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Abstract: Online consumer ratings are widely used to summarize product evaluations, but reported prediction errors depend on
the unit of analysis. Using 1,048,340 BeerAdvocate reviews covering 42,716 beers and 28,761 reviewers, this study compares
reconstruction of contemporaneously recorded overall ratings from sensory scores under two representations: beer-level averages
and individual reviews. Linear Regression, Random Forest, and a validation-weighted ensemble were evaluated using beer-
disjoint development and test partitions. The ensemble achieved MAE = 0.194, RMSE = 0.280, and R2 = 0.790 for beer-level
aggregates, compared with MAE = 0.305, RMSE = 0.405, and R2 = 0.682 for individual reviews. Across matched model classes,
raw-review RMSE was 38.8-45.6% higher. These errors are not like-for-like estimates for an identical prediction target:
aggregation changes outcomes, sensory predictors, observation counts, and weighting (one beer versus one review per
observation). Permutation importance identified taste, palate, and aroma as the leading predictors. A crossed random-intercept
model attributed 28.9% of rating variance to beer identity, 7.0% to reviewer identity, and 64.1% to residual review-level
variability. The findings show that product-level consensus is easier to reconstruct in this setting, not that personalized
recommendations are more accurate. Retailers and review platforms should evaluate consensus estimation and individual-
response reconstruction separately and display rating dispersion alongside product averages.

IndexTerms - Online consumer reviews; consumer preference; rating aggregation; consumer heterogeneity; recommender
systems; retail analytics.

1. INTRODUCTION

Online consumer ratings and reviews have become important information resources for consumers, retailers, manufacturers,
and digital platforms. Prior retail research demonstrates that online product ratings and multi-attribute reviews provide
information relevant to consumer evaluation, satisfaction, and marketplace outcomes [29-31]. Consequently, the manner in which
consumer ratings are represented and analyzed has implications not only for predictive modeling but also for the interpretation of
consumer feedback and the design of recommendation systems.

A fundamental distinction arises between collective consumer evaluations and individual consumer preferences. An aggregate
product rating summarizes evaluations from multiple consumers and can therefore serve as an indicator of market-level
consensus. An individual rating, by contrast, reflects the evaluation of a particular consumer and may incorporate personal
preferences, expectations, prior experience, and other sources of heterogeneity. Research on recommendation uncertainty and
consumer sensory evaluation recognizes that observed evaluations can contain meaningful variation rather than simply
measurement error [10,11,15,27]. Although aggregated and individual ratings originate from the same review environment, they
therefore represent different analytical constructs.

This distinction has important implications for predictive analytics. Averaging consumer ratings at the product level reduces
dispersion by partially smoothing differences among individual evaluations. Predictive models trained and evaluated using
aggregated observations may consequently exhibit lower prediction errors than models operating at the individual-review level.
Such differences become particularly important when product-level predictive performance is interpreted as evidence that a
system can predict individual consumer preferences with comparable precision. Research on uncertainty and trustworthy
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recommender systems further emphasizes that predictive accuracy should be interpreted in relation to the uncertainty,
heterogeneity, and feedback characteristics present in the underlying recommendation environment [9-16].

Existing recommender-system research has devoted considerable attention to collaborative filtering, graph-based
recommendation, multimodal systems, robustness, explainability, uncertainty, and increasingly sophisticated user-item
representations [1-14,19-22]. Review-aware systems also exploit textual and rating information to represent users and products
more effectively [7,8]. However, comparatively less attention has been directed toward how the analytical representation of
consumer ratings themselves affects the interpretation of predictive accuracy. In particular, predictive performance obtained from
product-level averages and performance obtained from individual consumer ratings should not automatically be treated as
equivalent indicators of a model's ability to represent consumer preferences.

This issue is particularly relevant in sensory evaluation. Consumer assessments of products such as food and beverages
involve multiple perceptual attributes, while individual preferences can differ even when consumers evaluate the same underlying
product [27]. Beer provides a useful empirical setting because overall evaluations are associated with sensory dimensions
including taste, aroma, palate, and appearance, and prior research has demonstrated that machine-learning methods can recover
meaningful relationships between beer characteristics and consumer appreciation [23]. At the same time, the availability of
repeated ratings across beers and reviewers makes it possible to distinguish stable product-level variation from reviewer-level and
residual review-level variability.

This study addresses the issue by treating rating representation as an explicit component of predictive evaluation. Using more
than one million BeerAdvocate reviews, the study compares two analytical representations of the same underlying consumer-
review information. The first aggregates overall ratings and sensory attributes to the beer level, producing a smoothed
representation of collective consumer evaluation. The second retains ratings and attributes at the individual-review level, thereby
preserving consumer disagreement and other review-level variability. Importantly, this comparison does not change only the
dependent variable: aggregation changes the unit of analysis and the distributions of both the outcome and associated sensory
predictors. The empirical question is therefore how predictive performance changes when consumer-review information is
represented at the collective product level rather than at the individual-review level.

To provide a controlled comparison, matched Linear Regression, Random Forest, and validation-weighted ensemble models
are evaluated using the same sensory attribute set under a beer-disjoint development-test design. The analysis is complemented by
bootstrap uncertainty assessment, permutation feature importance, and a crossed random-intercept model that decomposes
observed rating variability into beer-level, reviewer-level, and residual review-level components. The use of uncertainty
assessment and interpretability analysis is consistent with broader efforts to move recommender-system evaluation beyond
predictive accuracy alone [9-11,13,19-22].

Accordingly, the study addresses four research questions:

RQ1: How does predictive performance differ between beer-level aggregated consumer evaluations and raw individual
consumer ratings?

RQ2: Is the performance difference consistent across matched linear, tree-based, and ensemble models?

RQ3: Which sensory attributes are most influential under aggregated and individual-review representations, and how stable
are these relationships across the two conditions?

RQ4: How much of the observed variation in consumer ratings is attributable to beer identity, reviewer identity, and residual
review-level variability?

This study makes three contributions. Conceptually, it distinguishes consensus predictability from individual-preference
predictability, highlighting why the two should not be treated as interchangeable measures of consumer understanding.
Methodologically, it demonstrates how changing the analytical level through aggregation can materially alter reported predictive
performance even when the underlying review source, predictor constructs, model classes, and held-out products remain
comparable. Managerially, it shows why product-level prediction and individualized recommendation should be evaluated
separately: strong prediction of collective product evaluations does not necessarily imply equally strong prediction of individual
consumer responses. This distinction is relevant to the broader development of reliable, interpretable, and consumer-oriented
recommendation systems [9,13,19,21,25].

2. LITERATURE REVIEW AND CONCEPTUAL BACKGROUND

2.1 Online Consumer Reviews and Consumer Decision-Making

Online consumer ratings and reviews provide explicit signals about consumers' experiences with products and services and
constitute important information for recommender systems and consumer analytics [1,7,8,12]. Unlike purely transactional data,
review environments can contain both quantitative ratings and qualitative information reflecting users' perceptions of product
characteristics. Review-aware recommender systems consequently use such information to improve representations of consumer
preferences and product attributes [7,8].

From a consumer-analytics perspective, ratings should not necessarily be interpreted as direct measurements of objective
product quality. Consumer evaluations arise from interactions between product characteristics and individual perceptions,
expectations, experiences, and preferences. Different consumers may therefore provide different evaluations of the same product
even when its observable characteristics remain unchanged. Research concerned with uncertainty in recommender systems
similarly recognizes that prediction must accommodate variation in observed consumer feedback rather than assuming that every
rating represents an error-free expression of a fixed underlying preference [10-12].

This distinction is particularly relevant to product categories characterized by subjective sensory evaluation. Food and
beverage preferences depend on multiple sensory dimensions and consumer-specific responses, making them useful domains for
investigating relationships between observable product evaluations and subjective preference [27]. Beer ratings provide such a
setting because consumers commonly evaluate several sensory dimensions alongside an overall assessment, and previous research
has demonstrated the potential of machine learning to identify relationships between beer characteristics and consumer
appreciation [23].

JETIR2610164 | Journal of Emerging Technologies and Innovative Research (JETIR) www.jetir.org | b644


http://www.jetir.org/

© 2026 JETIR October 2026, Volume 13, Issue 10 www.jetir.org (ISSN-2349-5162)
2.2 Consumer Preference Heterogeneity and Rating Disagreement

Consumers are heterogeneous in their preferences, experiences, evaluation criteria, and responses to product characteristics.
Variation in ratings should therefore not automatically be treated as erroneous labels. Instead, observed disagreement may
combine meaningful consumer heterogeneity with contextual influences, consumer-product interactions, measurement variation,
and other unexplained factors. Research on uncertainty and noisy labels highlights the importance of distinguishing genuine
variation from measurement or labeling error when interpreting predictive performance [10,11,15,16].

This issue has direct implications for recommender systems. Personalized recommendation seeks to identify items that are
relevant to particular users rather than merely products that receive high average evaluations [1,12]. Consequently, variation
between consumers is not necessarily an undesirable property of the data; it may constitute part of the phenomenon that a
personalized system is intended to model. Robust and trustworthy recommender-system research similarly emphasizes the need to
account for noisy, sparse, biased, uncertain, or distributionally heterogeneous feedback when assessing system performance
[9,13].

At the individual level, a consumer rating can therefore be viewed as reflecting both product-related structure and additional
reviewer- or context-specific variation. Predictive models based primarily on observable product attributes may successfully
capture stable differences among products while leaving substantial individual-level variability unexplained. Quantifying this
decomposition is useful for determining whether apparent prediction difficulty primarily reflects differences among products,
stable reviewer tendencies, or variation remaining at the individual review level.

2.3 Aggregated Ratings and Individual Consumer Evaluations

Product-level aggregation transforms individual evaluations into a measure of collective tendency but also reduces the
disagreement retained in the underlying rating distribution. Consumer-review research shows that rating dispersion provides
information beyond the average rating: low dispersion indicates greater agreement, whereas high dispersion reflects
heterogeneous consumer evaluations and can influence how consumers interpret product ratings [31,32]. Thus, products with
similar mean ratings may represent substantially different patterns of individual consumer response.

This distinction has direct implications for predictive modeling. When individual ratings are averaged, positive and negative
deviations partially offset one another, producing a smoother product-level representation that may be easier to predict. Higher
accuracy under aggregation should therefore not automatically be interpreted as stronger prediction of individual consumer
preferences. Aggregated ratings primarily represent collective consensus, whereas raw ratings preserve consumer disagreement
and review-level variability relevant to personalization [10,11,31,32].

2.4 Predictive Analytics and Recommender Systems

Recommender systems employ a wide range of methods to infer preferences and identify items likely to be relevant to
individual users. These approaches include collaborative filtering and conventional recommendation methods as well as graph
neural networks, review-aware models, multimodal architectures, and other advanced representations [1-8]. Recent research has
also increasingly addressed robustness, fairness, uncertainty, and explainability as important dimensions of recommendation-
system quality [9-14,19-22].

Recommendation quality depends on more than accuracy: noisy feedback, explanation, and representation also matter
[9,15,16,19-22]. Product-level prediction estimates consensus; personalization additionally requires evidence about variation
between consumers.

Nevertheless, sophisticated modeling does not remove the need to define the prediction task appropriately. Product-level
prediction and consumer-level personalization answer different questions. A model that accurately estimates the expected
evaluation of a product can support product comparison or consensus estimation, while a personalized recommendation system
must additionally accommodate variation among individual users. Consequently, evaluation should distinguish performance
obtained from collective product summaries from performance obtained when individual consumer responses are retained.

2.5 Sensory Ratings, Beer Evaluation, and Predictive Interpretation

Sensory and consumer research provides an additional foundation for examining rating representation. Consumer responses to
food and beverage products arise from multiple sensory characteristics, and contemporary sensory research increasingly uses
computational methods to analyze complex relationships between product attributes and consumer appreciation [27].

Beer provides a particularly suitable empirical context because consumer reviews frequently contain separate evaluations of
taste, aroma, palate, and appearance in addition to overall ratings. Schreurs et al. [23], for example, demonstrated that machine-
learning methods can recover meaningful relationships between beer characteristics and consumer appreciation. These findings
support the use of beer as a domain for investigating predictive relationships among sensory evaluations.

However, strong relationships between sensory dimensions and overall ratings do not eliminate consumer heterogeneity. Two
consumers can evaluate similar sensory characteristics differently when forming an overall judgment. Consequently, predictive
performance based on average product evaluations may differ substantially from performance at the individual-review level.
Examining whether the relative importance of sensory attributes remains stable across these representations can also help
distinguish changes in predictive difficulty from changes in the underlying attribute relationships.

2.6 Research Gap and Contribution

Existing research addresses recommender-system architectures, uncertainty, explainability, and consumer-rating heterogeneity
[1-16,19-27], while recent retail research also shows that inconsistency between individual and product-average ratings can
affect consumer decision-making [28-33]. However, limited evidence examines how shifting from individual review-level
evaluations to product-level aggregation changes measured predictive performance. This study addresses that gap by comparing
both representations under a common beer-disjoint evaluation framework. Rather than proposing a new algorithm, it demonstrates
how aggregation can alter apparent predictability and, consequently, the interpretation of model performance for product-level
consensus versus individual-level personalization.
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3. METHODOLOGY

3.1 Dataset Description and analytical sample

The study used the BeerAdvocate review corpus distributed for recommender-system research. The source file contained
1,048,575 observations. After requiring a valid overall rating, beer identifier, and reviewer identifier, 1,048,340 reviews remained
for analysis. These observations represented 42,716 unique beers and 28,761 unique reviewers. Table 1 summarizes the principal
variables used in this study.

Review frequency was highly right-skewed across beers. The mean was 24.54 reviews per beer, whereas the median was 2
(IQR: 1-8; range: 1-2,999); 35.68% of beers had only one review and 51.63% had two or fewer reviews. Because beer-level
means based on sparse feedback may provide limited estimates of collective evaluation, a sensitivity analysis was conducted
using beers with at least five eligible reviews.

Table 1. Description of variables used in the analysis.

Variable Role / description

review_overall Overall beer rating (prediction target)

review_taste User-assigned taste score

review_aroma User-assigned aroma score

review_palate User-assigned palate/mouthfeel score

review_appearance User-assigned appearance score

beer_abv Alcohol by volume (%)

beer_beerid Beer identifier used for grouping and leakage control
review_profilename Reviewer identifier used for variance-component analysis

3.2 Data Preprocessing and missing-value handling

The numerical variables review_overall, review_taste, review_aroma, review_palate, review_appearance, and beer_abv were
converted to numeric form. Records lacking the target, beer identifier, or reviewer identifier were excluded. Predictor missingness
was handled by median imputation using medians estimated from the internal fit partition only; the same training-derived values
were then applied to validation, development, and test data. Beer and reviewer identifiers were not used as ordinary numeric
predictors. Because the final predictive models were ordinary least squares and tree-based Random Forest, z-score scaling was not
required in the final workflow.

3.3 Dual Representation Framework

Two analytical representations of the consumer-review data were evaluated. The raw representation retained each individual
review_overall value together with the corresponding review-level sensory predictors. The aggregated representation was
constructed by averaging overall ratings within each beer and applying the same beer-level aggregation to the five numerical
predictors. Consequently, the aggregated analysis uses beers as the observational units, whereas the raw analysis uses individual
reviews as the observational units.

The aggregated representation is therefore interpreted as a smoothed product-level consensus benchmark, while the raw
representation preserves individual consumer disagreement and other review-level variability. Importantly, the comparison does
not isolate aggregation of the dependent variable alone. Aggregation changes both the outcome and predictor distributions as well
as the unit of analysis. The resulting performance difference should therefore be interpreted as the effect of changing the
analytical representation of the rating task from individual reviews to product-level summaries, rather than as a pure causal effect

of target averaging.
n;
— 1
Ri = n_l Z Rl]
j=1

where R; represents the aggregated rating of beer i, Rij denotes the rating assigned in review j for beer i, and ni is the number
of ratings received by beer i.

3.4 Leakage-controlled data partitioning

Unique beer identifiers were randomly divided with seed 123 into 80% development beers and 20% held-out test beers. All
reviews associated with a given beer were assigned to only one partition. The resulting data contained 850,058 raw development
reviews and 198,282 raw test reviews; after beer-level aggregation, there were 34,172 development beers and 8,544 test beers.
The held-out test set was not used for fitting or ensemble-weight selection.

Within the development partition, a second beer-disjoint fit-validation split was created using seed 456. This validation set
was used to select the weights of the linear-regression/Random-Forest ensemble. Thus, model combination was tuned
independently of final test performance.

3.5 Predictive Models

Three matched configurations were evaluated under both analytical representations: Linear Regression, Random Forest, and a
weighted Linear Regression—Random Forest ensemble. Linear Regression provides an interpretable additive benchmark, while
Random Forest accommodates nonlinear relationships and interactions among structured predictors. Ensemble approaches can
combine complementary predictive behavior across component models [17,18]. The predictor set was review_taste,
review_aroma, review_palate, review_appearance, and beer_abv.

3.5.1 Linear Regression

Ordinary least squares regression served as the interpretable baseline, modeling the overall rating as an additive function of
the five predictors.
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3.5.2 Random Forest
Random Forest models were estimated with the ranger implementation. Final models used 500 trees and mtry = 3. The

minimum node size was 10 for the raw condition and 5 for the aggregated condition. Permutation importance was requested
during model fitting. Parallel processing was used where available, and seed 123 was fixed for reproducibility.

3.5.3 Validation-weighted ensemble

The ensemble combined Linear Regression and Random Forest predictions. Candidate Random-Forest weights from 0 to 1 in
increments of 0.01 were evaluated on the internal validation set, with the complementary weight assigned to Linear Regression.
The weight minimizing validation RMSE was selected separately for each target representation. The final raw ensemble used
weights 0.55 (Random Forest) and 0.45 (Linear Regression); the aggregated ensemble used 0.26 and 0.74, respectively.

3.6 Evaluation Metrics

Performance was assessed on the held-out test set using mean absolute error (MAE), root mean squared error (RMSE), and the
coefficient of determination (R2). Lower MAE and RMSE indicate better predictive accuracy, whereas higher R indicates greater
explained variance.

Mean Absolute Error:

Root Mean Squared Error:

i—-1
Coefficient of Determination:
: 55 2
L — l
R? :1_2(3’, 31)2
Xyi —y)

These metrics provide complementary perspectives on predictive accuracy, error magnitude, and explanatory power.

3.7 Bootstrap uncertainty analysis

To quantify uncertainty in held-out Random Forest performance, we conducted 1,000 paired nonparametric bootstrap
resamples at the beer level. The common set of 8,544 held-out beer 1Ds was sampled with replacement in each replicate. For the
aggregated representation, each selected beer contributed its beer-level observed rating and fixed Random Forest prediction. For
the raw representation, each selected beer contributed all its associated held-out review observations and corresponding fixed
predictions; a beer selected multiple times contributed its reviews multiple times. We calculated MAE and RMSE separately for
each representation, retaining review-level weighting for the raw condition and beer-level weighting for the aggregated condition.
For each paired draw, we also calculated the difference between raw and aggregated RMSE. Two-sided 95% confidence intervals
were obtained from the 2.5th and 97.5th percentiles of the bootstrap distributions. The procedure resampled test-set predictions
without refitting models or repeating model selection; thus, intervals quantify held-out sampling variability conditional on the
fitted models rather than total model-training uncertainty.

3.8 Permutation feature importance

Random-Forest feature importance was estimated using permutation importance. This approach evaluates the contribution of a
predictor by measuring the deterioration in predictive performance when its values are disrupted while the fitted model is
otherwise retained. In the present study, importance values are used as global model-interpretation measures and are interpreted
comparatively rather than as causal effects. This distinction is consistent with the broader explainable-Al literature, which
emphasizes that post-hoc feature attribution describes model behavior and should not automatically be interpreted as causal
explanation [19,21].

3.9 Variance-component analysis

To quantify the sources of subjective variability, a crossed random-intercept model was fitted to a reproducible random
sample of 100,000 reviews:
Rl]=ﬂ+bl+u]+£”
where b; is the beer-specific random intercept, u; is the reviewer-specific random intercept, and g; is residual review-level
variation. The model was estimated by restricted maximum likelihood using Ime4. Variance shares were computed by dividing
each component by total variance. These shares quantify the relative contribution of beer identity, reviewer identity, and residual
review-level variation to observed ratings.

3.10 Review-frequency sensitivity analysis

To examine whether sparse product-level feedback influenced the aggregation results, the predictive analysis was repeated
among beers with at least five eligible reviews. This restriction retained 998,669 reviews across 14,530 beers. Common beer-
disjoint training, validation, and test partitions were applied to the raw and beer-level aggregated representations, with no beer
identifiers shared across partitions. Linear Regression, Random Forest, and validation-weighted ensembles were evaluated using
RMSE, MAE, and R?, with ensemble weights selected on the validation partition before final evaluation on the held-out test set.

As an additional robustness specification, the restricted-sample models used four sensory predictors (taste, aroma, palate, and
appearance), excluding alcohol by volume. The analysis therefore assesses whether the difference between individual-review and
aggregated prediction persists under a common sensory-only specification and a minimum-review threshold; it is not an exact
replication of the five-predictor primary models.

JETIR2610164 | Journal of Emerging Technologies and Innovative Research (JETIR) www.jetir.org | b647


http://www.jetir.org/

© 2026 JETIR October 2026, Volume 13, Issue 10 www.jetir.org (ISSN-2349-5162)

4. RESULTS

4.1 Dataset characteristics and target distributions
Table 2. Analytical sample and leakage-controlled partition sizes.

Measure Value
Source observations 1,048,575
Analytical raw reviews 1,048,340
Unique beers 42,716
Unique reviewers 28,761
Raw development reviews 850,058
Raw test reviews 198,282
Aggregated development beers 34,172
Aggregated test beers 8,544
Reviews retained in >5-review sensitivity analysis 998,669
Beers retained in >5-review sensitivity analysis 14,530

The held-out aggregated target had mean 3.667 (SD = 0.611; median = 3.75; IQR = 0.580), whereas the raw target had mean
3.832 (SD = 0.719; median = 4.00; IQR = 1.00). The larger dispersion of raw ratings is visible in Figure 1 and is consistent with
the greater heterogeneity retained at the review level.

Distribution of Aggregated and Raw User-Level Beer Ratings

w

Overall Rating

Aggregated Raw User-Level
Fig. 1. Distribution of overall ratings under aggregated beer-level and raw review-level representations.

The violin plots and kernel-density estimates illustrate the lower dispersion associated with beer-level aggregation. The
aggregated target exhibits substantially lower dispersion than the raw target, demonstrating the variance-reduction effect
introduced by rating aggregation.
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Table 3. Final held-out performance of matched models under aggregated and raw target representations.

Condition Model MAE RMSE R2
Aggregated Linear Regression 0.195 0.281 0.789
Aggregated Random Forest 0.204 0.294 0.769
Weighted LM-RF
Aggregated Ensemble 0.194 0.280 0.790
Raw Linear Regression 0.307 0.409 0.677
Raw Random Forest 0.308 0.408 0.678
Raw Weighted LM-RF | 35 0.405 0.682
Ensemble

The weighted ensemble achieved the best overall performance in both target conditions. Under aggregated ratings, it produced
MAE = 0.194, RMSE = 0.280, and R2 = 0.790. Under raw ratings, the corresponding values were MAE = 0.305, RMSE = 0.405,
and R2 = 0.682. The similar ordering across target conditions indicates that the main change in apparent accuracy was associated
with target representation rather than a reversal in model ranking.

Linear Regression was the strongest single model under the aggregated target (RMSE = 0.281, R2 = 0.789), whereas Random
Forest was marginally stronger than Linear Regression on raw RMSE and R? (0.408 and 0.678 versus 0.409 and 0.677). The
differences between these individual models were small relative to the gap between aggregated and raw prediction.

4.3 Effect of analytical representation
Table 4. Relative change in predictive performance from aggregated to raw ratings.

Model MAE change (%) RMSE change (%) R2 change (%)
Linear Regression 57.3 45.6 -14.3
Random Forest 51.1 38.8 -11.8
Weighted LM-RF Ensemble | 57.0 44.7 -13.7

For Linear Regression, moving to raw ratings increased MAE by 57.3% and RMSE by 45.6%, while R2 decreased by 14.3%.
For Random Forest, MAE increased by 51.1%, RMSE by 38.8%, and R2 declined by 11.8%. The weighted ensemble showed a
57.0% increase in MAE, a 44.7% increase in RMSE, and a 13.7% decrease in R2 Thus, substantial deterioration occurred for
every matched model, demonstrating that prediction was more difficult under the raw review-level representation using the
available sensory attributes.
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Observed vs Predicted Ratings: Raw User-Level Condition
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Fig. 2. Observed versus predicted overall ratings for the Random Forest model: (A) raw review-level representation; (B)
aggregated beer-level representation.

4.4 Bootstrap robustness

Table 5. Random-Forest bootstrap confidence intervals based on 1,000 resamples.

Condition Model Metric Estimate 95% CI lower 95% CI upper
Aggregated Random Forest MAE 0.204 0.199 0.208
Aggregated Random Forest RMSE 0.294 0.285 0.302
Raw Random Forest MAE 0.308 0.303 0.313
Raw Random Forest RMSE 0.408 0.401 0.416

Note. Bootstrap resampling was paired by held-out beer ID. All raw reviews belonging to a sampled beer were retained,
including repeated selections. Random Forest predictions were held fixed; models were not retrained. Raw metrics are review-
weighted, while aggregated metrics are beer-weighted.

Table 5 reports Random Forest test-set uncertainty under paired beer-cluster resampling. Aggregated RMSE was 0.293661
(95% bootstrap Cl: 0.285447-0.302000), compared with raw RMSE of 0.407673 (95% CI: 0.400844-0.415761). Aggregated
MAE was 0.203665 (95% Cl: 0.199311-0.207951), whereas raw MAE was 0.307646 (95% CI: 0.303439-0.312668). The
observed raw-minus-aggregated RMSE difference was 0.114011; its bootstrap mean was 0.114122 (95% CI: 0.103320—
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0.125027). All 1,000 paired resamples yielded a positive difference. The findings indicate that the lower error of the aggregated
representation is robust to resampling held-out beers, while the contrast remains between outcomes evaluated at different
observational levels.

4.5 Permutation feature importance

Table 6. Random-Forest permutation feature importance by target representation.

Feature Permutation importance Condition
review_taste 0.4083 Aggregated
review_palate 0.0860 Aggregated
review_aroma 0.0341 Aggregated
review_appearance 0.0130 Aggregated
beer_abv 0.0099 Aggregated
review_taste 0.4432 Raw
review_palate 0.1018 Raw
review_aroma 0.0253 Raw
beer_abv 0.0219 Raw
review_appearance 0.0131 Raw

Taste was the dominant predictor in both target conditions, with importance 0.4083 for aggregated ratings and 0.4432 for raw
ratings. Palate ranked second (0.0860 and 0.1018), followed by aroma. Appearance and alcohol by volume contributed
substantially less. The broad ranking was therefore stable despite the pronounced change in predictive difficulty, suggesting that
target representation altered error magnitude more strongly than it altered the principal sensory drivers identified by the model.

Random Forest Permutation Feature Importance

Aggregated Raw

e _ e _
review_palate . review_palate .
0.0 0.1

review_aroma review_aroma

beer_abv beer_abv

review_appearance review_appearance I

0.2 0.3 0.4 0.0 0.1 0.2 0.3 0.4
Permutation Importance

Fig. 3. Random-Forest permutation feature importance under aggregated beer-level and raw review-level representations.

4.6 Residual diagnostics

Random-Forest residuals under the raw condition were concentrated around zero, indicating limited systematic location bias
in the central part of the distribution. The Q-Q plot, however, showed departures from normality in both tails. This pattern is
compatible with heterogeneous review-level errors and indicates that a simple Gaussian residual assumption would not fully
describe the predictive error distribution. These diagnostics are descriptive because Random Forest does not require normally
distributed residuals for estimation.
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Fig. 4. Random-Forest residual diagnostics under the raw review-level representation: (A) residual distribution; (B) normal Q-Q
plot.

(A) Residual density distribution illustrating prediction error concentration around zero.
(B) Normal Q—Q plot assessing residual distribution and prediction uncertainty. Together, these diagnostics provide evidence
regarding model fit and the variability inherent in subjective user ratings.

4.7 Variance-component analysis

Table 7. Variance components from the crossed random-intercept model (n = 100,000 reviews).

Component Variance Proportion of total Percent of total
Beer 0.1520 0.289 28.9

Reviewer 0.0370 0.070 7.0

Residual 0.3368 0.641 64.1

Beer identity accounted for 28.9% of total rating variance (variance = 0.1520; beer ICC = 0.289), while reviewer identity
accounted for 7.0% (variance = 0.0370; reviewer ICC = 0.070). The residual component was largest at 64.1% (variance =
0.3368). This residual share represents within-beer, within-reviewer, contextual, interaction, and otherwise unmodeled review-

JETIR2610164 | Journal of Emerging Technologies and Innovative Research (JETIR) www.jetir.org | b652


http://www.jetir.org/

© 2026 JETIR October 2026, Volume 13, Issue 10 www.jetir.org (ISSN-2349-5162)

level variability. The results show that reviewer-specific differences are measurable, but most unexplained variability lies beyond
stable beer and reviewer intercepts.

4.8 Review-frequency sensitivity analysis

Restricting the analysis to beers with at least five reviews retained 998,669 reviews (95.26% of the analytical sample) across
14,530 beers. Under the common beer-disjoint evaluation, the raw validation-weighted ensemble achieved RMSE = 0.4071, MAE
=0.3078, and R2 = 0.6563, whereas the corresponding beer-level aggregated ensemble achieved RMSE = 0.1551, MAE = 0.1166,
and R2 = 0.8906. Thus, substantially lower prediction error under aggregation persisted after sparsely reviewed beers were
excluded, indicating that the observed aggregation effect was not attributable solely to products represented by very few reviews.

5. DISCUSSION

The central finding is that changing the representation of consumer ratings changes the measured difficulty of
contemporaneous overall-rating reconstruction. The best ensemble yielded RMSE = 0.280 and R2 = 0.790 for aggregated beer-
level observations, compared with RMSE = 0.405 and R2 = 0.682 for individual reviews. Across matched model classes, raw-
review RMSE was 38.8-45.6% higher. This is a contrast between distinct prediction tasks, not a like-for-like comparison on one
target: aggregation alters the overall-rating outcome, sensory predictors, sample size, and weighting convention. Aggregated
errors weight each beer once, whereas raw errors weight each review. The consistent direction across Linear Regression, Random
Forest, and the ensemble suggests that the difference is not specific to one algorithm.

The findings distinguish beer-level consensus estimation from individual-response reconstruction. Averaging overall and
sensory ratings reduces disagreement and produces a smoother product-level task. Because sensory predictors and overall ratings
are recorded within the same review, neither analysis constitutes a prospective test of personalized recommendations, future
consumer choices, or user-specific ranking quality [10-13].

Beer identity explained 28.9% of rating variance, reviewer identity 7.0%, and the residual 64.1%. The residual may include
consumer—product interactions, context, temporal effects, and measurement variation; it must not be interpreted wholly as
meaningless noise [10,11,15,16].

Linear Regression slightly outperformed Random Forest for aggregated ratings, while Random Forest had a marginal
advantage for raw reviews. These model differences were small relative to the representation gap, highlighting the importance of
evaluation design rather than any single algorithm.

Taste dominated permutation importance in both representations, followed by palate and aroma. Similar predictor rankings
alongside different error magnitudes suggest that the main distinction is the predictability of the respective evaluation tasks, not a
wholesale change in influential sensory attributes [23,27,28].

Paired resampling of held-out beer clusters supported the stability of the Random Forest performance contrast: the observed
raw-minus-aggregated RMSE difference was 0.1140 (95% bootstrap CI: 0.1033-0.1250). Because the raw and aggregated targets
represent different observational units, this comparison reflects a representation-level predictive contrast, not a paired difference
between individual review outcomes.

The review-frequency sensitivity analysis provides complementary robustness evidence. After excluding beers with fewer
than five reviews, substantially lower prediction error persisted under the aggregated representation, indicating that the observed
aggregation effect was not driven solely by sparsely reviewed products. This remains an internal sensitivity analysis and does not
establish a universal minimum review count for reliable consensus estimation.

The results reinforce a methodological point for retail analytics: model accuracy is interpretable only in relation to the
underlying prediction target and decision context. Product averages can inform benchmarking, whereas individualized services
require validation against individual outcomes [9-16].

5.1 Managerial and Practical Implications

The findings have several implications for retailers, digital platforms, recommendation-system developers, and consumer-
analytics teams.

First, retailers should match their evaluation unit to the decision: beer-level means support product benchmarking and
assortment comparisons, whereas individual-review outcomes are needed when assessing consumer-specific predictions. Platform
interfaces could display review counts and rating dispersion alongside means so that apparent consensus is not mistaken for
uniform preference. These are design implications, not interventions evaluated in this study.

Second, platforms should not promote product-level accuracy as evidence of personalization. The study reconstructs overall
ratings from sensory scores recorded in the same review; it does not predict future purchases or demonstrate user-specific
recommendation quality.

Third, review platforms should distinguish mean scores from disagreement. Two products with similar averages may have
different rating distributions; displaying dispersion or segment-specific summaries could make that difference visible [31,32]. The
present analysis motivates such designs but does not test their effects on consumer decisions.

Fourth, retail analytics reports should label the outcome level and weighting convention. Raw RMSE is review-weighted,
whereas aggregated RMSE is beer-weighted; their contrast therefore describes different prediction tasks rather than a causal effect
of averaging. This distinction matters when comparing vendors, ranking products, or claiming personalization gains.

Finally, taste, palate, and aroma remain useful descriptive signals at both levels [23,27,28]. Their predictive importance does
not establish causal influence or eliminate the need for user history and context in personalized systems.

5.2 Future Research Directions

Future research should test the distinction between consensus and individual-preference predictability across additional retail
and service contexts. Consumer sensory research indicates that preference formation can differ across product categories and
evaluation settings [27,28]; cross-category evidence would therefore help determine whether the magnitude of the aggregation
effect observed here generalizes beyond beer ratings.
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Methodologically, future studies could incorporate user-disjoint evaluation to assess prediction for previously unseen
consumers and compare the present structured models with matrix factorization, graph-based, deep, review-aware, and
multimodal recommender systems [1-8]. Incorporating review text, consumer histories, temporal information, and user-item
interactions may help explain additional individual-level variability. Review-based and multimodal recommendation research
provides particularly relevant foundations for these extensions [7,8,24].

Future work should also investigate uncertainty-aware and distributional predictions rather than representing consumer
preference exclusively through point estimates. Existing research on recommendation uncertainty provides methodological
foundations for quantifying uncertainty around rating predictions and recommendations [10,11]. From a consumer-analytics
perspective, an additional extension would be to examine whether rating distributions, personalized review summaries, or
consumer-segment-specific evaluations provide better decision support than conventional aggregate ratings.

6. LIMITATIONS

Several limitations should be considered when interpreting the findings. First, the study examines one online-review domain
and one platform; consequently, the magnitude of the observed aggregation effect may differ across retail categories, services,
platforms, and consumer populations. The findings establish the phenomenon within the BeerAdvocate environment but do not
constitute external validation across consumer markets. Although the >5-review sensitivity analysis reduces concern that the
principal result is driven by extremely sparse product evaluations, the five-review threshold is a robustness criterion rather than an
empirically established minimum for reliable consensus estimation.

Second, the aggregated and raw conditions differ not only in representation of the outcome but also in observational
granularity and predictor aggregation. The comparison therefore estimates the performance consequences of moving from an
individual review-level representation to a beer-level aggregated representation; it should not be interpreted as isolating the causal
effect of averaging the dependent variable alone.

Third, the predictive models use structured sensory ratings and alcohol content but exclude review text, beer style, temporal
context, consumer history, purchase information, and consumer-product interaction features that may explain additional
individual-level variation. Such information has been incorporated into more advanced review-aware and multimodal
recommender systems [7,8].

Fourth, the development-test partition is beer-disjoint but not reviewer-disjoint. A reviewer may therefore contribute ratings to
both development and test partitions even though the same beer cannot appear in both. The reported raw-rating performance
consequently represents prediction for previously unseen beers within the same review platform rather than a strict cold-start
evaluation for previously unseen consumers.

Fifth, the bootstrap analysis uses fixed predictions from the original held-out test set. Consequently, the reported intervals
capture variability associated with resampling beers but do not account for uncertainty from refitting the predictive models, tuning
hyperparameters, or selecting ensemble weights. Moreover, the raw and aggregated outcomes differ in their units of analysis and
weighting, so differences in prediction error should not be interpreted as causal effects of aggregation.

Finally, the crossed random-intercept model was estimated on a reproducible 100,000-review subsample for computational
tractability and uses random intercepts only. The 64.1% residual component should not be interpreted solely as consumer
heterogeneity; it may contain consumer-product interactions, contextual effects, temporal variation, measurement variation, and
other unmodeled sources.

7. CONCLUSION

This study shows that the analytical representation of online ratings substantially affects measured performance in
reconstructing contemporaneous overall evaluations. Across more than one million BeerAdvocate reviews and beer-disjoint held-
out evaluation, the best ensemble achieved RMSE = 0.280 and Rz = 0.790 for aggregated beer-level observations, versus RMSE =
0.405 and Rz = 0.682 for raw reviews. These RMSE values describe different targets and observation units rather than
performance on the same outcome: aggregation changes the ratings and sensory predictors, the number of observations, and the
relative weighting of beers and reviews. The direction of the contrast persisted in a sensitivity analysis restricted to beers with at
least five reviews.

The evidence supports a distinction between reconstructing collective product evaluations and reconstructing individual
review responses; it does not directly test personalized recommendation performance. Taste, palate, and aroma remained the
principal predictors in both representations. Variance-component analysis attributed 28.9% of observed rating variance to beer
identity, 7.0% to reviewer identity, and 64.1% to residual review-level variation, indicating substantial variability beyond stable
beer and reviewer effects.

For retail analytics, beer-level averages can support consensus estimation, product benchmarking, and assortment decisions,
while review-level analyses retain disagreement relevant to understanding individual responses. Neither result establishes
accuracy for future purchases, user-specific rankings, or personalized recommendations. Platforms should report the evaluation
unit and weighting convention, communicate rating dispersion alongside averages, and validate personalization claims using
genuinely user-specific prospective outcomes.
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SUPPLEMENTARY MATERIAL

This supplementary material provides additional experimental configurations, model specifications, and sensitivity-analysis
results supporting the analyses reported in the main manuscript.

Table S1. Experimental configuration.

Parameter Value

Source observations 1,048,575

Analytical raw observations 1,048,340

Unique beers 42,716

Unique reviewers 28,761

Development/test split 80% / 20%

Split unit Beer identifier (beer-disjoint)

Internal validation Beer-disjoint fit/validation within development data
Random seed 123 (primary); 456 (internal validation)
Bootstrap iterations 1,000

Predictors Taste, aroma, palate, appearance, ABV
Aggregated target Mean overall rating within beer

Raw target Individual review_overall rating
Variance-component sample 100,000 reviews
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Model Final configuration

Linear Regression Ordinary least squares

500 trees; mtry = 3; min.node.size = 10; permutation
Random Forest - raw )
importance

500 trees; mtry = 3; min.node.size = 5; permutation
Random Forest - aggregated )
importance

RF weight = 0.55; LM weight = 0.45

RF weight = 0.26; LM weight = 0.74

Weighted ensemble - raw

Weighted ensemble - aggregated

Ensemble weights were selected on the internal beer-disjoint validation partition by minimizing RMSE over candidate Random-
Forest weights from 0 to 1 in increments of 0.01. The held-out test set was not used to determine ensemble weights.

Table S3. Sensitivity analysis restricted to beers with at least five reviews

Representation Model RMSE MAE R2
Individual reviews Linear regression 0.4134 0.3085 0.6455
Individual reviews Random forest 0.4072 0.3086 0.6562

Validation-
Individual reviews weighted 0.4071 0.3078 0.6563
ensemble
Beer-level . .
. Linear regression 0.1564 0.1178 0.8887
aggregation
Beer-level
) Random forest 0.1601 0.1199 0.8834
aggregation
Validation-
Beer-level )
) weighted 0.1551 0.1166 0.8906
aggregation
ensemble

Note: The sensitivity analysis retained 998,669 reviews from 14,530 beers with at least five eligible reviews. Beer identifiers were
mutually exclusive across training (9,300 beers), validation (2,324 beers), and test (2,906 beers) partitions. Ensemble weights
were selected using validation RMSE. The selected RF/LR weights were 0.82/0.18 for the individual-review representation and
0.36/0.64 for the aggregated representation. Random Forest models used 500 trees, mtry = 3, and minimum node sizes of 10 and 5
for the individual-review and aggregated representations, respectively.

The primary analysis used five predictors: taste, aroma, palate, appearance, and alcohol by volume (ABV). The >5-
review sensitivity analysis used four sensory predictors (taste, aroma, palate, and appearance), excluding ABV. Consequently, the
sensitivity analysis evaluates the persistence of the representation-level performance difference under a restricted sample and
sensory-only specification, rather than exactly replicating the primary five-predictor analysis.

Table S4. Paired beer-cluster bootstrap contrast in Random Forest RMSE (raw minus aggregated).

Observed Bootstrap mean 95% percentile ClI Positive resamples
difference
0.114011 0.114122 0.103320-0.125027 1,000/1,000

Note. The same sampled beer IDs were used for both representations in every replicate. The observed difference and bootstrap
mean are distinct quantities. The 1,000/1,000 proportion is a descriptive bootstrap result, not an exact p-value.
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S5. Reproducibility of the paired beer-cluster bootstrap

The verification uses the common 8,544 held-out beer IDs, fixed Random Forest predictions, and 1,000 paired resamples
with replacement. For each sampled beer, the aggregated metric uses one beer-level prediction and the raw metric uses all
associated review-level predictions, including repeated contributions when a beer is sampled multiple times. Raw error is review-
weighted and aggregated error is beer-weighted. The archived bootstrap replicates were generated using NumPy
default_rng(20261011). The companion Python script reproduces all 1,000 archived replicates to absolute tolerance le-12; R
set.seed(20261011) produces different random draws. No models are refitted.
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