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Abstract

Classi cation is a pervasive problem in research that aims at grouping items in categories
according to established criteria. There are two prevalent ways to classify items of interest:
i) to train and exploit machine learning (ML) algorithms or ii) to resort to human
classi cation (via experts or crowdsourcing).

Machine Learning algorithms have been rapidly improving with an impressive perfor-
mance in complex problems such as object recognition and natural language understanding.
However, in many cases they cannot yet deliver the required levels of precision and recall,
typically due to di culty of the problem and (lack of) availability of su ciently large and
clean datasets.

Research in crowdsourcing has also made impressive progress in the last few years,
and the crowd has been shown to perform well even in di cult tasks [Callaghan et al.,
2018; Ranard et al., 2014]. However, crowdsourcing remains expensive, especially when
aiming at high levels of accuracy, which often implies collecting more votes per item to
make classi cation more robust to workers' errors.

Recently, we witness rapidly emerging the third direction of hybrid crowd-machine
classi cation that can achieve superior performance by combining the cost-e ectiveness of
automatic machine classi ers with the accuracy of human judgment.

In this thesis, we focus on designing crowdsourcing strategies and hybrid crowd-machine
approaches that optimize the item classi cation problem in terms of results and budget. We
start by investigating crowd-based classi cation under the budget constraint with di erent
loss implications, i. e., when false positive and false negative errors carry di erent harm to
the task. Further, we propose and validate a probabilistic crowd classi cation algorithm that
iteratively estimates the statistical parameters of the task and data to e ciently manage
the accuracy vs. cost trade-o. We then investigate how the crowd and machines can
support each other in tackling classi cation problems. We present and evaluate a set of
hybrid strategies balancing between investing money in building machines and exploiting
them jointly with crowd-based classi ers.

While analyzing our results of crowd and hybrid classi cation, we found it is relevant to
study the problem of quality of crowd observations and their confusions as well as another
promising direction of linking entities from structured and unstructured sources of data.
We propose crowd and neural network grounded algorithms to cope with these challenges
followed by rich evaluation on synthetic and real-world datasets.

Keywords: crowdsourcing, machine learning, human-in-the-loop, classi cation
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Chapter 1

Introduction

Classi cation is a pervasive problem in research that founds a lot of applications in a

variety of real-world tasks, such as document categorization, image segmentation, medical
and governmental decisions. Because of their importance and impact, the number of
published papers is rapidly growing, especially in medical domain (twice as many articles
as in computer science eld). Thus, in 2011 the number of classi cation related papers

held 3% across all the elds, while in 2018 this number increased to K®apers (according

to our analyses conducted over Scopudatabase).

The problem of classi cation can be solved via a plentiful list of methods, e. g., experts,
machines, crowdsourcing, or hybrid approaches that combine a variety of di erent tech-
niques [Pratap Chandra Sen, 2020; Jing Zhang, 2016; Cheng and Bernstein, 2015]. All
of the methods have their bene ts and disadvantages. For instance, expert classi cation
produces accurate results but hiring experts is expansive. On the other hand, machine
learning classi ers are scalable and potentially cheap once trained, but require advisory
training data to rely on, and it is not always easy or even possible to train accurate
classi ers for a given problem.

Crowdsourcingis a method for outsourcing small pieces of work to a crowd of people
and leveraging their wealth of knowledge to achieve objectives of requesters. Crowd
classi cation has been studied for centuries, at least since the early work of the Marquis de
Condorcet who, trying to make a case for democracy, proposed Bisry Theoren?, stating
that if each juror in a jury (or each citizen, when taking a binary decision) has an error rate
lower than 0.5 and ifguilty vs. innocent votes are independent, larger juries reach more
accurate results, and approach perfection as the jury grows. Nowadays, crowdsourcing acts
via online crowd marketplaces (such as Figure Eight, Amazon Mechanical Turk, or Yandex
Toloka), where people can perform small micro-tasks as the distributed and independent

https://www.scopus.com/
Zhttp://www.stat.berkeley.edu/ mossel/teach/ SocialChoiceNetworks10/ScribeAug31.pdf



crowd of workers. The workers can be motivated by receiving monetary rewards after
completing a task or by acting as volunteers. Recently, crowdsourcing is being increasingly
adopted as a tool for supporting research [Law et al., 2017]. There are hundreds of citizen
science projects that leverage crowdsourcing at one phase or another of the research, in
all elds of science, from biology to classifying galaxies [Simpson et al., 2014] to helping
doctors to determine whether a treatment worksand many others. With the opportunity

o ered by crowdsourcing on the one hand and the need for large labeled dataset to support
machine learning tasks on the other, many researchers from the machine learning, database,
and human computation communities investigated the problem in detail, both to identify
algorithms and to study theoretical bounds.

In spite of rapid technical advances irmachine learning nowadays many intelligent
tasks still cannot be entirely assigned to machines without human supervision. There is a
spectrum of problems where machines are limited under practical conditions, however, they
can be assisted by humans to mitigate current limitations. Arti cial Intelligent models
can su er from low data quality as datasets in the real-world are often incomplete, having
missing values, and typos. Recent works suggest that we can combine machine-based
data cleaning under real crowd supervision [Chu et al., 2016] or reassess already labeled
training samples via humans [Lin et al., 2016], growing performance of models. For many
real-world problems, we might possess a little or zero training data while having a large
set of unlabeled items at hand. Theack of training data can be mitigated by combining
crowdsourcing and active learning techniques that look for the most informative items and
accurate workers, thus saving the budget [Heinecke and Reyzin, 2019]. Another signi cant
challenge in machine learning is théimited reliability of a machine's decision When
machines are treated as black boxes without human supervision, users might hesitate
about decisions and request justi cation and further actions. This is especially true in
essential domains, such as medicine, security control, or in scienti c reviews. However,
such models can be assisted by humans through validation, correction, and re nement of
a current algorithm [Wang et al., 2019; Kulesza et al., 2015; Ribeiro et al., 2016].

In this thesis, we direct our attention to classi cation problems and how we can
e ciently approach it with the use of the crowd and machine learning under budget
constraints. Therefore, a requester can e ciently classify a set of items specifying the
available budget and desired quality requirements. This is a challenging task for many
reasons: from the possible low quality of workers to data management and task design
from crowdsourcing point of view; the need of obtaining and training the machine classi er
from machine learning side; and challenges of how to join the aforementioned forces (crowd
and machines) to increase the classi cation performance and reduce the budget. Therefore,

3https://crowd.cochrane.org/



the objective of this thesis is to design crowdsourcing strategies and hybrid crowd-machine
approaches that optimize the item classi cation problem in terms of results and budget

the following, to explain the concepts we will use the example of Systematic Literature
Reviews (SLRs) - reviews that follow a prede ned process aimed at achieving transparency
and impartiality with respect to the sources analyzed, minimizing distortions, biases,
and conicts of interest [Grant and Booth, 2009; Khan et al., 2003; Henderson et al.,
2010]. Particularly, we target the screening phase of SLRs, where we screen abstracts
of candidate papers resulting from the initial literature search to identify papers to be
included in the analysis. This is an instance ohite pool classi cation problems, where
we need to classify a nite set of items minimizing cost [Nguyen et al., 2015a]. It is,
however, rather challenging for many reasons and very important task, since SLRs are
one of the most important forms of publications in science [Sun et al., 2016], and are the
basis for evidence-based practices and government policies, from education to healthcare,
as they pool results independently obtained from a number of research groups [Haidich,
2010]. Therefore, this task requires (i) identifying the feasibility of crowdsourcing for item
classi cation (in particular facilitating SLRs); (ii) derive and analyse a set of crowd-based
strategies; (iii) determine how arti cial intelligence (Al) and crowdsourcing can be used in
combination to support cost-aware item classi cation. We envision that Al may help in
(at least) three ways that can be used independently or in combination: i) by classifying
papers (acting as a cheap classi er), ii) by assisting crowd workers in performing their tasks
faster and/or more accurately, and iii) by driving the crowdsourcing process, determining
which item should be classi ed next as well as by how many workers (more accurate
workers are often more expensive).

Given a budget and a set of items we might encounter some very di cult samples for
crowd classi cation. For such di cult items, we can end up with an optimal strategy to
leave them as \unclassi ed". Intuitively, it means we pay for domain experts to classify
di cult items, and it simply costs us more money while not sacri cing the quality of
results. It is essential to address this aspect especially if we have di erent loss values for
false positive and false negative types of errors, i.e., when harm to the task varies for
di erent wrong classi cation decisions. For instance, in medical tests, the loss value (or
harm) for a false negative diagnosis decision should be higher than the loss for a false
positive one. This scenario is common in many domains, such as security control, medical
treatment, or SLRs, where missing relevant papers can lead to a wrong conclusion. It
brings to us another challenge of identifying for what item we can or cannot use the crowd
annotations. This is very task and question speci c, as even for the same SLR question
we can have di erent \good" and \optimal" strategies depending on the data and crowd
workers.
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Speci cally, we investigate the following research questions:

RQ1. How can we create data adaptive crowdsourcing strategies for optimization
guality vs. cost trade-o in classi cation with a di erent loss of errors?

RQ2. How to build e cient hybrid crowd-machine classi ers under a limited budget?

While exploring RQ1 and RQ2, we encountered the challenge of managing noisy crowd
data and found that subtle form of crowd errors is due t@onfusion of observations on
items with similar class labels. Therefore, reducing crowd noise can improve classi cation
accuracy, and if we can decrease the number of confused crowd observations, during the
crowdsourcing process, it will save the requester's budget due to collecting less crowd
data for performing accurate classi cation. To this end, we studied crowd aggregation,
confusion prevention and correction methods by investigating the third research question:

RQ3. Can we improve the quality of observations in crowd-based classi cation?

We further studied the issue of linking entities from structured and unstructured data
sources with the use of Graph Neural Networks. We rst investigate how the entity linkage
can be done by machines only and then recommend a way to improve the performance with
the infusion of crowdsourcing in the process. Thus, for facilitating the search of relevant
literature in SLRs, we potentially can build a linkage system to perform a semantic search
of similar papers based on scienti ¢ abstracts or textual queries as input. We formulate
the following research question:

RQ4. How to e ciently link entities from structured and unstructured data sources?

1.1 Thesis structure

This thesis is organized as a summary of the work carried out during the three years of
the Ph.D. program at the University of Trento. The core of the work is the optimization

of accuracy vs. cost trade-o in nite poll classi cation, prevalently focused on paper
screening in SLRs. First, we motivate and discuss the problem of SLRs and study the
feasibility of the crowd to perform SLR tasks as well as proposing cost-e cient techniques
for crowd-based classi cation. Then we study what machine classi ers can gain from
crowdsourcing means, and how, at the same time, the crowd can bene t from machines
in return. We propose algorithms for aggregating and correcting crowd votes, where the
observed labels can be confused during the measurement of value. While the primary focus
of this Ph.D. is the optimization of nite pool item classi cation, we also contributed to the
graph neural entity matching problem, with a potential crowd contribution in future work.
The proposed algorithms and strategies are validated on both synthetic and real-world
datasets. Most of the work conducted is published (or under review) at the top conferences
in the eld. The graph neural entity matching algorithm is implemented as a working
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application. Part of the results of this Ph.D. is based on productive collaboration with
Delft University of Technology, The University of New South Wales, Purdue University,
and two internships at IBM Research and IBM Benelux.

Chapter 2 discusses challenges in Systematic Literature Reviews and motivates the
importance of the screening phase of reviews. We explore the feasibility of crowdsourcing
in performing scope-based classi cation of papers in literature reviews in terms of accuracy,
time, and budget. In this chapter, we propose a set of crowdsourcing techniques for item
classi cation based on the budget available and di erent loss for errors (RQ1) [Krivosheev
et al., 2017].

Chapter 3 aims at investigating multi-predicate classi cation, i.e., where we look for
items that satisfy a conjunction of predicates within a nite pool of candidate items. As a
result, we present the probabilistic crowdsourcing model that iteratively learns statistical
parameters of the problem in order to minimize the number of crowd votes to query
to reach a classi cation decision. The model also decides whether an item is di cult
and it is better to assign it to an expert rather than spending money with the crowd
(RQ1) [Krivosheev et al., 2018Db].

Chapter 4 explores how to join the crowd and machine forces to classify items that
satisfy a set of predicates. We show how, given a new classi cation problem and a
set of classi ers of unknown accuracy for the problem at hand, we can identify how to
manage the accuracy vs. cost trade-o by progressively determining if we should spend
budget to obtain test data (to assess the accuracy of the given classi ers), or whether we
should leverage the existing machine classi ers with the crowd, and in this case how to
e ciently combine them based on their estimated characteristics to obtain the classi cation
(RQ2) [Krivosheev et al., 2018a,c].

Chapter 5. In this chapter, we contribute a formulation of the general problem of
hybrid crowd-machine classi cation, particularly in the case where no pre-trained machine
learning model is available. We present and evaluate a set of budget allocation heuristics
for balancing betweenlearning machines (investing money in collecting training data) and
exploitation the learned model by applying hybrid classi cation using the remained budget.
Thus aiming at identifying how to balance the learning vs. exploitation trade-o to improve
the overall classi cation cost and quality (RQ2) [To be submitted, EMNLP/HCOMP
2020].

Chapter 6. In this chapter, we demonstrate another reason for noise in crowdsourced
annotations that leads to low-quality inference of true labels. In particular, we introduce
the notion of confusion of observationsi. e., where crowd workers can confuse items of
a classi with items of a classj, either because they are similar or because the task
description has failed to explain the di erences. We show that confusion of observations
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can be a frequent occurrence in many tasks and that such confusions induce signi cant
noise in datasets. We then propose an algorithm for detecting such confusions, leveraging
an inference procedure based on Markov Chain Monte Carlo (MCMC) sampling (RQ3)
[Under review VLDB 2020].

Chapter 7 presents the algorithm for modeling and matching entities from structured
data, such as relational databases, as well as unstructured sources, such as free text
from news articles. This is achieved by combining siamese and graph neural networks
to propagate information between connected entities and support high scalability. We
evaluate the algorithm on real business data and then discuss potential challenges and
ways to improve the results from both neural network and crowdsourcing sides (RQ4)
[Under review ICML 2020].

1.2 Contribution

This thesis contributes to cost-aware crowd and hybrid crowd-machine learning classi -
cation, aggregation of crowdsourced data, and graph entity matching algorithms. The
contribution of this thesis can be summarized as the following.

We performed a number of analyses indicating that crowdsourcing literature reviews
can be done with high precision and costs gures that are reasonable to what authors
spend today in terms of e ort. We proposed a model that provides users with a list of
options and error-cost estimates for each option in crowdsourcing classi cation. The model
gives an insight about speci c values of task parameters (e. g., budget, number of votes per
item, number of test questions) and expected results. Therefore, users can adjust the task
parameters during the crowdsourcing process and consequently maximize the expected
quality of results.

We introduced and examined a set of cost-aware crowdsourcing strategies for multi-
predicate classi cation. Speci cally, we proposed multi-run strategies and the adaptive
(to the task) algorithm that iteratively learns statistical parameters of the problem. The
algorithms signi cantly outperforms basic majority voting, expectation-maximization based
approaches in terms of cost and accuracy for crowd classi cation tasks, and especially for
literature reviews.

We proposed methods for combining machine learning classi ers and crowd workers
to achieve higher classi cation accuracy for a unit of cost. We showed how to utilize
potentially weak machine classi ers - and even classi ers with unknown accuracy for the
problem at hand - in contexts characterized by very demanding requirements in terms of
accuracy (as is the case for literature reviews) and in the presence of di cult problems
where also the crowd has low accuracy. We also studied how the e ect of incorporating
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classi ers (and ensembles of classi ers) into a crowdsourcing algorithm varies based on the
di erent characteristics of the problem at hand (such as accuracy of classi ers, correlation
among base classi ers, amount of data available for testing classi ers and for training
ensembles) and showed why and under which conditions ensembles of classi ers do or do
not provide bene ts over \simply" using the best available classi er at hand.

We proposed and discussed a set of budget allocation heuristics for e ciently balancing
between learning and exploitation of machine classi ers in the hybrid crowd-machine
classi cation task. Our results showed that even a small fraction of the budget invested in
learning machine (e. g., via active learning) leads to improvement in cost and accuracy.
Increasing the budget allocation to learning machines up to 50% increases accuracy but
also cost, and from that point on the improvements can vary.

We introduced the notion of confusion of crowd observations, that is, where crowd
workers can confuse items of a classwith items of a classj. To detect and correct such
confusions, we proposed a novel inference algorithm based on Markov Chain Monte Carlo
sampling. We showed how the proposed inference procedure can be integrated with the
main state-of-the-art aggregation techniques, that it scales both in the number of items
and in the number of crowd workers, and that it signi cantly outperforms commonly used
aggregation methods especially when the number of votes per item is relatively small (in
the single-digit range), as it is common in many crowdsourcing tasks. We also analyzed
in which cases strong baselines such as D&S become competitive even in the presence of
confused labels.

We proposed Siamese Graph Convolutional Network architecture for modeling and
matching entities from structured data (e. g., relational databases) as well as unstructured
data sources (e. g., news articles). We demonstrated that proposed entity matching network
signi cantly outperforms both traditional rule-based systems and other deep learning
approaches. Our graph-based entity matching architecture is deployed as a RESTful
web service that accepts a company name as input and provides back the corresponding
business entity in the database. Demo video is available onlihe

1.3 Publications

Research carried out during this Ph.D. resulted in the following publications:

1. Balancing Learning vs. Exploitation Trade-o in Active Hybrid Classi cation. To be
submitted, EMNLP/HCOMP 2020.

2. Detecting and Preventing Confused Labels in Crowdsourced Dataset&vgeny

“https:/lyoutu.be/LDzCZNrCm3o
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Krivosheev, Siarhei Bykau, Fabio Casati, Sunil Prabhakar. Under review VLDB
2020.

3. Graph Neural Networks for Data Integration. Evgeny Krivosheev, Mattia Atzeni,
Paolo Scotton, Fabio Casati, Katsiaryna Mirylenka. Under review ICML 2020.

4. Combining Crowd and Machines for Multi-predicate Item Screenindzvgeny Krivosheev,
Fabio Casati, Marcos Baez, Boualem Benatallah. ACM CSCW 2018.

5. Leveraging Crowd and Al to Support the Search Phase of Literature Revieviisigeny
Krivosheev, Jorge Ramrez, Marcos Baez, Fabio Casati, Boualem Benatallah. AAAI
HCOMP 2018.

6. Crowd-based Multi-Predicate Screening of Papers in Literature Review&vgeny
Krivosheev, Fabio Casati, Boualem Benatallah. IW3C2 TheWebConf (WWW) 2018.

7. Crowd-Machine Collaboration for Item Screening.Evgeny Krivosheev, Bahareh
Harandizadeh, Fabio Casati, Boualem Benatallah. IW3C2 TheWebConf (WWW)
2018.

8. CrowdRev: A platform for Crowd-based Screening of Literature Reviewslorge
Ramirez, Evgeny Krivosheev, Marcos Baez, Boualem Benatallah, Fabio Casat. ACM
Collective Intelligence 2018.

9. Crowdsourcing Paper Screening in Systematic Literature Reviewgvgeny Krivosheev,
Valentina Caforio, Boualem Benatallah, Fabio Casati. AAAl HCOMP 2017.



Chapter 2

Crowdsourcing Classi cation Under
Budget Constraints and Di erent
Loss of Errors

In this chapter, we aim at designing crowdsourcing strategies for cost-aware classi cation
under budget limits and di erent levels of harm for false positive and false negative errors.
A di erent loss of errors is common for many tasks, such as medical diagnosis, criminal
judgment, self-driving car decisions. This chapter discusses, the problem in light of
classifying scienti ¢ papers for systematic literature reviews, which is a rather challenging
task for non-expert crowd workers.

A literature review is a form of scienti ¢ research (and of publication) that has a high
impact on science and society [Sun et al., 2016]. Reviews can take di erent forms and have
di erent objectives [Grant and Booth, 2009]. The main distinction is betweersystematic
approaches, where a speci c process is de ned before the review starts and is followed
throughout the identi cation and analysis of relevant literature, andnon-systematicones,
where authors do not follow a prede ned method for selecting and analyzing literature.

Literature reviews, especially when systematic, provide scienti ¢ results and are at
the heart of evidence-based approaches, with a potentially profound impact on society
[Haidich, 2010]. Reviews are also very helpful in introducing newcomers to challenges and
opportunities for research in a given area. Not surprisingly, they are among the most
highly cited papers (a search we conducted over a few thousands papers on Scopus shows
that the median number of citations for reviews vastly exceeds the median for papers in
all areas of science).

Because of their importance and impact, the number of published reviews is rapidly
growing [Wallace et al., 2013]. This is particularly true for systematic reviews and meta-
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analyses, in the past popular mostly in the medical eld but now widely adopted in all
areas of science.

However, reviews are very time-consuming and e ort-intensive. While there are no
published statistics on the entire review process (from idea to publication) we are aware
of, a study we are conducting with researchers from di erent elds points to durations
of 6 months to 3 years from initial search to submissidn Review results should also be
updated periodically, but again the e ort for doing so often represents a barrier [Takwoingi
et al., 2013].

In this chapter we investigate the possibility of crowdsourcing speci ¢ aspects of
systematic literature reviews. We focus speci cally on identifying the in-scope papers after
initial literature search, and we investigate if and how this phase can be sourced from the
citizens, what are the best strategies for doing so, and what is the resulting quality and
cost, both in general and compared with the case where the same phase is done by the
research team (typically, the co-authors). This is a critical phase of a systematic review:
not only is it time-consuming (several people work on it, and the combined person-month
e ort is of over two months), but it is also where risk of bias lies.

More speci cally, we contribute i) a probabilistic model for reasoning over the problem,
for tuning the parameters of crowdsourcing tasks to minimize errors, and for providing
review authors with information of budget vs error trade-o s, and ii) a set of crowdsourcing
strategies and algorithms that minimize the classi cation error as we vary the assumptions
on the model and the model parameters. Both the model and the strategies descend from
experiments run onFigure Eight?> and are mindful of what we can actually achieve with
some of the practical constraints of typical crowdsourcing platforms. Experiments on
Figure Eight are also used, in addition to theory and simulation, to validate the results as
well as to derive parameters for the typical population of workers for this kind of tasks.

Last but not least, experiments provided many insights on task design, such as how the
problem should be framed to increase participation and reduce errors, as well as actual
pay scales considered acceptable by the community.

Ipublished data in the healthcare domain indicate that the median time from the nal literature search to
publication in a systematic review is 61 weeks - with the additional problem that over time the list of candidate
papers for inclusion becomes out of date and needs to be refreshed [Sampson et al., 2008]. However the paper does

not report on lag from initial search.
2www. gure-eight.com
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2.1 Background

2.1.1 PRISMA and Systematic Reviews

Before presenting our approach we summarize methods and practices for systematic reviews.
A systematic review follows a de nedprocessand has transparency and clarity as its focal
points throughout the whole procedure [Khan et al., 2003]. This process usually includes
(i) the de nition of a research question in a clear, structured and unambiguous way; (ii)
the identi cation of all relevant papers through a search strategy that stems from the
research question and speci es inclusion and exclusion criteria; (iii) the critical assessment
of the included studies; (iv) the data extraction and synthesis in a standardized form,
possibly with statistical analysis (meta-analysis); (v) the interpretation of the ndings and
exploration of any risk for bias [Khan et al., 2003; Wright et al., 2007; Harris et al., 2014;
Henderson et al., 2010].

With the objective of increasing the quality of systematic reviews and meta-analyses,
the PRISMA statement (Preferred Reporting Items for Systematic Reviews and Meta-
Analyseg was devised as a guideline to help authors report their reviews in a clear and
consistent way [Moher et al., 2009]. As an evolution from the QUOROM statement [Moher
et al., 1999], PRISMA consists of a 27-items checklist enumerating the details to report
and a ow diagram showing the phases of the selection process. Such statements are
often required in any systematic review today and are essential in the medical eld, where
poorly reported reviews can potentially have an e ect on people's health. Indeed, Clinical
Practice Guidelines, i. e., \statements that include recommendations intended to optimize
patient care", are \based on systematic reviews of evidence" and should \be based on
an explicit and transparent process that minimizes distortions, biases, and con icts of
interest" [Steinberg et al., 2011]. Therefore, omitted details and lack of transparency can
make this process di cult and contribute to low-quality, misleading guidelines.

2.1.2 Crowdsourcing and Science

Crowdsourcing is being increasingly adopted as a tool for supporting research [Law et al.,
2017]. There are literally hundreds otitizen scienceprojects that leverage crowdsourcing
at one phase or another of the research, in all elds of science, from biology to astronomy
to human sciences [Garneau et al., 2014; Swanson et al., 2015; Hennon et al., 2015; Lintott
et al., 2008]. The interest in citizen science has generated a growing body of research on
various aspects of the process, from understanding how researchers perceive it [H. Riesch H,
2014; Law et al., 2017], to the motivations behind citizens' participation [Eveleigh et al.,
2014; Frey and Jegen, 2001], as well as process and system design [Tinati et al., 2015].
While all aspects of citizen science research are somewhat interesting and related to
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this chapter, one item of particular importance is the understanding of the conditions
under which researchers are motivated to (or deterred from) adopting a crowdsourcing
approach. A beautiful analysis of these aspects is provided in [Law et al., 2017] who
underscore that one of the concerns is related to haeviewersperceive crowdsourcing in
research. In other words, crowdsourcing is viable if i) the authors feel that is feasible and
valuable for their speci c research problem and ii) the authors perceive that reviewers will
nd it acceptable. This is relevant because literature reviews go through peer reviews and
as such the process needs to be accepted by reviewers - and by the community.

The prior art also includes several \spot" attempts at adopting some form of crowd-
sourcing in literature reviews. These papers provided inspiration for us although in many
cases they are initial, one-o, and relatively small experiments that do not study the
variations of the results of crowdsourcing tasks in terms of its content and parameters, and
that in general do not have su cient statistical power to derive conclusions and guidelines.

[Sun et al., 2016] study the feasibility of leveraging crowd workers for extracting
information related to interventions from papers abstracts in biomedical domains. The
authors observe that giving more concrete examples in the instruction part can help workers
be more aware of the purpose of a task. A platform for crowdsourcing narrative literature
reviews is proposed by [Weiss, 2016], along with insight about challenges appearing
in systematic literature reviews in new domains. [Nguyen et al., 2015a] propose an
active learning approach to solving the problem of deciding whether or not a paper is
relevant to a review, with a mixed human+Al approach. The authors tried to achieve
maximum performance at minimal cost by intelligently choosing between crowd users and
domain experts to minimize the expected loss. They performed experiments on Amazon's
Mechanical Turk to classify papers from four large datasets. For crowd evaluation,
classi cation is performed through majority voting.

[Ng et al., 2014] ran a randomized pilot study aimed at exploring the accuracy of medical
students in performing citation screening via four di erent modalities, namely a mobile
screening application, paper printed with titles and abstracts, a reference management
software and a web-based systematic review platform. Students were asked to say whether
a list of papers were included or excluded from the scope of a review, based on a list
of inclusion criteria. In case of insu cient information, participants could set papers
as \unsure”. Participants had never conducted a review, however they had some level
of expertise in the eld and had received some training in the development of critical
appraisal skills, which di ers widely from asking to a non-expert crowd to perform such a
task.
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2.1.3 Modeling and Classi cation

Extensive research, dating back to the 1700s, has addressed the problem of eliciting reliable
labels from a crowd, coping with cheating behavior while keeping costs low [Karger et al.,
2011b; Whitehill et al., 2009; Smyth et al., 1995; Karger et al., 2011a; Hirth et al., 2013;
Liu et al., 2013; Eickho and de Vries, 2013; Hirth et al., 2011].

One of the rst scientists to study this was the Marquis of Condorcet. Condorcet,
in his famousJury Theorem?® of 1785, discusses the probability of a group of persons
taking, collectively, the correct classi cation decision. He shows that if the probability of
a person taking the correct decision is greater than 0.5 and votes are independent of each
other, then the probability of taking a correct majority decision grows with the number of
participants and approaches 1 at the limit (this is, in fact, a direct consequence of the law
of large numbers).

From there, a large body of work starting with [Dawid and Skene, 1979] and then on to
[Whitehill et al., 2009], estimating labeling in the presence of items of di erent di culties,
and [Liu and Wang, 2012] who apply EM to labeling in the presence of confusion matrix
inspire our approach. We also build on insights from [Hirth et al., 2013], who discuss the
problem of cost optimization providing information on which cheating detection and task
validation algorithms to choose based on the cost structure of the task. Our work di ers
in that we seek for a method to provide, for each task, review authors with a description
of price vs error trade-o , an optimal choice of parameters for a given price, and a set of
crowdsourcing strategies that aim at minimizing error estimates. In other words, we don't
"simply" aim at classifying papers given the votes from the crowd, but we identify the
strategies to obtain such votes by considering the price vs error trade-o s.

2.2 Model and Assumptions

2.2.1 Task Model

We consider a crowdsourcing task model that includes set of candidate pap@B =
fp1; pP2; oo prg and a textual de nition of the scope of the reviewS. The task is performed
by workers in a pool of contributors. In practice this pool is very large and for our purposes
we assume it is in nite. We then ask each workey to label one or more candidate papers
asin (the paper is in scope or we do not have su cient evidence to exclude it from the
abstract and title) or out, based onS. In case of exclusion, workers are asked to provide
reason to do so. Figure 2.1 shows an example task for a review we recently completed.
The result of a task execution is a set of votels = fl;; g representing the binary vote

Shttp://www.stat.berkeley.edu/ mossel/teach/ SocialChoiceNetworks10/ScribeAug31.pdf
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Sign

Speci cation

CP = fpsy;:png

set of candidate papers

lpj

vote by worker j on paper p

cr cost ratio

N #test questions

N, #votes per worker (after passing test)
J #votes per paper

S scope of a review

uc cost per vote

PPP price per paper

z proportion of cheaters

as expected accuracy of workers

real proportion of papersin scope

Table 2.1:

Notations used in the chapter.

of worker ] on paperp. Given the set of votes, we use a classi cation functiools(L)
that takes the individual votes and aggregates them to derive the in/out decision for each
paper.

Finally, we de ne the costs (oss) for each error: a cost for a false exclusioGost.
(deciding that a paper is out when it should have been in), and for a false inclusi@ost; .
For simplicity we model them as a cost ratioccr that de nes how more costly a false
exclusion is with respect to a false inclusion. False exclusions are typically more costly
since we may be missing an important paper, while a false inclusion \simply" means that
experts will need to go over that paper again. The value afr depends on the subjective
opinion of review authors.

A run of a crowdsourcing task proceeds as follofivs rst each worker is shown a seiN;
of test questions with known labels. If the worker answers them correctly, they move to the
work phase, where they can provide useful votes (that is, label unknown candidate papers).
Even during the work phase, test questions may be injected with a de ned frequency and
the contributor is considered trusted (their results are not discarded) only if they keep
answering the test questions correctly. The run continues until a given number of labels
per paperJ has been reached. We assume test questions are created by authors based
on the problem at hand, that is, based on a screening they perform over a handful of

4The choice of the model is also guided by what we can do today with platforms such as Figure Eight
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Figure 2.1: Example of scope-based screening task.

papers. Typically, creating ten test items that include inclusion and exclusion examples is
su cient for crowdsourcing purposes.

In the simplest case a task will have just one run, but we can envision that a run may
leave us with uncertainty over some papers and we may want to have additional runs
focused on uncertain papers.

Last but not least, each task has grice. The price tag is a ected by: i) the unit
cost per label (how much we pay workers for labeling a paper or an exclusion criterion),
i) the total number of votes asked, and iii) the number of test questions. The rst two
are rather obvious, while the third requires an explanation: with in nite workers, to get
accurate results we might simply have a very large number of test questions so that we
are sure that only trusted, competent workers remain in the task. In many systems test
guestions are not paid, so this costs zero. In practice this is not possible: the ethics of
this are questionable at best, non-cheaters would do a lot of unpaid work, and we, as
task providers, would get bad ratings, impacting our future ability to crowdsource. In
this chapter, we take this into account by increasing the price per judgment by a factor
N';—IN‘, where N; is the number of initial test questions andN, is the number of valid
judgments that a worker gives on non-test papers (i.e., the number of votes from a worker
who remains above the thresholdr ). This essentially states that people who pass the test
are in fact paid also for test questions. A, grows our factor becomes ine ective and
others can be chosen, but in our cadé, is smalP. Alternative models can be derived, also
including a penalty for high test frequencies, but for presenting the concepts and ideas of

5In practice, depending on the task settings, it may not always easy to enable a worker to label many papers
due to the fact that many concurrent workers access the task in parallel and the available work nishes very
quickly.
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this chapter this is su cient. The classi cation cost for a paper is therefore expressed as
follows, whereUS is the cost per vote and™ ™ is the corrective factor:

N, + N;

|

In the end we want to perform candidate paper selection with high accuracy (minimizing
the loss) and minimal price. A speci c point of interest lies in whether the crowd can
achieve an accuracy similar to (or better than) that of experts at a comparable cost, while
ensuring transparency and impartiality of the whole process.

PPP=UC J 2.1)

2.2.2 Probabilistic Model

To reason about the model and identify strategies and parameters we de ne a probabilistic

model that describes the characteristics of i) tasks and ii) workers. Both come into play

to identify the optimal crowdsourcing strategy and to set the crowdsourcing parameters.
With respect to the task, we model the following:

1. Our belief on the proportion of candidate papers that should be included. This
is important because it a ects the classi cation function. We do not assume that
authors necessarily have such a prior belief, and we discuss later how this parameter
can be set or estimated.

2. The diculty level of each paper: we need to account for the fact that not all
candidate papers are equal, meaning that some papers may be harder than others to
classify. In this chapter, we model di culty with a uniform distribution (which we
can parametrize with a variety of priors, such as the commonly usdteta(; ) or
priors as suggested in [Whitehill et al., 2009]).

With respect to the workers, we assume that in the worst case workers answer randomly,
which means a 0.5 probability of a correct label. The proportion of cheaters is modeled by
a Bernoulli random variableZ. For non-cheaters, we initially assume a uniform accuracy
from 0.5 to 1. The accuracy probability function is therefore a mixture of a point mass at
0.5 and a density in the (0.5, 1) range.

pd(a)=z (a 05+2 (1 2 (2.2)

for 05 a< 1. In the function, is the impulse function, while the uniform density is
multiplied by 2 (as it is in the (0:5;1) interval only) and by (1 z) as the density applies
only to non-cheaters. In this chapter, we do not include more complex cases that include
a confusion matrix or priors on the initial probability, but the concepts can be extended
to that case.
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2.3 Calculating error cost and price

Now that we have a model we can reason abostrategiesfor crowdsourcing literature
reviews and assess them based assumptionswe can make related to the model.

The goal is to i) identify which aspects of the model impact the selection of strategies
and results, ii) estimate the model parameters (or at least re ne our prior, when available)
based on actual experimental data, and iii) derive which strategies can lead to good results
in terms of error cost (loss) and price. Because each problem is di erent (and even varies
also depending on how we title or present the task, as discussed later), the statistical
parameters will also vary, so while we can inform our priors via experiments, each task
may have to re ne the estimation on the go.

We begin by studying a simple version of the model and a simple crowdsourcsitategy.

In general, a crowdsourcing task for literature review can be comprised of a numberurfs,
where in each runk we submit a subsetCP, of the candidate papers<CP to the crowd,
collecting a given numberJ¥ of labels per paper. Furthermore, we start each run with a
belief B¥ on the proportion of papers to be included, if available (and initially assumed to
be 0.5 if there is no estimate). A runRX is therefore de ned by a tuple CP*; NKX; J%; BX).

In the simplest strategy the task consists of one run where we submit all papers and
seek forJ votes per paper. A classi cation function will then classify the paper based on
the cost ratio cr, trying to minimize the loss while tting within an experiment budget.

The objective for the algorithm here, before even proceeding with the classi cation,
is to i) estimate the optimal values for task parameters that we (as managers of the
crowdsourcing process) can play with, such as number of test questidws the requested
judgments per paperJ, and the classi cation function, and ii) provide the scientists with
a budget vs expected logsirve, showing the error cost depending on the budget, assuming
that for each budget we choose the best (lowest loss) con guration identi ed. The only
input explicitly required by the authors is the cost ratio, which is subjective.

The expected error cost (loss) for each paper is given by formula 2.3, where P(FE) and
P(FI) denote the probability of false exclusion and false inclusion.

Loss=cr P(FE)+ P(FI) (2.3)

Considering that we obtainJ judgments (votes) per paper, if we decide to exclude a
paper after we obtainJ; exclusion votes or more for such a paper, the probability of a
false exclusion is given by equation 2.4, whergis the (initially unknown) probability that
the correct decision for a paper is inclusion, angs represent the expected accuracy of
workers who pass the test phase. The formulas descend from the observation that P(FE)
= P(decision = exclude=correct= include) P (correct = include), and vice versa for
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P(FI).

X
P(FE) = | Lo A a (2.4
Ji k J
X J
P(FI)=(1 ) (1A (2:5)
J i<k J

In this formula, ; is an unknown parameter we need to estimat@; is also an unknown
parameter on which, however, we can have some control by adjusting the test questions
N to lter inaccurate workers, while J and J; can be set to optimize loss. The accuracy
as of the population that survivesN; tests is distributed as follows: if we denote witlz
the proportion of cheaters in the population that survives the test, which can be derived
from Bayes @s = P(test_passed=cheater P (cheater)=P(test_passed), then

s - z 05V
Tz 05V +(1 )iy (1 wiy)

Consequently, by using again Bayes for deriving how the accuracy of non cheaters,
initially uniform, is reshaped by the test questions, we obtain:

(2.6)

2N (N +1
(N+D) Ly,

f'a)=z (a 05)+(1 z) T 1

2.7)

for05 a<1 R
The expected accuracys of this population is E[x] = ol:sx f Y(x)dx and is therefore
shown in Equation 2.8.

2N (N +1) 1 (0:5)M+2

_z
as - 2 + (1 ZS) 2Nt+1 1 Nt + 2 ) (28)

2.4 Error minimization and error/price trade-o s

We begin our discussion on algorithms by assuming a single-run strategy.

2.4.1 Single-run strategy with simple majority voting.

In this approach we simply classify papers using majority voting, which is the approach
most commonly supported by crowdsourcing platforms. For each combination Nf, N,
and J we can compute the total price tag of the experiment as well as estimate the loss via
equation 2.3, whereJ; is set to J=2 (rounded to the upper integer), as shown in Figure 2.2.
As we have no knowledge of;, we assume a value (such as 0.5, though di erent values
can be set if the task requester has a prior belief). In practice, valuesf and J over 10
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Figure 2.2: Expected loss depending on the num- Figure 2.3. Expected loss that can be
ber of test questions and of judgments per paper achieved depending on the budget (real
(real ; =0:5). i =0:3).

result in near-zero error cost, so computing loss for higher values can be easily done but is
rarely needed.

The result can be plotted as done in Figure 2.3. The decision of the optimal price/loss
point is left to the user as it depends on subjective considerations as well as available
budget. Each budget corresponds to an optimal choice b, N, and J that ts in the
budget with minimal loss, so that once we have the requestor's decision we can con gure
the crowdsourcing task. Notice that for now we are assuming that our initial guess qfis
correct.

We can then classify the paper using majority voting. Figure 2.4 shows the performance
of this algorithm (denoted by MV in the legend) in terms of expected loss, assuming an
initial run with ve tests. Figures 2.4(b), top and bottom, di er from Figures 2.4(a) as we
assume a more di cult set of papers, in this case simulated by scaling down the accuracy
of non-cheaters to the 0.5-0.7 range. Furthermore, the top charts have a lower valuesJor
and cr. The increase with ; here is due to the fact that this method does not consider
the cost ratio which typically penalizes false exclusions. Therefore, error cost grows with
the proportion of included papers.

2.4.2 Single-run strategy considering cost ratio.

The obvious improvement to the baseline is to consider the cost ratio. This time, for each
value of N; and J we can minimize the loss (according to equation 2.3) by selecting the
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optimal value for J;. Again, here we only \guess" a; or set it based on the requester
belief (in the following chart we assume an initial belief of 0.5). The minimization can
be done using classical minimization algorithms [Arora, 2015] but also by computing the
values given that we have a small number of discrete variables. For each combination we
have again a price point and we can plot again loss vs price chart, ask the user to point to
an acceptable compromise, determine the parameters and run the task as for the previous
case.

As we can see from the results in Figure 2.4(a) (the label for this algorithm is SCR),
this algorithm performs better for high values of ;. For ; = 0:5 all algorithms behave
similarly as the initial assumption of ; = 0:5 holds, while for low value of ; the loss is
higher. This is because we tend to err on the side of inclusion, so for low values;ofve
get higher errors. However for di cult papers where the accuracy is very low, the error
actually grows with ;, because the probability of false exclusion goes up and if workers
are not precise and we do many errors, we pay a price which is not compensated by erring
on the side of inclusion.

2.4.3 Single-run strategy with basic parameters estimation.

The value of the parameters; and zs plays a role in the loss function, and the cost ratio
is also important for determining the optimal classi cation function given the outcome of
a run (in our case, for determiningl; which is the only parameter left to play with once
we have concluded a run). Therefore, we assume we can improve on the above method by
estimating ;. There are many ways in which this can be done. One option is to again use
majority voting but only for performing an initial classi cation. Based on this, we compute
the proportion of included papers and take this as an estimate fof, more informed than
an initial guess of 0.5. We then compute the accuracy of each worker (as percentage of
\correct" answer based on majority voting classi cation), and with estimates of; and as,
we then compute the optimal value forJ; based on equation 2.3, and correspondingly we
know the minimal loss we can achieve for each price.

As we can see from the results in Fig 2.4(a) (the label for this algorithm is BPE), this
algorithm performs signi cantly better than the previous ones for all values of; except
0.5 (where the guess of the simpler algorithms is correct).

2.4.4 Single-run strategy with EM-based parameters estimation.

We can improve on the above algorithm by iterating over estimates of the parameters
until convergence. A common method for doing so is to leverage Expectation Maximiza-
tion [Dempster et al., 1977; Dawid and Skene, 1979]. In our model, the data is presented
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Figure 2.4: Expected loss for each algorithm. With no di culty bias (a) and with di culty bias
reducing worker accuracy to a 0.5-0.7 range (b). MV is majority voting, SCR is Simple strategy
with cost ratio, BPE is basic parameter estimation, and EME is expectation maximization. The
simulation is based on 1000 paperdN; =5;N; =10;z =0:3.

as a Bayesian network, where there are two types of variables: 1) the observable votes
provided by workers, and 2) hidden variables, such as, the workers' accuracy, and the
classi cation for each paper. Via the EM algorithm we computes the correctness of values
given the accuracies of the workers that support it. See [Je Pasternack, 2011] for the
details and examples of EM-based for data aggregation. The results shown in Figure 2.4
indicates that EM is equal to basic estimation and slightly better when accuracy is low.

2.4.5 Multi-run Strategies.

The big limitation in all of the previous algorithms is that we run the crowdsourcing task
\in the dark". We \guess" the value of the parameters and, based on this, set the number of
tests and of judgments, leaving the optimization to the post-task analysis phase, when the
money has been already spent. We can improve on this by running a small test-run whose
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purpose is to obtain initial estimates for ; and z;. Once we get initial estimates, we can
compute and plot again the budget vs loss chart, and based on the estimates and within
the con nes of the budget, minimize the loss, but this time with the ability to modify
N and J based on the estimates. We call this horizontal multi-run strategy as we cut
the list of papers horizontally. The approach assumes that the initial sample of papers is
representative of the whole set, and in absence of speci ¢ knowledge this means that we
randomly reshu e the papers before selecting the initiaP papers for the estimation run.
The results are shown in Figure 2.5, depicting the price per paper we can obtain with
a multirun strategy that has the same loss of a single run strategy, run with a budget of
7.5, and optimized with EM-based algorithm. We can see that for values of close to 0
or 1 a multirun strategy obtains savings of approximately 20%.
Multi-run strategies are particularly important when the di culty of the task is unclear:
the di culty a ects the accuracy as pointed out in [Whitehill et al., 2009], so that papers
in certain areas may get lower accuracy than others. Similarly, we can applyvartical
multi-run strategy where we collectone vote on all papers, and use this to estimate the
parameters, and proceed with collecting a second vote, and so on.

Figure 2.5. Price per paper with a multirun strategy that has the same loss of a single run
strategy at a price of 7.5, optimized with EM-based algorithm. Shown for di erent values of ;.
Estimation based onN; =5;cr =10;z =0:3, run of 1000 papers.

2.5 Analysis and Experiments

In the winter and spring of 2017 we run a series of experiments on Figure Eight to assess
our results and estimate parameters based on actual crowdsourcing scenarios, as well as to
understand how such a task can be framed and how sensitive it is to how we word the
guestion or to the di culty of the papers.

We ran a total of 16 experiments with di erent settings, asking workers to label a
total of 50 papers taken from two systematic reviews, one done by us in an area across
computer science and social sciences reviewing technology for ghting loneliness, using
fairly common terminology, and the other in medicine [Veronese et al., 2017] having more
complex exclusion criteria, with 26 and 24 papers respectivély We collected votes by
2896 respondents (807 of which passed the test phases). The price of each label per paper

6The detailed description of all experiments is available at https://tinyurl.com/csexphc
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was also experimented, ranging from 0.22$ to 0.35$, which corresponded to approximately
10 to 15 $/hour. The purpose of the run was not so much to use Figure Eight to get the
results, but to understand the workers response in terms of accuracy and speed on real
tasks.

The rst observation is that the price point is considered acceptable by workers. Overall,
the job was rated from 3.3 to 4 in a 5-point scale, and we understand from Figure Eight
that this is above average. Interestingly, there is a high variance so that sometimes a lower
pay resulted in higher rating for two di erent tasks with the same settings. Classi cations
based on exclusion criteria generally get higher ratings for the same pay. On average the
tasks attracted one worker every 20 seconds. Because of the large pool of workers that
end up working concurrently, each worker cannot rate a high number of papers simply
because we quickly reach the desired number of votes per paper.

Another observation is that the worker accuracy changes a lot depending on the subject
area. The paper in the medical area, which included complex criteria for determining
scope or exclusion obtained an average accuracy of 59%, versus 83% for the technology
paper. Interestingly, the accuracy depends on the title we give to the task ("classify a
text" vs "screen scienti ¢ papers”), probably as titles that convey that the task is complex
tend to discourage the casual worker, and we know that workers correctly perceive task
complexity [Yang et al., 2016]. If we word tasks properly and the problem is su ciently
simple, then as shown by Equation 2.6 the average accuracy after just a few test questions
is very high, and classi cation errors, even using simple majority voting, are low. In this
case the classi cation can be very precise and indeed, in our experiments, in half of the
cases (4) where we recorded an \error" from the crowd, the error was on our side meaning
that our \gold" data turned out to be not so gold.

We can use the accuracy distributions as derived from Figure Eight and feed them to
the algorithms described earlier to compute task settings for relatively easy and relatively
hard paper classi cation problems, and estimate loss for, e.g., a maximum budget of 1$
per paper and a salary of 20 cents per answer. For the medical domain case, the optimal
algorithm producesN;=10 and J=2, giving a cost per paper of 80 cents and an expected
error loss forcr = 10 of 0.15 if ; = 0:5. For reviews where the real; = 0:1 the loss
is 0.08 for a cost of 1$ per paper (optimal parameters aMy = 7 and J = 3). For the
("easier") technology review we can instead reach a loss of 0.11 when the reat 0:5
(cost of 80cents per papenN; = 10;J = 2) and for real ; =0:1 the loss is 0.08 for a cost
of N =6;J =3, budget of 96 cents per paper.

Notice that 80 cents per paper is a reasonable gure (also obtained with generous
assumptions on the time actually spent working on each paper - in practice it is probably
possible to achieve lower costs): in our preliminary survey of over 20 authors of recent
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literature reviews, respondents reported an average of 1.5 person-months of e ort spent in
this phase. For a typical screening of approximately 1000 papers the price tag is therefore
relatively low.

2.5.1 Conclusion

The analysis indicates that crowdsourcing literature reviews can be done with high precision
and costs gures that are reasonable with respect to what authors spend today in terms
of e ort. Di erent algorithms can be used to identify the parameters of the crowdsourcing
task and the best algorithm we identi ed based on a multi-run strategy signi cantly
outperforms basic EM (with even larger margins when compared with other simpler
algorithms). The work has several limitations: in this presentation we could only include

a few comparisons and discussions. As the model (and real life scenarios) have many
parameters, a more in depth discussion and analysis is needed. Furthermore, a deeper
understanding of the accuracy as derived from Figure Eight is needed as it is a ected by
many \little things" (as we experienced almost by chance) such as the wording of the
task title and content, the type of papers, the availability of a rich set of examples for
the worker, and so on. Algorithms still have room for improvement, for example in terms

of nding the optimal number of papers to consider for the initial run of the multi-run
strategy. Furthermore, we have not discussed and analyzed the impact of clarity and of
ongoing tests submitted to workers who pass the test phases. A detailed comparison with
actual errors performed when experts decide inclusion and exclusion is also needed for a
comprehensive evaluation of the approach.



Chapter 3

Crowd Adaptive Criteria-based
Paper Screening in Systematic
Literature Reviews

Systematic literature reviews (SLR) [Grant and Booth, 2009; Khan et al., 2003; Henderson
et al., 2010] are reviews that follow a prede ned process aimed at achieving transparency
and impartiality with respect to the sources analyzed, minimizing distortions, biases, and
con icts of interest [Steinberg et al., 2011]. They are one of the most important form of
publications in science [Sun et al., 2016], and are the basis for evidence-based practices and
even government policies, from education to healthcare, as they pool results independently
obtained from a number of research groups [Haidich, 2010]. Recognizing their importance,
the number of systematic reviews is growing steadily, with tens of thousands of publications
per year in all elds.

The cornerstone of transparency and impartiality in SLRs lies in a formalized paper
selection process. This is typically formed by a stated scope and goal of the review (e.g.,
"study the e ect of regular physical exercises on progress of dementia in older adults,
focusing only on papers describing randomized controlled trials"), translated by the authors
into a corresponding query (a boolean expression that includes relevant keywords) that
retrieves candidate papers from a database such as Scopus. To avoid missing papers, the
guery tends to be inclusive, which means that it returns hundreds or thousands of results
[Nguyen et al., 2015a] that are later screened by researches based on predeerdusion
criteria (e.g., " Iter out papers that do not measure cognitive decline"), typically down to
a few dozens.

While extremely useful, SLRs are very time consuming in terms of both e ort and
elapsed time, and this is true also for the paper screening phase [Green, 2011; Sampson
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et al., 2008; Krivosheev et al., 2017]. Furthermore, with hundreds of thousands of papers
written every year, SLRs rapidly become outdated [Cequit et al., 2016], and although
they should be updated periodically, the e ort for doing so often represents a barrier
[Takwoingi et al., 2013], so that it is not uncommon for reviews to miss 30% or 40% of
relevant papers [Cequit et al., 2016].

In this chapter, we continue to explore the use of crowdsourcing in the Itering phase of
systematic reviews, where we screen candidate papers resulting from the initial literature
search to identify papers to be included in the analysis based on a seteatlusion criteria
This is an instance of nite pool classi cation [Nguyen et al., 2015a] and crowd screening
problems [Parameswaran et al., 2012] where we need to classify a nite set of objects
while minimizing cost. The potential bene ts of crowdsourcing here are in terms of a
faster and cheaper screening (compared to screening by professionals) as well as increased
transparency (process and votes can be made public if desired) and reduced risk of author
bias. The crowd also brings diversity [Weiss, 2016] and, as we experienced rst hand,
disagreement in the crowd may signal errors or ambiguities in the de nition of exclusion
criteria. Research in this area is still in its infancy, although a set of recent initial
e orts [Wallace et al., 2017c; Krivosheev et al., 2017; Sun et al., 2016; Mortensen et al.,
2016] present very encouraging results in terms of both quality and cost reduction with
respect to expert screening costs, and show feasibility of crowd-based screening in various
domains, including healthcare.

In the following we present a probabilistic model suitable for the criteria-based screening
of papers typical of SLRs and propose a set of strategies for crowd-based screening. Our
main contribution consists in an adaptive crowdsourcing algorithm that signi cantly
outperforms baselines. The algorithm polls the crowd in small batches and estimates, at
each iteration andfor each item i) the criterion for which getting one more crowd vote
on the paper can more e ciently lead us to a classi cation decision, and ii) whether we
should give up trying to classify this item, recognizing that the crowd cannot e ciently
reach a decision and therefore it should be left to the authors for expert screening. This
also means that the algorithm is robust to papers and criteria that are overly di cult for
the crowd to classify, in that it does not needlessly spend money on them.

The model is the result of many iterations and variations of experiments on commercial
crowdsourcing platforms (Amazon Mechanical Turk (AMT) andFigure Eight!). We then
performed additional experiments to validate the e ectiveness of the strategies. While we
present the results in the context of SLRs because we validated the model and ndings for
this case, we believe that results can be generally of interest for classi cation problems
where items are classi ed via series of successive tests, as it often happens in medicine, as

Lwww.mturk.com and www. gure-eight.com
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well as for nite pool classi cation problems and crowd-based query optimization, where
the crowd evaluates predicates (analogously to our exclusion criteria) that Iter a set of
tuples to compute the query results.

3.1 Background

Our work builds on approaches in crowdsourcing in SLR but also more generally on works
on crowd-based classi cation.

3.1.1 Crowdsourcing multi-criteria paper screening in Systematic Reviews.

Recently, Brown and Allison [Brown and Allison, 2014] used crowdsourcing to, among
other tasks, classify 689 abstracts based on a set of criteria using AMT. Authors report
agreement in 75% of the abstract, based on two raters, and a third rater is used to break
the tie in case of disagreement. The chapter does not discuss optimal crowdsourcing
strategies or algorithms to minimize errors, but points to the potential of crowdsourcing
in analyzing literature.

Mortensen and colleagues crowdsourced paper screening [Mortensen et al., 2016] in
four literature reviews, each with several criteria. Their aim was to explore feasibility and
costs of crowdsourcing and they address the problem by measuring workers agreement
in a set of tasks run on AMT for papers in the medical eld. Their work di ers from
ours in that it does not propose algorithms to identify optimal crowdsourcing strategies.
However, it contains interesting observations related to the importance of task design,
to the cost-e ectiveness of crowdsourcing even when the task is not optimized, and to
the high degree of variability in workers's agreement from paper to paper and criteria to
criteria (Fleiss' Kappa ranging from 0.5 to -0.03). This is consistent with our own studies
(our papers are in a di erent scienti ¢ area) and we exploit this variability to optimize the
cost/error tradeo .

In general all papers reports positive results and complement them with insights and
guidelines for task design of even for the design of a dedicated crowdsourcing platform for
SLR [Weiss, 2016; Brown and Allison, 2014] as well as investigate the use of crowd for other
phases of interest for SLR such as information extraction [Sun et al., 2016]. Interestingly,
the only exception is represented by a study performed with medical students as screeners
rather than online crowd workers, which reports rather poor accuracy [Ng et al., 2014].

From these studies we also learn that workers' accuracy vary across criteria, which
points to the need of adapting to the characteristics of each SLR, criterion, and crowd.
Indeed, one of the main di erences of our approach lies in the ability to focus the crowd
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on "low hanging fruits", that is, items and criteria that are statistically more e cient from
the perspective of correctly excluding papers.

3.1.2 Crowdsourced Classi cation

The problem discussed here is an instance of a nite pool classi cation problem [Nguyen
et al., 2015a] and speci cally of crowdsourcing-based classi cation. Prior work also
addresses the issue of optimizations in terms of costs for obtaining labels and techniques
to reduce cheating [Smyth et al., 1995; Karger et al., 2011a; Hirth et al., 2013; Eickho
and de Vries, 2013; Hirth et al., 2011]. For example, Hirth and colleagues [Hirth et al.,
2013] recommend speci ¢ cheating detection and task validation algorithms based on the
cost structure of the task.

We build over many of these approaches, and in fact we adopt prior art algorithms for
estimating workers' accuracy and for assigning labels. Although classi cation algorithms
are central to our overall problem, to a large extent they are for us a swappable component:
Our goal is to, given a task design and a classi cation algorithm, identify how to e ciently
guery the crowd to minimize the number of labels needed to achieve the desired precision
and recall in screening problems.

3.2 Model and Objective

We model the SLR screening problem as a set of papers (itenhsjo be classi ed by the
screening phase amcluded (in scope) or excluded based on a set of exclusion criteria
(predicates) C = fc;;c;:iigng. A paper is excluded if at least one exclusion criterion
applies, otherwise it is included. A typical SLR screens hundreds or thousands of papers
with a handful of exclusion criteria. We focus on screening based on title and abstract,
which is a classical rst step screening, consistent with SLR guidelines [Moher et al., 2009].
In a crowdsourcing approach, we ask each crowd worker to look at one or more pairs
(i; ¢) and state if exclusion criteriac applies to paperi. Following the mentioned literature,
we model a worker's accuracy with a confusion matrik.., de ning the probability of
making correct and wrong classi cations for each criteriow, thereby allowing us to model
di erent accuracies when the true label is inclusion vs exclusion. Criteria can di er in
diculty . Some are easier to assess than others. Following [Whitehill et al., 2009], we
model di culty as a positive real number d. that, given an expected accuracy ,, of a
worker w, skews the accuracy as follows:c,, =0:5+( , 0:5) e %. As the diculty
dc grows, . goes to 0.5, corresponding to random selection, which we consider to be the
lowest accuracy levél Each criterion also has gower (also called selectivity) ., de ned

2|n this chapter, we do not consider the problem of accuracies below random, but we stress that they can
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as the percentage of papers to which the criterion applies (and hence need to be excluded).
For each SLR and criterion, both accuracy and power are unknown a priori.

We assume the adoption of a general purpose crowdsourcing system with limited control
on the kind of crowd we attract but with a near in nite pool of workers. We can however
test workers by providing a numberN; of test questions (with gold answers provided
by SLR authors), and count as valid only votes of workers who pass the test, thereby
exercising some control over worker's accuracy (at a cost, as we specify later).

A crowdsourcingstrategy is a setK of runs, where each rurR¥ coIIectsJi‘fC votes for
criterion c on itemi. A run may seek votes on all criteria and all papers, or focus on a
subset (that is, J¥. might be O for some items).

Tasks also have a cost, which is the unit codti C for a (hon-test) vote multiplied by
the number of votes obtained. Although many systems allow not to pay for test answers,
consistently with [Krivosheev et al., 2017], we believe it is fair and ethical to also pay
for test questions for workers who pass them. Furthermore, placing unreasonably many
test questions is likely to result in low reputation scores for us and hence in our ability to
crowdsource. Concretely, this translates into considering a price per ladeP L as follows
(N, is the number of valid judgments that a worker gives on non-test papers):

N; + N¢

|

In terms of outcome, key measures are the precision and recall of papers to exclude.
We also borrow the concept of loss function from [Krivosheev et al., 2017; Nguyen et al.,
2015a] because it summarizes well the subjective perspective of the SLR authors. The
loss=Ir FE + FI is represented by the sum of false inclusiofsl (papers that survived
the screening phase but that should have been excluded instead) and false excluskois
( tered-out papers that should have instead been left in), wheréE are weighed by a
loss ratiolr denoting that false exclusion ardr times more "harmful”" than false inclusion
(Itering out a paper is often considered a much more serious error than a false inclusion
which "simply" requires extra work by the authors). The loss ratio is the only parameter
we ask the authors to set.

Many variations of the model and of loss function are possible, but these su ce
for our purposes. Given the model, our objective is to identify and evaluate a set of
e cient crowdsourcing strategies for each SLR that correspond to estimated pareto-optimal
price/loss curves. With in nite money we can always arrive at a perfect classi cation (if
workers' accuracy is above random and votes are independent), but the challenge is to
classify e ciently and at a price/loss point that is acceptable to authors, who decide what
price they are willing to pay and which loss they can tolerate. Based on this preference, the

PPL=UC : (3.1)

occur in rare cases, for example if criteria are erroneously speci ed.
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algorithm should set the relevant parameters of the crowdsourcing tasks and classi cation
function. We next discuss how this can be done.

3.3 Algorithms

3.3.1 Baseline single-run algorithms

Our set of baseline algorithms follows the methods applied in recent literature for crowd-
sourced classi cation in nite pool contexts and SLRs in particular. Speci cally, as we
are in the presence of incomplete information (we know neither the classi cation of the
papers nor the accuracy of the workers), we leverage approaches such as TruthFinder
[Dong et al., 2013] and Expectation Maximization (EM, [Dawid and Skene, 1979]) to
iteratively re ne estimates of accuracy and class until convergence. In addition, simple
majority voting is also commonly used as its performances are actually reasonable in nite
pool classi cation [Nguyen et al., 2015a].

Applying them to our problem, we proceed in a single run where we ask each worker
to vote on all criteria C for a set of papers. Each worker provides at mo$, labels, and
we collectJ votes per criteria and per paper. Classi cation proceeds by evaluating each
criterion ¢ 2 C on each papel and, based on the responses received, estimating with one
of the mentioned algorithms the probabilityP (i 2 OUT,) that paper i is classi ed as out
by criterion c.

Once we have probabilities for each criterion, we compute the probabili§(i 2 OUT)
that a paperi should be excluded as the probability that at least one criterion applies (we
assume criteria application is independent):

Y
P(i20UT)=1 PG 2 IN) (3.2)
c2C

The loss ratio skews our classi cation decision to err on the side of inclusion (for
Ir > 1). The expected loss per paper we su er for an erroneous inclusion of a papes
P(i 2 OUT), while for an erroneous exclusion itigr (1 P(i 2 OUT)). This means
that our threshold for classifying a paper as OUT is when these quantities are the same,
thatis, P(i 2 OUT) = Ir=(Ir +1).

Altering the number of votes per workerN,, votes per itemJ, and number of tests
N; will modify the expected price and loss. More tests ideally lead to more accurate
workers, more labels mean more accurate classi cation, and more votes per person enable
a more accurate estimation of a worker's accuracy. To analyze price vs loss, we simulate
the behavior of the model with various values oN;; J; N, and apply EM, TruthFider
(TF) or Majority Voting (MV) to classify papers, and compute the estimated loss. Since
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values ofN; and J correspond to a cost, we can also get the price tag corresponding to
this loss. Out of this set of price/loss points, we can take the pareto-optimal ones and
plot them so that authors can decide which one best ts their needs. As discussed there
are cost penalties and practical constraints that do not allow us to set these parameters
to arbitrarily high values, and values ofN; and J above 10 do not generate signi cant
improvements [Krivosheev et al., 2017], so the number of reasonable alternatives is fairly
small. To simulate the data we need either to make assumptions on the crowd accuracy as
well as on criteria power and di culty, possibly based on prior knowledge, or to estimate
these parameters [Krivosheev et al., 2017] by crowdsourcing labels for a few papers ( fty
papers already enable a good estimate as shown later). Figure 3.1 shows the results of
applying the three mentioned algorithms for 3 and 5 labels per item and criterion (the
caption describes simulation parameters). The impact of choosing a speci ¢ algorithm is
relatively small with the exception of MV performing better when labels per paper and
per worker are few, which is a known behavior [Jin et al., 2017b]. The dots represent
di erent number of tests (from 2 to 10) and the arrows shows the direction of growth,
from top-left to bottom-right. Some points are Pareto-optimal, so in an interaction with
SLR authors we would only show those points and ask for the preferred loss/price point.

Figure 3.1: Performance of classi cation algorithms. Simulation with 1000 papers, four criteria
of power = [cl = 0:14;¢c2 = 0:14;¢c3 = 0:28,¢c4 = 0:42], Nt = [2;3;::;10], Ir = 5. Workers
are assumed to be cheaters with probability 0.3, and the rest has uniform accuracy in (0.5-1).
Accuracy on OUT papers are 10% higher, as seen in experiments.

The results vary slightly if the parameters of the problem and algorithms are di erent
(such as di erent power, di culty distributions across criteria, proportion of papers to be
excluded, number of papers per worker). We discuss how quality and cost vary later in
the paper when we compare and discuss algorithms.
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Algorithm 1: M-Runs Algorithm

Input: Items I, Criteria C, loss ratio Ir
Output: Classi ed items CI

QcClt fg , Ul I, thr = |r|fr1 , 19=100 randomly selected papers froml
(2) # Baseline iteration (Run 0)

(3) VY  collectJ votes onl © for all criteria C

(4)CI1°  classify _items(V°;thr)

(5)Cl  CI[cCI% ul Ul cI®

(6) foreach %2 C P
P(i20UTc) wic

@ " 'Z'OT A= % (W2 is the set of workers who passed test

guestions and provided at least one label in baseline iteration)

(8) #Ranking criteria _order  estimate _bestorder(”} *)

(9) #M-Runs iterations

(10¥oreach c 2 criteria _order

(11) V¢ collectJ votes onUIl onc

(12) CI&,; excludeitems(VO;thr)

(13) CI CI[ Clgu: Ul Ul Cl§,

(24CIin tag Ul as"IN items"

(15l Cl [ Clin

(16yeturn ClI

3.3.2 Multi-Run Strategy by Criteria

The multi-run strategy follows the footsteps of the above-mentioned approaches for query
optimization in crowd databases that identify the most selective criteria and query based
on those rst. The di erence here is that we also estimate and consider accuracy (we do
not want to query the crowd if this brings high disagreement, as it is less cost-e ective),
and that we work with a speci ed loss function and a price vs loss trade-o s that are
based on the authors' choice. The algorithms proceeds as follows.

Baseline iteration. We rst estimate power and di culty via a baseline iteration
(run k = 0) on a randomly selected subset® of the set of candidate papers, as shown in
Algorithm 1 (We will get back later in the chapter about identifying how large should °
be).
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In step 4 we classify items and estimate accuracy of each worker with a classi cation
algorithm that also provides accuracy estimates such as TruthFinder (TF) [Dong et al.,
2013]. As TF estimates class probabilities, we estimate the power of a criterioms the
expected value of the probability that the criterion applies, as shown in step 7.

We refer instead to the di culty of a criteria c through the average workers' accuracy on
the given criteria, i. e., the average probability that a user, who passed the test questions,
gives correct votes on that criteria.

Criteria ranking.  Finding the best ordering is trivial if one criterion is more powerful
and easier than another. Otherwise, di erent ordering may lead to price/loss points that
are on the Pareto frontier and need to be shown to authors for decision. The number of
criteria is often low so that considering permutations of all cases where the ordering is not
trivial is tractable. We do so in step 8, by computing for each ordering the expected price
and loss for di erent values ofN; and J. The computation of price and loss can be done as
for the previous algorithm. Notice that the ordering is very important: given an ordering
of criteria OC = ¢y; ¢1; ::Cy, the probability of erroneously excluding an item (probability
of false exclusion, or PFE) is the probability of erroneously excluding it in the rst round
(on ), plus the probability of correctly including it after ¢, but erroneously excluding
it after c;, and so on. More formally, denoting withP F E. the probability of erroneous
exclusion when processing criteria and with PIN . the probability of classifying a paper
as IN on criteria c:

X ny 1
PFE = PFE+ PFE, PIN, (3.3)

m21;2::n j=0

PFE therefore decreases with PIN, and in practice it decreases sharply if we screen
high power criteria rst, given that criteria powers over 30% are quite common.

Crowdsourcing iteration. The algorithm iterates through the criteria, excluding
items (classi ed again based on TF in step 12).

The results of M-runs (orange) compared with the baseline single run algorithm (blue)
are shown in Figure 3.2b and 3.2c, showing loss and precision vs price for di erent values
of Ny and J. The simulation parameters are the same as previously described. The savings
are of approximately 20%, and are in general higher if the criteria diversity in terms of
power and accuracy is higher.

3.3.3 Short Adaptive Multi-Run

The previous algorithms apply the same strategy to all papers left to classify. The Short
Adaptive Multi-Run algorithm (SM for short)(Algorithm 2) de nes instead an individual
strategy for each item to be labeled, aimed at identifying the shortest path to decision.
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The idea is that as we collect votes we understand more about the statistical properties
of the overall SLR task (such as criteria power and di culty) and also of each specic
paper, based on the votes obtained for that paper so far. Therefore, we can estimate which
is the criterion to test next for each paper by maximizing the probability of (correctly)
classifying it as out in the next run, and we can even decide to give up on a paper (leaving
it in) because we realize it is too hard (or too expensive) for the crowd to reach consensus
or because the probability that we will classify it as out are low. In other words, we aim
at excluding the papers for which we can do so cheaply and con dently, and leave the rest
to the experts (authors).

At an extreme we would like each run to be composed of one vote on one paper for one
criterion (hence the name "short run"). Every time we get a vote we learn something new,
and we can use this knowledge to optimize the next vote we ask. In practice a run cannot
ask for one vote if we use the basic setup of typical crowdsourcing engines (it would not
make sense to take time out of a person to explain a task and a criterion and stop after
one votey.

In the following we introduce SM (see Algorithm 2) by rst presenting the intuition
behind each step and then showing the related math.

We begin at iteration O with an empty set of classi ed items, both in and out.CI2
Cl9, = ;. We assume that authors set thresholds for false inclusion and exclusions, that
is, valuesP,,: and P;, so that we classify a paperi as out if P(i 2 OUT)  Poy, and
analogously forP (i 2 IN ).

Baseline estimation . We perform a small baseline run as in the previous approach,
to estimate power’\g and di culty (accuracy) "2 for each criterion (Algorithm 2, step
2). Experiments have shown us that a baseline of 50 items is often su cient as an
initial estimate (as discussed in the following section), considering also that we revise the
estimates as we proceed.

Exclusion probability estimation . Here we begin the iterations. Before each run
of crowdsourcing we try to identify, for each item, and given the vote¥; obtained so
far for each paperi, which criterion is more likely to e ciently Iter a paper. In other
words, we identify for each criterionc the minimal number N/" of successive out votes
we need so thatf we add Ni?g"‘ to V; (resulting in a "imaginary" set of votesV,9 then
P(i 2 OUT}V,9 > Py, and therefore we exclude the paper and stop working on it.
Intuitively, for each item we want to select criteria that have a lowN™" (low number of
votes and therefore low cost) and a high probabilityD(Ni?g‘”) of getting those out votes.

Swith ad hoc implementations, either stand-alone or on top of commercial engines, and with fast estimation it
might be possible to achieve one-vote runs though the key optimization here lies in the personalized strategy: the
most important aspect is not so much asking at most one vote in each run, but asking one vote per paper
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Algorithm 2: SM-Runs Algorithm

Input: I, C,Ir; Pout; Pin
Output: CI = fClin;Clouwtg

(1cl fg ,uUl I,k 0

(2) # Baseline iteration (Same as Algorithm 1 baseline)
(3)! ChLv o

(4) foreach i 2 UI: PO 2 IN=V2) (1 "))

(5) #SM-Runs iterations

(6) while UI 6 ?

7k k+1

(8) foreach i 2 Ul

9 o) argmaxge "M T=OUT)
(10) check stop_condition_on.i

(11) 11X N items with highest p(i)
(12) foreach i2 1%

(13) Vi, collect a vote forconi
(14) ViV v o

(15) PX(i 2 IN=V ) coc P(i 2 IN c=VK)
(16) PK(i 2 OUTjVY) 1 P(i2IN=VK)
(17) if P(i2INjVK)> Py,

(18) Clin  Clin [f ig
(19) Ul Ul fig

(20) if P(i 2 OUTjVK) > Poy
(21) CIout CIout [f ig
(22) Ul Ul fig

(23) update power as per algorithm 1, step 7
(24)C| diff tems  taq Ul as"IN items"

(25p| Cl [ C | diff _items

(26yeturn ClI

Notice that every vote on (paperi, criterion c) we get will moveP (i 2 OUT) closer or
further away from the thresholdP,;. This will change ourN™" and possibly the selected
criterion for the next round. The probability of getting an out vote for (j; c) also changes,
and it does so more strongly when the accuracy for that criterion is higher.
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More formally we proceed as follows. If we denote witk the number of iterations run
thus far, and with ViX the votes obtained in the rst k runs, then by applying Bayesian
rule we have:

PK(VKji2INg (1 %1

ks s ky —
P (l 2 IN CJVi;c) - Pk(V|Ié)

(3.4)

In the formula, after the rst run (k=1), the term Aﬁ; ! is the proportion of papers to

which criteria ¢ applies, as computed after the baseliney is then updated after each run.
The two Pk factors on the right side of Equation 4.3 can be determined as follows,
whereJ, denotes the number of items labeled asin for criterion c:

PVXi 2 INg = 0 (o)l (1 —o)Yem (3.5)

and
PH(Vk) = PH(Vkii 2 INg) (@ "% B+

3.6
PX(Vkji2 oUT) %1 59

Now that we know how to computeP*(i 2 IN ;jVX) and thereforeP (i 2 OUTjViX)
from Equation 4.4, we can compute how the exclusion probability changes as we add
n=1,2,.. out votes to ViX obtaining a set we denote a¥X " and stop whenn is such that
P(i 2 OUTjVE ™) > Poy.

To assess the probability of getting\li’;{;in out votes for criteria c on item i we proceed
by rst computing the probability that the next vote is out, as follows* (all probabilities
are conditional to the votes obtained thus faiV\ ):

P(vi'fg1 =0UT)= . (1 PKI2IN))+(1 JPX( 2 IN ).

We then iterate over this formula for getting the probability for the next out votes,
remembering thatPX(I 2 IN ) will have changed due to the additional out vote.

Ranking. We rank criteria for each item by weighing costN") and probability
of success (probabilityP (VS *" = OUT) of getting Ni" consecutive out votes).
We de ne the value of applying a criterion as the price we have to pay for unit of
probability of classifying the item as out in the nextNi?g‘” votes, that is: Valug, =
PV M = OUT)=NT" We then borrow ideas from predicate ranking optimization
in query processing [Hellerstein and Stonebraker, 1993] that essentially ranks based
on selectivity/cost (although here we do so per item and assess it at each iteration).
Applying the same logic we look for each paper for the criterion with maximum value:
V alug = max P (V™M = ouT)=Nmn

,C

4To simplify the presentation here we take a single value for criteria accuracy as opposed to a confusion matrix.
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Figure 3.2: Behavior of algorithms. Charts are simulated with 1000 papers, four criteria of power
=[cl=0:14,¢c2=0:14,c3=0:28,c4 = 0:42], Nt =[2;3;::;10], Ir =5. Workers are assumed to
be cheaters with probability 0.3, and the rest has uniform accuracy in (0.5-1). Accuracy on OUT
papers are 10% higher, as seen in experiments. See text for description.

In developing SM we explored alternative approaches: a main one we explored involves
estimating howP (i 2 OUT) is likely to change if we ask for one vote og, as an attempt
to drive our choice for which vote to ask next. With relatively simple math, we can
estimate the probability of the next vote being in or out, and the impact that this has on
P(i 2 OUT), and we can select the criteria that leads us closer to the threshold. This
initial choice however has an undesired behavior: if there is a low accuracy, high power
criterion, it leads us to choosing this criterion. However, the low accuracy means we only
take little steps towards our threshold, making the walk long and expensive. Instead, we
choose criteria that can provide large variations towards the out threshold.

Stopping. As we iterate, we can see thaV alug may be so low (for example, if we
get con icting votes) that it becomes ine ective to poll the crowd for that item. We can
therefore stop working on papers for whiclV alug is lower than a threshold based on
authors' preferences (Notice that we disregard the money already spent on a paper, as
that is a sunk cost[Arkes and Blumer, 1985]). The reasonable threshold here depends on
the cost ratio cr of the crowd cost for a single vote on one paper and criterion (PPL from



Analysis and Experiments 38

Formula 3.1) divided by the author classi cation cost. The lower the cost ratio, the more
convenient it is to insist with the crowd. For typical cost ratios, considering classi cation
costs as estimated in the literature (see, e.g., [Mortensen et al., 2016]) of around 2$ per
abstract (for the US, in the medical eld and including overhead), a good empirically set
threshold is 100.

Crowdsourcing iteration. Ranking determines the priority for the next batch of
votes. The batch size is the minimal size that can practically be achieved while ensuring
each worker gets value for the time they spend learning and doing the task. In practice,
it rarely makes sense to o er batches of less than 10 items as they are less attractive.
We return to the crowd to ask one more vote for each paper in the batch, determine the
probability of exclusion as discussed above and classify paper as oR {f 2 OUT) > Pgy.

If there are no more papers left to classify we stop, else we iterate.

We next analyze the results of the algorithm and discuss its properties, also in light of

crowdsourcing experiments.

3.4 Analysis and Experiments

3.4.1 Simulations

We rst show the behaviors of algorithms via simulations. The strategies presented here
have a number of parameters and the behavior varies in interesting ways as we change
these parameters. We also remind that authors do not set or estimate any parameter:
they simply need to state their loss function and the preference for given loss vs price
points when there is no Pareto-optimal value.

Figure 3.2 shows the result of a simulation run with 1000 papers and parameters as
described in the caption. It plots the loss vs price curve for the SM strategy for the same
scenario discussed for the other algorithms (The SM variant adopted here has a 1000
papers run, assumes a stopping threshold of 100, and shows an average of 50 simulations).
Pout is 0.99. Figure 3.2(a) and (b) show that SM can achieve the same loss and precision
for a fraction of the cost (both could improve by changind®.., though increasing the
price)®. Notice that price and loss both decrease (at least initially) as we increase the
number of testsN¢, which is our "knob" to increase accuracy (and cost) of workers. This
is because SM detects the increased accuracy and adapts to it by asking for less votes for
the same loss and precision. Figure 3.2c shows the ROC curve where we can see that SM
has a greater area for a much smaller price. Charts are analogous in terms of shapes and
trends for other values of ;J (and for N; as well for the ROC curve) so we do not show

SWe omit plotting the std bars as they would make the chart unreadable
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them. Figure 3.2d shows again loss vs price but this time assuming the presence of a very
di cult criterion (accuracy of 0.55), and shows the robustness of SM on the loss (even
with the very conservative loss ratio of 5 we used here).

Figure 3.3: Classi cation task for SLR.

Figure 3.2e and 3.2f show the impact of estimation error for accuracy on precision
and recall respectively. Notice that if we underestimate (orange line) we achieve higher
precision (we are more conservative). For recall, if we underestimate accuracy and accuracy
is low (N is low) then we get very low recall: we give up rather early, leaving papers to
authors to classify. As accuracy increases, the di erences smooth out and are within the
variance. The charts for power estimation error have essentially the same shape and are
not shown.

Baseline runs and numbers of labels per paper a ect the estimation errors. The issue is
not so much the number of papers in the baseline: 40-50 papers su ce to estimate power
within a 5-7% margin of error (consider the problem similar to estimating the fairness
of a coin modeled as a Beta distribution, 50 tosses would give a reasonable estimate).
Furthermore, estimates are re-assessed as we go. The key here is rather to enable a good
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accuracy estimation, and experiments have shown that with less than 3 votes per paper
the estimation error grows above 10% and with low accuracy criteria this can generate
very low recall (as we may believe accuracy to be at 0.5). Experiments with variations
of the stopping threshold also produced limited e ect. When going from 100 to 150, the
recall increased by approximately 0.04%, always keeping the precision threshold at 0.99.
The price di erence is also negligible.

Figure 3.4: Behavior of SM with data from experiments. Runs of 1000 papers, accuracy and
power as described in the text, the other parameters are unchanged.

3.4.2 Crwdsourcing Experiments

During 2017 we performed a set of studies and experiments on two commercial crowdsourc-
ing engines (Figure Eight and Mechanical Turk). We ran a total of 20 experiments with

di erent settings, asking workers to label a total of 174 papers with two to four exclusion
criteria (a total of 514 classi cation decisions) taken from two systematic reviews, one
done by us in an interdisciplinary area (computer science and social sciences) reviewing
technology for ghting loneliness, and the other in medicine [Veronese et al., 2017] having
more complex exclusion criteria. We collected votes by over 3200 respondents. These initial
studies helped us to understand the nature of the problem, estimate crowd accuracies, get
a feeling for latencies and costs, and also re ne task design which, although orthogonal to
our goals here, is important for getting good results [Yang et al., 2016]. In the following
we focus on the experiments to assess the validity of SM with respect to other algorithms
and baselines.

Setup. To this end we classi ed 374 papers on AMT by posting tasks that were asking
crowd workers to classify many papers based on one criteria. We requested workers with
an HIT approval rate of 70% or more. The task starts by explaining the criteria to workers,
providing a positive and a negative example, and then asking to label the papers as in, out,
or unclear from the text (Figure 3.3). Adding the latter option was a result of previous
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experiments where many workers complained that this option was missing and were unsure
about what to answer to qualify for payment. We also informed workers that they would
need to get 75% of the answers as correct in order to be paid. The examples are taken
from the "gold" dataset, which are the papers classi ed by researchers in our team. Each
worker saw the same example papers in the instructions for the same criteria. The three
criteria we tested involved assessing whether the paper included iatervention (as shown

in Figure 3.3), whether it described studies on adult65 and older and whether it involved

the use oftechnology

The task proceeded by criteria, not by paper: we showed instruction for a criterion,
and then asked for classi cation on that criterion. We chose this option as we noticed in
initial experiments that explaining and understanding criteria takes e ort, and teaching
workers the subtleties of several criteria at the same time may lead to increased e ort
and reduced accuracy. Workers could classify the papers until they wished to do so. We
repeated the process for the three criteria getting at least 5 votes per paper (we collected
up to 15 votes per paper for the intervention criterion show in the gure as it had low
accuracy and we wanted to analyze it more deeply). Before running the task we did some
pre-runs to assess the proper pay. In terms of costs, we experimented di erent payments,
always making sure that we stay well over 8USD per hour based on estimated completion
times, which results in approximately 10 cents per vote. We did not screen workers with
test questions, though the experiments gave us a dataset over which we can now use to
"simulate” the e ect of Itering out workers that did not get 100% accuracy on the rst
N; questions.

Results. All tasks were completed in a few hours, and we assume that if we had more
papers they would have been classi ed with sublinear increment in time. As expected (see
table below), and consistently with the literature [Mortensen et al., 2016], power and
workers' accuracy vary signi cantly by criteria. Use of technology has high power as words
related to technology are very common and it is hard for keyword-based queries to lter
for the speci ¢ use of technology we look for (Table 3.1).

Criteria: intervention use of tech 65 and older
Power 0.24 0.61 0.05
Accuracy 0.60 0.77 0.75

Table 3.1: Power and Accuracy of criteria

The presence of a criteria (intervention) with rather low accuracy underscores the
importance of an adaptive approach where we focus on high-accuracy criteria and leave
the leftover papers to the authors.
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We additionally studied a bit the average agreement among expert raters for the
screening task of scienti ¢ abstracts. Mateen et al report on an experiment that measured
agreement on around 96% of the papers [Mateen et al., 2013]. An analysis of SLRs
conducted by our team reported 92% agreement among two raters and, in addition, 2%
of cases where one rater was unsure. This indicates that tRg, precision threshold we
picked of 0.99 is in line or even exceeding current standards. We also observed that the
mere act of having the need to explain criteria to others (that also demand fairness in job
acceptance) forced us to be very precise and indeed, looking back at our own classi cation,
we found errors also due to a certain imprecision in the initial de nitions.

Using the experimental data to fuel simulations did not bring signi cant changes to
the charts already discussed, although there are interesting di erences and we focus on
these in the following, especially to underline the limits of SM. One interesting aspect is
that actual data do not precisely and consistently t the model: workers accuracy cannot
always be modeled as i.i.d. variables, and the margin of error in predicting future accuracy
from past is rather high, even if we vary the testing patterns. This is not entirely surprising
as some workers may improve as they proceed with the task while others may get sloppy
or tired, and indeed optimal testing to cater for these issues is an active area of research
[Bragg et al., 2016].

Figure 3.4 shows the results of such experiments-fueled simulations, assuming no
additional tests lItering. Figure 3.4a shows the usual loss vs price chart, and the results
are fairly consistent with the simulations. Figures 3.4b and c break this down by precision
and recall. The latter is particularly interesting as the recall for baseline is somewhat
comparable to M-runs, or at least it makes for a non obvious choice for lower levelJof
This is probably due to the relatively low accuracy we have in these (relatively untested)
set of workers.

Finally we observe that in terms of overall cost, even at 10 cents per vote we remain
well below author cost for the paper we screen out (from 20 to 40%).

3.4.3 Conclusion

In this chapter, we tested the feasibility of crowd workers in performing the Itering stage
of Systematic Literature Reviews to identify papers to be included in the review based on
a set of exclusion criteria. We proposed and analyzed a set of strategies for crowd-based
SLR screening. We validated both applicability and results of the approach through a set
of crowdsourcing experiments and discussed properties of the problem and algorithms that
we believe to be generally of interest for classi cation problems where items are classi ed
via a series of successive tests.

The proposed multi-run strategy by criteria exploits di erences in criteria power and
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di culty when di culty and power are a priori unknown. Therefore, we rst estimated
them, and then select an optimal ordering of the criteria, so to be able to apply them one
by one (one run per criterion), each time taking into considerations only the papers not
excluded by the previous run.

The shortest-run algorithm de nes an individual strategy for each paper to be labeled,
aimed at identifying the shortest path to decision. With each new coming vote, we update
our estimation of the parameters and identify for each paper the criteria for which a vote
takes us closer or past our exclusion threshold. We also can rank papers based on this
estimation, and identify the low hanging fruits.

The shortest-run algorithm has the potential to outperform a number of non-adaptive
approaches in terms of cost and accuracy for nite pool classi cation problems, and
especially for SLR. We also con rm initial ndings that crowdsourcing is feasible for paper
screening in SLR. The work still has many limitations, especially that of improving the
estimation of accuracy of workers and extending the model to cover the case where workers'
accuracy is very \noisy".



Chapter 4

Combining Crowd and Machines for
Multi-predicate Item Screening

A frequently occurring classi cation problem consists in identifying items that pass a set
of screening tests( Iters). This is not only common in medical diagnosis but in many
other elds as well, from database querying - where we Iter tuples based on predicates
[Parameswaran et al., 2014], to hotel search - where we lter places based on features
of interest [Lan et al., 2017], to systematic literature reviews (SLR) - where we screen
candidate papers based on a set of exclusion criteria to assess whether they are in scope
for the review [Wallace et al., 2017a]. The goal of this chapter, is to understand how,
given a set of trained classi ers whose accuracy may or may not be known for the problem
at hand (for a speci c query predicate, hotel feature, or paper topic), we can combine
machine learning (ML) and human (H) classi ers to create a hybrid classi er that screens
items e ciently in terms of cost of querying the crowd, while ensuring an accuracy that is
acceptable for the given problem. We focus speci cally on the common scenariorofe

pool problems, where the set of items to screen is limited and where therefore it may not
be cost-e ective to collect su cient data to train accurate classi ers for each specic case.

In this chapter, we will often take the example of SLRs mentioned above, which is rather
challenging in that each SLR is di erent and each Itering predicate (calledexclusion
criterion in that context) could be unique to each SLR (e.g., "exclude papers that do not
study adults 85+ years old").

The area of crowd-only and of hybrid (ML+H) classi cation has received a lot of
attention in the literature. Research in crowdsourcing has identi ed how to best clas-
sify items given crowd votes [Liu and Wang, 2012; Dong et al., 2013; Whitehill et al.,
2009], including work that focuses speci cally on thecreeningproblem discussed here
[Parameswaran et al., 2014; Wallace et al., 2017a; Mortensen et al., 2016; Krivosheev
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et al., 2017; Lan et al., 2017]. Interesting ways to combine ML and H classi ers have also
been proposed, for example by building ML classi ers that can also include crowd votes
as features, whose purpose is not only that of providing better classi cation but also of
weighing the value (vs the cost) of obtaining additional crowd votes [Kamar et al., 2012].
Other hybrid approaches ask the crowd to extract interesting patterns to be then fed to

algorithms for classi cation, as opposed to relying on ML to do this [Cheng and Bernstein,

2015; Rodriguez et al., 2014].

The approach we propose leverages the information provided by each kind of classi er
(machine and human) to improve the e ectiveness of the other kind so that they can be
stronger together. The algorithm is based on a probabilistic model that adapts to the
speci ¢ characteristics of each item, screening Iter, workers' accuracy, and ML classi er
available to identify what to ask next for each item (which Iter to test) and if we should
stop polling the crowd for a given item, either because we reached a decision or because
we realize we cannot do so cheaply and con dently (that is, the problem of classifying
that item is too hard for the crowd-machine ensemble). The latter point is particularly
important: there may be items, lIters, or classi cation problems in general where it is
questionable whether machines and/or the crowd can classify with acceptable accuracy. If
the algorithm can identify this subset of items and Iters - or (item, lter) pairs - early
and avoid spending money on them, then we know we can con dently try a crowd or
hybrid approach as it will not waste money.

In essence, the approach - which we calybrid shortest run(HSR) - works by considering
the output of machine classi ers as a prior to the class probability for each item. This
information is combined with an adaptive crowdsourcing algorithm that re nes the class
probability by polling the crowd on the (item, lter) pair that makes it more likely to
reach a decision cheaply. In turn, classi cation information that is progressively obtained
as we poll the crowd can be used to re-assess the performance of ML classi ers as well as
create a model over the available classi ers for improved accuracy.

While many adaptive algorithms have been proposed (e. g., [Kamar et al., 2013; Dai
et al., 2013; Nushi et al., 2015]), to the best of our knowledge this work is the rst to
discuss hybrid classi cation in screening contexts, which has unique requirements and
opportunities since, as we will see, the heart of the problem lies in identifying the lters
(e.g., the exclusion criteria in SLR) that i) are most selective (screen out a large proportion
of papers) and ii) that crowd or machines can classify accurately (can correctly determine
if the exclusion criterion applies to a paper). If we can do so, we can focus on getting
crowd votes for these lIters rst, leaving a smaller set of items for the Iters the crowd
nds hard to classify correctly or that do not have high selectivity.

We Dbelieve this work is also the rst to take a "black box" approach to hybrid
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classi cation: since we tackle nite pool problems, we do not assume we can develop
an accurate, dedicated classi ers for each classi cation problem, although we may have
available (possibly weak) classi ers from similar problems - in our SLR example these
may be neural nets developed for other SLRs in the same or di erent elds or for other
exclusion criteria. Rather, we identify how to leverage classi ers we are given and for
which the accuracy for our task is unknown. We do this by a combination of (minimal)
testing to lter out very poor classi ers and by combining the remaining ones to set a
prior probability for whether a Iter applies to an item. This helps us determine the
most promising (item, Iter) pairs for which asking a vote to the crowd has the highest
probability of reaching a decision cheaply and con dently.

While it is not surprising that hybrid approaches have the potential to outperform
human- or machine-only methods, the contribution we provide here lies in showing how we
can cope with nite pools problems where potentially weak classi ers - and even classi ers
with unknown accuracy for the problem at hand - can be leveraged e ectively, even in
contexts characterized by very demanding requirements in terms of accuracy (as is the case
for SLRs) and in the presence of di cult problems where also the crowd has low accuracy.

HSR always estimates the characteristics of the problem and the classi ers, and identi es
which are the items and lters for which it can draw accurate conclusions cheaply, leaving
the rest to expert classi cation.

We also study how the e ect of incorporating classi ers (and ensembles of classi ers)
into a crowdsourcing algorithm varies based on the di erent characteristics of the problem
at hand (such as di erent selectivity of Iters, accuracy of classi ers, correlation among
base classi ers, amount of data available for testing classi ers and for training ensembles)
and show why and under which conditiongnsembleof classi ers do or do not provide
bene ts over "simply" using the best available classi er at hand.

4.1 Background

4.1.1 Crowd Classi cation in multi-predicate problems

The set of classi cation problems we address here is that aifite pool classi cation [Nguyen
et al., 2015a]: we work on a nite set of items, and the classi cation criteria may be
unique to the problem. SLRs are one case of such problems that has been thoroughly
investigated by many researchers in recent years [Mortensen et al., 2016; Krivosheev et al.,
2017; Nguyen et al., 2015b; Sun et al., 2016].

We borrow several concepts from this work and indeed we build over a slightly modi ed
version of their algorithm. However, crowdsourced classi cation algorithms for us are to a
large extent swappable components we leverage: we do not aim at improving crowd-only
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classi cation but rather to study how to e ciently combine ML and human classi ers, and
speci cally how to do so in a manner that is robust to weak classi ers to avoid compromising
on accuracy and avoid spending money in classi cations not likely to produce good results.

Multi- Iter classi cation has been also widely studied in search and information retrieval
contexts. Indeed, an instance of such problem is that of selecting which predicates to
apply rst when ltering tuples in a query. The seminal work in this area is by Hellerstein
and Stonebraker, discussing the problem of ranking predicates in query plans [Hellerstein
and Stonebraker, 1993].

More recently, [Franklin et al., 2011], [Park and Widom, 2013] and [Parameswaran et al.,
2012, 2014] focused on a similar problem but in the context of crowd-powered databases,
while [Avnur and Hellerstein, 2000], [Babu et al., 2004], [Lan et al., 2017] presentathptive
extensions that tune the algorithm as the query progresses (see [Deshpande et al., 2007]
for a review). We di er in many ways with respect to the prior art in this area. First,
again, we aim at combining ML classi ers with crowd. Furthermore, we follow an approach
that makes initial estimates on the characteristics of the classi cation problem and then
continuously revise the estimates, both in general and for each item to be classi ed, to
identify an item and Iter speci c strategy to reduce errors and cost. Importantly, we
identify the items on which we should give up trying, since it is more e cient to leave
them for experts to screen.

Other prior work also addresses the issue of optimizations in terms of costs for obtaining
labels and techniques to reduce cheating [Smyth et al., 1995; Karger et al., 2011a; Hirth
et al., 2013; Eickho and de Vries, 2013; Hirth et al., 2011]. For example, Hirth and
colleagues [Hirth et al., 2013] recommend speci ¢ cheating detection and task validation
algorithms based on the cost structure of the task. In this chapter, we do not optimize
cheating detection or even task design to a large extent, in that those are orthogonal
aspects with respect to the methods and optimizations discussed here.

4.1.2 Hybrid Crowd-Machine Classi cation

Just like crowd classi ers, ML classi ers are also ingredients of a solution we borrow from
the state of the art. In the context of our problem the interesting issues are how to combine
ML and humans, how to ensemble available classi ers, and how to balance the request
cost of (crowd or expert) votes with the need of training and testing ML models.

Hybrid classi cation is an increasingly active area of research (see [Vaughan, 2017]
for a recent survey). Many researchers study the problem in the context of clustering or
entity resolution ([Wang et al., 2012; Vesdapunt et al., 2014; Vinayak and Hassibi, 2016;
Gomes et al., 2011]). In general, many of these techniques operate by rst classifying items
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automatically when ML classi ers are highly con dent, and by then leveraging ML to shape
the kind of task proposed to the crowd (e.g., identifying potential clusters or matching
items to propose to the crowd [Vesdapunt et al., 2014; Vinayak and Hassibi, 2016]).
Another class of hybrid approaches, also extremely popular in industrial applications, are
those where ML makes a proposal or a pre- Itering and humans con rm or re ne. This
happens in many elds, recently even in fashioh.

[Kamar et al., 2012] propose instead a promising approach where crowd features (votes,
as well as potentially other aspects of the crowdsourcing process such as task completion
times) and task features are combined into a broader set of features to be used to learn a
model. Researchers also explored using the crowd to extract features and patterns to then
be leveraged by classi ers [Cheng and Bernstein, 2015; Rodriguez et al., 2014].

While very interesting, these results are complementary to the work discussed here
as we do not aim at developing a good base classi er but at leveraging e ectively a set
of arbitrarily weak classi ers we are given for the problem at hand. Perhaps the most
closely related prior art is the work by [Nguyen et al., 2015a], who adopt a clever mix of
crowd+expert+machine learning with an active learning classi er, where papers to be
labeled are iteratively chosen to minimize overall cost and loss, by comparing estimated
loss of crowd classi cation versus expert classi cation. Our problem and approach di ers,
however, in that we focus on exploiting existing classi ers and in doing so for optimally
selecting the (item, Iter) pair to poll the crowd on. It is indeed in the optimization of
which question to ask the crowd that lies the essence of the approach we propose.

4.2 Model, Assumptions and Problem Statement

We next de ne the problem we aim at solving and the model, which captures a few broad
assumptions we make.

Speci cally, we assume to have in input a setl(F; C;L ) wherel is the set of items
to classify (in our SLR example, these are papers to screef),denotes the lters (paper
exclusion criteria), C represents the set of ML or H classiers, and. = k FE + Fl is a
loss function, modeled as a linear combination of false exclusions FE and false inclusions
FI, which may carry a di erent relative weight k. The reason for the weighk is that in
many contexts the two kinds of errors have very di erent implications. This is for example
the case when screening is performed to reduce the number of cases to be brought to
human attention, such as potential credit card fraud, tweets/posts potentially linked to
criminal activities, or SLRs: screening out an item is often more \costly" than erroneously
bringing the item to human attention.

https://multithreaded.stitch x.com/blog/2016/03/29/hcompl/
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The (possibly empty) set of given ML classi ers is assumed to be trained to receive an
(item, lter) pair and output whether the Iter applies to the item (e.g., receive a paper
and an exclusion criterion and assess if the criterion applies to the paper). As mentioned,
we do not discuss how to obtain classi ers (some examples are provided in the experiments
section), as this is the subject of ample literature and it anyways depends on the problem
domain. We donot necessarily assume that the classi ers are trained or even tested in the
speci ¢ problem at hand (that is, for the speci c Iters and items under consideration),
and therefore in general we do not even know their accuracy.

For human classi ers, we assume we have a set of generic workers of di erent and
initially unknown accuracy and a set of high-accuracy but expensive experts.

Each classierc= fcost;&f); (f;C)g 2 C is associated with the cost of asking one
vote on an (item, Iter) pair, with a Iter-speci c estimated accuracy (a 2x2 confusion
matrix capturing probability of correct decisions for positive and negative labels), and with
its error correlation  with other classi ers. The error correlation among two classi ers is
the probability that both make an error given that one of them makes an error.

Because we have no knowledge on the classi ers' accuracy, we conservatively model
it as a uniform Beta(1; 1) distribution for both positively and negatively labeled items
(which means we do not even assume classi ers are better than random). If we do have
additional information, this can be incorporated in theBeta.

Consistently with crowdsourcing literature, we also assume that crowd workers opinions
are independent (that is, they make independent errors, given an item, Iter and true
label).

Each Iter f is characterized bydi culty di and power ;. Di culty re ects how
easy it is for crowd workers to classify items correctly on that Iter. Following Whitehill
[Whitehill et al., 2009], we model di culty as a real numberd; 2 [0;+1 ) that, given an
expected accuracy ,, of a workerw, skews the accuracy as follows:

tw =05+(  05) e (4.1)

As the diculty df grows, ., goes to 0.5, corresponding to random selection, which we

consider to be the lowest accuracy level. The poweyris simply the proportion of items

to which lter f applies. Notice, in this chapter, we do not assume that power a ects

di culty and we also do not assume di erent accuracies based on the true label of the

items. Both di culty and power are unknown and we assume no prior knowledge on them.
Given this model and assumptions, our goal is to identify an algorithm that can

e ciently (in terms of cost) query the classi ers available and aggregate results while

achieving the quality goals, stated in terms of loss as well as of the classical precision and

recall measures.
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4.3 Baseline Algorithms

We next describe baseline crowd and machine classi cation algorithms on which we base the
construction of the hybrid approach. The crowd-based one shortest run (SR) [Krivosheev

et al., 2018b], a recently developed algorithm that has been shown to perform well for
multi- lter screening. We summarize SR here to make the chapter self-contained. There

are other reasons why SR is particularly suited for the hybrid approach we propose, and
we get back to this in the following.

4.3.1 Recap of Shortest Run

The Short Adaptive Multi-Run algorithm (Shortest run, SR for short) identi es and
continuously updates an individual strategy for each item to be screened by identifying
the shortest path to decision. In a nutshell, the idea borrows concepts from Partially
Observable Markov Decision Processes (similarly to [Kamar et al., 2013; Dai et al., 2013]),
by assessing based on the current state (that is, the knowledge accumulated thus far at
the global level - power and di culty for each Iter - and at the local level - the votes on
each speci c item) which are the (item, lIter) pairs to submit to the crowd for testing
because they would be more likely to quickly (cheaply) lead to an accurate decision. SR
may also decide to quit trying the crowd classi cation approach on an item if it believes
that it would be too expensive to reach an accurate decision.

SR proceeds by performing what authors call daseline runwhere a small set of
items (usually 50) is screened with the standard approach of asking for labels on all Iters
(typically, 5 labels per item and Iter) and classifying using a variant of Expectation
Maximization. The result of the run is information on the power ; and di culty d; (and,
correspondingly, workers' accuracy ¢ ) for each lter.

This information is used to obtain a prior estimate on the probability that thenext
vote for each (item i, Iter f) will be a vote to screen out the item (that is, a vote that the
Iter applies to the item). We get an out vote if the item is out (with probability ;) and
the worker answers correctly, or if the item is in (with probability 1  ; and the worker
answers incorrectly:

P(Vi;f = OUT) = ¥ f +(1 f)(l f) (42)

In addition, by applying Bayes, we know the probability of a Iter f screening (i.e.,
P(i 2 OUT;)) or not screening P(i 2 IN¢)) an item i, once we obtain a label for the

(i;f ) pair.
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P(Vi;fjiZINf) (1 f)

P2 IN¢jvis) = :
(i #]Vig ) P (Ver) (4.3)
Because an item is screened out if at least one lIter applies, then:
Y
P(i20UT)=1 PG 2 INy) (4.4)
f2F

An item is classied as out if P(i 2 OUT) is greater than a thresholdP,,. These
formulas allow SR to estimate both what the next vote can be for a paii;f ) and the
impact each vote has orP(i 2 OUT). These estimates are updated as votes come in,
where in Formula 4.3 the class probability, initially derived only from Iter power and
therefore equal for all unclassi ed items, is updated based on the votes obtained thus far
for that item.

The above formulas can be easily extended to compute the probability that the nert
votes for an ;f ) pair will be in or out votes. SR can in particular estimate the minimal
number of votesNiﬁ?"1 in one direction (in or out) it needs to reach a decision, and the
probability Pi[}"” of getting such votes. ASN{}“” grows and its probability shrinks, SR
may decide that crowd classi cation cannot be done e ciently, and quits trying (the
stopping criteria are based on threshold which can be set as discussed in [Krivosheev et al.,
2018b]). Intuitively, items that are left unclassi ed are essentially not Itered out, so they
contribute to a higher loss, which has to be weighted against the price one would incur by
insisting with the crowd. This in general is part of the same trade-o of how much users
are willing to spend for unit of loss.

4.4 Hybrid SR algorithm

While there is ample literature on how to generate a \good" ensemble of classi ers [Rokach,
2010; Dietterich, 2000], the prior art on the general problem of combining an existing set
of ML classi ers C = fcg is relatively less abundant [xeroski andZenko, 2004]. We base
the hybrid machine-crowd classi cation strategy on modifying SR. In the following, we
rst motivate why we start from SR and then introduce hybrid shortest run (HSR) by
presenting, at each step, rst the intuition and then the formalization.

The reason for starting from SR is that i) it was designed for multi- Iter screening
and has shown to perform better than baseline algorithms for crowd multi-predicate
classi cation, ii) it has per item per Iter probabilistic model that can leverage prior
knowledge on items and lIters, and ML classi ers can provide such knowledge, and iii)
the algorithm can adapt to work with di erent test items T of di erent sizes. This is



Hybrid SR algorithm 52

Algorithm 3: Hybrid SR Algorithm

Input: 1,C,F, T, Pou;Pin, Budget
Output: CIl = fCljn; Cloyug #classi ed items

(1) CLF Select classi ers based on T tests
(2) Crmeta Ensemble CLF

(3) Prior ; ™ run ensemble on |

(4)Ccl fg ,Uul 1k O

(5) Voted; ©  Baseline run

(6) #SRuns iterations

(7) while Ul 6 ? and Budget 6 ?

8 k k+1

(9) foreach i 2 Ul

(20) f (i) assign Iteroni| Prior , Votes
(11) do check stop condition on i | Prior , Votes

(12) 1k items with highest prob of classi cation
(13) foreach i2 I

(14) vk collect a crowd vote onf (i)

(15) Votes Votes[f v g

(16) if P(i 2 INjVotes;Prior )> Pj,

(17) Clin Clin [f ig

(18) ul Ul fig

(19) if P(i 2 OUTjV otes; Prior ) > Pgy
(20) Clowt Clou [f ig

(21) ul Ul fig

(22) L update power
(23)C| difficult items —|apel Ul as"IN items"
(24)eturn Cl:ClI difficult _items

important, as test items can help us Iter out ML classi ers with an expected accuracy
lower than a thresholda (to be tuned as discussed later), and the more extensive set of
crowd-classi ed items from the baseline can be used to a) assess independence among ML
classi ers (which is necessary if we want to pool votes from ML classi ers with simple
algorithms such as majority voting or Naive Bayes), and b) build an ensemble model out
of the ML classi ers where the output of each ML classi er is a feature. This is similar to
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stacking [[xeroski and Zenko, 2004] although we do not apply it over the training data
used to build the individual classi ers (which we do not assume to have), but rather on
the labels as estimated by the hybrid classi cation.

The Hybrid SR pseudo code is presented by Algorithm 3. The rst step consists
in Itering out classi ers that do not perform well for the case at hand. Speci cally,
we want to retain a classi er if we are con dent it has an accuracy that is better than
random. In principle, every contribution that is better than random helps, especially if it
is independent from the other classi ers and if we weigh the vote by the classi er accuracy.

As commonly done in crowdsourcing, we assume we have access to a high accuracy test
dataset T (obtained at a costCy = ec j Tj, that increases linearly by a factorec with the
number of test examples, wherecrepresents the cost for an ideal, expert screening). We
then assign a prior probability distribution to each ML classi er and for each Iter (ML
classi ers may perform di erently for di erent lIters), re ecting our belief of how well
the classi er performs on the problem at hand. As mentioned, in absence of additional
information, we assume &eta(1;1) uniform prior for a given lter. Other choices of
prior are possible, assuming more likely that classi ers will have an accuracy above 0.5
and that accuracies close to 0 or 1 are very unlikely (for example, a Beta (3, 2) has such
characteristics). If we have a non negligible number of test cases the impact of this choice
on the performance of the algorithm is relatively small. In the following for simplicity we
assume a Beta (1, 1) prior for all lters.

ML classi ers are tested with the gold datasetT (line 1), resulting in posterior
probability Beta(1+ correct.answers;1+ failed _answers) which has a known distribution.
We can, in particular, retain classi ers whose probability of being better than random
is greater than a selection thresholdc, and this can be easily computed from the Beta
distribution. Then we build an ensemble of ML classi ers and run it on a whole unclassi ed
pool of itemsUlI (lines 2, 3).

Consistently with SR, we then perform a baseline run oB items (on all lters), both
to estimate crowd accuracy on each Iters and to get data for the next step (line 5).

This information is used to inform a priorpfi° for each item and Iter in Equation 4.3.

In other words, while SR takes as prior for each lteff the proportion 1  ; of items
classi ed as \in" for f and computes an overall prior, here we use the baseline ensemble
output for each prior pii®, where the class probability is the con dence that the Iter
applies. Equation 4.3 therefore becomes

P(vir ji 2IN¢) (1 pfF)
P (Vi)

P(G 2 INgjvit) = (4.5)

Notice that the prior has three e ects: 1) it concurs to determine the classi cation
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probability; 2) it also a ects which (item, lter) pairs we pick next for obtaining the crowd
vote, since Equation 4.3 also a ect i?‘” ; 3) it has an impact on the stop condition (line
11), i. e., whether to stop to iterate over an item due to its classi cation di culty or to
continue. Once the {;f ) pairs to query next have determined, HSR proceeds to obtain
the vote and iterates as per the SR algorithm (line 14).

We now present a series of experiments that, besides assessing the validity of HSR,
help us understand its robustness as parameters of the problem and of the algorithm
change. Besides comparing it with crowd-only classi cation, we also compare with ML-only
classi cation. For this baseline comparison we leverage a Naive Bayes classi er, where
machines are considered to be independent and where their votes are weighted by the
estimated classi ers accuracyA. = fa.g (by means of testsT). The ensemble is therefore
de ned as follows:

Y
Class(l 2 f 0;1g) / a M) (1 a)t (o .6)
c2C
8
< —
where (I;l¢) = 0 16 IC is the Kronecker delta functior?, and I, is a label from a
) c

classi er c.

4.5 Analysis and Experiments

4.5.1 Metrics and Baseline experiment

The approach to analysis is based on both simulations and crowdsourcing experiments.
The simulations are interesting because they allow us to understand the behavior of the
approach under very di erent conditions, and assess the impact of the variation of each
parameter, be it a parameter that describes the nature of the problem (such as the lters’
power and di culty) or a parameter of the algorithm, such as the classi cation threshold
Pout-

The crowdsourcing experiments allow us to get actual values of parameters for real
scenarios and assess validity of results in that context - besides understanding a set of
nuances important in the setup of crowdsourcing tasks. We also leverage the data to build
classi ers using commonly available techniques and use their accuracies to get a feel for
the kind of accuracy we can achieve for the problem at hand.

Metrics. In the experiments there are three metrics we want to assess:

Zhttps://en.wikipedia.org/wiki/Kronecker  _delta
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1. The loss computed as de ned earlier, that quanti es our error weighted by how
\severe" false exclusions are considered (we can similarly usefbr this, though we
choose loss in line with previous literature and also as it is more intuitive).

2. The recall, which is as usual de ned agrue inclusions / (true inclusions + false
exclusions)

3. The relative cost of crowdsourcing, de ned as therice ratio of the cost of crowd
classi cation versus expert classi cation.

(@) (b) (©)

(d) (e) ()

Figure 4.1: Analysis of the hybrid algorithm as key parameters vary. Settings and description
are provided in the text. Crowd-Ensemble refers to the SR algorithm, while Hybrid-ensemble is
HSR.

The rationale for using price ratio as a metric when comparing algorithms is as follows:
we consider that the price of crowdsourcing is not just represented by the total number
CV of crowd votes asked: In fact, for each false inclusidnl (for each item the crowd fails
to screen out) we need to incur in the expert screening cost, as we are leaving the item on
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the expert's desk. If we fail to account for this cost we overestimate the performance of
the algorithm (incidentally, this is true for SR as well, although this is not discussed in
the original paper and price ratio is not used there as a metric). We therefore compute
the crowd cost asCC = CV + FI ec and compare it with what the total expert cost

EC = jlj ec(recall that | denotes the set of items to be classi ed) would be if experts did

all the classi cation. The price ratio is thenCC=EC. Notice that considering price ratio

and loss also incorporates precision: lack of precision (false inclusions) means higher loss
and higher classi cation cost (higher price ratio). For this reason we do not plot precision

in the following.

To describe the results, we rst describe the baseline parameter settings for the
experiments, and then show how results changes as we vary each parameter.

Baseline experiment.The baseline experiment settings consists of a problem where
we screen items via 4 lters, and where 30% of the items survive the screening - if we
classify them correctly. We simulate 10 ML classi ers with accuracy randomly selected
from a 0.5-0.95 range and on which the algorithm assumes no prior knowledge. We screen
them with T=50 tests, work the math with the Beta distribution as described earlier,
and keep the classi ers with 0.95 probability of having an accuracy greater than 0.5. The
classi cation threshold P is set at 0.99, the loss ratik in the loss function is set to 10,
and the expert classi cation costecis set to 20 times the crowd label cost. This latter
value is estimated from [Mortensen et al., 2016] for the case of SLRs. Notice that expert
screening cost iper item, while the unit label cost isper labelon an (item, lter) pair. We
stress again that users only have to set parameters corresponding to their requirements in
terms of loss function, and the algorithm works out the rest, including the expected price
ratios and recalls corresponding to given threshold®,;.

In Figure 4.1a we compare the results of applying machine only (ensembled with Naive
Bayes), crowd (with SR), and HSR to simulations of classi cations for 1000 items. The
charts plot the mean loss by price ratio per item, obtained by averaging the results of 50
iterations. Vertical bars denote standard deviation. The di erent dots of the machines and
hybrid curves denote di erent values forerror correlation among machines, simulated at O,
0.2,0.3,0.5, 0.7, 0.9. As we can see (Figure 4.1a), for a similar loss level, hybrid algorithms
signi cantly outperform the crowd in terms of both price ratio and loss. Not surprisingly,
price ratio and loss worsen as error correlation increases, as ML classi ers tend to agree
when they make mistakes. However, even at high correlations we maintain performances
that are superior to those of crowd-only. As we do not consider crowd correlation, for the

3There are cases where the \expert cost" cannot be easily computed as the cost of expert labor: for example,
a quasi-exact medical screening test may present practical challenges and even risks. In these cases, either domain
experts can map these considerations into an \expert cost" metric, or the analysis needs to focus on precision, not
price ratio.
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crowd we just have a point in the chart. ML-only classi cation is competitive only with
independent and accurate classi ers, and their performance quickly deteriorates even at
small level of error correlation, as we do not assume we have strong classi ers. In the case
of SLRs, with expert accuracy in the 95-98% range [Krivosheev et al., 2018b; Mortensen
et al., 2016] and assuming that the items that survive the screening are in the 10-30%
range, the loss lies within 0.04 and 0.18 (with the settings of the experiment being closer
to the 0.18 mark, slightly better than the result of HSR but a much higher cost).

Similarly, Figure 4.1b shows the recall vs the price ratio. Recall is independent of the
loss parameterk and gives us a direct indication of our capacity to identify the items that
pass the Iters for a given monetary investment. Notice that we disregard here the cost of
obtaining the base classi ers, which, if they are built from scratch for this speci ¢ SLR,
needs to be factored in when estimating price and assessing the best strategy. On the
other hand, if built for the speci c problem they are also likely to have higher accuracy.
We do not discuss this further as again building the base classi er is orthogonal to our
goal here. ndependent classi ers, (which we do not consider realistic), and deteriorates
even at low correlations. We also observe that recall is high "by design” in that we x the
threshold P, for considering an item as screened.

4.5.2 E ect of changes to the parameters

We now explore how results changes as we change either parameters that describe the
nature of the problem (e.g., Iter power, crowd accuracy, or loss and expert cost ratios)
and the behavior of the algorithm (e.g., decisions on how many test data to obtain, or
thresholds to set). Here we focus on a few interesting variations, and refer the reader to
our GitHub repository* for additional details, data and source code. Notice that HSR

is adaptive that is, it estimates the parameters of the problem and changes its behavior
accordingly. For this reason, we expect the recall to remain high, while price ratio may
change.

Fig 4.1c plots how the price ratio improves with the expert costc Recall (not plotted
here) is essentially constant. For example, for a 0.5 correlation, it stays in the .96-.97
range for allec The lines atten for high ecand asymptotically reach the minimal price
ratio, which is the proportion of false inclusions.

Figures 4.1d and 4.1e show instead how recall and price ratio change with the proportion
of items that should pass the screening (positive items). Speci cally, in the chart we show
the behavior when the power of one of the four lters grows. The gures show that the
performances worsen in high power situations. This is because high powers mean a prior
P(i 2 OUT) that is very close to theP, threshold, and as such it is more sensitive to

“https://github.com/Evgeneus/crowd-machine-collaboration-for-item-screening
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errors from the crowd in the rst few votes. This is not a problem of HSR per se but is
inherited from SR. To correct it, it is su cient to "tone down" the prior when the power
estimate is too high. Indeed, we observed experimentally that this can be achieved by
structurally underestimating power by approximately 20% of its value.

Finally, Figure 4.1f shows how recall varies in the presence of one criteria that heavily
di ers from the other in terms of di culty (accuracy) and power (selectivity of Iters).
As expected, recall remains constant because the algorithm adapts to the characteristics
of the problem. Price ratio worsens as we go from an easy and powerful criteria to the
most di cult case of low power, low accuracy Iter where we have many incorrect votes,
and even correct ones do not help us much because the screening power of this lter is
low, which means we anyways need to query the other Iters. HSR results are robust
to variations in the number of tests and in the con dence thresholds for keeping a ML
classi er (not shown). Assuming a set of classi ers in the 0.3-0.7 range instead of 0.5-0.95
cuts approximately in half the gain with respect to SR.

4.5.3 Experimental data and Experiment design

We experimented both by using existing datasets and by running crowdsourcing experi-
ments.

We rst took an existing SLR dataset by Wallace and colleagues [Mortensen et al.,
2016]. This includes over 20000 crowd votes over 4000 papers, with four lters. We also run
a set of experiments on Amazon Mechanical Turk and Figure Eight, with di erent designs,
but speci cally borrowing the design from Chapter 3 (Figure 3.3) for a fair comparison,
and eventually built our own platform on top of Amazon Mechanical Turk for increased
exibility and for being able to plug in the adaptive algorithms into the task assignment
logic. Speci cally, the basic design included classi cations of 100 papers for an SLR in the
social informatics eld, with three lters of di erent di culty (one of them very di cult,
with a worker accuracy barely above 0.5). The lIters were: "does the paper describe a
study on 65+ older adults", "does the paper describe a study that uses technology”, and
"does the paper describe amtervention type study” (the di cult one). Workers with
historical overall Amazon Mechanical Turk accuracy over 70% were invited to participate.
A worker would see a description of one criterion, along with a positive and a negative
example. They would then proceed to labeling papers based on that criterion. The choice
of a per- Iter approach (asking for labels on many items for one Iter) as opposed to
per-item, is because it takes time to properly explain and understand a criterion (for
example, explaining what an intervention is may be tricky and requires the worker to
go through positive and negative examples carefully). We screen workers with two test
guestions and consider the labels from the remaining workers. After initial experiments
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