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Abstract

Assessing the truthfulness of information is a critical task in fact-
checking, and is typically performed using binary or coarse ordinal
scales (2-6 levels), though fine-grained scales (e.g., 100 levels) have
also been explored. Magnitude Estimation (ME) takes this approach
further by allowing assessors to assign any value in the range
(0, +00). However, it introduces challenges, including the need for
aggregation of assessments from individuals with different interpre-
tations of the scale. Despite these, its successful applications in other
domains suggest its potential suitability for truthfulness assessment.
We conduct a crowdsourcing study by collecting assessments on
claims sourced from the PolitiFact fact-checking organization us-
ing ME. To the best of our knowledge, this is the first systematic
investigation of ME in the context of truthfulness assessment. Our
results show that while aggregation methods significantly impact
assessment quality, optimal aggregation strategies yield accuracy
and reliability comparable to traditional scales. More importantly,
ME allows capturing subtle differences in truthfulness, offering
richer insights than conventional coarse-grained scales.
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1 Introduction

Misinformation is a widespread issue that continues to intensify,
with its spread further exacerbated by social media [7]. One coun-
termeasure is fact-checking, i.e., the verification of facts [16]. Tra-
ditionally, it has been performed by expert journalists who are part
of well-known organizations [54, 64]. The fact-checking process
involves several activities, a crucial one being the assessment of
the truthfulness of the information item examined [36]. Recent
research has attempted to scale up fact-checking by outsourcing
truthfulness assessments to non-experts through crowdsourcing
approaches [1, 2, 10, 24, 25, 33, 40, 44, 46, 48, 49, 55].

A specific but important issue, on which we focus in this work,
is the scale adopted to express and represent the truthfulness of
an information item. At first sight, truthfulness assessment might
simply seem like a binary classification task, with each information
item being labeled as true or false; however, the notion of “truth”
in fact-checking is perhaps not so clear and shows several nuances
that cannot be captured by a binary scale. Indeed, whether the
task is performed by experts or by means of crowdsourcing, several
different scales have been adopted. These range from coarse-grained
(e.g., 2-3 labels) to fine-grained (e.g., up to 100 levels). Fact-checking
organizations adopt varied approaches: RMIT ABC Fact Check!
uses a three-level scale, while PolitiFact? employs six levels.

Researchers have adopted an even wider variety of approaches:
scales with 2, 3, 5, 6, and even 101 levels have been used [6, 10, 24—
26, 44, 46-49, 55]. Notice that the change from a two-level scale to
a scale with more levels implies a fundamentally different problem,
as it should be framed as an ordinal classification problem, for
which universally accepted metrics are not yet established [3, 4, 46].
Additionally, multidimensional scales have been tried [55], which
adds another level of complexity.

In the literature, there is also a peculiar scale called Magnitude
Estimation (ME), originally proposed by Stevens [57, 58]. Such a
scale involves an assessor numerically estimating the perceived
strength (magnitude) of a stimulus along a dimension of interest.
The assessor allocates arbitrary numbers, typically in the (0, +o0)
range, creating a ratio scale of perception. For instance, if a magni-
tude of 1 is assigned to one stimulus and 0.5 to another, the second
is perceived as half as strong. A magnitude of 10 for a third stimulus
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indicates it is perceived as ten times stronger than the first. The as-
sessor can always find a larger or smaller number as needed (since
zero cannot be used). The scale can be normalized by dividing all
values by the largest perceived value [22].

Despite several challenges (discussed in the next section), ME
has had many successful applications, such as collecting relevance
assessments via crowdsourcing [28, 29, 51, 61, 65], a task that shares
similarities with using crowdsourcing for truthfulness assessments.
This situation motivates the study we present here. To the best
of our knowledge, ME has not been systematically applied in this
setting, with only a preliminary study by Roitero et al. [44] ad-
dressing it. Their work, a workshop paper from 2018, provides an
initial exploration of the topic but is now outdated and has several
limitations. Specifically, they compared a 100-level scale with an
ME-based scale, collecting 800 assessments for each, but relied on
MTurk, a platform facing concerns over declining worker quality
[20]. We improve upon their experimental setup by (i) collecting
twice the number of statements and crowd assessments, (ii) recruit-
ing higher-quality workers from Prolific, a platform shown to yield
superior assessments [18, 21, 32] and widely used in truthfulness
research [24], and (iii) conducting a deeper and broader analysis of
the collected data. These improvements enable us to provide more
comprehensive and reliable findings. Specifically, we address the
following Research Questions:

RQ1 Is ME a feasible scale for collecting truthfulness assessments
in a crowdsourcing setting? Can assessments made using ME
align with expert fact-checkers’ ground truth, as measured by
a traditional coarse-grained scale?

How does ME compare to traditional coarse-grained scales?
How do ME-based assessments compare to those collected
using a traditional coarse-grained scale under the same con-
ditions?

Does ME provide more nuanced information than traditional
coarse-grained scales? Does it capture subtleties in truthful-
ness that traditional scales may overlook?

RQ2

RQ3

To address these RQs, we conduct a crowdsourcing study to col-
lect truthfulness assessments using ME, comparing them to those
obtained with a six-level scale under the very same experimental
conditions by La Barbera et al. [24]. All data, code, task configura-
tion, and supplementary materials are publicly available.®

Our contributions are threefold. First, we provide evidence sup-
porting the feasibility of using ME for collecting truthfulness assess-
ments, demonstrating through a large-scale crowdsourcing study
its practicality and robustness in this context, also when compared
to more traditional scales. Second, we show how different aggre-
gation strategies impact the quality and reliability of truthfulness
assessments, and identify the optimal techniques for leveraging
ME effectively. Third, we highlight how ME allows for a deeper
understanding of truthfulness perception by revealing patterns and
trends that are less apparent with traditional coarse-grained scales.

The remainder of this work is structured as follows: Section 2
addresses previous ME applications, focusing on crowdsourcing and
truthfulness assessment. Section 3 outlines the methodology used
to address the research questions. Section 4 presents and discusses
the results, and Section 5 concludes the paper.

3https://doi.org/10.17605/OSE.IO/YUX42
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2 Related Work

We highlight some potential issues when using ME in Section 2.1.
We then explore previous approaches that use ME in Section 2.2,
focusing on crowdsourcing. In Section 2.3, we examine studies that
collect truthfulness assessments through crowdsourcing.

2.1 Challenges in Using Magnitude Estimation

Using Magnitude Estimation (ME) for general tasks presents chal-
lenges. Assessors may find the method difficult to grasp, as it seems
unfamiliar and requires advanced mathematical understanding,
without offering clear advantages over traditional coarse-grained
scales [14]. If assessors know the magnitude of the first stimulus,
they may anchor their responses to this reference, introducing bias
[39]. This skew results in over-represented values [37]. Stevens [58]
points out that assessors interpret the scale differently, which com-
plicates comparisons and interpretations. Small changes in stimulus
intensity can also result in significant perceived differences, leading
to nonlinear response patterns.

When applying ME to truthfulness assessment, these challenges
become more pronounced. The unbounded scale lacks meaning-
fulness because truthfulness does not inherently imply stimulus
intensity. Its fine-grained nature can confuse assessors, making it
difficult to define small deviations from the truth and potentially
encouraging over-interpretation. Subjectivity, influenced by prior
knowledge or biases, leads to greater variability compared to other
domains. Ambiguity in items, opinions, or language further com-
plicates assigning precise truthfulness levels. Systematic biases,
as Soprano et al. [54] describes, exacerbate errors when assessors
favor certain sources or topics. Despite these obstacles, success-
ful uses of ME highlight its potential for truthfulness assessment,
demonstrating the importance of exploring its complexities.

2.2 Applications of Magnitude Estimation

Despite the potential issues, researchers have applied ME in various
fields. Kemp [19] studied its application in public administration
research to examine the perceived utility of government-supplied
services. Engen and McBurney [11] used it in olfactology to as-
sess the pleasantness of odors, while Rutschmann [50] investigated
the perception of anxiety and related phenomena. Another field of
application is linguistics, where it is used to collect acceptability
assessments [5]. Featherston [12] focused on estimating how sen-
tences adhered to the grammatical rules of German, while Sorace
and Keller [56] examined the degrees of acceptability of sentences.

There are also applications of ME in psychophysics; Marks [31]
and Fucci et al. [13] used it to obtain sensory matches for the
loudness of stimuli, while McDaniel et al. [34] focused specifically
on sonic booms. Another field of application is human-computer
interaction. Shinobu et al. [52] used ME to estimate the overall
usability of a target product in a quantitative way, while McGee
[35] focused on software interface usability, and Rich and McGee
[43] addressed user expectations in usability tests.

When applying ME in crowdsourcing, researchers have used
these methods to gather document relevance assessments for test
collection-based evaluations of information retrieval systems. Mad-
dalena et al. [28] conducted a preliminary study, collecting 960
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crowdsourced assessments using ME to evaluate document rele-
vance. Building on this work, Turpin et al. [61] and Maddalena
et al. [29] expanded the approach, gathering over 50,000 ME-based
relevance assessments. In their updated settings, workers first com-
pleted a warm-up task, estimating the magnitudes of three lines of
different lengths shown sequentially, before assessing the relevance
of eight documents. Additionally, Yang et al. [65] compared rele-
vance assessments gathered using three different crowdsourcing
techniques with those obtained through ME in prior studies.

Roitero et al. [45] explored the differences and effects of using
four scales for crowdsourcing relevance assessments: a two-level
scale, a four-level scale, a 101-level scale, and an ME-based scale.
They demonstrated that ME is less suitable in applications where
high agreement among workers is critical, as it tends to produce
lower agreement with expert-provided assessments compared to
more coarse-grained scales.

All studies indicate that ME-based assessments are reliable and
align consistently with categorical expert-provided assessments,
showing no notable drawbacks related to document ordering. Fur-
thermore, Maddalena et al. [29] demonstrated through a failure
analysis that discrepancies between expert and non-expert assess-
ments are not due to ME but are influenced by other factors. Notably,
only a limited number of crowdsourced assessments are required
to achieve stable results.

2.3 Crowdsourcing Truthfulness Assessments

Several researchers have recruited crowds of non-experts from
crowdsourcing platforms to assess the truthfulness of information
items, typically using a six-level coarse-grained assessment scale.

La Barbera et al. [25] collected 1,200 truthfulness assessments
for 120 information items made by public figures to examine the
impact of judgment scales and assessors’ backgrounds. Similarly,
Roitero et al. [46] used a comparable setup for 180 items. Roitero
et al. [49] gathered truthfulness assessments for COVID-19-related
items and conducted a longitudinal study [48] on the effects of
information recency and time. Draws et al. [10] used a similar
setup to explore cognitive biases, while Soprano et al. [55] assessed
truthfulness across seven dimensions. An exception is Roitero et al.
[46], who used three scales and discussed their properties in detail.
Overall, these studies suggest that the six-level scale allows crowd
workers to provide truthfulness assessments that align with expert
assessments under certain conditions.

3 Methodology

We describe the dataset (Section 3.1), the design of the crowdsourc-
ing task (Section 3.2), and the assessment collections (Section 3.3).
We then explain the scale transformations (Section 3.4), groupings
(Section 3.5), aggregation functions (Section 3.6), and the measures
used to evaluate assessment effectiveness (Section 3.7).

3.1 Dataset

We use information items from the PolitiFact organization for our
crowdsourcing task. Since 2007, PolitiFact has fact-checked claims
made by U.S. politicians, political organizations, public figures,
and on social media. With over 24,000 fact-checks available, the
website is regularly updated. Soprano et al. [54] provided a detailed
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Table 1: Sample of two PolitiFact information items.

Speaker Date Statement Ground Truth

Ted June 14, Three mass shootings were meant  Pants On Fire
Nugent 2022 to distract from Hillary Clinton
controversies.
Levar  June 16, In Virginia, Black people are eight  True
Stoney 2022 times (8X) more likely than white

people to die of gun homicide.

description of the organization’s process. Truthfulness assessments
use a six-level ordinal scale (Sg): Pants On Fire, False, Mostly False,
Half True, Mostly True, and True.

For direct comparison, we use the same information items as La
Barbera et al. [24]. Our dataset includes 120 items, evenly distributed
across the six ground truth levels, with 20 items per level. Of these,
65 items were issued by speakers or organizations affiliated with the
Republican Party, and the remaining 55 were from the Democratic
Party. Table 1 presents two sample items from the ends of the scale.

3.2 Crowdsourcing Task

The task workflow is as follows: each crowd worker is first pre-
sented with instructions that describe the task and provide a defini-
tion of ME, including an example. They are then asked to complete
a demographic questionnaire consisting of five questions to gather
background information. As part of the training, workers are asked
to estimate the length of three lines using ME, with each line pre-
sented one at a time in random order. This training, inspired by
Maddalena et al. [29], familiarizes the workers with the scale.

Once trained, workers assess eight information items, one at a
time and in random order, to minimize biases and learning effects.
The assessment interface, based on La Barbera et al. [24], follows
three distinct sequential steps. First, the workers read the statement.
Then, they search for evidence using a customized search engine.
After selecting one of the retrieved results, the workers provide
the truthfulness assessment using ME by entering a number in
the range (0,+0). Once the task is completed, the workers fill
out a questionnaire with four questions aimed at assessing their
perceived usability of ME.

Overall, we used a total of 120 information items (Section 3.1),
with each statement evaluated by 10 distinct crowd workers. Each
worker assesses the truthfulness of 8 items, two of which are de-
signed to be clearly true and false, serving as gold questions. Ad-
ditionally, we require each worker to spend at least two seconds
on the training elements and three seconds on each statement and
questionnaire to ensure data quality.

We published our task on the Prolific platform, as done by La
Barbera et al. [24], which Douglas et al. [9] have shown to yield
higher-quality data compared to other crowdsourcing platforms
like Amazon Mechanical Turk. The task ran for three weeks, with
200 work units published and 2,200 assessments collected. We set
a completion time of 20 minutes with a payment of £2.50 (approx-
imately $3.10), corresponding to an hourly rate of £7.50 (about
$9.40), based on an initial pilot test. In practice, the average task
completion time was 19 minutes (o = 11 mins, median = 15.5 mins),
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resulting in a median hourly reward of approximately £10 (about
$12.50).

We designed and conducted the crowdsourcing task using the
Crowd_Frame framework, which facilitates the deployment of
crowdsourcing experiments [53].

3.3 Assessment Collections

We consider two sets of crowdsourced assessments: 1,200 collected
using ME, referred to as MEcowd, and 1,200 collected by La Barbera
et al. [24] using the same experimental design but with a six-level
scale (S¢), referred to as S6¢ owd-

After filtering out training assessments and those provided for
gold questions from both sets, we compare them with the 120
ground truth assessments published by PolitiFact, denoted as GT.
Both S6¢,owd and GT use the labels Pants On Fire, False, Mostly
False, Half True, Mostly True, and True.

3.4 Normalization

We normalize and group the assessments to compare the two scales,
ME and S, as outlined by Roitero et al. [45, 46]. Normalization
standardizes the scales used by different individuals [37]. While
various strategies exist, geometric averaging is often recommended,
as noted by Gescheider [15], Moskowitz [37], and McGee [35]. This
method has also been used for relevance assessments by Maddalena
et al. [29]. The assumption is that ME assessments are log-normally
distributed. However, to align the assessments in MEcqwq With
the S¢ range of [0,5], we adopt a simpler normalization approach
that preserves the ratio information.

We then consider the lowest and highest assessments provided
by the worker for the information items in each work unit. These as-
sessments define the virtual lower and upper bounds of the relative
scale [45]. Next, we apply a min-max transformation to adjust the
assessments in MEcqwd to the S¢ range. Let A,, represent the set
of assessments provided by worker w for the information items in

their assigned work unit. For an individual assessment o € A,,, the

a—min(A,,) .5
max(A,,)—min(A4,,)
where min(A,,) and max(A,,) are the minimum and maximum
values in A,,. This normalization scales the assessments to a range

of 0 to 5.

normalized assessment is defined as aporm =

3.5 Groupings

In certain analyses, it is beneficial to look at the assessments by
grouping the original ground truth scale levels into fewer categories,
as described by Soprano et al. [55] and Roitero et al. [48].

To further compare Sg and ME, we thus perform two groupings
based on the ground truth levels (GT). The original ground truth
with six levels is denoted as GTg. In the first grouping, we combine
the first three levels of the ground truth (Pants On Fire, False,
Mostly False) into a single level, while the last three levels (Half
True, Mostly True, True) form another. We assume that the labels
from both initial scales are evenly distributed, making the midpoint
a suitable dividing threshold. This resulting group is denoted as
GT,. In the second grouping, we combine Pants On Fire with False,
Mostly False with Half True, and Mostly True with True, referring
to this group as GT3.
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More specifically, the original ground truth with six levels, de-
noted as GTg, comprises six categorical ordinal truthfulness labels
that map to the numeric values {0, 1, 2, 3,4, 5} in ascending order of
truthfulness. In GTy, these labels are grouped into {0, 1, 2}, while
in GT3, they are grouped into {0, 1}.

3.6 Aggregation Functions

We aggregate individual ME assessments for each information item
into a single value, a common practice in crowdsourcing. Specifi-
cally, we combine the truthfulness assessments from multiple work-
ers into a single representative score. This aggregation allows us
to summarize the collective assessment, providing a more reliable
and robust measure of the information item’s truthfulness. By ap-
plying different aggregation techniques, we ensure the resulting
score reflects a balanced consensus while accounting for individual
variability. As done by Maddalena et al. [29], we compare various
aggregation functions to identify the most effective: the geometric
mean (gmean), the arithmetic mean (mean), the weighted mean
(wmean, with specific weights discussed in Section 3.7), and the
median.

The arithmetic mean has shown the best results in studies on
ME-based relevance assessments [45] and on truthfulness assess-
ments using a six-level scale [46]. In the context of truthfulness
assessment, La Barbera et al. [24] applied all of these aggregation
functions (but not on ME data). As discussed later, while the gmean
is theoretically appropriate for ME scales [37], it, along with the
median, performs worse than other aggregation functions due to
its inability to effectively handle normalized truthfulness values of
0. In contrast, the wmean emerges as the most effective aggregation
function for our data, achieving the highest scores across all the
measures we consider, except for one (Section 4.2). Although no
single aggregation rule is universally optimal, the weighted mean
is a suitable choice for real-world assessments because it reflects
internal agreement and produces robust, stable aggregates.

3.7 Measures

To evaluate the effectiveness of the truthfulness assessment activity,
we employ the same set of measures defined by La Barbera et al.
[24]. For a detailed discussion, see their Section 4.4. In brief, we
address an ordinal classification problem that differs from simple
classification, since misclassifications vary in severity, and regres-
sion, since categories are not equidistant. For example, assigning a
score of 2 when the ground truth is 1 is less severe than assigning
a score of 5. As Amigd et al. [3, 4] highlight, no standard mea-
sures exist for such a case; therefore, we rely on a combination of
three types of measures: accuracy, agreement, and error values. We
compute each measure in two versions:

- Individual: We calculate the measure for the 6 non-gold items
that each worker assesses in their work unit.

- Aggregated: We determine the measure (excluding Internal
agreement) from the aggregated assessments of 120 non-gold
items, producing a single score for each measure.

To evaluate accuracy, we compare the crowdsourced assessments
with the experts’ ground truth. Since we group the ground truth
into fewer levels, we calculate accuracy for the original six levels
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(GTs), the grouped three levels (GT3), and the grouped two lev-
els (GT,). We denote the resulting accuracy scores as Accuracyy,
Accuracys, and Accuracy,, respectively, with Accuracy represent-
ing the general case. These accuracy scores are computed for each
set of crowdsourced assessments we analyze, MEc owd and S6¢rowd-
By reporting effectiveness on a binary categorization problem,
we aim to facilitate comparisons with other state-of-the-art ap-
proaches [46].

We also compute external agreement (External) to measure the
alignment between workers’ assessments and expert labels. The
assumption is that if the crowd’s assessments align well with expert
labels, the effectiveness of the assessments is high. Additionally, we
consider internal agreement (Internal) among workers. This score
is computed exclusively from the assessments provided by workers,
without considering those of experts. Here, the assumption is that
higher internal agreement reflects higher effectiveness. For both
internal and external agreement, we use the « reliability coefficient
by Krippendorff [23]. The Internal agreement scores also serve as
weights in the wmean aggregation function (see Section 3.6).

We also compute pairwise agreement (Pairwise), as defined by
Maddalena et al. [30]. This measure represents the number of cases
where workers agree, divided by the total number of observations.
Intuitively, it quantifies the fraction of pairs in agreement between
a “ground truth” scale and a “crowd” scale [46]. Specifically, a pair
of truthfulness assessments is considered in agreement if one as-
sessment is lower than the other and its ground truth is also lower.
Similar to the accuracy calculation, we compute pairwise agree-
ment for each grouping of the ground truth, denoting each measure
as Pairwiseg, Pairwises, and Pairwisey (or Pairwise in general).

Finally, we compute the mean squared error (MSE) to quan-
tify the variance between workers’ assessments and the ground
truth, providing a numerical measure of accuracy. Additionally,
we consider the mean absolute error (MAE) and square error (SE).
While MAE is robust, easy to interpret, and preserves the unit of
measurement, MSE is sensitive to outliers, penalizing larger errors
more heavily and resulting in values that are less interpretable.
This sensitivity allows MSE to potentially capture different signals
than MAE.

4 Results

We present descriptive statistics about the crowd workers and the
collected data (Section 4.1). We then study the alignment of ME-
based assessments with expert ones (RQ1), compare ME with tra-
ditional coarse-grained scales (RQ2), and investigate whether ME
reveals additional insights missed by traditional scales (RQ3).

4.1 Descriptive Statistics

We begin by presenting the demographic characteristics of the
workers who completed our task, along with data on the number
who completed, failed, or abandoned it.

From the questionnaire responses, we derived the following de-
mographic statistics: the most frequent age range is 36-50 (37.5%,
75/200). Regarding education, 39.5% (79/200) hold a four-year col-
lege degree or higher. In terms of family income before taxes last
year, 21.5% (43/200) earned between $50,000 and $75,000. On po-
litical views, 34% (68/200) identify as liberal, while 48.5% (97/200)
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identify as Democrats. The Prolific platform provides additional
demographic data with worker consent. The majority of work-
ers identify as male (53%, 106/200) and as white (53%, 106/200).
All workers are based in the USA, with most born there (79.5%,
159/200), and all hold full citizenship. English is the first language
for 89.5% (179/200) of workers. Additionally, most workers are not
students (67%, 134/200), and roughly half are employed full-time
(50.5%, 101/200). Overall, our sample is well-balanced demographi-
cally, consistent with previous studies summarized in Section 2.3,
including those by Roitero et al. [46] and La Barbera et al. [24].

Out of 332 workers who participated in the task, 200 (60.24%) suc-
cessfully completed the published work units. Of the remaining 132
workers (39.76%), 103 (78.03%) abandoned the task during their first
or subsequent attempts, while 29 (21.97%) failed without retrying. A
small number of workers (9, 6.82%) who completed the work units
also failed the training task, with 2 failing twice and the others once.
The overall abandonment rate, defined by Han et al. [17], aligns
with those reported in previous studies [10, 24, 25, 46, 48, 49, 55],
as do the demographic characteristics.

4.2 ROQ1: Alignment of ME with Ground Truth

We begin by investigating the distributions of the 1,200 assessments
collected using ME, denoted as ME¢ qwd. The frequency distribu-
tion of individual assessments is shown in Figure 1 (first two plots).
ME scores generally follow a log-normal distribution [37], as demon-
strated by Maddalena et al. [29] and Roitero et al. [44]. However,
the MEcowd assessments deviate from this pattern, as indicated by
the D’Agostino-Pearson normality test (p > 0.05) [8, 62, 63].

When analyzing the distribution and usage patterns of MEc owd>
we observe that 15.25% of the individual truthfulness assessments
fall within the decimal range (0, 1), while the majority (84.06%) fall
within the range [1, 100]. Among workers, 39% use at least one value
in the (0, 1) range, while 59.5% provide all their assessments using
only values in the [1, 100] range. Another characteristic of ME is the
rounding bias, where assessors tend to favor round numbers when
making estimates [37]. For MEc owd. 33.06% of the assessments are
multiples of 5. This indicates a tendency toward round numbers,
consistent with the findings of Roitero et al. [45].

Before commenting on the last two plots of Figure 1, we first
discuss the aggregation of individual assessments. Table 2 compares
the performance of different aggregation functions with respect to
each measure, excluding Internal. As shown, and as anticipated in
Section 3.6, wmean achieves the best scores for all measures except
External, where median performs better. Consequently, we will
primarily report results using wmean as the aggregation function.
The Internal metric is not aggregated; instead, it is used to compute
the weights for wmean by normalizing scores into the [0, 1] range.
This gives more weight to workers who agree more with others
when assessing the same information items, a common technique
in crowdsourcing [27].

After discussing the aggregation methods, we return to the last
two plots in Figure 1, which show the distributions of normalized
individual truthfulness assessments and aggregated assessments.
As shown, aggregating the assessments results in a distribution
that more closely resembles a bell-shaped curve, and unlike the
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individual assessments. Third plot: individual normalized assessments. Fourth plot: aggregated normalized assessments.

Table 2: Comparison of aggregation functions across effectiveness measures.

Accuracy,  Accuracy;  Accuracyg External Pairwisez  Pairwises  Pairwiseg MAE MSE
wmean  0.80 0.60 0.32 0.63 0.89 0.83 0.79 0.97 1.59
median  0.73 0.59 0.28 0.67 0.87 0.82 0.78 1.02 1.73
mean 0.75 0.57 0.29 0.53 0.86 0.82 0.77 1.07 1.78
gmean 0.57 0.41 0.21 -0.15 0.26 0.25 0.24 2.10 7.06

individual assessments, it is normally distributed (p < 0.05). This
supports common findings highlighted in previous studies [44, 45].

We now discuss the alignment of the aggregated MEcowd as-
sessments with the ground truth (GT) and compare them with
S6crowd- Figure 2 shows how each statement corresponds with
the ground truth, along with a breakdown for each ground truth
value. The x-axis represents the ground truth values, and the y-axis
shows the aggregated truthfulness values. Each circle represents a
statement, while each triangle indicates the mean value. The blue
color represents ME, and the gray color represents S¢. The left plot
corresponds to the GTg grouping, the center plot to GT3, and the
right plot to GT.

We begin with ME (blue). The aggregated assessments align
with the ground truth: the boxplots show median values consistent
with expert assessments, rising with the truthfulness level. For GT»,
grouping the ground truth into two levels, the accuracy is 0.80,
allowing comparison with automatic truthfulness systems. Thorne
et al. [59] reported 0.50, Popat et al. [41] reported 0.56, Nakashole
and Mitchell [38] achieved 0.78, and Potthast et al. [42] reported 0.75.
Our accuracy is comparable to or better than these systems, which
show significant variation across datasets. The result obtained using
ME is also comparable to the accuracy of Sg (gray), which is 0.82.

Focusing on the ME-S¢ comparison, the trends show that both
achieve similar effectiveness. Starting with the GTg grouping, ME
performs better for Pants On Fire, False, and Mostly False, with
lower aggregated truthfulness values closer to the ground truth false
level. In contrast, S¢ outperforms ME for Half True, Mostly True,
and True, showing narrower boxplots and more distant medians.
Similar trends are observed for GT3 and GT,, with statistically
significant differences. For GTyg, the statistically significant levels
are False and Mostly False. For GT3, these levels are Pants On Fire
and False, while for GTy, they are Pants On Fire, False, and Mostly
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False. Given the similar effectiveness of the two scales, we confirm
the reliability of the collected assessments.

4.3 RQ2: Comparing ME with Traditional Scales

After studying the alignment of MEc,gwd With the ground truth
(GT), we compare it with S6¢owd, With the goal to assess whether
ME leads to assessments of comparable quality to those from tradi-
tional scales. We compare ME and S¢ through the 95% confidence
intervals of the mean truthfulness values for each grouping, using
Tukey’s test. Figure 3 shows the results. For both ME and Se, all
level pairs are significantly different in the GT3 and GT, groupings.

When considering GTg directly, without grouping, the two scales
show slight differences. For ME, Pants On Fire, False, and Mostly
False (false levels) are not significantly different from each other,
and the same applies to Half True, Mostly True, and True (true
levels). However, all false levels differ significantly from all true
levels. For S, Half True is statistically distinct from Mostly True and
True, but not from Mostly False. In other words, ME differentiates
false levels from Half True, while S¢ distinguishes Half True from
the other true levels. While GTg effectively separates true from
false information for ME, finer distinctions between adjacent levels
are less apparent. Overall, the scales behave similarly, except for
Half True.

We further compare ME and Sg by computing the measures
defined in Section 3.7. Table 3 shows the mean individual and
aggregated scores. We assess statistical significance for each pair
of scores, using a t-test for individual scores, a t-test for MAE and
MSE, a binomial test for Accuracy, and a z-test for proportions for
Pairwise. However, no tests are available to measure significance
between Krippendorff’s a scores for Internal and External.

When considering Accuracy, individual scores are slightly higher
for S¢ than for ME, with statistically significant differences only
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for Accuracys and Accuracy,. Similar patterns are observed for
MAE and MSE, where lower values indicate smaller error. For Pair-
wise, scores increase gradually across ground truth transformations,
except for Pairwisez, which is slightly higher for ME. Regarding
agreement, both scales show similar levels of expert agreement
(External). However, Internal is statistically higher for S¢ than for
ME. Comparing Krippendorff’s & scores between ordinal (S¢) and
ratio (ME) scales may not be straightforward [45].

In summary, individual scores are higher for S¢ in Accuracy,,
Accuracys, Accuracyy, MAE, MSE, External, and Internal, while for
ME, they are higher in Pairwisey, Pairwises, and Pairwiseg, with
many of these differences being statistically significant. However,
when aggregating scores, all measures increase compared to individ-
ual ones, and the differences are no longer statistically significant,
suggesting comparable effectiveness between scales.
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Table 3: Mean individual (left) and aggregated (right) effec-
tiveness scores for S6cowd and MEc,owd 2ssessments. T in-
dicates a significant difference between S and ME (p < 0.05);

¥ indicates p < 0.01; * indicates tests not possible.

Individual Aggregated
Measure Se ME Se6 ME
Accuracy, 0.65 0.63 0.83 0.80
Accuracys 0.51 0.46" 0.60 0.60
Accuracyy 0.29 0.24% 0.37 0.32
MAE 1.35 1.66% 0.97 0.97
MSE 3.45 4.83% 1.48 1.59
Pairwise; 0.61 0.63 0.89 0.89
Pairwises 0.58 0.61 0.85 0.83%
Pairwiseg 0.56 0.58 0.81 0.79%
External 0.39 0.34 0.61 0.63*
Internal 0.29 0.15% 0.22 0.10*

We now further investigate specific measures starting with Ex-
ternal agreement. Figure 4 (first row) shows aggregated External
agreement scores computed for each ground truth level and group-
ing. For the GT¢ grouping (top left plot), ME shows higher scores at
each level, except for Half True. For the GT3 grouping (top middle
plot), ME shows higher scores for the first two levels, while S
shows higher scores for the true level. GT; grouping (top right plot)
follows a similar trend.

We also perform bootstrapping (with 100 repetitions) using Ex-
ternal scores. Figure 5 shows the distribution of aggregated External
scores using 1 < n < 10 assessments for each statement. Each dot
represents a bootstrapped sample for which we compute the Exter-
nal score. Blue represents ME, while gray represents S¢. We use the
t-test to compare differences between ME and S¢. For 1 < n < 3
assessments, the External agreement computed for Sg is statistically
significantly higher than that for ME, indicating that S¢ provides
better effectiveness when collecting this number of assessments.
However, no statistically significant differences emerge between
the scales for higher numbers of assessments. For both ME and Sg,
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Figure 5: Bootstrapped External agreement scores with in-
creasing assessments for ME (blue) and S¢ (gray).

increasing the number of assessments collected for each statement
from n = 7 to n = 10 does not lead to a significant improvement
in External. Thus, when using either ME or Sg as an assessment
scale, the number of assessments per statement can be reduced to 7
without compromising effectiveness, thereby decreasing the overall
cost of the activity.

We now examine AE. Figure 4 (second row) shows the AE values
for each statement’s aggregated score, computed for each ground
truth level and grouping. The x-axis represents the ground truth
values, and the y-axis shows the aggregated AE values, with each
circle representing a statement. For the GTg grouping (bottom left
plot), we observe that S¢ exhibits higher error than ME for false
ground truth levels, while ME shows higher error than Sg for true
levels. This pattern is consistent across GT3 (bottom middle plot)
and GT, (bottom right plot). Additionally, errors at the ends of the
scales are larger than those at the center, which is expected due to
the scale. Despite these differences, the AE values for each ground
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truth level across all groupings are not statistically significant, as
shown by the CCDF of aggregated AE values (right plot). This
indicates that the errors made by workers are similar for both
scales, thus suggesting that the choice of scale does not influence
the errors. A similar trend is observed with square errors.

We further investigate AE and SE for each scale by comparing
the 95% confidence intervals of their mean values using Tukey’s
test (similar to Figure 3). For S¢, we observe statistically significant
differences, as false ground truth levels exhibit higher errors than
true ones. In contrast, for ME, no statistical significance is found.

In summary, when comparing ME with traditional scales such
as Sg, there is no compelling reason to discard ME. The analysis
of MEcowd and Sg indicates that, overall, the two scales perform
slightly differently, but the effectiveness of ME is comparable. Fur-
thermore, the errors made by workers when assessing against the
ground truth do not depend on the adopted scale, and both scales
show similar degradation when fewer assessments are collected.

4.4 ROQ3: ME Provides Additional Information

The results described in Sections 4.2 and 4.3 indicate that workers
effectively use ME to provide truthfulness assessments. We now
investigate how the truthfulness of information items is perceived
at a finer level compared to traditional coarse-grained scales. We
begin by investigating the gain profiles [45], which describe the
perceived distances between truthfulness levels when comparing
two assessment collections. Figure 6 shows the distributions of
individual assessments for both the S¢ and ME scales, broken down
by each ground truth value. For ME, we normalize the values. The
black horizontal lines represent the aggregated scores: on the left,
we aggregate using mean, and on the right, using median. The gray
dashed lines connect the aggregated scores at the ends of the scales,
representing a linear function, while the orange solid lines connect
the aggregated scores for each level.
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While it is reasonable to assume that workers perceive the six
ground truth levels as equidistant, our assessments suggest other-
wise. Workers do not perceive significant differences in truthfulness
between information items evaluated at different levels by experts,
such as Pants On Fire, False, and Mostly False, nor between Mostly
True and True. This perception is stronger and more consistent with
ME than with Sg, as the median aggregation function in Sg limits
detailed analysis. The median values can only reflect those of the
scale, as illustrated in the top-right plot of the figure. Consequently,
Se provides inconsistent signals depending on whether the median
or mean is used for aggregation, making it inconclusive regarding
the perception of distances between truthfulness levels. In contrast,
ME consistently reflects the same perception, regardless of whether
the median or mean is employed. When we consider the orange
lines, each one, except for the S¢ mean (top left plot), resembles
a sigmoid function centered at Half True, with lower and higher
truthfulness levels perceived as more distinct.

In light of these results, we suggest an alternative approach to
grouping GTg in contrast to previous studies, such as those by Roi-
tero et al. [46] and La Barbera et al. [24]. Instead of combining GTg
into GT3, we propose a new GT3 grouping that isolates Half True:
Pants On Fire, False, and Mostly False; Half True; and Mostly True
and True. We apply this updated GT3 grouping and compare the
95% confidence intervals of mean truthfulness assessments for each
level of the standard GT3 with the updated version, using Tukey’s
test [60] for both ME and S¢ (similar to Figure 3). Although all levels
of both versions of GTj are statistically significantly different from
each other, the middle level, namely Mostly False + Half True and
Half True, more distinctly separates adjacent levels in the updated
version of GTj3. This revised version of GT3 therefore leads to a
trend that is closer to the commonly assumed linear one.
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We turn to the correlation between the assessment collections.
Figure 7 (left plot) shows the correlation between aggregated as-
sessments of MEc,owd and S6¢owd, Where each dot represents an
individual statement, with red indicating false ground truth lev-
els and green indicating true ones. A clear trend appears, with
Pearson’s p at 0.70 and Kendall’s 7 at 0.52. Similar correlations are
observed for AE (top right plot) and SE (bottom right plot), with
p = 0.53 and 7 = 0.31 for AE, and p = 0.51 and 7 = 0.31 for SE.
These results suggest that although S¢ and ME perform similarly,
the information items assessed correctly and not differ between
the two scales. This is further supported by the Pairwise agree-
ment between MEc,owd and S6¢rowd, Which is 0.75, indicating that
the assessments agree on the ordering of two information items.
These results imply that the two assessment collections provide
complementary information and can be effectively combined.

5 Conclusions and Future Work

We presented the first systematic crowdsourcing study collecting
truthfulness assessments using magnitude estimation (ME). Our
findings show that ME aligns with expert fact-checkers (RQ1), per-
forms comparably to traditional coarse-grained scales (RQ2), and
captures more nuanced perceptions of truthfulness (RQ3).

In sum, ME emerges as a valuable alternative for truthfulness
assessment, enhancing granularity and offering deeper insight into
how information is perceived. As future work, we plan to analyze
the assessments and the associated usability evaluations, investigate
whether demographic and questionnaire data can improve aggre-
gation, further explore ME’s complementarity with other scales,
and benchmark it against state-of-the-art automated fact-checking
systems.
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