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Abstract—The rapid growth of multimedia products and
services creates strong competition in terms of content qual-
ity and user acceptance. While objective quality assessment
methods provide useful technical insights, subjective evaluation
remains essential for capturing true human perception. Most
subjective quality studies are conducted in controlled laboratory
environments with a number of viewers adequate to enable
statistically significant results. This presents two main limitations:
it is difficult and time expensive to involve a large number of
participants in subjective tests; not all subjects have the same
accuracy in assessing the quality of the content. To address
these limitations, an alternative approach is to collect ratings
from a smaller group of subjects and apply statistical models to
estimate the mean opinion score (MOS) as provided by a large
group of viewers. In this paper, several statistical models for
MOS estimation are evaluated using small subsets of a subjective
dataset. Specifically, EPMOS, based on ordinal logistic regression,
is examined alongside the standardized ITU-T P.910, ITU-T
P.913, and ITU-R BT.500 models. The estimated results from each
model are compared with the reference MOS computed from
the full dataset. The results demonstrate that EPMOS provides
estimation errors and correlations with the reference scores that
closely match the best performance across models, even if it does
not always achieve the absolute optimum. The complete set of
results is made publicly available upon publication of this paper.

Index Terms—Subjective quality assessment, MOS, estimation
population MOS, ITU-T P.910, ITU-T P.913, ITU-R BT.500.

I. INTRODUCTION

The increasing use of multimedia services requires reliable
methods to assess quality. Unlike objective measures, sub-
jective evaluation reflects human perception and is essential
for understanding how users experience content. Subjective
testing, however, faces several challenges, such as controlling
the environment, following standardized protocols, recruiting
enough participants, and selecting appropriate post-processing
methods. As a result, most tests rely on a limited number of
subjects. While around 24 participants are typically recom-
mended [1], researchers continue to explore ways to estimate
subjective outcomes for larger populations. To address this,
Pérez et al. [1] proposed using a small group of four to six sub-
jects repeating tests multiple times, then validating the results
against objective assessments. Statistical models have become

the most common solution for predicting perceived quality in
larger groups. For instance, Nawata et al. [2] introduced the
Generalized Score Distribution (GSD), a two-parameter model
capturing the distribution of subjective responses.

The generalized linear model (GLM) family, particularly
ordinal logistic regression, was also applied to estimate mean
opinion score (MOS). Pezzulli et al. [3] proposed estimated
population mean opinion score (EPMOS), which is well-
suited for categorical data and large subject populations. Other
models include those recommended in ITU-T P.910 [4], which
uses maximum likelihood estimation to model subject bias and
inconsistency, ITU-T P913 [5], which removes subject bias
to adjust MOS, and ITU-R BT.500 [6], which uses subject
rejection to improve robustness. Probabilistic approaches were
further developed to handle noisy ratings and detect peculiar
subject behaviors with strong theoretical foundations [7]-[9].

The standard MOS was calculated by averaging the scores
assigned by all participants to a given stimulus. Even without
further statistical adjustments to generalize the results to a
larger population, this average was widely accepted as a
reliable measure of subjective quality [10]-[15]. However,
statistical methods were not limited to multimedia applica-
tions. For instance, approaches based on GLM models were
effectively applied in other subjective assessment contexts. A
Bayesian ordinal logistic regression was employed by Sirengo
et al. [3] to identify risk factors affecting prostate cancer
screening outcomes across three categories: no cancer, early
detection, and advanced stage. Similarly, a Bayesian ordinal
logistic model was applied by Mwalili et al. [16] to correct
inter-observer measurement errors in ordinal responses, and
calibration data were incorporated to adjust for examiner-
specific scoring biases.

In this paper, we use a large dataset [17] containing per-
subject scores for six videos, each with nine degraded versions
(stimuli used the subjective tests). The scores for each video
are split into four subsets of 15, 20, 30, and 40 subjects.
Various statistical models are applied to estimate the MOS
for each subset and compared with the actual MOS computed
from all available raw scores for each stimulus. The results
showed that the ordinal logistic regression model proposed



by Pezzulli et al. [18] achieved performance that was often
comparable to or better than the other selected models in
estimating the population MOS, with only minor differences
observed in some cases. Furthermore, even with a smaller
number of subjects (e.g., 15), the EPMOS model continued
to deliver performance that was comparable to, and in many
cases better than, the alternative models.

The main novel contribution of this paper consists in the
comparative performance evaluation of different statistical
models for estimating the MOS obtained with a substan-
tially larger number of participants. The dataset was carefully
trimmed and formatted to ensure consistency and reliability.
For the EPMOS model in particular, the effective coefficients
were proposed by identifying the strongest contributing effects,
including the independent effects of the videos, the display
resolutions, and the logarithmic and square-root effects of
quantization parameter (QP). This study investigates the re-
liability and accuracy of each model in estimating the MOS
when applied to smaller subsets of the dataset (15, 20, 25, and
30 participants), and compares these results with the standard
MOS derived from a larger and more representative portion
of the dataset. The findings provide valuable insights for the
design and optimization of future subjective quality assessment
studies.

The remainder of this paper is organized as follows. Section
IT describes the dataset details and the statistical models
employed. Section III presents the analysis of the performance
of these models and their comparison. Finally, Section IV
provides concluding remarks and outlines potential directions
for future work.

II. METHODOLOGY

This section is divided into four parts: first, a review of
the dataset used for the experiments (Section II-A); second,
an explanation of the EPMOS model (Section II-B); third,
a description of the P.910, P.913, and BT.500 models (Sec-
tion II-C); and finally, the comparison criteria (Section II-D).

A. Dataset details

The dataset used for evaluating MOS estimation was the
Netflix Screen Size Crowdsourcing Open Dataset [17], which
includes 31 videos. For this study, six videos (T2-T7) were
selected because they had the largest number of per-subject
scores, ensuring more reliable analysis. Each video is available
in three display resolutions—1280 x 720, 1920 x 1080, and
517 x 291—with corresponding encoded resolutions of 1280 x
720, 1920 x 1080, and 320 x 180 [19]. Details of the QP values
for each video and resolution are provided in Table I. In total,
54 stimuli were used, with the number of raw subject scores
per stimulus ranging from 96 to 332. The reference dataset was
then divided into four subsets containing the same stimuli, but
with the number of scores limited to 15, 20, 30, and 40. All
estimation methods considered in this study were applied to
each subset independently to evaluate how well the models
can estimate MOS from a limited number of scores while
approximating the results obtained from larger populations.

TABLE I: Netflix dataset [17] QP levels by resolution

Display Resolution QP ™ T3 T4 TS5 T6 T7

Qpr 23 23 23 23 23 23
QP2 27 27 27 27 27 27
Qp3 31 31 31 31 31 31

Qpr 21 21 21 21 21 21
QP2 25 25 25 25 25 25
QpP3 29 29 29 29 29 29

Qpr 27 27 27 27 27 27
Qp2 31 31 31 31 31 31
QP3 34 34 34 34 34 34

A: 1280x720

B: 19201080

C: 517x291

All videos use identical QP values per resolution.

The original dataset contains scores in the range of 0 to
100. For this study, the scores were categorized into five
categories: 0-19 (category 1), 20-39 (category 2), 40-59
(category 3), 60-79 (category 4), and 80-100 (category 5).
This transformation was motivated by the characteristics of
the EPMOS model, which is based on categorical regression.

During model fitting, cutpoints (thresholds, denoted as «)
are estimated between adjacent categories. Using the full
0-100 scale would require a large number of cutpoints, result-
ing in an unnecessarily complex model. Therefore, the scores
were mapped to a five-level numerical scale for subsequent
analysis.

B. EPMOS model

The EPMOS model is a GLM model, specifically developed
based on ordinal logistic regression, which is useful for
categorical regression purposes [18]. Due to its GLM-based
structure, the linear predictor is defined in Equation (1). The
model is trained on each subset to estimate the coefficients
of this predictor, which capture the effects of different input
features. Specifically for this project, the coefficients represent
the independent effects of each video, the combined effects of
video and display resolution, and the logarithmic and square-
root effects of the QP on the scores. The linear predictor of
the model is defined as

=1+ N + Mm + YV QP + (6 + 6, + 6,n) n(QP). (1)

Here, n; represents the effect of video [, 7,,, denotes the effect
of resolution m, and 1, captures the interaction between
the two. In this study, [ = 1,2,...,6 and m = 1,2,3
(corresponding to A, B, and C in Table I). Moreover, vy
represents the coefficient of the independent square-root effect
of QP, while ¢ captures the independent logarithmic effect.
The coefficient §; reflects the combined effect of the logarith-
mic QP and the video, whereas &, represents the combined
effect of the logarithmic QP and the display resolution. The
matrix representation of the linear predictor can be written as
w= ,BTa:, where 3 denotes the vector of model coefficients
(including intercept terms), and @ is the input feature vector.
The value of p is then used as the location parameter of the
ordinal regression model. Let

e =M+ T+ Moy b=, Ciyn =6 4 6; + 0.



Then, the linear predictor can be expressed in matrix form as

pn=p8"w,
1
B' =lam b cam], z=|VQP |, 2)
In(QP)

U= apn + b/QP + ¢, In(QP),
where QP denotes the quantization parameter of the encoded

video. For the ordinal logistic regression model, the cumulative
probability of observing category j or lower is given by

FJ:P(YSJ):C’KQJ*M% J:]-v?avK*]-a (3)

where K is the total number of categories, «; are the cutpoints
(thresholds), and p is the linear predictor defined in (2). The
logistic function G(z) is defined as
1
G(z) = ————. 4
() = e 4)
The EPMOS can be calculated from the cumulative probabil-
ities F} as
EPMOS =1-F1 +2- (Fo — Fy)+ 3 (F3 — F3)
+4- (Fy—F3)+5- (1 - Fy)
=5—(Fi+ F+ F3+ Fy)
=5-05,
where S = Fy + Fy + F5 + Fj represents the sum of the
cumulative probabilities up to the second-to-last category. This
expression directly gives the expected score on the five-level
MOS scale.

The variance of a function of the model parameters can be
approximated using the delta method [18]:

Var(g(b)) = ¢'(b) " S ¢'(b), 6)
where X is the covariance matrix of the estimated parameters
b, and ¢'(b) is the gradient of g(b) evaluated at b.

For the cumulative sum of probabilities
4

4
1
S:Zszg(b)ZZm, (7
i=1 '

j=1

®)

the gradient vector can be expressed as

T — [ogm) T 8 (b)T}
g(b)7 = 20" 2eb) 7] ®)
The partial derivatives with respect to the cutpoints are

9a(b —ap+B'z
AL 5 h=1234 (9
aO‘h (]_ + e*ah‘h@-rm)

and with respect to the coefficients 3:

dg(b)
0B

4 670‘.7+ﬁ—rm

_——

=1

—, 1=1,2,...,26.
(1+ecith =)

(10)
These expressions allow computing the variance of S, and
consequently the variance of the expected MOS, via the delta
method. For model fitting and estimation of the coefficients,
as well as the covariance matrix, the statistical analysis system
(SAS) software [20] was used.

C. BT.500, P913, P910 models

The statistical model defined in BT.500 follows a traditional
approach based on data cleaning followed by score averaging
to obtain the MOS [6]. In this model, outliers are first identified
using the statistical procedures described in the standard, and
unreliable subjects are removed before computing the final
MOS. This makes it one of the most conventional methods
for subjective quality analysis, where the focus is on filtering
inconsistent ratings and then averaging the remaining scores.
The P.913 model adopts a different strategy. Instead of remov-
ing subjects, it aims to correct subject bias. All participants
are retained, but their scores are adjusted to compensate for
personal rating tendencies so that the scales become more
comparable across subjects. In practice, this works as a
normalization step applied prior to MOS computation, rather
than a rejection-based method [5]. P.910 introduces a more
advanced statistical framework by explicitly modeling subject
behavior. It accounts for both bias and inconsistency and
uses maximum likelihood estimation (MLE) to estimate the
underlying true quality alongside subject-specific parameters
such as reliability. By weighting subjects according to their
consistency, the model produces a consistency-aware MOS
estimate [4].

D. Comparison criteria

The EPMOS model was trained on all four available subsets,
resulting in four distinct series of estimated coefficients for the
linear predictor p. Consequently, using the equations presented
in Section II-B, four corresponding series of EPMOS values
were calculated for the subsets. Notably, EPMOS was trained
on a raw subset without any subject outlier rejection, and the
reference MOS was computed from the raw Netflix dataset
[19]. The variance of each EPMOS estimate was computed
using the delta method described in Section II-B. Similarly,
the P.910, P913, and BT.500 models were applied to each
subset using the SUREAL toolkit [21], developed by Netflix,
to compute the estimated MOS, with the results displayed in
Figures 1 and 2. For all subsets generated from the reference
dataset, the standard form of MOS was obtained by averaging
the scores without introducing additional outlier rejection.
The evaluation metrics used to quantify prediction error and
correlation between the reference MOS—defined as the aver-
age of all available scores for each stimulus—and the model
predictions were root mean squared error (RMSE) [22], mean
absolute error (MAE), Spearman rank correlation coefficient
(SRCC) [23], Kendall’s rank correlation coefficient (KRCC)
[24], and Pearson linear correlation coefficient (PLCC) [25].

III. NUMERICAL RESULTS

All calculated key performance indicator (KPI) results, re-
ported in Tables II and III, are derived from the corresponding
results for each video across its associated stimuli. Each
video includes nine stimuli in total—three resolutions with
three QP levels each. Table II presents a comparison of all
the employed statistical models (rows) using subsets with
30 subject scores. All evaluations were performed against



the same reference MOS, calculated from the full reference
dataset, which includes between 96 and 332 subjective scores
per stimulus. The results for different videos are reported in
columns. Table II shows that EPMOS generally achieves lower
RMSE values than the other models, indicating better overall
accuracy, while correlation metrics also suggest competitive
performance. Since P.910 and P.913 do not remove outliers,
using the reference MOS from all raw scores provides a fair
baseline for comparing all models. Table II shows that, when
predicting MOS for the larger dataset from smaller subsets,
no single model consistently outperforms the others.

Table III indicates that, across subsets of 15, 20, 30, and
40 scores, the performance of EPMOS improves with increas-
ing sample size. However, even with the smallest subset, it
provides competitive RMSE and MAE values (even compared
with other models with larger samples) and preserves satisfac-
tory correlation measures, demonstrating its ability to reliably
approximate MOS for larger populations from limited samples.

Figure 1 compares reference MOS calculated with all per-
subject scores with EPMOS and MOS estimates from the 30-
score subset, showing across videos (T2-T7) and three display
resolutions that EPMOS follows a smoother, more monotonic
trend. Figure 2 shows the MOS plots for P.913, P.910, and
BT.500, also using the 30-score subset. Each row corresponds
to a video, and columns show the three models. Across both
figures, the 95% confidence interval (CI) for P.913 and P.910 is
consistently narrower than that of the EPMOS model, whereas
the widest ClI is associated with BT.500 and the standard MOS.

TABLE 1II: Performance comparison of standardized P.910,
P.913, BT.500, and EPMOS models for a subset with N = 30
scores per subject. Best performances per metric are bold and
underlined.

Method  Metric T2 T3 T4 TS T6 T7
RMSE 0.127 0.145 0.106 0.190 0.104  0.094
MAE 0.107 0.103 0.097 0.142 0.079 0.075
P910 SRCC 0983 1.000 0.967 0950 0.983 1.000
KRCC 0944 1.000 0.889 0.833 0.944 1.000
PLCC 0991 0984 0991 0969 0.995 0.998
RMSE 0.093 0.156 0.143 0.154 0.083 0.103
MAE 0.071 0.107 0.131 0.122  0.070 0.082
P913 SRCC 0983 1.000 0933 0950 0983 0.967
KRCC 0944 1.000 0.833 0.833 0944 0.889
PLCC 0996 0.982 0983 0978 0.998 0.995
RMSE 0.127 0.143  0.105 0.191 0.105 0.095
MAE 0.109 0.102 0.096 0.143 0.078 0.074
BT500 SRCC 0983 099 0954 0950 0.992 1.000
KRCC 0944 0986 0.873 0.833 0.972 1.000
PLCC 0991 0984 0991 0969 0.995 0.998
RMSE 0.074 0.108 0.062 0.136 0.086 0.117
MAE 0.062 0.094 0.055 0.116 0.076 0.096
EPMOS SRCC 0983 0983 0.983 0.967 0983 1.000
KRCC 0944 0944 0944 0.889 0944 1.000
PLCC 0997 0.992 0997 0.988 0.997 0.993

IV. CONCLUSION

In this paper, we evaluated several statistical models using
smaller subsets of subjective scores to estimate MOS cal-

TABLE III: Performance of the EPMOS model evaluated on
subsets containing N = 15,20, 30, and 40 subject scores per
stimulus.

N Metric T2 T3 T4 T5 T6 T7

RMSE 0.105 0.089 0.102 0.196 0.094 0.205
15 MAE 0.086 0.081 0.085 0.162 0.083 0.182
SRCC 0967 1.000 0917 0917 0983 0917
KRCC 0.889 1.000 0.778 0.778 0.944 0.778
PLCC 099 0993 0995 0971 0.998 0.974
RMSE 0.147 0.087 0.075 0.191 0.091 0.119
20 MAE 0.125 0.079 0.069 0.154 0.080 0.109
SRCC 0967 0983 0933 0917 1.000 0.983
KRCC 0.889 0944 0833 0.778 1.000 0.944
PLCC 0988 0.994 0995 0967 0.995 0.991
RMSE 0.074 0.108 0.062 0.136 0.086 0.117
30 MAE 0.062 0.094 0.055 0.116 0.076 0.068
SRCC 0983 0983 0983 0967 0.983 1.000
KRCC 0944 0944 0944 0.889 0.944 1.000
PLCC 0997 0992 0997 0988 0.997 0.993
RMSE 0.091 0.098 0.079 0.130 0.062 0.080
40 MAE 0.068 0.083 0.057 0.114 0.055 0.059
SRCC 0967 0983 0983 0967 0.983 1.000
KRCC 0.889 0944 0944 0.889 0.944 1.000
PLCC 0995 0983 0997 0988 0.998 0.996

culated from the scores from a greater number of subjects.
The aim was to examine how effectively each model can
predict reliable MOS values from limited data. To this end,
we tested five different approaches: the conventional MOS
computed by simple averaging, the EPMOS model based on
ordinal logistic regression, and the P.910, P.913, and BT.500
models implemented in the SUREAL toolkit. The reference
dataset was divided into four subsets, and each model was
applied independently to each subset. The estimated results
were then compared with the reference MOS calculated from
the full dataset containing all available per-subject scores
for each stimulus. The findings indicate that EPMOS often
achieves the best estimation errors and correlations, though
not for all contents and performance indicator. Moreover, we
observed that applying EPMOS to the smallest subset, with
only 15 scores per stimulus, still provided competitive results
compared to the other models evaluated on larger subsets.
The detailed results for all subsets, along with the coefficients
estimated using EPMOS, will be made publicly available upon
acceptance of the paper. In the future, this study can serve as
a benchmark for developing new statistical models, allowing
the comparison of their performance with the results presented
here.
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