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A Framework for Simulating Subjective Experiments: Testing Subject
Screening

IRENE VIOLA®, Centrum Wiskunde en Informatica, The Netherlands
LUCJAN JANOWSKI*, AGH University of Science and Technology, Poland

The ITU-T recommendations BT.500 and P.910 outline multiple subject screening methodologies for subjective multimedia
quality experiments. Yet, their real-world effectiveness remains difficult to verify due to the lack of known ground truth.
This paper introduces a comprehensive simulation framework designed to objectively assess subject screening methods by
generating synthetic subjective scores with known parameters. Two primary experimental scenarios — typical and super-
precise subject models — were evaluated using simulated data. Results indicate that correlation-based screening methods
(P.910) outperform kurtosis-based methods (BT.500) in detecting irrelevant subjects, thereby improving the precision of
subjective experiment outcomes. Additional contributions include the development of a novel score generation model and the
definition of robust evaluation metrics. We hope this paper will serve as the basis for future analysis based on simulations of
subjective experiments.

CCS Concepts: « Human-centered computing — Laboratory experiments; User studies; User models; « General and
reference — Evaluation; Metrics.

Additional Key Words and Phrases: Subjective experiments, simulation, subject screening, outlier detection, quality assessment

1 Introduction

In the field of multimedia research, subjective experiments are a cornerstone for evaluating the quality perceived
by a user. These experiments are essential because multimedia systems and applications are ultimately designed
for human consumption, and objective metrics alone often fail to capture the complexities of human perception
[17]. By carefully conducting subjective experiments; researchers can collect high-quality data that reflects
genuine user responses. The validity of the conclusions drawn from these studies is based on the reliability and
representativeness of these data. Poorly designed experiments or low-quality data can lead to misleading results,
compromising the development and optimization of multimedia systems. Thus, ensuring the collection of accurate
and meaningful subjective data is critical to advancing research and improving multimedia technologies.

To ensure the quality of subjective data, an effective handling of outliers is needed. In most cases, studies are
interested in an average user opinion, which is not reflected by outliers. Those outlying subjects can significantly
skew results and lead to erroneous conclusions. Outliers in subjective experiments can arise from factors such
as inattention of participants, misunderstanding of tasks, extreme personal biases, or technical problems [12].
Detecting and managing these outliers requires robust methodologies tailored to the specific characteristics of
the data. In practice, researchers often resort to standardized methods for outlier detection. In particular, the
International Telecommunication Union Telecommunication Standardization Sector (ITU-T) Recommendations
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BT.500 [7] and P.910 [8] detail three subjective screening methods that can be used for detecting and correcting
outlier behavior in subjective data.

Testing the accuracy of the subject screening methods on real subjective data is not possible, as it is not
known in advance which subjects, if any, would exhibit outlying behavior. Synthetic datasets obtained through
simulations, on the other hand, would allow accurate testing of specific subject screening methods by precisely
controlling the number of outlying subjects and the percentage of scores affected by outlying behavior. Therefore,
incorporating simulations into the evaluation process is crucial to advance the development and validation of
reliable subject screening methods. However, the methods described in the recommendations have not been
rigorously tested by simulation, as models of how subjects behave in a typical subjective experiment are relatively
new [10, 12], and no simulation software is available to create synthetic datasets. Thus, no benchmarking of such
methods is available in the literature. This is the research gap we aim to address in this work.

In this paper, we compared the three subject screening methods described in the BT.500 and P.910 with respect
to using all available data (i.e., performing no outlier detection or removal). To do so, we defined a simulation
framework for subjective scores that allowed us to effectively generate realistic subjective scores; and then to
manipulate the amount of randomness added by a specific subject, as well as the number of subjects that generate
randomness. Doing so, we could rigorously test different methods on large amounts of synthetic data. As no
large-scale benchmarking of subject screening methods has ever been performed, no metrics have been defined
to evaluate their performance. To fill this gap, we propose several metrics to assess the effectiveness of the
methods according to four categories: error, accuracy, dispersion, and resolution. Our results indicate which
outlier detection method would be more suitable in different scenarios.

The list of contributions is as follows:

(1) We propose a simulation algorithm generating subjective scores: We envision two scenarios: 1) a typical
subjective experiment scenarios; 2) a scenario with little variation among subjects (*super precise”). The
two scenarios allow testing the performance of the subject screening methods in different situations,
where it might be easier or harder to spot outliers. The algorithm is implemented in open-source software
(available here: https://github.com/LucjanJanowski/subjective-exp-simulation-subject-screening) that
allows researchers and practitioners to perform their own simulations and extend them with different
subject scenarios.

(2) We propose 10 metrics to evaluate the performance of subjective screening methods, based on their
capability of correctly detecting outliers, inferring the true quality value, minimizing the dispersion of
the data, and aiding in statistical analysis. The metrics provide several axes on which to evaluate the
performance of the subject screening methods, and can be used to benchmark future methods as well.

(3) We evaluate the methods described in the standards, showing their strengths and shortcomings. Such
in-depth evaluation has never been conducted before, as the nature of subjective data does not allow to
know in'advance how many outliers are present in a given dataset. Thanks to our simulation framework,
we are able to showcase the performance of different outlier detection and removal algorithms as more
and more outliers are added to the data. In particular, we indicate how one algorithm should not be used
as it fails to improve the results in the majority of cases.

2 Related work
2.1 Standardized methods for subject screening

In ITU-T recommendations, a set of standardized procedures are defined to evaluate the quality of telecommuni-
cation services, networks, and systems through rigorous and reproducible testing methods. By following the
procedures detailed in the standards, researchers and practitioners can be relatively sure to minimize bias in their
evaluation and obtain reliable results. As part of the standards, “post-screening” methods can be defined to detect
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and possibly eliminate subjective data that is presumed not to represent the general behavior of the population
and would thus skew the results.

Three main subject screening methods are standardized in ITU-T Recommendations. ITU-T Recommendation
BT.500 [7] describes two of them: the first is Kurtosis-based (we will refer to it as BT.500 in the rest of the
paper), whereas the second is correlation-based and refers the readers to ITU-T Recommendation P.910 (hence
we will refer to it as P.910 in the remainder of the paper). ITU-T Recommendation P.910 also describes the
Alternative Projection (AP) method, which is not a typical screening method since it does not detect scores to be
removed but uses the weighting method, limiting influences of answers coming from less relevant subjects. In
the following, each screening method is briefly described, mostly by equations. For more details, please link to
specific Recommendations.

In order to describe screening methods, we start by describing single-subject answer. In BT.500; a subjective
score is described as w;j, for i-th subject, j-th test condition (PVS), k-th sequence (SRC), and r-th repetition. For
simplicity, in this paper, we assume that all subjects rated all PVSs and we ignore sources, as they are not used in
the screening methods. Thus, a score is given by u; with users and JPVSs.

2.1.1  Kurtosis-based screening: BT.500. Method BT.500 is based on counting the number of times a specific answer
is out of range. Specifically, two counters P; and Q; are computed per subject i, by iterating over every PVS j:

ZI (uy—1)*
i=1 I-1

The coeflicient k depends on the kurtosis coefficient ﬁ]@) = (r:zn4)2 where m, is given by:
2

in which u; is the average score for PVS j, and Sj = is the standard deviation.

©)

X

I _
B I

The kurtosis coefficient indicates the tailedness of the score distribution; thus, it can be used to ascertain
whether the scores can be considered normally distributed or not. The kurtosis value is here used to determine
the value of coefficient k as such:

2. if2<p? <4

k() =
(ﬁ] ) \J20, otherwise

Finally, after calculating P; and Q; for all scores given by a specific subject, we test two conditions: % > 0.05

and “g;gz‘ < 0:3. If both are true, then we reject subject i.

2.1.2  Correlation-based screening: P.910. The method we call P.910 is based on Pearson’s correlation between
subjective scores and mean for all scores:

p; = cor(u;j, 4;) (4)
A threshold ris set for the correlation (in the standard, r = 0.75). If p; < r, then the subject is discarded, and the

new average i; is computed by excluding the subject. The process is repeated until no p; is below the threshold.
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2.1.3  Alternating projection screening. Recommendation P.910 describes another method based on subject model
“Bias-subtracted consistency-weighted MOS method for subject screening”. It employs a recursive AP process
using calculated parameters to improve the precision of calculating parameters in the next step. Three model
parameters are calculated by:

D Y (G R O )

U (5)

! 21_1:1(01_(1—1)),2

where oi(o) =1land /J(AQ) =0

Y - )

) = = j : ()
1 I

hj = uij—llj(-) —ll(Ai) (7)

7 Ry
o = 2o 0y =7 (8)

J—1

0

-1 _ ,u](l))z < ). Afterwards, #; < yi; . Please

The process is run until convergence is achieved (i.e., Z{_l(,uj

note that the method does not modify the distribution of the scores, but updates the mean to give less weight to
untrustworthy subjects. Thus, it cannot be directly used for statistical tests that require the distribution of scores,
such as ANOVA or t-test.

2.2 Non-standardized methods

Besides methods described in the standards, not much work is related to subject screening. In [11] adaptation
of Generic Probabilistic Model (GPM) for subjective data was proposed. This approach is similar in the concept
to AP method. The main difference is using a different underlying model and assumption that a subject change
states from spamming to correct answers. Since in this work we are interested in testing solutions described in
standards, GPM method was not implemented. We leave it as a future research.

An interesting problem related to subject screening in psychology is described in [19]. It is pointing that by
removing study participants, we introduce specific bias. Again, understanding better how a specific screening
method works is crucial for better understanding eventual bias introduction. This work was done for the
measurement of response time in [1] where the simulation study allows comparing three different methods used
in the psychology study. The goal of our work is a similar analysis in the multimedia quality domain.

The main goal of screening subjects is to obtain more precise data. The problem of multimedia data precision
is described in numerous publications. One of the first attempts in this direction was the proposal of the SOS
coefficient [6]. The extension of this concept using subject models and simulations is described in [9]. The most
systematic analysis of subjective experiments is presented in [17]. This publication extends the ideas presented in

[9].

3 Simulation methodology

The recent development of the subjective model allows the simulation! of a typical subjective experiment
[10, 12, 15]. In this paper, we use a model proposed in [12], because it contains parameters that describe a subject

Igenerate scores for I subjects and J stimuli
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and a stimulus and provides a fast estimation algorithm. For simplicity, we refer to this model as Zhi2020. For the
Zhi2020 model, the subjects’ scores are given by:

W = min(5, max(1, [lﬁ] + A+ N(0,0)]) )

where /; is the true quality of a stimulus j, o; is the precision of the ith subject, A; is the bias of the ith subject,
and |x] is integer the closest to x.

Consequently, when simulating an experiment with I subjects and Jstimuli, one has to select J + 2] parameters.
However, the selection method for these parameters is not described in the literature. Here, we propose a
parameter selection procedure to simulate a typical laboratory experiment and the so-called “Super Precise”
experiment. We start from selecting 21 subjects’ parameters.

3.1 Subjects’ Parameters

The behavior exhibited by subjects participating in user studies naturally spans a wide range of behaviours. For
simplicity, in our work we describe two types of subjects: a “Typical” subject and a“Super Precise” subject. We
argue that on top of the “Typical” subject, the “Super precise” subject simulation is especially useful in the scope
of analyzing subject screening methods.

The “Typical” subject simulates a subject observed in a subjective experiment. Therefore, we reanalyzed all
subjective experiments described in [14] using the AP estimation algorithm described in Section 2.1 [12]. We
excluded experiments with repeated scores. We obtained 423 estimates of the bias and sigma parameters. Next, we
use the R package fitdistrplus? to find the parameters to fit the 423 observed samples to a normal distribution.
Doing so, we obtained:

A; ~ N(0,0.3375)
and
0; ~ Lognormal(—0.431,0.191)

The parameters of the “Typical” subject were estimated based on data from subjective experiments, which can
include scores of subjects that should be screened. Therefore, we extended our simulations by including “Super
Precise” subjects. Intuitively, “Super Precise” subject has no bias and no variance of the ratings, i.e. A; = 0 and
0; = 0. However, in such a case, we cannot obtain a MOS different from a discrete value. This is because equation
(9) for A; = 0 and ¢; = 0 is:

w; = [l
which is a discrete value3.

To solve this problem, we have found o; such that:

min (E(IN (4, 0)]) - 9)?

The minimum for the above equation, obtained by simulations, is reached for o = 0.36. Finally, “Super Precise”
subjects are defined by:
A; ~ N(0,0.01)
and
0; ~ Lognormal(In(0.36),0.01).

As mentioned before, many other subject models can be crafted, either by theoretical modelling or by obtaining
subject parameters from other existing datasets. Our framework allows adding to the existing models to test the
outlier detection and removal algorithms in more diverse settings.

2https://cran.r-project.org/web/packages/fitdistrplus/index.html
3More details on the behavior of Zhi2020 for different variances can be found in [2].
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3.2 Stimuli Parameters

In Zhi2020 model, a stimulus is described by one parameter i representing the true qualities. A well-designed
experiment should be designed so that the true qualities cover the entire range of quality scores from 1 to 5. The
easiest solution would be to draw the true qualities from a uniform distribution ¢; ~ U(1, 5). However, a typical
set of experimental stimuli is generated by selecting source videos and compressing them at different levels.
These levels are due to different compression settings and/or different codecs used for compression. Therefore,
we have to select the quality of the source stimuli and determine how the quality drops with compression.

In an ideal scenario, the i distribution of the source stimuli would be equal to the highest value of quality
score, i.e., 5, since the source stimuli are uncompressed and undistorted. However, in practice, the source stimuli
can have varying scores, due to subjective preference or acquisition errors in the source itself [16]. Nonetheless,
the distribution ¢ of the source data will be skewed towards the higher ranges of the scale, and low values will be
given very seldom. To accurately simulate real experiments, we derive the ¢ distribution of the source stimuli
from the MOS obtained for the quality of the sources in existing subjective experiments. We used the HDTV test
[16] to estimate the quality of the 78 sources. We use the R package fitdistrplus to fit the 78 sources to a beta
distribution. The beta distribution was chosen as it allows for the modeling of random variables over a finite
interval (in our case, the minimum and maximum value of our test, e.g., [1,5]). Doing so, we obtained:

Y ~ 45e(20.8,2.6) + 1

Note that the above equation provides only the source quality, i.e., the quality of the undistorted, uncompressed
stimulus. In order to generate the true qualities for the whole experiment, we have to specify how the source
qualities change at different compression levels. The change should follow a logistic function [5, 18]. Different
source stimuli result in different shapes of the quality drops, but within a reasonable range. In addition, we need
to simulate the effects of different codecs. To fulfill the above-mentioned conditions, we use the function given
by:

e (x—b+c)

Y= — 1 (10)

where f; is the jth stimulus quality obtained for source k, y is the true quality of the source k, x is a bit rate, ay is
a parameter that determines the slope of the logistic function, by, is a parameter that determines the position of
the logistic function, ¢ is a difference between codecs.

To obtain different sequences and codec behaviors, the parameters of equation (10) are random. We selected,
by simulations, such distributions @ ~ U(3, 6), b ~ U(0.3, 1.2). The only parameter that is not random is ¢, which
models the shift between the sigmoid functions generated for codecs 1 and 2. Our objective is to determine the
difference in quality for these codecs. This difference changes with x. Our simulations show that the difference
in quality is linearly related to c if ¢ < 0.5. A higher c can generate an unrealistic i/; distribution. Based on
our simulations, given that ¢ < 0.5, the mean difference is: mean_dif = 2.6¢c and the maximum difference is
max_dif = 4.5¢.

Let us analyze an example to clarify the algorithm described above. Consider a simulation with 16 source
stimuli, each compressed with two codecs at five levels of compression. The true quality for codec A is higher
than for codec B on average by 0.5. The simulation involves four steps. The first is to draw 16 values from
4Be(20.8,2.6) + 1 - let us call them ¥, -+, ;4. These are the source quality values, when no distortion is
applied. The second step is to draw parameters for specific source stimuli a;, -+, a;¢ and by, -+, by ¢ from specific
distributions. The third step is to calculate the true qualities for codec A for the selected parameters j., ai, by, ¢; = 0
and x = {0.25,0.5,0.75, 1.0, 1.25} (the values of x are chosen to mimic equally-spaced bitrate values). The final
step is to calculate the true qualities for sequences using codec B. Since the mean quality difference between
codecs A and Bis 0.5, ¢c = % = 0.192. Therefore, the qualities of codec B are calculated with the parameters

N
1+ eak(x—hk+cl)
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@) (b) © (d)

Fig. 1. Example of true quality curves for a two-codec scenario, using the parameters detailed in Sec. 3:2. The difference
between the quality of the two codecs is set to 0.5.

Yk, A, by, ¢, = 0.192 and the same x. An example of four random curves obtained with these parameters can be
seen in Figure 1.

3.3 Validation

To validate our stimuli generation framework, we use the HDTV dataset 3 [16]. In particular, we extract the MOS
scores for each PVS, and we estimate the subject parameters using the alternating projection algorithm [12].
Then, we use our framework to generate the corresponding subjective scores. We run 1000 simulations and we
compute the Pearson correlation coefficient p and the RMSE between the original MOS and the MOS obtained
from our simulation. Results show high consistency with the original scores, with an average p = 0.992 (std =
0.00083), and an average RMSE = 0.147 (std = 0.00761).

3.4 Experimental scenarios

In the simulation, we assume that the goal of the experiment is to compare two different codecs. We consider
two scenarios: Scenario A: Typical subjects and Scenario B: Super Precise subjects. Both scenarios refer to typical
lab experiments with 160 stimuli (16 sources, two different codecs, each with five different levels) and 24 subjects.
In both cases, i/ is generated as described in Section 3.2. In cases where simulation considers different qualities,
we specify the selected value of ¢ For other simulations, we select ¢ = 0%. The difference between scenarios is
the subject’s precision. Scenario A and Scenario B differ in terms of subject parameters. Those parameters are
generated from typical subject distributions or Super Precise subject distribution, respectively, as described in
Section 3.1.

To evaluate how subject screening methods work, we need to add outliers to our scores. In this manuscript,
we decided to limit our analysis to a simple scenario in which erroneous answers ;; are assigned to a certain
percentage p of the set of PVSs Jby a certain number N of the total set of subjects I, due to incorrect labeling of
the results, as seen in [12]. To do so, we permute the scores of N subjects with probability p.

4 Metrics

Defining what constitutes an outlier is a nearly impossible task [19]. However, at the bare minimum, we want
our outlier detection algorithm to be able to identify erroneous answers, which might be due to an incorrect
labeling of the results, as shown in [12]. Thanks to our simulation setup, we have the ability of knowing exactly
what answers were erroneous. Thus, we define two error metrics: the True Detection Probability (TDP), which
indicates the probability of a subject screening method to actually detect 100% random answers, and the False

4No difference between codecs.
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Detection Probability (FDP), which indicates the probability of a subject screening method to flag admissible
answers as outliers.

Each outlier detection algorithm can potentially change the estimated accuracy of the MOS and the dispersion
of the obtained value. Both the accuracy (i.e., how far the estimated value is from the true value) and the dispersion
(i.e., how the obtained values are statistically distributed) can influence the experiment resolution, that is, the
ability to see statistical differences for specific real differences. Therefore, to compare different outlier detection
algorithms, we have to use metrics that target all of those aspects.

To check the accuracy of our estimators from the true quality when outliers are added (or removed), we use
three methods. Firstly, we want to check the linear relationship between our estimated value MOS, (where
y = [None, BT.500, P.910, AP] denotes the method chosen to estimate the MOS value), and the true quality . To
do so, we use the Pearson Linear Correlation Coefficient (PLCC). Similarly, we check the monotonicity of the
relationship between ¢ and MOS, using Spearman’s Rank Order Correlation Coefficient (SROCC). Finally, to
have an idea of the error between our estimation and the true value, we compute the Root Mean Square Error
(RMSE). Higher values of PLCC and SROCC, and lower values of RMSE, will denote more similarity between the
true value and its estimation.

Subject screening algorithms can potentially change the distribution of the scores from which the estimated
value is drawn, thus changing the results’ distribution. In order to quantify it, we rely on three metrics. The first
is the Standard Error (SE) estimation, which is commonly used in order to compute the Confidence Intervals
(CIs). The SE allows us to measure the dispersion of our estimation, weighted by the size of the sample. A smaller
value of SE indicates narrower CIs; however, that alone does not-guarantee amore precise estimation, as the
true quality value might lie outside of the SE range. Thus, we measure whether the true quality value would lie
in the CIs computed based on our estimation algorithms, and we denote it with Confidence Interval Accuracy
(CIA). This gives us an indication of whether our estimation algorithms significantly changed the distribution, to
the point that the true quality would not be captured. Drawing from the literature, we also compute the SOS a
parameter [6], to understand whether adding (or removing) outliers causes notable changes in its value. The SOS
a gives an idea of similarity of the users, and the reliability of the user study.

Subjective studies are often used to judge whether one source of distortion is to be preferred with respect to
another: for example, to select the compression configuration that leads to the highest MOS. To perform the
judgement, Student’s t-tests are commonly employed, with the null hypothesis stating that the two configurations
are equivalent, and the alternative hypothesis stating that they are different. In Student’s t-tests, two type of
errors can be found: type I (false positive) errors occur when the null hypothesis is wrongly rejected; type II
(false negative) errors occur when we fail to reject the null hypothesis, even though the hypothesis is false. The
probability of committing a type I error is denoted with @, whereas the probability of a type II error is denoted
with f: the first is set in advance by the investigator, whereas the second depends on the size of the samples and
their differences. Thanks to our simulation, we are able to know in advance whether the null hypothesis should
be rejected or not; this gives us the opportunity to test the effect of the subject screening methods on the « and f
errors. To do so, we perform a t-test, and we count the number of times the hypothesis is correctly rejected or
not; this further gives us an idea of the resolution of our estimations.

We list all the metrics, with relative marker, in Table 1.

5 Results
The results are divided by the category, as described in Table 1.

SNote that, since they refer to different scenarios, at any given point we will have either the « error (if we set the configurations to be
equivalent) or the ff error (if we set the configurations to be different)

ACM Trans. Multimedia Comput. Commun. Appl.



A Framework for Simulating Subjective Experiments: Testing Subject Screening « 9

Table 1. Metrics used to compare different subject screening methods.

Metric | Category | Description

TDP | error Probability of detecting 100% random answers
FDP | error Probability of detecting “normal” tester as a random

PLCC | accuracy | Testing linearity between MOS and ¢/
SRCC | accuracy | Testing ordering between MOS and
RMSE | accuracy | Testing difference between MOS and ¢/

SE | dispersion | Average standard error of each PVS for the whole experiment
CIA | dispersion | Probability that i/ is in the 95% confidence interval
SOS-a | dispersion | Overall precision of the experiment

a | resolution | Significance level: Probability of wrongly rejecting the null hypothesis
1— B | resolution | Power: Probability of correctly rejecting the null hypothesis

1.0 1 1.04
= 0.81 = 0.81
2 8
2 g
] 2
=061 —— TDP BT.500 =061 —— TDP BT.500
S —— TDP P.910 B —— TDP P.910
= ---FDP BT.500 = --- FDP BT.500
= 0.4 --- FDP P.910 = 0.4 --- FDP P.910
3 3
< <
2 2
2 2
0.2 A0.2
- "
0.0 Z====mmmse——- £ 0.0 ==mmmmmmmmmmmmm oD
0 5 10 15 20 0 5 10 15 20
Number of subjects with permutated scores Number of subjects with permuted scores
(a) Scenario A: Typical subjects (b) Scenario B: Super Precise subjects

Fig. 2. True and False Detection Rate for outlier detection algorithms BT.500 and P.910, as a function of the number of
fully random subject scores. AP and None methods do not mark subjects to be removed, therefore TDP and FDP cannot be
calculated.

5.1 Error

Results of the simulations with scenario A and B are presented in Figure 2. Specifically, we show the TDP and
FDP (see Table 1) for outlier detection algorithms BT.500 and P.910, for different number N of subjects whose
scores were permuted. In this simulation scenario, we permute the N subjects with probability p = 1. Please note
that we could not use the error metric on the AP algorithm, as the algorithm does not flag outliers.

An ideal outlier detection algorithm should be able to always identify fully randomized answers from a subject
(TDP = 1), while avoiding to flag “correct” answers as outliers (FDP = 0). For Scenario B (Precise subject model),
we can see that BT.500 does not work, as it is unable to reach a perfect detection of subjects with permuted scores:
even when only one subject has been affected with score permutation, the probability of detection remains at

ACM Trans. Multimedia Comput. Commun. Appl.
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around 0.9. We notice a peculiar dip in TDP value when N = 4, before increasing as N increases up to N = 10.
The dip can be explained by considering the nature of the score distribution and how the BT.500 algorithm works
(see equation (3)). As our subject model has very low variance, when little or no randomization is applied to the
scores, it is unlikely that, for a given stimulus, the score distribution will be considered normal (that is, with a
kurtosis coefficient between 2 and 4). As N increases, the score distribution for a given stimulus starts converging
to a normal distribution, thus leading to a change in coefficient. This explains why, from N > 5, we observe
an increase in TDP values. However, from N = 9 onward, the TDP sharply decreases until N = 17, where we
observe that BT.500 is unable to detect any of the outliers. This can be explained considering again the nature of
the algorithm. As the number of users with permuted scores increases, the distribution of the scores for a given
stimulus approximates a uniform distribution between 1 and 5; thus, the average score y — 3, and the standard
deviation o — 2/sqrt(3). It is statistically unlikely that a user with randomized scores will fall far outside of the
distribution often enough to be flagged as an outlier. On the other hand, we can notice how P.910 is more robust
to such randomization: all the outliers are correctly flagged as such, even when they represent the majority of
the subjects. In terms of FDP, we can see that it is close to 0 for both algorithms, meaning that neither of them
incorrectly flags normal subjects as outliers.

Similar trends can be observed when we consider Scenario A (Classic subject model). In particular, we can
notice that again, BT.500 is unable to correctly flag as outliers users with permuted scores with 100% accuracy,
whereas P.910 is always able to detect users with permuted scores.

5.2 Accuracy

In this section, we test the correlation between our true score i/ and the MOS we compute after applying a given
outlier detection algorithm. In this case, we test all the standardized subject screening methods, and we compare
it with a baseline of no subject screening. To obtain a better granularity in the percentage of scores that are
affected by permutation, we now consider two parameters: the number of subjects N whose scores are affected
by permutation, and the probability p of each score being permuted, as indicated in section 3.4. Please note that
the p = 0 scenario indicates the ground-truth values of our simulation (i.e., no permutation was added). For the
sake of keeping our results legible, we limit N = [1,4, 7, 10]. Results for both scenarios can be seen in Fig. 3 and
Fig. 4. We omitted the results for SRCC, as they were exhibiting similar trends with respect to PLCC.

One main observation that we can draw from the results in Fig. 3 is that the PLCC between the obtained MOS
value and the true value is very high in all cases under consideration; even when we select N = 10 and p = 1.0
(meaning 10 subjects with-100% probability of having their scores permuted), the worst PLCC value that we
obtain is 0.951 for Scenario B (Precise) in the case of no subject screening. We obtain the worst results when no
subject is removed; in particular, we see that the PLCC remains constant when only one subject is affected by
the permutation, and slightly lowers for p = 1. As Nand p increase, we see that the PLCC lowers accordingly.
BT.500 follows similar trends with respect to the baseline case, albeit with less severe decrease in PLCC values;
specifically, we see that the values progressively lower as we increase N and p. On the other hand, both P.910
and AP are more robust to variations of N and p: in particular, we can notice that for both algorithms, no change
in PLCC values is observed up to N = 4 for Scenario A (Classic), and up to N = 7 for Scenario B (Precise). In
Scenario A, we can see that for N = 7, the PLCC value slightly drops, achieving a similar performance with
respect to the baseline case with p = 1, despite having a significantly larger amount of subjects affected; even
with the highest values of N and p, the PLCC difference remains very small. In Scenario B (Precise), we can
observe that a drop in PLCC values is only registered for the highest value of N. Comparing the two methods, AP
is slightly more robust, as changes in PLCC values are visible for higher values of p with respect to P.910.

In the case of RMSE (see Fig. 4), we can immediately see the impact of not applying any screening method, as
the error in the baseline progressively increases as N and p increase. In the case of N = 10 and p = 1 (meaning,
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Fig. 4. RMSE between quality used in the simulation i and the observed as simulation output (MOS)

10 subjects had their scores permuted with 100% probability), we obtain an RMSE value of 0.521 in Scenario A
(Classic), and 0.530 in Scenario B. All the subject screening methods under consideration are able to reduce the
error considerably; among the three, BT.500 is the worst-performing one, with a maximum RMSE value of 0.266
in Scenario A, and 0.218 in Scenario B. AP and P.910 have very similar performance and show high robustness;
the performance only degrades for N = 10 in Scenario A, and for Scenario B, almost no difference in RMSE is
observed even for the highest values of Nand p.
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5.3 Dispersion

In order to test the impact of randomization on dispersion, we first check how the SE changes as we increase
both the probability of a random answer p, and the number of subjects N affected by it. Fig. 5 shows the results
for all the subject screening methods, for both scenarios (typical and super-precise subject model) under test. For
both scenarios, we can observe an increase in SE values as N and p increase. The trend is especially clear when
no outlier detection algorithm is applied: in this case, the SE almost doubles in scenario A, and almost triples
in scenario B. The effect is mitigated when we apply the subject screening method BT.500 or P.910, the latter
achieving a bigger reduction in SE increase. We can also observe that using the AP algorithm does not reduce the
SE values; in fact, similar trends can be observed with respect to the baseline case, when no subject is removed.

None BT.500 None BT.500

0.235
1.0 1.0
1.0 0.219 40
7.0 - 70
0.203 £
10.0 < 10.0

0.187

0.225

0.205

0.186

0.167

Number of subjects N
Number of subjects N

P.910 AP 0.171 P.910 AP 0.147

10 10
0.155 0.128

1.0 1.0
70 0.139 70 0.108
10.0 0.123 10.0 0.089

0.0 0.1 03 05 07 0.9 1 00 0.1 0.3 0.5 07 09 1 0.0 0103 05 07 09 1 0.0 0.1 0.3 05 07 0.9 1
Probability of random answer p Probability of random answer p
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Fig. 5. SE between quality used in the simulation i and the observed as simulation output (MOS)

Fig. 6 depicts the CIA, which is the probability that the true quality i is within the confidence interval of
the predicted MOS. This measure helps us understand whether our randomization affects the probability of
statistically “capturing” the true quality, and whether outlier removal helps in that regard. In computing this
interval, we are excluding the cases for which the standard error would be zero: in that case, the confidence
interval would also be zero, and so would be the probability of i being contained in the confidence interval. We
can observe that; in the absence of any randomization, the CIA is quite high, with values of 0.944 for the typical
subject.model (scenario A), and 0.922 for the super-precise model (scenario B). The lower values observed in
the latter case can be explained by the fact that the standard error is lower in scenario B (see Figure 5), thus,
the confidence intervals are narrower. We can observe that, by increasing the randomization in our scores and
without applying any outlier removal or correction, the CIA gets progressively lower, despite the confidence
intervals themselves getting larger, as seen by the larger values of SE. This is due to the fact that the randomization
process changes the distribution of the MOS values: as we add more random noise uniformly distributed between
1 and 5, the MOS values slowly converge towards the middle of the curve. Thus, the true values i/ that are at
the edges of the distribution (think of very low quality or very high quality) will naturally fall outside of the
confidence interval. Applying outlier removal algorithms, such as BT.500 and P.910, reduces the SE, as seen in
Fig. 5, and thus will reduce the impact on the CIA. However, despite the fact that large SE were also observed
when applying AP, we do not observe the same phenomenon when looking at the CIA: in fact, in this case, the
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probability of the true quality i being inside the confidence interval increases. The AP algorithm does incorporate
more uncertainty in the prediction, as shown in the SE results; however, its estimation of the true quality is very
robust even with high values of randomization.
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Fig. 6. CIA between quality used in the simulation i and the observed as simulation output (MOS)

To see how the user distribution varies with randomization, we compute the SOS a, shown in Fig. 7. From the
literature, lower values of a correspond to more precise user studies (think of controlled lab tests), whereas larger
values of a are observed in less controlled conditions, such as crowdsourcing. Similar trends can be observed as
we stated before: in our baseline case, as Nand p increase, larger values of a are observed, in both scenario A and
B. Outlier removal algorithms reduce this effect by removing the source of randomization: we can see that in
both scenarios, for BT.500 and P.910, the a value remains consistent. We can also observe that this is not the case
for the AP algorithm: this is to be expected, since the algorithm incorporates the uncertainty in its prediction.
Thus, the a value reflects the added uncertainty and the larger differences between user models.

5.4 Resolution

In terms of resolution, we want to analyse the impact of outliers when we are using Student’s t-test to compare
two different sources of distortion. In this case, we need to differentiate between two cases: when the two sources
are equivalent, and when they lead to different distributions in distortion. In the first case, we are interested in the
significance level a: that is, the probability of erroneously detecting differences among the two sources when there
are none. In the second case, we are interested in the power 1 — f3: that is, the probability of correctly detecting
differences among the two sources. In the latter case, results naturally depend on the actual difference among the
sources; in other words, on the effect size of the test we are conducting. The effect size is linked to the power
of the experiment, and its sample size: sensitivity analysis allows, for example, to determine the required effect
size d given a certain «, 1 — f3, and sample size n; post-hoc analysis allows to determine the achieved power 1 — f,
considering the values of d, , and n. For our experiment, in which we are comparing two distortion sources with
80 stimuli each, and 24 participants, our sample size is n = 1920. We consider two possible effect sizes: d = 0.064,
which would lead to an expected power 1 — ff§ = 0.80, and d = 0.098, which would lead to an expected power
1—f =0.99, setting & = 0.05. All the effect sizes and relative power were computed using G*power [3, 4]. To
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Fig. 7. SOS a between quality used in the simulation i and the observed-as simulation output (MOS)

convert our effect sizes to actual differences among the curves, we consider that d = g, in which p is the mean of
differences, and o is the standard deviation of differences, which we consider coming from a continuous uniform

distribution U 51: 0 = | /%(5 — 1)2. Please note that, since we need access to the underlying distribution of
scores for each subject, we cannot test the performance of the AP algorithm, as the algorithm does not apply any
change to the raw scores.

Fig. 8 depicts the variation in observed a values for different outlier detection algorithms, as a function of the
probability of random answer, and the number of subjects affected by the randomization, for the two scenarios
under test. We can observe that, in the case of no randomization (p = 0), in scenario A (typical model) we achieve
a higher statistical significance value than expected: with « values around 0.067, we observe a higher chance of
type I error than we would expect. For scenario B, conversely, we see a values around 0.05, as we would expect.
As we add randomization, the @ value tends to get lower, in both scenarios. This is to be expected: by adding
randomization in a uniform fashion, we are expecting the two scores distribution to more closely resemble each
other, thus decreasing the chance that we would observe difference among the two when there are actually none.
In fact, the high values of type I error we observe with no randomization point to the fact that the t-test we are
performing is likely to be too powerful, detecting statistical differences when there are none in 5% of the cases.
Similar results can observed on the distribution of the a values as we increase N or p, between applying the
BT.500 algorithm or opting out of subject screening altogether. However, we can observe that P.910 maintains
more stable results even as p increases, in virtue of the randomized subjects being detected and thus removed.

Fig. 9 and 10 depict the variations in achieved power 1 — f for different outlier detection algorithms, again
as a function of number of randomized subjects, and probability of randomization. We can see that, when no
randomization is applied (p = 0) our simulations for the typical subject model (scenario A) closely approximates
the expected power we computed: in Fig. 9, we achieve a power of 1 — = 0.778 (expected: 0.80), while in Fig. 10,
we achieve a power of 1 — § = 0.978 (expected: 0.99). As we progressively increase the randomization in our
scores, we see the power steadily decreasing: for an expected power of 0.80, when no outlier detection algorithm
is applied, the randomization has a strong effect on the achieved power, getting as low as 0.196 (meaning that in
the large majority of the cases, we would not be able to see statistical differences among the two codecs). The
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Fig. 8. Observed values of significance level a for different outlier detection scenarios (None, BT.500, P.910), in relation to
the probability of random answer (x-axis), and to the number of subjects affected by randomization (y-axis). The difference
among the two simulated curves is set to 0.

situation improves when we use the BT.500 outlier detection algorithm: for example, for N = 4, we are able to
achieve consistent levels of power 0.6, whereas for no outlier detection applied, we would get as low as 0.4. In
the worst scenario we consider here, for N = 10 and p = 1, we have an achieved power of 0.36, almost double to
what we achieve when no outlier correction is applied. However, P.910 clearly shows a superior performance:
even in the worst-case scenario, we are still achieving a power of 0.6. Similarly, for an expected power of 0.99,
P.910 achieves a minimum power of 0.88, whereas BT.500 gets as low as 0.61, and no outlier detection brings the
power down to 0.33.

For scenario B (super-precise subject model), we can observe that the achieved power is larger than the expected
power, when no randomization is applied: in particular, we achieve a power of 0.99 for an expected power of 0.80,
and a power of 1 for an expected power of 0.99. This is in virtue of the parameters of our simulation, which make
the two score distributions very distinctive, as little variance is added to the data. Thus, smaller differences among
the curves can be detected with the same power. The effect of randomization, however, is equally disadvantageous
for scenario B: without performing any outlier detection algorithm, the achieved power lowers down to 0.23
for an expected power of 0.80, and to 0.44 for an expected power of 0.99. Applying outlier detection algorithms
clearly improves the achieved power of the test. The best performance is again seen for P.910, whose achieved
power for scenario B never goes below 0.9.
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Fig. 9. Observed values of power 1 — f for different outlier detection scenarios (None, BT.500, P.910), in relation to the
probability of random answer (x-axis), and to the number of subjects affected by randomization (y-axis). The effect size is set
to 0.064, corresponding to a difference among curves of 0.074. Expected power = 0.80.

6 Conclusions

In this work, we presented a novel approach to simulate subjective experiments by introducing an algorithm
applicable to two distinct scenarios. These simulations enable comprehensive comparisons of different screen-
ing methods. More importantly, they provide a foundation for future studies aimed at developing statistical
methodologies for subjective experiments and extending the validation or development of new screening methods.

The metrics we proposed for validating subjective experiments offer a deeper understanding of experimental
results. They facilitate the evaluation of various setups and algorithms from multiple perspectives, including
accuracy, dispersion, and resolution. We anticipate that these metrics will become a standard tool in future
simulation studies.

Additionally, the entire codebase for generating all simulations and plots is publicly available at https://github.
com/LucjanJanowski/subjective-exp-simulation-subject-screening. We hope that future researchers will leverage
this resource in conducting diverse simulations to explore specific aspects of subjective experiments.

The most important conclusion drawn from our simulations is that the kurtosis-based subject screening method
described in BT.500 is ineffective under our experimental conditions. It fails to robustly detect random users
and consistently underperforms compared to the correlation-based method described in P.910 across various
metrics. This conclusion has direct implications for the research community. We strongly advise adopting the
P.910 methods—either the correlation-based approach or the AP method, as both are robust in the presence of
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Fig. 10. Observed values of power 1 — f for different outlier detection scenarios (None, BT.500, P.910), in relation to the
probability of random answer (x-axis), and to the number of subjects affected by randomization (y-axis). The effect size is set
to 0.098, corresponding to a difference among curves of 0.113. Expected power = 0.99.

strong perturbations. In particular, P.910 might be more suitable for cases in which researchers wish to perform
statistical tests that require the entire distribution of scores, such as t-tests or non-parametric tests. Conversely,
AP is particularly suitable when researchers do not wish to exclude large swaths of data due to localized errors or
outlying behavior, as it allows them to retain the data and weigh it appropriately.

The work here is limited by the outlier and score modeling, which is kept simple to demonstrate our analysis
in a baseline scenario. We based our subject model on previous work [13]; however, different models could be
consider that account for content or stimulus ambiguity [10]. Based on that, we analysed a simple score scenario
with two soeurces of compression distortion, considering only two subject scenarios (typical and super precise),
and a simple outlier scenario with permutation added to a number of subjects with a certain probability. Future
work will focus on extending the analysis beyond the scenarios presented in this work to better model different
datasets from the literature. Our simulation framework easily allows for such extensions by changing the subject
parameters and including different score modeling functions. Our future efforts will include creating more diverse
subjective score scenarios (e.g., including more than 2 coding comparisons), different subject models beyond the
typical and super-precise case, and diverse outlier models beyond permutation.
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