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Abstract

Human-annotated data is foundational for supervised machine
learning (ML). Low inter-rater reliability often introduces noise
that degrades model performance. This study investigates how
human rating reliability and panel size impact ML efficacy, and
introduces a novel debiasing procedure utilizing Random Effects
Models (REMs) to mitigate annotator noise. We conducted two
complementary experiments to evaluate these dynamics.
Experiment 1 analyzed real-world assessments from nine
evaluators classifying 355 infant images. Results demonstrated
that panel size and specific psychometric reliability indices—
namely Cronbach’s «, Generalizability, and Dependability
coefficients—are strong predictors of ML performance across four
algorithms, whereas inter-class correlation coefficients proved
less robust. Experiment 2 generated simulated datasets
mimicking Experiment 1 - incorporating 40 virtual raters with
varying expertise levels and structured pattern noise - to evaluate
the robustness of model aggregation across diverse rating
scenarios. These simulations confirmed that while annotator noise

significantly impairs classification, the proposed REM-based



debiasing procedure effectively recovers ground-truth scores.
Notably, ML models trained on REM-debiased data from merely
two raters achieved predictive performance comparable to models
utilizing mean-aggregated scores from eight raters. Ultimately,
this study underscores the critical importance of psychometrically
sound data curation, demonstrating that advanced debiasing
techniques can substantially enhance ML accuracy and efficiency

even with small expert panels.
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1. Introduction

Machine learning (ML) models are commonly used to classify and label
all sorts of perceptual objects and stimuli automatically. ML models are
statistical algorithris that can learn from data (i.e., estimate sets of
weights that represent the relationship between stimuli features and
their corresponding labels) and generalize to unseen data. Object
classification and data labelling are frequently performed by human
experts who, similarly to ML models, assign attributes or class labels to
the stimuli based on their characteristics. However, human ratings often
suffer from poor reliability and agreement [1-3], which might lead to the
misclassification of stimuli. The literature provides several examples of
low agreement between human evaluators in many domains such as

medicine, law, and aesthetic judgments [4-6]. Errors are therefore



expected, and their definition and identification strongly depends on the
labelling process. In psychophysical terms, labelling tasks can fall into
two main categories: performance and appearance tasks [7]. In the first
case, human judgments can be compared to an objective ground truth
(GT), as labels refer to objectively measurable characteristics of the
stimuli. For instance, raters may be required to identify traffic-signs in
real-world images [8,9], and errors can be identified by comparing labels
to objective stimulus characteristics or meta-data. In appearance tasks,
GT are not available as the labels strongly depend on the evaluator’s
perception, experience, and subjective understanding of a particular task
or domain. This is the case, for example, for emotion classification from
facial expressions, which relies on the subjective nature of emotion
perception and discrimination. Classification errors cannot be measured
from a GT and labelling reliabilily is usually estimated by collecting
multiple judgments and assessing the agreement between multiple

evaluators [10-12].

Kahneman et al. [4] suggests that human judgments in appearance and
labelling tasks behave similarly to physiological or acoustic signals,
where information often is recorded together with background noise.
Instead of an objective GT, the reference value or label of an object can
be estimated by aggregating ratings from a large number of unbiased
evaluators [4]. This is based on the assumption that estimates based on
data collected from large samples will be similar to those from other,
similarly sized samples, and can therefore be generalized to the

population from which the evaluators were drawn [13,14].



Labelling errors represent non-systematic deviations from the reference
values of the objects being evaluated and are therefore referred to as
noise. In Kahneman’s framework [4], noise is further developed into two
main concepts: level and pattern noise. Level noise represents the
average deviation of all ratings given by an evaluator from the assumed
reference value. In contrast, pattern noise refers to the deviations of the
average rating given by an evaluator to specific subgroups of stimuli.
While level noise provides a measure of overall strictness or leniency in
rating behaviors relative to other raters, pattern noise identifies
systematic bias for specific classes of stimuli. Thus, level and pattern
noise assess interindividual differences in rating approaches, which may
be affected by subjective perception and experience within a given field.
When considering data from a large cchort of raters, level noise is
expected to have a zero-centered distribution around the population
mean rating, whereas patitern noise is assumed to have a zero-centered
distribution around individual level noise intercepts. As with
physiological or acoustic signals, a key property of noise in human
judgements is its randomness. This suggests a simple and effective
solution to deal with noise in human judgments: by collecting and
aggregating data from enough raters, it is possible to account for noise
and identify reliable ratings which can be generalized to larger

populations [4,15].

When scores are aggregated from multiple evaluators, it is important to
consider that it is assumed the data originates from the same GT, which

was sampled with varying degrees of noise. Therefore, score aggregation



is only appropriate when data has been sampled from a homogeneous
and consistent population. Proceeding with aggregation when the
homogeneity assumption is violated entails practical risks: if raters are
assessing fundamentally different constructs, the aggregated mean may
represent an invalid compromise rather than a refined ground truth.
Ultimately, reliability indices measure the agreement between evaluators
and indicate the extent to which data aggregation will overlook
differences in the rating approaches adopted by evaluators. In practice,
problematic heterogeneity can be detected when reliability indices fail to
improve with larger panel sizes, or by observing multimodal distributions
in the raw ratings, which suggests the data should be segmented rather

than pooled.

In the context of ML model developmeiit, noise that comes with a dataset
containing human labels can have negative consequences for learning
the correct relationships between stimulus features and labels during the
training phase of ML models. Thus, noise coming from human labelling
can negatively affect the performance of ML models and future use [16].
Several approaches have been suggested to overcome or mitigate the
presence of noisy labels (for a comprehensive summary, see Frenay et al.
[17]). These mitigation approaches can be grouped into three main
categories: data filtering, rater penalization, and noise-robust algorithms.
The first involves filtering out noisy observations that contribute
substantially to the model’s prediction error [18]. The second weights

individual raters based on the agreement with their peers, penalizing

those who deviate the most from the crowd [19]. The third approach uses



ML models that are insensitive to outliers and perform well even in the
presence of noise [20]. These solutions mostly aim at minimizing the
effects of noisy data or labels, ensuring model generalizability. While
these approaches proved effective in overcoming noise in performance
tasks (i.e., when a GT is available), they may be hardly applicable in
appearance tasks as they underestimate the psychometric issues
associated with noisy labels. On the one hand, filtering out observations
or penalizing divergent raters implicitly assumes that noise can be
attributed to single problematic cases which are not representative of the
population from which they were drawn. On the other hand, robust ML
models may be effective in improving model performance, but they do
not necessarily improve the efficiency, validity, reliability, and
generalizability of model predictions. These solutions may potentially
bypass or suppress noise rather than accounting for it, limiting the extent
to which ML models can be generalized and implemented in real-world
scenarios. Finally, most solutions are specifically designed for ML models
that classify stimuli into categories and may not be applicable to ML
regression models, which assign a score to stimuli on a continuous scale.
These limitations may be overcome by considering the psychometric

properties of noise in human ratings.

A previous work by [5] provided a statistical implementation for
Kahneman’s framework in the context of aesthetic judgments [4]. By
means of random effects regression models (REMs), level and pattern
noise were operationalized as random intercepts and their contribution

to the overall variability in ratings was assessed in terms of variance



components. Thus, these models were used to aggregate individual
ratings while accounting for noise and the complex structure of
individual rating schema, demonstrating the advantages of this
aggregation method over more common alternatives such as mean and
median aggregation. By means of sensitivity analyses on data collected
from human raters as well as data simulations, the authors demonstrated
a positive association between panel size (i.e., the number of human
raters) and the reliability of aggregated ratings, in line with Kahneman’s
framework [4]. Furthermore, the Generalizability (G) and the
Dependability (D) reliability coefficients from the Generalizability Theory
[13] were particularly sensitive to noise and effeciive in measuring the

reliability of aggregated ratings.

This study investigates the relationship between noise in ratings and
model performance in the context of supervised ML algorithms and
appearance tasks involving labels assigned by humans, using an
approach similar to that presented in [5]. It aims to a) quantify the effect
of panel size on ML model performance and identify reliability indices
(RI) of human rating data that effectively predict ML model performance,
and b) explore the use of a debiasing procedure based on REMs to
improve ML model performance, comparing it to alternative methods. To
achieve these objectives, extensive sensitivity analyses were conducted

on both real-world (Experiment 1) and simulated data (Experiment 2).

2. Experiment 1



The first part of the study focuses on real-world data and contextualizes
the issues within the assessment of pain from facial expressions in
newborns and infants. Experiment 1 considered the development of an
ML model to assess pain in infants aged between 0 and 12 months,
applicable in both clinical and domestic settings. The assessment of pain
in infants is challenging due to their limited ability to communicate.
However, this challenge is of significant clinical importance, as effective
monitoring and timely intervention are crucial for patient management
[21-23]. Several studies have explored the use of ML models to
automatically classify pain from images of infants and newborns [24,25].
Despite the good results in terms of model perforinance, the approaches
proposed in the literature present some commeon limits. First, pain is
usually considered a dichotomous variable [26,27] (i.e., pain response to
heel prick devices compared to resting state), discarding its complex
multidimensional nature. Second, the human labeling process is vaguely
described, and standardized reliability indices are often omitted
[26,28,29]. Third, databases implementing different pain scales are
sometimes merged [28], disregarding possible differences in the
operational definitions of pain. In Experiment 1, ratings were collected
from a panel of nine raters who evaluated images of infants and
newborns from two publicly available databases using two standardized
multilevel pain scales. Extensive sensitivity analyses were performed on
this data, to explore the relationship between sample size, RI and model
performance. We expect to find significant associations between N, RI

and ML performance. In addition, score aggregation based on REMs



should lead to more reliable score aggregates and better ML model
performance compared to alternative aggregation methods, in line with
[5]. A greater and more reliable cohort of raters should provide a more
complete representation of the population from which it was drawn,
thereby reducing sampling error. Thus, the value of the stimuli under
evaluation should be estimated with better precision and reliability.
When trained on a subset of reliable ratings, it should be more likely that
ML models will learn weights that can effectively predict ratings for

unseen data partitions, demonstrating superior predictive performance.

2.1. Methods
2.1.1. Dataset

355 images of newborns and infants were used in the study. The dataset
was created by merging the Infant COPE and the City Infant databases
[26,27]. The first is a collection of 204 images of newborns, taken
between 18 and 36 hours from their birth. 50% of the images depicted
female infants. The pictures were collected during different experimental
conditions, including rest and procedural pain induced by heel prick
tests. The second collects 154 images of infants between 0 and 12
months of age. In this database, the mean age of the infants was 6.56
months (SD = 2.73) and 61% were females. The pictures were taken
under ecologically valid conditions and present a broad variety of facial
expressions. After removing duplicates (i.e., files labelled as copies of
others were excluded, then all images were visually inspected to verify
their content and ensure uniqueness), 131 images from the City Infant

database were retained for the analysis. The use of two datasets was



meant to increase the number of stimuli and their variability, widening
the age range considered. Further information regarding the images

used in this study can be found in [26, 27].

2.1.2. Pain measures and assessment
Pain was assessed through two measurement scales: the facial tension
subscale from the COMFORTneo scale [30] and a Visual Analogue Scale
(VAS) for pain. The former consists of a single item scale, ranging from 1
to 5 points. Each level of the scale is accompanied by a description of the
morphological features typically associated with that level of pain.
Higher COMFORTneo scores indicate greater discomfort. VAS consists of
a 10 cm line, representing the distance between tlie absence of pain and
the worst pain possible, corresponding to a VAS score of 0 and 10
respectively. Subjects were asked to graphically indicate the level of pain
perceived by moving a cursor between the two extremities. VAS scores

were calculated by rounding subjects’ input to two decimal places.

Figure 1. Experimental procedure and data processing pipeline.
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Note: the right side of the figure shows the workflow used to extract features from the
images in the database. The left side summarizes the assessment and data aggregation
procedure followed to generate pain scores. Feature vectors and aggregated ratings
were subsequently used to run sensitivity analyses, train ML models, and compare
aggregation methods (i.e., mean-agaregation VS model-aggregation) in terms of ML
model performance.

Ratings from a panel of 9 independent raters were collected. The panel
included 1 pediatrician, 4 researchers from the local university, and 4
parents. On the one hand, the different profiles included in the panel
were intended to provide a high-level representation of pain that could be
generalized to different subgroups of users. On the other hand, it could
increase variability in ratings, providing an ideal context for the
subsequent analysis. The parents did not have a familiar relationship
with any of the other raters. All raters voluntarily participated in the
study. A sample size of 9 raters with all raters assessing all stimuli is

within the range of similar studies focusing on classification of facial



expressions in infants [31-35]. The agreement between raters was good,
with inter-class correlation (ICC2) values greater than .80 as well as G
and D values greater than .97 for both ratings scales. Each rater
evaluated all 355 images in the database using both the COMFORTneo
and VAS scales. Ratings were collected in person, through a
computerized assessment platform programmed in MATLAB [36] where
the order of the images was randomized across participants. The
experimental procedure and data processing pipeline are summarized in

Figure 1.

2.1.3. Image processing and feature extraction
The image preprocessing and feature extraction pipeline used in this
study is the same as in Martinez et al [37]. Five salient landmarks were
segmented from the images, including right and left eye, eyebrow, nose,
and mouth. Subsequently, image chunks were converted to the
grayscale, normalized to reduce differences in illumination between the
two databases, resized to matrices of fixed dimensions, and encoded into
Local Binary Patterns (LBP). This method has been often used for image
classification, including pain detection algorithms [37-40]. Finally, LBP
matrices of different landmarks were vectorized and concatenated,
resulting in vectors of 1920 features per image. Thus, an n*p features
matrix was created, where n represents the number of images in the
dataset and p the number of features extracted. For detailed information

about the LBP feature extraction procedure, see Martinez et al [37].

2.1.4. Image categorization



Noise was assessed on different categories of images, namely explicit
image categories and implicit image categories. Explicit image categories
(exCat) were manually specified by the researcher. Each image was
labeled as either belonging to the Infant COPE or the City Infant
database (exCatl binary variable). This took into account the differences
in the characteristics of the two datasets, such as the age range, image
quality and shooting conditions. In addition, the exCat2 variable
represented the original pain and comfort classification proposed by the
authors of the COPE and City Infant databases [26,27]. For exCatZ2, pain
and discomfort classes from the Cope and City Infant databases were
considered equivalent. Implicit image categories, imCat, represented
data-driven clusters of images identified in the feature matrix by k-means
algorithms. Each imCat category groups together images with specific
combinations of features arisinig from technical and content aspects (i.e.,
capturing similarity in faces and in the way the image was shot). A large
value for k is plausibie to capture the many idiosyncrasies of the images
included in the dataset. For this study, k was set to 53, namely the

largest value of k that grouped at least two images per cluster.

2.1.5. Rating aggregation methods
Individual ratings were aggregated through two alternative approaches:
mean-based score aggregation (mean-aggregation) and model-based
score aggregation (model-aggregation). In the first case, each image was
scored as the average of the individual ratings. In the second case,
model-aggregation was performed via REMs, which allowed us to

estimate and account for noise in ratings. The REMs used individual



human ratings as dependent variable (y), while image identifiers (stim),
rater identifiers (rater), explicit image categories (exCatl and exCat?2),
implicit image categories (imCat), and the interactions raterexCatl,
rater:exCatZ2, and rater:imCat were used as random effects. Note that the
model did not contain any fixed effects and can therefore be considered a
variance decomposition model. The model is represented by the following

probability distribution:

y = N(M + Ustim + Uexcatl + Uexcat2 + Uimcat + Urater + Urqter:exCatl

(1)

2
+ UraterexCat2 + Urqter:imCatO )

Each random effect (u) was estimated as a zero-centered normal

distribution:

u = N(0,02) (2)
Note that REMs estimate individual coefficients through partial pooling,
thus penalizing raters who show inconsistent rating behaviors [41].
Individual coefficients are computed as the weighted sum of no-pooling

and complete-pooling estimates, as shown in the following formula:

(3)

n;, u;, and o? represent the number of observations, mean, and variance
of the i-th group (i.e., rater or noise category) while u and ¢? represent
the mean and variance across all groups. Partial-pooling operates
hierarchically across each predictor, estimating a unique shrinkage
factor for every level. By weighing the group-specific average against the

global mean based on sample size and variance, the model prevents over-



shrinkage: estimates supported by consistent, abundant data retain their
distinct values, while only those based on sparse or highly variable data
are pulled strongly toward the population mean. In the model, level noise
is represented by rater main effect, while the interactions raterexCatl,
rater.exCatZ2, and rater:imCat quantify pattern noise. The total amount of
noise in the data is estimated as the sum of level and pattern noise
variance components. Thus, ratings (y) were aggregated through
predictions from the model, by reformulating its structure to account for
interindividual variability in ratings (i.e., level and pattern noise) as

follows:

Y = N(U+ Ugtim + Uexcarr t Uexcatz + Wincat:0°) (4)
An example of the difference between score aggregates computed by the
two alternative methods (i.e. mean-aggregation and model-aggregation)
is reported in Figure 2.
2.1.6. Reliability assessment
Five reliability indices (RI) were computed to quantify the agreement
between raters and the reliability of the estimated ratings: Cronbach’s «,

ICC2, ICC3, G, and D coefficients [13,42].

Cronbach's «a is a measure of internal consistency, which assesses how
closely related a set of items are as a group and is commonly used to
evaluate scale reliability. The formula for « is:

__ Nsc
REYNIG YR g (5)




where N is the number of items, c is the average covariance between
item pairs, and v is the average variance of each item. To compute the
remaining RI, variance components, residual and overall model variance
were estimated through REMs. Individual variance components were
computed by raising each random effect coefficient in formula 1 to the
power of two. Subsequently, ICC2 and ICC3 estimate raters’ agreement
and consistency respectively by considering the ratio between the
variance explained by the object evaluated (i.e., the images, ¢%;,), the

variance due to the raters (¢%,.,), and the residual variance (62,s;uq1)-

2

Ogti
I1CC2 = —- T
Ostim + Orater + Oresidual (6)
02,
ICC3 = ——&1 (7)

Ostim + ’)—:rusidual

G and D [13] assess the reliability of the relative and absolute score
values, respectively. Compared to ICC coefficients, G and D measure
reliability of complex variance structures and penalize each noise

category by the panel size, as shown in the following formulae:

G
2 2 2 2
_ Ostim + Oexcatl + Oexcat? + Oimcat
- 2 2 2 2
o . o . o y o%, (8)
o—sz*tim-l'o-ngatl +O_ngat2 +GL'2mCat+ rater:exCatil + rater:exCat2 + rater.LmCat_l_ re
Nrater Nyater Nyater n,
D

2 2 2 2
Ostim + Oexcatl + Oexcat2 + Oimcat

2 2 2 2
Orater + Orater:exCatl + Orater:exCat2 + Orater:im (9)

2 2 2 2
stim exta exta imcat nrater nrater nrater nrater



The values of all five RI range from 0 to 1, with higher values indicating

greater ratings’ reliability.

2.1.7. Sensitivity analysis: the effect of panel size and aggregation
method

To assess the effects of panel size (N) and data aggregation method on
ML model performance, a sensitivity analysis was run on real data. At
each iteration of the analysis, ratings from a random subset of raters
were selected and RI were computed on the selected data. Then,
individual scores were aggregated by either mean-aggregation or model-
aggregation methods (debias). Four ML models were trained on the
feature matrix and the aggregated ratings. Their performance was
evaluated on 5 non-overlapping data tolds, resulting in a 5:1 ratio
between train and test data (see the next paragraphs). The number of
randomly selected raters ranged between 2 and 8, increasing by one unit
at each iteration. The entire procedure was repeated 10 times. Therefore,
the sensitivity analysis had a 7 (number of raters) * 5 (folds) * 10 (runs)
*2 (aggregation method: mean- vs model-aggregation) structure,

resulting in 700 iterations in total.

2.1.8. ML models
Four ML regression models were trained to predict pain ratings based on
feature vectors: k-nearest neighbor (KNN), least-squares support vector
machine (LSSVM), random forest (RF), support vector machines (SVM)

algorithms. In addition, LSSVM represents a noise-robust variant of SVM



models [17]. KNN, LSSVM, and RF models were implemented using the
caret R package [43]. For these models, hyperparameter-tuning was run
on pain scores from the entire panel of raters aggregated via mean-
aggregation (see Appendix 1). Note that hyperparameter-tuning led to
similar results (i.e. hyperparameters) for the VAS and COMFORT neo
scales. LSSVM were run using the neo-/s-svm python package [44], which
offered adaptive hyperparameters tuning at each sensitivity analysis

iteration.

ML model performance was evaluated out-of-sample using a 5:1 ratio
between train and test data. Three performance indices, assessing the
difference between ML model predictions and the actual data, were
computed: R2, Root Mean Square Error (RMSE), and Mean Absolute
Error (MAE). R2 measures the proportion of the variance in the
dependent variable explained by independent variables, with values
ranging from O to 1. Higher values indicate better model fit. RMSE is the
square root of the average of the squared differences between the
predicted and actual values, providing a measure of the model's
prediction error in the same units as the dependent variable. MAE is the
average of the absolute differences between the predicted and actual
values, offering a straightforward measure of prediction accuracy. R2,
unlike RMSE and MAE, is independent of the units and range of the
dependent variable (i.e., the rating scale in use), providing a scale-free
measure of model performance. When comparing the effectiveness of
mean-aggregation or model-aggregation methods, ML models were

trained and tested on the same data partitions.



2.1.9. Statistical analysis
The initial analysis consisted of a variance decomposition of the raw
rating data using a REM following Eq. 1. Next, the association between
N, RI, and model performance was assessed using linear mixed-effects
models (LMM), with performance indices (i.e., 2, RMSE, and MAE) as
dependent variables, N and Rls (i.e., N, o, ICC2, ICC3, G, and D)
separately entered as fixed effects. The model intercept was allowed to
vary across runs of the sensitivity analysis (see section 2.1.7. Sensitivity
Analysis), thereby representing the random effects component of the
LMDMs. The effect of each predictor (i.e., N and individual RIs) was
assessed separately. N was normalized to the 0-1 range. Thus, N
represents the proportion of raters in the panel considered at each
iteration, where N = 0 corresponds to 2 raters and N = 1 corresponds to
8 raters. All other predictors were standardized across iterations (i.e., M
= 0, SD = 1). Thus, model coefficients estimated the change in the
dependent variables associated with a 1SD increase in the predictors.
Finally, LMMs were used to assess the effect of noise and rating
aggregation methods on model performance. In this case, debias, N, and
debias:N interaction predicted performance indices as fixed effects and
random intercepts per each sensitivity analysis run were modelled.
Debias was dummy coded as mean-aggregation = 0 and model-
aggregation = 1 while N was normalized to the 0-1 range. Given their
bounded range (i.e., between 0 and 1), R2 values were modelled via beta
distributions and the logit link function. As the RMSE and MAE values

computed in the analyses were greater than 0O, the two variables were



modelled via gamma distributions and the log link function. P-values for
the LMM models were estimated via Satterthwaite's degrees of freedom
method and no correction for multiple testing was applied. When
conducting a sensitivity analysis, it is important to consider that
increasing the number of iterations would expand the set of observations
analyzed in the regression models and likely decrease the p-values. This
is because sensitivity analysis is an inherently exploratory approach,
focusing primarily on identifying consistent patterns across conditions
rather than conducting individual significance tests. Therefore, when
interpreting the regression models, the main focus should be on effect
sizes, which remain unaffected by the number of iterations. Additionally,
the effects estimated by the LMM models, together with their 95%
confidence intervals, are reported in the Appendix. Statistical analyses,
data aggregation and RI computation were run in RStudio (version: 4.5.1,
RRID: SCR 000432) [45], through the Ime4 [46] and psych [47] R

packages.

2.2. Results
Table 1. Mean and range of variance components, RI, and performance
indices computed on VAS and COMFORTneo scores over the sensitivity

analyses on actual data.

Variance VAS COMFORTReE0
components

O2tim .069[.035-.134]  .067 [.049 -
.106]

02, cart .027[.001 - .075] .035 [.004 -
.066]

02 catz .511 [.459 - .570] .551 [.457 -
.636]



o2 214 [.147 - 289]  .196 [.170 -
240]
o2 .029[.001 -.135]  .019 [.001 -
093]
R 005 [.001 -.012]  .006 [.001 -
.028]
2 036 [.001 -.087]  .027 [.OO1 -
.089]
R 014 [.001 -.037]  .011 [.001 -
| 027]
2 004 [.043 - .189]  .089 [.062 -
residua 113]
RI VAS COMFORTneo
512 - 8] 512 - 8]
. 946 [.835 - .977]  .944 [.850 -
.973]
695 [.475 - .856]  .734 [.513 -
ICC2 o]
789 [.695 - .865]  .800 [.707 -
ICC3 o
. 957 [.875 - .980]  .962 [.661 -
982]
5 949 [.844 - .977]  .057 [.827 -
981]
P ML VAS COMFORTneo
model
656 [.364 - 534] 637 [.306 -
KNN | 831]
Lsgyy 684 [.434 - 836] .680851.;‘:;)6 i
R2 ~ np 6750.398-.843]  .671[.337-
812]
706 [.437 - .872]  .695 [.408 -
SVM 867]
1.520 [.984 - 779 [A77 -
KNN 2.409] 1.185]
1.436 [.984 - 726 [.525 -
RMSE LSSVM 2.185] .960]
~ . 1.753 [1.198 - 876 [.617 -
2.633] 1.109]
1.419 [.933 - 720 [.490 -
SVM 2.191] .970]
1.180 [.724 - 595 [.377 -
KNN 1.929] 891]
MAE 1.143 [.726 - 579 [.A18 -
~  LSSVM 1.702] 792]
E 1.512 [1.006 - 744 [.516 -
2.132] .968]




1.104 [.714 - .565[.391 -

SVM 1.679] 794]

Note: P1 = performance indices. Variance components and R2 values are reported as a
percentage of the overall model variance. The values of a, ICC2, ICC3, G, and D

coefficients range from 0 to 1, with higher values indicating greater ratings’ reliability.
RMSE and MAE measure prediction error in the same units as the dependent variable.

Level noise was assessed by 62,,,, variance component while 62 ,;.r-excat1s Oater-exCatzs
and 02,;.-imcqr Quantified pattern noise.

Descriptive statistics for variance components, RIs and performance
indices calculated across the sensitivity analyses on actual data are
shown in Table 1. On average, across 700 iterations, noise accounted for
8.4% (range: 0.1-21.4) and 6.3% (range: 2.2-19.2) of the variance in VAS
and COMFORTneo ratings, respectively. ExCat2 and imCat variance
components explained the largest proportion of variance in both VAS and
COMFORTneo ratings. On average, SVM models showed the best
performance, regardless of the rating scale. LSSVM models, a noise-
robust variant of SVM, did not nrovide a concrete performance

advantage over other algorithms.

2.2.1 Association between N, RI and ML model performance

The results of the sensitivity analyses showed that N, «, G and D were
significantly associated with increases in R2 as well as decrements in
MAE and RMSE values (see Table 2). ICC2, and ICC3 were significantly
related to R2, RMSE, and MAE values. However, these relationships
were inconsistent, especially between ICC3 coefficients and performance
indices. Indeed, high ICC3 scores were associated with greater RMSE
and MAE values, indicating an anomalous positive correlation between
ratings' reliability and prediction error measures, regardless of the model

and rating scale (see Figure 2 and Table 2).



Table 2. Effect estimates of N and RI on performance indices of KNN,

LSSVM, RF, and SVM models predicting VAS and COMFORTneo scores.

VAS COMFORTneo
IV mlgdéel R2 RMSE MAE R2 RMSE MAE
KNN 219*  -128*% -133* | .193* -.082* -.090*
N LSSVM |.235* -.137* -.133*|.246* -.103* -.102*
RF .168* -.092* -.076*|.161* -.053* -.036%*
SVM 221*  -138*% -.143* | .220* -.096*% -.108%*
KNN .080* -.045* -.049*|.071* -.020* -.025%*
" LSSVM | .090* -.051* -.050* |.085* -.027* -.027*
RF .063* -.033* -.027*|.064* -011* -.007*
SVM .085* -.050* -.052*  .080* -.025* -.030%*
KNN .035* -.007 -015*|.054* .003 .001
1CC2 LSSVM |.024* -.007 -.010 |.055* .002 .001
RF .009 -.001 -.004 |.063* .010* .012%
SVM .030* -.006 -.014*|.050* .004 .001
KNN .046* .019* .019* |.045* .005 -.002
1CC3 LSSVM |.058* .012* .018* |.045* .004 .003
RF |.055% .022*% .025* |.052* .008*% .008*
SVM .069* .011* .015* | .046* .004 .001
KNN .083* -.035*% -.037*|.070* -.018* -.022%
G LSSVM | .094* -.041* -.038* |.085* -.024* -.025*
RF .071* -.023* -.016*|.066* -.009* -.005*
SVM .092* -.041* -.041*|.079* -.022* -.028%*
KNN .083* -.039*% -.043*|.074* -.017* -.021%*
D LSSVM | .090* -.043* -.042*|.088* -.024* -.024*
RF .066* -.026* -.021*|.067* -.008* -.003
SVM .090* -.044* -.046*).081* -.021* -.026*

Note: * p < .05. N was normalized to the 0-1 range. N = 0 corresponds to two raters,
and N = 1 corresponds to eight raters. All other IVs were standardized across
iterations. Analyses performed on real data across 700 sensitivity analysis iterations.
95% confidence intervals of the effects estimated by the LMM models are reported in
Appendix 2.



Figure 2. Association between N, RI, and performance indices of KNN,
LSSVM, RF, and SVM models predicting VAS scores.
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Note: the figure shows the impact of panel size (N) and reliability indices on the
performance (R2, RMSE, MAE) of ML models in predicting VAS scores. Alpha, G and D
coefficients show a stronger and more consistent correlation with model performance
indices than standard ICC coefficients. Similar associations have been found for
COMFORTneo scores.
2.2.2 Aggregation methods comparison
Figure 3 shows a graphical comparison between aggregates of
COMFORTneo scores computed by mean-aggregation (in red) and model-
aggregation (in blue) on a random subset of 100 stimuli. The analyses
indicated that debias was associated with improvements in model

performance, increasing R2 and reducing MAE and RMSE values. As

shown in Table 3, the effect estimates for debias, B = .266 [.182 - .334],



were slightly greater than those for N, p = .207 [.161 - .245]. This
suggests that model-aggregation performed consistently better than
mean-aggregation even with the maximum number of evaluators
considered in the study (N = 8). Thus, our data shows that models
trained using model-aggregated scores from two raters perform similarly
to those trained using mean-aggregated scores from eight raters (see
Figure 4 and Appendix 4 for further details). This means that researchers
can achieve reliable ground truths with significantly fewer human
annotators by applying statistical debiasing post-processing, thereby
reducing data collection costs (by 75% in this study). It is important to
note that the effects of debias and N were not cuinulative, and the effect
of debias was reduced in large samples of raters (see Figures 4 and 3).
Phrased differently, model aggregation shows its greatest advantage

with samples with relatively low numbers of human raters (i.e., N < 6).

Figure 3. Comparison between mean-aggregation and model-

aggregation scores computed on ratings of 100 infant images.

[ mean_aggregation

0 25 50 75 100
stimuli order

Note: the figure shows COMFORTneo scores assigned by nine independent raters (in
gray) to 100 stimuli as well as score aggregates computed by mean-aggregation (in red)
and model-aggregation (in blue). Stimuli are ordered by mean-aggregation score values.



Table 3. Summaries of the LMM models assessing the effect of N, noise
and debias on performance indices of KNN, LSSVM, RF, and SVM models

predicting VAS and COMFORTnReo scores.

VAS COMFORTneo
ML—IInOde 1\ R2 RI\E/IS MAE | R2 RI\E/IS MAE
Interc - -
ept A421* . 520*%  .269*% | .329*% .173*% .438%*
debias x * * * - * - *
KNN .318 .167 .167*% | .230 .1533 .1&?5
N .219%  -128*% -.133*% | .193*% .082* .090%*
debias
:N -.217*%  .136* .138* | .185*% .124* .128*
Interc - -
ept b541* 464*  235% | .489*% .237* .465%
deblaS * 1 Q% * *k _ kS - k
LSSVM .293* -168% -.168*%| .334 .1534 .15_3
N 235% -137% -.133% | 245% .104* .102*
debias | -
N 1-.236* .131* .128* | .207* .132* .132%
Interc - -
ept .509* .643* .488* | .485*% .069*% .241%*
RE debias | Hgpx _134% -131%|.182% .128* .121*
N .168*  -.092*% -.075*%| .161* .053* .036*
debias -
:N -.144*  106*  .102* | .134* .101* .098%*
Interc - -
ept .659*%  457*% 211*% | 591* 247* 477*
debias . . " N . ok
SVM .286 .166 .168* | .203 .14%9 .1&?8
N 221*%  -.138% -.143*% | .220*% .096* .108%*
debias -
:N -.200*%  .138* .137*% | .170% .122* .130%

Note: * p < .05. N was normalized to the 0-1 range. N = 0 corresponds to two raters,
and N = 1 corresponds to eight raters. Debias was dummy coded as 0 = mean-



aggregation and 1 = model-aggregation. Analyses were run on real data across 700
sensitivity analysis iterations. 95% confidence intervals of the effects estimated by the
LMM models are reported in Appendix 3.

Figure 4. Association between model-aggregation and performance

indices of KNN, LSSVM, RF, and SVM models predicting VAS scores.
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Note: the figure shows the effect of model-aggregation over mean-aggregation on the
performance (R2, RMSE, MAE) of ML models in predicting VAS scores. Model-
aggregation provided substantial improvements in model performance, particularly with
small panels of evaluators. Similar associations have been found for COMFORTneo
scores.

2.3. Discussion

The results of Experiment 1 broadly confirm the hypotheses of the study:
around 5-8% of the variance in the data can be considered noise due to
the human raters, either as level noise or pattern noise. The Rls
computed on the dataset are significantly associated with ML

performance. The most effective predictors are G and D coefficients from



generalizability theory, as they showed the strongest and most consistent
association with ML model performance. Employing REMs for the
aggregation of human ratings increases the performance of the ML
models compared to simple mean aggregation, especially in panels with
low numbers of raters (N < 6). The advantage of model aggregation is up
to 9% of the variance explained by the ML model. As additional insight
we found that the SVM models outperformed the other ML methods
across all conditions of the sensitivity analysis and all three performance
indices. Knowing that the dataset used in Experiment 1 represents only a
single, medium-sized dataset showing high inter-rater reliability (ICC2 >
.80), we conduct simulations in Experiment 2 to investigate whether the
advantage of model aggregation and the usefuiness of the coefficients G
and D as indicators of the level of noise present in the data holds true

across a range of similar data scenarios.

3. Experiment 2

Simulated data was generated to assess the validity of the results of
Experiment 1 and to understand whether noise and interindividual
variability in ratings were the main cause of the results found in the real
data. We expect noise to significantly affect both RI and the performance
of ML models, with larger amounts of noise decreasing the performance
of the ML model more. The effect of noise should be less severe in the

presence of large panel sizes.

3.1. Methods

3.1.1. Data simulations



Simulated data were designed to mimic the data collected and analyzed
in Experiment 1 and were generated by the following steps. First, 335 GT
pain ratings were generated: these were uniformly distributed in the 0-10
range, similarly to VAS scores (see section pain measures and
assessment). Second, n*p feature matrices were computed, simulating
vectors of 1920 features (p) from 335 stimuli (n). Each feature was
moderately correlated with GT scores, with Pearson’s r values ranging
between .381 and .980. Third, artificial ratings from a panel of 40 raters
were generated by adding random Gaussian noise (M = 0, SD = 1.5) to
GT scores. Fourth, pattern noise was simulated for implicit and explicit
categories of stimuli: 100 implicit noise categorics (zmCat) were
identified by k-means algorithms, based on clusters of data found in the
feature matrix. Explicit noise categories (exCat) split the sample into ten
random subgroups of equal size. Pattern noise was simulated
independently for each rater adding random values from a reference
Gaussian noise distribution (M = 0, SD = [0.3-3.0]) to each pattern noise
level. In this way, virtual raters showed quasi-constant rating behaviors
in response to specific subgroups of stimuli with an absolute deviation
from GT scores (i.e., noise) between 3% to 30% as the scale range. These
values were selected to simulate scenarios extending from highly trained
expert agreement (SD=0.3) to layperson guessing (SD=3.0) to test the

robustness of the model-aggregation under extreme conditions.

SVM models with a linear kernel and C = 1 were trained on simulated
data. Optimal kernel and C-value were identified by preliminary

hyperparameter-tuning. Note that since the focus of Experiment 2 is not



to compare the performance of ML models, only SVM models were

trained, as they performed best in Experiment 1.

3.1.2. Sensitivity analysis
A sensitivity analysis was performed on the simulated data using the
same procedure as for the real data. In the simulated data, the amount of
artificial pattern noise varied across sensitivity analysis iterations, with
noise (i.e., the SD term of the reference Gaussian noise distribution
mentioned above) ranging from 3% to 30% of the rating scale range and
increasing in 3% steps with each run. Thus, the sensitivity analysis had a
7 (number of raters) * 5 (folds) * 10 (noise levels) *2 (aggregation
methods: mean- vs model- aggregation) structure, resulting in 700
iterations in total. In addition to the RI presented above, at each iteration
Pearson’s r correlation coefficient between GT scores and aggregated
scores was computed (GT cor), as a similarity measure. Note that GT cor
is only available in simulation studies where the true amount of artificial
noise is known, not in real world applications where it is necessary to

rely on RlIs.

3.1.3. Statistical analyses: the effect of noise in ratings
Simulated data were analyzed using the same LMMs used in Experiment
1. Noise, noise:N, debias:noise and debias:noise: N interactions were
additionally included in the model as fixed effects. Noise was normalized

to the 0-1 range.

3.2. Results



Table 4. Mean and range of variance components, RI and performance

indices computed on simulated ratings over the sensitivity analysis.

Variance Simulated data
components
agtim
.006 [.001 - .023]
2
OcxCat
.006 [.001 - .062]
0"2 C
imCat
527 [.232 - .781]
2
arater

.003 [.001 - .033]

2
Orater:exCat

.154 [.001 - .405]

Orater:imCat

.165 [.001 - .374]

0.2

residual 139 [.061 - .225]
RI Simulated data
a .809 [.127 - .967]
ICC2 .525 [.065 - .792]
ICC3 .530 [.068 - .792]
G .818[.416 - .967]
D 817 [.413 - .967] |
GT_cor .901 [.684 - .982] |
PI Simulated data |
R2 ~ SVM .807 [.291 - .988]
RMSE ~ SVM 1"°2“3[£§33 i
MAE ~ SVM 1'“2?6[3'3?6 )

Note: PI = performance indices, GT cor = Pearson’s correlation between GT and model-
aggregated scores. Variance components and R2 values are reported as a percentage of
the overall model variance. The values of a, ICC2, ICC3, G, and D coefficients range
from O to 1, with higher values indicating greater ratings’ reliability. RMSE and MAE
measure prediction error in the same units as the dependent variable. Level noise was

2 . : 2 2 2
assessg_d by 07 ater variance component while 05 4terexcat1, Orater-excatz: @04 Orgterimcat
quantified pattern noise.

Descriptive statistics for variance components, RI, and performance
indices computed during the sensitivity analysis are reported in Table 4.
Noise accounted for 32.2% (range = 0.1 - 69.4) of the variance in

simulated ratings. In addition, the amount of noise artificially generated



in the data (i.e., from 3% to 30% of the rating scale range) was strongly
correlated with the overall amount of noise detected by variance
decomposition analyses, r = .985, p < .001, highlighting the effectiveness
of this method in quantifying noise in ratings. GT cor values, the
correlation between GT and aggregated scores, were significantly higher
for scores computed via model-aggregation (M = .941, SD = .048) than
for scores computed via mean-aggregation (M = .901, SD = .070), t(349)

= 8.75, p < .001.

3.2.1. Association between noise, N, RI and ML model performance
Table 5. Effect estimates of N, and RI on the performance of SVM

models predicting simulated data.

1\Y R2 RMSE MAE |
N 1.528* -.698* -.686*
a .673*  -3b01* -.342%
ICC2 .o74*  -325%  -.326%
ICC3 D71*  -324*% 0 -.325%
G 701> -379*  -373*
D 703* - -.379% -.373*
GT cor .691*  -3b66* -.351%

Notes: * p < .05. N was normalized to the 0-1 range. N = 0 corresponds to two raters,
and N = 1 corresponds to eight raters. All other IVs were standardized across
iterations. Analyses were run on simulated data across 700 sensitivity analysis
iterations. 95% confidence intervals of the effects estimated by the LMM models are
reported in Appendix 5.



Figure 5. Association between N, RI, and performance indices of SVM

models predicting simulated data.
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Note: the figure shows the impact of panel size (N) and reliability indices on the
performance (R2, RMSE, MAE) of SVM models in predicting simulated data. As in
Experiment 1, Alpha, G and D coefficients show a stronger correlation with model
performance indices than standard 1CC coefficients.

The results of the statistical analyses on simulated data are reported in
Table 5, Table 6 and Figure 5. They indicated significant associations
between N, RI and performance indices. N, a, G, and D seemed
particularly effective in predicting RMSE, MAE, and R2 values. The
association of ICC2 and ICC3 with performance indices was weaker, but
in the same direction as the other RIs. GT cor was related to RMSE,
MAE, and R2 values, indicating that greater similarity between

aggregated and GT scores resulted in better model performance.

3.2.2. Aggregation methods comparison



Noise led to significant decreases in all performance indices and its
effect was less severe in large panel sizes, as evidenced by the significant
noise:N interaction (see Table 6 and Figure 5). Model-aggregation was
associated with significant increments in R2 and decreases in RMSE and
MAE values. The significant debias:N interaction indicated that the
effects of model-aggregation were reduced in large samples of raters, at
least in terms of R2 values. Additionally, model aggregation appeared to
be particularly effective in reducing prediction error in the presence of
high levels of noise and small sample sizes, as evidenced by the
significant effects of debias:noise and debias:noise:N on RMSE and MAE

values.

Table 6. Summary of the LMM model assessing the effect of N, noise

and debias on performance indices of SVM models predicting simulated

data.
IV R2 RMSE MAE
Intercept .870%* 2.349% 2.122%*
N 1.484%* -.604* -.600%*
noise -2.191%* 1.107* 1.110%*
debias .794* -.486%* -.482%*
noise:N .Db61* -.186* -.176*
debias:N -.184* .087 .082
debias:noise -.225 -.198* -.205%*
debias:noise:
N .101 .245% .255%*

Notes: * p < .05. N was normalized to the 0-1 range. N = 0 corresponds to two raters,
and N = 1 corresponds to eight raters. Debias was dummy coded as 0 = mean-
aggregation and 1 = model-aggregation. Analyses were run on simulated data across
700 sensitivity analysis iterations. 95% confidence intervals of the effects estimated by
the LMM models are reported in Appendix 6.

Figure 6. Association between model-aggregation and performance

indices of SVM models predicting simulated data with different noise



levels.
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Note: the figure shows the effect of model-aggregation over mean-aggregation on the
performance (R2, RMSE, MAE) of SVM models in predicting simulated data. As in
Experiment 1, model-aggregation significantly improved model performance, regardless
of the amount of artificial noise in the data.

3.3. Discussion
The results of Experiment 2 highlight the negative effect of noise in
human ratings on ML model performance. Great interrater variability in
ratings was associated with large prediction errors (i.e., RMSE and MAE
values) and reduced the amount of variance (i.e., R2 values) in pain
ratings explained by the ML model. The similarity between the artificial
GT scores and the score aggregates used to train ML models was a
strong predictor of model performance indices, highlighting again the
importance of rating reliability in the development of effective ML

models. The amount of noise identified by variance decomposition



methods almost perfectly matched the amount of noise artificially
generated in the data, demonstrating the effectiveness and robustness of
this method for quantifying the contributions of noise to the overall
variability in scores. Model-aggregation was effective in improving ML
model performance, regardless of the amount of noise in the data.
Nevertheless, its effects were less evident in large panel sizes. As in
Passarotto et al. [5], data simulations showed that model aggregation can
identify GT from individual scores, effectively accounting for
interindividual variability in ratings. This suggests that the results of
Experiment 1 may be due to score aggregation producing ratings closely
related to GT, increasing the reliability and robusiness of the ML models

trained on them and improving their predictive ability.

4. General discussion

The study examined the relationship between noise in ratings and model
performance in the context of supervised ML and appearance tasks. It
aimed at evaluating the relationship between panel size, reliability
indices, and ML model performance and to explore the use of a debiasing

procedure based on REMs to improve ML model performance.

The results showed a significant relationship between panel size and ML
model performance in both simulated and real data, with models trained
on data from larger panels of raters performing better. RI such as a,
ICC2, ICC3, G, and D were also related to model performance.
Nevertheless, ICC2 and ICC3 seemed less robust, as their association

with performance indices were weaker and inconsistent across datasets



and rating scales. While ICC2 and ICC3 were negatively related to RMSE
and MAE values in the simulated data, the opposite trend was observed
in actual data (Figure 2, and Table 2). Simulated data confirmed that
artificial noise in ratings was a major cause of poor ML model
performance. Moreover, the similarity between aggregated and GT
scores was positively related to performance indices. Noise-robust
LSSVM models showed no performance advantage over alternative
models. LSSVM optimizes a least-squares cost function which, while
generally robust, penalizes large errors squared. If noise consists of
many consistent deviations rather than distinct, extreme outliers as in
the present case, LSSVM models are unlikely to provide any substantial
improvement in model performance. Debiasing procedures based on
REMs lead to a significant improvement in ML model performance,
increasing R2 and decreasing RMSE and MAE value, especially with
small panels of raters. Their effectiveness is likely due to their ability to
identify GT from individual ratings more accurately than alternative

methods, as evidenced in Experiment 2 and previous studies [5].

The relationship between noise in ratings and ML model performance in
the context of performance tasks is known. For instance, a recent survey
identified inter-rater variability in anatomical annotation as a primary
source of label noise, which significantly hampers the generalization of
deep learning models [48]. This phenomenon extends to remote sensing,
where Peng et al. reported that human annotation errors in satellite
imagery act as instance-dependent noise [49]. The authors found that

even a 1% increase in label noise can result in a 0.5% drop in



classification accuracy, closely paralleling our own findings on the
sensitivity of ML to noise. Furthermore, in materials science inter-rater
variability in the microstructural analysis of steel has been identified as a
critical limit to automating defect detection [50]. Here, we extend these
results to appearance tasks, demonstrating that noise is likely caused by
the unreliable and inconsistent nature of human judgements. As
expected, we showed that increasing the number of raters can
compensate for the effects of noise, due to its random nature. G and D
appeared to be the most robust coefficients for measuring the reliability
of ratings, given their versatility in dealing with the complex noise
structures found in human ratings. ICC2 and ICC3 appeared to be less
flexible and consistent, showing negative and uriexpected associations
with model performance (i.e., high relhiability scores corresponding to
greater prediction error). The strength of G and D probably lies in the
penalization of variance components due to noise related to the panel
size (see Section 2.1.6), which is not found in the ICC formulae.
Furthermore, the ICC3 formula does not take into consideration the
variance to the raters (i.e., 02,,, in formulae 8-9), which can substantially
bias the resulting reliability estimate by ignoring a potentially large
source of measurement error. Thus, while ICC coefficients measure
within-sample agreement and consistency, G and D measure absolute
reliability of ratings, which is more relevant to the development of ML
models. To our knowledge, this is the first study to directly investigate
the relationship between reliability indices and predictive performance of

ML regression algorithms.



With this study, we demonstrated the effectiveness of a compact and
scalable debiasing procedure based on REMs that allowed us to assess
and account for noise in ratings, thereby improving ML model
performance. The procedure is theoretically sound [4,5] compared to
alternative solutions that underestimate the psychometric dimension of
human ratings such as removing observations or penalizing divergent
raters. By incorporating hierarchical metadata, our model can take
advantage of similarities between stimuli to disentangle rater bias (i.e.
level noise) from bias associated with specific stimulus categories (i.e.
pattern noise), which is advantageous over simple weighted averaging.
Moreover, this procedure is versatile as it allows us to account for noise
in different stimuli categories, based on the physical properties of the
stimuli or arbitrarily defined by the researchers. Additionally, the results
suggest that simple mean-aggregation may not be an effective solution
for handling complex rating schemes that may reflect subjective
perceptions and experiences within a given field, particularly when there
are small numbers of evaluators. Rating debiasing based on REMs can
enable reliable and generalizable score aggregates to be estimated with
only a few sets of ratings. The proposed method demonstrates that
knowledge about the data (i.e., stimuli categories) can be used to
increase the reliability of ratings for ML applications, as an alternative to
or in addition to increasing the size of the panel and number of

evaluators.

For example, REMs can be used to exploit data from multicenter

biomedical trials or materials testing consortia in order to dynamically



estimate and correct site-related offsets as random effects, as
demonstrated in previous studies [51]. It can also facilitate the
development of ML models that perform similarly well to those developed
using ratings from larger samples of evaluators, saving researchers time
and resources. Moreover, model-aggregation requires minimal
computational costs, as it predominantly comprises REMs, which are

relatively straightforward to implement.

According to our results, model-aggregation is recommendable in most
scenarios as it consistently outperforms alternative methods such as
mean-aggregation, although the greatest advantages are observed in
small samples of evaluators (N < 6). A fundamental requirement of this
approach as well as aggregation methods ini general is the homogeneity
of the sample of evaluators, which should provide a comprehensive and
consistent representation of the population of interest. It also requires
knowledge about potential sources of noise, intended as explicit stimuli
categories or intrinsic patterns in the data, which are needed to model
variability in ratings, estimate variance components, compute reliability
indices and aggregate data. Although model-aggregation can provide
great advantages in small samples of evaluators, low sparsity in the data
and possibly fully crossed rating designs are needed to properly estimate
individual rating schema. This allows raters to evaluate stimuli naturally
without requiring additional training beyond instructions on how to use
the assessment instrument correctly. Ultimately, repeatedly calculating

reliability indices and applying predictive methods (e.g., G study [13])



can guide data collection and help determine whether additional

evaluators are required to achieve reliable score aggregates.

This study comes with some limitations. The proposed method requires
two or more sets of ratings with substantial overlap between them in
order to estimate and account for noise. In sparse crowdsourcing
scenarios where each rater evaluates only a single unique image, model-
aggregation cannot effectively disentangle rater bias from stimulus
signal. Thus, it may not be applicable to massive databases, where
extensive nested rating procedures are required. ML classification
models were not considered in this study due to three main reasons: first,
we assumed that pain was a continuous rather than a categorical
variable, in line with the literature [30]. Second, the number of stimuli
was not sufficient to treat VAS and COMFORTneo as ordinal scales, as
this would have led to undersized subsets of ratings (i.e., less than 50
observations per subgroup). Third, we preferred not to dichotomize
COMFORTneo and VAS scores into high-low pain classes based on
arbitrary thresholds. The choice of ML models tested in the study was
limited by the computational load required by the sensitivity analyses.
Future studies should investigate how generalizable the reported results
are to different statistical models, particularly deep learning
architectures trained on large-scale datasets. The study did not consider
variability due to feature extraction and image preprocessing
approaches. However, this is unlikely to have biased the reported results,
given that the same preprocessing pipeline was used throughout the

analyses.



The data simulations assumed that GT scores in appearance tasks can be
estimated by averaging data from large panels of raters, in line with
Kahneman et al. [4]. While this assumption might hold true within well-
defined populations, with similar demographic and cultural backgrounds,
the generalizability of GT across heterogeneous populations might be
limited, as appearance tasks strongly depend on subjective perception
and experience in a domain. Thus, multiple sets of reliable and equally
valid GT scores for the same stimuli may be found, allowing for the
development of different ML models. Future studies may compare
debiasing procedures based on REMs to alternative methods and
investigate their effectiveness in the presence of varying degrees of data
sparsity. Noise was simulated using Gaussian distributions, which
oversimplified the heteroscedastic structure of human error. Exploring
skewed or scale-dependent noise distributions is an area of future
research. Finally, Experiment 1 considered a case scenario involving
limited disagreement between evaluators (ICC >.8), and its results may

not generalize to noisier evaluation contexts.

In conclusion, our results highlight the importance of ratings’ reliability
in ML model development. This aspect is often underestimated and given
secondary importance compared to features and ML algorithms
selection. Given their relevance to ML model performance, researchers
are encouraged to regularly report detailed information about the rating
procedure and ratings’ reliability, providing standardized reliability
metrics. Rating aggregation based on REMs can be a viable solution to

improve rating reliability and ML model performance, especially when



data from only a limited number of raters are available. The proposed

framework can be used in any field that relies on human annotation to

reduce annotation costs and improve the robustness of automated

evaluation systems.
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