a wide range of activities that rely on a combination of decen-
tralized human activity and computational processing. This trend has been reflected
in research efforts across a variety of areas, including social computing [33], human
computation [35], crowdsourcing [12], and collective intelligence [6]. It has also
given rise to a variety of new concepts, such as the ‘social computer’ [39], the ‘so-
cial operating system’ [36] and ‘social machines’ [19]. This chapter focuses on the
last term in this list: the concept of social machines. The term ‘social machine’ was
first used in a Web context by Berners-Lee and Fischetti [4], and it has since grown
in popularity to the point where it is now the focus of large-scale research programs,
such as the EPSRC’s SOCIAM initiative,3 the subject of a multitude of academic
papers (e.g., [19, 27, 28, 31, 42, 43, 51]) and the basis for a workshop series at the
World Wide Web conference.

In spite of the growing interest in social machines, however, there is little con-
sensus, at the present time, as to what the term ‘social machine’ actually means. In
addition, the scientific community seems to have only a very narrow understanding
as to what kinds of social machines actually exist. In order to make progress in these
areas, we attempt to provide a working definition of the social machine concept that
builds on the ideas put forward by Berners-Lee and Fischetti [4]. We also intro-
duce a taxonomic framework for social machines that features a set of dimensions
along which all social machines are deemed to vary. This work extends the results
of an earlier study, reported by Shadbolt et al [42], which used knowledge elicita-
tion techniques to generate an initial set of dimensions. The work reported in the
current chapter differs from this earlier body of work in two ways. Firstly, the set of
dimensions from the earlier study have been refined and enriched following discus-
sions with members of both the computer science and social science communities.
Secondly, the current framework features a complete set of characteristics for each
dimension. These characteristics specify the ‘values’ that each social machine takes
with respect to each of the dimensions in the framework (see Section 4).

1 http://www.galaxyzoo.org/
2 http://www.ushahidi.com/
3 See http://sociam.org/.
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Together, the effort to provide a definition for social machines and the effort to
develop a taxonomic framework mark an important step in terms of our attempt to
understand the emerging, interdisciplinary research field of social machines. The
effort to provide a definition of social machines is crucial because in the absence
of an ability to say what social machines are it becomes difficult to know where
to focus research and engineering efforts. The lack of a definition also complicates
the effort to distinguish social machines from ostensibly similar systems, such as
social computing, human computation, crowdsourcing and collective intelligence
systems. The development of a taxonomic framework also marks an important step
in our attempt to understand how social machines emerge and develop. Most im-
portantly, the taxonomic framework establishes the dimensions according to which
different instances of social machines can be compared to derive commonalities, as
well as design and behavior patterns. This enables us to identify specific categories
of social machines (taxa) that serve as the basis for classification efforts. It also en-
ables us to analyze the overall space of design possibilities and identify areas that
have been under-explored by research and development efforts. Finally, a taxonomic
framework establishes the basis for future scientific efforts of both an analytic and
synthetic nature: analytic efforts are driven by a need to understand why some parts
of the design space are more populated than others, and synthetic efforts are driven
by the need to explore parts of the design space that may afford opportunities for
the creation of entirely novel kinds of social machines.

2 Social Machines: A Working Definition

Although there are a variety of views in the literature as to what actually constitutes
a social machine, perhaps the most popular characterization is provided by Berners-
Lee and Fischetti [4] in their book ‘Weaving the Web: The Original Design and
Ultimate Destiny of the World Wide Web’:

Real life is and must be full of all kinds of social constraint – the very processes from
which society arises. Computers can help if we use them to create abstract social machines
on the Web: processes in which the people do the creative work and the machine does the
administration. [our emphasis] (p. 172)

This characterization emphasizes the joint involvement of people and technology
with respect to particular processes, and it also makes a distinction between the
respective roles that people and machines play with regard to the process being
undertaken; in particular, the contributions of the human participants should consist
in some form of creative work, while the contributions of the machine components
should consist in some form of administrative activity. Assuming that the notion of
‘creative work’ should be interpreted in terms of the generation of online content
(e.g., uploading a photo or writing some text), then it seems that Berners-Lee and
Fischetti’s understanding of social machines can be applied to many different kinds
of Web-based systems. They include, for example, Wikipedia, Twitter, Facebook,



4 Paul Smart, Elena Simperl, and Nigel Shadbolt

YouTube,4 and Flickr.5 As is evidenced by the Web traffic system, Alexa,6 the sites
that host these systems are among the most popular on the Web today.

Although Berners-Lee and Fischetti’s characterization can be used to support the
identification of at least some social machines, it is far from clear that it applies to all
social machines. One problem is that it is sometimes hard to discern what counts as
a form of administrative and creative activity. Wikipedia bots,7 for example, engage
in automated processes that are essential to the ways in which Wikipedia content
is managed. In some instances, they use advanced machine learning techniques to
perform tasks that not so long ago were exclusively tackled through manual work
and human insight; for instance, to detect and remedy deliberate attempts to vandal-
ize Wikipedia articles [34]. Such bot-related (i.e., machine-based) activities could
be easily classified as ‘creative’. In other cases, we encounter human contributions
that could be cast as somewhat administrative in nature. For example, the process of
adding tags to Flickr photos plays an important role in terms of organizing the con-
tents of the site, thereby making it easier for certain kinds of content to be accessed
by the user community.

Another problem with Berners-Lee and Fischetti’s characterization is that it
seems to overlook cases where the machine elements play an important role in
the generation of online content or in enabling activities that are essential to it.
PicBreeder,8 for example, is a system that supports the collaborative and interactive
production of images using a mixture of evolutionary computation techniques and
human agents [40, 41]. The role of the human agents here is to select the machine-
generated images based on (e.g.) aesthetic criteria. These images are then published
on the PicBreeder site and are accessible to other users who can use them as the
starting point for their own interactive image generation activities. PicBreeder is
thus a system in which the machine components arguably play an important role
in terms of what appears online (it is, after all, the machine components that are
generating the images). If we were to embrace the notion of social machines as
systems in which it is the humans that are solely responsible for the creative work,
then PicBreeder would seem to be a poor candidate as a social machine. And yet
PicBreeder does seem to have many of the features that make it the legitimate tar-
get of attention for the social machine community: there is community engagement,
issues of human-machine collaboration, the socially-distributed nature of particular
tasks, and so on.

In view of these problems, we suspect that a definition that seeks to impose con-
straints on the precise nature of the contributions made by human and machine com-
ponents with respect to the performance of a task (administrative, creative, or other-
wise) is likely to be overly restrictive in terms of the identification of important and
interesting social machine exemplars. More importantly, if we carry such notions

4 http://www.youtube.com/
5 http://www.flickr.com/
6 http://www.alexa.com/
7 For an overview, see http://en.wikipedia.org/wiki/Wikipedia:Bots/Status,
retrieved in December 2013.
8 http://picbreeder.org/
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forward into the design and development of social machines, we risk delivering sys-
tems in which the virtues of human-machine interaction with regard to creative (and
administrative) processes are ignored. When it comes to creative processes, for ex-
ample, we should recognize that some of our best creative accomplishments often
come about as a result of our ability to engage and interact with our technologi-
cal artifacts, and we should seek to exploit this in the context of our design and
engineering efforts. A perspective that seeks to limit the kinds of roles that can be
performed by human and machine elements, and which additionally seeks to impose
a strict (and rather artificial) boundary on where particular processes need to take
place, risks blinding us to many of the opportunities that the Web provides in terms
of the transformation of traditional processes and the enhancement of both human
and machine capabilities.

In response to the problems associated with Berners-Lee and Fischetti’s charac-
terization, Smart and Shadbolt [46] have proposed the following working definition
of a social machine:

Social machines are Web-based socio-technical systems in which the human and techno-
logical elements play the role of participant machinery with respect to the mechanistic re-
alization of system-level processes.

This definition relaxes the constraint associated with the nature of the functional
contribution made by human and machine elements, although it preserves the em-
phasis on social machines as bio-technologically hybrid systems (i.e., as systems
that feature the incorporation of both people and machines). In particular, humans
and machines are deemed to be jointly involved in the physical realization of pro-
cesses: they are deemed to constitute part of the social machinery by which such
processes are physically realized. This notion of human and machine elements serv-
ing as forms of participant machinery [9, p. 207] takes its inspiration from an ap-
proach to mind and cognition that sees extra-organismic resources as (on occasion)
participating in the material realization of human mental states and processes – such
resources are deemed to “form part of the very machinery by means of which mind
and cognition are physically realized and hence form part of the local supervenience
base for various mental states and processes” [9, p. 207]. A social machine is thus
similar to what has been dubbed a ‘Web-extended mind’ [45] in the context of the
Web Science literature.9 Essentially, we suggest that a social machine is an extended
functional organization in which the explanation of certain system-level processes
requires an account that adverts to the details of mechanisms that are distributed
across both the biological (human) and the technological (conventional computing
systems) realms.10 Such forms of ‘explanatory spread’ (see [58]) are sufficient for
us to approach a social machine as a functionally-integrated system in spite of the

9 The notion of a Web-extended mind draws its inspiration from work that goes under a variety of
headings, such as ‘extended cognition’, ‘cognitive extension’ or ‘the extended mind’ [9, 29, 10].
Smart [45] defines a Web-extended mind as a system in which some of the informational and
technological elements of the Web can be seen to constitute part of the material supervenience
base for (at least some of) a human individual’s mental states and processes.
10 The use of the term ‘mechanistic realization’ in the definition is intended to highlight the impor-
tance of this mechanistically-oriented explanatory account [59].
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heterogeneous nature of its material constitution. One of the crucial differences be-
tween the notion of a Web-extended mind and the notion of a social machine con-
cerns the social aspect of the latter: the fact that it is multiple individuals (rather than
a single individual) that participate in the realization of processes associated with the
larger systemic organization. In addition, the kinds of processes enabled by the two
scenarios are not co-extensive: Web-extended minds are concerned with cognitive
processes; social machines, in contrast, are more general, referring to processes that
may or may not be cognitive in nature.

Based on the above definition, a number of features of social machine systems are
worth highlighting. One of these features concerns the fact that social machines are
socio-technical systems – that is they involve the participation of human individuals
and technological components. In many cases, we can expect the respective contri-
butions of human and machine elements to draw on their distinctive capabilities and
to complement one another with respect to the process that is being realized. It is the
nature of this complementarity that underlies the interest in social machines as sys-
tems capable of a variety of advanced problem-solving capabilities (see [19, 23]).11

By virtue of their ability to factor in human and machine contributions, social ma-
chines are often able to extend the reach of both human and machine intelligence,
supporting capabilities that less integrated systems might find difficult to accom-
plish. In the taxonomic framework introduced in Section 4 we will elaborate on this
symbiosis with respect to the ways in which this integration is achieved in terms of
task assignment mechanisms and the roles that each type of component plays in the
overall system.

A second point that is worth emphasizing is that, for our purposes, social ma-
chines are cast as Web-based systems. Although we do not rule out the possibility
of social machines that are independent of the Web,12 we suggest that the properties

11 Similarly, it is the complementary nature of biological and non-biological resources (in terms
of their contrasting representational and computational capabilities) that is often seen as lying at
the root of the advanced forms of intelligence exhibited by extended cognitive systems. Sutton
[50], for example, writes that “in extended cognitive systems, external states and processes need
not mimic or replicate the formats, dynamics, or functions of inner states and processes. Rather,
different components of the overall (enduring or temporary) system can play quite different roles
and have different properties while coupling in collective and complementary contributions to
flexible thinking and acting” (p. 194).
12 Clocks may provide one example of a social machine that is independent of the Web. In their
book, ‘Anti-Oedipus’, Gilles and Guattari [17] suggest that clocks are a form of ‘social machine’:
“The same machine can be both technical and social, but only when viewed from different perspec-
tives: for example, the clock as a technical machine for measuring uniform time, and as a social
machine for reproducing canonic hours and for assuring order in the city” (p. 155). Interestingly,
clocks have been seen as providing the technological impetus for the transformation of society. A
number of theorists have emphasized the way in which clocks enable the large-scale scheduling
and coordination of both individual and collective action, and the way in which the transition from
fixed, centralized clock towers to portable wristwatches paved the way for new forms of social
interaction and engagement [24]. The invention of portable time-keeping devices, argues Landes
[24], made it possible to organize and synchronize activities in a way that had never been possible
before, and on the back of this new capability there emerged a new social and economic era. The
clock, in this case, can be seen as the technological element of a social machine in the sense that
it is influencing social interaction via the delivery of machine-generated temporal representations.
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of the Web make Web-based social machines a particularly important focus of so-
cial and scientific attention. One virtue of the Web, in this respect, is that it enables
us to tap into the capabilities of human agents in a manner (and on a scale) that
has never been seen before. The Web is a social technology that interfaces with a
large proportion of humanity. By firmly embedding itself within a human social en-
vironment, the Web opens up a range of opportunities to incorporate human agents
into episodes of machine-based processing. This makes Web-based social machines
capable of supporting processes that would be difficult or impossible to realize in
other kinds of social (or indeed socio-technical) context.

Thirdly, social machines are systems that consist of multiple (human) individu-
als. This aspect is crucial for understanding the capabilities of social machines and
designing successful systems. By drawing on a large number of individuals, social
machines are able to accomplish tasks that require significant amounts of effort; for
example, the decentralized analysis of large and complex bodies of scientific data
(in Section 4 we will discuss the types of workflows that support this analysis at
scale). In addition, social machines are able to exploit differences between individ-
uals with respect to abilities, skills, insights, perspectives, knowledge, geographical
location, experiences, group membership, social position, and so on. This may serve
to improve the diversity and quality of the contributions that are made by the hu-
man community. Finally, social machines are also able to exploit the performance
improvements that are often associated with collective inputs; for example, those
associated with the Wisdom of Crowds phenomenon [49].

Fourthly, it follows from the above definition that processes are central to our un-
derstanding of what makes something a social machine: we discern a social machine
when we encounter a process that demands a (mechanistically-oriented) explanatory
account formulated in terms of the joint contributions of multiple individuals and
Web-based technological components. It is important to note that we are not saying
that social machines are processes, as would seem to be implied by the definition of
social machines offered by Berners-Lee and Fischetti [4]. Rather, we are saying that
social machines are the physical systems that perform, implement or realize such
processes. This is an important distinction because the original definition (proposed
by Berners-Lee and Fischetti) can result in a certain amount of confusion and con-
ceptual indiscipline when it comes to discussions about social machines. Tinati and
Carr [51] thus write that “any task that requires the co-constitutional involvement of
humans and technologies is a form of social machine”. This characterization places
appropriate emphasis on the importance of socio-technical engagement in the con-
text of particular tasks, but it is a mistake to progress from this to the conclusion that
the task itself is a form of social machine. Such conclusions, in our view, reflect a
category error concerning the ontological status of social machines.

The centrality of processes to our understanding of social machines throws up
a range of interesting issues and questions, some of which are out of the scope of
the current chapter. One issue concerns the temporal nature of processes and the

These representations serve to structure, sculpt and scaffold forms of social interaction and en-
gagement that progressively shape the contours of the social, economic and cultural landscapes in
which we live.
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implication this has for the lifetime of a social machine. Processes may clearly be of
relatively short-lived duration or they may be somewhat more enduring. Inasmuch
as social machines exist for the duration of the processes with which they are asso-
ciated, it would seem likely that social machines have a fair amount of variability
with respect to their longevity. It should be possible to encounter social machines
that persist for relatively long periods of time (as in the case of temporally-sustained,
ongoing processes), as well as social machines whose existence is somewhat more
fleeting and evanescent (as in the case of a social machine that supports social co-
ordination in respect of a specific event – the organization of a birthday party, let’s
say). Temporality plays a crucial role for several other properties of social machines
captured by our taxonomic framework. For instance, the types of contributions made
by human participants may change depending on their role in the system; also, the
range of activities that are performed automatically might be expanded by the avail-
ability of new algorithms (as was the case with the Wikipedia bots discussed ear-
lier). Such temporal variability has implications for efforts that seek to observe and
monitor social machines, such as the efforts associated with the Web Observatory
initiative [11, 52]. In particular, if we assume that persistent social machines are both
easier to monitor and also generate the most data (on account of their temporally-
enduring nature), then it becomes clear that we face the potential hazard of a sam-
pling bias as part of our monitoring efforts. Equally important is how changes along
one or several dimensions of our taxonomic framework (see Section 4) affect the
frequency of the monitoring exercise and our ability to manage and derive insight
from observational data. If our future scientific understanding of social machines is
grounded on a limited subset of social machine exemplars (i.e., the long-lived ones),
then it is unclear whether our understanding will ever be complete: the properties
and dynamics of an entire class of perhaps socially- and cognitively-crucial systems
will go unrecorded.

A second issue thrown up by the process-oriented nature of social machines con-
cerns the nature and visibility of the goal that is being realized by the process. In
some cases, the goal of the process that is being realized by the social machine
will not be visible to the human participants in the system. In other cases, the goal
may be visible to one or more of the human participants, perhaps because they
are the ones responsible for assembling the social and technological elements into a
functionally-integrated information processing ensemble. Importantly, it seems pos-
sible to discern some cases where a social machine may be created or emerge from
a technological system that was originally designed or configured to perform a dif-
ferent function. A social machine that emerges in the context of a large-scale social
networking service, for example, may be concerned with the modification of peo-
ple’s voting behavior (see [32]) or product consumption patterns and actually have
very little to do with the formation and maintenance of social bonds. A second class
of examples which exemplifies the varying degree of goal transparency/awareness
can be found in the area of human computation. An important category of social
machines are thus systems referred to as ‘games with a purpose’ (or GWAP) [1]. In
such systems, human agents participate in a game, often interacting with each other,
sharing scores and competing against friends from their social network. The inputs
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collected from the players, in this case, are used to improve the accuracy of comput-
ing algorithms; players are not necessarily aware of the actual goal of the game as it
was conceived by the game designer, but their social interactions and game play re-
sult in useful training data that assists with the development of automated processes.
This example also makes clear the ambivalent nature of such goals; one could dis-
tinguish among (sometimes overlapping) component-level and system-level goals,
each equipped in some cases with a temporal element.

Finally, it is worth noting that social machines, in virtue of involving multiple
individuals, are often concerned with processes that are relevant to the social in-
teractions and relationships between individuals. Many of the processes in which
human and machine elements participate may thus be glossed as ‘social processes’:
they concern the structure and dynamics of a group of people. Such processes may
be many and varied. They include (but are not necessarily limited to) the coordina-
tion of collective action (e.g., implementations based on the Ushahidi platform); the
pooling and distribution of resources (e.g., YouTube); the influencing of individual
thoughts and actions (e.g., Twitter); the formation, maintenance, and dissolution of
social relationships (e.g., Facebook); the collaborative creation of socially-shared
assets (e.g., Wikipedia); and the social distribution of problem-solving processes
(e.g., Galaxy Zoo). In general, the role of the machine or technological elements
with respect to these processes is to constrain, control, coordinate or otherwise in-
fluence the social interactions between people (e.g., LinkedIn),13 or, alternatively,
to govern the way in which individual human contributions are collectively factored
into some other process (e.g., reCAPTCHA14). Typically, the influence exerted by
the technological elements, in these cases, is mediated by some form of manipula-
tion and processing of the informational inputs that are provided by human agents
(this distinguishes social machines from systems which merely act as conduits for
the communication of information between individuals). Alternatively, it is possi-
ble that the influence may be exerted through the provision of machine-generated
representations; for example, system-generated cues play a role in governing the dy-
namics of person perception processes in the context of systems such as Facebook
[53] and Twitter [57].

3 Examples of Social Machines

A broad range of Web-based systems have been considered as candidate social ma-
chines within the Web Science community. These include Facebook [19], myS-
pace [19],15 Twitter [18], YouTube [42], Ushahidi [43], Galaxy Zoo [18, 43], re-
CAPTCHA [31], Reddit [42],16 Wikipedia [18, 19, 43], Amazon’s Mechanical Turk

13 https://www.linkedin.com/
14 http://www.google.com/recaptcha
15 https://myspace.com/
16 http://www.reddit.com/
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[42],17 and the Web itself [18].18 As should be clear from this list, social machines
are a pretty heterogeneous bunch of systems. For one thing, they seem to occupy
a variety of functionally-diverse niches within the ecology of the Social Web. Ex-
tant social machines thus include social networking systems (Facebook, mySpace,
Twitter), microblogging services (Twitter), video/photo sharing systems (YouTube),
citizen science projects (Galaxy Zoo), social news sites (Reddit), collaborative con-
tent editing sites (Wikipedia), frameworks for the creation of collaborative sys-
tems (Ushahidi) and systems that enable human contributions to be productively
exploited in the context of automated processes (reCAPTCHA) or more traditional
production processes (Mechanical Turk). This diversity has implications for the kind
of features that we rely on to discriminate between social machines (see Section 4),
and it also has implications for the types of social machines that we are able to
recognize. The aforementioned list of social machine exemplars also highlights a
number of areas of confusion when it comes to an understanding of the social ma-
chine concept. Armed with the working definition from Section 2, we are now in a
position to address these areas of confusion (see also Figure 1).

Low-Level Infrastructure

High-Level Infrastructure

Frameworks

Services

Causes/Groups

World Wide Web

Facebook Twitter

Obama'12 Arab Spring

Tor

MediaWiki

WikipediaWikiLeaks

WikiLeaks Anonymous 
Submission Engine

Anonymous

4chan

The Internet

Institutional 
Repository

EPrints DSpace

Open Access

Fig. 1 Distinction between technology and social machines as part of a broader ecosystem [42].

The first thing to note is that it is very common for people to refer to specific
technologies when they talk about social machines. In many cases, therefore, when
people identify a given social machine instance they point to a platform such as
Facebook, Twitter or Ushahidi. Figure 1 refers to these as ‘frameworks’ and ‘ser-
vices’, thus emphasizing the key role these socially-active environments play in the
development and emergence of a wide range of special-purpose social machines
targeting less general audiences. It is important to be clear that when we talk about
social machines we are talking about a socio-technical system (as opposed to a
purely technological system) that is actively engaged in the realization of a par-
ticular process [42]. Thus, when we say that Facebook is a social machine, what
we mean is that it is the social networking platform (that we typically identify as

17 https://www.mturk.com/mturk/
18 The Web site of the SOCIAM research project lists a large number of additional examples of
social machines – see http://www.sociam.org/social-machines.

https://www.mturk.com/mturk/
http://www.sociam.org/social-machines
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Facebook) plus the human participants (the social environment) that constitutes the
social machine. Any reference to a social machine as being constituted solely by the
technological system (or subsystem) is, in our view, incorrect. It is for this reason
that it is probably a mistake to refer to the human components of a social machine
as the ‘users’ or as forming part of the ‘user base’ of the social machine19. Such
terms imply that the social machine is something separate from the human partic-
ipants: it conjures up an image of social machines as things that are independent
of the human communities with which they are associated, and it encourages us
to place undue emphasis on the technological aspects of the system. As should be
clear from the definition presented in Section 2, social machines should be properly
conceived as socio-technologically integrated systems in which the human ‘users’
are an intrinsic part of the larger, biotechnologically-hybrid system. This does not,
of course, undermine the importance of the technological aspects as a source of sci-
entific interest and a focus of engineering attention. Even in cases where all forms
of human participation are absent, we can still recognize a technological system as
something that is apt to participate in the formation of a social machine (or a mul-
tiplicity of such machines), and treat it as a legitimate target of scientific enquiry.
The fact that an aircraft carrier is not, by itself, a socio-technical system does not
mean that such vessels are not of considerable interest to naval engineers, even in
situations where it is clearly obvious that the processes that the vessel is designed to
support could only be realized once the human crew is onboard and certain forms
of socio-technical entanglement are established.

A second issue arising from the aforementioned list of social machine exemplars
concerns the distinction between systems that serve mainly as frameworks for the
creation of social machines and systems that actually function as social machines
(see the framework tier of Figure 1). Ushahidi, for example, has been used to de-
velop a number of systems that support information collection, visualization and
interactive mapping, as in the Ushahidi-based system that supported humanitarian
relief efforts in the aftermath of the 2010 Haitian earthquake [60]. An analogy here
is with the MediaWiki system, which has supported a wide range of wiki-based col-
laborative content creation projects (e.g., Wikipedia, Wiktionary, Wikidata and Wik-
ispecies). Wikipedia and Ushahidi are not, therefore, instances of the same class of
objects, as might be implied by the above list of social machines. Instead, Ushahidi
and MediaWiki should be seen as frameworks that support the creation of specific
systems, such as Wikipedia and the Haitian implementation of Ushahidi. Another
example of a framework that can be used to support the creation of social machines
is Diaspora.20 It can be used to create social networking services for specific com-
munities of users. Although such frameworks should be distinguished from actual
instances of social machines, they are clearly relevant to the project of character-
izing and understanding social machines. For one thing, such systems serve as the
template for a range of social machines that may possess similar or identical char-

19 We are grateful to Ségolène Tarte (University of Oxford) for pointing this out.
20 https://diasporafoundation.org/

https://diasporafoundation.org/
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acteristics, and their design greatly influences the way in which a social machine
functions and evolves.

A third point of interest concerning the aforementioned list of social machines
concerns the way in which some social machines emerge in the context of other sys-
tems, which themselves may or may not be regarded as social machines.21 O’Hara
[31], for instance, talks about the use of Facebook to organize a birthday party. In
this case, it is the specific use of Facebook to accomplish a particular task (i.e., or-
ganize a birthday party) that counts as a social machine rather than (perhaps) a more
liberal perspective that sees Facebook itself as a social machine: Facebook is, in this
case, merely serving as a form of technological scaffolding that supports the creation
of a multiplicity of (probably) short-lived social machines. A similar claim could be
made with respect to the relationship between the Web and social machines. Thus,
although the Web has been regarded as a social machine [18], perhaps it is more
appropriate to see the Web as the technological matrix that gives rise to a variety
of social machine systems and in which all such systems are ultimately embedded.
Contrary to this interpretation, however, we might argue that nothing in the defini-
tion of a social machine – either the original characterization [4] or the more recent
definition [46] – would seem to rule out the possibility of either the Web or Face-
book counting as social machines. In addition, the possibility of a social machine
emerging from the material matrix associated with some other system does not rule
out the possibility that the other system is in fact a social machine: it may just be that
the material elements of one social machine (i.e., its human and technological com-
ponents) are simply recruited to form a social machine that is involved in a different
process.22 We suggest that we tend to discern a social machine when we can identify
a socio-technical system that is involved in the realization of processes associated
with the performance of a particular task. With this in mind, we might feel inclined
to see a distinct social machine (one that draws on the technological fabric of Face-
book, let’s say) whenever we see particular tasks being performed (e.g., organizing
a birthday party). However, in many cases, the larger system is also involved in the
performance of particular tasks. Thus, in the case of Facebook, we might say that the
system is (broadly) engaged in the realization of (the more temporally-protracted)
process of social relationship management (i.e., the creation, maintenance, and dis-
solution of social networks). Inasmuch as we see this process as one in which the
technological elements of the Facebook system are playing an explanatorily signif-
icant role, then we see no problem with a perspective that views Facebook as part
of a functionally-integrated system (i.e., a social machine). Obviously, this does not

21 This corresponds to the tier termed ‘Causes’ in Figure 1, which builds on a selection of Web-
based systems that through their planetary-scale user base and general character, have reached
a level of popularity that turns them into frameworks for the development of more specifically
purposed social machines.
22 It is also possible to imagine one or more social machines being ‘incorporated’ into a larger
social machine. In the same way, perhaps, as the neurological subsystems associated with memory,
attention and perception merge to form part of the integrated mechanistic substrate that realizes
more ‘macrocognitive’ functions such as sensemaking (see [22]).
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rule out the possibility that the material elements associated with this system could
be involved in a multiplicity of other, perhaps more short-lived, processes.

From an engineering point of view, the realization of such ecosystems depends
on technologies, services and generic platforms that not only provide specific func-
tionality – depending on the kind of social process supported by the social machine,
this could be anything from communication and coordination of joint efforts to col-
laborative content generation, knowledge sharing, and decision making – but also
promote principles, values, and ideas that match the expectations and motivation of
the human participants. In particular, due to the very nature of a social machine and
its ecosystem, it is essential that the technologies used to realize it are equipped with
the means to tackle scale, decentralization, and concurrent access and processing.
As content is created and shared in a distributed fashion, the social machine must
be able to establish and associate trust or at least accountability in the ways every
component of the system, biological or technological, operates and interacts with
the rest of the ecosystem. We will follow up on these aspects in Section 4 where we
discuss the social machine taxonomic framework.

4 Characterization of Social Machines

As part of the attempt to understand social machines, it is useful to develop a taxo-
nomic framework that can be used to describe and classify social machine instances.
Following Nickerson et al [30], we define a taxonomy T as a set of n dimensions Di
(i = 1, ...,n) each consisting of ki (ki > 2) mutually exclusive and collectively ex-
haustive characteristics Ci j ( j = 1, ...,ki) such that each object (i.e., social machine)
under consideration has one and only one Ci j for each Di. We have adopted this def-
inition for our own taxonomic framework. Our approach to taxonomy development
is also based on the approach advocated by Nickerson et al [30], which has its roots
in the social sciences (see [3]). The approach consists of three stages (see Fig. 2):

1. Empirical-to-Deductive Stage: This stage involves the initial examination of a
subset of objects (social machine instances in our case) and the identification of
their distinguishing features. As will be clear from the subsequent discussion, we
rely on specific techniques in order to support this process. The output of this
stage is an initial set of dimensions.

2. Deductive-to-Empirical Stage: This stage entails the conceptualization of new
characteristics and dimensions. The dimensions elicited in the empirical-to-
deductive stage are progressively refined and enriched during this stage.

3. Taxonomy Application Stage: This stage involves the use of the taxonomy to
identify and characterize new objects. The taxonomy may also be used to inform
the design of new objects.

As part of the empirical-to-deductive stage, we constructed an initial social ma-
chine taxonomy that included a set of dimensions but lacked any characteristics.
This work is summarized below and reported in more detail in Shadbolt et al [42].
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Deductive-to-Empirical 

Taxonomy Application 

Empirical-to-Deductive 

Fig. 2 The three stage approach to taxonomy development that was adopted in the current study
(see Nickerson et al [30] for more details).

In the current chapter, we focus on the deductive-to-empirical stage and present a
more complete taxonomy featuring a revised set of dimensions and a complete set of
characteristics. Although this taxonomy is subject to further refinement, it is suitable
for use within the final taxonomy application stage of the taxonomy development
process outlined above. In particular, we have compared the results of the taxonomy
development effort with similar efforts that have been made in related areas (see
Section 5). As part of our future work, we will test the completeness, correctness,
and comprehensibility [56] of the taxonomy in experiments in which a new set of
social machines will be classified by framework users. We will ask the participants
to assess the quality of the framework along these general dimensions, and mea-
sure inter-annotator agreement to learn about the usefulness of the classifications
produced.

We now turn to a description of the current version of the taxonomy. We will first
present the approach taken to elicit information about social machine dimensions
from human subjects and then give a summary of the empirical and conceptual work
undertaken to define the taxonomy dimensions and their associated characteristics.
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4.1 Eliciting Social Machine Dimensions

As illustrated by the examples surveyed in Section 3, social machines come in
a variety of shapes and sizes. A system such as Facebook, which is concerned
with (among other things) the formation and maintenance of social relationships,
is clearly different from a system such as Mechanical Turk, which offers a crowd-
sourced labor market for simple data collection and processing tasks, and both of
these are different from Zooniverse, which supports a form of socially-distributed
problem solving in the natural and life sciences. Based on the working definition
introduced in Section 2, we can anticipate a number of ways in which social ma-
chines built around these kinds of technological systems might differ. These include
differences in the nature of the processes being realized; the kinds of contributions
or computations made by human and machine components; the relative balance of
processing effort among these components; and the ways that individual contribu-
tions are combined in the course of process execution. These, however, are just a
few examples of the dimensions that could be used to differentiate between social
machines. Other dimensions might be less obvious to identify based on a cursory
analysis of a limited subset of what are arguably the most well-known social ma-
chines that currently exist. Furthermore, even when larger samples of social ma-
chines are surveyed, the task of eliciting a more-or-less complete set of dimensions
is not straightforward. People may find it difficult to discern differences between
social machines, or find it difficult to communicate their conceptual understanding
of these systems in a structured and coherent way, even when they are using these
systems on a regular basis.

One way of dealing with the difficulty of eliciting dimensions is to rely on a range
of techniques known as knowledge elicitation techniques [44]. These techniques are
used as part of knowledge engineering initiatives in order to create the conditions
under which domain experts are best able to communicate the knowledge associ-
ated with their expertise. Although a broad range of techniques are available, the
ones that tend to be most suited for the elicitation of information about the dimen-
sions along which a set of common objects vary are sorting and rating techniques.
These include the repertory grid technique, which has its roots in the psychology
of personality [14, 20, 21]. The repertory grid technique is useful because it can be
used to support the elicitation of knowledge that is largely tacit in nature; i.e., diffi-
cult for an individual to verbalize. In addition, the data that is obtained as part of the
technique can be subjected to various forms of statistical analysis in order to obtain
insight into the structural organization of domain-relevant concepts.

In a repertory grid exercise subjects are presented with a range of objects, referred
to as ‘elements’, and asked to choose three, such that two are similar and different
from the third. This is known as the method of triadic elicitation (e.g., [7]). In or-
der to demonstrate the technique, imagine a subject is presented with the following
set of social machines:23 Facebook, Twitter, YouTube, Wikipedia, reCAPTCHA,

23 In fact, as we mentioned in Section 3, the technological subsystem is only considered to be one
part of the social machine; the human participants are also deemed to be part of the social machine.
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Galazy Zoo, Flickr, mySpace, LinkedIn,24 and Planet Hunters.25 The participant
might choose Twitter and Facebook as the two similar elements and Galaxy Zoo
as different from the other two. The subject is then asked to provide the reason for
differentiating these elements, and this dimension is known as a ‘construct’. Each
construct is assigned a name as are the two poles that represent the opposite ends
of the construct. In our example, ‘size of the user community’ might be a suitable
construct that differentiates between the selected elements, with ‘small’ and ‘large’
serving as the two poles of the construct. Once a construct has been elicited, all
the elements can be rated with respect to the construct, with the ratings reflecting
the extent to which the subject sees an element as falling to one or other of the
construct poles. The process of triadic elicitation is continued with different triads
of elements until the subject can think of no further discriminating constructs. At
this point we have a matrix of similarity ratings that can be analyzed using tech-
niques such as cluster analysis. This provides us with a dendogram that can reveal
conceptually-significant categories of social machines, and it can also shed light on
the relationships that exist between the constructs.

In order to test the applicability of the repertory grid technique to the social ma-
chine taxonomy development effort, we first undertook a knowledge elicitation ses-
sion with a computer science researcher from our laboratory. We presented them
with the ten social machines listed above and engaged them in a process of triadic
elicitation, in each case asking them to select and discriminate between elements.
The following set of constructs were elicited as a result of the application of this
technique (elements that are representative of the poles of each construct are pre-
sented in square brackets):

1. Size of the User Community: the number of users that participate in the system,
either as contributors or consumers. [small: Galaxy Zoo; large: Facebook]

2. Extent of User Contribution: the proportion of users that actually contribute
content as opposed to users that merely consume content. [small: Wikipedia;
large: Galaxy Zoo]

3. Sociality: the extent to which the system supports social interaction. [low: re-
CAPTCHA; large: Facebook].

4. Visibility of Individual User Contributions: the extent to which individual user
contributions are visible to the entire user base of the system. [low: reCAPTCHA;
high: YouTube]

5. Inter-dependence of User Contributions: the extent to which the user contri-
butions are independent of one another with respect to the task being performed
by the system. [low: Twitter; high: Wikipedia]

6. Focused on a Single Task: the extent to which the social machine is focused
on a single task as opposed to supporting multiple kinds of tasks. [single task:
Galaxy Zoo; multiple tasks: Facebook]

24 https://www.linkedin.com/
25 http://www.planethunters.org/

https://www.linkedin.com/
http://www.planethunters.org/
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7. Anonymity of Human Users: the extent to which the system requires users to
provide personal information about themselves to other users. [low anonymity:
Facebook; high anonymity: reCAPTCHA]

8. Heterotelic vs. Autotelic Usage: the extent to which the use of the system is
motivated by instrumental or professional (heterotelic) concerns as opposed to
enjoyment and pleasure (autotelic). [heterotelic: LinkedIn; autotelic: YouTube]

9. Requires the Aggregation of User Contributions: the extent to which user
contributions need to be aggregated in order for the social machine to perform its
primary function. [low: Twitter; high: Wikipedia]

10. Diversity of User Contributions: the degree of differentiation with respect to
user contributions. For example, users may be engaged in a single task (e.g.,
galaxy classification) or multiple tasks (e.g., uploading, rating, and tagging con-
tent). [low: reCAPTCHA; high: YouTube]

11. Salience of Social Network: the relative salience or visibility of the social net-
work within the system. [low: reCAPTCHA; high: Facebook]

Fig. 3 The results of the repertory grid technique applied to the domain of social machines (see
text for a description of the rating matrix and dendograms for both the constructs (top dendogram)
and social machines (bottom dendogram)).

The rating matrix and results of the cluster analysis are presented in Fig. 3
(these results were obtained using the WebGrid 5 system).26 The 10 social ma-
chines that were the focus of the repertory grid (e.g., reCAPTCHA, Galaxy Zoo,
Planet Hunters, etc.) are listed at the base of the rating matrix, and the labels used
to describe the poles of each construct are listed on either side of the matrix (e.g.,
‘heterotelic use’ vs. ‘autotelic use’). The numbers that make up the body of the ma-
trix are the ratings made by the user for each of the social machines, with lower

26 See http://gigi.cpsc.ucalgary.ca/.

http://gigi.cpsc.ucalgary.ca/
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ratings reflecting a bias towards the pole on the left hand side of the matrix. A score
of ‘1’ in the case of the ‘Heterotelic vs. Autotelic Usage’ construct thus indicates
that the social machine is used for heterotelic purposes, whereas a score of ‘5’ indi-
cates that the social machine is used for autotelic purposes. With respect to Fig. 3,
we can therefore see that LinkedIn and reCAPTCHA are both examples of social
machines that are used predominantly for heterotelic purposes (they both have a low
rating), whereas Galaxy Zoo and YouTube are both used predominantly for autotelic
purposes (they both have a high rating).

The first thing to note from the dendogram associated with the social machines
is that the Planet Hunters and Galaxy Zoo systems emerge as identical systems in
this analysis – there are no constructs that differentiate between these two elements.
This presumably stems from the fact that both systems form part of the Zoouni-
verse27 collection of citizen science projects and both are concerned with the analy-
sis of astronomical data. This result could be used to elicit additional differentiating
constructs in situations where the subject did in fact believe there to be differences
between the two systems. Another feature to note from the dendogram is that Face-
book, mySpace and LinkedIn all seem to form a distinct cluster. We can ask our
subject to attempt to say something about this clustering, perhaps supplying a label
to identify a class or category of systems. The response, in this case, could be that
the systems are all examples of ‘social networking systems’. Another category of
social machines seems to emerge based on the similarity of YouTube and Flickr.
In this case, we might say that these systems are both examples of ‘media sharing
systems’.

In addition to the dendogram associated with social machines, Fig. 3 also shows
the dendogram associated with the constructs. Here we can detect a number of cor-
relations between the similarity scores, and these may reflect interesting contingen-
cies between the features of social machines. For example, systems that exhibit low
sociality also tend to be systems in which the social network has low salience. In ad-
dition, such systems are also ones that feature high levels of anonymity with respect
to user contributions. As one might expect, systems that aim to support social inter-
action tend to require the disclosure of personal information – such disclosures are,
in fact, likely to be a prerequisite for the development of relational intimacy. An-
other correlation emerges between the inter-dependence of user contributions and
the tendency to aggregate user inputs. Again, not surprisingly, systems that feature
high levels of interdependence between tasks also tend to be systems that engage in
some form of aggregation of the user inputs. As part of our future work, we plan to
collect a much larger collection of classifications in order to support the quantitative
analysis of these sorts of correlations.

As should be clear from this example, the repertory grid technique can serve as an
effective means of eliciting information about the features of social machines. It can
also provide insight into the structure of the conceptual landscape associated with
social machine systems. In particular, as more and more objects are surveyed, one
can use cluster analysis to reveal interesting groupings that may serve as the basis

27 https://www.zooniverse.org/

https://www.zooniverse.org/
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for hierarchically-organized conceptual categories (i.e., taxa within the taxonomic
framework). The results of the analysis can also serve as the basis for more focused
knowledge elicitation sessions. For example, with respect to the above analysis, we
could attempt to differentiate between the Planet Hunter and Galaxy Zoo systems,
or we could exploit the ability to identify conceptual categories as a means of iden-
tifying additional social machines (e.g., systems that are members of the categories
‘social networking system’ and ‘media sharing system’).

4.2 A Social Machine Taxonomy

The analysis of the repertory grid described in the previous section provides some
insight into the dimensions associated with social machines28. However, in order to
expand the range of constructs elicited, it is necessary to draw on the perspectives
of multiple individuals with respect to different subsets of social machines. For this
reason, we completed an extended study involving ten computer science researchers
from our laboratory [42]. The motivation for using computer science researchers, in
this case, relates to the requirements of the repertory grid technique. In particular,
the repertory grid technique requires subjects to be familiar enough with the ele-
ments being investigated in order for them to make meaningful comparisons and
identify distinguishing features. Given that the computer science researchers in our
laboratory are currently involved in the analysis of a broad array of social machines,
it made sense to draw on their experience in the context of this particular exercise.

After each subject had completed the repertory grid analysis with their self-
selected elements, the result was a set of ten repertory grids containing a com-
bined total of 117 different constructs and 56 unique social machine instances. This
marked the completion of the empirical-to-deductive phase of taxonomy develop-
ment. We subsequently reviewed these constructs to identify closely related ones,
grouped the resulting list into broader categories, and refined the taxonomy based
on insights gained from a review of the relevant Social Web literature.

The results of this second, deductive-to-empirical stage of taxonomy develop-
ment are presented in Tables 2-6 (see Appendix). We identified a total of 33 dimen-
sions, which were organized into five categories. The categories relate to the tasks
that are being performed by the social machine (or the processes being realized by
the social machine), the (human-human, human-machine, and machine-machine)
interaction mechanisms by which the social machines operate, the ways in which
quality and performance are assessed, the motivational factors and incentive mech-
anisms that govern user participation in the system, and the technologies used to
implement the technical grounding of the system. Across the 33 dimensions, we
identified a total of 106 distinct characteristics.

28 The constructs identified in the context of the repertory grid exercise ultimately drive the gener-
ation of dimensions associated with the taxonomic framework. A construct such as ‘Heterotelic vs.
Autotelic Usage’ (see Section 4.1), for example, is ultimately used as the basis for the ‘Motivation
Type’ and ‘Form of Motivation’ dimensions listed in Table 2.
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4.3 The Social Machine Morphospace

The dimensions revealed by our analysis constitute the set of dimensions along
which all social machines (extant or otherwise) can be deemed to vary. These di-
mensions can be used to define the axes of a multi-dimensional design space for
social machines. This design space constitutes the universe within which all theo-
retically possible social machines are located, with the location of each social ma-
chine dictated by the particular combination of characteristics it possesses. Given
the similarity of this design space to the notion of a ‘morphospace’ in the biological
literature [37, 54], we refer to the design space (or universe of social machine pos-
sibilities) as the ‘social machine morphospace’. As with its biological counterpart,
the social machine morphospace aims to chart the space of social machine possibil-
ities with respect to a set of common features (dimensions) along which all social
machines vary.

One advantage of the taxonomic framework is that it allows us to assess how
much of the design space for social machines has been explored by current devel-
opment efforts (obviously, given the size of the morphospace, it is likely that this
space will be sparsely populated). Regions within the space that are devoid of so-
cial machines may represent unexplored regions that provide fertile ground for the
creation of novel systems. Alternatively, it may be that such regions are barren for
a good reason: perhaps the design candidates that occupy this region are impracti-
cal or impossible to implement. In summary, the value of the social machine mor-
phospace is that it provides a view as to the total space of design possibilities for
social machines, and it indicates the regions of this space that have been unexplored
by current development efforts. Not only does this shed light on the possible nature
of future social machines, it may also help us to identify the specific combination of
characteristics that determine whether a particular social machine fails or flourishes
within the (current) socio-technical ecology of the Web.

5 Related Work

Given the value of taxonomies in advancing our understanding of the conceptual
landscape associated with a domain, it is no surprise to discover that taxonomies
have been developed for a range of systems appearing in the context of the Social
Web. This includes, most notably, crowdsourcing [12, 15] and human computation
systems [35], although similar attempts at characterization have been made in re-
spect of social computing [2] and collective intelligence systems [26]. While none
of the concepts associated with these systems are synonymous with the notion of
social machines (see [42]), there are clear relationships between these various con-
cepts. Instances of at least the technological components of social machines (e.g.,
Facebook, Wikipedia, Galaxy Zoo, etc.) are sometimes presented as instances of
other kinds of systems, and this suggests that some of the dimensions associated
with the social machine taxonomy may also surface in the context other taxonomies.
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In order to evaluate this, we systematically compared the dimensions listed in Ta-
bles 2-6 (see Appendix) with those appearing in other studies [2, 12, 15, 26, 35].
The results of this analysis are presented in Table 1. As can be seen from this table,
a number of social machine dimensions have at least some partial mapping to the
dimensions identified in other studies.29 This is particularly noticeable in the case
of human computation and crowdsourcing systems (although this may simply re-
flect the greater attention that has been afforded to these systems in the context of
previous taxonomy development efforts) [15, 12, 35].

6 Future Work

The definition of social machines presented in Section 2 and the taxonomic frame-
work presented in Section 4 form part of an integrated attempt to develop a con-
ceptual foundation for social machine research. It should be clear, however, that
much more work needs to be done to make progress in this area. In terms of our
conceptual understanding of social machines, for example, a range of perspectives
exist concerning the nature of social machines. The definition of social machines
that we have adopted here (and also in [46]) emphasizes the role of human and tech-
nological elements in the joint realization of processes. We might refer to this as the
‘socio-technical perspective’ of social machines. Such a perspective is, however,
only one among many alternative perspectives that could be countenanced. While
our definition is largely consistent with the views expressed by others in the Web
Science community,30 there are a number of competing perspectives available, and
these need to be given closer scrutiny. An alternative concept, for example, tends to
see social machines as socio-computational systems. According to this view, social
machines are socially-extended computational systems in which some aspects of the
computational process are delegated to multiple human individuals. Perhaps unsur-
prisingly, this kind of view tends to emerge in discussions of what has been dubbed
‘the social computer’ [39]. While there is clearly a certain amount of common
ground between the ‘socio-computational perspective’ and the ‘socio-technical per-
spective’ (e.g., both regard social machines as systems that implement certain types
of processes), there is a significant difference in terms of the scope of the concep-
tualizations entertained by each perspective. In particular, the socio-computational
perspective seems committed to the view that social machines exist as a specialized
form of human computation system [25]. We suggest that this contributes to an un-

29 Note that although two dimensions may be similar, they are only regarded as identical if the set
of characteristics associated with the dimensions is the same in each case. In the absence of shared
characteristics, a dimension mapping is regarded as ‘partial’.
30 Such consistency is evidenced by the way social machines are described in a number of pa-
pers. We thus encounter descriptions of social machines as “purposefully designed sociotechnical
system[s] comprising machines and people” [11], as systems in which “the human and digital
parts...[form] a machine in which the two aspects are seamlessly interwoven” [42], and as systems
that involve “the co-constitutional involvement of humans and technologies” [51].
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Table 1 Mapping of social machine dimensions to the dimensions associated with four other sys-
tems (i.e., social computing, collective intelligence, human computation and crowdsourcing sys-
tems).

Typeb Social Machine Dimension Target System Type Target Dimension Source

P Input Validation Mechanism Human Computation Quality Control [35]
P Input Validation Mechanism Crowdsourcing How to Evaluate Inputs [12]
P Human Ability Human Computation Human Skill [35]
P Human Ability Crowdsourcing What Users Can Do [12]
P Combinatorial Strategy Social Computing From Conveyance to Con-

vergence Content Genera-
tion

[2]

P Combinatorial Strategy Human Computation Aggregation [35]
P Combinatorial Strategy Crowdsourcing Aggregation of Contribu-

tions
[15]

P Combinatorial Strategy Collective Intelligence How (structure/process) [26]
P Combinatorial Strategy Crowdsourcing How to Combine Inputs [12]
P Task Type Collective Intelligence How (structure/process) [26]
P Task Type Crowdsourcing Type of Target Problem [12]
U Control Flow Human Computation Process Order [35]
U Task User Cardinality Human Computation Task Request Cardinality [35]
U Sociality Social Computing From Information to People

Connections
[2]

U Community Specification Crowdsourcing Preselection of Contribu-
tors

[15]

U Community Specification Collective Intelligence Who (staffing) [26]
U Visibility of User Contribu-

tions
Crowdsourcing Accessibility of Peer Con-

tributions
[15]

U Visibility of User Contribu-
tions

Crowdsourcing Nature of Collaboration [12]

U Response to User Contribu-
tions

Crowdsourcing Accessibility of Peer Con-
tributions

[15]

U Task Assignment Policy Crowdsourcing Preselection of Contribu-
tors

[15]

U Task Assignment Policy Collective Intelligence Who (staffing) [26]
U Group/Individual Assign-

ment
Collective Intelligence Who (staffing) [26]

Q Quality Assessment Mecha-
nism

Human Computation Quality Control [35]

Q Quality Assessment Mecha-
nism

Crowdsourcing How to Evaluate Inputs [12]

M Form of Motivation Human Computation Motivation [35]
M Form of Motivation Social Computing From Utilitarian to Hedonic

Use
[2]

M Form of Motivation Collective Intelligence Why (incentives) [26]
M Reward Type Human Computation Motivation [35]
M Reward Type Collective Intelligence Why (incentives) [26]
M Reward Type Crowdsourcing How to Recruit and Retain

Users
[12]

M Reward Variability Crowdsourcing Remuneration for Contri-
butions

[15]

b Indicates the type of the dimensions from the social machine taxonomic framework: P = ‘goal,
task and process dimensions’, U = ‘user participation and interaction dimensions’, Q = ‘quality
assessment dimensions’, and M = ‘motivational factors and incentive mechanism dimensions’.
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productive narrowing of the scope of social machine research efforts: it limits our
scientific remit to a subset of Web-based systems whose constituent processes can
be properly described as ‘computational’ in nature. In addition, by casting social
machines as a specialized form of human computation system, we allow the scien-
tific effort associated with the study of social machines to be too easily subsumed
within an existing, and well established, field of scientific enquiry. In our view, the
term ‘social machine’ is best reserved for a class of systems whose most important
distinguishing feature is the manner in which system-level processes are realized.
This is preferable to a perspective that focuses on issues of whether the process in
question is or is not computational in nature. The crucial difference between the two
perspectives is highlighted by the emphasis the socio-technical perspective places
on the way in which a process is realized (i.e., the details of its mechanistic real-
ization); the issue of whether or not the process in question can be characterized in
computational terms is largely irrelevant.

A further focus area for conceptual analytic efforts is to distinguish between the
notion of a social machine from a variety of ostensibly similar notions. These in-
clude crowdsourcing [8, 12], human computation [35], collective intelligence [26],
social computing [33], the global brain [5], the social computer [39] and the so-
cial operating system [36]. It has been suggested that the social machine concept is
similar to but not synonymous with (at least some of) these other concepts [42]. Ad-
ditional work is required, however, to elucidate the exact nature of the relationships
between the concepts. Furthermore, it will be important to ascertain the degree of
overlap in the extensional projections of the concepts expressed by these terms.

As a means of furthering the effort to improve our conceptual understanding of
social machines, we may be able to extend the methodological approach that was
adopted in the case of the taxonomic framework; i.e., we may be able to make use of
a range of knowledge elicitation techniques. Aside from the repertory grid technique
(described above), a number of other knowledge elicitation techniques are avail-
able, and these could be useful in terms of exploring the social machine conceptual
landscape. These include laddering techniques (useful for eliciting hierarchically-
organized classes of social machines), concept sorting techniques (useful for iden-
tifying the features of social machines) and concept mapping techniques (useful
for identifying the relationships between social machines) (see [44]). As with other
applications of knowledge elicitation techniques, the results of these studies could
serve as the basis for ontology development efforts. Such ontologies could then be
used to provide machine-readable characterizations of specific social machine in-
stances.

Regarding the effort to develop a taxonomic framework for social machines, a
number of further steps need to be undertaken. Following the methodology advo-
cated by Nickerson et al [30], our work to date has focused on the empirical-to-
deductive and deductive-to-empirical stages. The aim of the third stage – taxonomy
application – is to use the taxonomic framework to identify and characterize addi-
tional instances of social machines. By situating these instances within the social
machine morphospace, we will be able to chart the location of unexplored or under-
explored regions of the design space. Of course, given the number of dimensions
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and the number of potential social machines that may emerge in the context of the
current and future Web (recall that the study by Shadbolt et al [42] yielded an ini-
tial sample of 56 social machines), the task of taxonomy application is likely to be
something of a laborious undertaking (at least when seen from the perspective of
a single individual). Clearly, one strategy for dealing with these sorts of tasks is to
draw on the (socially-situated) processing resources made available by the techno-
logical infrastructure of the World Wide Web. This is precisely the strategy taken
by social machines and other kinds of systems within the context of the Social Web.
An interesting possibility, therefore, is to engineer a social machine to expedite the
process of taxonomy application.31 One specific idea that is currently under devel-
opment is to build a microtask environment, including specific game elements, in
which participants are asked to provide answers to atomic challenges that rate and
compare a pair of social machine instances according to a dimension in our frame-
work. Such systems may serve as a useful adjunct to ongoing initiatives, such as
the Web Observatory initiative [52], which seek to observe the behavior of social
machines within the ecological environment of the Web [11].

The use of the taxonomic framework to characterize new social machine in-
stances is also a useful way of validating the framework. In particular, the attempt
to characterize novel social machines enables us to answer questions concerning
the generality (e.g., can we specify characteristics for all social machines?), accu-
racy (e.g., are the characteristics associated with a particular dimension mutually
exclusive for any given social machine, or can a social machine have multiple char-
acteristics on the same dimension?) and reliability (e.g., is the same system charac-
terized in the same way by multiple users?) of the framework.32 We may, of course,
discover at this stage that some putative social machines cannot be accommodated
within the taxonomic framework. This may point to an inadequacy of the frame-
work, or (more positively) it may indicate that the system in question is not, in fact,
a social machine. In other words, the taxonomic framework could (ultimately) serve
as a useful means of identifying bona fide members of the class of social machines.
There are a number of different methodologies in the knowledge engineering litera-
ture which describe the steps to be followed in order to carry out the validation, and
means to measure and analyze different validation criteria (see, for instance, [56]).

The use of the taxonomic framework to identify and characterize social machines
yields a range of benefits. Firstly, by situating social machines within the social ma-
chine morphospace, we are able to determine the degree of clustering within the
design space. We are able to answer questions concerning the extent to which ex-
isting systems are clustered together (like stars within a galaxy) or whether they are
more-or-less randomly distributed across the void. This helps to determine whether

31 Note that in the light of our definition, the ‘engineering’ of a social machine entails more than
just software development and deployment; it also includes the assembly of mechanisms that en-
able and encourage user engagement.
32 The reliability of the framework is indicated by inter-rater reliability metrics. Poor measures
of inter-rater reliability may indicate that some dimensions are more difficult to interpret, under-
stand or discern than others. This may call for the dimension to be refined or removed from the
framework.
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current design and engineering efforts are focused on particular regions of the design
space. Secondly, the population of the morphospace enables us to imagine as yet un-
realized forms of social machines. By supporting our ability to focus on previously
unexplored regions of the morphospace, the taxonomic framework is functioning as
a ‘cognitive scaffold’ for our imaginative efforts. Such efforts may feed into the de-
sign and development of new kinds of social machines. Thirdly, we can use the body
of data associated with the characterization of social machines in order to support
efforts aimed at identifying categories or classes of social machines (using quantita-
tive methods). We have alluded to a number of these categories earlier in the paper.
For example, as a result of the repertory grid analysis described in Section 4.1, we
made reference to ‘social networking systems’ and ‘media sharing systems’. Other
classes of social machine focus on certain vertical sectors, for instance ‘crime so-
cial machines’ [13] and ‘health social machines’ [55]. Clearly, the effort to develop
a hierarchically-organized set of social machine classes is an important focus area
for future work33, and it could feed into the aforementioned effort to develop a so-
cial machine ontology. Finally, the application of the taxonomic framework yields
a body of data that can be used to assess the relationship between particular combi-
nations of characteristics and a range of interesting properties relating to (e.g.) the
performance profile of the system and the size of its user community. These kinds of
properties tend to be ones that determine how ‘successful’ a social machine is (e.g.,
whether it is able to achieve the goals its designers originally intended it to achieve),
and thus the collection of correlational data is potentially useful in terms of guid-
ing the design and development of new machines, as well as configuring existing
ones. It should also be noted that the dimensions associated with the taxonomic
framework can serve as independent variables in the context of experimental efforts
intended to elucidate the relationship between particular characteristics and per-
formance outcomes. Such variables are particularly useful in the case of cognitive
social simulation studies where large numbers of cognitively-sophisticated agents
can be used to shed light on the complex interactions between factors spread across
the technological, informational, social and cognitive domains [48]. They can also
offer a useful empirical grounding for system designers and inform the engineering
and evolution of existing systems. One element of our future work in this area aims
to investigate the dynamics of social machines using a combination of multi-agent
simulation and cognitive modeling techniques (see [38]). From an engineering and
HCI perspective, we will analyze the data collected through the application of the
framework to derive best practices and guidelines for system design, which might
also prove useful for ongoing initiatives such as the Web Observatory initiative.

33 The process of identifying categories or classes of social machines is supported by the use of
statistical methods that are applied to the social machine morphospace. Cluster analytic techniques
are typically used to support the analysis (see Geiger et al [15] for an example of such techniques
applied to crowdsourcing systems).
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7 Conclusion

The recent growth and influence of the Social Web has led to an intensification of re-
search efforts to understand the nature and dynamics of Web-based socio-technical
systems. As part of these efforts, the term ‘social machine’ has emerged to help fo-
cus attention on a specific class of systems and to help delineate a range of theoreti-
cal, empirical and engineering issues. Although there is still no consensus regarding
the precise semantics of the term ‘social machine’, we suggest that the notion of a
social machine can best be understood in terms of particular processes (i.e., ones in
which our explanatory accounts need to advert to the details of social participation
and bio-technological coupling). We thus endorse the following definition of social
machines:

Social machines are Web-based socio-technical systems in which the human and techno-
logical elements play the role of participant machinery with respect to the mechanistic re-
alization of system-level processes.

As part of the effort to improve our conceptual understanding of social machines,
we have attempted to construct a taxonomic framework. This framework draws on
previous work that relied on the use of knowledge elicitation techniques to capture
information about the various dimensions along which extant social machines can be
deemed to vary [42]. We have extended this initial work by refining the set of elicited
dimensions and also identified discrete characteristics for each of the dimensions.
The result is a taxonomic framework consisting of a total of 33 dimensions and
106 characteristics. This framework defines a multi-dimensional design space – the
social machine morphospace – within which, it is suggested, all social machines
(extant or otherwise) can be accommodated.

The effort to develop a taxonomic framework is important for a number of rea-
sons. Aside from the rather obvious sense in which a taxonomic framework im-
proves our understanding of the similarities and differences between social ma-
chines, a taxonomic framework can help us to identify unexplored or under-explored
regions of the design space. It can also help to identify clusters of social machines
that denote conceptually-important classes or categories of social machines. Finally,
the taxonomic framework provides a set of variables that can be exploited in the con-
text of more empirical efforts. For example, some of the dimensions may serve as
the independent variables for experimental simulations undertaken as part of cogni-
tive social simulation [48] and computational social science [16] studies.

The research that is reported here forms part of a larger effort to establish a con-
ceptual foundation for social machine research. Given that the recent growth and
expansion of the Internet, particularly the Web, has been driven by the emergence
of systems such as Facebook, Twitter, YouTube and so on, all of which have been
regarded as social machines, the study of social machines is of crucial importance to
members of the Web and Internet Science community. In addition, the next genera-
tion of social machine systems have been implicated in a range of advanced capa-
bilities, including curing diseases, solving world hunger, and deriving strategies to
mitigate the effects of climate change [19]. This makes the study of social machines
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of interest to those concerned with our future individual and collective problem-
solving capabilities. Finally, social machines are of critical interest in terms of un-
derstanding the relationship between the Web and wider society. By supporting the
emergence of new forms of social interaction, organization and coordination, social
machines are progressively altering the way a broad array of social activities are
performed, ranging from the way we communicate and transmit knowledge, estab-
lish romantic partnerships, generate ideas, produce goods and maintain friendships.
This establishes the basis for more profound forms of social change in which social
machines progressively alter the organization and dynamics of our future society.
This potential to effect various forms of social change makes the topic of social ma-
chines an important focus of research attention for those working across a variety of
social science and engineering disciplines.
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Appendix

The following tables present the dimensions of the taxonomic framework for social
machines.

Table 2 Dimensions and characteristics for the category ‘motivational factors and incentive mech-
anisms’.

Dimension Description Characteristics

Motivation Type Specifies the type of motivation associ-
ated with user participation.

Intrinsic / Extrinsic

Form of Motivation Specifies the form of motivation associ-
ated with user participation.

Economic / Altruistic / Hedonic
/ Reputational / Instrumental /
Other

Reward Type Specifies the type of reward made for
user contributions.

None / Monetary Payment / Prize
/ Other

Reward Variability Specifies whether reward quantities are
fixed or variable. Variable rewards are
encountered when rewards are related
to individual or collective performance.

Fixed / Variable / None
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Table 3 Dimensions and characteristics for the category ‘technology and engineering’.

Dimension Description Characteristics

Open Source Status Specifies whether the technological el-
ements of the social machine are open
source.

Open Source / Not Open Source

Social Machine
Framework Status

Specifies whether the social machine is
derived from a generic framework, such
as MediaWiki, Diaspora or Ushahidi.

Based On Framework / Not
Based On Framework

Table 4 Dimensions and characteristics for the category ‘goal, task and process’.

Dimension Description Characteristics

Goal Variability Indicates whether the goal of the so-
cial machine is stable across the life-
time of the social machine, or whether
it is likely to change.

Fixed / Variable

Goal Visibility Indicates whether the goal is visible to
the human users of the system.

Visible / Hidden

Output Type Specifies the kind of output that results
from the processes performed by the
social machine.

Physical / Social / Cognitive / In-
formational

Output Ownership Indicates who owns the results of pro-
cess execution.

System Designer / Larger Com-
munity

Task Type Specifies the kind of task that is per-
formed by the system.

Evaluating / Organizing / Sharing
/ Networking / Creating / Other

Human Ability Specifies the nature of the primary hu-
man ability that is required as part of
the process.

Aesthetic / Emotional / Epistemic
/ Perceptual / Behavioural / Social
/ Moral / Cognitive / Linguistic

Combinatorial Strat-
egy

Specifies how the contributions of indi-
vidual participants are combined during
the course of process executiona.

Additive / Compensatory / Dis-
junctive / Conjunctive / Discre-
tionary

Input Validation
Mechanism

Indicates how individual user contribu-
tions are checked or validated.

Automatic / Manual / None

a These characteristics are derived from Steiner’s [47] categories of task independence.

Table 5 Dimensions and characteristics for the category ‘quality assessment’.

Dimension Description Characteristics

Quality Assessment
Mechanism

Indicates how the quality assessment
process is undertaken.

Automatic / Manual / Mixed /
None

Explicit/Implicit Na-
ture of Quality Crite-
ria

Indicates whether quality assessment
criteria are explicitly or implicitly spec-
ified.

Explicit / Implicit

User Involvement in
Quality Evaluation

Indicates whether users are involved in
the evaluation of process outcomes.

User Involvement / No User In-
volvement

Quality Criteria
Variability

Indicates whether quality assessment
criteria are fixed or variable over the
lifetime of the social machine.

Fixed / Variable
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Table 6 Dimensions and characteristics for the category ‘participation and interaction’.

Dimension Description Characteristics

Social Role Differ-
entiation

Indicates whether or not users have dif-
ferent roles within the system.

Social Role Differentiation / No
Social Role Differentiation

Functional Role
Variability

Indicates whether or not users are en-
gaged in different processes or the same
process as part of their participation in
the machine.

Functional Role Variability / No
Functional Role Variability

User Autonomy Indicates the extent to which users de-
cide what they work on and when they
work on it.

User Autonomy / No User Auton-
omy

Community Specifi-
cation

Indicates whether the user community
of the system is a subset of the total
population. A subset of users may be
based on a variety of characteristics,
such as demographic factors or the pos-
session of particular skills and abilities.

Specified / Unspecified

Task Atomicity Indicates whether the user engages in
atomic tasks, multiple tasks of the same
kind or a combination of tasks.

Atomic / Multiple Instance /
Combined

Control Flow Indicates the order in which the tasks
performed by multiple agencies are ex-
ecuted.

Sequence / Parallel / Split /
Synchronization / Asynchronous
Merge / Exclusive Choice / Itera-
tion

Visibility of User
Contributions

Specifies the visibility of user contribu-
tions to other users of the system.

Restricted / Unrestricted / Vari-
able

User Anonymity Indicates the extent to which participat-
ing users are required to provide per-
sonal information about themselves to
other users.

High Anonymity / Low
Anonymity

Response to User
Contributions

Specifies the kinds of ways in which
users respond to the contributions made
by other users. User contributions may
be enriched (e.g., via tagging) or modi-
fied. In addition, one user may respond
to the contribution of another user by
posting related content.

None / Enrich / Modify / Respond

User Process Aware-
ness

Indicates the extent to which users have
full knowledge of what is going on in
the system.

Local Awareness / Global Aware-
ness

Task Assignment
Policy

Specifies how tasks are assigned to
users of the system.

Random / Role-Based / Skill-
Based / Contribution-Based

Task-User Cardinal-
ity

Specifies the relationship between spe-
cific tasks and user assignments.

One-to-One / One-to-Many /
Many-to-Many / Many-to-One

Group/Individual
Assignment

Specifies whether tasks are assigned to
individuals or groups.

Individual / Group

Proportion of Active
Participants

Specifies the proportion of participants
that are actively involved in a process as
opposed to those who merely consume
the contributions of others.

High / Low / Balanced

Sociality Indicates the extent to which the system
supports social interaction with other
members.

High Sociality / Low Sociality
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