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How to better reduce measurement variability and bias introduced by subjectivity in crowdsourced labelling
remains an open question. We introduce a theoretical framework for understanding how random error and
measurement bias enter into crowdsourced annotations of subjective constructs. We then propose a pipeline
that combines pairwise comparison labelling with Elo scoring, and demonstrate that it outperforms the
ubiquitous majority-voting method in reducing both types of measurement error. To assess the performance of
the labelling approaches, we constructed an agent-based model of crowdsourced labelling that lets us introduce
different types of subjectivity into the tasks. We find that under most conditions with task subjectivity, the
comparison approach produced higher 𝑓1 scores. Further, the comparison approach is less susceptible to
inflating bias, which majority voting tends to do. To facilitate applications, we show with simulated and
real-world data that the number of required random comparisons for the same classification accuracy scales log-
linearly𝑂 (𝑁 log𝑁 ) with the number of labelled items. We also implemented the Elo system as an open-source
Python package.
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1 INTRODUCTION
Human labels are consistently seen as the gold standard for producing data used to train or
validate models and systems. These tasks include assessing image characteristics [46, 61], labelling
text generated by humans or machines [2, 32, 38, 39], validating images produced by generative
adversarial networks [6, 13, 47], doing last-mile validation of AI predictions [41, 42], and creating
specifications for data set evaluation [5]. Due to demands for increasingly larger data sets, a
substantial portion of such subjective manual labelling tasks has shifted toward crowd work in
recent years [33, 45]. However, despite their ubiquity in data collection and measurement tasks,
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extracting and aggregating subjective information from crowdsourced human coders remain open
areas of research [58, 64].
In this paper we focus on a particular class of subjective crowdsourcing tasks where the target

quantity is a subjective construct characterised by inherent subjectivity [51], such as content toxicity
[2, 5, 50], as opposed to one where there can be objectively defined targets [30, 55]. How do we
obtain a valid classification or rating on a set of items for some subjective construct from a group of
subjective human coders? Consider, for example, the problem of identifying or quantifying the level
of toxicity in online content [2, 5, 50]. The to-be-fit models for toxicity detection work by being
optimised to best predict the average coder’s assessment of toxicity, making input data critical to
their performance. It is therefore integral to recognise that human assessment of toxicity is at best
intersubjective and will be affected by numerous “hidden variables”, namely social, linguistic, and
economic factors that are often not explicitly observable in the assessment. As we describe below,
these unobserved subjective factors increase random error and can often also introduce factors that
researchers reasonably wish to disassociate from the construct in question (e.g., for algorithmic
fairness purposes), which can be understood as a type of measurement bias [7, 28, 37]. Crowdsourced
toxicity labels, for example, have unfortunately been found to be positively associated with terms
related to LGBTQ and race topics [15].
Prior efforts have been made to improve labelling through subjectivity-aware tasks, including

enhancement of questionnaire and task design [28, 62], an example being the quality-control
workflow by Drapeau et al. [16], which asks crowd raters to justify their answers or re-evaluate
their decisions when faced with counter-arguments; uncovering and utilising disagreement and
their sources among raters [9, 31, 49]; model- or aggregation-based bias correction methods that
rely on rater task histories [35, 37, 57, 60]; and devising methods to collect labels from unskilled
crowd raters that are on par with or superior to those from raters with domain expertise [18, 27, 52].
Just as important, others have made efforts to conceptually and empirically sort through the nature
of subjectivity in human-labelling tasks, such as classifying tasks by their level of subjectivity [51]
or identifying the different sources of subjectivity [17, 31].

We add to this body of work by proposing a combined task design and aggregation approach for
crowdsourcing measures of subjective constructs. Specifically, we describe a pairwise comparison-
based labelling task, shown in the top row of Figure 1, where raters are given tasks of comparing the
strength of the construct in question between two items, which we aggregate using the Elo rating
system. We compare the pairwise comparison approach to the classic “majority-vote” labelling
method, a ubiquitous mechanismwhere the same item is assessed by a specific number of people and
the label for each item is selected based on the decision of a majority of voters. We are not the first
to propose relative assessments for crowdsourced labelling [10, 11, 44, 56, 65], which we summarise
below, but we do so explicitly in the context of obtaining subjective constructs, and combine the
comparisons with a straightforward aggregation method, an open-source implementation of which
is provided with this paper.
Further, we contribute to the definitional clarity of “subjectivity” by presenting a conceptual

framework for crowdsourcing subjective constructs that maps this type of crowdsourcing task
onto concepts from survey methodology, an idea that has been proposed elsewhere [1]. This
framework lets us formalise what “subjectivity” means in measurement tasks, and show how
subjectivity increases random error andmeasurement bias in aggregated labels. Namely, subjectivity
increases variance and therefore increases random error, and coupled with necessarily imperfect
task definitions means there are likely going to be sources of bias. We show that our pairwise
comparison method reduces random error, as measured by binary-label 𝑓1 scores. At the same time,
while our method does not completely mitigate the issue of bias (which should be addressed in
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other steps of the rating pipeline [37]), it outperforms the majority-vote method which actually
inflates the inherent bias in the system.

Our work contributes to a wide range of literature that engages with the question of crowdsourc-
ing and how to measure subjective constructs [17, 28, 31, 51, 60, 62]. In addition to addressing the
topic at a theoretical-level, mapping the task to a survey methodology problem, our work has clear
implications for applied research. To facilitate applied work, we provide a reference implementation
of the Elo rating system for pairwise comparisons as an open-source Python package under the
MIT license.1
Our paper proceeds as follows. Beginning with Sec. 2, we define our task of obtaining a valid

subjective construct and formally describe the behavioural model of crowdsourced labelling. Here,
we discuss how subjectivity enters the model, and how it introduces measurement error. In Sec. 3,
we draw on previous work about comparisons and voting to discuss the advantages of comparison
approaches over voting-based ones, both in terms of construct validity and implementation cost.
Next, in Sec. 4, we describe our proposed approach and our experimental setup. In Sec. 5, we present
our results. We show that (1) for a wide range of subjective problems, the comparison method
performs better than majority voting and the gap often gets wider the more subjective a task
becomes; (2) the comparison method is more resilient towards spam, compared to the majority-vote
method; and (3) the number of required comparison grows log-linearly with the number of items
when used with the Elo rating system, not quadratically.

2 CROWDSOURCING SUBJECTIVE CONSTRUCTS
Building on previous research, we understand crowdsourcing measures for subjective constructs as
a descriptive inference task of estimating the distribution of perceptions toward how items relate to
a researcher-defined construct. Such answer distributions can more accurately represent how people
perceive the construct under study, and so the quest for devising crowdsourcing tasks conducive
to estimating the population distribution as accurately as possible is an active area of research
[12, 19].
Exactly which aspects of the distribution to use in downstream research is an open question

that touches on the existence and the nature of ground truths in subjective constructs [3, 64]. A
longstanding debate in the legal community surrounding how to define subjective constructs is
instructive here. Namely, defining “obscenity” has historically been a challenge for the U.S. Courts
system. It is a highly subjective term with immense legal implications [24]. Going back as far as
Roth v. United States in 1957, the U.S. Supreme Court has constructed the hypothetical judge of
obscenity to be the “average person, [who is] applying contemporary community standards”. U.S.
Supreme Court Justice Potter Stewart’s famous 1964 statement “I know it when I see it” about
1Available at https://github.com/hastinarimanzadeh/elo-rating.

Pairwise Comparison Elo Scoring Score Distribution

Item-wise Labelling Majority Vote Binary Labels

Fig. 1. Different labelling approaches to obtaining measures of subjective constructs. The top row, highlighted
in gray, shows our proposed pairwise comparison approach, which yields a continuous distribution of scores
(e.g. level of toxicity). The bottom row shows a traditional approach based on binary item-wise labels (e.g. toxic
or non-toxic).
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defining “hard-core pornography” was in reference to Roth, and was used then, and elsewhere
[53], to justify a data-driven and inductive way of defining subjective constructs. Indeed, when
working with purely subjective constructs, as opposed to extraction of factual information [55] or
skill-based assessments [30], the crowd from which we derive the average judgement serves not as
aggregated intelligence but instead as a reasonable definition of the inter-subjective ground truth.
With this in mind, we proceed in this study with the premise that the population distribution

surrounding perceptions of how items relate to the subjective construct of interest is usefully
modelled as a unimodal distribution whose mean is meaningful. Specifically, we will treat the
population mean as the “ground truth” and the target of the crowdsourcing task.2 This problem
definition sets our study apart from others that focus on using crowd intelligence to complete tasks
whose outcomes can be evaluated objectively [e.g. 30, 55].

Following this logic, crowdsourcing subjective constructs and the challenges associated with
this can be understood in terms of concepts from survey methodology. Specifically, our target is
the population mean and we sample individuals from the population to estimate this quantity.
Measurement error (i.e., deviations between the quantity inferred from the sample and the target
measure) is either due to random error from sampling variation – which is amplified in crowd-
sourcing tasks since usually only a very small number of responses are obtained – or a type of
response bias stemming from mismatch between rater responses and the target construct, which
includes those due to under-defined tasks or unfair perceptions held by the crowd raters.3
“Subjectivity”, broadly defined as variations in how constructs are understood, fits into this

framework as it contributes to measurement error by increasing the population variance surround-
ing the construct, thereby increasing random error, or by introducing unwanted components to the
construct, thereby adding response bias. We discuss these in detail below.

2.1 Model of crowdsourced labelling and sources of subjectivity
In subjective crowdsourced tasks, definite answers can be elusive, not to mention susceptible to
sources of inter-rater disagreement. Linguistic philosophers have long recognised different sources
of ambiguity in meaning stemming from what corresponds in the data-labelling context to the
ambiguity of data, differences in raters’ perspectives, and ambiguity in annotation labels [34, 43].
These concepts have recently been adapted to research on subjectivity in crowdsourcing [3, 17, 31].
Kairam and Heer [31], for example, identified various sources of disagreement among sub-groups
of crowd raters in their entity annotation tasks of Twitter and Wikipedia data. Drawing from
these concepts, we mathematically formalise our conception of subjectivity in crowdsourcing tasks
below.
Following the previous discussion, we devised a simplified mathematical model of human

perception and labelling of subjective constructs. We begin with an observable item, such as an
internet comment, and a human rater, whom we ask to rate, for example, the item’s level of toxicity.
Intuitively, the rater will subconsciously (1) observe all aspects of the item, (2) give a toxicity
component score to each observable aspect, (3) sum the component scores for a total item toxicity
score, and (4) assign the item a toxicity label or numeric score, or compare it to another item.

2.1.1 Definitional subjectivity. Let us encode all the objective observable facts about the item
(e.g. number of times profanity was used) as a very large vector of numbers ®𝑋 . The elements of this

2We recognise recent work exploring the nature of the “ground truths” and how they relate to the potential multimodality
of crowdsourced distributions for measures of subjective constructs [3, 64]. However, the population mean remains an
important and often useful target in applied systems [1].
3Sampling bias due to the unrepresentativeness of crowdsourced items is out of the scope of our study.
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Fig. 2. A simplified mathematical model of human understanding of subjective constructs. Let us assume
vector ®𝑋 encodes all observable features of an item. For each rater there exists a vector of weights ®𝜔 , normalised
so that ∥ ®𝜔 ∥ = 1, where 𝜔𝑘 determines the contribution of the observable 𝑋𝑘 in the strength of the subjective
construct perceived by that rater \𝑖 . The distribution of weights 𝜔𝑘 in the population of raters determines
the overall ambiguity of perception for that item in the population. A more diverse set of opinions in the
population, visualised here as the more widely distributed weights with dotted lines, produces more perceived
strengths that are more varied across the population of raters. Conversely, more agreement in the weights,
shown using solid blue lines, will result in higher overall agreement. In this paper, the standard deviation of
the distribution of perceived strengths of the subjective construct is denoted as ambiguity in perception.

vector independently encode all available information about the item.4 In this simple model we
assume that each element of ®𝑋 ’s contribution to the subjective construct is weighed by the rater
according to a vector of weights ®𝜔 , so that

\ = ®𝑋 · ®𝜔 =
∑︁
𝑘

𝑋𝑘𝜔𝑘 , (1)

with the vector of weights being (arbitrarily) of unit length
∑

𝑘 𝜔
2
𝑘
= 1. The vector ®𝜔 is specific to

each rater and is affected by their personal idiosyncratic preferences. Essentially, ®𝜔 is the rater’s
definitional understanding of the construct, and subjectivity exists because it differs across raters.
The resulting value of \ denotes a rater’s perception of the strength of the subjective construct in
question. Figure 2 shows a schematic visualisation of this model. As defined above, our goal is to
devise a method of estimation that recovers `\ , i.e., the population mean perceived strength of the
subjective construct.5

We define subjectivity as variation across individuals’ conceptualisation of a given construct (i.e.,
understanding and judgement) based on individual idiosyncrasies. If there is any variation in the
population distribution of this conceptualisation that is not attributable to factors external to these
individuals, we say there is subjectivity surrounding the construct and therefore the rated item.

4Dependence between elements 𝑎 and 𝑏 can be account for by adding in an additional element capturing the interaction
term 𝑎 × 𝑏.
5It is not possible to know without extensive study the distribution of 𝜔𝑘 in the population. We can, however, reasonably
assume, based on generalisations of the Central Limit Theorem, that for an item with a large enough number of observables,
the value \𝑖 of the same item across the rater population is sampled from a normal distribution \ ∼ N(`\ , 𝜎2

\
) .
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Subjectivity factors into labelling tasks in multiple ways. At the definitional stage, which we just
described, variations in preferences and experiences across individuals influence how much weight
( ®𝜔) different things (i.e., observables in ®𝑋 ) are given when measuring a construct [2, 28]. Does
profanity matter at all to text being perceived as toxic? If so, how much? This kind of variation in what
“counts” is a major source of subjectivity in labelling tasks. This type of subjectivity can be mitigated
by clear coding rules [2] – do not consider the speaker’s race when assessing the toxicity of what they
said – but given the effectively infinite feature space of plausible observables in ®𝑋 , subjectivity
cannot be eliminated. Further, because many of these internal assessments are deeply-rooted biases,
explicit prompts about biases can still fail to mitigate them [28].

As subjectivity about a given construct increases, the population variance of each 𝜔𝑘 increases,
which is then reflected in increased variance in the distribution of \ . The standard deviation 𝜎\
therefore can be understood as the ambiguity in perception, which stems from the definitional
process surrounding a subjective construct. Larger values of ambiguity in perception imply there
will be higher variation in the perceived strength of the subjective construct among the population
for a given item. As we illustrate in Fig. 2, the consequence of higher ambiguity in perception is
that there will be higher measurement error in the form of random error stemming from sampling
variation, as the greater the population variance, the more likely a given sample mean will fall from
the population mean. Standard crowdsourcing practices exacerbate this type of measurement error
because samples (i.e. the number of raters per item) tend to be small.

2.1.2 Translational subjectivity. Another source of subjectivity comes from raters’ mental model
when translating the latent \ into a concretely expressed measure, which can be through a classifi-
cation task – this comment is toxic – or a comparison – comment A is less toxic than comment B.
Specifically, \𝑖 exists internally for each individual, and the act of encoding it (e.g. threshold-based
classification, quantitative rating, comparison) is also subject to variations across individuals.
If the rater is asked to make a binary classification, they compare their perceived strength of

the subjective construct \𝑖 to some personal threshold \ threshold𝑖 . As with the weight vector ®𝜔 , the
threshold is also specific to each rater and parameterise the sensitivity of the rater to the subjective
construct. We refer to this type of subjectivity as diversity in threshold.

On the other hand, if the rater is asked to make a comparative assessment of two items, that is,
to determine which of two items is stronger on the subjective construct, the rater will perceive
the magnitude of the construct in the two items, say \1 and \2, and then compare them. Based on
prior work on rater agreement, it is reasonable to assume that it is easier for a rater to compare
two items that are perceived to be more different to each other with respect to the strength of the
subjective construct in question [48], i.e., when |\1 − \2 | is larger. In our model, the rater is not able
to make a reliable comparison if the difference in perceived strength of the two items |\1 − \2 | is
smaller than some cutoff value 𝛿\ . We refer to this parameter 𝛿\ as the ambiguity in comparison.

2.1.3 Subjectivity-induced bias. Finally, we discuss the special case where definitional subjectivity,
discussed above, becomes a source of measurement bias. Specifically, instead of targeting the
populationmean `\ (i.e. where the researcher recognises the existence of definitional subjectivity but
is agnostic about what “counts” in the construct’s definition), there are instances where researchers
would wish to exclude certain features from the definition of a construct and therefore not have
them factor into the crowdsourced measure. In these cases, if researchers do not or cannot fully
define the task, which we established is difficult [28], the presence of subjectivity among the raters
about whether these features should be a part of the construct’s definition means `\ becomes a
biased version of the target construct, which we illustrate in Fig. 3 with a schematic visualisation.
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Fig. 3. A simple mathematical model of bias induced by the existence of a discriminatory feature in an
item. Some items might display features that the researcher decides, for ethical or scientific reasons, should
not affect the perceived strength of the subjective construct. Existence of LGBTQ and race-based terms
contributing to toxicity labels exemplifies this issue [15]. In the simplified model of human understanding
of subjective constructs presented here, these features induce an error (and no bias) if the distribution of
their associated weights has a mean of zero. On the other hand, if the discriminated feature has a weight
distribution with a mean much larger or smaller than zero, it induces a bias in the perceived strength of the
subjective construct in all items that exhibit the feature. Here, we see that a heavily-skewed distribution of
weights (in red) associated with the discriminated feature significantly affects the perceived strength of the
subjective construct for the items exhibiting that feature.

In our model, this scenario is presented as researchers desiring an element in ®𝜔 to be zero when its
population mean is in fact nonzero.

What we have described here is effectively a form of response bias stemming from the inability
of researchers to control unwanted definitional subjectivity. This scenario is becoming increasingly
common as researchers start to recognise the importance of excluding unfair or otherwise unde-
sirable observables from entering their labelled data, and in turn their models or algorithms. For
example, researchers classifying internet comments into toxic and non-toxic categories are likely
to want the labels to be unaffected by ethnic or racial features present in the profile image of the
poster.

3 COMPARISON VERSUS MAJORITY-VOTE METHODS
Having now defined our target (i.e. a subjective construct measured as its population mean `\ )
and presented the associated challenges stemming from different sources of subjectivity, we move
to discuss the relative benefits of two widely used ways to formulate crowdsourcing tasks, the
comparison and the majority-vote methods which we presented in Fig. 1. Drawing from previous
literature, we discuss how the two methods compare in terms of the validity of the obtained measure
when they are faced with different sources of subjectivity. We also review claims about their costs.

3.1 Validity
The two methods we study in this paper have been previously compared elsewhere in the literature.
One line of research focuses on the cognitive benefits of pairwise comparison tasks over item-wise
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labelling tasks at the individual-level, while another considers how these tasks compare specifically
in crowdsourcing contexts where information gathering tends to favour breadth over depth.

3.1.1 Cognition-based benefits of comparative over absolute judgements. From the psychology
and cognition literature, Goffin and Olson [23] argue that when individuals assess performances,
comparative judgements are superior to absolute judgements, which are the building block of the
majority-vote method, because the latter often lacks a clear anchor. On the other hand, anchoring
assessments to an external comparison point provides respondents “shared reference points on
which to base their judgements”, which “may reduce error variance by increasing respondents’
agreement about the meaning of scale points [23, p.53]”. Gentner and Markman [22] find a similar
mechanism, that explicit juxtapositions highlight similarities and differences, which provides clarity
on the compared construct. This concept has been usefully applied to human-labelling contexts,
such as using comparison-based crowdsourcing to extract features [11, 65].

3.1.2 Removing diversity in threshold through relative anchoring. Other work from human-labelling
fields, such as image assessment [44] and toxicity labelling [2], focus explicitly on the benefits of
relative anchoring, where to-be-labelled items are assessed against each other, dispensing with the
need for either individuals’ internal anchors or external anchors. In their seminal piece on relative
assessments for image labelling, Parikh and Grauman [44] offer assessing smiling as an illustrative
example of the relative anchoring concept. Given three images of (1) someone clearly smiling, (2)
someone clearly not smiling, and (3) someone having a borderline expression between smiling
and non-smiling, it is difficult for absolute ratings to place the third category, but the comparative
rating can always confidently distinguish between any pair of images.
This argument about relative anchoring directly maps onto our discussion of translational

subjectivity from Sec. 2.1.2. Specifically, because compared items serve as reference points to each
other, the comparison method is able to remove diversity between raters’ thresholds, one of our
identified sources of subjectivity, from the labelling procedure.

3.1.3 Avoiding measurement error inflation for high-subjectivity constructs. Another line of work
focuses on how the majority-vote method obscures the amount of uncertainty surrounding specific
items [2, 49]. By construction, the majority-vote uses popularity to adjudicate between two side of
a binary label, thereby forcing agreement. However, the very fact that the majority-vote needs to be
employed in the first place implies there is variation in the population surrounding the subjective
construct being measured, which can be shown through inter-rater agreement scores [1, 49, 50].

The discarded labels are not random, but are instead due to the raters’ subjectivity, which as we
argued can stem from both definitional and translational reasons. Further, the discarded data will
always be from minority raters holding less popular opinions. The majority-vote method, then,
moves the estimated mean ˆ̀\ further from the true population mean by non-randomly discarding
up to [ 13 ,

1
2 ) of the ratings. As measurement error due to population variability in crowdsourcing

tasks is already likely to be high because only a small sample size is used for each item, this kind of
data removal will further exacerbate the problem. Taken to the extreme, the majority-vote method
is equivalent to running a survey and claiming that the population can be characterised by the
modal response category.
Instead, as Aroyo et al. [2] argue, for inherently subjective tasks (e.g., measuring subjective

constructs as we do), a comparative ranking would result in better overall agreement between
raters compared to an item-wise absolute rating due to the fact that the comparison method can
capture the diversity of opinions between raters as opposed to optimising for consensus. This is
achieved when using a pairwise comparison approach, as it does not discard any data. In fact, more
than not wasting data, because the comparison approach allows each item to be observed multiple
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times but as part of different unique item pairs, it provides more information for aggregation
algorithms such as the Elo method we describe in Sec. 2 to produce a more accurate estimate of \ ’s
population distribution.

3.1.4 Avoiding bias and spam inflation. Finally, following the immediately preceding discussion
from Sec. 3.1.3, we hypothesise that comparisons will outperform majority-voting over item-wise
labels when dealing with the kind of subjectivity-induced bias we discussed in Sec. 2.1.3. We start
by recognising that should this type of bias exist, it will affect both methods. By Eq. (1), definitional
subjectivity (captured by the presence of unwanted elements with nonzero mean in ®𝜔) is a part of \ ,
which means that because both the comparison and majority-vote methods target the population
mean `\ , neither method do anything to remove the bias.
However, as the majority-vote discards observations based on popularity, it can yield highly

biased estimates for some items due to random sampling, which we speculate will inflate the extant
population bias.6 On the other hand, because pairwise comparisons are able to more accurately
reflect the population distribution of \ , it should also more accurately capture the unwanted bias
component in `\ .
The superiority of the comparison method here, then, is in being able to avoid inflating mea-

surement bias. A similar line of reasoning regarding the aggregation of unwanted information can
be applied to the effect of spammers (i.e., raters who complete tasks randomly or semi-randomly),
which is an active research area in crowdsourcing [14, 59].

3.2 Cost
Despite all the ostensible benefits of using comparisons, costs, specifically the cost of performing
all possible number of pairwise comparisons grows quadratically with the number of items being
rated. This serves to be an impediment to adopting the comparison method over the majority-vote
method, whose total possible number of tasks grows linearly with the number of items, especially
when dealing with large data sets [25]. Further, previous studies have hypothesised that a certain
level of labelling quality requires many more comparison tasks or an algorithmically selected set
of comparison tasks, compared to the majority-vote tasks [25, 30]. Ye and Doermann [63], for
instance, propose a method of augmenting the comparison method with absolute judgement to
improve the labelling quality. They also propose an active method for determining the next batch
of comparisons and absolute judgement tests based on previous batches of results. Similarly, Jang
et al. [30] and Guo et al. [25] propose an active method for determining future comparisons to
reduce the number of comparisons required to arrive at a full ordinal ranking.

In this paper, we show that depending on the subjectivity of the problem a comparable number
of comparison tasks can provide as good, or better quality of labels compared to the majority-vote
tasks, and that for a randomly selected set of comparisons combined with a simple implementation
of the Elo rating system, the number of required comparisons for a constant level of labelling
quality scales log-linearly, not quadratically, with the number of items.

Finally, we note here that researchers have argued that comparisons are often easier and faster
to make compared to the majority-vote method when assessing the relevance of search results in
information retrieval systems using crowd-sourcing [8]. A faster and easier task very commonly
means that a higher number pairwise comparison tasks can be performed with the same amount of
time and effort spent by the raters compared to tasks that rely on an absolute single-item judgement.

6Depending on the distribution of weights 𝜔𝑘 for the bias-inducing element in ®𝜔 , this behaviour could plausibly reduce
bias, but this is largely idiosyncratic to particular cases and therefore cannot be relied on as a feature of the method.
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4 METHODS
In the remainder of this paper, we explore questions raised in the preceding discussion regarding
the relative strengths of the majority-vote and pairwise comparison methods when crowdsourcing
measures for subjective constructs. We compare each method’s response to the different types of
subjectivity we discussed in our theoretical framework, including both definitional and translational
sources of subjectivity. We also assess their performance in dealing with the presence of subjectivity-
induced bias as we hypothesised in Sec. 3.1.4. Finally, we study the scaling behaviour of the pairwise
comparison method to establish how the number of required comparisons to keep the same level
of accuracy changes as the number of items to be rated grows.
Before moving to our results, we present the methods we used. First, in Sec. 4.1, we introduce

the label aggregation approach we adopt in this paper, namely the Elo rating system. Next, we
describe in Sec. 4.2 how we quantify our subjectivity formalisation through the simulation of items
and raters. Finally, in Sec. 4.3, we summarise our experimental pilot of Twitter conversations which
we use to corroborate our simulated 𝑂 (𝑁 log𝑁 ) scaling of random comparisons.

The code required for reproducing the numerical results presented in this paper, along with
all the necessary instructions and data, are available as a Git repository at https://github.com/
hastinarimanzadeh/elo-paper-reproduction.

4.1 The Elo rating system
As we showed in Fig. 1, the results from pairwise comparisons undergo an algorithmic transforma-
tion before ending up as ratings, which can then be binarized by rank for classification purposes.
The problem of assigning ratings to the strength of each player based on their performance in one-
on-one matches against others appears frequently in games and sports. Historically, hand-crafted
rating systems relied on an often intrinsic judgement of each player’s merit or achievements in
each game, combined with a myriad of statistical and heuristic methods specific to the game in
question. In this paper, we dispenses with these historical approaches and propose using the Elo
rating system as a simple yet effective method of aggregating the results of comparisons performed
by crowdsourcing raters.
The Elo system works by relying on statistical estimation of ratings solely based on the final

outcome of performed matches. In short, for each match, the Elo system makes a prediction of
the outcome probabilities in a zero-sum games based on the two participating players’ difference
in rating. The two players wager some fixed amount 𝑘 of their rating based on the predicted
probabilities. If the outcome of the match is closer to the predicted outcome (e.g., a much stronger
player wins against a much weaker player) fewer rating points change hands. In the case of an
unlikely outcome, a larger share of wagered points is transferred to the winning player.
The predicted outcome of a match depends on the difference in the ratings of the two players.

The system assumes that the actual game performance of a player in a single game is a random
variable, often assumed to be normally or logistically distributed, with a mean equal to the player’s
true rating (representing their aptitude or strength) and a scale arbitrarily set. The Elo system
makes the simplifying assumption that all players have the same scale for their game performance
distribution. A single match between two players can be simulated by each player drawing a number
from their respective game performance distribution. The probability of a positive outcome for
each player is equal to the probability of their drawn number having a larger value.

Many real-world rankings, such as ranking of countries by population and performance of sports
players, show a heavy-tail decay of scores as ranks increase [29]. At first glance, it might seem that
the Elo system assumes a specific distribution for the game performance. Instead, the system makes
an assumption about the distribution of relative performance of two players (i.e. their respective
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probability of winning) given their difference in rating. In other words, the inherent assumption of
this method is of a normal performance distribution, often called the Thurstone–Mosteller model,
or based on a logistic performance distribution referred to as Bradley–Terry model. Though it has
been shown that in a practical setting the two models produce virtually equivalent results [54]
the latter model, based on logistic distribution, is commonly used for ranking human competitive
behaviour such as rankings for chess players and in online multi-player games, possibly due to its
nicer analytical behaviour [40].

A commonly used formulation, based on the logistic distribution assumption is as follows:

𝐸𝐴 =
1

1 + 10
𝑅𝐴−𝑅𝐵

400

, (2)

where 𝑅𝐴 and 𝑅𝐵 indicates ratings (aptitude) of the players 𝐴 and 𝐵. 𝐸𝐴 indicates the probability of
a positive outcome of the game for player 𝐴. As possible outcomes range from 0 to 1 the expected
outcome for each player is the same as the probability of a positive outcome for that player. The use
of base 10 and denominator 400 makes it easier to mentally compare rating values, as a difference
of 400 rating units is equivalent to a ten times larger expected score.
After a single game, the ratings are adjusted based on the difference in the realised outcome

compared to the expected outcome of the game

𝑅′
𝐴 = 𝑅𝐴 + 𝑘 (𝑆𝐴 − 𝐸𝐴) , (3)

where 𝑆𝐴 is the realised outcome of the match for player 𝐴. The rating for player 𝐵 is also adjusted
using the same formula. The parameter 𝑘 is a tuning parameter, roughly similar to the learning
rate parameter in many machine learning methods, which indicates the maximum possible point
adjustment per match. A high value for 𝑘 results in larger adjustments to the ratings after each
match, at the cost of higher overall noise. Conversely, selecting a lower value of 𝑘 requires more
matches to arrive at equilibrium in ratings.

In addition, we found it often helpful in practice to run the rating system with multiple cycles on
the available set of comparisons, generally similar to the deep learning common practice of cycling
learning data in multiple epochs. At each epoch, the set of all available comparisons are used in
random order for updating the ratings. This can be repeated until an equilibrium is reached.

The Elo rating system has nice properties for our application. While the zero-sum nature of the
Elo rating system might at first glance appear a weakness, we argue that this fits well with our
goal of labelling items based on the population average. As results of each comparison changes
the rating of two items by equal amounts but in opposing directions, the mean ratings value of all
items will always stay the same. If all items start with an initial rating of zero, the label of each
item can be determined by simply checking the sign of its estimated rating. The rating is directly
related to the probability of that item being selected in a comparison with a hypothetical item that
possesses the exact average of the intended subjective construct compared to all other items as
construed by the population of the raters, as can be surmised from Eq. (2).

We also elected to use the Elo rating system in part due to its simplicity. In the next two sections
we will show both empirically and using a simple mathematical model that despite relying on the
most simple approach of randomly comparing items and aggregating the results using the Elo
rating system, we still arrive at a scalable and robust estimation of popular average labelling of
subjective constructs.
An open-source reference implementation of the Elo rating system is provided as a Python

package in the official Python Package Index. The package can be installed using the command pip
install elo-rating with the documentation available at https://github.com/hastinarimanzadeh/
elo-rating. The package provides an Elo class that computes ratings and rankings based on a
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list of provided results of comparisons. Further details on the interface are delineated in the
documentation.

4.2 Simulation
The relative performance of the comparison and majority-vote methods when faced with different
sources of subjectivity can be studied using a simple agent-based model of the problem. We present
here such amodel, which encompasses the subjectivitymodel we previously described in Sec. 2.1 and
schematically illustrated in Fig. 2. We follow this with details on the comparison and majority-vote
methods simulation.

4.2.1 Setup. Let us assume 𝑁 items, e.g., internet comments, each with a “true” rating, indicating
the inherent value of the construct in question as it would be judged by the average rater for each
of the items, e.g., toxicity. For the purposes of this simulation, we draw the true ratings from a
normal distribution with an arbitrary mean of 0 and a standard deviation of 1. A perfect binary
classification system would be able to distinguish all items with ratings above 0.
We also simulate 𝑀 raters, each with a personal threshold of what they would consider a

significant enough presence of the intended construct, e.g., strong enough toxicity that impels
them to recognise a certain comment as toxic. The personal thresholds are drawn from a normal
distribution with the same mean as the mean true rating of items and standard deviation set by the
parameter diversity in threshold, directly mapping to the translational subjectivity we discussed in
Sec. 2.1.2.
To contextualise the definitional subjectivity we discussed in Sec. 2.1.1, for each item a rater

observes a perceived rating for that item, drawn from a normal distribution with mean set to
the true rating of the item and a standard deviation set by the parameter perception ambiguity.
The perceived rating of one item for one rater is fixed across different observations by the same
rater at least in the time scale of one study, as it is assumed to be a function of past experiences,
internal priorities, and their definitions of the construct in question. A rater can classify one item
by comparing their perceived rating of that item with their personal threshold.

Table 1. The set of parameters used in the agent-based simulation setup.

Parameter name Description

Ambiguity in perception Standard deviation of raters’ perceptions \ , defined in
Sec. 2.1.1

Ambiguity in comparison Minimum difference between perceived strength of two
items (|\1 − \2 |) below which the two items cannot be or-
dered by a rater, defined in Sec. 2.1.2

Diversity in threshold Standard deviation of raters’ personal thresholds for the
subjective construct, discussed in Sec. 2.1.2

Rater bias Rater’s weight for a discriminatory feature in the observ-
ables vector, defined in Sec. 2.1.3

Fraction of spammers Fraction of spammers, raters who vote or compare randomly
Number of items Items to be labelled
Number of comparison tasks Pairwise comparisons among all items
Number of votes per item in
majority-vote

Unless stated otherwise, 3 votes per item
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A rater can also be given a comparison task, for which they compare two items based on the
perceived ratings of the items. It is, however, inherently more difficult to confidently compare
items when the difference in the magnitude of the intended construct is small. We identified such
an ambiguity to stem from translational subjectivity in Sec. 2.1.2. To allow for this in our model,
if the difference in the perceived ratings of the two items is smaller than a certain threshold, as
determined by the parameter comparison ambiguity, the rater identifies them as equal. Conversely,
a comparison ambiguity of zero results in no rater selecting the equal option, but simply selecting
whichever item that corresponds to a higher perceived rating for that rater.

Spam is an unfortunate reality in crowd-sourcing. For some problems, it is possible to systemati-
cally detect spammers based on various methods. Kuang et al. [36] for instance uses a heterogeneous
network embedding approach to detecting spam raters based on defined collusion patterns. These
methods become more difficult to implement for the case of subjective problems [1]. To assess
the susceptibility of the two methods to spam, a fraction of raters can be simulated as spammers,
essentially voting or comparing presented items at random regardless of the items’ ratings or
perceived ratings.

4.2.2 Simulation. For each item, three random raters are drawn from the pool of𝑀 raters (which
might include spammers) and each rater is asked to provide a binary classification of that item (a
vote) based on comparing their perceived rating of that item and their personal threshold. The three
votes are recorded and items are labelled using a majority-vote system. Next, a number of pairs of
items are drawn from the pool of all possible combinations of size 2 of 𝑁 items for comparison. Each
item pair is passed to a rater who compares them based on their perceived ratings and comparison
ambiguity. A binary classification is established by running the Elo ranking algorithm on the
comparison results and classifying items based on their final Elo ratings being larger than 0.

4.2.3 Evaluation. For each combination of parameters, the performances of the two classification
methods are measured as compared to the ground-truth binary labels based on the true rating of
each item. For both methods, the positive label 𝑓1 score of each run is calculated. The mean difference
in 𝑓1 scores across an ensemble of 25 independent runs determines which binary classification
method worked best in each specific scenario.

4.3 Scaling experiment: Controversiality of climate change conversations on Twitter
To confirm the scaling behaviour and the properties of the comparison method, we also performed
a set of real-world experiments. In these experiments, the crowdsourced task was to classify
a conversation on Twitter, consisting of the main tweet and its whole response tree, as either
controversial or non-controversial. The goal of the experiment is to study the scaling behaviour of
the comparison method and provide an example of how a small-scale pilot study can help estimate
the number of required comparisons for a larger study.7

To this end, we selected a sample of 41 conversations related to the topic of climate change. We
sampled these conversations from all Twitter conversations between February 2019 and September
2021, where the original post contains at least one of the list of 13 keywords or 36 hashtags commonly

7As discussed in our problem definition (i.e. Sec. 2), when working with subjective constructs like the controversiality of a
conversation, the “ground truth” for a given item is that item’s population mean perception `\ . This target quantity can
only be estimated, as even when working with a population census, which removes random error, labelling is still subject to
the different types of subjectivity we outlined above. While it is possible to conduct a large-scale empirical study aimed
at extracting the population distribution of each conversation as precisely as possible for the purpose of benchmarking
different crowdsourced labelling approaches, we believe this is beyond the scale of our current study. We therefore focus
our real-world experiment on studying scaling properties.
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associated with climate science, climate action, or climate scepticism, and the conversation involves
at least three unique users.8

We constructed a set of crowdsourcing tasks for all 820 possible comparisons between two given
conversations. The comparison task stated the following prompt: “Read the following two Twitter
conversations.Which of the following two conversations shows a higher level of disagreement among
its participants?”. Each time a conversation was presented in a task, the replies were presented in
random order and limited to a maximum of five first-level replies and their second-level replies.
Each of the 820 possible comparisons was presented to two raters on Amazon Mechanical Turk.
The raters had three possible choices for each comparison. They could select the conversation on
the left, on the right, or judge them to have an equal level of disagreement. Each comparison was
replicated across two different raters for a total of 1640 crowdsourcing tasks. Special care was given
to make sure no single rater can perform more than 50 comparison tasks to simulate responses
from a diverse population.

For the scaling experiment, we take the final ratings calculated using all 1640 task answers as a
benchmark. To measure the change in accuracy as a function of the number of comparisons, we
selected random subsets of the comparisons and fed them into the Elo system to arrive at ratings
and predicted labels. Comparing these predicted labels to those calculated using the full suite of
comparisons gives us an estimate of the accuracy. We also studied the effect of the number of items
on the accuracy of classification by selecting samples of different sizes from the original 41 items,
repeating the experiment and comparing the results.
Finally, while we do not conduct a large-scale survey to estimate the ground truth required

for assessing the relative performance of the pairwise comparison and majority-voting methods,
we provide confidence that our proposed approach yields reasonable results in the absolute by
showing conversations and their estimated controversiality from our Twitter experiment. In Tab. 2,
we present three conversations across the high, moderate, and low ranges of controversiality
estimated using our proposed approach. These three conversations are specifically chosen from
their respective ranges because they are succinct enough to be presented in tabular form, but all the
the experiment data, including the Tweet IDs, the crowdsourcing responses, and their Elo ratings
are available in a Git repository at https://github.com/hastinarimanzadeh/elo-paper-reproduction.

4.3.1 Ethical considerations. We have taken measures to ensure that we adhered to the necessary
ethical considerations for running this crowdsourced experiment. While all tweets in the experi-
mental data were public tweets, we anonymised the tweets such that no personally identifiable
information from the posters was shown to the raters. When displaying each tweet, random user-
names and random profile pictures were generated to replace the real ones and links and embedded
images and videos in the tweets were redacted. Moreover, we did not gather any personal infor-
mation from the raters. Finally, there was no experimenting or manipulation of information for
the data presented to the raters and the entire process was minimally intrusive. The raters were
paid 0.20$US per comparison for a target average hourly wage of 12.00$US. Based on our own
pretests, we estimated each comparison to take approximately one minute to complete. Reviews
from actual crowd raters on Turkerview (𝑛 = 8) show a median completion time of 44.5 seconds
which translates to an average hourly wage of 16.18$US.

5 RESULTS
In Sec. 5.1 we discuss how the various facets of subjectivity quantified in Sec. 4.2 affect the accuracy
of binary classification using the comparison and majority-vote methods, as expressed by their
8Tweets containing phrases “political climate” and “precip:” (standing for precipitation, used in reporting of daily weather
forecast) as well as retweets were excluded.
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Table 2. Climate twitter conversations across a range of controversiality. Replies to the top-level tweet are
marked with arrows. Those highlighted in red ostensibly disagree with the top-level tweet. Higher rank means
higher levels of controversiality based on Elo scoring of crowdsourced comparisons.

Rk. Conversation
1 No, they’re not. Every study in 2019 and prior concludes their ineffectiveness. Now that

it’s political they’re suddenly effective. Science doesn’t lie, but scientists with political
agendas do. As we have already learned from climate ‘scientists.’
↩→ The virus is spread through expectorant, meaning the stuff coming out of your nose

and mouth when you sneeze and cough. That’s what masks are meant to stop, and
they’re effective.

↩→ Maria, it’s true, masks are effective.
↩→ How are you gonna do research on how effective are masks in 2019? It’s 2020. This

is covid 19. Something doctors have never studied before so everything you’ve
supposedly "read" is not valid

20 Big News! Starbucks to ditch dairy for the environment. Starbucks admits that cow’s
milk is its biggest source of carbon dioxide emissions, yet it’s still charging up to $0.80
more for lattes made with soy, coconut, or almond milk rather than dairy.
↩→ Hi I just have a query! I heard some nutritionist saying our body uses 80% of energy

in digesting food is it true?
↩→ That is really great news! I would say the best news of 2020. Hope is it for all

countries. It will serve as role model for others to change!
↩→ Almond milk is still pretty terrible for the environment...
↩→ If they’re trying to promote environmental health, why charge more money for a

latte? @Starbucks you can do better!
↩→ They have to bring in oat milk. Best for the environment and so good with coffee!!

40 It’s snowing in New York City today. After two years in a tropical climate and three in a
desert, it’s a sight for sore eyes.
↩→ You weren’t in Boise for Snowmageddon?
↩→ Just like being back in the mitten
↩→ Um, no...
↩→ I grew up in Jersey. I always loved the first snow. It’s so beautiful. The lights shine

on it and it looks like diamonds. Stay warm Paul.

𝑓1 scores. As we show below, we find that the comparison method yields higher 𝑓1 scores than
the 3-vote majority-vote method either when there is an equal number of comparisons and votes,
or has the room to scale with increasing resource relative to majority-voting. We find that the
comparison method is more robust to spammers and sources of unwanted discriminatory bias.

In Sec. 5.2, we proceed to simulate the scaling behaviour of the comparison method, computing
and comparing its labelling accuracy as the number of items changes. We show that the number of
required comparisons for a specific level of accuracy scales log-linearly with respect to the number
of items to be labelled.

5.1 Simulation results
In order to compare the classification performance of the majority-vote method to the combination
of comparison method and Elo system, we simulated a set of 𝑁 = 512 items with true ratings
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drawn from \ ∼ N(0, 1). Each item can be assigned a true binary label based on comparing their
true ratings to the population mean \ > 0. We also simulated a set of 100 raters, where each
rater has a personal threshold drawn from \ threshold𝑖 ∼ N(0, 0.5), and their ambiguity in perception
standard deviation and ambiguity in comparison are set to 0.5. The items are then classified with a
majority-vote system with three votes by different raters, and subsequently with the comparison
system presented in this paper, with 𝑛comparisons comparisons randomly selected sample from the
pool of all possible comparisons. Each method then predicts a binary label for each item. The
accuracy of the two methods is calculated in the form of the positive label 𝑓1 score, where for every
item the label predicted by each method is compared to its true label.
At each step, one of the parameters of the simulation (from the first five parameters in Tab. 1)

is modified and the results are studied. The simulations for each parameter are repeated multiple
times, and we compute the mean and the 5𝜎 confidence intervals of the values of interest (often
the difference in 𝑓1 scores of the two methods, 𝑓 comparison

1 − 𝑓
majority
1 ). These results are summarised

in the figures that follow.
For most of these figures, we plot the difference in 𝑓1 scores either on the y-axis or the z-axis of a

surface. Regions above zero indicate better performance by the comparisonmethod.We have plotted
a vertical line at the x-axis of 1, which is when there is an equal number of votes to comparisons.
This location is a useful indicator, as it is generally speaking when an equal amount of resources
are given to the two approaches, but should not be taken as the only fair comparison point. Instead,
we understand it to be the comparison method’s worst relative performance, as the majority-vote
method tends to be more limited in terms of scaling with additional resources, which we show in
Fig. 6 (right panel). On the other hand, the number of possible comparisons exceeds the 3-vote
majority-vote for 𝑁 > 8, moving us to the region of the figures to the right of 𝑥 = 1.

5.1.1 Effects of Subjectivity. In this section, we analyse the relative performance of the majority-
vote method and the comparison method by measuring the difference in binary labelling per-
formance, as indicated by 𝑓1 scores. A positive value of difference in 𝑓1 score indicates better
performance of the comparison method in binary classification compared to the majority-vote
method. To this end, we simulate 3-vote majority-voting and comparison tasks while varying values
for rater threshold diversity, ambiguity in comparison, and ambiguity in perception. Sections 5.1.2
and 5.1.3 will extend these simulations to 2𝑛 + 1-vote majority-voting and rater populations with
implicit biases.

Diversity in threshold. We begin by looking at the first type of translational subjectivity, which
is the diversity in raters’ thresholds for identifying an item to be possessing the construct in
question (e.g. how much toxicity is toxic?) which is parameterised by the level of variability 𝜎 in
the threshold values in the rater population. As previously discussed, this type of translational
subjectivity factors into item-wise rating tasks, and should therefore favour the comparison method
over the majority-vote method. Our simulation results, presented in Fig. 4, confirm that higher
degrees of subjectivity in the form of greater rater threshold diversity confers an advantage to the
comparison method. The heat map shows the difference in the two methods’ 𝑓1 scores, with the
blue regions indicating better performance by the comparison method. These findings are also
presented in Fig. 5(c), which shows 𝑓1 score differences at specific values of 𝜎 .

Ambiguity in comparison. Next, we consider the other type of translational subjectivity, ambiguity
in comparison, which factors only into comparison tasks. It stands to reason that it should negatively
impact the performance of the comparison method, therefore favouring the majority-vote method.
This is indeed generally the case, as shown in Fig. 5(b). However, interestingly, we also see that a
moderate amount of ambiguity in comparison actually improves the accuracy of the comparison
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Fig. 4. Subjectivity of a problem, expressed in terms of diversity of threshold among raters, has a positive
effect on the relative efficacy of the pairwise comparison method. The heat map shows the difference in
positive label 𝑓1 scores of the pairwise comparison method and the majority-vote method. The blue regions
on the heat map (i.e. positive-valued) display areas where the comparison method performs better than the
majority-vote method. The dashed vertical line indicates the situation where equal numbers of comparison
tasks and majority-vote tasks are performed.

method. Specifically, the performance of the comparison method improves as the ambiguity in
comparison is increased to 0.8, after which its performance drops back down. This is due to the
fact that in our implementation of the Elo rating system, when the raters are unable to differentiate
between two items, they are allowed to declare them as equal, which results in the ratings of the
two items converging toward each other. Past a certain point, however, large values of ambiguity
in comparison mean even items with a large disparity in true ratings cannot be distinguished from
each other, thereby resulting in less information made available to the rating system. For example,
when the ambiguity in comparison has a value of 2, an item in the third percentile in terms of true
rating is deemed indistinguishable from an item in the 97th percentile.

Ambiguity in perception. Turning to definitional subjectivity, Fig. 5(a) illustrates how the com-
parison and the majority-vote methods perform relative to each other for six different values of
ambiguity in perception. We see that when there is an equal number of comparisons to votes, the
two approaches perform the same. However, as discussed in Sec. 5.1, the majority-vote method is
capped at 3𝑁 tasks unless a larger number of votes are cast per item, which does not scale well.
The region for our assessment, then, is to the right of the vertical pink line, where larger values of
perception ambiguity result in the comparison method having a larger lead in accuracy to that of
the majority-vote method. This lead is accentuated as the number of comparison tasks performed
increases.

5.1.2 Rater bias. In this setup, each item has an additional binary observable representing a
discriminatory feature (e.g., racial features in the profile photo) which ideally should not be affecting
the assessment of an item. The raters may, nonetheless, take it into consideration in their assessment.
If the weight distribution associated with the binary feature has a mean of zero in the rater
population, this will simply induce a larger error in estimated ratings for the items exhibiting that
feature. On the other hand, bias is introduced to the classification if the raters are more likely to
interpret the existence of this additional feature in one direction. This happens when the weight
distribution associated with the discriminatory feature has a nonzero mean, e.g., on average seeing
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Fig. 5. 𝑓1 score difference (𝑓
comparison
1 −𝑓 majority

1 ) of the comparison andmajority-votemethods for parameters
ambiguity in perception (a), ambiguity in comparison (b), personal threshold differences between raters
(c) and percentage of spam raters (d) as the relative number of comparison tasks, that is, the number of
comparison tasks divided by the number of the majority-vote tasks, increases. A positive 𝑓1 score difference
(shown on the y-axis) indicates an advantage in using the comparison method over the majority-vote method
in terms of binary labelling accuracy with a given ratio of comparison tasks to majority-vote tasks. The x-axis
indicates the ratio of comparison tasks to majority-vote tasks, i.e. a value of 2 indicates performing twice
as many comparisons as votes, where the number of majority-vote tasks is fixed to 3 tasks (votes) per item.
The vertical line at x=1 indicates performing the same number of comparison tasks and majority-vote tasks.
Larger values of ambiguity in perception and higher variance of personal threshold, as with medium amounts
of ambiguity in comparison and spammer raters, result in a higher relative efficacy of the comparison method
compared to the majority-voting method.

a black profile picture makes raters more likely to assess the comment as toxic regardless of the
content.
To simulate this, we add to each item an additional binary 0, 1 feature with probability 0.5.

The weight associated with this feature is distributed in population as a skewed beta distribution
with parameters 𝛼 = 2 and 𝛽 = 16 translated and scaled to have support of [−1, +1], i.e. 𝜔𝑑 ∼
2𝐵𝑒𝑡𝑎(2, 16) − 1. This implies that the raters are on average more likely to associate the exhibition
of the discriminatory feature to lower ratings and therefore the negative label. The results in Fig. 6
(left panel) show that while the comparison method still reflects the bias against the discriminatory
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feature that exists among the raters, the magnitude of the exhibited bias is generally quite smaller
than in the majority-vote method.
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Fig. 6. Left: The magnitude of bias in the binary classification of items with an observable discriminatory
feature for the comparison and majority-vote methods with the same set of raters. The bias is calculated as
the mean difference between the predicted label (using either the comparison or majority-vote method) and
the true labels of all items that exhibit the biased feature. With the same group of raters, items exhibiting the
discriminated feature are less likely to be classified with the negative label using the comparison method as
compared to the majority-vote method. Right: The efficacy of the comparison method for a subjective task in a
diverse population of simulated raters with personal threshold variance of 1.0, as compared to majority-voting
method with different number of votes per item. The comparison method consistently out-performs the
majority-vote method. As the number of votes of majority voting increases, the difference becomes slightly
less substantial compared to the commonplace 3-vote majority voting.

5.1.3 Additional results. In addition to assessing the impact of subjectivity on the two methods,
we conducted additional analysis on how the methods perform when faced with spam, and when
the number of votes increases in the majority-vote method.

The effect of spam. For this analysis, we simulated the effect of spammers by having a certain
percentage of raters give random responses to the comparisons or absolute vote tasks. Our results
are presented in Fig. 5(d). Our findings here are similar to the results for ambiguity in perception,
where while the two methods perform the same when there is resource parity, the comparison
method can scale, making the relevant region for our assessment to the right of the vertical pink
line. Here, we see that the comparison method is more robust to spamming than the majority-vote.

Increasing voters per majority-vote task. It is possible to run the majority-vote method with more
than 3 votes. Fig. 6 (right panel) compares the expected 𝑓1 scores of the majority-vote method with
different numbers of votes per item, to those of the comparison method with the same number of
tasks.

Through the simulations analysed in this section, we are able to see how the comparison method
outperforms the majority-vote in the increasing presence of subjectivity, namely with diversity in
threshold and ambiguity in perception. Further, we find that while higher ambiguity in comparison
has an adverse effect on the performance of the comparison method, a moderate amount in fact
proves to be beneficial. We subsequently showed that the comparison method is more robust to
rater bias and spam when compared to the majority-vote method.
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There is nevertheless a trade-off between the accuracy of the comparison method and the number
of pairwise comparisons. We study this trade-off and how the number of required comparisons and
labelling accuracy scale with the total number of items in the following section.

5.2 Scaling behaviour
To understand the scaling behaviour of the comparison method, we can compare the labelling
accuracy of the comparison method both in simulation and in empirical observation with different
numbers of items. Take for example a set of 𝑁 items. For different numbers of comparisons
(𝑛comparisons) we plot the average positive label 𝑓1 score. If we repeat the same for different values
of 𝑁 , we arrive at a family of trajectories. These trajectories collapse on top of each other after
applying a scaling function of 𝑁 to the number of comparisons (the horizontal axis) for each curve.
This scaling function can tell us how one needs to increase the number of comparisons when
increasing the system size 𝑁 for achieving the same level of quality.
The same analysis was repeated on the experimental data described in Sec. 4.3, with the key

difference being that true ratings and labels are not available for the experimental items. Instead,
we used the Elo rating based on the full set of all 1640 performed comparisons as the comparison
baseline. Different system sizes can be simulated by selecting a subset of items with size 𝑁 , and
removing all comparisons that include items not in this subset. For each system size, positive and
negative “true” labels were assigned based on comparing the full-set rating of each item in the
subset with the subset median rating. For each system size, many random samples of comparisons
with different size 𝑛comparisons were selected, and classification labels were predicted based on Elo
ratings calculated from these comparisons. For each system size, this process is repeated many
times. Figure 7(c) shows the change in 𝑓1 score as a function of 𝑛comparisons and 𝑁 , while Fig. 7(d)
shows that the same trajectories collapse after correcting for our hypothesised 𝑂 (𝑁 log𝑁 ) scaling,
confirming the hypothesis that the number of required comparisons for the same level of labelling
quality grows log-linearly with respect to the number of items.
These results, as well as those based on the mathematical modelling presented in Sec. 5.1, lay

a road-map for using our proposed comparison method for crowdsourcing tasks intended to
measure subjective constructs. In the next section, we summarise our results and present our
recommendations for real-world implementation of our proposed method.

6 DISCUSSION AND CONCLUSION
In this paper, we proposed a comparison-based labelling approach for subjective constructs which
combines pairwise comparisons with Elo scoring. We showed through simulations that the compar-
ison method fares better against the ubiquitous majority-vote method in dealing with most types
of subjectivity, measured as reductions in misclassification error and classification bias.

Specifically, using an agent-based model of crowdsourced labelling to quantify different forms of
task subjectivity, we compared the performance of the two labelling approaches. We found that the
comparison method either is better at reducing random error (i.e. achieving higher 𝑓1 scores) when
the number of comparisons and votes are equal (i.e. under resource parity), or has more room to
improve with an increasing number of tasks whereas the majority-vote tends to become capped.
Second, we incorporated a discriminatory feature into our agent-based model to test how the two
approaches performed in bias reduction. We find a nonzero value of bias in both methods, which
demonstrates that bias reduction needs to be accomplished via other steps in the human-labelling
pipeline. However, the comparison method outperforms the majority-vote in that it does not inflate
bias in the way majority-voting does.
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Fig. 7. The number of required comparisons for achieving desired level of accuracy, as denoted by the positive
label 𝑓1 score, in a subjective binary classification task scales log-linearly𝑂 (𝑁 log𝑁 ) with the number of items
being classified with the comparison method 𝑁 . This can be verified by the scaling analysis on (b) simulations
described in Sec. 4.2 and (d) empirical analysis on real-world subjective task described in Sec. 4.3. The collapse
of the trajectories, after correcting for the hypothesised scaling function 𝑁 log𝑁 on the horizontal axis,
validates the hypothesised scaling function. The hyphenated horizontal lines in (a) and (b) denote the expected
positive label 𝑓1 score for the 3-vote majority-voting classification method. The shaded area indicates the 5-𝜎
confidence interval where 𝜎 is the standard error of mean.

6.1 Considerations when using the comparison method in real-world studies
To facilitate applied work, we conducted a set of comparison-based crowdsourcing tasks with
Twitter conversations to study how the number of comparison-based tasks scales with respect to
the number of to-be-labelled items. Based on this experiment, we arrived at an 𝑂 (𝑁 log𝑁 ) scaling
of the required random comparisons. Our results show that the previously assumed relationship
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between the number of comparison tasks and items in the literature (i.e. 𝑂 (𝑁 2)) overestimated the
resource intensity of the comparison method [4]. Instead, our observed log-linear scaling means
that comparison-based labelling is more tractable in large-scale studies than previously thought.9
In Appendix A, we provide a step-by-step guide for implementing our proposed pipeline and

also introduce our open-source reference implementation of the Elo rating system. Here, we briefly
discuss some additional considerations that concern crowdsourced labelling tasks in general.

First, regardless of which labelling method, it is important to keep in mind the representativeness
of the crowd worker sample to the desired population. Following our discussion in Sec. 2, the target
measure when working with subjective constructs is the mean population perception `\ of a given
item, which is sensitive to sampling bias. We did not address the question of sampling bias in our
study, but point to the survey sampling literature that provides instruction on how to address these
concerns [20, 21].

Second, subjectivity-induced variation aside, crowdsourced labels can vary in quality so quality
control is an important consideration. In our study we explored the effect of non-malicious spam
and otherwise random labels, which enters into our theoretical framework in the same manner
as ambiguity in perception. We show that spam mitigation for the comparison method scales
better with resources relative to the majority-vote. We also discuss spam detection methods in
Appendix A.1. We do not address how to account for crowd raters who tactically attempt to sway
the results, which we believe should be minimal for innocuous tasks where there is no internal
incentive for maliciousness. However, we recognise it is a potentially important consideration
when working with politically sensitive topics.

Related to this final point, we note that our proposed pipeline is modular, which makes it easy for
components to be customised for the specific needs of a study. For example, subsystems designed
to detect and mitigate intentionally malicious workers can be plugged into the pipeline between
the labelling and aggregation tasks in a straightforward manner.

6.2 Limitations and future work
We conclude by discussing avenues of future work that address limitations of our current study.
One main area of future exploration stem from our synthetic design and largely modular testing
framework. First, we have tested different types of subjectivity independently of each other instead
of also considering how they may interact. Measuring and testing potential interactions between
various aspects of subjectivity we delineate in our model is a difficult task and will requiring novel
study design and a broad data-gathering effort. Part of this requires future work to move toward
real-world data, which lets us assess the holistic performance of different crowdsource labelling
methods, as it is difficult to directly compare the magnitude of different types of subjectivity in a
synthetic setting.
Relatedly, by focusing on only the labelling and aggregation components, we have largely

assumed away how other important considerations in a crowdsource labelling pipeline (e.g. crowd-
worker representativeness, bias reduction, and spam and gaming mitigation) can interact with the
labelling and aggregation steps. For example, in terms of bias reduction, although we show that the
comparison method is less susceptible to discriminatory features compared to the majority-vote
method, we do not propose a solution to correct it. An active measure might be required on part
of the researcher to eliminate or account for the biases introduced by the possibly discriminatory

9This allows researchers to run small-scale pilots until the desired accuracy of results are reached, after which comparison
tasks can be scaled up to an arbitrary number of items, with the number of required comparisons growing as𝑂 (𝑁 log𝑁 )
for the same accuracy level.
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features of the items. This is an active area of research [37, 60], which we believe can be fruitfully
combined with work such as ours that focus on labelling and aggregation in crowdsourcing tasks.

Some additional extensions of our work are worth exploring. First, while we tried to include many
aspects of subjectivity in our simple mathematical model of human understanding, there may exist
other facets to subjectivity that we have not incorporated into our formalisation. For example, in
this study, we assumed unimodal distributions for weights, which recent work has expanded beyond
[3]. Second, we do not provide analytical proof of the scaling relationship 𝑂 (𝑁 log𝑁 ). Rather,
we took an empirical approach to arrive at a scaling relationship. We believe that an analytical
derivation of this scaling relationship would prove a valuable addition to this discussion. Finally,
while we worked with binary measures in this study, the comparison method and the Elo rating
system directly allow for ordinal or even interval measures. These can be used instead of the binary
label to train a regression model or to study the correlation of item ratings with time or across
groups. As such, our work likely understates the performance of the comparison method relative
to item-wise labelling which requires extended task designs to allow for nonbinary labels, and are
likely prone to higher levels of translational subjectivity. Much more work can be done in this area
to understand these potential outputs and how they perform in capturing the target subjective
construct. We hope our present work provides a useful road-map for future work.
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A APPENDIX: USING THE COMPARISON METHOD IN THE REAL-WORLD
In this paper, we discussed merits and properties of the comparison method for labelling subjective
constructs. In this section we will provide a brief summary of our recommended approach as a
step-by-step guide, as well as briefly introduce methods of dealing with spamming or inattentive
raters.
Let us assume that you have a set of items and an intended subjective construct in mind. This

approach is designed for subjective qualities where one can say A has more (or less) of this quality
than B, such as the toxicity of tweets or realisticness of an AI generated image.

Depending on the question at hand, you need a representative sample of items to be compared.
If you intend to compare relative toxicity of all English language tweets on the subject of climate
change compared to a baseline month, you need a representative sample of English climate change
tweets. Similarly, attention has to be paid on selecting the rater population, as the rating and labels
derived from this method is representative of the opinions and the viewpoint of the raters.
The next step is to run an exhaustive pilot, similar to Fig. 7(d), for a smaller subset of your

sample. For example, for gathering a larger dataset of controversial and non-controversial tweets
for training machine-learning models or to study the evolution of controversiality of climate tweets
across time, researchers might consider running a pilot experiment similar to what was described
in Sec. 4.3. Select a sub-sample of your items and perform all possible comparisons between pairs
of items. At this step you can elect to perform each possible comparison multiple times by different
raters, this also allows you to compare their answers using existing rater agreement statistics.
Plot the result of this pilot study in the same manner as Fig. 7(d). The scaling trajectory of the

pilot experiment would allow you to select the appropriate compromise between labelling accuracy
and number of items labelled, based on the budget allocated for the study. Let us say you require
that the items in your final output have a labelling accuracy, as indicated by 𝑓1 score, of at least 0.9.
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The x-axis value where the scaling trajectory intersects 𝑦 = 0.9 predicts a value for 𝑛comparisons
𝑁 log𝑁 where

𝑁 stands for the number of items and 𝑛comparisons for the number of comparisons. If your budget
allows for a certain maximum number of crowdsourcing tasks, solving for 𝑁 gives you the number
of items that you can label. For the experiment performed in Sec. 4.3, to get a 𝑓1 score of 0.8 for
1000 unique conversations for this specific task, you can expect to need close to 16000 comparisons
based on the scaling plot Fig. 7(d).
Note that the trajectory of the scaling plot is subject to the properties of the tasks at hand,

meaning that a different research question or a significantly different population of raters might
require its own specific pilot study and that task subjectivity parameters such as ambiguity in
comparison and perception can affect the number of required pairwise comparisons and the result of
the Elo system for a specific value of accuracy. As we do not propose a direct method for measuring
these properties, the most reliable approach of ensuring the efficacy of the full-scale experiment is
to determine the number of required comparisons for 𝑁 items to achieve high-quality results by
conducting pilot experiments.
After determining the number of items 𝑁 in the full-scale experiment based on the budget

and the pilot experiment results, select a sample of size 𝑁 from the items and perform random
comparisons between pairs of items. Aggregating the results through the Elo rating system gives
you a rating for each item, indicating the strength of subjective construct in that item as construed
by the average rater. This rating can be translated into binary classification labels.

For both the pilot and the main study, we recommend cycling through all comparisons in random
order for multiple epochs, until Elo ratings of each item arrives at a stable value. This can be viewed
similar to the practice of cycling through the training data multiple times when training a deep
neural network model, which here helps ease the negative effects of selecting a small value for
parameter 𝑘 of the Elo method.
If your research question depends on comparing one population of items to another, let us say

comparing toxicity of English climate change tweets to background level of toxicity of English in
each month, you can draw separate samples for each population and calculating ratings separately
for the baseline group and benchmark group. Subsequently, you can “anchor” the ratings from the
baseline group to the benchmark group by, e.g., selecting the 5 items closest to the average in each
month in the baseline group, performing comparisons using a binary-search algorithm for each of
the 5 baseline tweets against sorted benchmark tweets belonging to the same month. This would
give you an approximate ranking (and rating) for each of 5 baseline tweets among the benchmark
tweets of the same month that can be used for labelling items in the benchmark set.

A.1 Detecting spammers
While, as we showed in Sec. 5.1.3, the comparison method overall is more robust toward inattentive
raters or spammers compared to the majority-vote method, it might be necessary to have the ability
to detect flagrant instances of spamming. While research in this field is still in its preliminary stage,
we suggest multiple mitigation approaches. The most simple approach relies on the correlation
between the difference in rating𝑅𝐴−𝑅𝐵 and the selected outcome 𝑆𝐴 in every comparison performed
by one worker. We expect an attentive rater who has performed a sufficiently large number of
comparisons to show a significant positive correlation, and the absence thereof or a negative
correlation can be interpreted as a sign of possible spamming. Another approach is based on the
probability of the selected outcome for each comparison performed by one rater. Equation. (2) can
be used to calculate a probability for the selected outcome of a comparison by a rater. Consistently
selecting low-probability outcomes, as can be indicated by median selection probability, can signify
possible spamming.
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In all of the above-mentioned methods, when implementing these approaches to investigate
a specific rater, it is advisable to calculate ratings and rankings based on the contributions of all
raters except the rater being investigated.

Reliability of these approaches can be improved by having a larger set of comparisons performed
by each rater, though this comes at a cost of reducing diversity among the raters. It is also pos-
sible to perform attention-check comparisons, consisting of items known to have large rating
differences based on the pilot results. The results of these comparisons, when combined with each
rater’s comparisons can greatly bolster the previously mentioned spammer-detection approaches.
Implementation of such an approach can be akin to the one from Hettiachchi et al. [26], where
their crowdsourced kinship verification had a number of categorically verifiable kinship queries,
specifically in the form of asking whether a cartoon character looks like or is related to a human.

A.2 Elo rating system reference implementation
Our implementation of the Elo rating system is available as a Python package. This package can be
installed using the command python -m pip install -U elo-rating. The documentation as
well as the source code can be found at https://github.com/hastinarimanzadeh/elo-rating. Listing 1
displays common usage pattern as a simple code snippet.
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Listing 1. Example use-case of the Python Elo rating system implementation in aggregating comparisons.

from elo_rating import Elo

# create an elo class, denom referes to 1/(logistic growth rate),

# i.e. the number 400 in Eq. 2

e = Elo(denom=400)

# add comparisons one by one

e.add_match("p1", "p2", 1.0, k=30, default_rating=1400)

# or many at the same time

e.add_matches([("p1", "p2", 1.0), ("p2", "p1", 0.5)],

k=30, default_rating=1400)

# get a list of all seen items

e.items() # ['p1', 'p2']

# item ratings based on current comparisons

e.ratings()

# => {'p1': 1428.3358360702414, 'p2': 1371.6641639297586}

# item ratings based on current comparisons

e.rankings()

# => {'p1': 0, 'p2': 1}

e.ranking('p1') # 0

e.rating('p1') # 1428.3358360702414

# probability of win for p1 in a hypothetical match with p2

e.expected_score("p1", "p2") # 0.5353606653429002
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