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Abstract
Crowdsourcing provides a flexible approach for leveraging human intelligence to solve large-scale problems, gaining widespread acceptance in
domains  like  intelligent  information  processing,  social  decision-making,  and  crowd  ideation.  However,  the  uncertainty  of  participants
significantly  compromises  the  answer  quality,  sparking  substantial  research  interest.  Existing  surveys  predominantly  concentrate  on  quality
control  in  Boolean  tasks,  which  are  generally  formulated  as  simple  label  classification,  ranking,  or  numerical  prediction.  Ubiquitous  open-
ended  tasks  like  question-answering,  translation,  and  semantic  segmentation  have  not  been  sufficiently  discussed.  These  tasks  usually  have
large to infinite answer spaces and non-unique acceptable answers, posing significant challenges for quality assurance. This survey focuses on
quality control methods applicable to open-ended tasks in crowdsourcing. We propose a two-tiered framework to categorize related works. The
first tier presents a comprehensive overview of the quality model, covering essential aspects including tasks, workers, answers, and the system.
The second tier further refines this classification by breaking it down into more detailed categories: ‘quality dimensions’, ‘evaluation metrics’,
and ‘design decisions’.  This breakdown provides deeper insights into the internal structure of the quality control model for each aspect.  We
thoroughly investigate how these quality control methods are implemented in state-of-the-art works and discuss key challenges and potential
future research directions.
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■ 1  Introduction
Posting  questions  online  and  receiving  answers  from  other  users
become  much  easier  for  internet  users  in  the  era  of  modern  web
technologies.  In  this  context,  internet  participants  are  afforded
considerable freedom to provide open-ended responses for  a  variety
of  open-ended  tasks.  The  term ‘open-ended’ refers  to  the  nature  of
not  being  confined  to  specific  answers  or  solutions,  allowing
contributors  to  offer  diverse  and  creative  inputs.  Specifically,  in
open-ended  tasks  or  questions,  there  are  no  pre-set  answer  options
that  restrict  participants’ responses.  Contributors  can  freely  express
detailed,  insightful,  or  innovative  answers  based  on  their
understanding,  experience,  or  creativity.  As  a  result,  open-ended
crowdsourcing  has  been  widely  adopted  for  collecting  data  [1]  for
artificial intelligence models that require large-scale labeled datasets
such  as  text  translation  [2–4],  image  segmentation  [5],  image
captioning  [6],  and  object  recognition  [7–12].  Open-ended
crowdsourcing also enables the solution of complex tasks that are not
possible  yet  to  solve  through  automatic  methods.  For  instance,
workers  in  open-ended  crowdsourcing  tasks  collaborate  to  write
novels [13], solve mysteries [14], and create taxonomies [15].

In  addition  to  the  potential  in  solving  complex  tasks,  there  are
several  reasons  why  open-ended  crowdsourcing  is  of  great
significance.  First,  it  allows  for  the  acquisition  of  fine-grained
information.  Compared  to  Boolean  crowdsourcing  [16,17],  open-
ended crowdsourcing  is  an  efficient  way to  introduce  more  detailed
information  to  the  computing  system.  For  instance,  image
segmentation,  a  typical  open-ended  task,  is  crucial  for  scene
understanding.  Rather  than  assigning  a  single  label  to  an  entire
image,  the  segmentation  task  essentially  requires  fine-grained
annotations  from  crowd  workers  to  identify  the  location  and
segmentation  boundaries  of  sub-targets  within  an  image  through
pixel-level labeling. Second, it is cost-effective. For example, given a
set  of  3D-point  cloud data,  employing a  few experienced experts  to
annotate  the  target  objects  is  costly  and  inefficient,  while  posting
open-ended crowdsourcing tasks on crowdsourcing platforms is more
effective in terms of time and cost.

As  a  result,  both  industry  and  academia  have  utilized  open-ended
crowdsourcing  to  tackle  complex  tasks  due  to  its  capabilities.  For
instance,  in  terms  of  advancing  computer  vision  technology,  crowd
workers are employed to provide fine-grained image information by
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annotating the category of interrelated pixel points in the image, such
as  object  boundaries.  A  notable  accomplishment  in  this  field  is
Visual  Genome  [18],  which  has  become  a  critical  benchmark  for
related research and applications (e.g.,  image segmentation [19] and
Autopilot system [20]). In scientific research, citizen participants are
generally  asked  to  provide  open-ended  answers  to  scientific
questions. For instance, in disease diagnosis tasks, diagnostic reports
with  different  concerns  and  diverse  language  styles  may  be
collaboratively  generated  by  crowd  workers  [21].  Consequently,
citizen science projects have addressed numerous challenges in areas
such  as  astronomical  observation  [22],  protein  folding  [23],
biological  population  analysis  [24],  and  disease  diagnosis  [21].  For
knowledge  production,  over  80  million  Wikipedia  users  have
collaborated  to  write  nearly  200  million  entries  [25]  in  various
expressions,  writing  styles  and  even  languages.  Therefore,  open-
ended  crowdsourcing  is  emerging  as  an  indispensable  approach  for
accomplishing  large-scale  complex  tasks  with  low  cost  and  high
efficiency.

Consequently, the core issue in open-ended crowdsourcing is how
to  enhance  the  quality  of  responses  through  statistical  modeling  or
mechanism  design.  Given  that  the  participants  for  open-ended
crowdsourcing  are  dynamically  recruited  from  the  Internet,  crowd
workers have uncertain capabilities [26,27] and motivations [28,29].
Their  motivation,  ability  level,  and  time  commitment  vary  greatly
and may be influenced by various factors like time, environment, and
psychological state, thus posing serious quality problems in answers
[30,31]. 

1.1  Representative open-ended crowdsourcing tasks
Considering  the  prevalence  and  diversity  of  open-ended
crowdsourcing tasks in real-world scenarios, we categorize the tasks
of  open-ended  crowdsourcing  into  three  types: ‘intelligent
information processing’, ‘crowd social decision-making’, and ‘crowd
ideation’.  We  will  present  some  typical  open-ended  crowdsourcing
tasks, which we use as examples in this paper.

1) Intelligent information processing. In this paper, we primarily
concentrate  on  information-processing  tasks  that  can  be  used  for
supervised learning.  Open-ended crowdsourcing tasks for  intelligent
information  processing  can  be  bifurcated  into  two  categories:
1. Direct tasks that employ crowdsourced answers as solutions, such
as optical character recognition [32], animal audio classification [33];
2. Indirect tasks that are associated with knowledge acquisition: these
tasks  indirectly  provide  solutions  by  extracting  and  organizing
knowledge,  such  as  knowledge  mapping  [34]  and  knowledge  base
construction  [35].  Simple  crowdsourcing  tasks  like  numerical
prediction, binary classification and ranking provide labeled data for
the  training  and  deployment  of  AI  models,  thereby  accelerating  the
implementation  and  application  of  AI  algorithms  in  areas  like  face
recognition  [36],  intelligent  customer  service  bots  [17],  and  pedes-
trian  recognition  [37].  As  AI  technology  continues  to  evolve,
emerging applications such as autonomous driving [38], smart cities
[39], and metaverse [40] have created new demand for labeled data.
Some  representative  open-ended  tasks  of  intelligent  information
processing include:

● Image  segmentation.  Image  segmentation  [5]  is  generally
regarded  as  a  pixel-level  classification  task  that  focuses  on
subdividing an image into multiple sub-regions (or collections
of pixels) by identifying objects and boundaries (such as lines
and curves) within the image.

● Open-ended question answering. The objective of open-ended
question  answering  is  to  collect  responses  to  specific
questions  from the crowd [41].  The peculiarity  of  such tasks
lies  in  the fact  that  the answer can be subjective and heavily
influenced by the worker’s capability.

● Translation. Translation tasks aim to request crowd workers to
provide  translations  in  the  target  language  [2],  based  on  the
sentences in the source language.

2) Crowd social decision-making. Crowd social decision-making
is  an  effective  approach  to  solving  specific  social  issues,  such  as
drawing on the opinions and preferences of the crowds [42], finding
social influencers [43], and acquiring specific knowledge [44].

3)  Crowd  ideation. The  main  challenge  in  crowd  ideation  is  to
assemble  distributed  groups  of  workers  with  minimal  mutual
interaction  [45]  while  generating  creative  content,  like  stories
[46,47], plans [48], and summaries [49–51].

To avoid redundancy, we have selected one representative work for
each  type  of  task  (such  as  image  segmentation  and  audio  tran-
scription) and summarized them in Table 1.

From  the  perspective  of  data  types,  both  open-ended
crowdsourcing  tasks  and  Boolean  crowdsourcing  primarily  involve
images,  videos,  audio,  and  numerical  data.  However,  open-ended
crowdsourcing  often  demands  finer-grained  responses,  indicating  a
higher  requirement  for  data  processing.  For  instance,  Boolean
crowdsourcing  usually  requires  only  appropriate  category  labels  for
specific images, whereas open-ended tasks might necessitate drawing
3D  bounding  boxes  around  specific  objects  or  describing  scene
content.  Regarding  audio  data,  Boolean  crowdsourcing  typically
involves  determining  whether  an  audio  clip  contains  malicious
content,  while  open-ended  tasks  may  require  transcribing  the  audio
content. In the case of text-based tasks, Boolean crowdsourcing may
simply require assessing the sentiment of a given text, whereas open-
ended tasks might  demand workers to provide comprehensive event
descriptions from textual fragments.

Consequently,  open-ended  crowdsourcing  employs  more  refined
and  diverse  evaluation  metrics  to  assess  the  answer  quality.  For
example, Boolean crowdsourcing frequently uses ‘hard metrics’ such
as ‘accuracy’, whereas open-ended tasks tend to utilize ‘soft metrics’
centered on similarity, like GLEU [70], Jaccard Similarity [71], and
Intersection  over  Union  (IoU)  [52].  Additionally,  open-ended
crowdsourcing incorporates subjective metrics, including peer ratings
[72],  expert  feedback  [73],  and  ranking  [58],  to  evaluate  answer
quality.

Beyond  the  probabilistic  graphical  models  commonly  used  in
Boolean crowdsourcing (such as the EM algorithm [55]), open-ended
crowdsourcing  involves  a  wider  range  of  methods  for  directly
optimizing  answer  quality,  such  as  similarity-based  methods  (e.g.,
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DICE  Similarity  Coefficient  [74]),  optimization-based  strategies
(e.g., multi-objective optimization [75]), and machine learning-based
techniques (e.g., deep knowledge tracing [76]).

Given that the scale of the answer significantly impacts the design
of  answer  modeling  and  answer  aggregation  methods,  we  have
organized  and  summarized  the  size  of  answer  space  (number  of
acceptable  answers)  for  open-ended  tasks  and  divided  it  into  three

categories: countable, large  but  countable and large  and
uncountable.

We  found  that  simple  Boolean  crowdsourcing  is  not  suitable  for
most open-ended tasks.  For instance, an emergency event cannot be
adequately described with finite category labels or continuous values.
Therefore,  exploring  modeling  and  optimization  methods  for  open-
ended crowdsourcing is both crucial and challenging.
 

  
Table 1    A brief review of representative open-ended tasks in crowdsourcing. IIP refers to Intelligent Information Processing, CSDm denotes
the task of Crowd Social Decision-making, CI refers to Crowd Ideation, Size refers to the size of the acceptable answer, large-co denotes large
but countable, large-un refers to large and uncountable

Name Data type Task type Open-ended task Answer Size

f-BRS [9] Image IIP Semantic segmentation Clicks on the positive and negative area Large-un

PDMRR [52] Image IIP Human body annotation Keypoints on the human skeleton Large-co

CrowdTruth [53] Image IIP Image description Event description according to the image Large-un

LATTE [54] Image IIP LiDAR Clicks on the center of the target object Large-un

Lean [55] Image IIP Object selection 2-D bounding box on the target object Large-co

Cascade [15] Image CSDm Taxonomy creation Suggested categories of the colors Large-co

Gadiraju et al. [27] Image IIP Image transcription Decipher characters from a given image Large-un

Trainbot [56] Text IIP/CSDm Question-answering Answers to open-ended questions Large-un

BAU [4] Text IIP Sequence annotation The text span of the target content Large-un

MAS [4] Text IIP Sentence translation Translations of the initial sentence Large-un

Nguyen et al. [57] Text CSDm Opinion aggregation Textual ideas Large-un

Context trees [49] Text CSDm Importance rating Importance value of event fragments Countable

Kaur et al. [58] Text CI Plan creation Textual plans Large-un

CrowDEA [59] Text CI Ideas ranking Ideas and opinions Large-un

Trainbot [56] Text CSDm/IIP Conversation Multiple rounds answers Large-un

Nguyen et al. [60] Text CSDm Information finding Middle-names of personalities Large-un

GONCALVES et al. [61] Text IIP/CSDm Knowledge eliciting Pairs of options and criteria Large-un

CrowdTruth [53] Text IIP/CSDm NER Relation between entities Countable

QAMR [62] Text IIP/CSDm Semantic mining Question-answer pairs Large-un

Heteroglossia [47] Text CI Story ideation Suggestion of story ideas Large-un

TAS [63] Text CSDm News writing Pieces of events Large-un

FFV [64] Text IIP/CSDm Sentence correction Revised sentence Large-un

VoxDIY [65] Audio IIP/CSDm Audio transcription Textual content of speech Large-un

Lipping et al. [66] Audio IIP/CSDm Audio captioning Textual summary of speech content Large-un

Kaspar et al. [67] Video IIP Video segmentation Scribbles on the video frame Large-un

CrowdTruth [53] Video IIP/CSDm Video description Textual descriptions of video content Large-un

C-Reference [7] Video IIP Object selection 2-D bounding box Large-co

Event anchor [68] Video IIP/CSDm Context of object and event 2-D bounding box Large-un

Popup [69] Video IIP Position identification Dimension lines on objects Large-co

PDMRR [52] Numerical IIP/CSDm Id ranking Numerical sequence Countable
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1.2  Quality control in open-ended crowdsourcing
Most  previous  research  on  optimizing  crowdsourcing  has
concentrated on Boolean tasks. However, according to AMT log data
[77]  and  crowdsourcing  industry  user  surveys  [78],  the  demand  for
open-ended  tasks  in  the  crowdsourcing  market  has  surpassed
traditional simple crowdsourcing tasks and continues to rise.

Quality  control  methods  (like  D&S  [79],  ZenCrowd  [80],  BCC
[81],  and  LFC  [82])  for  Boolean  crowdsourcing  have  been  widely
explored over the past  years.  However,  open-ended tasks have been
overlooked  due  to  their  inherent  characteristics  like  complex  task
structure,  large  to  infinite  answer  space  and  non-unique  acceptable
answers.  For  instance,  the  authors  of  ImageNet  [83]  argue  that
‘computers  still  perform  poorly  on  cognitive  tasks  such  as  image
description  and  question-answering’,  and  propose  an  image  dataset
‘Visual  Genome’ [18]  with  complex  annotations  including  attribute
annotation, semantic segmentation, image description, and question-
answering. While both ImageNet [83] and VisualGenome [18] aim to
identify the image content, annotation tasks of VisualGenome impose
more  fine-grained  requirements:  for  example,  indicating  the
relationship between the objects in the image; describing the content
of the image in open-ended text;  designing question-answer pairs to
explore  the  semantic  information  in  the  image.  In  the  case  of
VisualGenome  [18],  crowd  workers  may  need  to  provide  complex
statements that  come from infinite  answer space.  In summary,  there
are  general  differences  between  Boolean  crowdsourcing  and  open-
ended crowdsourcing.

Consider  that ‘quality’ has  diverse  connotations  in  different
research  areas  such  as  data  management,  artificial  intelligence,  and
software engineering. In this paper, we adopt the definition of quality
proposed  by  Crosby  [84]  as  a  guide  to  identify  the  target  and
dimensions  of  the  quality  control  issue,  where ‘conformance  to
requirements’ is regarded as the core requirement. Therefore, ‘quality
control’ primarily focuses on how to produce high-quality answers to
meet  the  needs  of  the  requester.  Broader  implications  of  quality
control, such as security and reliability, are beyond the scope of this
paper.  In  the  realm  of  crowdsourcing  quality  control,  requesters
typically  specify  a  series  of  objective  quality  metrics,  such  as
accuracy, recall rate, and semantic similarity. The problem of quality
control in open-ended crowdsourcing is defined as follows:

Definition 1 Quality control in open-ended crowdsourcing
T

Q

W

A

Θ

A′

Q

Given  a  set  of  open-ended  tasks  with  corresponding  quality
metrics  published  by  requesters,  a  group  of  publicly  recruited
crowd workers  capable of providing answers, and a set of answers

 provided  by  these  crowd workers.  Quality  control  in  open-ended
crowdsourcing  involves  enhancing  answer  quality  through  a
collection of statistical modeling and design methods . The goal is
to  ensure  that  the  final  answer  set  meet  the  requesters’ quality
requirements  as  specified  by .  These  methods  include  but  are  not
limited  to  optimizing  the  design  of  crowdsourcing  tasks,  enhancing
the  capabilities  of  crowd  workers,  and  eliminating  noise  in
crowdsourced answers.

Specifically, the quality control issue in open-ended crowdsourcing
focuses  on  optimizing  methods  for  tasks  with  no  exact  evaluation

metrics  and  unique  ground  truth,  implying  that  there  may  be  more
than  one  acceptable  answer.  The  answers  for  these  tasks  generally
come from a large to infinite answer space, making it uncommon for
different  workers  to  provide  identical  answers  to  the  same  task.  In
addition, these tasks may consist of a set of interdependent subtasks,
so  that  context  information  and  worker  collaboration  may
significantly contribute to the improvement of answer quality. 

1.3  Challenges to quality control in open-ended
crowdsourcing
Given  that  the  quality  control  methods  in  Boolean  crowdsourcing
generally  make  certain  assumptions  [85]  that  do  not  exist  in  open-
ended  crowdsourcing:  1)  the  candidate  answers  are  independent  of
each other, 2) answers come from a finite answer space, and 3) there
are  exact  evaluation  metrics,  so  a  unique  true  answer  exists  for  a
specific  task.  Examples  of  Boolean  crowdsourcing  and  open-ended
crowdsourcing  tasks  are  depicted  in Fig. 1.  In  the  object
classification task  depicted in Fig. 1(a),  crowd workers  are  asked to
choose  the  most  appropriate  answer  from  a  list  of  five  options.
Conversely,  for  the  image  captioning  task  illustrated  in Fig. 1(b),
workers  provide  an  open-ended  textual  description  of  the  visual
content.  As  a  result,  most  existing  quality  control  methods  are  only
applicable  to  Boolean  crowdsourcing  tasks,  like  rating  [86]  and
classification  [87],  and  thus  are  not  suitable  for  open-ended
crowdsourcing  tasks.  To  intuitively  introduce  the  relationship
between  Boolean  and  open-ended  crowdsourcing,  we  present  the
algorithm  flow  of  crowdsourcing  quality  control,  along  with  the
similarities  and  differences  between  them,  as  shown  in Fig. 2.  It  is
worth  noting  that  the  boxes  in  blue  denote  challenges  that  do  not
exist  in  Boolean  crowdsourcing,  while  boxes  in  gray  indicate
challenges that  commonly exist  in both Boolean crowdsourcing and
open-ended  crowdsourcing  but  have  distinct  differences,  like
‘dynamic and multi-dimensional worker abilities’.

Without  loss  of  generality,  the  challenges  of  quality  control  in
open-ended crowdsourcing lie in the following aspects:

1)  Dynamic  and  multidimensional  worker  abilities. Accurately
estimating  worker  abilities  is  crucial  for  assigning  the  task  to  the
appropriate worker, thereby improving the quality of answers. Unlike
Boolean crowdsourcing tasks, the answer quality of specialized open-
ended  crowdsourcing  tasks  (such  as  question  answering,  story
creation  and  translation)  is  usually  influenced  by  the  knowledge
background  of  crowd  workers  and  has  a  certain  degree  of
 

 
Fig. 1    Examples  of  Boolean  and  open-ended  crowdsourcing  tasks.
(a)  Object  classification:  an  example  of  Boolean  crowdsourcing;  (b)  image
captioning: an example of open-ended crowdsourcing
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subjectivity.  Therefore,  crowd  workers’ abilities  for  open-ended
crowdsourcing  tasks  are  multidimensional.  For  instance,  it  is
important  to  evaluate  whether  the  crowd  workers  have  the
background  knowledge  to  complete  the  complex  open-ended  task,
and  how  well  they  have  mastered  the  knowledge,  rather  than
representing the worker’s ability with a number ranging from 0 to 1.
Moreover,  changes  in  workers’ abilities  over  the  course  of  the  task
are not negligible: workers become more adept at completing specific
open-ended tasks as the number of completed tasks increases.

2)  Complex  task  structure. Unlike  simple  micro-tasks,  open-
ended  tasks  usually  consist  of  a  set  of  interdependent  subtasks
organized  by  complex  workflows.  For  instance,  in  an  intelligence
analysis task, crowd workers usually have access to only a portion of
the  information.  Therefore,  decomposing  the  complete  task  into
interrelated  subtasks  allows  crowd  workers  to  access  context
information, which is important for producing comprehensive, high-
quality intelligence analysis results.

3)  Multiple  acceptable  answers. Many  open-ended  tasks  like
opinion  gathering,  story  writing,  and  event  reporting  does  not  have
unique  acceptable  answers.  The  variability  of  workers’ knowledge,
skills and subjective biases leads to the diversity of answers. Beyond
that,  for  open-ended  crowdsourcing  tasks,  most  crowd  workers
usually  struggle  to  provide  complete  answers,  leading  to  diversity
and  limitation  of  the  answers.  Since  the  final  output  is  generally  a
consistent  result  obtained  by  aggregating  participants’ answers,  the
diversity of crowd contributions makes it more challenging to derive
a ‘ground truth’ with high confidence.

4)  Difficulty  in  evaluation  and  aggregation. In  Boolean
crowdsourcing,  probabilistic  graphical  model  (PGM)  [88]-based
algorithms (like D&S [79] and its extensions [89]) are widely applied
for  answer  evaluation  and  aggregation.  However,  such  methods

cannot  be  directly  applied  to  open-ended  crowdsourcing  due  to
several reasons. First, diverse contributions: given that there may be
several  acceptable  answers,  it  becomes  challenging  to  accurately
assess  the  contribution  of  each  answer,  thus  posing  challenges  for
answer  aggregation.  Second,  uncertainty  in  answer  representation:
for  automated  evaluation,  answers  are  generally  mapped  into
numerical  values  or  dense  vectors.  Different  embedding  methods
(such  as ‘Universal  Sentence  Encoder’ [90]  and ‘BERT’ [91])  may
focus on different aspects of a textual answer’s semantic information,
derive  different  similarity  relationships  between  answers  and  the
truth,  and  thus  impact  the  result  of  answer  evaluation  and
aggregation.  Third,  significant  differences  across  open-ended  tasks
make  it  challenging  to  find  uniform  evaluation  and  embedding
methods.

1

2

3 4

In  summary,  issue  indicates  the  difficulty  of  worker  estimation
and task assignment; issue  leads to challenges in task analysis and
workflow  design;  issues  and  point  out  problems  in  answer
modeling and aggregation. 

1.4  Related survey
Numerous  surveys  on  crowdsourcing  have  been  published  in  recent
years.  Some  provide  a  general  overview  of  crowdsourcing  [92],
while others focus on specific aspects such as 1) certain steps in the
crowdsourcing  process  (e.g.,  worker  organization  [93]  and  task
design  [94]);  2)  specific  types  of  tasks  (e.g.,  writing  tasks  [95]  and
medical  image  analysis  [96]),  and  3)  specific  research  fields  (e.g.,
computing vision [97] and natural language processing [85]).

Recently,  with  the  increased  focus  on  quality  control  issues,
surveys on crowdsourced quality control have begun to emerge. For
instance,  Li  et  al.  [98]  summarized  17  truth  inference  algorithms in
crowdsourcing  to  assist  users  in  understanding  existing  truth
inference  algorithms  and  conducting  detailed  comparison

 

 
Fig. 2    Execution  process  and  algorithm framework  of  crowdsourcing  quality  control:  Boxes  in  blue  do  not  exist  in  Boolean  crowdsourcing,
while boxes in gray represent distinct differences between Boolean crowdsourcing and open-ended crowdsourcing
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experiments,  providing  readers  with  guidance  for  selecting
appropriate  methods  for  different  tasks.  Jin  et  al.  [99]  offered  a
unified taxonomy of the crowdsourcing quality control methods from
the perspective of mechanism design and statistical methods. Daniel
et  al.  [100]  discussed  this  topic  from  the  viewpoint  of  quality
attributes,  assessment  techniques,  and  assurance  actions.  However,
most  of  the  quality  control  methods  discussed  in  these  surveys  are
only  suitable  for  Boolean  crowdsourcing  tasks.  For  example,  as  a
result,  quality  control  methods  for  open-ended  crowdsourcing  tasks
urgently need to be reviewed and discussed. 

1.5  Contributions
This survey aims to elaborate on quality control issues in open-ended
crowdsourcing. It seeks to assist requesters, workers, and developers
of  crowdsourcing  applications  in  understanding  the  roles  of  quality
control  methods  in  the  process  of  open-ended  crowdsourcing  and
how  to  enhance  answer  quality  through  appropriate  methods.
Specifically, it provides the following contributions:

●  A  definition  of  open-ended  crowdsourcing  and  the  scope  of
quality control methods.

●  An  introduction  to  representative  open-ended  crowdsourcing
tasks and the challenges in quality control.

●  A  two-tiered  framework  for  all  the  related  works.  Tier  1
provides  a  holistic  view  of  the  quality  model  encompassing
key  aspects:  task,  worker,  answer,  and  context.  Tier  2
introduce ‘quality  dimensions’, ‘evaluation  metrics’, ‘design
decisions’, and their interactions in each aspect.

● A systematic review of all related works, which are organized
by the two-tiered framework.

● An in-depth discussion of research status and identification of
current  research  challenges  along  with  respective
opportunities  for  future  research,  especially  in  the  era  of
Large Language Models (LLMs). 

■ 2  Quality control in open-ended crowdsourcing
Before  we  introduce  the  quality  control  framework  in  detail,  it  is
important to identify the execution process and key aspects involved
in  open-ended  crowdsourcing.  According  to  the  task  execution
process adopted by representative crowdsourcing platforms (such as
AMT, Scale AI,  and Appen),  we have summarized the organization
and  execution  process  of  crowdsourcing  tasks,  and  highlighted  the
key  parts  and  crucial  topics  in  quality  control  issues,  as  shown  in
Fig. 2.

Generally,  open-ended  crowdsourcing  tasks  are  executed  by  the
flow of tasks and answers.

Task  flow  refers  to  the  key  steps  in  the  organization  and  flow  of
tasks  in  crowdsourcing.  Initially,  macro  open-ended  tasks  are
decomposed  into  sub-tasks  that  are  suitable  for  crowd  workers  to
complete.  Subsequently,  the  micro-tasks  are  assigned to  appropriate
workers  (e.g.,  with  the  matched  knowledge  background  or  task
experience).  After  that,  micro-tasks  are  solved  by  crowd  workers
according to the task requirements.

Answer  flow  refers  to  the  key  process  of  answer  generation  and
optimization.  First,  crowd  workers  provide  the  initial  answers

according  to  the  requirements  of  micro-tasks.  Then,  the  answer
reliability is evaluated based on relevant parameters, such as answer
error  and  worker  reliability.  After  that,  the  optimized  answer  (also
known as aggregated answer or estimated truth) is derived based on
the answer and its reliability parameters. 

2.1  Key aspects of quality control in open-ended
crowdsourcing
Current  research  on  open-ended  crowdsourcing  quality  control  is
dedicated  to  exploring  the  relationship  between  key  aspects  and
answer  quality  [99].  Therefore  we  specify  four  critical  aspects  of
open-ended  crowdsourcing  related  to  the  issue  of  quality  control
before we conduct the systematic review on this topic.

1)  Task. In  crowdsourcing,  tasks  are  usually  decomposed  into
easy-to-complete  micro-tasks  to  facilitate  crowd  workers  in
providing  high-quality  answers.  Generally,  a  micro-task  is  the
smallest  unit  that  is  distributed  to  workers  [101]  in  crowdsourcing.
Open-ended  crowdsourcing  tasks  can  be  categorized  into ‘single
task’ and ‘contextual task’ based on the task structure. A single task
mainly asks for independent open-ended answers from workers. For
example,  annotating an object  with a  3D frame in a  3D point  cloud
image.  In  contrast,  a  contextual  task  can  usually  be  considered  as  a
set  of  interdependent  sub-tasks,  which  may  require  considering  the
context information of other sub-tasks when completing the task. For
example,  captioning  video  content  based  on  the  content  of  certain
frames.  Furthermore,  the  task  may  be  subjective,  where  there  are
multiple acceptable answers.

2)  Crowd  worker. Crowd  worker  (hereafter  termed  as  worker)
denotes  the  users  involved  in  answering  questions  with  certain
motivation,  typically  recruited  dynamically  from  internet  platforms
in  crowdsourcing.  As  discussed  in  Section  1.3,  workers  need  to  be
modeled  dynamically  and  multidimensionally  in  open-ended
crowdsourcing.  Multidimensional  modeling and analysis  of  workers
aim  to  assign  the  most  appropriate  task  to  each  worker  to  produce
high-quality answers.

3)  Answer  (also  known  as  response). The  responses  to  the  task
provided by workers are referred to as answers. In quality control, the
final  answer  is  generally  derived  by  aggregating  all  the  answers  to
the  same task,  and  referred  to  as  the ‘estimated  truth’.  Answers  are
generally  collected  from a  large  to  infinite  solutions  space  in  open-
ended crowdsourcing.

4)  System. Quality  control  in  open-ended  crowdsourcing  is  a
system-level problem that is typically discussed within the context of
multiple quality dimensions. In this paper, it mainly consists of cross-
aspect quality control methods and workflow design. We found that
multiple  quality  dimensions  are  generally  jointly  considered  while
modeling and optimizing the answer quality.  Workflow greatly  aids
in  identifying  the  execution  steps  and  organizing  crowd  workers  in
the  process  of  solving  open-ended  tasks,  especially  for ‘contextual
tasks’. 

2.2  Holistic view of the quality model
Most existing open-ended crowdsourcing quality control studies aim
to improve the answer quality through statistical modeling or design
methods on one or more specific aspects (including task, worker, and
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answer) introduced above.
We  propose  a  comprehensive  view  of  quality  control  methods  in

open-ended crowdsourcing, as depicted in Fig. 3. The quality model
introduces  the  aspects,  their  related  dimensions,  and  the  design
decisions  considered  in  past  research  works  for  quality  control
methods  designed  in  open-ended  crowdsourcing.  It  is  worth  noting
that  a  dimension  denotes  an  important  branch  of  the  related  aspect
that has been jointly considered by numerous crowdsourcing quality
control research works, a design decision signifies a specific class of
research ideas for addressing quality control problems. 

2.3  Taxonomy in each aspect
Considering that the current fragmented literature lacks an analysis of

the  fine-grained  categories  of  research  works,  we  developed  a
taxonomy shown in Fig. 4 to study and analyze what is the scope of
the quality control issue and how quality is dealt with in each aspect.
The  proposed  taxonomy  aims  to  highlight  the  hierarchical
relationship between the related quality control works, which greatly
assists  readers  in  identifying  the  attributes,  evaluation  metrics  and
design  decisions  when  developing  quality  control  methods.
Specifically, the taxonomy consists of three dimensions:

1)  Quality  model in  each  aspect  refers  to  a  collection  of  quality
dimensions,  which  are  used  to  describe  key  attributes  that  may
impact  the  quality  of  crowdsourcing  tasks.  Quality  dimensions  are
typically  an  abstract  representation  of  a  category  of  methods  and

 

 
Fig. 3    Tier 1: The quality model in open-ended crowdsourcing. Each ellipse node represents a specific aspect with dimensions (boxes in gray)
and design decisions (boxes without fill)

 

 
Fig. 4    Tier 2: The internal structures of the quality control framework in each aspect
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issues  related  to  an  aspect,  such  as  task  mapping  and  task
organization.  For  each aspect,  understanding the  quality  dimensions
can help readers find an appropriate entry point when they explore to
optimize crowdsourcing quality.

2)  Quality  evaluation aims  to  measure  the  impact  of  specific
quality  dimensions  and  optimization  methods  on  the  quality  of
crowdsourcing  results.  Accurate  evaluation  results  are  crucial  for
designing  effective  quality  control  methods  [102].  Quality
assessment  is  generally  implemented  by  a  series  of  evaluation
metrics. For automatic metrics, ‘annotation distance’ [4] and ‘answer
similarity’ [14]  are  often  considered  general  metrics  for  answer
assessment;  other  automated  evaluation  metrics,  like ‘GLEU’ [70],
and ‘Intersect  Over  Union  (IoU)’,  are  generally  adopted  for  textual
and image data. Beyond that, subjective evaluation is also a common
evaluation  method  in  open-ended  crowdsourcing,  such  as  peer
grading  [103],  expert  feedback  [68],  and  human-AI  collaborative
approach [104].

3)  Quality  optimization is  the  final  step  in  open-ended
crowdsourcing  quality  control,  aimed  at  improving  the  final  quality
of  crowd-sourced  answers.  Specifically,  researchers  optimize  the
quality  of  each  stage  of  the  crowdsourcing  task  by  making  design
decisions  that  act  on  the  quality  dimensions  defined  by  the  quality
model,  such  as  designing  incentive  mechanisms  to  improve  worker
motivation  and  designing  task  decomposition  and  reconstruction
methods to reduce task difficulty.

Specifically,  the  quality  model  defines  the  standards  and  criteria
for  quality.  Quality  evaluation  measures  and  assesses  outcomes
against  these  standards,  while  quality  optimization  enhances
processes and results to improve quality levels. Together, the quality
model,  quality  evaluation,  and  quality  optimization  form  the
foundation  of  quality  control  methods  within  each  aspect.  We  have
organized  the  remainder  of  the  research  works  according  to  the
proposed quality  model  and taxonomy.  Each section  corresponds  to
one  aspect  in  the  quality  model,  with ‘quality  dimensions’,
‘evaluation metrics’, and ‘design decisions’ reviewed. 

2.4  Literature selection
We compiled a list of conferences and journals that publish research
works on crowdsourcing and related topics  to  identify the papers  to
be  considered  in  this  survey.  The  conferences  considered  include
AAAI, IJCAI, WWW, KDD, SIGIR, HCOMP, ICML, NIPS, ICLR,
CHI,  CSCW,  VLDB,  CIKM,  WSDM,  UBICOMP,  UIST,  CVPR,
EMNLP,  ACL,  ICDE,  ICIP,  DASFAA,  and  NAACL.  The  journals
include  ACM  CSUR,  VLDBJ,  JAIR,  AIJ,  IEEE  TKDE,  IJCV,
TPAMI,  IEEE  TNNLS,  TVCG,  ACM  TOCHI,  ACM  TOCS,  ACM
TWEB,  ACM  TIST,  and  Information  Sciences.  We  conducted  a
search for papers published between 2012 and January 2025 with the
following keywords in either the title, abstract or keywords: Complex
Crowdsourcing,  Open-ended  Crowdsourcing,  Crowd  transcription,
Crowd  Translation,  Crowd  Image  description,  and  Complex
annotation. The search returned 451 papers and the authors read the
title  and  abstract  of  each  paper.  Papers  were  excluded  from  further
consideration  if  they  focused  on  simple  crowdsourcing  tasks  (like
binary  classification)  or  if  they  did  not  involve  the  topic  of  quality

control,  which  resulted  in  a  list  of  153  papers  for  further
consideration.  Additional  papers  considered  are  derived  from  the
authors’ prior knowledge. 

■ 3  Task model
Tasks,  which  are  usually  posted  by  requesters  on  public  internet
platforms,  serve  as  the  starting  point  of  crowdsourcing.  In  open-
ended  crowdsourcing,  tasks  can  be  categorized  into  two  types:
objective  tasks  and  subjective  tasks.  Objective  tasks  typically  have
clear evaluation criteria and a limited answer space. These tasks are
usually  more  complex  compared  to  Boolean  crowdsourcing,
requiring more human cognitive effort and sophisticated task design
to yield high-quality answers. 

3.1  Quality dimensions
A significant number of researchers in crowdsourcing quality control
focus  on  the  topic  of  task  modeling  and  organizing.  The  method of
task  construction  and implementation  directly  influences  the  quality
of the answers provided by crowd workers, and significantly impacts
the quality of open-ended crowdsourcing. We identify the following
quality dimensions:

1)  Task  design is  the  starting  point  in  task  modeling,  and  the
results  determine  the  content  and  interface  of  the  task,  which  has  a
direct impact on the difficulty of crowd workers in completing tasks.
Therefore, task design is a crucial step in task modeling. Considering
that  open-ended  crowdsourcing  tasks  usually  have  complex  task
structures  and  annotation  content,  the  process  task  design  mainly
includes  steps  such as  task  decomposition  and reconstruction  [105],
task  pricing  [106],  communication  mechanisms  design  [107],  and
pipeline/workflow design [64].

2)  User  interface is  where  crowd  workers  complete  tasks  and
submit answers. The interface can either be an HTML integrated into
the crowdsourcing platform (such as the AMT task dashboard [108])
or a separate annotation application (such as Labelme [109]).  These
user  interfaces  commonly  integrate  annotation  tools  and  are
connected by a series of processes. Therefore, the quality of the user
interface  determines  how  easily  crowd  workers  can  complete  tasks
[56,110].

3)  Incentives. Within  the  context  of  task  design,  incentive
mechanisms  play  a  pivotal  role  [110].  Incentives  provided  by
requesters  through  the  platform —ranging  from  extrinsic  rewards
(e.g.,  monetary compensation)  to  intrinsic  rewards (e.g.,  recognition
and  prestige) —serve  as  critical  motivators  for  crowd  workers.  The
architecture  of  these  incentives  directly  influences  worker
engagement  and  diligence  in  task  completion,  thereby  significantly
impacting  the  quality  and  accuracy  of  the  crowdsourced  outcomes.
Consequently,  crafting  an  effective  incentive  framework  during  the
task  design  phase  is  essential  for  optimizing  task  performance  and
ensuring high-quality results.

There  are  also  quality  dimensions  related  to  task  modeling  that
may necessitate interaction between aspects. For instance, the quality
dimension ‘task  allocation’ typically  requires  an  estimation  of  the
worker’s  ability  and  knowledge  background  [111],  in  addition  to
modeling the content and difficulty of the task itself. We will provide
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a comprehensive introduction to these quality dimensions with cross-
aspect interactions in Section 6. 

3.2  Quality evaluation
The  primary  purpose  of  quality  evaluation  for  task  modeling  is  to
evaluate the quality of task organization and design, with the aim of
guiding the design of crowdsourcing tasks and thereby enhancing the
quality  of  crowdsourced  answers.  Considering  that  numerous
researchers  explore  measuring  the  quality  of  crowdsourcing  task
design  through  the  quality  of  crowdsourced  answers,  we  categorize
the  quality  evaluation  methods  of  task  modeling  into  two  types:
direct and indirect. Moreover, considering the prevalent existence of
subjective  tasks  in  open-ended  crowdsourcing  and  the  subjectivity
characteristic of task quality, the evaluation of task design should be
considered  by  both  objective  indicators  (such  as  numbers  of
operations [54]) and subjective metrics (such as crowd feedback).

1) Objective evaluation. Number of automated metrics are utilized
to  objectively  evaluate  the  quality  of  task  modeling.  On  one  hand,
some  researchers  strive  to  determine  whether  the  designed
crowdsourcing  tasks  are  easy  to  complete  by  analyzing  the  cost
required  to  complete  crowdsourcing  tasks,  such  as  monetary
expenses  [64,112],  time  [113,114],  number  of  operations  [54],  and
completion  rate  [63].  On  the  other  hand,  statistical  metrics  about
quality, such as average error rate [69,115], number of operations for
target accuracy [9], and engagement probability [116] are frequently

used  to  indirectly  evaluate  the  quality  of  task  design.  Furthermore,
some  automated  indicators  that  reflect  the  participation  of  crowd
workers  are  also  used  to  measure  the  quality  of  task  modeling
indirectly.  For  instance,  Rechkemmer  and  Yin  [115]  measure  the
extent to which the design of task instructions can enhance the ability
of  workers  to  complete  tasks  through  the  learning  gain  indicator.
Additionally, mental demand scores [107] are utilized to identify the
difficulty  of  the  designed  tasks  by  measuring  the  mental  cost  of
crowd workers in completing specific tasks.

2) Subjective evaluation. Given that the answer to ‘the quality of
task  modeling’ often  varies  among  users,  many  researchers  explore
to  subjectively  evaluate  the  quality  of  task  modeling  by  collecting
feedback  from  crowd  workers.  For  example,  some  researchers
directly  measure  the  quality  of  task  design  by  asking  workers  to
provide  comments  [47,105]  on  the  dimensions  of  usability,
helpfulness, clarity, and conciseness for task and interface designs. In
addition,  rating  is  also  a  common  method  to  help  workers  provide
subjective evaluations. Evaluation methods such as peer rating [103],
expert rating [56,117], and self-rating [112] are generally adopted for
the assessment of task design and answer quality. 

3.3  Quality control methods
According  to  the  quality  dimensions  and  evaluation  metrics
introduced  above,  the  quality  control  method  of  task  modeling  is
shown in Fig. 5, including the following three aspects: 

 

 
Fig. 5    A  taxonomy  of  task-centered  quality  control  methods,  that  primarily  focuses  on  improving  the  quality  of  answers  by  reducing  the
difficulty of open-ended tasks through task mapping, workflow design, and task organization. Each ellipse node represents an important branch
with design decisions (boxes in gray) and specific research works (boxes without fill)
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3.3.1  Task mapping
Requesting  high-quality  responses  directly  from  novice  crowds  for
open-ended  tasks  is  challenging  and  costly,  primarily  due  to  the
significant  cognitive  burden  and  workload  involved.  An  intuitive
approach  to  task  simplification  is  to  transform  complex
crowdsourcing  tasks  into  simple  annotating  tasks.  For  instance,
complex scene recognition tasks are transformed into 2D annotation
tasks  [7]  and  numerical  annotation  tasks  [52]  with  crowd-machine
hybrid  approaches.  Additionally,  some  works  explore  transforming
crowdsourcing tasks  into  binary  annotation tasks  through multi-step
planning  [48]  and  disambiguation  [118].  Furthermore,  meaning
representation  [62]  and  reconstruction  [52]  are  also  adopted  to
simplify complex open-ended crowdsourcing tasks. 

3.3.2  Workflow design
The  workflow  design  is  one  of  the  most  critical  parts  in  task
modeling, and the logic of task flow directly influences the efficiency
of task execution and the efficiency of  crowd workers.  Specifically,
the  ideas  of  workflow  design  may  originate  from  the  crowd
[117,119],  generic  workflow  patterns  [27],  and  budget  constraints
[64].  The  tasks  may  be  implemented  according  to  the  results  of
automatic  workflow  optimization  [120–122],  multi-step  planning
[48], instant execution [123], data programming [124], and visualized
management  [125].  Moreover,  pricing is  also an important  factor  in
task  and  workflow  design  given  that  crowdsourcing  is  a  profit-
oriented  computing  paradigm.  Compared  to  a  quality-based  pricing
strategy  [126],  the  proposed  methods  of  the  error-time  curve  [127]
and dynamic financial incentive [128] are more helpful in adapting to
changes in worker capabilities as complex tasks are performed. 

3.3.3  Task organization
Appropriate  methods  of  task  organization  significantly  impact  the
overall  quality  and  efficiency  of  the  macro-crowdsourcing  task,
especially  since  open-ended  tasks  typically  comprise  a  set  of
interdependent  subtasks.  For  instance,  in  multi-step  crowdsourcing
tasks  like  intelligence  analysis  and  event  reporting,  the  sequencing
and  organization  of  the  steps  critically  influence  the  final  output.
Numerous  research  works  have  discussed  the  organizational
relationships between subtasks from both synchronous [129,130] and
asynchronous  [14,103,131]  perspectives.  Additionally,  some
researchers  consider  the  problem  of  task  organization  as  an
optimization  problem  and  explore  the  optimal  method  of  task
organization  using  state  machine  [132]  and  collaboration
optimization [133]. 

■ 4  Worker model
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Modeling  and  analyzing  crowd  worker  behavior  is  crucial  for
ensuring  quality  control  in  crowdsourcing.  The  strategy  for
evaluating and selecting workers directly impacts the quality of their
contributions. Worker ability, a pivotal factor for task assignment and
answer  aggregation,  significantly  influences  answers.  Specifically,
the  worker  accuracy  probability ,  frequently  employed  in  prior
research  [80,87]  quantifies  worker ’s  capability  to  accurately
process  task .  A  higher  indicates  a  signifies  an  increased
likelihood  of  worker  providing  accurate  answers  for  task .
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Additionally,  the  confusion  matrix  [81,89],  widely  utilized  in
classification-based annotation tasks,  models the probability of  each
worker generating a specific categorical annotation given the correct
answer.  For  instance,  in  a -option  task ,  the  confusion  matrix

 for worker  is a    matrix where the th row (1  j 
k) ,  represents  the  distribution  of
probabilities that worker  assigns to each possible answer if the true
answer is the jth option. Each element  (1  j  k, 1  m 
k)  indicates  the  probability  that  worker  selects  the th  choice
when  the  true  answer  is  the th  one,  which  can  be  formulated  as
follows:
 

cw
j,m = Pr(aw = m | atrue = j). (1)

In  open-ended  crowdsourcing,  tasks  usually  possess  a  complex
structure and necessitate certain professional knowledge. Completing
such  complex  tasks  requires  not  only  a  redundant  processing
mechanism  for  individual  subtasks  but  also  the  collaboration  of
multiple participants. Therefore, enhancing the quality of open-ended
crowdsourcing  through  worker-centered  modeling  and  optimization
method  design  primarily  focus  on  the  following  key  issues:  how to
accurately  describe  multi-dimensional  dynamic  worker  capabilities;
how to improve the expertise of crowd workers to obtain high-quality
answers;  and  how  to  design  incentive  mechanisms  to  boost  the
subjective initiative of workers. 

4.1  Quality dimensions
The  quality  dimensions  of  worker  modeling  primarily  focus  on  the
strategies  employed  for  worker  evaluation  and  selection,  which
directly  influence  the  quality  of  responses  and  significantly  impact
the  completion  quality  of  open-ended  crowdsourcing  tasks.  This
section  discusses  quality  control  approaches  in  worker  modeling,
with  an  emphasis  on  expertise  modeling,  motivational  design,  and
contribution analysis.

1)  Expertise  modeling. Expertise  directly  determines  whether
crowd  workers  can  provide  correct  answers  for  specific  tasks.
Workers’ expertise  is  generally  influenced  by  diverse  factors
including  skills,  educational  background,  task  experience,  age,
gender,  etc.,  and  exhibits  different  characteristics  under  different
motivations  and  work  states.  Modeling  worker  expertise  not  only
helps assign crowdsourcing tasks to suitable workers but can also be
used  to  assess  the  quality  of  answers  and  measure  workers’
contributions.  In  general,  expertise  modeling  helps  optimize  the
quality  of  open-ended  crowdsourcing  at  multiple  stages  of  the
crowdsourcing workflow.

2)  Worker  motivating. Self-Determination  Theory  (SDT)  [134]
indicates  that  human  behavior  is  influenced  by  both  intrinsic  and
extrinsic  motivations.  For  crowdsourcing  workers,  intrinsic
motivations  include  interest  in  the  task  and  personal  achievement,
whereas  extrinsic  motivations  may  involve  monetary  rewards  and
reputation enhancement. Consequently, designing effective incentive
mechanisms  is  crucial  for  obtaining  high-quality  crowdsourced
responses. Workers with malicious intent or low motivation are more
prone  to  delivering  subpar  or  incorrect  responses.  Therefore,  the
design of robust incentive schemes is crucial for enhancing workers’
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dedication  and  focus  during  task  execution,  which  ultimately
contributes to the integrity and reliability of the data produced.

3)  Contribution  analyzing. Unlike  Boolean  crowdsourcing,
estimating  the  contribution  of  a  crowd  worker  to  completing  a
specific  open-ended  task  is  very  challenging.  This  challenge
primarily  stems  from  two  aspects:  1)  Open-ended  crowdsourcing
tasks may consist of a series of interrelated subtasks, crowd workers
may  complete  one  or  more  subtasks,  thus  resulting  in  a  lack  of
complete information about the task for the crowd workers. 2) Open-
ended crowdsourcing may include subjective tasks,  and the answers
provided  by  workers  could  be  partially  correct  or  conditionally
correct. Consequently, assessing the contribution of crowd workers is
crucial  for  task  allocation,  response  aggregation,  and  reward
determination in open-ended crowdsourcing. 

4.2  Quality evaluation
Existing  research  on  worker  evaluation  can  be  broadly  categorized
into  confidence  analysis,  capability  modeling,  and  contribution
estimation.

Due to the complexity of open-ended tasks, exact matching usually
cannot meet the needs of its correctness evaluation. As a result, some
researchers  have  proposed  to  estimate  the  confidence  of  workers
through partial agreement [60] and behavior analysis [27,135,136] in
open-ended crowdsourcing tasks. 

4.2.1  Expertise evaluation
Expertise evaluation (also referred to as capability modeling or skill
modeling)  is  another  significant  topic  in  worker  modeling.
Considering  that  the  state  and  ability  of  workers  in  the  process  of
handling tasks are changing, researchers explored estimating worker
capability  at  a  fine-grained  [137]  and  dynamic  [27]  level  through
multidimensional  skill  modeling.  In  particular,  representative
approaches of skill modeling methods include Single-Skill Modeling
[138],  Multi-Skill  Modeling  [139],  Skill  Ontology  Modeling  [140],
and Cognitive-based Modeling [141]. 

4.2.2  Contribution estimation
As discussed in Section 1.3, the consistent results are difficult to infer
due  to  the  diversity  of  crowd  contributions  in  open-ended
crowdsourcing.  Existing  research  works  on  contribution  assessment
for  open-ended  crowdsourcing  can  be  divided  into  two  categories,
crowd-based [142] methods and answer quality-based methods.  The
crowd-based methods evaluate the contribution of answers based on
feedback from other novice crowds [143] and domain experts [105].
Other works mainly focus on assessing the answer contribution with
answer similarity [3] or annotation distance [4]. 

4.3  Quality control methods
Numerous  research  topics  in  worker  modeling,  such  as  worker
evaluation  and  teaching,  are  pertinent  to  both  Boolean  and  open-
ended  crowdsourcing.  However,  the  design  decisions  vary
significantly  due  to  the  difference  in  the  dimension  of  worker
expertise and worker organization. As shown in Fig. 6, we categorize
the  quality  control  methods  for  worker  modeling  into  the  following
categories. 

4.3.1  Performance enhancement
Compared  to  Boolean  crowdsourcing  tasks,  obtaining  high-quality
answers directly from novice crowd workers for open-ended tasks is
usually  challenging  due  to  the  requirement  of  substantial  cognitive
effort  and  domain-specific  knowledge.  Consequently,  numerous
researchers  have  explored  methods  to  improve  the  performance  of
crowd workers (especially novice crowds) to enhance the quality of
answers for open-ended crowdsourcing tasks, including:

1)  Teaching. Teaching  serves  as  a  method  to  enable  novice
workers  to  tackle  complex  crowdsourcing  tasks.  Rechkemmer  et  al.
[29,115]  proposed  to  set  different  goals  (including  performance
goals,  learning  goals,  and  behavioral  goals)  for  worker  teaching  to
significantly  improve  the  workers’ ability  to  handle  complex
crowdsourcing  tasks.  Furthermore,  researchers  have  discovered  that
crowd workers  can effectively learn from diverse  types  of  feedback
due  to  humans’ inherent  perception  and  learning  abilities,  as
evidenced  by  findings  from  the  research  area  of  machine  teaching
[26,144].  Therefore,  feedback  emerges  as  another  crucial  factor  in
enhancing  worker  performance  when  dealing  with  complex  open-
ended  crowdsourcing  tasks.  A  summary  of  related  work  indicates
that feedback from multiple sources could have a teaching effect on
novice  crowd  workers,  such  as  multi-turn  contextual  argumentation
[145],  peer  communication  [72],  gated  instruction  [146],  and
automatic conversational interface [56].

2)  Knowledge  supplementary. In  addition  to  worker  teaching,
numerous  researchers  have  proposed  auxiliary  methods  to  enhance
the level of information exposure of workers. These methods include
addressing workers’ task-related questions through online discussion
[51,147]  and question answering [148],  displaying golden examples
to  workers  [112],  presenting  multidimensional  task  information  to
workers through data visualization [149], exposure to contextual and
global  information  by  distributed  information  synthesis  and
evaluation [49,150].

3)  Motivating. For  creative  open-ended  tasks  like  crowd  writing
and product design, it is crucial to develop mechanisms and tools that
provide  on-the-spot  assistance  when  the  workers  get  stuck,  in
addition to monetary [128] incentives. For instance, Kaur et al.  [58]
proposed vocabulary-based planning to motivate workers in complex
writing  tasks,  Wang  et  al.  [93]  proposed  a  reputation  management-
based approach to organize and motivate workers, Huang et al.  [47]
proposed an in-situ ideation method for crowd writing tasks. 

4.3.2  Worker collaboration
Collaboration  plays  a  significant  role  in  completing  tasks  with
complex  structures  and  heavy  cognitive  load.  Numerous  research
works  have  explored  the  design  of  collaborative  mechanisms  to
enable  novice  crowds  to  accomplish  large-scale  open-ended  tasks.
Collaboration methods can be categorized into worker-worker-based
and  worker-machine-based  collaboration  methods  depending  on
different collaboration subjects.

1)  Worker-worker  collaboration. Worker  collaboration  helps  to
integrate  diverse  knowledge  and  skills  from  the  Internet  to
accomplish  open-ended  crowdsourcing  tasks.  It  also  facilitates  the
communication  of  contextual  information  between  the
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interdependent  sub-tasks.  Consequently,  researchers  are  exploring
ways  to  enhance  the  answer  quality  through  worker  collaboration.
For  instance,  researchers  have  explored  improving  worker
communication  with  the  mechanical  design  of  Advisor-to-Advisee
[58]  and  context  communication  [107];  others  have  designed
feedback  mechanisms  to  achieve  worker  collaboration  through
Iteration  Feedback  [151],  Feedback  Prompting  [73],  Crowd
Reviewing [103], and Self-Correction [152].

2) Worker-machine collaboration. Humans possess the ability to
understand  complex  situations  and  exhibit  creative  thinking,  while
machines  excel  at  efficient  data  processing  and  precise  execution.
Consequently,  human-machine  collaboration  often  significantly
enhances  the  quality  and  efficiency  of  completing  large-scale,
complex  tasks  [153,154].  For  example,  computer  algorithms
methodically  solve  large-scale  problems  with  well-defined  iterative
steps,  while  humans  excel  at  solving  problems  requiring  cognitive
and  reasoning  skills  [155].  In  summary,  three  types  of  worker-
machine  collaboration  approaches  have  been  designed  to  enhance
answer  quality  in  open-ended  crowdsourcing.  First,  worker
explanation is  used to improve the interpretability [156] of  machine
judgment.  Additionally,  researchers  have  explored  aggregating  the
two types of answers directly [7,55,157,158] and iteratively [8,9,114]
to  improve  the  answer  quality.  Moreover,  worker  intelligence  is

injected  into  the  intelligent  system  as  expert  knowledge  through
Rationale  [159],  Debug  Information  [160,161],  and  Predict
Punishment [162]. 

■ 5  Answer model
Modeling and optimizing answers are crucial for ensuring the quality
of  collected  answers.  The  taxonomy  of  answer-centered  quality
control  methods  is  shown  in Fig. 7.  The  key  topic “answer
aggregation” (also  known as “truth  inference”)  is  considered  a  core
issue in  crowdsourcing quality  control  and significantly  impacts  the
quality of the final answer.

Unlike  Boolean  crowdsourcing,  open-ended  crowdsourcing
presents  several  challenges  for  answer  evaluation:  1)  Answers  may
be partially correct (e.g., in sequence annotation tasks, some words in
a sentence are annotated correctly).  2) There may be more than one
answer that can be considered correct. 3) Some subjective evaluation
tasks  (such  as  preference  collection)  may  have  obvious  biases  and
ambiguities in answers. 

5.1  Quality dimensions
Considering  that  the  evaluation  results  of  answers  can  be  used  as
evidence  for  deriving  the  truth  in  crowdsourcing.  Therefore,  a
reasonable  answer  embedding  and  reliability  estimating  are  the  key
dimensions in answer modeling. 

 

 
Fig. 6    A  taxonomy  of  worker-centered  quality  control  methods,  that  primarily  focuses  on  improving  the  performance  of  individual  worker
through teaching and motivating, and optimizing the quality of responses through collaborative mechanism design
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5.1.1  Answer embedding
The  core  of  answer  embedding  is  to  choose  a  feature  space  for  the
answer,  which  significantly  impacts  subsequent  answer
understanding  and  processing  methods.  For  example,  image
annotation tasks  generally  ask crowd workers  to  detect  objects  with
bounding  boxes,  primary  content  such  as  the  vertex  coordinates  of
the bounding box are generally adopted as the answer to identify the
position, size, and interrelationships of the objects. Additionally, the
pixel  information  within  the  bounding  boxes  is  usually  used  as  the
answer  embedding,  semantic  information  in  the  area  of  bounding
boxes becomes the main content conveyed by the answer. 

5.1.2  Answer reliability
The  reliability  of  an  answer  refers  to  the  likelihood  of  an  answer
being  correct.  Accurately  estimating  the  answer  quality  plays  an
indispensable  role  in  inferring  ground  truth  and  evaluating  worker
contributions. Considering the complex task structure and subjective
characteristics  that  are  commonly  found  in  open-ended
crowdsourcing,  the  corresponding  answer  evaluation  methods  may
include both objective metrics and subjective methods (such as peer
grading [163], group evaluation [143], and expert feedback [63]. 

5.2  Quality evaluation
Given  the  complex  structure  and  various  evaluation  criteria  of

answers  in  open-ended  crowdsourcing,  numerous  researchers  have
attempted  to  explore  a  variety  of  evaluation  methods  to  assess  the
quality  of  the  answers  as  comprehensively  as  possible. ‘Answer
Understanding’, ‘Feedback’,  and ‘Automatic  Metric’ are  the
representative research topics. 

5.2.1  Answer understanding
An  in-depth  understanding  of  the  semantic  information  in  open-
ended  answers  form  the  basis  for  accurately  evaluating  answer
quality. On one hand, many researchers explored eliciting knowledge
[61], and representing the meaning with human rationale [62] froms
open-ended answers to fully capture the rich knowledge and semantic
information  contained.  On  the  other  hand,  some  researchers  have
tried to enhance the quality of open-ended answers by eliminating the
subjectivity [16], bias [75,164], and ambiguity [118,165] prevalent in
open-ended answers to clarify the meaning. 

5.2.2  Feedback
Feedback serves as another method to evaluate answer quality, taking
into  account  the  cognitive  differences  between  participants  on  a
specific  task  and  effectively  avoids  quality  problems  due  to
subjectivity  and  bias.  For  instance,  DEXA  [143]  provides  expert
feedback by incorporating dynamic examples from experts to crowd
workers; Xu et al. [105] aim to improve the quality of visual design

 

 
Fig. 7    A taxonomy of answer-centered quality control methods primarily focuses on assessing the reliability of answers by collecting diverse
feedback, and aggregating open-ended answers using similarity metrics
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by  prompting  crowd  workers  to  generate  structured  feedback;  Zhu
et  al.  [103]  explore  hiring  crowd  workers  to  perform  answer
reviewing to provide feedback. 

5.2.3  Automatic metric

GLEU BLEU

IOU

The  use  of  automatic  metrics  is  the  most  convenient  way  to  assess
the  answer  quality  in  Boolean  crowdsourcing.  Several  automatic
metrics  have  been  proposed  for  evaluating  the  relationship  between
open-ended  answers.  For  example,  [70]  and  [166]
are  commonly  used  to  evaluate  the  semantic  similarity  between
sentences;  [167] is frequently used to evaluate the accuracy of
the  image  bounding  box.  However,  these  automatic  metrics  are
usually  related  to  specific  application  scenarios  and  answer  types.
Therefore,  a  series  of  automatic  metrics  are  proposed  to  evaluate
variety  types  of  open-ended  answers,  like  Soft  Evaluation  Metric
[168],  Similarity-based  Metric  [4,169],  Hybrid  Reliability  [3],
bMultiple-Criteria  Preference  [59],  Neural  Network-based  Score
Function [170], and Distribution Estimation [171]. 

5.3  Quality control method: answer aggregation
Answer  aggregation  is  the  most  important  topic  in  crowdsourcing
quality control. As previously discussed, modeling the rich semantic
information  in  open-ended  answers  is  important  for  the  answer
aggregation  in  open-ended  crowdsourcing.  Therefore,  numerous
researchers  consider  capturing  the  agreement  between  answers
through similarity-based evaluation  metrics  (as  discussed in  Section
5.2)  based  on  the  idea  of  majority  Voting,  and  design  agreement-
based  answer  aggregation  algorithms.  The  agreement  may  take
different  forms  and  require  different  modeling  approaches  for
different  tasks.  For  example,  Li  et  al.  [42,172]  propose  aggregating
pairwise  preference  with  pairwise  similarity;  Braylan  et  al.  [4]
explore  selecting  the  best  answer  with  the  minimum  error  which  is
estimated with annotation distance; Li et al. [2,3] evaluate the answer
reliability dynamically according to iterative agreement estimation.

Additionally, Dumitrache et al. [168] have found that disagreement
is  prevalent  in  open-ended  crowdsourcing,  which  may  arise  from
workers,  tasks  or  annotation  schemes.  Specifically,  ambiguous  or
unclear  [173]  points  in  a  task  may  lead  to  disagreement  between
answers.  To  address  this  challenge,  Uma  et  al.  propose  a
disagreement-based computational framework [53,168] to train high-
quality  models  directly  from  answers  with  disagreement;  Braylan
et al.  eliminate disagreement in answers by the idea of merging and
matching [52]; Timmermans et al. mitigate the semantic gap between
answers  provided  by  crowd  workers  with  context  modeling  [174];
Researchers  explore  to  reduce  the  disagreement  among  answers  by
removing highly ambiguous samples through item filtering [175] and
label noise correction [169,176,177].

Moreover,  in  order  to  integrating  fine-grained  information  about
tasks  and  workers  into  the  answer  aggregation  process  [178,178],
some  researchers  have  tried  to  integrate  specific  knowledge  by
incorporating context information [42,179] to improve the quality of
answers.  For  complex  annotation  tasks  that  require  domain
knowledge  (e.g.,  medical  image  annotation).  Zlabinger  et  al.  [143]
proposed to incorporate expert  knowledge to improve the quality of

answers  provided  by  novice  crowds.  In  addition,  some  researchers
have  explored  improving  the  quality  of  answer  aggregation  by
integrating  answer  features,  such  as  pixel  proximity  [180]  and  text
features [164]. 

■ 6  System
Quality  dimensions,  evaluation  approaches,  and  quality  control
methods  of  different  aspects  have  been  separately  introduced  in
previous  sections  to  help  readers  gain  a  holistic  view of  the  quality
control  issue  for  open-ended  crowdsourcing.  However,  the  issue  of
quality  control  in  open-ended  crowdsourcing  is  a  system-level
problem  that  is  typically  discussed  within  the  context  of  multiple
quality aspects. Multiple quality dimensions are generally considered
jointly  while  modeling  and  optimizing  the  answer  quality.  For
instance,  estimating  the  reliability  of  answers  usually  requires  a
coordinated  consideration  of  quality  dimensions  relevant  to  diverse
aspects, such as task difficulty and worker expertise.

In  this  section,  we  will  discuss  how  existing  works  improve  the
quality of open-ended crowdsourcing by exploring the interaction of
aspects  (especially  the  joint  consideration  of  different  quality
dimensions)  and  designing  joint  optimization  methods,  in
conjunction with the three core tasks in the crowdsourcing execution
process: ‘task  allocation’, ‘answer  aggregation’,  and ‘workflow
design’. 

6.1  Task assignment: jointly consideration of task design and
worker expertise
Task assignment [101,181], a critical topic of quality control in open-
ended crowdsourcing, which is generally discussed in the context of
‘task  modeling’ and ‘worker  expertise’.  According  to  Hettiachchi
et  al.  [181],  the  problem of  task  assignment  is  generally  defined  as
follows:

Definition 2 Task assignment
Q q1 q2 qk

W w1 w2 wm ||Q|| k

||W || m

Given a set of questions  = { , ,..., } for a specific task t
and  a  set  of  workers  =  { , ,..., }  where  =  and

 = .  The  process  of  task  allocation  aims  to  assign
crowdsourcing  tasks  to  the  most  suitable  workers,  which  may
significantly affect the answer quality and completion efficiency.

For  Boolean  crowdsourcing,  parameters  such  as  task  categories,
task  difficulty,  worker  expertise,  worker  population,  and  worker
practices  are  generally  inferred  for  the  matching  of  tasks  and
workers. Given the complex cooperative relationship between crowd
workers  and  the  dependencies  between  subtasks  in  open-ended
crowdsourcing,  more  fine-grained  worker  evaluation  and  task
modeling  are  required  for  task  assignment.  For  example,  Cui  et  al.
[137]  proposed  a  PNRN-based  multi-round  allocation  strategy  that
can dynamically select the allocation strategy and predict the trend of
a  worker’s  reputation.  Additionally,  He  et  al.  [182]  modeled  the
complex  collaborative  crowdsourcing  task  assignment  problem as  a
combinatorial optimization problem based on the maximum flow and
computed  the  optimal  solution  to  task  assignment  with  a  Slide-
Container  Queue  (SCP).  Beyond  that,  similar  to  Boolean
crowdsourcing, the utilization of historical worker data [183], answer
distribution  [184,185],  gold  questions  test  [65],  priority  queue
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scheduling [186], and behavioral data [27] are also generally adopted
in  open-ended  crowdsourcing  for  better  worker  estimation  and  task
assignment. 

6.2  Answer aggregation: Jointly consideration of task
difficulty, worker expertise, and answer quality

v∗
i

ti ∈ T

V

As discussed in Section 5, answer aggregation stands a pivotal topic
within  the  topic  of  crowdsourcing  quality  control.  It  typically
involves the joint optimizing of ‘task difficulty’, ‘worker expertise’,
and ‘answer  quality’.  The  challenge  of  answer  aggregation  is
generally defined as inferring the true answer  for each task   
given  workers’ answers .  In  generally,  the  task  difficulty  is
quantified by a real number [187], which has been considered highly
relevant  to  the  answer  quality.  For  example,  Whitehill  et  al.  [188]
suggest that the relationship between task difficulty, worker expertise
and answer quality can be depicted by the following equation:
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where   (0,+ )  denotes  the  worker  ability,   (0,  + )
denotes the task difficulty .  A higher  represents the higher task
difficulty.  It  can  be  inferred  that  for  a  fixed  worker  ability ,  an
easier  task (with a  lower )  will  lead to  a  higher  probability  that  a
worker  correctly  answers  the  task.  Furthermore,  numerous
researchers  explore  modeling  the  task  information  with K-
dimensional vectors [185,189–191],  which is helpful in deriving the
level of task difficulty.

As  discussed  in  Section  5.3,  most  existing  methods  of  answer
aggregation  (such  as  PGM and  optimization-based  methods)  cannot
be  directly  applied  to  open-ended  crowdsourcing  tasks  due  to  the
difficulty  in  measuring  dynamic  worker  expertise  and  answer
reliability.  Researchers  have  investigated  incorporating  fine-grained
information into the process of truth inference,  aiming to accurately
model the relationships among task difficulty, worker capability, and
the quality of answers. A detailed presentation is provided in Section
5.3, and will not be reiterated in this section. 

6.3  Workflow design: Jointly consideration of task design,
worker collaboration, and human mental model
Workflow,  considered  as  the  dominant  infrastructure  in
crowdsourcing  today,  is  dedicated  to  decomposing  complex  macro-
tasks  into  small  independent  tasks  and  coordinating  worker
resources.  As  discussed  in  Sections  3  and  4,  numerous  researchers
propose  improving  the  level  of  worker  collaboration  through  the
workflow  design  of  interactive  argumentation  [145]  or  action
planning  [58];  other  parts  of  researchers  explore  improving  the
efficiency  of  task  organization  with  the  strategy  of  multi-round
allocation  [137]  and  maximum-flow  optimization  [182].  In  general,
the methods of workflow design in existing works are usually closely
related to the task type, and few works discuss the underlying theory.
We  explore  workflow  design  in  open-ended  crowdsourcing,  guided
by  the  representative  cognitive  psychology  theories ‘collaborate
sensemaking’ and ‘cognitive process theory’, as depicted in Fig. 8.

1) Cognitive process theory of writing. The theory of ‘cognitive
process’ is  usually  considered  as  the  fundamental  theory  describing

cognitive changes in human writing, which can inspire the design of
open-ended text tasks, including machine translation, summarization,
Q&A,  knowledge  production,  novel  creation,  event  reporting,  etc.
However,  quality  control  methods  used  in  Boolean  crowdsourcing
(such  as  MV  and  PGM)  cannot  be  applied  to  crowd-writing  tasks
directly  due  to  the  challenges  discussed  in  Section  1.  As  a  result,
writing is a representative class of open-ended crowdsourcing tasks,
and studying the workflow design theory of crowd-writing can great
help explore the research direction of the quality control methods in
open-ended crowdsourcing.

The  cognitive  process  model  [95,192]  outlines  the  general
guideline  of  crowd  writers,  from  idea  generation  to  final  text
completion,  as  a  series  of  components,  including ‘Topic-related
Design’, ‘Worker  Identification’, ‘Long-Term  Memory’, ‘Goal
Setting’, ‘Growing  Answer  Management’,  and ‘Reviewing  and
Monitoring’.  Each  component  of  the  cognitive  process  model
represents a step of the crowd-writing task, the action and decision in
each  step  directly  affect  the  efficiency  and  quality  of  the  writing
output.  Furthermore,  Kraut  et  al.  [193]  found  that  the  cognitive
process model aligns with the process of collaborative writing, which
forms the core of workflow design in crowd-writing.

2)  Collaborative  sensemaking. As  discussed  in  Section  4.3.2,
collaboration is a crucial method to integrate diverse knowledge and
skills among crowd workers, which is of greatly help to improve the
answer  quality  in  open-ended  crowdsourcing.  However,  there  is
limited  discussion  on  the  theoretical  foundations  for  collaborative
workflow  design,  which  are  vital  for  persuasiveness  and
interpretability.

Sensemaking  is  defined  as  the  process  of  searching  for  a
representation  and  encoding  data  in  that  representation  to  answer
task-specific  questions  [194].  Pirolli  et  al.  [195]  introduce  the
sensemaking  loop  as  a “broad  brush  description” of  experts’
cognitive process of information transformation. Ericsson et al. [196]
argued  that  the  key  to  the  expert  performance  of  knowledge-driven
open-ended tasks (such as intelligence analysis and crowd writing) is
to  develop  domain-specific  schemas  from  long-term  memory  and
patterns  around  the  key  aspects  of  their  tasks.  Consequently,
numerous researchers [14] have explored the use of sensemaking as
the  basic  theory  for  designing  workflows  that  enable  distributed
novice  crowds  to  solve  large-scale  cognitive  tasks.  This  topic  of
workflow design is also referred to as ‘Collaborative Sensemaking’.

For  instance,  Bradel  et  al.  [197]  proposed  a  co-located
collaborative  visual  analytics  tool  for  use  on  large,  high-resolution
vertical  displays.  Drieger  et  al.  [198]  proposed a  semantic  network-
based  method  to  support  knowledge  building,  analytical  reasoning
and  explorative  analysis.  These  proposals  have  significantly
improved  crowdsourcing  workflow  design,  with  solutions  such  as
biclusters-based  semantic  edge  bundling  [199]  and  knowledge-
transfer graphs [200].

In  addition,  there  exist  other  basis  theories  that  can  be  used  to
guide  crowdsourcing  workflow  design,  such  as  gamification  theory
[201–204]  and  incentive  theory  [205,206]  (including  monetary
incentives [128], worker motivating [58], etc.). 
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■ 7  Summary and discussion
In  this  survey,  we  begin  by  introducing  representative  open-ended
crowdsourcing  tasks  in  the  context  of  AI  applications.  We  then
summarize  and  compare  the  dimensions  of  quality  control  research
on  Boolean  crowdsourcing  and  open-ended  crowdsourcing  tasks,
considering  four  important  aspects,  including  task,  worker,  answer,
and  workflow.  We found that  compared  to  Boolean  crowdsourcing,
the  quality  control  research  of  open-ended  crowdsourcing
necessitates  a  more  detailed  discussion.  The  dimensions  of  quality
control  research  on  open-ended  crowdsourcing  significantly  exceed
those of Boolean crowdsourcing tasks (as shown in Fig. 2, Boxes in
blue  did  not  exist  in  boolean  crowdsourcing,  while  boxes  in  gray
represent  the  distinct  differences  between  Boolean  crowdsourcing
and  complex  open-ended  crowdsourcing).  Therefore,  conducting  a
review  of  quality  control  methods  on  open-ended  crowdsourcing  is
both necessary and challenging.

We propose a two-tiered framework that encompasses all research
on open-ended crowdsourcing quality control. The first tier provides
a  holistic  view  of  quality  control  methods,  based  on  the  execution
process  and  components  in  crowdsourcing.  This  enables  readers  to
understand  the  key  aspects  and  main  characteristics  of  open-ended
crowdsourcing.  The  second  tier  analyzes  the  internal  structures  of
quality  control  modeling  in  each  aspect  from  the  dimensions  of

quality  models,  quality  assessment,  and  quality  optimization.  This
helps  readers  identify  the  attributes,  evaluation  metrics,  and  design
decisions when developing a quality control method, as illustrated in
Fig. 4. 

7.1  Challenges and outlook
According  to  our  survey,  existing  research  on  open-ended
crowdsourcing  quality  control  has  several  challenges.  First,  most
quality  control  methods  are  applicable  to  single  or  a  few  types  of
tasks, and few studies have been conducted on generic quality control
theories and methods. For instance, Lee et al. [19] proposed a quality
control method for crowd image segmentation. However, this quality
control method cannot be applied to other open-ended crowdsourcing
tasks,  like  Q&A annotation,  due  to  the  differences  in  task  structure
and prediction algorithms. To the best of our knowledge, only a few
works  focus  on  discussing  the  cross-task  approaches  of  answer
aggregation  [4,52]  and  answer  evaluation  [207]  for  open-ended
crowdsourcing.

Another  important  challenge  is  that  human  intelligence  has  not
been  fully  utilized  in  all  steps  in  the  AI  cycle,  with  most  research
focusing  on  improving  the  quality  of  labeled  data.  However,
according  to  Yang  et  al.  [208],  human  intelligence  shows  great
potential  to  address  the  robustness  and  interpretability  issues  of  AI
systems,  which  may  significantly  improve  the  quality  of  AI

 

 
Fig. 8    A taxonomy of workflow design in open-ended crowdsourcing, inspired by cognitive psychology theories ‘collaborate sensemaking’ and
‘cognitive process theory’
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applications.
Given  the  research  trends  and  challenges  demonstrated  in  related

literature, we believe that future work related to the following topics
will  have  a  long-term  impact  on  the  research  of  open-ended
crowdsourcing:

1)  Domain-specific  design. Current  crowdsourcing  platforms
typically  assume  that  requesters  have  the  sufficient  domain
knowledge to design reasonable crowdsourcing tasks, corresponding
annotation  tools  and  quality  control  methods.  This  approach  can
achieve  acceptable  results  when  dealing  with  some  Boolean
crowdsourcing  tasks.  However,  this  approach  often  fails  to  produce
satisfactory  answers  when  facing  complex  open-ended  tasks  in
specific  domains,  such  as  medical  image  recognition,  complex  3D
point cloud annotation, due to the lack of background knowledge or
effective  annotation  tools.  Therefore,  domain-specific  design  for
typical  tasks  in  specific  domains  is  a  key  approach  to  completing
open-ended crowdsourcing tasks and obtaining high-quality answers.
For  instance,  Appen  AI  launched  a  AI  Data  Platform  (ADAP)  that
supports  a  variety  of  annotation  tools  for  2D  images  and  3D  point
clouds,  to  cater  to  the  high-quality  annotation  data  requirements  of
intelligent  cockpits  and  autonomous  driving.  Additionally,  Wang
et  al.  [54]  focused  on  designing  specific  quality  control  algorithms
for  image segmentation to  improve the data  quality  for  autonomous
driving systems.

2)  General  quality  control  framework. Considering  that  open-
ended crowdsourcing generally  involve tasks  of  different  data  types
such  as  images,  videos,  and  text,  the  quality  control  methods  may
vary  significantly  due  to  differences  in  task  structure  and  answer
types.  Therefore,  most  proposed  quality  control  methods  are  only
applicable to a specific task or a few similar tasks. To the best of our
knowledge,  only  a  few  works  [4,52,207]  have  begun  to  explore
quality  control  methods  applicable  to  open-ended  tasks  in  various
data  types.  Considering  the  myriad  of  open-ended  tasks  in  the  real
world,  general  quality  control  methods  are  both  challenging  and
critically important.

3)  Intelligent  workflow  design. Most  current  research  topics
attempt  to  optimize  the  completion  quality  of  open-ended
crowdsourcing from individual steps. In contrast, as the infrastructure
of  crowdsourcing,  the  crowdsourcing  workflow  can  often  consider
the  quality  issue  from  a  macro  perspective,  coordinating  and
optimizing  each  link  of  the  task  (such  as  demand  analysis,  answer
collection, task assignment, and answer aggregation) to optimize the
overall quality and efficiency. On the one hand, the cognitive process
model  [192]  and collaborative perception theory [195]  will  serve as
theoretical foundations to explore what kind of workflow is more in
line  with  the  human  mental  model.  On  the  other  hand,  artificial
intelligence  technology  will  be  fully  involved  in  every  link  of  the
crowdsourcing  task,  bringing  deep  optimization  to  the  output  of
open-ended  crowdsourcing.  For  example,  in  the  stage  of  demand
analysis,  LLMs-based  generative  artificial  intelligence  applications
(like  GPT-4  [209])  can  transform  the  requester’s  colloquial
requirements  into  specific  annotation  specifications  that  can  be
directly implemented in the process. 

7.2  Quality control strategy of representative crowdsourcing
platform for open-ended tasks
Quality control is paramount for crowdsourcing platforms. It ensures
high-quality  deliverables,  fostering  long-term  client  relationships;
optimizes  task  allocations  to  minimize  rework  costs;  incentivizes
crowd  workers  to  enhance  response  quality  and  community  service
levels,  thereby  elevating  the  platform’s  reputation  and  competitive
edge.  Quality  control  strategies  not  only  directly  guarantee  the
quality  of  completed  tasks  but  also  support  efficient  platform
operations and long-term growth from multiple perspectives. A range
of  general  quality  control  strategies,  including rating,  voting,  output
agreement  checks,  performance-based  bonuses,  and  task
decomposition are widely employed by representative crowdsourcing
platforms  [100].  Additionally,  some  platforms  implement
sophisticated  quality  control  methods  tailored  for  complex  tasks,
significantly enhancing their capability to handle open-ended tasks.

For  example,  MTurk  integrates  advanced  machine  learning
technologies with a trained team of investigators to detect fraudulent
and abusive activities on its platform. Consequently, 99% of flagged
suspicious  activities  are  reviewed  by  investigators  within  18  hours,
while urgent feedback for complex tasks is reviewed within one hour
[108].  Appen enhances the performance of crowd workers on open-
ended tasks through targeted worker training and performance metric
monitoring.  As  a  result,  data  annotation  speed  has  increased  by  an
average of 30%, while error rates have decreased by more than 40%
[210].  Beyond  that,  numerous  crowdsourcing  platforms  such  as
Appen, MobileWorks, and Crowdcrafting have adopted large-model-
based  automated  quality  control  strategies.  These  approaches
significantly enhance the quality of final answers while substantially
reducing time and cost expenditures [211]. 

7.3  Open-ended crowdsourcing in the Era of LLMs
Large  Language  Models  (LLMs)  have  taken  the  world  by  storm.
LLMs  are  capable  of  achieving  remarkable  results  in  a  range  of
downstream  tasks  without  gathering  extensive  task-specific  labeled
data or tuning model parameters,  but merely through the instruction
of  examples.  Given  the  significant  reliance  of  quality  control
methods  on  artificial  intelligence  algorithms  in  open-ended
crowdsourcing,  exploring the relationship between LLMs and open-
ended crowdsourcing is of great help in clarifying the key issues and
research  direction  of  quality  control  in  open-ended  crowdsourcing.
This topic will be discussed from the following three aspects.

1) Optimizing LLMs through crowd annotations. Researchers at
Open  AI  have  incorporated  human  feedback  into  the  training  and
optimization  of  large  language models  (such as  InstructGPT [212]),
to  mitigate  the  dissemination  of  harmful  or  false  outputs.  This
approach  has  significantly  improved  the  reliability  and  safety  of
LLMs.  In  this  process,  crowd  workers  serve  as  evaluators,  ranking
model  responses  under  various  conditions  to  create  a  comparative
dataset. This dataset is subsequently used to train a reward model that
predicts which responses would be rated higher. The original LLM is
then  iteratively  fine-tuned  using  reinforcement  learning  algorithms
guided by the reward model. This method continues to be integral to
ongoing  research  and  development  in  LLMs  (e.g.,  GPT-4  [209],
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Claude  3  [213],  PaLM [214],  Llama  3  [215],  and  Deepseek  [216]).
Although  optimization  techniques  represented  by  RLHF [217]  have
successfully  introduced  crowd  intelligence  into  computing  systems,
this  paradigm still  has  obvious limitations.  For  example,  the quality
of  annotations  is  determined by  the  expertise  of  the  annotators,  and
the  results  of  model  optimization  will  also  have  corresponding
quality  problems.  Crowdsourcing,  as  an  important  paradigm  for
introducing  human  feedback  into  computing  systems,  is  very  likely
to provide important insights for future quality optimization methods
and development processes of LLMs.

2)  Inspiring  the  prompt  strategies  with  design  decisions  in
crowdsourcing. Wu  et  al.  [218]  discovered  a  high  degree  of
similarity between LLM chains and crowdsourcing workflows. They
share  common  motivations  and  face  similar  challenges,  such  as
dealing  with  cascading  errors  that  affect  later  stages  [219]  or
synthesizing inconsistent contributions from crowd workers [220]. A
series  of  recent  studies  have  confirmed  this  phenomenon:  some
research  has  adopted  strategies  inspired  by  the  crowdsourcing
workflow  for  iteratively  improving  LLMs,  such  as  self-consistency
[221],  self-inquiry  [222],  and  self-reflection  [223].  Furthermore,  in
balancing  the  quality  and  cost  of  data  processing  using  LLMs,
Parameswaran et  al.  [224]  viewed LLMs as  crowdsourcing workers
and leveraged ideas from the literature on declarative crowdsourcing.
This  includes  multiple  prompting  strategies,  ensuring  internal
consistency, and exploring a mix of LLM and non-LLM methods, to
make prompt engineering a more principled process and optimize the
workflow of LLM-powered data processing.

3)  Facilitate  crowd  workers  with  LLMs. Due  to  the  powerful
semantic  understanding  and  language  generation  capabilities  of
LLMs, there is a noticeable trend in using LLMs to facilitate crowd
workers  in  completing  open-ended  tasks.  Specifically,  Veselovsky
et al. [225] found that 33%–46% of crowd workers used LLMs when
completing  crowdsourcing  tasks.  Additionally,  Wu  et  al.  [226,227]
took  LLMs  as  a  simulation  of  human  workers  to  construct
crowdsourcing  pipelines  for  addressing  complex  tasks,  and  further
discuss  the  potential  of  training  humans  and  LLMs  with
complementary  skill  sets.  Beyond  that,  He  et  al.  [228]  proposed  a
two-step  approach, ‘explain-then-annotate’ to  enable  LLMs  to
generate  high-quality  labels  akin  to  outstanding  crowdsourcing
annotators  by  providing  them  with  sufficient  guidance  and
demonstrated  examples.  He  et  al.  [229]  indicate  that  GPT-4
outperforms online crowd workers in data labeling accuracy and the
labeling accuracy could further increase when combining the crowd’s
and GPT-4’s labeling strengths.

The  aforementioned  research  works  indicate  that  there  is  a  deep
interrelationship  between  crowdsourcing  and  LLMs,  which  brings
new  demand  and  inspiration  to  the  study  of  crowdsourcing  quality
control: 1) It is necessary to explore new quality control mechanisms
to  clarify  which  answers  are  generated  by  LLMs  and  to  enable
researchers to exclude them or eliminate the contained biases before
conducting  analysis.  2)  The  powerful  language  understanding  and
image  recognition  capabilities  of  LLMs  can  significantly  assist
human  participants  in  completing  compelx  annotation  tasks.
Consequently,  designing novel  collaborative strategies that  integrate

both  human  participants  and  LLMs  may  offer  new  possibilities  for
addressing  large  and  complex  tasks  that  have  been  challenging  for
crowdsourcing  before.  This  approach  has  the  potential  to
substantially  expand  the  boundaries  of  what  is  achievable  through
crowdsourcing.  3)  Human  feedback  remains  a  key  step  in  ensuring
the usability of LLMs. Appropriate quality control methods can help
the model understand human preferences more accurately, ultimately
making the output of LLMs better aligned with human needs. 
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