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Abstract

Macro-task crowdsourcing presents a promising approach to address wicked prob-
lems like climate change by leveraging the collective efforts of a diverse crowd.
Such macro-task crowdsourcing requires facilitation. However, in the facilitation
process, traditionally aggregating and synthesizing text contributions from the crowd
is labor-intensive, demanding expertise and time from facilitators. Recent advance-
ments in large language models (LLMs) have demonstrated human-level perfor-
mance in natural language processing. This paper proposes an abstract design for an
information system, developed through four iterations of a prototype, to support the
synthesis process of contributions using LL.M-based natural language processing.
The prototype demonstrated promising results, enhancing efficiency and effective-
ness in synthesis activities for macro-task crowdsourcing facilitation. By stream-
lining the synthesis process, the proposed system significantly reduces the effort to
synthesize content, allowing for stronger integration of synthesized content into the
discussions to reach consensus, ideally leading to more meaningful outcomes.
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1 Introduction

Grand (social) challenges like the global climate crisis and social issues that arose
during the COVID-19 pandemic are two examples of wicked problems (Introne
et al. 2013; Sahin et al. 2020). These important decision-making problems are
ill-defined and complex, often lacking a commonly agreed-upon definition or
cause of the problem (Ooms and Piepenbrink 2021; Rittel and Webber 1973). For
wicked problems, there is no definitive solution due to the divergent viewpoints,
intentions, and values of concerned stakeholders (Alford and Head 2017). Devel-
oping approaches for solutions to such complex problems requires more than just
one individual’s opinion. It requires close collaboration between (a group of)
experts who contribute their knowledge and expertise from different disciplines
to break down the problem into smaller sub-instances and address them, if at all
possible. A particular challenge is that on-site collaboration between globally
based and highly specialized experts is only possible in rare cases and usually
requires enormous resources. However, in a virtual or remote environment, struc-
tured procedures and support through digital technologies are vital for interacting
groups of experts to achieve good performance with regard to the given problem
(Gimpel et al. 2024).

Crowdsourcing (CS) platforms are a popular approach to, often digitally, dis-
tribute problems to a set of people (Arora and Thompson 2019). In CS, a diverse
crowd collaborates on a proposed task in a participative activity (Conklin 2006;
Cullina et al. 2015; Estellés-Arolas and Gonzalez-Ladrén-de-Guevara 2012).
To tackle wicked problems, a particular CS format called macro-task CS exists
(Robert 2019; Schmitz and Lykourentzou 2018). Macro-task CS combines the
interdisciplinary background of the often specifically selected participants with
a location-independent and time-independent setting (Gimpel et al. 2023b). The
goal is to reach a consensus among the participants regarding approaches to
addressing wicked problems. Therefore, aggregating the participants’ contribu-
tions is crucial (Blohm et al. 2013). To ensure success of CS platforms, facili-
tation is needed to offer structure, guidance, and monitoring (Adla et al. 2011;
Azadegan and Kolfschoten 2014). The facilitation process for macro-task CS is
currently very laborious, requiring lots of manual work and expertise (Franco and
Nielsen 2018). Due to the nature of wicked problems, one cannot simply select a
single contribution as the solution. Instead, the goal is to synthesize the panoply
of contributions into a differentiated report, carving out the consensus. This can
be seen as a bottleneck since the analysis, review, and aggregation of user-gen-
erated contributions—typically submitted as text—requires a major effort from
facilitators (Barbier et al. 2012).

With artificial intelligence (AI) breaking human text challenges (Wang et al.
2019) and gaining attention in productive settings (Daugherty and Wilson 2018),
researchers are looking toward using Al algorithms to support human facili-
tators. Overall, Al has great potential to be used in CS and assist with human
problem-solving (Rhyn and Blohm 2017b; Seeber et al. 2020). Yet, the extent
of Al-related literature in macro-task CS and its facilitation is still in its infancy.
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In recent years, Al algorithms have made noticeable advances, particularly in
natural language processing (NLP). NLP “is a [...] range of computational tech-
niques for analyzing and representing [...] texts at one or more levels of linguistic
analysis for the purpose of achieving human-like language processing for a range
of tasks” (Liddy 2001). State-of-the-art models can both understand natural lan-
guage and generate natural language (Vaswani et al. 2017). Popular are BERT,
BLOOM, LLaMA, GPT-3, GPT3.5, GPT4, or LaMDA, which are trained on vast
amounts of unlabeled text (Brown et al. 2020; Devlin et al. 2018; OpenAlI 2023).
These models are commonly called language models since they have an internal
representation of natural language. In tasks such as classifying, summarizing, and
answering questions, these models achieve close-to-human performance in terms
of textual quality (OpenAl 2023; Rajpurkar et al. 2018). They show great poten-
tial for unsolved textual problems and demonstrate generalizability across many
tasks, requiring little training data (Brown et al. 2020). With language models
and their understanding of text, very time-consuming tasks of CS facilitators such
as paraphrasing tasks, identifying similar ideas, or categorizing topics in a large
number of contributions could be made considerably more efficient so that facili-
tators could focus even more on the interpersonal interactions of the individuals
(Gimpel et al. 2023b). This might increase the speed of the entire CS process
and reduce human bias (e.g., when selecting key topics) in the group’s decision-
making. With the widespread renown of tools such as ChatGPT and LangChain,
utilizing language models is now accessible to a broader public. New informa-
tion systems (IS) may emerge capable of supporting text-oriented tasks. However,
research is only beginning to work with these potentials in the context of CS.

Research aims to improve CS facilitation by identifying spam, assessing contri-
bution quality, or judging participants’ engagement. However, macro-task CS is a
complex area for Al due to the limited amount of highly versatile contributions, the
nature of written language, and the crucial need for a consensus-enabling synthesis
of information (Tarmizi and de Vreede 2005). Although the existing research shows
great promise for using Al in CS, this process is barely supported apart from cluster-
ing approaches (Gimpel et al. 2023b; Rhyn and Blohm 2017a). It still requires valu-
able time from expert facilitators. In response, our design objective is to:

Design an Information System Integrating Natural Language Processing
Capabilities to Support the Synthesis Process of Macro-Task Crowdsourcing
Facilitation

We follow an action design research (ADR) approach, which can be seen as a
type of design research suitable to craft an IS through interactions with organiza-
tional context (Peffers et al. 2018; Sein et al. 2011). Based on a theoretically derived
in-depth understanding of the as-is synthesis process, we participated in four macro-
task CS initiatives initiated by the Massachusetts Institute of Technology Center for
Collective Intelligence (MIT CCI). We intervened in these initiatives by providing a
prototype of an iteratively evolved synthesis IS capable of supporting the synthesis
process for macro-task CS using NLP. We derived an abstract model of a synthesis
IS for macro-task CS, which was evaluated in seven semi-structured interviews. We
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further design a to-be IS-supported synthesis process. Our contributions build upon
existing theoretical knowledge but also reflect the influence of users and their use of
NLP-based IS in macro-task CS (Sein et al. 2011).

The remainder of the paper is structured as follows: Next, we present the theoreti-
cal background of our work and review related literature on CS and NLP. In Sect. 3,
we outline the paper’s underlying methodology. Subsequently, we present the design
of our artifact in Sect. 4 and evaluate it in Sect. 5. The paper concludes by discuss-
ing the implications for theory and practice, reflecting on the limitations of the work,
and drawing a conclusion.

2 Theoretical Background
2.1 Facilitation in Macro-Task Crowdsourcing

CS aims to distribute problems to more people, often through a digital platform
(Arora and Thompson 2019), and harness the intelligence of a collective (Howe
2008). Estellés-Arolas and Gonzalez-Ladron-de-Guevara (2012) describe CS as
“a type of participative online activity in which an individual, an institution, a
non-profit organization, or company proposes to a group of individuals of vary-
ing knowledge, heterogeneity, and number, via a flexible open call, the voluntary
undertaking of a task.” There is a wide range of non-mutually-exclusive CS vari-
ants like open innovation, citizen science, crowdfunding, micro-, and macro-task
CS (Hossain and Kauranen 2015). Macro-task CS is a variant to engage in more
complex and larger-scale problems, namely wicked problems (Geiger et al. 2012;
Gimpel et al. 2023b; Robert 2019; Schmitz and Lykourentzou 2018). Examples of
problems being approached by macro-task CS range from complex organizational
tasks (e.g., software engineering) to human challenges (e.g., global climate crisis)
and contemporary circumstances (e.g., COVID-19 pandemic). Following Gimpel
et al. (2023b), macro-task CS fundamentally differs from other CS variants in the
nature of the problem, the way how workers can contribute, the requirements on the
crowd, the necessary guidance, and the generated outcome. Tackling complex, ill-
defined problems that cannot be easily broken down into smaller parts, macro-task
CS necessitates diverse expertise and a facilitator to guide the collaborative process
effectively (Gimpel et al. 2020). It typically produces valuable but non-conclusive
approaches through iterative exchanges among (groups of) workers (Gimpel et al.
2023b). All participants in the macro-task CS initiative go through a process that
includes at least one exercise to create or find ideas and approaches to solutions.
This process can generally be summarized as depicted in Fig. 1, whose structure is
based on Zuchowski et al. (2016).

Due to the collaborative nature of macro-task CS, facilitation emerged as a prom-
ising set of activities to support the workers with their tasks and improve the overall
outcome of the macro-task CS initiative, ultimately increasing the chance to develop
solution paths for the overarching wicked problem (Gimpel et al. 2020, 2023a).
Facilitation offers structure, guidance, and monitoring to ensure the success of col-
laborative endeavors, often achieved by reaching a consensus among participants
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Fig. 1 The Process of Macro-Task Crowdsourcing Initiatives

(Adla et al. 2011; Azadegan and Kolfschoten 2014). The executing entity, called
the facilitator, plays a vital role as s/he is in charge of both: facilitating the macro-
task CS process and selecting meaningful actions that maximize the expected utility
from the generated content (Chan et al. 2016; Hornuf and Jeworrek 2023; Ito 2018;
Khalifa et al. 2002). The nature of macro-task CS requires that the underlying prob-
lem is investigated from multiple perspectives, as one cannot simply select a sin-
gle contribution as ‘the’ solution. Instead, the facilitator’s goal is to synthesize the
workers’ contributions into key topics or summarize the contributions to conclude
the sensemaking, for example, with a final report. Figure 2 depicts a generalized
understanding of how macro-task CS facilitators perform contribution synthesis.

Comparable to reviewing and synthesizing literature, the synthesis process for
macro-task CS is structured in multiple steps. Given the workers’ contributions
within a macro-task CS exercise, one approach is to cluster the contributions in the
first step. Second, these clusters serve as input to identify key topics, typically a set
of keywords. Third, towards the end of a macro-task exercise, either a summary for
each of the key topics is written, being input to the end of the process (e.g., voting
or discussion on the identified topics), or a summary synthesizes the whole process
and its content.

The contributions, clusters, or key topics are synthesized manually as a joint effort
between the facilitator and their team. Creating each synthesis requires human labor
and expertise from the facilitator or an expert on the problem under investigation.
Since relevant outcomes are used in the subsequent communication of the CS exer-
cise, a time-consuming revisiting of previous steps can delay CS exercises further
downstream and, in the worst-case, lead to the irrelevance of already created out-
comes. For example, altering a specific cluster requires re-reading the contributions
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Fig.2 Synthesis Process in Macro-Task Crowdsourcing
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and intensive dialogues with other team members. Constantly improving capabilities
of IS, especially with the advances of Al, pose a promising opportunity to speed up
the laborious process and potentially ease synthesis in macro-task CS as a whole.

2.2 Natural Language Processing for Facilitation in Crowdsourcing

Tackling these challenges in synthesizing macro-task CS facilitation requires tech-
nologies capable of semantically interpreting the workers’ contributions. Macro-task
CS often generates significant amounts of text (Walter and Back 2013). Traditional
machine-learning algorithms often have been of limited use, especially regard-
ing facilitation. NLP algorithm development builds the foundation that it plays an
increasingly important role in CS (Gimpel et al. 2020; Rhyn and Blohm 2017b).
The work by Mikolov et al. (2013) marked a caesura in NLP: With the word2vec
approach, it became possible to represent words in meaningful vectors. For instance,
the vector of ‘King’ minus the vector of ‘man’ results in the vector for ‘Queen.” Vas-
wani et al. (2017) marked another caesura with the transformer architecture of deep
neural networks. Unlike traditional models, which process input data sequentially,
transformers employ ‘attention’ to weigh the importance of each word or token in
the input sequence, allowing the model to attend to relevant information more effec-
tively. One significant advantage of the attention mechanism is its ability to capture
long-range dependencies in text, allowing the model to understand context more
comprehensively (Vaswani et al. 2017). By attending to relevant parts of the input
sequence, transformers can generate more accurate and contextually appropriate
outputs, improving tasks such as language translation, text summarization, and sen-
timent analysis. However, challenges remain, such as computational complexity and
the need for extensive training data. Compared to traditional embedding techniques
like word2vec, the attention mechanism provides a more flexible and context-aware
representation of words and phrases, facilitating more accurate and nuanced lan-
guage understanding. A well-known instantiation of the transformer architecture is
the Generative Pre-trained Transformer (GPT) by OpenAl (Brown et al. 2020).

Such models are called large language models (LLM) and are trained with bil-
lions of parameters on a significant amount of text, including books, Wikipedia, and
data crawled from Reddit. While NLP is a broad field of algorithmic language pro-
cessing, LLMs have become an important aspect of implementing NLP, but many
other approaches still exist. Rather than training a model for a specific single task,
the task is typically presented as input to an LLM. For example, ChatGPT, a con-
versational agent released by OpenAl, allows for easy access to LLMs. With that,
LLMs gained widespread public attention. The constant advancement of the models
demonstrates that these models exhibit consistently higher general intelligence than
previous Al models, even in challenging tasks (Bubeck et al. 2023; OpenAl 2023).

Using Al, especially NLP, is not new to the CS domain. Ramirez et al. (2019) uti-
lized a form of BERT to highlight statements in input documents to focus the work-
ers’ attention and help them with document labeling. One common problem in CS
revolves around whether or how the quality of a contribution can be assessed early
in the synthesis process (Beretta 2018; Blohm et al. 2013). Scholars aim to identify
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characteristics of contributions that hint at whether an idea is more promising than
others. Regarding text analysis, the degree of elaboration, the contribution’s senti-
ment, or the distance of the content to other contributions have been investigated
(Beretta 2018; Blohm et al. 2013; Lee and Seo 2013; Li et al. 2016) and specifi-
cally for CS facilitation, Rhyn and Blohm (2017b) proposed generic design artifacts
that aim at helping decision-making. Ito (2018) and Yang et al. (2019) used sen-
timent analysis and keyword highlighting to support facilitators during the facili-
tation process. Gimpel et al. (2020) endorsed CS facilitation by providing insights
on redundant contributions, key topics, and clusters. Even though the sum of these
approaches is promising, a holistically designed IS utilizing NLP for the synthesis
process of macro-task CS is missing. Building upon this knowledge, Gimpel et al.
(2023b) propose seven generic Al affordances that support facilitation in macro-task
CS, most of which are implementable with NLP.

3 Research Design

Our research aims to design an IS integrating NLP to support the facilitation of
macro-task CS regarding synthesis. We develop a nascent design theory subsum-
ing a broad class of potential artifacts (Baskerville et al. 2018) and guiding future
actions (Hevner and Park 2004) in CS facilitation. Our design theory comprises an
abstract model of a synthesis IS for macro-task CS, a to-be IS-supported synthesis
process, and four evolved instantiations of an NLP-based prototype tailored to this
process. This contributes to the IS community’s discourse (Baskerville et al. 2018;
Gregor and Hevner 2013) and is particularly relevant for practitioners to design
comparable IS (Sein et al. 2011). Combining action and design research, ADR is
a suitable research approach to create prescriptive design knowledge for innovative
IS artifacts, especially when new digital technologies or complex socio-technical
phenomena from practice are under investigation (Danneels and Viaene 2022). Ini-
tially designed and built artifacts (i.e., our prototype) are iteratively evaluated within
organizational interventions with practitioners and potential end-users. Concomitant
reflections help to draw learnings from these interventions, leading to a co-creation
between research and practice (Sein et al. 2011). Figure 3 summarizes our research
design comprising four stages (i.e., (1) problem formulation, (2) building, inter-
vention, and evaluation (BIE), (3) reflection and learning, and (4) formalization of
learning) following Sein et al. (2011). As an organizational context, we utilized the
MIT CCIT to participate, observe, and intervene in four macro-task CS initiatives.
Problem Formulation. The introduction provides information on the problem in
focus and outlines our design objective. In line with the ADR principle of practice-
inspired research, we illustrated that leveraging NLP, specifically with LLMs, cur-
rently shows high potential in CS. To develop a broad understanding of the macro-
task CS process, we performed a systematic literature search on macro-task CS
(vom Brocke et al. 2015). As for the ADR principle of theory-ingrained artifacts,
our prototype and abstract model are informed by existing descriptive knowledge
related to NLP, facilitation, and the synthesis process in macro-task CS, even though
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Problem Formulation
Reflection and Learning

* Identify natural language processing and language = Choose IT-dominant BIE form to iteratively create a ® Real-life interventions to perform regular onsite
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models as technological advances synthesis information system for macro-task evaluations and reflections on the proposed design
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literature search and practical insights co-conducted by (blinded for review) and = Discuss results in light of the macro-task
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crowdsourcing for macro-task crowdsourcing = Efficiency improvements to reach consensus among

= Information system supported synthesis process in participants of macro-task crowdsourcing initiatives
macro-task crowdsourcing

Fig.3 Research Design Based on Sein et al. (2011)

the literature on designing IS for supporting (macro-task) CS facilitation remains
scarce.

Building, Intervention, and Evaluation. To develop our synthesis IS, we followed
the IT-dominant BIE, which required evaluating an alpha version of our artifacts
against the assumptions, expectations, and knowledge of practitioners (first design
cycle) as well as evaluating a beta version with end-users in a broader organizational
setting (second design cycle). During this ADR stage, we participated in four macro-
task CS initiatives (see Table 1) requested by four firms and organized by MIT CCI.
We chose these four CS initiatives because of their focus on complex real-world
phenomena and the resulting need for many diverse and global participants. Other
CS initiatives would have been available and observable, but the potential level of
intervention would have been substantially lower due to external restrictions. During
the initialization of each initiative, the problem was summarized in a concise wicked
problem by the MIT CCI that allowed a topic-specific setup of the CS platform and
the recruitment of suitable workers. We built a synthesis IS that evolved after each
of the four initiatives regarding the maturity of synthesis capabilities to support the
facilitator(s) and their team(s). We intervened in the four macro-task CS initiatives
by providing the synthesis IS, actively participating in internal meetings, helping the
facilitators and their supporting teams, and proposing avenues to improve the macro-
task CS synthesis process. We iteratively collect feedback from practitioners within
the MIT CCI organization on the changes in the synthesis process induced by our
artifacts. The first three CS initiatives CI1 to CI3 served to develop three alpha ver-
sions of our artifact (synthesis IS), based on which we designed an abstract model of
an IS capable of supporting the synthesis of macro-task CS. After carefully deliber-
ating the practitioners’ feedback and with OpenAI’s GPT-3 (Brown et al. 2020), we
developed a beta version of the synthesis IS using the data of the CI4 example. The
instantiations of the prototype served to demonstrate the technical feasibility of the
abstract model. Both artifacts are evaluated within seven semi-structured interviews
with CS, facilitation, and Al experts regarding comprehensiveness, exhaustiveness,
applicability, meaningfulness, and level of detail (Sonnenberg and Brocke 2012).
These experts, three of which were at some point part of the CS initiatives, can be
seen as potential end-users of the synthesis IS. We included four additional experts
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to enhance our artifacts with an outside-in perspective to improve external validity.
This real-world feedback enabled us to further refine our abstract model and synthe-
sis IS. Due to the intensive collaboration with practitioners and end-users from mul-
tiple organizations, we meet the ADR principles of reciprocal shaping and mutually
influential roles.

Reflection and Learning. The third ADR stage was conducted in parallel to the
former two stages. As we integrated the feedback of practitioners and end-users, we
continuously reflected on our artifacts and analyzed the intervention results against
the design objective. Observing and analyzing facilitators’ activities within four
macro-task CS initiatives could deepen our understanding of the problem during
the problem formulation stage. We also gained insights and feedback on how our
macro-task CS synthesis IS could be practically instantiated based on its abstract
model. Therefore, the refined beta version reflects the preliminary design, the organ-
izational shaping, and the practitioners’ feedback, meeting the ADR principle of
guided emergence.

Formalization of Learning. The fourth stage aims to formalize what we have
learned throughout our study. In line with the ADR principle of generalized out-
comes, specific-and-unique learnings must be further developed into generic-and-
abstract solution concepts (Sein et al. 2011). To do so, we condensed our insights by
summarizing our design theory using a structure as proposed by Gregor and Jones
(2007). We also refer to the generalized elaborations on our artifacts in the upcom-
ing sections.

4 Artifact Description

Based on understanding the synthesis process in macro-task CS and the manual
effort that comes with it, we derive our artifact, an abstract model of a synthesis IS
for macro-task CS. We also propose an update for the synthesis process to integrate
the synthesis fully in an IS. Additionally, we instantiate our synthesis IS to demon-
strate the approach’s feasibility.

4.1 Natural Language Processing Synthesis Information System for Macro-Task
Crowdsourcing

Our artifact was continuously developed throughout the four CS initiatives. Starting
from a prototype to demonstrate the proof-of-concept to support the facilitator, it
gradually improved regarding multiple aspects (alpha version). Finally, the proto-
type iterations and corresponding use defined an abstract model for the synthesis IS
and process (beta version).

The goal of CI1 was to predict and explain potential system-level changes to
enhance global sustainability. Regarding synthesizing the content on the plat-
form, the goal was to help the facilitator assess the content more quickly through
NLP support so that the facilitator can foster exchange among participants.
The software prototype used embeddings to identify duplicate or too similar
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contributions, create clusters of contributions (and propose corresponding top-
ics for the clusters), and determine the thematic background of the contributions
to assess the bandwidth of the discussion. The data was exported from the plat-
form in the CSV format to run the prototype, and the prototype (implemented in
Python) was run manually. It did create a report (i.e., a spreadsheet). The facili-
tation team then used the report as input for the facilitation actions and consid-
ered the input to be very helpful. Details can be found in Gimpel et al. (2020).

Due to the value the prototype added in CI1, it was reused in CI2. A major
focus in this iteration was, on the one hand, the automatization of the existing
artifact so that usability increased and reports could be created in an automated
manner. On the other hand, slight adjustments in the tool’s functionality were
implemented. These were enhanced performance in text pre-processing (i.e.,
stemming, lemmatization, and stop-word filtering) so that results become more
meaningful and visualization of keywords in a word cloud to increase acces-
sibility to the content. The prototype was primarily used between the process
phases to consolidate and densify the discussions, carving out the nucleus of
agreement. Selected details are provided by Gimpel et al. (2023b).

In CI3, for similar reasons as in CI2 and as the prototype delivered valua-
ble input to the process, automatization and based on the requirements of the
practitioners, features of the prototype were enhanced. Automation-wise, the
prototype became available as a web app directly using the data from the CS
platform via an application programming interface. This allows the facilitation
team members to view the report with real-time data. In that way, the report
also became interactive regarding specific analysis parameters such as cluster
density. Functionality-wise topic modeling, co-occurring keywords, and social
network analysis have been added. The facilitation team used the prototype daily
in their discussions and actions. Selected details are presented in Gimpel et al.
(2023Db).

Finally, in CI4, the research team decided to replace the underlying language
model. Instead of utilizing word embeddings, which are more suited for descrip-
tive language tasks, we transitioned to using a GPT-3 model—at the time of Cl4,
GPT-3 stood as OpenAl’s latest publicly available LLM. The decision to make
this switch was motivated by several factors. First, GPT-3 was already recog-
nized as a robust LLM that promised notably enhanced performance compared
to its predecessors. Second, the GPT model offered a more nuanced contextual
understanding of the crowdsourced content due to its transformer architecture
than the previous embedding approach. Third, while vectors can be linked back
to words in the text, word embeddings do not exhibit text generation capabili-
ties, which improve content synthesis. Lastly, GPT models allow for more versa-
tile tasks as they generate output based on a given prompt rather than executing
pre-defined operations for vectors. Specifically, the prototype provided full-text
summaries of topics as a new output type, reducing the facilitator’s need to pro-
duce the text.
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4.2 Abstract Model of a Synthesis Information System and its Processual
Embedding

We present an abstract design of a synthesis IS in Fig. 4, developed based on
insights and feedback from four CIs. Throughout the four CIs we have used
NLP-techniques for synthesis. The result from the ADR process is our abstract
design, which is geared towards LLM, as LLMs offer great versatility regarding
synthesizing content. Nevertheless, the use of other NLP techniques is possible.
The figure outlines the relevant constructs and their interactions that need to be
incorporated into the synthesis IS. The problem context serves as the starting
point for the synthesis IS, defining the macro-task and all relevant background
information (Pedersen et al. 2013; Zuchowski et al. 2016). LLMs usually have a
cut-off point for their training, i.e., events and developments may not be part of
the training data. For example, an LLM trained in 2019 would not have specific
knowledge about COVID-19. In such cases, where context is important, relevant
background information needs to be specified. Based on the context, the design
of the CS platform and its underlying process is defined, i.e., what kind of sub-
questions will be asked or which process patterns the process needs to implement
(Pedersen et al. 2013; Rhyn and Blohm 2019; Zuchowski et al. 2016). Addition-
ally, to a certain extent, the context defines the facilitation goals like support-
ing cross-fertilization among the participants (Gimpel et al. 2020; Tarmizi and de
Vreede 2005), supporting group discussions (Ito 2018; Yang et al. 2019) or carv-
ing out consensus. Due to the facilitator’s importance and influence on the crowd
(Griffith et al. 1998), these goals need to be chosen wisely. The three constructs,
problem context, facilitation goals, and platform, are essential to the language
model (typically instantiated by an LLM). Background information enriches the
language model and can improve its output quality. Facilitation goals need to fit
the capabilities of the language model, e.g., if summarization is essential, the
chosen language model needs to be capable of such a task. The platform deliv-
ers the input to the language model, which proposes artifacts. The artifacts can
take varying forms, as the functionalities of the four iterations demonstrate. Since
the initially generated artifacts might not fit the desired style or level of detail
the facilitator expects, the facilitator needs to have the opportunity to edit the
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Fig.4 Abstract Model of a Synthesis Information System for Macro-Task Crowdsourcing

@ Springer



Advancing Content Synthesis in Macro-Task Crowdsourcing...

synthesis artifacts. Information on the edited artifacts is then fed back to the lan-
guage model to incorporate the preferred style and abstraction level for future
iterations.

The theoretical background outlines that synthesis is often a manual task. We
aim to update that synthesis process by proposing a synthesis IS design to ensure
both artifacts are aligned. The updated visualization of the synthesis process is
presented in Fig. 5. Due to the integration of the synthesis IS, we refer to it as an
IS-supported synthesis process. In the updated process, contributions remain the
input to any synthesis artifact. Instead of linearly creating clusters, identifying
key topics, and summarizing the input, the synthesis IS, with its understanding of
natural language, can produce these artifacts independently, thus eliminating the
linearity in the process. Hence, the facilitator’s experience should directly feed
into the generation process, allowing for multiple iterations without the costs of
revisiting a previously executed task, i.e., writing a summary based on differently
cut clusters and key topics. Furthermore, it allows the facilitator to start synthe-
sizing before submitting all contributions. Topics can be altered, or new topics
can be added, even at a later stage, since summary proposals can be immediately
generated. On a side note, the importance of clusters noticeably decreases in this
context, as experience shows they are instead a means to an end to identify the
key topics. Implementing an IS frees up resources (e.g., in the supporting teams),
which could improve the summaries or be spent on communicating the outcomes.

Concerning state-of-the-art LLMs and the operationalization of a synthesis IS
and the corresponding synthesis process, frameworks for building LLM-powered
applications, such as LangChain, offer great possibilities. Embedding the contri-
butions and comments and feeding them into a so-called chain allows to specifi-
cally refer to the text corpus relevant to the CS process. For each type of synthe-
sis artifact, a chain could be defined so that it can be reused. The main component
of the chain, a prompt template, could even be shared among facilitators and con-
tinuously improved (corresponding to the feedback loop between the synthesis
artifact, facilitator, and language model). The possibility of chains to memorize
allows the facilitator to feed the problem context and facilitation goals into the
language model and the executed chains.

Legend:
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Fig.5 IInformation System Supported Synthesis Process in Macro-Task Crowdsourcing
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5 Artifact Evaluation

As is the nature of ADR, the design and corresponding evaluation are executed in
cycles. Throughout four CIs, we have developed a prototype to help facilitators syn-
thesize the context of the participants’ contributions. Within each iteration, we fol-
lowed the evaluation strategy “technical risk and efficacy” proposed by (Venable
et al. 2016). We initially developed and tested technical functionalities formatively
and then summatively in an artificial setting before moving into a more naturalis-
tic setting, i.e., the CS initiative. The prototype was used for the respective itera-
tion and was further developed based on the insights gained during each iteration.
CI1 Gimpel et al. (2020), CI2, and CI3 Gimpel et al. (2023b) give insights into the
aspects that have been in focus for early prototype versions in the alpha cycle. Over-
all and, for the development of the (model of the) synthesis IS, we followed the
“human risk and effectiveness” strategy as we evaluated the usefulness of the syn-
thesis IS in a naturalistic setting. The focus from evaluation moved from focusing on
single functionalities to the system as a whole.

From using the prototype in its intended context, the research team profited from
valuable feedback on the prototype’s design and functionalities, and the facilitation
team (i.e., practitioners) profited from the output created. Particularly, the facilita-
tion team did save a significant amount of time as it made a noticeable difference
(effort- and timewise, but also regarding potential personal biases) to them whether
they had to start from scratch when creating a synthesis or when to iterate a pro-
posed solution. Still, we have noticed that the facilitators see great value in giving
the synthesis a specific notion of why the feedback loop into the language model is
essential. Altogether, the prototype has demonstrated its usefulness in practice.

Hence, we propose an abstract model of a synthesis IS and a synthesis process
based on the evolved prototype. To validate the abstract design of both artifacts,
we conducted seven semi-structured interviews, according to Myers and Newman
(2007), with seven experts to receive open-ended feedback and reciprocally shape
our artifacts (Sein et al. 2011). Regarding the sample size, we follow Guest et al.
(2006), who state that the basic elements for meta-themes already have become pre-
sent within six interviews of a study. The experts selected for the interview are listed
in Table 2 and were chosen based on their backgrounds. The aim was to hear experts
from the CS and Al domains. Depending on the expertise of the experts, the focus

Table 2 Overview of Exper t # Position Expertise Duration

Interviews Conducted in the

g ;zilin and Implementation 1 Researcher Crowdsourcing facilitation 48 min
2 Researcher Al application 73 min
3 Computer engineer  Crowdsourcing platforms 58 min
4 Senior researcher Group collaboration 48 min
5 Alresearcher AT application 79 min
6 Alresearcher Al application 78 min
7  Alresearcher Al application 69 min
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for each interview was set individually. In advance, we send each interviewee a one-
pager describing our research goal and necessary definitions. Each interview is con-
ducted in the native language of the interviewee and recorded with consent. During
the interviews, we share a prepared presentation to be able to optionally ask ques-
tions before showing our artifact and take additional notes.

The interviews started with a short introduction of the research project, explain-
ing the interview’s purpose and discussing definitions to achieve a mutual under-
standing of CS facilitation and AI. After discussing how the synthesis process in
macro-task CS could change by introducing an Al-based facilitation system into
macro-task CS, we present our IS-supported synthesis process in macro-task CS.
We ask open-ended questions about comprehensiveness, exhaustiveness, applica-
bility, meaningfulness, and level of detail to evaluate our visualization. Finally, we
evaluated the abstract model of a synthesis IS for macro-task CS by discussing the
visual representation of the model with the interviewees.

5.1 Abstract Model of a Synthesis Information System for Macro-Task
Crowdsourcing

The experts consider the elements and interactions relevant and realistic. They also
stress that the feedback loop is an essential element. We identify mainly three rea-
sons for that. First, regardless of the experience the interviewees had with NLP or
LLMs, they acknowledge the advances in this field; however, there is no blind trust
in the produced artifacts. The possibility of refining the proposed artifacts miti-
gates these concerns. Second, the opportunity to (semi-) automate an effortful step
like content synthesis allows for greater focus on using the synthesis for facilita-
tion purposes. One expert, having a background in Al rather than CS, even hypoth-
esized that auto facilitation would become possible with an IS like that. Third, it
gives more flexibility in the synthesis process so that the artifacts can be modified
with any new task. Single experts raised concerns about the level of detail and a
definition of when the facilitation goals are achieved. While some have mentioned
that the level of detail is just fine, others have argued they would have wished for
details on hard- and software components. We consider the level of abstraction to be
accurate, especially as it is abstracted from specific language models and platform
architectures. Instead, the interplay of the components is relevant, given the speed of
implementation of new LLMs. Regarding a definition of fulfilled facilitation goals,
nothing has changed from the non-automated status quo, as auto-generated synthesis
artifacts could be used the same way as manually generated ones. Hence, they are
used the same way as before.

5.2 IS Supported Synthesis Process in Macro-Task Crowdsourcing

Our interviewees agree with the depiction of the synthesis process, particularly
with the evolutionized version of the process, which breaks linearity in that context.
However, discussions revolve around the justification for the relevance of clusters,
particularly in the IS-supported synthesis process. The experts agreed that clustering
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is only an effortful intermediate step in a manual workflow to identify key topics.
The result of the clustering is barely communicated directly. Having the chance to
generate key topics straight away makes that step obsolete. Additionally, the fact that
one contribution can only be part of one cluster bears the risk that some topics are
unseen. Alternate ideas were that an (elaborate) contribution could be part of mul-
tiple clusters, which is technically seen not clustering. It rather refers to the concept
of key topics but with a set of contributions rather than a short description. Also, in
that case, the relevance of clusters diminishes. Another remark was that participants
assign new or existing contributions to pre-defined clusters in some CS process vari-
ants. This variant is of secondary importance for the given case since clustering is
rather not used for synthesis in this context. Moreover, the process we have designed
does not contradict that process variant, as the input for the synthesis can be cho-
sen freely. As for the abstract model of the synthesis IS, the interviewees particu-
larly agree that human expertise is explicitly part of the process, not just the abstract
model (see feedback loop). Besides the arguments mentioned above, it highlights
that synthesis is a joint artifact of the facilitator and the synthesis IS, allowing the
facilitator to set a focus while being prevented by the synthesis IS from overseeing a
topic. One expert mentioned that the IS could generate or at least support contribu-
tions (or suggest meta-topics). We consider this out of the scope of this paper as this
is a fundamentally different CS process.

6 Discussion and Contribution
6.1 Theoretical Contribution

With this paper, we contribute a theory for design and action (type V) that can be
classified as a “level 2 nascent design theory” that produces knowledge in the form
of operational principles (Gregor 2006; Gregor and Hevner 2013). The contribution
can be considered as exaptation in the sense of Gregor and Hevner (2013), as NLP
is not a new phenomenon, and the latest models exhibit human-like performance on
select tasks. However, their usage in macro-task CS has not yet been established.
Regarding literature, our contribution refers to improving the evaluation/aggregation
phase, as Zuchowski et al. (2016) defined. In this step and as a major aspect of facili-
tation, access to content created by the participants is essential—often to aggregate
the content (Gimpel et al. 2023b). While the facilitator can still read through all con-
tributions, our approach of IS-supported synthesis allows the facilitator to access the
content aggregated even if s/he has not read a single contribution. Gregor and Jones
(2007) suggest that a design theory should have eight components. Table 3 uses this
structure to summarize the level 2 design theory originating from this study.

This design knowledge is the core theoretical contribution of the present paper.
The paper describes two new artifacts and gives insights into prototypical imple-
mentation. The synthesis of content is a crucial step in building consensus among
stakeholders. First, it contributes a synthesis IS that uses NLP to allow for a more
efficient way of synthesizing content in macro-task CS (Rhyn and Blohm 2017b). It
outlines the relevant actors, elements, and interactions that a synthesis IS needs to
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Table 3 Eight Components of a Design Theory (Gregor and Jones 2007) in This Study

Component Description

Purpose and scope Design an IS integrating NLP capabilities to support macro-task CS
facilitation synthesis to foster stakeholder consensus

Constructs Relating to purpose and scope: Synthesis IS, NLP, macro-task CS
Relating to the abstract model: Problem context, facilitation goals,

language model, CS platform, synthesis artifact

Principles of form and function We provide an abstract model of a synthesis IS and the corresponding
synthesis process in the context of macro-task CS

Artifact mutability The CS platform, the facilitation goals, and the problem context define
what language model should be used in the synthesis IS. The design
remains valid regardless of the implemented language model

Testable propositions Implementing the synthesis IS and using it for topic generation and
content summarization tasks leads to valuable synthesis artifacts in
less time

Justificatory knowledge Extant knowledge of macro-task CS, facilitation in macro-task CS, and
NLP in CS

Principles of implementation A CS initiative hosting a synthesis IS should align with the abstract
model presented in this paper. Essential for this is the access to data
on the CS platform and the availability of a suited language model.
The facilitator needs to be able to feed into the problem context and
the facilitation goals and feedback the created artifacts

Expository instantiation A prototypical instantiation of the abstract design has been applied to
data from previous CS initiatives

incorporate to be of value in the macro-task CS context. Technical feasibility is dem-
onstrated by implementing the IS in a prototype and applying it throughout four ClIs.
Our model of the synthesis IS is an abstract representation of such. Based on that, it
offers guidance to the implementation of such instantiations. Further, by focusing on
so-called chains, the logic and structure of synthesis artifacts can be exchanged with
corresponding prompts. With that synthesis artifacts can be universally defined,
refined, and reused. Researchers from other group decision making environments
can use this design knowledge to enhance existing consensus building systems lev-
eraging the demonstrated capabilities of NLP respectively LLMs. Second, the paper
contributes an IS-supported synthesis process in macro-task CS, which outlines the
impact of the synthesis IS on the manual synthesis process—deepening knowledge
in this regard (Gimpel et al. 2023b; Zuchowski et al. 2016). The IS-support breaks
up the linearity in the manual process, and iterations of the synthesis require less
manual effort and offer the potential to be repeated, giving new notions to synthe-
sis in the facilitation process. While the use of Al in micro-task CS (e.g., finding
synonyms or labeling images; cf. Gimpel et al. (2023b)), particularly for automa-
tion, is not entirely new, macro-task CS has been lacking. Hence, unified theories for
both types of CS are lacking. With this work, we contribute a first step towards the
broader use of Al in macro-task CS and start bridging the automation gap between
micro-task and macro-task CS. This can include applying our research to micro-task
CS exercises by combining them with different approaches to ensure contribution
quality and uniqueness with the facilitator maintaining control while increasing
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efficiency (Gimpel et al. 2020; Rhyn and Blohm 2017b). In addition, we took a fur-
ther step towards IS-supported facilitation, which also provides prescriptive schol-
arly starting points for synthesis activities within expert group collaboration.

6.2 Practical Implications

Our research has several practical implications for facilitation and Al practitioners
in CS. Our prototype shows NLP’s potential to improve the efficiency and effec-
tiveness of synthesis during facilitation for facilitators. Our prototype can reduce
bias and offer inspiration by proposing topics without requiring fixed clusters or a
manual review. For summary creation, the prototype provides an asynchronous way
to investigate topics and reduce the workload of writing summaries. In both cases,
the facilitation team can work on the synthesis with hardly any additional effort. The
same applies to additional content that is created. Hence, content synthesis, also to
carve out consensus, is becoming an instrument in facilitation that could be used
far more frequently than only at the end of the contribution phase. The advent of
state-of-the-art LLMs promises great potential regarding textual quality. Besides the
higher degree of automation, allowing for multiple iterations of synthesis, the role of
the facilitator remains important in macro-task CS. Instead of laboriously generating
topics and summaries, they focus on fine-tuning the synthesis for the process out-
come in a feedback loop. Understanding users’ needs (i.e., facilitators in CS) could
also deliver valuable insights that are useful when new (versions of) language mod-
els are being developed, or existing models are fine-tuned towards specific contexts.
The flexibility of text prompts and the ability of few-shot learning, hardly requir-
ing any training (Brown et al. 2020), should also lead to less implementation effort
compared to traditional feature-based approaches as formerly training data was
inevitable and scarce to utilize an NLP approach. With that, the variety of poten-
tial tasks and the flexibility to adjust tasks increases, and the focus shifts towards
prompt engineering, presumably increasing the quality of the output, i.e., the syn-
thesis. A collection of synthesis prompts allows one to share them among experts to
use high-quality prompts. With that, access to less experienced facilitators can also
contribute, noticeably reducing the former bottleneck. Consequently, the application
of NLP to CS adds significant value.

6.3 Limitations and Outlook

Our study involves some limitations, which we hope will stimulate further research.
First, even though we carefully chose the abstraction level for our artifacts, Al, par-
ticularly NLP research, is dynamic and ongoing. Future advancements in that field
need to be taken into consideration. Second, we focus on the context of macro-task
CS only, leaving out other kinds of CS. Thus, any applicability to other forms of
CS, such as micro-task CS, needs to be investigated, and findings should be inte-
grated into our abstract model. To drive automation and improve facilitation, schol-
ars could apply our artifacts to more workflows, activities, or exercises in the context
of CS, building the foundation for a design that applies to all types of CS and CS
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activities. Third, one must remember that LLMs still have a limited input size and
drawbacks in that not arbitrary amounts of context can be considered, but still, some
focus on subsets of text is required.

Looking to the future, LLMs that become more capable of various tasks could
interact with the facilitator and advise the participants while writing their contribu-
tions. Facilitating a macro-task CS could check the quality of a contribution based
on pre-defined criteria or suggest related contributions. Another scenario might
be question answering (to the facilitator or the participants) on already submitted
contributions, eventually providing extra information. Lastly, an instantiation of an
LLM could also contribute as a participant to the idea pool by generating submis-
sions by itself, leveraging hybrid intelligence (Dellermann et al. 2019).

7 Conclusion

As a major step in building consensus, synthesis is a crucial mechanism in macro-
task CS, which is currently a linear and laborious process. This paper establishes
an abstract model for a synthesis IS, breaking the synthesis process’ linearity. To
achieve this end and create meaningful insights, we have developed and iterated a
prototype for synthesizing content and derived an abstract model in close collabora-
tion with practitioners. In addition, we involve seven experts from the domains of Al
and CS in an ADR process. Our findings are relevant to the body of Al-related CS
research, contribute to the macro-task CS facilitation literature by offering signifi-
cant improvements to the existing workflow, and start to address the automation gap
between aggregation in micro-task and macro-task CS. Our artifacts guide facilita-
tion practitioners in implementing language models in their efforts and offer results
to ensure technical feasibility. Together with what we have learned, our prototype
can serve as a basis for instantiating our work in CS environments. Overall, our
results suggest improving the efficiency and effectiveness of macro-task CS facili-
tation. Therefore, our research may ultimately contribute to improved engagement
with wicked problems.
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