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Abstract— Collaborative filtering systems are a key tool for
personalized recommendations, predicting user preferences
based on historical data. A major challenge in collaborative
filtering is the reliability of predictions, particularly in highly
sparse datasets, where the limited overlap of common ratings
between users impedes the identification of reliable neighbors,
reducing both the accuracy and coverage of the predictions. So
far, the literature has proposed confidence factors to quantify
prediction reliability, typically using the Pearson and Cosine
similarities with threshold-based neighbor selection. However, a
recent study demonstrated that using the Sigmoid Cosine
similarity metric in combination with the KNN neighborhood
selection method and adapting the value of K to each level of
dataset sparsity, significantly improves prediction performance.
In this paper, we revisit the calculation of confidence factors
under these improved settings, assessing their validity and
effectiveness across datasets with varying sparsity levels.
Continuous assessment of collaborative filtering methods and
adjustment of their parameters according to dataset
characteristics is particularly crucial in highly sparse datasets,
where the reliability of neighbors strongly influences prediction

quality.
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I. INTRODUCTION

Recommender systems (RecSys) are nowadays an
essential tool for delivering personalized content and services
to users by leveraging preference and behavioral data. They
are widely used on platforms, such as online stores and
streaming services, with the aim to improve user experience
and increasing engagement [1], [2], [3].

Collaborative Filtering (CF) is one of the most widely used
techniques in RecSys. CF is based on the rationale that users
with similar past preferences will also make similar choices in
the future [4], [5], [6]. This method utilizes user ratings or
interactions with items, without requiring information about
the content itself.

In this context, CF systems aim to predict a user’s
preference for an item, either in the form of an estimated rating
or the probability of interaction. These predictions are based
on historical data, in the form of user ratings and/or reviews,
and the similarity between users, enabling the generation of
personalized recommendations.
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The accuracy of predictions is a critical factor for the
system’s effectiveness, as it directly influences user
satisfaction and the reliability of recommendations. A highly
accurate CF system can more successfully identify users’
actual preferences, strengthening their trust and increasing
platform usage. Conversely, low accuracy can lead to
irrelevant suggestions, demoting user experience, as well as
the system’s effectiveness and therefore its reliability [7], [8],

[9].

The prediction process in CF is based on identifying
“nearest neighbors” (NNs), i.e. users that share a high degree
of similarity with the target/active user. Firstly, the similarity
between users is calculated using similarity metrics, with the
most widely used in the literature being the Pearson
correlation and the Cosine similarity, which both consider
ratings given to common items by users. Subsequently, the set
of NNs (i.e., the users having the largest similarity value) is
selected, and the real ratings of the selected neighbors are then
used to estimate the unknown rating. The final prediction is
typically calculated as the weighted average of the neighbors’
ratings, where the weights are determined by the degree of
similarity calculated in the previous step, boosting thus the
weight of more relevant users [10], [11], [12].

In cases of very sparse datasets (i.e., datasets in which the
number of available ratings constitutes a very small
percentage of the total number of possible ratings), the process
of generating predictions becomes significantly more
difficult, as the available ratings are limited and unevenly
distributed. This hinders the identification of sufficient and
reliable NNs, on which the CF procedure relies. In particular,
the scarcity of commonly rated items reduces the reliability of
similarity metrics, leading to inaccurate predictions.
Consequently, both the prediction accuracy and the coverage
(i.e., the percentage of cases for which the system is able to
calculate a prediction) decline [13], [14], [15].

The issue of rating prediction reliability in very sparse CF
datasets is a research area that has been studied in recent
literature. In this context, the work in [8] proposes the
introduction of confidence factors, which take into account the
quality and adequacy of the available data. Specifically, three
key factors are proposed: (a) the number of NNs used to
generate the prediction, with better performance when their
number is sufficiently large, (b) the user’s average rating,
where higher accuracy is observed when this average is close



to the limits of the rating scale, and (c) the average rating of
the item, with a corresponding improvement in accuracy when
this average is also close to the limits of the scale.
Incorporating these factors into the prediction generation
process helps improve both the accuracy and stability of the
results, particularly in conditions of severe data sparsity.

To draw the above conclusions, the experimental
procedure of that study relied on the Pearson and Cosine
metrics, to assess user similarity. Regarding the selection of
NN, the classical k-nearest neighbors (KNN) approach was
not adopted; instead, a similarity threshold was applied,
whereby all users with a positive similarity value (similarity >
0.0) were considered as NNs.

However, recent research [14] focusing on very sparse
datasets has shown that the use of the Sigmoid Cosine
similarity, in combination with the mean-centered rating
prediction formula and with different optimal values of K for
each level of sparsity, lead to increased accuracy and
coverage. Specifically, for sparse datasets (with density
ranging from 0.1% to 1%), the optimal value of K is estimated
to be 250, for very sparse datasets is estimated to be 1000
(with density ranging from 0.01% to 0.1%), and for extremely
sparse datasets (with density ranging from 0.001% to 0.01%)
is estimated to be 1500. These findings suggest that the
previous confidence factors proposed in [8] , may need to be
recalculated or adjusted to remain valid under these new
parameters and methods.

In this paper, we revisit the calculation of the confidence
factors proposed in [8], however using the settings that the
more recent study [14] identified as optimal. More
specifically, the sigmoid cosine similarity metric is employed
alongside density-adaptive K values for neighborhood
selection. Beyond a simple recalculation, this work
reexamines established assumptions in CF reliability
pipelines. While traditional confidence factors were evaluated
under legacy similarity metrics, we demonstrate that modern,
sparsity-optimized configurations  have significant
repercussions on prediction error behavior, introducing non-
linear reliability dynamics. This insight is crucial for
designing confidence-aware recommendation pipelines in
highly sparse environments.

To this end, we conduct and present a comprehensive
series of experiments to empirically validate these dynamics,
evaluating the behavior of the recalculated confidence factors
under the wupdated settings. Specifically, we conduct
experiments on six widely used sparse CF datasets with
varying levels of sparsity, including two sparse, two very
sparse, and two extremely sparse datasets (as defined above),
in order to cover the full range of sparsity levels described in
[14]). All experiments are conducted using 5-fold cross-
validation, for more reliable results, and the prediction
accuracy is assessed using MAE and RMSE, the most
commonly applied prediction error measures.

More generally, the need for continuous evaluation of CF
methods and for readjusting their parameters according to the
characteristics of the dataset is evident and becomes
particularly critical in datasets with a high degree of sparsity,
where the limited availability of shared evaluations hinders
the identification of reliable neighbors and, consequently,
reduces both the accuracy and coverage of the predictions, as
we noted above.

The remainder of this work is organized as follows:
Section II presents the relevant literature, while Section III
briefly presents the foundations of the present work, including
both the CF process and the confidence factors, to ensure self-
containment. Section IV presents the experimental process
and summarizes the results, and finally Section V concludes
the paper and outlines for future work.

II. RELATED WORK

CF is one of the most widely used methods in RecSys,
leveraging historical user-item interactions to predict
preferences. A major research focus in recent years has been
improving prediction accuracy, especially in datasets with
high levels of sparsity. Various contemporary studies have
examined different similarity metrics, prediction calculation
methods, and neighbor selection strategies, demonstrating that
careful tuning of CF parameters can significantly impact
performance, particularly in sparse datasets.

In this context, the work in [16] proposes an integrated CF-
based recommendation framework that leverages item
ontological semantics, users’ demographic information and
rating credibility. Users’ credibility scores, computed from
their rating behavior, are employed to identify reliable
neighbors, enhancing recommendation accuracy.
Additionally, demographic and ontological information are
incorporated into similarity calculations for users and items,
mitigating the issues of cold-start and sparsity in CF
algorithms.

The work in [17] introduces a deep neural
recommendation framework that includes reliability of
ratings, generated from explicit feedback, using techniques
such as intuitionistic fuzzy sets for noise detection and K-
means clustering for threshold selection, aiming to mitigate
noisy ratings and improve the accuracy, robustness, and
overall reliability of predictions for active users.

The work in [18] examines how to improve CF in
environments with limited or no explicit ratings by leveraging
user reviews. It proposes methods for extracting implicit
ratings using sentiment analysis, taking into account sentiment
scores and view-sentiment pairs, and blending them with
explicit user ratings for integration into various
recommendation prediction algorithms.

The work in [19] proposes a new hybrid similarity model
for CF, based on the Wasserstein distance, with the aim of
improving recommendations under sparse data and cold-start
conditions. It also introduces a new type of user similarity that
considers both non-common and common products, as well as
additional heuristic factors to mitigate the influence of popular
items and users.

The work in [20] proposes a multi-factor similarity and
fusion approach within a probabilistic matrix factorization
framework, capturing both linear and nonlinear user
correlations and integrating local relations into global ratings,
thereby enhancing the accuracy and robustness of rating
prediction, particularly CF datasets with very low density, as
demonstrated through experiments on four widely used public
datasets.

The study in [21] investigates user similarity measures in
low-density CF datasets, considering multiple neighbor
selection strategies, rating prediction formulas, and accuracy
measures. The study emphasizes the importance of selecting
effective similarity metrics to identify reliable users, a task



that is particularly challenging in sparse datasets and critical
for the performance of CF RecSys.

The work in [22] introduces a user-based CF method,
namely BinRec, to identify NNs within subgroups of users and
items. By focusing on shared biclusters, the method efficiently
addresses challenges of sparsity and cold-start in large-scale
rating datasets, improving scalability and recommendation
accuracy.

The work in [23] presents an enhanced K-means-based CF
algorithm, namely KUR-CF, that integrates user attribute
ratings and common ratings to improve similarity
computation. By leveraging variance-weighted features and
combining clustering with user-item similarities, the model
effectively addresses sparsity and cold-start challenges,
enhancing recommendation accuracy, precision, and recall
compared to traditional CF approaches.

The study in [24] proposes a matrix reconstruction
approach to improve CF on sparse datasets. By leveraging
item features and user preferences to regenerate a denser user—
item matrix, the method enhances prediction accuracy and
reduces sparsity, demonstrating improved performance over
conventional CF approaches using both the KNN method and
singular value decomposition techniques.

The study in [25] introduces a CF algorithm, namely CFR-
FD, which combines a neighborhood awareness attention
mechanism with fine-grained mining. The method
dynamically leverages neighborhood information and
analyzes project attributes and user behaviors. As a result, it
effectively addresses cold-start and sparsity issues, improving
recommendation accuracy, personalization, and robustness
across multiple real-world network datasets.

The work in [26] proposes a ranking-based CF technique,
namely SVD-GSetRank, that integrates Singular Value
Decomposition with normalized rating values and Gower
similarity scores. The method addresses limitations of
traditional memory-based approaches, improving Top-N
recommendation accuracy, including measures like MRR, Hit
Rate, and NDCG, and while maintaining efficient processing
across multiple benchmark datasets.

In this context, the literature has also proposed confidence
factors for quantifying the reliability of CF predictions. More
specifically, the work in [8] proposes the introduction of
confidence factors, which take into account the quality and
adequacy of the available data. Specifically, three key factors
are proposed: (a) the number of NNs used to generate the
prediction, with better performance when their number is
sufficiently large, (b) the user’s average rating, where higher
accuracy is observed when it is near either end of the rating
range, and (c) the average rating of the item, with a
corresponding improvement in accuracy when the values are
also near either end of the rating range. Incorporating these
factors into the prediction calculation procedure helps enhance
both the accuracy and stability of the results, particularly
under conditions of severe data sparsity. To draw the above
conclusions, the experimental procedure of this study relied
on the Pearson and Cosine metrics, to compute user similarity.
Regarding the selection of NNs, a similarity threshold was
applied, whereby all users with a positive similarity (>0.0)
were considered as NNs.

However, a more recent study [14] showed that using the
Sigmoid Cosine similarity metric, in combination with the

KNN method and different values of K for each sparsity level,
leads to improved prediction performance on sparse, very
sparse, and extremely sparse datasets. More specifically, for
sparse datasets (with density between 0.1% and 1%) the
optimal value of K was found to be 250, for very sparse
datasets was approximately 1000 (with density between
0.01% and 0.1%), and for extremely sparse datasets (with
density between 0.001% and 0.01%) was approximately 1500.

The present work aims to recalculate the confidence
factors proposed in [8], however using the settings that the
more recent study [14] identified as optimal, specifically using
the Sigmoid Cosine similarity metric and different values of
K for each level of data sparsity, regarding the NN selection.
In this way, we evaluate whether the confidence factors
remain valid and effective when applied to sparse datasets.

III. FOUNDATIONS

In this Section, we briefly present the fundamental
concepts underlying the present work, to ensure self-
containment. Specifically, we outline the complete process of
CF prediction formulation, comprising user similarity
measures, the KNN selection technique, the rating prediction
formula, as well as the concept of prediction confidence
factors in sparse CF datasets.

The process of generating rating predictions in CF is
initially based on calculating user similarity. This is achieved
using similarity metrics like the Cosine, the Pearson and the
Sigmoid Cosine.

Cosine similarity (COS) assesses user similarity by
calculating the angle between the vectors of their ratings. It
utilizes the ratings that a pair of users have provided to jointly
rated items and reflects how similar their preference patterns
are, regardless of the absolute rating value [21], [27].

Pearson correlation (PC) can be viewed as a form of COS
applied to normalized (mean-centered) data, where the mean
score of each user is subtracted from their respective ratings.
In this way, it compares patterns of preference rather than
absolute rating levels (as COS does) [28], [29].

Sigmoid Cosine similarity (SIGM) is another variant of
COS that applies a sigmoid transformation to emphasize the
similarity between users who have many co-rated items and
reduce the influence of cases with fewer ones [14], [30].

Table 1 presents the definitions of the three metrics
mentioned above.

TABLE L. CF USER SIMILARITY METRICS
Ykecr Tugk® Tug k
Cosine | COS(ui,u2) = ulyu; ! d >
JZkECRul,uz(rul,k) ‘JZkECRul'uZ(ruz,k)
ZkeCRy,, (rugk="a1) * Cuzk—7)
Pearson | PC(UnU2) = = 12 2
JZkECRul,uz(rul,k_m) 'JZkeCRul,uZ(rUz,k_@)
Sigmoid | SIGM(u1,u2) = COS(u,u2) * T Rayng]
1+ e 2

I(ua) denotes the set of items that user u. has evaluated

CRap denotes the set of items evaluated by both users u. and u, i.e.
CRap = [(ua)NI(us)

ruk denotes the rating that user u has assigned to item k.

1, denotes the mean of all ratings user u has assigned to items

As derived from the definition of PC and also noted in
[14], when all of a user’s ratings are identical, the similarity



between that user and every other user in the dataset cannot be
calculated, since the denominator is equal to zero. In practice,
this implies that a CF system can neither generate personalized
predictions for that specific user (due to the inability to
identify their NNs) nor utilize them as an NN to produce
predictions for other users. Furthermore, the same study
showed that in very sparse datasets, the proportion of these
users (having identical ratings) is considerable (in the range of
10-20%), resulting in a significant loss in prediction coverage
when the PC is used.

Once the similarities between all pairs of users have been
calculated, the most common strategy for selecting each user’s
NNs is the KNN method. In this approach, the top K users
having the largest similarity values with that user are
considered their NNs (K is typically defined by the CF
system’s administrator). In this context, the work in [14] has
experimentally found the optimal values of K, ensuring high
accuracy and coverage. Specifically, for sparse datasets (with
density ranging from 0.1% to 1%), the optimal value of K is
found to be approximately 250, for very sparse datasets (with
density ranging from 0.01% to 0.1%) is found to be
approximately 1000 and for extremely sparse datasets (with
density ranging from 0.001% to 0.01%) is found to be
approximately 1500.

Lastly, rating predictions on items are generated using a
prediction formula that combines the ratings given by the
user’s NNs for the same item. The similarity of each NN to
the user, as previously calculated, acts as a weighting factor
for that NN’s rating. The work in [14] experimentally
demonstrated that the best results are obtained using the mean-
centered formula (MCF), whose definition is shown in
equation (1). In equation (1), the similarity between the user
and each NN is denoted as “sim(ui, u2)”.

Z‘uz ENNy 4 Sim(ul'uz).(ruz,i_TU.Z)

ZU—Z ENNy, sim(uq,uz)

MCF, =T + (1)

Regarding the concept of prediction confidence factors,
the study in [8] demonstrated a correlation between basic
rating prediction attributes and prediction accuracy in (very)
sparse CF datasets. Specifically, the study demonstrated that
(1) the number of NN involved in the prediction calculation,
(2) the user’s average rating, and (3) the average rating of the
item being predicted, are linked to higher prediction accuracy.
Regarding the first factor, a rating prediction is considered as
“highly accurate” when the NNs participating are >4.
Regarding the other two factors, a rating prediction is
considered as “highly accurate” when the average rating of
either the user or the item is near either end of the rating range
(either <1.5/5 or =4.5/5).

To draw the aforementioned conclusions, the experimental
procedure of this study relied on the PC and COS similarity
metrics for calculating similarity among users and,
furthermore, regarding the selection of NNs, the KNN
approach was not adopted (as suggested in [14]).

In the next Section, the three confidence factors proposed
in [8] will be recalculated, however using the settings that the
more recent study [14] identified as optimal, specifically using
the SIGM similarity metric and different values of K for each
level of data sparsity.

IV. EXPERIMENTAL EVALUATION

In this section, the three confidence factors discussed
above will be recalculated using the SIGM similarity, with
K=250, 1000, and 1500, for sparse, very sparse, and extremely
sparse datasets, respectively.

Table II summarizes the datasets employed in the present
study. As shown, we include datasets representing all sparsity
levels (i.e., sparse, very sparse, and extremely sparse), thereby
covering all three cases identified in [14].

Furthermore, datasets from different item categories are
included (movies, music, office products, etc.), to mitigate
potential biases associated with the characteristics of a single
type of data.

TABLE II. DATASET INFORMATION
. Optimal
Name Attributes K [14]
Digital Music [31] 0.3% density, 65K ratings 250
Yahoo [32] 0.2% density, 221K ratings 250

Musical Instruments [33] | 0.04% density, 512 K ratings 1000

Videogames [33] 0.03% density, 815K ratings 1000

Movies and TV [33] 0.006% density, 7.4M ratings 1500

Office Products [33] 0.009% density, 1.8M ratings 1500

For more reliable results, all experiments are conducted
using the 5-fold cross-validation, where each dataset is
divided into five subsets of equal size, with four of them used
for training and the remaining one for testing. The CF system
then calculates the similarities between users using the
training data and attempts to predict the ratings contained in
the test subset. Notably, the datasets are utilized in their
original forms, as sourced from their respective repositories,
with the five Amazon datasets (all except the Yahoo Movies
dataset) being standard 5-core subsets to ensure a baseline of
at least 5 ratings per user and item, while grouping of
confidence-factor intervals was performed programmatically,
based only on training set history. Prediction accuracy is
assessed using two widely recognized error metrics, MAE and
RMSE. The first measures the average magnitude of
prediction errors without considering whether each error
overestimates or underestimates the real value, while the latter
assigns greater weight to larger errors.

A. Number of NNs Confidence Factor

Fig. 1 depicts the experimental results for the first
confidence factor (the number of NNs involved in the rating
prediction), using the MAE error metric. The baseline for
comparison is the overall MAE of all rating predictions in
each dataset, which corresponds to the 0% change on the
vertical axis. Values above 0% indicate higher MAE than the
overall MAE, while values below 0% indicate lower MAE
(and therefore better prediction accuracy).

When examining the change in MAE, in relation to the
overall MAE of each dataset, we observe that predictions
based on up to 4 NNs exhibit higher MAE, i.e. demoted
accuracy, as compared to the average performance. For
instance, predictions using only 1 NN result, on average, in a
19% higher MAE than the overall MAE of the dataset (across
all predictions). Beyond this point, the MAE is lower than the
average performance and gradually improves. More



specifically, in cases where 5-8 NNs are involved, small
reductions are observed (in the range 3%-5%).
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Fig. 1. Effect of the number of NNs on the MAE of rating predictions

When the number of NNs increases to 9-14 slightly larger
reductions (7%-9%, on average) occur, while for NNs=15,
the improvements become more significant, with an average
14% decrease compared to the overall MAE. At the dataset
level, when the number of NN involved in the predictions is
=10, the average MAE is reduced in all cases.
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Fig. 2. Effect of the number of NNs on the RMSE of rating predictions

Similar behavior can be observed when analyzing the
change in RMSE in relation to the overall RMSE of each
dataset, as depicted in Fig. 2. When considering rating
predictions where NN<3, the RMSE is higher than the global
RMSE average. At NNs=4, a slight reduction is observed,
averaging a 1.7% decrease. When the number of NNs ranges
from 5 to 8, small reductions of 4-7% are noted, on average,
while for predictions based on 9 to 14 NN, slightly larger
reductions of 7-9% occur. For NNs=15, the improvements
become more substantial, averaging a 13% decrease compared
to the overall RMSE. At the dataset level, all datasets exhibit
a reduction in RMSE once the number of NN reaches 8.

Overall, we do observe a positive correlation between the
number of NNs and prediction accuracy, with both MAE and
RMSE decreasing as the number of NNs increases. However,
while the work in [8] found that predictions became very
highly accurate once the number of NNs exceeded 4 (using
different CF settings), our findings (with the updated settings)
suggest that at NN=4, there is only a slight improvement in

MAE. High accuracy, according to our results, is first
observed for NN values between 9 and 14, while very high
accuracy is achieved for NNs=15.

B. User's Average Rating Confidence Factor

Fig. 3 depicts the experimental results for the second
confidence factor, the user’s average rating (avgU), based on
the MAE metric and using the same baseline as in Fig. 1.

When examining changes in MAE, relative to the overall
MAE of each dataset, we observe that predictions for users
with average rating value (computed across all their ratings)
< 4.4 exhibit lower accuracy than the average case. For
instance, predictions for users with an average rating in the
range [1.0, 4.0] have been found to exhibit a MAE that is 60%
higher than the overall MAE across all datasets (including all
predictions). Beyond the threshold of 4.4/5 for avgU, MAE
decreases rapidly, reaching an average of 56% reduction for
predictions for users with avgU>4.9/5 (a small subset of users
who rate almost every item as “excellent”). At the dataset
level, when the average user rating is >4.5/5, the average MAE
is reduced in all cases.

Digital Music Yahoo — — Musical Instruments
-+ - Videogames Movies & TV Office Products
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Fig. 3. Effect of the avgU on the MAE of rating predictions
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Similar results are observed when analyzing the change in
RMSE in relation to avgU and compared to the overall RMSE
of each dataset, as depicted in Fig. 4. When avgU ranges from
1/5 to 4.3/5, the mean RMSE is higher than the average case.
When avgU exceeds the threshold of 4.3/5, the RMSE
decreases rapidly, reaching an average of 29% reduction for
predictions concerning users with avgU>4.9/5. At the dataset
level, when the average rating is >4.5/5, the average RMSE is
reduced across all datasets.
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Fig. 4. Effect of the avgU on the RMSE of rating predictions



Overall, we do observe a positive correlation between the
user’s average rating and the improvement in prediction
accuracy, in both MAE and RMSE. However, unlike the work
in [8], which reported higher prediction accuracy at both ends
of the rating scale (upper and lower), the experimental results
of the present study indicate that this improvement occurs only
when the user’s average rating is near the upper bound.

C. Item's Average Rating Confidence Factor

Fig. 5 depicts the experimental results for the third
confidence factor, the item’s average rating (avgl), based on
the MAE metric, with the same baseline as in Figs. 1 and 3.
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Fig. 5. Effect of the avgl on the MAE of rating predictions

When examining changes in MAE, relative to the overall
MAE of each dataset, we observe that predictions for items
with average rating (computed from all users who have rated
them) <4.4 exhibit, on average, higher MAE -and therefore
limited accuracy- compared to the mean MAE for all
predictions across all datasets. For instance, predictions
concerning users with average rating in the range [1.0/5,
4.0/5), on average, demonstrate a 50% higher MAE than the
overall MAE of the dataset (across all predictions). Beyond
the threshold of avgl=4.4/5 MAE decreases rapidly, reaching
a 43% reduction for predictions concerning users with an
average rating >4.8/5. Therefore, predictions for items rated
as “excellent” by almost all users tend to be highly reliable. At
the dataset level, when the average rating is >4.5/5, the
average MAE decreases in all cases.

Similar results are observed when analyzing changes in
RMSE relative to avgl, and comparing against the overall
RMSE of each dataset, as depicted in Fig. 6. When avgl falls
within the range [1.0/5, 4.4/5) the RMSE for predictions
concerning the corresponding item is higher (on average) than
the mean RMSE, indicating lower accuracy. Beyond the
threshold of avgl=4.4/5, RMSE decreases rapidly, reaching an
average reduction of 30% for predictions concerning items
with average rating >4.8/5. At the dataset level, when the
average item rating is >4.5/5, the average RMSE for
predictions concerning these items is reduced across all
datasets.

Overall, we do observe a positive correlation between the
item’s average rating value and the improvement in prediction
accuracy, in both MAE and RMSE. However, unlike the
findings in [8], which reported higher prediction accuracy at
both ends of the rating scale (upper and lower), the present

study indicates that this improvement occurs only when an
item’s average rating is near the upper bound.
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Fig. 6. Effect of the avgl on the RMSE of rating predictions

The statistical robustness of these findings is validated by
the observation that measurements converge across all
experiments (Figs. 1-6). Rather than relying solely on macro-
averages, the individual curves and error metrics for each of
the six diverse datasets exhibit almost identical behavior, with
relatively low deviation. The uniformity observed across
datasets demonstrates that the witnessed asymmetric error
dynamics and threshold shifts are structurally rooted on the
proposed configuration, rather than owing to dataset-specific
features or anomalies.

D. Comparison with Previous Work: Key Differences in

Confidence Factors

This subsection presents a comparative analysis of the
three rating prediction confidence factors between the present
study and the findings of the study in [8]. The comparison
highlights how the updated settings proposed in [14] (the
SIGM similarity and adaptive K-NN based on the exact
density of each dataset), affect the behavior of the confidence
factors and the corresponding prediction accuracy.

1) Confidence Factor I - Number of NNs

e Work in [8]: high accuracy was observed when
NN>4.

e Present work: prediction accuracy is worse
compared to the dataset’s overall accuracy when
NNs<4. Accuracy begins to improve gradually for
NNs =4, reaching high levels between 9 and 14
NN, and optimal performance for NNs=15.

2) Confidence Factor 2 - avgU

e  Work in [8]: high accuracy was observed for users
with avgU at either end of the scale (specifically,
avgU<1.5/5 or avgU>4.5/5).

e Present work: high accuracy is observed only for
users with avgU near the upper end of the rating
scale (avgU=>4.4/5). Accuracy increases
significantly from this threshold and continues to
improve as avgU increases, suggesting that higher
avgU values correspond, on average, to more
reliable rating predictions.

3) Confidence Factor 3 - avgl



e  Work in [8]: high accuracy was observed for items
with avgl at either end of the scale (specifically,
avgl<1.5/5 or avgl>4.5/5).

e Present work: high accuracy is observed only for
items with avgl near the upper end of the rating scale
(avgl >4.4/5). Accuracy increases significantly from
this threshold and continues to improve as avgl
rises, suggesting that higher avgl values correspond,
on average, to more reliable rating predictions.

The comparison mentioned above shows that the three
prediction confidence factors identified in [8] do remain valid,
confirming their importance for assessing the reliability of
rating predictions in very sparse CF datasets. However, the
thresholds-ranges at which these factors indicate high-
accuracy predictions have shifted due to the use of the SIGM
similarity and the NN selection strategy (as proposed in [14]),
based on the density of each dataset. These findings highlight
the need to reassess reliability parameters and adjust them
according to the density of the dataset, particularly in sparse
environments, in order to achieve optimal performance.

V. CONCLUSIONS AND FUTURE WORK

In this study, we revisited the prediction confidence
factors introduced in [8] for assessing the reliability of rating
predictions in highly sparse CF datasets. By applying the
updated settings proposed in [14] -including the SIGM
similarity and an adaptive K-NN selection strategy based on
the density of each dataset- we examined whether the
confidence factors remain effective under the new CF
configurations. To evaluate prediction accuracy, we employed
two fundamental prediction error metrics in CF, MAE and
RMSE. Additionally, we conducted experiments on six sparse
datasets exhibiting varying sparsity degrees (from sparse to
extremely sparse) and domains, using the 5-fold cross-
validation technique to ensure more reliable results.

Our experimental findings indicate that, although the three
reliability factors proposed in [8] remain valid, the thresholds-
ranges defining high-accuracy rating predictions have shifted,
with the adoption of the new settings described above.

Specifically, regarding the first factor, the number of NNs
involved in the prediction, the work in [8] reported that the
highest prediction accuracy occurs for NNs>4. In contrast, the
results of the present study show that predictions reach high
accuracy only when NNs>15. Predictions with 5-8 NNs show
a modest increase of accuracy, while those with 9-14 NNs
exhibit a larger improvement. Lastly, predictions involving <4
NNs are considered less accurate.

Regarding the second factor, the user's average rating, the
work in [8] indicated that prediction accuracy is higher when
the user’s average rating is near either end of the rating scale
(upper or lower). In contrast, the results of the present study
show that high accuracy is achieved only for users with
average ratings near the upper end of the scale (avgU >4.4/5).
Prediction accuracy increases significantly from this point and
continues to improve as avgU rises, indicating that higher user
average ratings correspond, on average, to more reliable
predictions.

Similarly, for the third factor, the item's average rating, [8]
reported higher prediction accuracy when the item’s average
rating is near either end of the rating scale. In contrast, our
results show that high accuracy is achieved only for items with
avgl >4.4/5. Prediction accuracy increases significantly from

this threshold and continues to improve as avgl rises,
indicating that higher item average ratings correspond, on
average, to more reliable predictions.

More generally, the findings of this study highlight the
essential need for continuous evaluation of CF methods and
the (re-)adjustment of their settings and parameters according
to the characteristics of each dataset. Particularly in the case
of very sparse datasets, the limited availability of commonly
rated items hinders the identification of reliable neighbors,
directly impacting the accuracy of predictions. The present
study indicates that revising and adjusting prediction
confidence factors is vital for improving the performance of
CF systems under such challenging conditions.

Our future work will focus on incorporating the updated
confidence factors derived in this study into the
recommendation process, by combining the prediction score
with its corresponding prediction confidence. In terms of
practical deployment, this allows designers to improve
recommendation decisions by dynamically down-ranking
predictions with high uncertainty; for instance, effectively
prioritizing a high-confidence 4.7/5 prediction over a low-
confidence 4.9/5 prediction (as proposed in [34], [35]). The
ultimate goal is to transition from traditional error metrics to
directly quantifying these threshold limits on Top-N ranking
metrics like Precision, Recall, and NDCG, ensuring items
with a high likelihood of being accepted by users are
recommended, rather than simply recommending items with
the highest prediction score. Furthermore, we plan to
investigate additional confidence factors and evaluate their
correlation with prediction accuracy, aiming to further
improve the reliability of recommendations. Finally, similar
work focusing on dense datasets, such as MovieLens, is
planned to assess whether the proposed or analogous factors
and settings can also improve performance in these
environments [36], [37], [38].
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