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CrowdRMLE: An Efficient Approach to Analyze Crowdsourcing

Datasets in Image and Video Quality Assessment

Lohic Fotio Tiotsop, Member, IEEE, Antonio Servetti, Member, IEEE, Enrico Masala, Senior Member, IEEE

Abstract—In image and video quality assessment, standardized
approaches to analyze subjectively annotated datasets typically
consider subject bias and inconsistency. While effective, these
methods fail to capture the full complexity of how subjects inter-
pret and use each opinion score on the quality scale. A recently
proposed method, Regularized Maximum Likelihood Estimation
(RMLE), partially overcomes this limitation by examining how
a subject interacts with each opinion score. However, RMLE’s
high computational cost makes it computationally impractical for
large-scale datasets, such as those derived from crowdsourcing
experiments. This computational burden stems from solving a
nonlinear optimization problem whose complexity grows with
the dataset size. In this paper we propose CrowdRMLE, which
formulates a different optimization problem and derives an
analytical solution, thereby significantly reducing computational
cost. Numerical experiments show that CrowdRMLE is not only
far more efficient than RMLE but is also more accurate and
robust to noise. Using CrowdRMLE we analyze multiple datasets,
providing important insights into aspects that need improvement
in the design of future methodologies for crowdsourcing tests for
image and video quality assessment.

Index Terms—Image and Video Quality Assessment, Crowd-
sourcing, Subjective Tests, Subject Inconsistency, Scale Quanti-
zation, Users’ Quality-of-Experience.

I. INTRODUCTION

Accurately measuring the subjectively perceived quality of
image and video content is a topic of significant interest, as
it contributes to the determination of the end users’ overall
satisfaction and engagement [1]. Numerous approaches have
been proposed in the literature to collect opinion scores
from end users [2]. Among these, crowdsourcing has become
increasingly popular due to its ability to involve a large number
of participants at a relatively low cost [3]-[6]. However,
crowdsourcing introduces significant challenges since subjects
perform the assessment in a poorly controlled environment,
where potential distractions, varying viewing conditions, lack
of supervision, misunderstanding of the task, and other ex-
ternal factors may affect both their perception of the stimuli
and their use of the quality scale, introducing noise into the
gathered data [7].

A substantial body of research has focused on improving the
reliability of subjective datasets by modeling and mitigating
scorer inaccuracies. In subjective quality assessment experi-
ments, the collected ratings are affected by both unstructured
and structured sources of noise. Unstructured noise arises
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from random rating events that are not driven by a coherent
perceptual tendency, such as accidental clicks, momentary
inattention, misunderstanding of the task, or software glitches.
Since these perturbations are essentially random, they should
ideally be mitigated when estimating the underlying perceptual
quality of a stimulus.

In contrast, structured noise originates from systematic
scoring behaviors exhibited by subsets of subjects. Examples
include persistent positive or negative scoring tendencies,
central scoring, or preferential use of extreme ratings. Unlike
unstructured noise, these behaviors generate coherent and
repeatable deviations from the rating patterns observed in the
majority of subjects. While such behaviors may appear as
noise when aggregating scores across subjects, they reflect
structured scoring strategies rather than purely random errors.
Therefore, besides mitigating unstructured noise, it is also im-
portant to identify and characterize these systematic behaviors
when estimating the true perceptual distribution of opinion
scores.

Most existing approaches focus on estimating and correcting
the scorers’ bias (systematic tendency to over- or underscore
quality) and inconsistency (erratic or unreliable scoring behav-
ior) [8]-[11]. While effective in many scenarios, these models
primarily operate at the aggregate score level and do not
explicitly characterize how participants interact with individual
rating levels of the quality scale. As a result, structured scoring
behaviors related to scale usage remain largely unexplored.

One important source of structured noise is the way subjects
interact with the discrete quality scale. In this work, we refer
to such behavior as scale quantization, defined as a subject’s
systematic tendency to overuse or underuse specific rating lev-
els of the quality scale. Notably, scale quantization can occur
without inducing a significant global bias or inconsistency,
yet it alters the empirical distribution of the collected opinion
scores and may reduce the discriminatory power of subjective
experiments.

This paper addresses two fundamental and interrelated ques-
tions in subjective image and video quality assessment: i) How
can we accurately estimate the true perceptual distribution of
opinion scores for a given stimulus from a collected set of
ratings that is affected by noise? ii) How can we explicitly
model subject-specific scale quantization behavior in order to
distinguish unstructured noise from structured scoring devia-
tions when estimating the true distribution of opinion scores?
These two problems were jointly investigated for the first time
in [12], where the authors proposed the Regularized Maximum
Likelihood Estimation (RMLE) framework. RMLE introduced
a mechanism to capture rating-level preferences of raters
while estimating the underlying perceptual distribution. In



particular, the framework simultaneously mitigates the effect
of unstructured noise and models structured scoring behavior
through subject-dependent parameters. However, RMLE is
based on a large nonlinear optimization problem that is solved
numerically, resulting in a computational burden that restricts
its use to small-scale datasets.

To overcome this limitation, we propose CrowdRMLE, a
computationally efficient framework based on a regularized
likelihood formulation that admits a closed-form analytical
solution. CrowdRMLE preserves the ability to model scale
quantization while substantially reducing computational com-
plexity, making it suitable for large-scale subjective datasets,
particularly those collected via crowdsourcing. Although scale
quantization effects are often more pronounced in crowd-
sourcing settings due to scorers’ heterogeneity, note that the
CrowdRMLE formulation is general and can be applied to
both crowdsourcing and controlled laboratory experiments.

The main contributions of this paper can be summarized as
follows:

1) We introduce CrowdRMLE, an efficient framework to
estimate the true perceptual distribution of opinion
scores for a given stimulus.

2) We define and compute the Scale Quantization Weights
(SQWs) and the Scale Quantization Index (SQI) to
model subject-level scale quantization behavior.

Extensive numerical experiments show that CrowdRMLE
is very fast and achieves higher robustness to noise and
superior accuracy in subjective quality estimation across both
laboratory-controlled and large-scale crowdsourcing settings.
Moreover, these experiments also highlight the usefulness of
the proposed SQI and SQWs to identify and characterize
peculiar subjects’ scoring behaviors in subjective experiments.

The rest of the paper is organized as follows. Section II
reviews the related work, Section III introduces CrowdRMLE
and its analytical solution, Section IV evaluates its efficiency,
accuracy, and robustness to noise. In Section V multiple
datasets are analyzed with CrowdRMLE, and Section VI
concludes the paper.

II. RELATED WORK

Subject opinion scores are fundamental for advancing the
research on multimedia signal processing. They intervene in
several applications, including the comparison of multimedia
processing systems [13], [14], the training and benchmarking
of the performance of objective media quality measures [15]-
[20] and the training of models to predict individual perception
of media quality [21]-[25].

Collecting opinion scores in media quality assessment us-
ing the crowdsourcing paradigm is becoming increasingly
widespread [26]-[28]. While crowdsourcing settings offer a
huge advantage in terms of the quantity of data collected,
diversity of the population, and overall cost, the uncontrolled
experiment conditions put doubts on the trustworthiness of the
collected data [7].

It is, therefore, fundamental to develop approaches that
can identify and potentially remove scorers who provided

inaccurate ratings or at least mitigate the impact of their noisy
ratings on the estimation of the subjective quality. Existing
approaches to address this issue can be divided into two main
classes.

The first class includes methods that monitor subjects’
accuracy directly during the test. These approaches often
require subjects to answer a questionnaire designed to evaluate
whether they are actually focusing on the rating task or they
are just cheating [7], [29], [30]. Another interesting approach
to identify peculiar raters involves measuring the average time
spent on each stimulus [7].

The second class of approaches focuses on post-test process-
ing, when the collected data are analyzed to identify peculiar
behaviors. This paper belongs to this class of approaches.

Early post-test analysis methods focused only on identifying
subsets of peculiar annotators to exclude all their ratings from
the dataset. One of the first algorithms to implement this
subject exclusion idea is described in the ITU-R BT.500 [8]. It
recommends to exclude a subject based on the position of their
opinion scores with respect to the 95% confidence interval of
the Mean Opinion Score (MOS). The authors of [9] introduced
CrowdMOS, that suggests to exclude subjects whose ratings
poorly correlate to the MOS. In [10], an approach based on
a chi-square statistical test was proposed to identify subjects
that scored stimuli randomly so that they can be excluded.
Finally, in [31] the fraction of triplets of stimuli for which a
subject respected the transitivity property (if stimulus A has
lower quality than B, and B has lower quality than C, then
A has lower quality than C) was used to decide whether to
exclude or retain the subject.

All these subject exclusion algorithms suffer from two major
drawbacks: i) Excluding all the opinion scores of a subject
may discard some reliable ratings, since, some subjects might
score the quality accurately at the beginning of the test, but
then start cheating in order to conclude the experiment as soon
as possible. ii) Algorithms recommending subject exclusion
often rely on thresholds whose values are based on empirical
rather than theoretical evidence.

Additionally, the authors of [7] observed that subject-
screening algorithms alone are insufficient to accurately re-
move noise from crowdsourcing datasets, concluding that
alternative approaches are needed.

In response, recent literature has focused on statistical
models that avoid subject exclusion altogether. These models
instead use the entire dataset to derive a noiseless estimate
of quality while simultaneously estimating parameters that
inform how peculiar each subject is. For instance, the authors
of [32] proposed a non-parametric statistical approach to
measure the reliability of each individual opinion score. Scores
can then be weighted based on their reliability to produce a
noiseless quality estimate, while the average reliability of the
scores of a subject provides a measure of how peculiar the
subject is. Similarly, the authors of [33] proposed a statistical
model that assumes a subject gives accurate opinion scores
with probability 1 — e, while providing inaccurate scores with
probability € due to contextual factors or distractions. Lower
values of e indicate greater reliability, and an approach to
estimate € for each subject was presented.



These methods, which assess subject reliability and estimate
quality without excluding subjects, have shown promising
results. However, they lack interpretability. For instance, when
a subject’s estimated € value is high, the model in [33]
does not explain why the subject is unreliable. Similarly, the
reliability measure in [32] provides no insight into the causes
of unreliability.

An approach that combines theoretical rigor with inter-
pretability involves modeling subjects using the concepts of
bias and inconsistency. These characteristics have been exten-
sively studied in recent years [11], [34]-[36]. In fact, the most
recent algorithm recommended for subjective quality recovery
relies on bias and inconsistency modeling as per clause 13.6
of ITU-T P910 [37].

The possibility to easily interpret models based on bias
and inconsistency allowed the research community to advance
significantly. For example, the authors of [38] used simulations
guided by bias and inconsistency to propose a measure of
the overall quality of crowdsourcing datasets. In [39] it was
shown how models based on bias and inconsistency can be
used to improve the discriminatory power of a subjectively
annotated dataset, while [40] used them in simulations to study
the suitability of deep neural networks to model individual
scoring behaviors.

Despite their usefulness and interpretability, bias and incon-
sistency do not capture all types of particularities in scoring
behavior. For example, the work in [12] demonstrated through
simulation that a bimodal subject, i.e., someone who genuinely
scores the quality of the stimuli but overuses “Poor” when
dissatisfied and ”Good” when satisfied, is neither biased nor
inconsistent. Thus, models based solely on bias and inconsis-
tency fail to account for certain unbalanced uses of the quality
scale.

To address this limitation, [12] proposed RMLE, an ap-
proach that computes not only a subject’s bias and inconsis-
tency but also a system of weights to determine whether the
subject misused the quality scale. This additional information
makes RMLE particularly suitable for analyzing crowdsourc-
ing data, which is collected in uncontrolled environments with
people from diverse cultures and backgrounds, that interpret
scale items differently [41].

However, directly applying RMLE to crowdsourcing
datasets is impractical due to its high computational demands.
In the original RMLE paper, its effectiveness was demon-
strated only on small datasets with no more than 160 stimuli
and 26 subjects. In contrast, crowdsourcing datasets often
exceed these dimensions by orders of magnitude, making
RMLE unsuitable for such applications.

This paper proposes a different optimization problem than
the one underlying RMLE. We prove that the newly proposed
formulation admits an analytical solution that can be directly
calculated, eliminating the need for intensive numerical opti-
mization. This approach yields CrowdRMLE, which is shown
to be more efficient, accurate, and robust to noise than RMLE
and also highly scalable.

III. THE PROPOSED APPROACH: CROWDRMLE

In this section we introduce the optimization problem un-
derlying CrowdRMLE and derive the analytical expression
of its optimal solution. We then use the derived solution to
define the Scale Quantization Weights (SQWSs) and the Scale
Quantization Index (SQI).

A. The Optimization Problem Underlying CrowdRMLE

Let us introduce the following notation for a given subjec-
tively annotated dataset to be analyzed:

o 7: set of stimuli;

o J: set of subjects;

e I;: subset of stimuli rated by subject j;

e N;: number of ratings collected for stimulus ¢;

e IC: used discrete quality scale;

e n;;: number of times score k& € K was assigned to
stimulus 7;

For each stimulus ¢ € Z and subject j € J, we define pgk
as the ratio between the number of times subject j assigned
score k to stimulus ¢ and the total number of times subject
J rated stimulus i. Thus, p/, represents the empirical choice
frequency of score k by subject j for stimulus 7. This definition
naturally accommodates the most general setting in which the
same subject may rate the same stimulus multiple times. In
the special case of a single rating per subject—stimulus pair,
p?,, reduces to a binary indicator.

The fundamental assumption underlying CrowdRMLE and,
more generally, any subjective quality recovery method is
that: for each stimulus in the dataset, there exists a latent
distribution of reliable opinion scores representing the genuine
perceptual evaluations of that stimulus. The observed ratings
are regarded as realizations of this latent distribution, possibly
corrupted by noise. It is also assumed that subjects evaluate
the quality genuinely much more frequently than they score
at random, so that meaningful ratings significantly dominate
over purely random responses for each stimulus. Without
these assumptions, the notion of recovering a true perceptual
distribution would be ill-posed. We note however that these
assumptions are not overly restrictive, as subjective quality
assessment protocols, both in laboratory and crowdsourcing
settings, typically include training phases, qualification tests,
and attention checks designed to ensure that genuine evalua-
tions prevail over random behavior.

To estimate the latent true distribution of the opinion score
for each stimulus and quantify scale quantization behavior for
each subject, we decompose subject-level choice frequencies
as:

Pl = fir + v+ €, (1)
subject to

Y fa=1 Vi€l 2)

ke

Zygzo VjeJ. 3)

ke

Here, fi; represents the latent true probability that score k is
selected when rating stimulus ¢, and v}, is a scale quantization



weight that captures the systematic tendency of the subject j
to overuse (v, > 0) or underuse (v}, < 0) opinion score k
when assessing quality. Finally, €/, is a zero-mean stochastic
error term accounting for residual subject-level variability that
cannot be explained by systematic scale quantization (e.g.,
completely random scoring).

We focus mainly on modeling scale quantization behavior,
as it has not yet been formally characterized and measured
in image and video quality assessment. Other sources of
scoring inaccuracy, captured by the stochastic error term €,
are typically associated with general subject inconsistency and
are already quantified using established inconsistency indices.
Since extensive prior work [12], [35], [36], [42] has addressed
inconsistency estimation, we do not introduce a new estimator
for this aspect. Instead, standardized inconsistency measures
are used as benchmarks in our experiments, where we also
analyze their relationship with the explicitly modeled scale
quantization behavior.

Although continuous quality scales are sometimes employed
in image and video quality assessment, as it can be seen from
the model in Eq. (1)-(3), the contribution of the present work
is limited to discrete scales. '

It is worth noting that the scale quantization weight v in
Eq. (1) should be interpreted as an overall measure of the
tendency of the subject j to overuse or underuse the quality
level k throughout the whole experiment. This formulation as-
sumes that scale-usage behavior remains approximately stable
across stimuli. This assumption is reasonable in many practical
settings and it is consistent with the stimulus-independent def-
inition of subject bias commonly adopted in subjective quality
recovery [11], [34], [36]. Nevertheless, this assumption may
not hold for the few subjects that, during the training phase,
did not fully understand the difference between perceptual
quality and content attractiveness. This may lead the subject to
overuse or underuse certain regions of the rating scale when
evaluating the stimuli related to the content that they may
like or dislike. Such content-dependent interactions between
subjects and specific stimuli are not explicitly captured by the
proposed stimulus-independent quantization weights.

Recovering the true perceptual distribution of opinion scores
for a given stimulus means eliminating or at least attenuating
the effect of unstructured noise on the observed empirical
distribution of opinion scores. Because ratings deriving from
unstructured noise are not systematically replicated across
scorers for a given stimulus, they spread across multiple
opinion scores on the quality scale. From an information-
theoretic perspective, we expect them to increase the entropy
of the observed empirical distribution relative to the underlying
true perceptual distribution. We therefore propose to estimate
the true perceptual distribution through an optimization pro-
cess that performs a mild entropy reduction while remaining
faithful to the observed data.

Notably, no parametric assumptions are imposed on the
shape of the true distribution {f;x}rexc. In particular, the
proposed approach does not assume unimodality, symmetry,
or concentration around a single peak. For instance, if the
empirical distribution is bimodal suggesting the presence of
two perceptual groups within the population, this structure will

be preserved.
Under the probabilistic model defined by { fi}, the likeli-
hood of the observed data is:

L) =TI 11 =

i€ kek
with log-likelihood

LL(f) =Y > nirlog(fi)- (4)

€L ke

Under the assumption that genuinely expressed opinion
scores dominate significantly over unstructured noise (oth-
erwise the entire experiment would be compromised) and
considering that unstructured noise is typically uniformly
distributed across all rating levels of the quality scale, if an
opinion score k is selected solely due to unstructured noise, its
empirical frequency n;/N; will likely be a very small value.
To attenuate the influence of this entropy-increasing noise, we
introduce the empirical surprise measure:

Nik
Si = —log (Nz) . 5)
Thus, if an opinion score £ has a very low empirical choice
frequency for a given stimulus ¢, the associated .S;; values
will be very large by definition, whereas if k£ is a consoli-
dated opinion score (repeatedly and consistently selected by a
subgroup of scorers), this will yield a moderate value of Sy.
We define the CrowdRMLE estimator as the solution to

max  H(f) =Y > S;'nilog(fir)
! i€T kek
st. Y fu=1 Viel (6)
kex
fie>0 YieI, kek.

By down-weighting highly surprising (weakly supported)
rating levels, the optimization performs a controlled entropy
reduction of the observed empirical distribution in order to
obtain an estimate of the latent true distribution of opinion
scores.

A potential limitation of the proposed estimation procedure
originates from the fact that the regularization weight depends
only on the empirical frequency n,/N; of each opinion
score k for a stimulus ¢. Consequently, when only one or
very few subjects select a particular score for a stimulus,
the corresponding frequency becomes very small. Since the
regularization mechanism down-weights low-frequency scores,
isolated yet genuine perceptual judgments may be attenuated
in the estimated perceptual distribution.

To understand when this effect becomes relevant, consider
a stimulus ¢ rated by a large number of subjects, and sup-
pose that a structured minority subgroup representing a% of
the population would genuinely assign opinion score k. In
this case, the empirical frequency satisfies % ~ «, and
the corresponding surprise term becomes S;; ~ —log(w),
yielding a weight proportional to 1/(—log «). Therefore, the
contribution of score k to the estimated perceptual distribution
increases monotonically with the subgroup’s representation in
the population.




Now consider an unstructured noise affecting 8% of the
ratings. Since such noise is expected to distribute approxi-
mately uniformly across the |K| rating levels, its empirical
contribution to any specific score k is about §/||. For noise
to dominate a structured subgroup selecting score k, it must
hold that

|/C6| >a, ie, B>|Kla.

This means that, on a five-point scale (|| = 5), at least
25% of the ratings would need to be purely noisy to dominate
the contribution of a rating k£ chosen by a minority subgroup
representing only 5% of the population in our quality estima-
tion process. This analysis shows that ratings from structured
minority subgroups are preserved and their contribution is pro-
portional to the representation of these subgroups within the
population, whereas unstructured noise is even more penalized
as the number of rating levels on the quality scale increases.

The limitation arises when « becomes extremely small
(i.e., in the case of isolated but genuine outliers). In such
situations, the empirical frequency n;x/N; approaches zero,
and the corresponding rating is down-weighted by the reg-
ularization mechanism. However, the associated quantization
weights {1 }rex will still explicitly highlight the peculiarity
of these subjects. While the current true distribution estimation
process may penalize such isolated yet authentic scorers, an
iterative refinement procedure could be employed: after identi-
fying structured peculiarities through the quantization weights,
ratings could be adjusted (e.g., via bias correction) and the
perceptual distribution re-estimated. A detailed investigation
of this iterative extension is beyond the scope of the present
work.

B. Analytical Solution of CrowdRMLE

The following proposition, together with the subsequent
remark, provides the analytical formula of the true choice
probabilities as estimated by CrowdRMLE for each stimulus.

Proposition 1. Assume that

0 < nge < Ny, WEI,keIC.
The optimization problem
max H (f)
st. Y fiw=1Viel, 7)
kek

fit>0 VieZ, kek

underlying CrowdRMLE admits a unique optimal solution
given by

-1
[ L ®)
2iex Su il
Proof. We observe that the first-order derivatives of H(f) are:
ofie  fu '
and the second-order derivatives are:
0’H B Si_klnik

2 2
8ik ik

For (ik) # (jl), the terms are independent, thus:

0*H

ofuOfi

The Hessian matrix M of the function H is therefore a
diagonal matrix with entries:

0.

Sutnae ... .
_Zia 1f (Zk) = (]l)v

My, 1y = 1
0, if (ik) # (1)

Since 0 < n;r < N, it follows that S;; > 0. Hence,

—1
_ Sig, ik

— < 0.

ik
Therefore, all diagonal entries of M are strictly negative. Thus,
M is negative definite and the objective function H(f) is
strictly concave. Furthermore, the optimization problem has
only linear constraints.

In other words, we are solving a strictly concave maximiza-
tion problem over a convex feasible set. This implies that any
point in the feasible set is an optimal solution if and only
if it satisfies the Karush-Kuhn-Tucker (KKT) conditions (see
Chapter 10 of [43]).

The Lagrangian of the considered optimization problem is
given by

LU ) =D St nik - log(fir)

i€T kek o)
+Y N <1 - fik> + YD pinfis
ieZ kek i€T kek

where \;, i € Z, and puj, > 0, i« € I, k € K, are
the Lagrangian multipliers associated with the equality and
inequality constraints, respectively.

In the case of our problem, the KKT conditions can be
written as:

oL S;cl C Nk
— i — i + ik = 0, 10
Ofik fik Hik (10
S fu—1=0, (1)

kek
fir =0, (12)
Hir > 0, (13)
and

pasfox = 0. (14)

Since 0 < n;, < N, it follows that
Silni >0,  VieZI kek.

Therefore, the objective function H(f) is defined only for

fir >0, VieZ, kek.
Moreover,
1 -1 . . —_ —
filliﬁfr Sik Nk IOg(fzk) 0.



Hence, whenever any component f;;, approaches zero, the
objective function tends to —oo. Therefore, no optimal solution
can occur on the boundary of the feasible set, and any optimal
solution necessarily satisfies

fik > Oa
Using Eq. (14), it follows that

VieT, kek.

wir = 0.

Substituting j;, = 0 into Eq. (10) yields

Syt mg

“an’“ X =0, (15)
From Eq. (15), it holds that

Svi,l 17
fir = = (16)

Eq. (11) implies:

Sotonge 1
Z%W:YZSZ;PW:L VieT.
keK i ¢ keK

Thus,
A = Z S;kl C M-
ke

Finally, substituting the value of \; into the expression of f;
in Eq. (16) yields

_ Sy ma

- >iex Syt na’
which is the unique solution that satisfies the KKT conditions

and thus the unique optimal solution of the problem. This
concludes the proof. O

ik a7

In practice it is common to encounter situations where
opinion score k is not selected by any subject during the
evaluation of a stimulus i, i.e., n;z = 0, or where opinion
score k is selected by all subjects when rating stimulus ¢, i.e.,
n;, = IV;. Since Proposition 1 assumes 0 < n;, < IV;, these
boundary cases are not covered. Nevertheless, the optimal
solution derived in Proposition 1 naturally extends to these
boundary cases by continuity, as shown in the following
remark.

Remark 1. Let

_ Nk
e =ngS;t= ———%
Wik = Tk ik —log(nik /N;)
When n;. — 0,
Nik
Wi = ————— — 0,
k — IOg(nik/Ni)

which implies, from Eq. (17), that:
fir = 0.

Moreover, when n;;, — N, it follows from

Ni=> na

ke

that n;; — 0 for all j # k. Furthermore,

Nik o
Wi = ——————~ 00.
k —log(nik/Ni)
Consequently,
fik‘—>17 f’il_>07 l;’ék‘

Hence, the solution obtained in Proposition 1 admits a natural
continuous extension to the boundary cases n;;, = 0 and n;;, =
N;.

Accordingly, CrowdRMLE computes the true choice fre-
quencies in practice as:

07 Nik = 07
S%lnik
fr = =BT 0 <ng <N, (18)
> Sy na
leK
1, Nik = Ni.

Therefore, regarding boundary cases, opinion scores that
are never selected receive zero weight, whereas unanimously
selected opinion scores receive unit weight.

C. Subjective Quality Recovery and Measures of Scale Quan-
tization

Once the true choice probabilities f;; are calculated using
the formula in Eq. (18), we can recover the true subjective
quality @; of each stimulus ¢ € 7 as:

Qi=Y fu-k

ke

(19)

Each scale quantization weight is computed using the follow-
ing formula:

ZiEIj (pzk - fzk)
1Z;| '

(20)

J
Vi =

Thus, CrowdRMLE measures the discrepancies between the
subject’s usage of the opinion score k and the expected true
usage for each stimulus. It then averages these discrepancies
across all stimuli in the set Z; to provide an overall assessment
of whether subject j overuses (3, > 0) or underuses (v, < 0)
the score k.

The closer all quantization weights VIZ, are to 0, the less the
subject quantized the quality scale. Hence, we introduce the
following statistic, which we name subject Scale Quantization
Index (SQI):

SQI; = vl 1)

kex

that we use together with the scale quantization weights
(SQWs) of a subject j to measure the extent to which that
subject quantized the quality scale during the experiment.



TABLE I
COMPUTATION TIMES REQUIRED BY RMLE AND CROWDRMLE.

[ Type [ Dataset [ 1Z[ T 1J1 [ RMLE (s) | CrowdRMLE (s) |
o NETFLIX-PUB 70 26 13 0.0002
8 VQEG-HDI 144 24 88 0.0003
g VQEG-HD3 167 24 173 0.0003
) VQEG-HDS5 168 24 180 0.0004
- ITS4S 514 27 14843 0.0008
B KonViD-1k 1200 624 513216 0.0145
3 KonIQ 10076 | 1261 - 0.2628
2 KADID 11085 | 2212 - 1.7808
z NIVD 1860 | 12812 - 0.4086
O MovieLens-IM | 3706 6040 - 0.5197

IV. EFFICIENCY, ROBUSTNESS AND ACCURACY OF
CROWDRMLE

We conducted numerical experiments to compare Crow-
dRMLE to RMLE in terms of efficiency. We also compared
the accuracy and noise robustness of CrowdRMLE to that
of several state-of-the-art approaches for subjective quality
recovery from a noisy dataset.

A. Datasets overview

The experiments were conducted on ten datasets, five of
which were collected in controlled laboratory environments
and the remaining five via crowdsourcing. The laboratory
datasets include VQEG-HD1, VQEG-HD3, VQEG-HD5 [44],
the Netflix Public Dataset [42], and the ITS4S dataset [45].
These datasets were gathered under tightly controlled condi-
tions, ensuring in general high reliability and consistency in
subjective quality assessments. In contrast, the crowdsourcing
datasets include KonViD-1k [46], KonlQ [41], KADID [41],
the Netflix International Video Dataset (NIVD) [47], and the
MovieLens-1M dataset [48]. The number of subjects |J|
participating in each experiment and the stimuli |Z| used in
these datasets are detailed in Table I.

In all datasets except NIVD participants evaluated the
quality of stimuli using a five-point quality scale. In contrast,
the original NIVD dataset employed a continuous quality scale
ranging from 1 to 100. The authors of [41] demonstrated that
these continuous scores can be normalized to the five-point
absolute category rating scale without loss of consistency and
released this five-point scale version of the NIVD dataset,
which is the one we used for our analysis.

Unlike the nine other datasets considered in our analysis,
which focus specifically on image and video quality assess-
ment, the MovieLens-1M dataset required participants to score
their overall Quality of Experience (QoE) with respect to a
given movie. QoE is influenced not only by the perceptual
quality of the movie but also by other subjective factors,
such as liking/disliking the movie’s topic, which can vary
significantly based on individual preferences. By including
the MovieLens-1M dataset, we therefore aim to evaluate the
extent to which the conclusions drawn by CrowdRMLE when
analyzing crowdsourcing datasets for image and video quality
assessment can be generalized to the overall QoE assessment.

B. The Efficiency of CrowdRMLE

In this section we show that CrowdRMLE provides a
highly efficient alternative to RMLE, which is impractical for

TABLE II
CORRELATION AND ROOT MEAN SQUARE ERROR BETWEEN THE OUTPUT
OF RMLE AND CROWDRMLE

Dataset PLCC SROCC RMSE
NETFLIX-PUB  0.9984 0.9977 0.1072
VQEG-HDI1 0.9994 0.9992 0.0529
VQEG-HD3 0.9996 0.9994 0.0383
VQEG-HD5 0.9995 0.9992 0.0519
ITS4S 0.9994 0.9992 0.0271
KonViD-1k 0.9996 0.9998 0.0209

crowdsourcing datasets.

Table I shows the computational time (in seconds) required
by RMLE [49] and the proposed CrowdRMLE software for
each dataset. The experiments were done on a computer having
an Intel Core 19-10900X CPU with a clock speed of 3.7 GHz
and 64 GB of RAM.

For the five small-scale datasets from laboratory environ-
ments, CrowdRMLE required on average less than a mil-
lisecond, whereas RMLE took 13 seconds for the smallest
dataset (70 stimuli, 26 subjects) and up to 14,843 seconds
(approximately 4 hours) for the largest dataset (514 stimuli,
27 subjects).

On crowdsourcing datasets, CrowdRMLE processed the
largest dataset (11,085 stimuli and 2,212 subjects) in less than
2 seconds. In contrast, RMLE required 513,216 seconds (6
days) to process the smallest dataset (1,200 stimuli and 624
subjects). We did not apply RMLE to the other crowdsourcing
datasets, as it would have required significantly more than 6
days.

The efficiency gains offered by CrowdRMLE come with
no significant discrepancy in the estimated quality scores
compared to RMLE on datasets that are not excessively noisy.
Table II demonstrates that the outputs of RMLE and Crow-
dRMLE exhibit an extremely high Pearson Linear Correlation
Coefficient (PLCC) and Spearman Rank Order Correlation
Coefficient (SROCC), along with a very small Root Mean
Square Error (RMSE), across all datasets where both methods
were applied. Thus, both RMLE and CrowdRMLE provide
very similar estimates of the ground-truth quality on the
original datasets considered in this study. However, as we will
show in the next section, when dataset integrity is compro-
mised by additional noise, CrowdRMLE demonstrates greater
robustness than RMLE and other state-of-the-art approaches.

C. CrowdRMLE Robustness to Structured and Unstructured
Noise

Since no ground-truth subjective quality scores are available
for real datasets, robustness to controlled synthetic pertur-
bations remains the standard methodology for comparing
subjective quality recovery approaches [11], [33], [34], [42].
We therefore evaluated the robustness of CrowdRMLE against
state-of-the-art recovery methods, namely the most recently
recommended algorithm in ITU-T P.910 [37], ZREC [35], and
RMLE [12], under progressively increasing synthetic noise.
In the simulation study we considered both structured and
unstructured noise. In particular, two experimental scenarios
were considered:
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o Case 1 (Increasing structured noise): The percentage of
peculiar subjects (referred to as cheaters) was increased
from 5% to 20%, while the percentage of ratings affected
by unstructured noise was fixed at 10%.

o Case 2 (Increasing unstructured noise): The percentage of
peculiar subjects was fixed at 10%, while the proportion
of ratings affected by unstructured noise was increased
from 5% to 20%.

More precisely, for each noise configuration, a given per-
centage of subjects was randomly selected from the original
dataset and transformed into cheaters by modifying their
opinion scores according to predefined behavioral models.
Specifically, to simulate a spammer, the selected subject’s
ratings were replaced with randomly chosen alternative values
on the scale; to simulate a central scorer, 95% of the selected
subject’s ratings were replaced with the central score (3); and
to simulate a bimodal scorer, 95% of the ratings of the selected

subject were reassigned to scores 2 or 4 depending on whether
the mean opinion score of the corresponding stimulus was
greater than or less than 3. Given the percentage of cheaters,
the scoring behavior of each cheater was selected at random
among these three behavioral models. Finally, unstructured
noise was introduced separately by randomly replacing a
specified percentage of ratings in the dataset with uniformly
sampled alternative scale values.

For each noise configuration, the simulation was repeated
1000 times to ensure statistical stability. For each method, we
computed the RMSE between the outputs obtained from the
original dataset and those obtained from the noisy versions of
the same dataset. The mean RMSE values and 95% confidence
intervals were estimated. The confidence interval was obtained
using a quantile-based approach, i.e., computing the 0.025 and
0.975 quantiles from the sample of RMSE obtained from the
1000 repetitions.



Figures 1 and 2 show the evolution of the RMSE as
a function of increasing structured and unstructured noise,
respectively. Across all image and video quality datasets,
CrowdRMLE consistently yields the lowest RMSE values
under both experimental scenarios.

The 95% confidence intervals obtained from 1000 repe-
titions remain well separated from those of the competing
approaches in most configurations. In particular, the mean
RMSE curve of CrowdRMLE consistently lies outside the
confidence intervals of the other approaches across a wide
range of noise levels.

D. Accuracy of CrowdRMLE

The objective of this experiment is to evaluate the estimation
accuracy of CrowdRMLE in a controlled setting where the true
quality of each stimulus is known. Such an analysis cannot be
performed on real subjective datasets since only noisy opinion
scores are available and the underlying perceptual qualities
are unknown. Therefore, following a common practice in the
literature [11], [32], [36], we resort to simulation in order to
create a dataset with known ground-truth qualities. It should be
noted that the purpose of this experiment is not to reproduce
all the complexities of a real subjective study, but rather to
provide a controlled benchmark that enables a direct evaluation
of estimation accuracy.

No artificial image or video stimuli are generated in this
experiment. This is because subjective quality recovery algo-
rithms, including CrowdRMLE and the competing approaches
considered in this paper, operate exclusively on opinion scores
rather than on the underlying media content. Therefore, for
the purpose of evaluating estimation accuracy, it is sufficient
to generate a synthetic rating matrix with known ground-
truth qualities and simulated subject ratings. Specifically, we
consider 100 hypothetical stimuli and 25 reliable subjects
evaluating them on a five-point Absolute Category Rating
(ACR) scale. The ground-truth quality values are defined as
100 equally spaced points in the interval [1,5]. Denoting by
q; the ground-truth quality of stimulus ¢, the opinion score
assigned by each subject is generated as a realization of a
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Fig. 3. Accuracy of CrowdRMLE and other benchmarking approaches on a
synthetic dataset with known ground truth. Ratings are progressively corrupted
by the insertion of unstructured noise (left) and cheaters (right). Mean RMSE
over 1000 repetitions, confidence intervals correspond to the 0.025 and 0.975
quantiles. Lower RMSE indicates higher accuracy. For better visibility of
confidence intervals, points are slightly shifted horizontally.

Gaussian random variable with mean ¢; and standard deviation

o; = 0.2(—q¢? 4+ 6¢; — 5), (22)

in accordance with the Standard deviation of Opinion Scores
(SOS) hypothesis [50], which describes the relationship be-
tween perceived quality and score variability in subjective
quality assessment. The generated values are subsequently
rounded and clipped to the discrete scale {1,...,5}, yielding
a 100 x 25 rating matrix. From now on, we will refer to this
rating matrix as the ”Simulated Dataset”.

Note that CrowdRMLE does not assume that opinion scores
follow a Gaussian distribution around the underlying quality.
Therefore, unlike some benchmarking approaches whose as-
sumptions closely match the simulation model, CrowdRMLE
is not inherently favored by the adopted simulation setting.

We then progressively add cheaters and unstructured noise
to the Simulated Dataset following the same procedure de-
scribed in Section IV-C for real datasets. For each configu-
ration, we compute the RMSE between the estimated quality
scores and the ground-truth qualities g;.

The results in Figure 3 show that CrowdRMLE consistently
achieves the lowest RMSE across all noise levels. The mean
RMSE of CrowdRMLE lies outside the corresponding confi-
dence intervals of competing approaches in most configura-
tions, indicating that CrowdRMLE estimates the ground-truth
quality with higher accuracy.

E. Statistical Significance Analysis

The confidence intervals shown in Figs. 1, 2, and 3 suggest
that CrowdRMLE generally achieves lower RMSE values
than the competing approaches. However, visual inspection of
confidence intervals obtained through Monte Carlo simulation
does not constitute a formal statistical significance test. We
therefore performed a dedicated statistical analysis to assess
whether the observed robustness and accuracy improvements
are statistically significant.

For each dataset, noise level, and competing method, we
considered the paired differences

d; = RMSE(CrowdRMLE, i) — RMSE(competing, i), (23)

where ¢ = 1,2,...,1000 indexes the random seed used
in the Monte Carlo simulation. Preliminary normality tests
revealed that the distributions of the paired differences d;
were generally not Gaussian. We therefore employed a non-
parametric test, i.e., the one-sided Wilcoxon signed-rank test.
Since negative values of d; correspond to CrowdRMLE pro-
ducing lower RMSE values than the competing method, the
null and alternative hypotheses are: Hy: CrowdRMLE does
not achieve lower RMSE values than the competing method;
Hy: CrowdRMLE achieves lower RMSE values than the
competing method. The test was performed independently for
every dataset, noise level, and competing method. To provide
a conservative summary, Table III reports, for each dataset and
competing method, the largest (i.e., least significant) p-value
obtained across all considered noise levels.

The results confirm the conclusions suggested by the con-
fidence intervals. CrowdRMLE significantly outperforms the



TABLE III
WILCOXON SIGNED-RANK TEST (H7: CROWDRMLE ACHIEVES LOWER
RMSE THAN THE COMPETING METHOD). THE TEST P-VALUES
CORRESPONDING TO THE 22 DATASET-CASE COMBINATIONS IN FIG. 1, 2,
AND 3 ARE REPORTED. CASE 1 (C1) AND CASE 2 (C2) (INCREASING
STRUCTURED/UNSTRUCTURED NOISE) ARE DESCRIBED IN SECTION IV-C.

Dataset Case ITU-T P910 ZREC RMLE
NETFLIX-PUB Cl p < .001 p<.001 p<.001

Cc2 p < .001 p<.001 p<.001
VQEG-HD1 Cl1 p < .001 p<.001 p<.001

C2 p < .001 p <.001 p<.001
VQEG-HD3 Cl p < .001 p <.001 p<.001

C2 p < .001 p<.001 p<.001
VQEG-HD5 Cl1 p < .001 p<.001 p<.001

C2 p < .001 p<.001 p<.001
ITS4S Cl p < .001 p < .001 -

c2 p < .001 p < .001 -
KonIQ C1 p < .001 p < .001 -

C2 p < .001 p < .001 -
KonViD-1k Cl1 p < .001 p < .001 -

C2 p < .001 p < .001 -
KADID Cl p < .001 p < .001 -

c2 p < .001 p < .001 -
NIVD Cl1 p < .001 p < .001 -

C2 p < .001 p < .001 -
MovieLens-1M Cl1 p = 1.00 p < .001 -

c2 p=1.00 p < .001 -
Simulated Dataset Cl1 p < .001 p<.001 p<.001

C2 p <.001 p<.001 p<.001

TABLE IV

AVERAGE SQI AND INCONSISTENCY (INC) VALUES FOR ALL DATASETS.
FOR CROWDSOURCING EXPERIMENTS, P-VALUES OF A TWO-SAMPLE
WELCH’S T-TEST ASSESS WHETHER THE MEAN DIFFERS SIGNIFICANTLY
FROM THE CORRESPONDING MEAN COMPUTED OVER ALL LAB

EXPERIMENTS.

Datasets Avg SQI  SQI p-values Avg Inc  Inc p-values
NETFLIX-PUB 0.26 - 0.62 -
VQEG-HD1 0.25 - 0.58 -
VQEG-HD3 0.31 - 0.62 -
VQEG-HDS5 0.31 - 0.63 -
ITS4S 0.30 - 0.68 -
KonViD-1k 0.44 p < .001 0.68 p < .001
KonIQ 0.37 p < .001 0.56 p=1.00
KADID 0.44 p < .001 0.69 p < .001
NIVD 0.50 p < .001 0.70 p < .001
MovieLens-1M 0.37 p < .001 0.90 p < .001

competing methods in almost all cases, with p-values below
0.001 for nearly all dataset and method pairs. The only excep-
tion is the comparison with ITU-T P.910 on the MovieLens-
IM dataset, where no statistically significant difference is
observed. Overall, the statistical analysis provides strong evi-
dence that the robustness and accuracy improvements achieved
by CrowdRMLE are unlikely to be due to random variation.

V. ANALYSIS OF CROWDSOURCING DATASETS WITH
CROWDRMLE

A. Statistical Comparison of SQI and Subject Inconsistency

Although it is widely acknowledged that data collected
in crowdsourcing settings may exhibit lower reliability than
those gathered in controlled environments, identifying statisti-
cal indicators that quantify this difference remains an open
problem in image and video quality assessment. Table IV
reports the average SQI and subject inconsistency (Inc) values
for all datasets. For SQI, the separation between laboratory and
crowdsourcing datasets is systematic: the smallest average SQI
observed in crowdsourcing (0.37) exceeds the largest average
observed in laboratory datasets (0.31).

To assess the statistical significance of this systematic dif-
ference, we compared the mean of subject-level SQI values of
each crowdsourcing dataset against the mean of the pooled lab-
oratory SQI values. All five laboratory datasets were merged
to avoid bias due to specific experimental settings. In order
to compare the mean of SQI values in the two environments,
the two-sample Welch’s t-test was used since equal variances
could not be assumed between laboratory and crowdsourcing
environments. The Welch’s t-test is applicable in our case
because established statistical literature [51]-[53] has proven
its accuracy when dealing with large sample sizes (from 125
to 12,812 in our case) and data that are moderately skewed
(from 0.63 to 1.15 for our samples) with moderate kurtosis
(from 4.25 to 6.63 in our samples). All comparisons yielded
p-values smaller than 0.001, confirming that scale quantization
is significantly more pronounced in crowdsourcing settings.

In contrast, subject inconsistency does not exhibit the same
systematic separation. Although inconsistency values are gen-
erally higher in crowdsourcing datasets, two crowdsourcing
datasets out of five present average inconsistency values
that are smaller or equal to those observed in laboratory
experiments, and for one crowdsourcing experiment (KonlQ)
the average inconsistency is even smaller than the average
inconsistency of controlled environment with statistical signif-
icance. Therefore, while inconsistency is a valuable measure
of subject inaccuracy, it does not systematically distinguish
crowdsourcing from controlled environments in image and
video quality assessment.

To go beyond the analysis of average SQI values, we
investigated whether SQI provides a better characterization
than subject inconsistency regarding the differences in scoring
behavior between laboratory-controlled and crowdsourcing en-
vironments in image and video quality assessment. To this end,
we performed a Receiver Operating Characteristic (ROC) anal-
ysis using both SQI and inconsistency as classification scores
to distinguish between subjects participating in laboratory-
controlled and crowdsourcing experiments. The results shown
in Figure 4 indicate that, across all four image and video
quality datasets (KonViD-1k, KonlQ, KADID, and NIVD),
SQI consistently achieves higher Area Under the Curve (AUC)
values than inconsistency. This suggests that SQI provides a
superior characterization of the peculiar scoring behaviors that
differentiate laboratory-controlled and crowdsourcing environ-
ments.
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Fig. 4. ROC curves comparing the ability of SQI and subject inconsistency vall

ues to distinguish between controlled and crowdsourcing environments. The five

laboratory datasets were merged to obtain a consistent sample of values in controlled environments and to mitigate the effects of dataset-specific peculiarities

on the analysis. AUC values indicate discriminative performance.

Figure 5 provides additional insight into the nature of the
deviations captured by the SQI and the inconsistency. Using
the maximum value of SQI and maximum value of incon-
sistency in controlled laboratory environments as reference
thresholds, subjects were categorized according to whether
they exceed laboratory levels in SQI, inconsistency, or both.
For all image and video quality datasets, the proportion of
subjects exhibiting scale quantization beyond laboratory stan-
dards (Q3 + Q4) exceeds the proportion exhibiting inconsistent
behavior (Q2 + Q3). This indicates that unbalanced use of the
quality scale, as measured by SQI, is in general more prevalent
than pure inconsistency-induced deviations in crowdsourcing
experiments for image and video quality assessment.

The scatter plots in Figure 5 also show that SQI and
inconsistency are not correlated: subjects with high SQI do
not necessarily exhibit high inconsistency, and vice versa. This
weak correlation between the two measures indicates that they
capture complementary aspects of scoring behavior.

We notice that a different behavior is observed for the
MovieLens-1M dataset, which addresses overall QoE or pref-
erence assessment rather than image and video quality assess-
ment. In this case, inconsistency achieves higher discriminative
power. This result highlights a limitation of the current SQI
formulation, which assumes the presence of a structured latent
perceptual distribution. In tasks characterized by inherently
higher subjectivity and potentially flatter opinion score distri-
butions, scale quantization may be less dominant. Extending
the approach to such scenarios represents a future direction of
improvement.

Overall, the results in this section show that the mean of
SQI values is significantly higher in crowdsourcing settings
than in controlled environments, whereas the same conclusion
is not always observed for a conventional measure of reliability
such as the subject inconsistency. Furthermore, the ROC
analysis shows that the SQI value of an individual subject is
more informative than the inconsistency value for determining
whether the subject participated in a controlled or crowd-
sourcing experiment. Taken together, these results indicate
that the SQI better captures peculiar scoring behaviors that
are particularly prevalent in crowdsourcing-based subjective
media quality assessment than the subject inconsistency. This
provides evidence that minimizing SQI should be consid-
ered an important design objective for future crowdsourcing
methodologies aiming to approach the reliability of controlled

environments.

B. Analysis of the SQWs in Highly Inconsistent Subjects

Given the significant prevalence of scale quantization in
crowdsourcing, as discussed in the previous section, a natural
question arises: do highly inconsistent subjects in crowdsourc-
ing tests for image quality assessment score entirely at random,
thus not exhibiting any preference for specific quality levels
on the scale, or do they exhibit a systematic pattern of scale
quantization? To address this question, we ordered the subjects
in each crowdsourcing dataset by decreasing inconsistency and
analyzed their scale quantization weights.

Figure 6 shows the scale quantization weights of the 100
most inconsistent subjects in each crowdsourcing dataset. A
consistent pattern emerges: highly inconsistent subjects in
image and video quality assessment tend to avoid using the
central opinion scores. Specifically, the center of the heatmaps
is rather blue, while the extremes are red.

To numerically verify this visually observed trend, we con-
ducted statistical tests to evaluate whether highly inconsistent
subjects use the extremes of the quality scale more than the
central part. For each crowdsourcing dataset, we selected all
subjects whose inconsistency exceeded the maximum incon-
sistency observed in controlled-environment datasets. From the
scale quantization weights of these subjects, we computed two
proportions:

1) P.entrai: The proportion of highly inconsistent subjects
for whom at least two of the three scale quantization
weights associated with 72,” 3, and ”4” are positive.

2) Pe.ytremes: The proportion of highly inconsistent sub-
jects for whom at least one of the two scale quantization
weights associated with 17 or ”’5” is positive, while the
condition defining P,¢tq; does not hold.

P,cntrar represents the proportion of highly inconsistent sub-
jects who overuse at least two central opinion scores. Con-
versely, Peytremes represents those who avoid the central part
of the scale, underusing at least two of the three central opinion
scores, but overuse at least one of the two extreme opinion
scores.

To assess whether Peyiremes 1S significantly larger than
P.entrai among highly inconsistent subjects, we performed
the McNemar’s exact test for paired nominal data. For each
subject, two binary indicators were defined corresponding to
the conditions underlying P.cptrq; and Peytremes, and the test
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was applied to the resulting 2 x 2 contingency table. The exact
version of the test was adopted to obtain accurate p-values also
for datasets with a small number of observations. The results
in Table V show that Pe,tremes 1S significantly larger than
P,cntrar across all crowdsourcing datasets. This confirms the
hypothesis suggested by the patterns in Figure 6. Therefore,
highly inconsistent scorers in crowdsourcing tests for image
and video quality assessment tend to underuse the central part
of the scale. While this behavioral pattern could be expected in
uncontrolled subjective experiments as a strategy to complete
the test as soon as possible, the present analysis is, to the best
of our knowledge, the first to reveal it within the context of
image and video quality assessment.

It is important to note, however, that not all sources of incon-
sistency are linked to scale quantization. For instance, a subject
who scores at random or inverts the quality scale would not
exhibit preferences for specific opinion scores. Nevertheless,
our analysis suggests that the pattern in Figure 6 is prevalent
among highly inconsistent subjects. Indeed, the average value
of P..iremes across the five datasets in Table V indicates that
over 70% of highly inconsistent subjects underuse at least two
of the three central opinion scores.

Based on the results in Figure 6 and Table V, it can
be inferred that using approaches such as pair comparison
or reducing the number of options (for instance, from 5
to 2 or 3) might help mitigate high inconsistency values
in crowdsourcing, thus improving the overall quality of the
gathered data. This conclusion is in line with those in [54],

TABLE V
COMPARISON OF THE FRACTIONS Pcintrar AND Prixtreme. THE P-VALUES
REFER TO THE EXACT MCNEMAR’S TEST CONDUCTED TO ASSESS
WHETHER THE TWO FRACTIONS ARE DIFFERENT WITH STATISTICAL

SIGNIFICANCE.
Dataset P central Pextreme p-value
KonViD-1k 0.2058 0.7941 p < .001
KonIQ 0.1428 0.8571 p=.015
KADID 0.2361 0.7222  p < .001
NIVD 0.1872 0.7800 p < .001
MovieLens-1IM  0.3624 0.6309 p < .001

[55], where the authors, using a completely different approach
from CrowdRMLE concluded, among other things, that the
use of pair comparison would increase the reliability of
the collected data. Our analysis, therefore, serves as further
motivation to revisit the number of options offered on the
quality scale in future methodologies for collecting opinion
scores in crowdsourcing.

C. SQI and SQWs vs. Subject Bias

As previously mentioned in Section II, modern, standardized
approaches for analyzing subjectively annotated datasets in im-
age and video quality assessment rely on measures of subject
bias and inconsistency. In the previous section, we studied the
link between scale quantization and subject inconsistency. In
this section, we show that the scale quantization weights, I/,]C,
calculated by CrowdRMLE, generalize the traditional concept
of bias in image and video quality assessment.
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Fig. 6. Scale quantization weights of the top 100 most inconsistent subjects in each crowdsourcing dataset. The subjects are sorted in decreasing order of
inconsistency values. The dashed green line (o = 0.972) represents the maximum value of inconsistency in experiments conducted in controlled environments.



TABLE VI
SPEARMAN RANK CORRELATION BETWEEN THE SUBJECT BIAS
CALCULATED FROM THE FIVE-SCALE QUANTIZATION WEIGHTS AND THE
BIAS COMPUTED ACCORDING TO THE ITU-T P.910 AND ZREC.

Dataset ITU-T P910 ZREC
NETFLIX-PUB 0.9989 0.9959
VQEG-HD1 0.9996 0.9893
VQEG-HD3 0.9996 0.9869
VQEG-HD5 0.9997 0.9983
ITS4S 1.0000 0.9988
KonViD-1k 0.9987 0.9970
KonIQ 0.9983 0.9964
KADID 0.9973 0.9896
NIVD 0.9996 0.9990
MovieLens-1M 0.9923 0.9895

Bias is defined in the media quality assessment literature as
the systematic tendency of a subject to overuse the left part
(negative bias) or the right part (positive bias) of the quality
scale. In the introduction, we defined scale quantization as
the systematic tendency of a subject to overuse any subset of
opinion scores. From both definitions, it is evident that bias is
simply a specific type of scale quantization. In fact, we have
conducted experiments to show that the bias of a subject can
be computed from the scale quantization weights produced by
CrowdRMLE.

In particular, given the five scale quantization weights
vi k=1,2,...,5, of subject j as computed by CrowdRMLE,
we estimate the bias b; of subject j as follows:

5
b= vk

k=1

(24)

Thus, bias is estimated from the quantization weights by
weighting each opinion score k£ on the quality scale with the
subject’s tendency to overuse or underuse that opinion score.

We then compared this bias, estimated from the quanti-
zation weights, to the bias estimated according to the latest
ITU recommendations, i.e., ITU-T P.910 [37], and a recent
algorithm, ZREC [35]. The results, shown in Table VI, indicate
that the bias computed from the scale quantization weights is
strongly correlated with the bias obtained using state-of-the-art

Thus, the quantization weights of a subject contain all
the information needed to compute the bias of that subject.
Howeyver, the reverse is not true, i.e., the information contained
in the quantization weights cannot be recovered if only the bias
is known. In fact, it is evident from Eq. (24) that, for a given
bias b;, there are infinitely many ways to choose the values
of the scale quantization weights v}, k = 1,2,...,5. Thus,
the bias does not uniquely determine the scale quantization
weights.

The previous discussion suggests that scale quantization
weights provide new information that bias alone does not
capture. For instance, beyond identifying which subjects are
biased, dataset creators might also want to understand the
portion of the left part of the quality scale disregarded by
positively biased subjects in their experiments. Clearly, the
larger this portion, the more problematic the presence of biased
subjects becomes.

Figure 7 shows the scale quantization weights of the 100
subjects with the largest positive bias in each crowdsourc-
ing dataset. For instance, in the NIVD and MovieLens-1M
datasets, positive bias mainly arose from the overuse of ”5”
rather than a consistent preference for the right part of the
quality scale, as observed in the KADID dataset. In the
KonViD-1k and KonlQ datasets, positively biased subjects
used the scores ”1” and ”2” more or less as expected but
underused the score 73", replacing it with ”4” or ”5”. This
behavior resulted in a slight overuse of ”4” and ”5”.

The analysis in Figure 7 therefore allows dataset creators
to infer the origin of the bias in order to determine: i) if
it might derive from the test settings, as in the case of the
KonViD-1k and KonlQ datasets, where the use of a scale with
fewer opinion scores could have helped; ii) if it derives from
the intention of some “lazy” subjects to score almost every
stimulus whose quality is not strongly impaired as ’5’, as
observed in the NIVD dataset; iii) if the bias can be effectively
corrected, as in the case of the KADID dataset, where it is a
slight and consistent shift of the opinion scores toward the
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Fig. 7. Scale quantization weights of the top 100 positively biased subjects in each crowdsourcing dataset. Subjects are sorted in decreasing bias order. The
dashed green line (b = 0.972) represents the maximum value of bias in experiments conducted in controlled environments. Bias was computed as per the

ITU-T P.910 recommendation.
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Fig. 8. Scale quantization weights of unbiased and not inconsistent subjects sorted in decreasing order of the subjects’ SQIL. The dashed green line represents

the threshold 7 of the SQI defined in Eq. (25).

D. Advancing Peculiar Scoring Patterns Detection with the
SQI

In general, in state-of-the-art approaches for peculiar be-
havior detection in subjective media quality assessment, the
greater the subject’s inconsistency and the absolute value of
their bias, the more peculiar the subject is considered. In this
section, we aim to identify a new type of peculiar subjects,
i.e., those who are neither inconsistent nor biased, but still
peculiar due to their improper use of the quality scale.

To identify subjects who are neither biased nor inconsistent,
we computed the bias and inconsistency of each subject
according to ITU-T P.910 [37]. We then selected subjects
who could be considered unbiased when using a five-point
quality scale (absolute value of bias < 0.25 [11]) and with
low inconsistency, i.e., smaller than the average inconsistency
value computed from the five datasets gathered in controlled
environments.

The selected subjects in each crowdsourcing dataset were
then ordered in decreasing order of their Scale Quantization
Index (SQI) value, and heatmaps of the scale quantization
weights of the 100 subjects with the largest SQI values are
shown in Figure 8.

By examining each heatmap in Figure 8 from top to bottom,
it can be observed that unbiased and consistent subjects who
strongly quantize the quality scale are generally “central”
scorers. In almost all cases, the preferred opinion scores by the
subjects are 727, 3", or ’4”. For instance, in the NIVD dataset,
the analysis revealed subjects who are peculiar due to a high
tendency to score the quality as ”3”. This behavior typically
arises from insufficient attention to the task or a desire to
complete the test quickly without providing ratings that can be
trivially judged as wrong. In the MovieLens-1M dataset, the
analysis highlighted subjects who exhibit a peculiar scoring
behavior characterized by a consistent misuse of the highest
opinion score. Specifically, while they appropriately utilize the
first three opinion scores (with scale quantization weights close
to 0), they fail to distinguish between ”4” and ”5”, using only
”4” even when ”5” would be more appropriate.

Test designers are therefore strongly encouraged to replicate
the analysis described here on their own datasets. Specifically,

they should plot the heatmap of the scale quantization weights
of unbiased and consistent subjects in decreasing SQI order to
check for the presence of central scorers. They may wish to
exclude or correct their ratings depending on the application
for which the dataset is intended. For instance, if the dataset
is meant for training an objective measure, the presence of
central scorers is highly problematic, as they skew the distri-
bution of subjective scores (typically considered as the ground
truth) toward the center of the scale, making the distribution
of labels imbalanced. In particular, note that machine learning
algorithms are known to not generalize well when trained on
datasets in which the labels are not uniformly distributed [25],
[56].

We also investigated whether the algorithm proposed in
the ITU-R BT.500 recommendation for peculiar subject ex-
clusion is capable of recognizing and excluding unbiased
and consistent subjects who highly quantize the quality scale
during the experiment. In order to compare CrowdRMLE to
BT.500, we needed a threshold for the SQI above which
CrowdRMLE would recommend excluding an unbiased and
consistent subject. In particular, denoting by SQI;,p the
sample of all SQI values for the 125 subjects who participated
in the five experiments conducted in controlled environments
(see Table I), we defined this threshold using the Tukey outlier
detection formula:

T =qo75+ 1.5 (go.75 — qo.25) (25)

where qg.25 and gg.75 denote the first and third quartiles of
SQIap respectively. Thus, from each crowdsourcing dataset
we recommend excluding any unbiased and consistent subjects
whose SQI is an outlier of the distribution of SQI values
observed in controlled environments.

Table VII shows the number of unbiased and consistent
subjects that CrowdRMLE and BT.500 suggest to exclude
from each of the five crowdsourcing datasets used in our
analysis. It can be observed that BT.500 struggles to recognize
peculiarity not induced by bias and inconsistency. In fact, it
only excluded a total of 6 subjects, of which only one belongs
to the set of 178 subjects excluded by CrowdRMLE.

Thus, the peculiar subjects identified by CrowdRMLE in
this section are not only overlooked by state-of-the-art ap-



TABLE VII
NUMBER OF SUBJECTS IDENTIFIED AS EXHIBITING PECULIAR SCORING
BEHAVIOR BY THE ITU-R BT.500 RECOMMENDED ALGORITHM AND
CROWDRMLE AMONG THE UNBIASED AND CONSISTENT SUBJECTS.

Datasets ITU-R BT.500 CrowdRMLE Common
KonViD-1k 0 8 0
KonIQ 0 12 0
KADID 5 56 1
NIVD 0 91 0
MovieLens-1M 1 11 0
Total 6 178 1

proaches relying on bias and inconsistency (since, by defini-
tion, they are unbiased and consistent), but also by a well-
known and widely used algorithm such as BT.500 for peculiar
scorer detection in media quality assessment.

VI. CONCLUSION

This paper proposes CrowdRMLE, an approach to analyze
subject scoring behavior in crowdsourcing subjective tests
for image and video quality assessment. We formulated the
optimization problem underlying CrowdRMLE and derived
an analytical expression of its optimal solution. This makes
CrowdRMLE a very efficient approach, as this analytical
expression allows the computation of the CrowdRMLE pa-
rameters without the need of a computationally complex
search for the optimal solution. Experiments conducted on 10
different datasets show that CrowdRMLE: i) is more accurate
and robust to noise than other state-of-the-art approaches; ii)
provides important insights into the sources of subject bias and
inconsistency as well as guidance on how to improve future
crowdsourcing test methodologies in image and video quality
assessment; iii) can detect peculiar scorers that are overlooked
by previous approaches.
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