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1. Introduction

Recommender systems are central to modern e-commerce, yet accurate ranking alone is not sufficient
when users and stakeholders also need to understand why an item is recommended. In review-rich
platforms, product reviews provide fine-grained preference cues and can therefore serve as a natural source
of evidence for recommendation justification [1], [2], [3]. Most practical recommenders, however, still focus
primarily on predictive effectiveness through interaction-based latent factors [4], neighborhood signals [5],
or sparse text representations [6], [7]. These methods are effective for top-N recommendation and are
commonly evaluated with ranking metrics such as NDCG, Recall, and MRR [8]. However, a strong ranking
result does not guarantee that an attached explanation is faithful to the actual scoring process.

Explainable recommendation research has addressed this issue from multiple directions. Survey work
has summarized the main goals of transparency, persuasiveness, and scrutability in explainable
recommendation [9]. More recently, model-agnostic work has proposed reusable pipelines for faithfully
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explaining recommendation rankings [10]. Review analysis resources such as sentiment lexicons [11] and
review-grounded models such as HFT, DeepCoNN, and NARRE have further shown that review text can
support both preference modeling and human-readable recommendation justification [12], [13], [14]. A
recent review-based recommender for rating prediction also reported that review properties and
sequential review information can improve both accuracy and interpretability [15]. In addition, sampled
top-N evaluation remains a standard benchmarking protocol for implicit recommendation [16], while
recent surveys have emphasized the importance of evaluating the “why” of recommendations in a
systematic manner [17].

Recent studies continue to strengthen this line of work. Counterfactual explanation has been
investigated for fairness diagnosis in recommendation [18]. Contrastive learning has been used to improve
the faithfulness and factuality of generated explanations [19]. At a broader level, recent surveys on review-
based recommender systems and review-based explainable recommendation highlight persistent
challenges in representation learning, sparsity, evaluation, and transparency [20], [21]. In parallel, review-
enhanced graph neural models such as IReGNN attempt to reduce review sparsity while preserving
explainability [22]. However, two research gaps remain. First, many existing approaches either rely on
complex generation architectures or evaluate explanations mainly through plausibility-oriented measures,
making it difficult to verify whether the highlighted evidence truly accounts for the model score. Second,
fully reproducible pipelines that jointly report ranking performance, overlap with held-out user reviews,
and model-level faithfulness are still limited. Faithfulness research has repeatedly shown that explanations
should be evaluated by whether removing or isolating the highlighted evidence changes model behavior,
rather than by readability alone [23], [24].

To address these gaps, this paper proposes Review-Grounded eXplainable Recommender (RGXRec), a
lightweight hybrid model that combines collaborative latent factors and TF-IDF review similarity. The
method produces a ranked list together with extractive evidence consisting of shared aspect terms and
supporting review sentences. In addition, we introduce a lightweight term-attribution faithfulness metric
for the TF-IDF component and conduct an accuracy-faithfulness sensitivity analysis with respect to the
hybrid weight. The study is implemented in an end-to-end pipeline on two Amazon Review Data subsets.
After rating thresholding, 5-core pruning, and chronological leave-one-out splitting, we compare RGXRec
against popularity, metadata-graph KNN, SVD-MF, and ReviewSim. The paper reports ranking metrics,
explanation-quality metrics, and model-level faithfulness metrics, followed by failure analysis and a concise
discussion of what the results imply for review-grounded explainable recommendation.

2. Research Methodology

2.1 End-to-end experimental pipeline

Figure 1 summarizes the complete workflow adopted in this study. The pipeline starts from Amazon
review and metadata collection, followed by interaction binarization, iterative 5-core pruning,
chronological train/validation/test splitting, review document construction, model training, ranked
recommendation, extractive evidence generation, and joint evaluation of ranking accuracy and explanation
faithfulness. This dedicated subsection is included to clarify how recommendation and explanation stages
are connected in a single reproducible end-to-end setting.

2.2 Datasets, preprocessing, and descriptive statistics

Datasets and preprocessing. We use the Amazon Review Data (2018 release) with review text and item
metadata including the also-bought/also-viewed edges [1], [2], [3]. We select two categories that differ in
size and domain: Luxury Beauty (dense niche catalog) and Video Games (large entertainment catalog). Each
raw review record provides a user identifier, an item identifier (ASIN), a timestamp, a numerical rating, and
free-text review fields. Each metadata record provides the item title and the also_buy/also_view lists. To
align the task with top-N implicit recommendation, we treat a review as a positive interaction when its
rating is overall = 4, which is a common binarization for Amazon data in the recommender literature. We
then apply iterative 5-core pruning (users and items must have at least five remaining positive interactions)
to guarantee enough history for leave-one-out evaluation. Table 1 reports the resulting dataset sizes. Table
2 reports the metadata graph statistics after restricting edges to items that remain in the recommendation
set.
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Figure 1. End-to-end experimental pipeline. The workflow consists of data acquisition, interaction binarization, 5-core
pruning, chronological splitting, model training, ranked recommendation, extractive evidence generation, and
explanation evaluation

Table 1. Dataset statistics after rating thresholding (overall 2 4) and iterative 5-core pruning

Avglnter/U  Avginter/It = AvgReview

Users Items Interactions Density
ser em Len
Luxury_Beauty = 2382.0000 1047.0000 21911.0000 0.0088 9.1986 20.9274 96.2541
Video_Games 36869.0000 12851.0000 321753.0000 0.0007 8.7269 25.0372 115.2348

Table 2. Product metadata graph statistics (also-buy/also-view) restricted to items in the recommendation set

Also Buy Edges Also View Edges Total Edges Avg Degree
Luxury_Beauty 6157.000 4147.000 6992.000 13.356
Video_Games 248991.000 175179.000 330743.000 51.474

Table 3. Leave-one-out split and sampled evaluation protocol (99 negatives per user)

. . Val . Negatives Per Evaluation
Train Interactions Interactions Test Interactions User Candidates Per User
Luxury_Beauty 17147 2382 2382 99 100
Video_Games 248015 36869 36869 99 100

Within each dataset, we perform a chronological leave-one-out split per user: the most recent positive
interaction is assigned to the test set, the second-most recent to the validation set, and all earlier positives
to the training set. This protocol is widely used for implicit top-N evaluation and simulates forecasting the
next item from a user’s historical behavior [16]. Table 3 summarizes the split sizes and evaluation candidate
construction.

2.3. Task formulation.

Let U be the set of users and I the set of items. The training data consists of implicit positive interactions
(u, 1) derived from reviews with overall = 4. For each user u, the goal is to rank candidate items so that the
held-out test item i* appears near the top. We report NDCG@K and Recall@K for K € {5,10,20} as standard
ranking metrics [8], as well as mean reciprocal rank (MRR).

2.4. Compared recommenders.
We compare five models that cover common signals available in the Amazon data:
1) Pop: ranks items by training-set popularity counts.
2) MetaGraphKNN: uses the also-bought/also-viewed product graph. For a user u with training history
H(u), we score a candidate item i by the number of graph neighbors of items in H(u) that connect to i
(a simple neighborhood counting heuristic inspired by item-based collaborative filtering [5])
3) SVD-MF: an interaction-only latent factor model. We build a sparse user-item matrix X where
X(u,i)=1 for training interactions and apply TruncatedSVD to obtain user factors P and item factors Q.
The collaborative score is defined as:

ser(w, ) = (B, Qi) (1)

4) ReviewSim: a review-only model. We build a user document d_u by concatenating sentences from the
user’s training reviews, and an item document d_i by concatenating sentences from the item’s
training reviews. We compute TF-IDF vectors t_u and t_i. The text-based score is

Stext (U, 1) = cos(ty, t;) (2)
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Table 4. Overview of compared recommenders, the signals they use, and whether model-level textual
faithfulness is defined

Uses Uses Reviews Uses Metadata Personalized Faithfulness

Interactions Graph Explanation Evaluated
Pop Yes No No No N/A
MetaGraphKNN Yes No (only for Yes Partially N/A

post-hoc)
SVD-MF Yes No No No (post-hoc) 0 by definition
ReviewSim No Yes No Yes Yes
RGXRec Yes Yes Optional (notusedin  Yes Yes (scaled by 1-
this implementation) a)

5) RGXRec (proposed): a hybrid model that combines collaborative and textual evidence. The final
ranking score is
s(u, i) = sep(u, i) + (1=0)S¢exe (u, 1) 3)

Unless otherwise stated, a=0.75. This value is selected from the accuracy-faithfulness sensitivity
analysis reported in Table 11 and Figures 8-9. Table 4 summarizes which signals each model consumes and
whether it can be evaluated for model-level textual faithfulness.

2.5. Review-grounded explanation generation.

For each recommended item i for user u, we generate an extractive explanation consisting of (i) a short
list of shared aspect terms and (ii) supporting evidence sentences. The aspect terms are selected as follows:
we take the top TF-IDF terms from the user vector t_u and item vector t_i and select up to m=5 shared terms
that maximize the summed TF-IDF weight. When the intersection is empty, we fall back to the item'’s top
terms. Given the aspect terms, we retrieve evidence sentences from (a) the user’s training reviews and (b)
the item'’s training reviews by selecting the sentences that contain the largest number of aspect terms (ties
are broken in favor of shorter sentences). We use 1 user sentence and 2 item sentences. Figure 2 illustrates
the overall RGXRec architecture and where explanations are computed.

2.6. Explanation quality metrics.

We evaluate explanations using the held-out test review text as a reference because it provides a user-
written description of why the user liked the item (the test interaction itself is a positive review). We
compute:

1) Evidence Coverage: the fraction of top-K terms (K=20) from the held-out review that appear in the
extracted evidence text (after the same tokenization/stopwording as TF-IDF).

2) ROUGE-1 F1: unigram overlap F1 between the evidence text and the held-out review.

3) Sentiment Agreement: whether the evidence text and held-out review have the same polarity sign,

computed from the Hu-Liu opinion lexicon [11].

2.7 Faithfulness metric and hybrid-weight sensitivity analysis.
Model faithfulness asks whether the explanation evidence corresponds to the features actually used by the
recommender. For ReviewSim, the TF-IDF cosine score decomposes additively across terms:

Sexe 1D = D 1,(8) - ,(0) *)
tev
For the extracted aspect set A(u,i), the attributed score mass is defined as
mass(u,i) = Z t () - () ()

teA(u,i)

The model-level textual faithfulness ratio is then
Faithfulness(u,i) = mass(u, i) /Stex: (U, 1) (6)

For RGXRec, only the textual component contributes to textual faithfulness; therefore, the model-level

score is
Faithfulnesspgxrec(W, i) = (1—x) - mass(u, i) /Seexe (U, 1) (7)
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Figure 2. Architecture of RGXRec. Collaborative latent factors and review similarity are fused to produce the final
ranking score, after which shared aspect terms, evidence sentences, and textual faithfulness are computed

Table 5. Hyperparameters and deterministic settings used in all experiments

No. Component Setting
0 Rating threshold overall = 4 (implicit positive interactions)
1 K-core Iterative 5-core on users and items after thresholding
2 Split Leave-one-out by timestamp: last=Test, second-last=Val,
rest=Train
3 Evaluation Sampled ranking with 99 negatives per user; report
NDCG@{5,10,20}, Recall@{5,10,20}, MRR
4 TF-IDF (LB) stop_words=english, max_features=15000, min_df=2
5 TF-IDF (VG) stop_words=english, max_features=20000, min_df=5
6 Doc construction max_reviews_per_user=30, max_reviews_per_item=30,
(LB) max_sentences=50
7 Doc construction max_reviews_per_user=20, max_reviews_per_item=20,
(V@) max_sentences=50
8 SVD TruncatedSVD: n_components=64, n_iter=3,
random_state=2026
9 RGXRec a 0.75 (selected to balance accuracy and faithfulness)
10  Aspects per m=5 shared terms (user-item overlap)
explanation
11  Evidence sentences 1 user sentence + 2 item sentences containing aspects
12 Seed 2026 (all sampling operations)

This term-attribution metric is lightweight because it does not require retraining or perturbation
loops. To make the accuracy-faithfulness trade-off explicit, we further vary a in {0, 0.25, 0.5, 0.75, 1.0} and
report the corresponding results in Table 11 and Figures 8-9. We also report Comprehensiveness Drop as
the average mass(u,i), which equals the drop in s_text when removing all aspect terms. Finally, we report a
Sufficiency Similarity computed using only the aspect terms, which measures whether the extracted aspects
alone form a coherent similarity signal. For RGXRec, only the (1-a) portion of the score depends on text, so
the model-level faithfulness and comprehensiveness drop are scaled by (1-a). For Pop, MetaGraphKNN,
and SVD-MF, the input does not include text, so textual faithfulness is 0 by definition; any review-based
explanation attached to these models is post-hoc and does not change their scoring.

2.8 Implementation details.

Table 5 lists the hyperparameters and deterministic settings used in all experiments, including the
random seed for negative sampling and sentence subsampling. All reported metrics are computed on the
full test sets with the fixed evaluation protocol.

Because full-catalog ranking is computationally expensive on large item sets, we use sampled
evaluation with a fixed number of negatives per user, which is standard in recommender benchmarking
[16]. For each user u, we construct a candidate set C(u) consisting of the held-out positive test item and 99
negatives sampled uniformly from items the user never interacted with in train/validation/test. We use a
single random seed (2026) to ensure that the same candidate sets are used across all methods. Each
recommender produces a score for every candidate in C(u), and candidates are ranked by descending score.
The position of the held-out item yields MRR and contributes to NDCG@K and Recall@K.

L |
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Formally, let rank_u denote the 1-indexed position of the held-out item for user u. The evaluation
metrics are written separately from the paragraph text as follows:

1 1 (8)

MRR = Z

|Utest| &= rank,,
1 (9)
Recall@K = Z 1[rank, < K]

|Utest| u

1 (10)
NDCG@K = Z 1[rank, < K]/log2(rank, + 1)
|Utest| u

Because each user has exactly one positive test item in the sampled candidate set, Recall@K is
equivalent to hit rate in this setup.

We construct user and item documents from training reviews only. We first split each review into
sentences using punctuation-based rules, then concatenate sentences up to a maximum of 50 sentences per
document. To limit compute and avoid domination by prolific users or popular items, we subsample at most
30 reviews per user and 30 reviews per item in Luxury Beauty, and at most 20 reviews per user and 20
reviews per item in Video Games. This design yields a compact representation that is sufficient for TF-IDF
similarity while keeping the pipeline scalable.

We compute TF-IDF using standard inverse document frequency weighting and L2 normalization,
which makes cosine similarity equivalent to a dot product [7]. We remove English stopwords and cap the
vocabulary size to 15,000 (Luxury Beauty) or 20,000 (Video Games). We also apply a minimum document
frequency threshold (min_df) to remove extremely rare tokens that would not generalize across
users/items. These choices are reported in Table 5 and are held fixed across all experiments. Because the
representation is sparse and non-negative, the term-level contribution to cosine similarity is always non-
negative, enabling the exact faithfulness decomposition used in Section F.

The evidence selection step is deterministic given the aspect term set. For each candidate evidence
sentence, we compute a match score equal to the number of aspect terms appearing as substrings (case-
insensitive). We select the top-scoring sentence(s), breaking ties by preferring shorter sentences to improve
readability. This produces an extractive explanation that is easy to audit: every aspect term in the
explanation can be located in the cited sentences. Importantly, for ReviewSim and RGXRec, the aspect terms
are derived directly from the TF-IDF vectors used to compute s_text, which is why faithfulness can be
evaluated exactly.

To measure whether evidence is consistent with the user’s held-out review, we estimate sentiment
polarity from a fixed opinion lexicon. We use the positive and negative word lists distributed with the Hu-
Liu sentiment lexicon and compute polarity as (|pos|-|neg|)/|tokens| [11]. Sentiment agreement is the
fraction of test cases where the evidence polarity and held-out review polarity have the same sign. Although
this lexicon-based score is coarse, it is fully reproducible and does not require additional supervised
training.

3. Results and Discussions

3.1 Results
3.1.1. Recommendation accuracy

Tables 6 and 7 report the sampled top-N ranking results on the test sets. Overall, the strongest baseline
differs by domain. In Luxury Beauty, ReviewSim performs strongly, indicating that review language
captures stable product attributes (e.g., scent, texture, skin sensitivity) that generalize from training history
to the next purchase. In Video Games, MetaGraphKNN and SVD-MF dominate ReviewSim, which suggests
that behavioral co-occurrence and latent collaborative structure are more informative than sparse textual
overlap for predicting the next game.

RGXRec improves the overall ranking on Luxury Beauty. Specifically, RGXRec reaches NDCG@10 of
0.3606, exceeding both ReviewSim (0.2962) and SVD-MF (0.2766). On Video Games, RGXRec yields
NDCG@10 of 0.2341, which is below MetaGraphKNN and SVD-MF but above the popularity baseline,
showing that incorporating review evidence does not collapse ranking performance even when the text-
only signal is weak. Figure 3 and Figure 4 visualize NDCG@10 across methods. The results highlight that a
single model family is not universally best across categories; hybridization can be beneficial when text and
interactions provide complementary information.
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Figure 3. Luxury Beauty: NDCG@10 for all methods (sampled evaluation)
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Figure 4. Video Games: NDCG@10 for all methods (sampled evaluation)

Table 6. Recommendation performance on Luxury Beauty (test set; 99 negative samples per user)

NDCG@5 NDCG@10 NDCG@20 Recall@5 Recall@10 Recall@20 MRR
Pop 0.1334 0.1600 0.1976 0.1923 0.2758 0.4232 0.1452
MetaGraph 0.1702 0.1902 0.2110 0.2427 0.3052 0.3879 0.1721
KNN
SVD-MF 0.2606 0.2766 0.2947 0.3006 0.3501 0.4228 0.2693
ReviewSim 0.2721 0.2962 0.3207 0.3577 0.4324 0.5306 0.2699
RGXRec 0.3394 0.3606 0.3811 0.4135 0.4790 0.5600 0.3381

Table 7. Recommendation performance on Video Games (test set; 99 negative samples per user)

NDCG@5 NDCG@10 NDCG@20 Recall@5 Recall@10 Recall@20 MRR
Pop 0.1534 0.1926 0.2299 0.2370 0.3585 0.5067 0.1633
MetaGraph 0.2823 0.2991 0.3157 0.3662 0.4176 0.4840 0.2760
KNN
SVD-MF 0.2354 0.2711 0.3046 0.3266 0.4372 0.5697 0.2387
ReviewSim 0.1380 0.1675 0.2011 0.1999 0.2917 0.4258 0.1514
RGXRec 0.2021 0.2341 0.2662 0.2781 0.3772 0.5051 0.2099

3.1.2. Explanation quality and faithfulness

Tables 8 and 9 report explanation metrics. Evidence Coverage and ROUGE-1 evaluate alignment to the
held-out review, while Faithfulness and Comprehensiveness Drop quantify model-level dependence on the
extracted evidence. In both datasets, personalized extractive explanations (SVD-MF post-hoc, ReviewSim,
RGXRec) achieve higher coverage and ROUGE than item-only explanations (Pop and MetaGraphKNN post-
hoc). This reflects that including a user evidence sentence tends to introduce preference words that also
appear in the user’s held-out review.
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Faithfulness differentiates models that truly use review text from those that do not. ReviewSim
achieves average faithfulness of 0.3715 on Luxury Beauty and 0.2993 on Video Games, meaning that the
extracted aspect terms capture a substantial fraction of the TF-IDF similarity mass. RGXRec scales this
faithfulness by (1-a)=0.25 due to the hybrid scoring, yielding faithfulness of 0.0929 (Luxury Beauty) and
0.0748 (Video Games). Interaction-only models have zero textual faithfulness by definition because their
inputs do not include review text. Figure 5-7 visualize coverage and faithfulness. These findings illustrate a
key practical point: a post-hoc review quote can look relevant (high coverage) even when it is not causally
connected to the recommender’s score. Therefore, reporting both coverage-style metrics and faithfulness
metrics is necessary for evidence-based explainable recommendation [17], [18], [23], [24].
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Figure 6. Video Games: evidence coverage across explanation strategies
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Table 8. Explanation quality and faithfulness on Luxury Beauty (test set)

Coverage ROUGE1-F1 SentAgree Faithfulness CompDrop SuffSim
Pop 0.1143 0.1553 0.8799 0.0000 0.0000 0.0000
MetaGraphKN 0.1143 0.1553 0.8799 0.0000 0.0000 0.0000
N
SVD-MF 0.2369 0.2347 0.8984 0.0000 0.0000 0.6362
ReviewSim 0.2369 0.2347 0.8984 0.3715 0.0690 0.6362
RGXRec 0.2369 0.2347 0.8984 0.0929 0.0172 0.6362

Table 9. Explanation quality and faithfulness on Video Games (test set)

Coverage ROUGE1-F1 SentAgree Faithfulness CompDrop SuffSim
Pop 0.1119 0.1171 0.8267 0.0000 0.0000 0.0000
MetaGraphKN 0.1119 0.1171 0.8267 0.0000 0.0000 0.0000
N
SVD-MF 0.2186 0.1507 0.8908 0.0000 0.0000 0.5755
ReviewSim 0.2186 0.1507 0.8908 0.2993 0.0348 0.5755
RGXRec 0.2186 0.1507 0.8908 0.0748 0.0087 0.5755

3.1.3. Ablation and hyperparameter sensitivity
Table 10 isolates the contribution of collaborative signals and review signals by comparing SVD-MF
(a=1), ReviewSim (a=0), and the hybrid RGXRec (a=0.75). In Luxury Beauty, the hybrid improves both
NDCG@10 and Recall@10, indicating complementary information between interactions and review
language. In Video Games, the collaborative component dominates, but the hybrid retains competitive
accuracy while enabling review-grounded evidence and non-zero faithfulness. To make the accuracy-
faithfulness trade-off explicit, Table 11 and Figure 8-9 report performance as a varies. As a increases,
ranking accuracy approaches the interaction-only model while textual faithfulness decreases linearly
because less weight is placed on the review similarity component. We select a=0.75 as a balanced operating
point: it is near-optimal for Luxury Beauty and yields substantially more faithfulness than a=1 on Video
Games with a moderate accuracy cost.
Table 10. Ablation of collaborative and review components (test sets)
NDCG@10 Recall@10 MRR

Luxury_Beauty:ReviewSim 0.2962 0.4324 0.2699
Luxury_Beauty:SVD-MF 0.2766 0.3501 0.2693
Luxury_Beauty:RGXRec 0.3606 0.4790 0.3381
Video_Games:ReviewSim 0.1675 0.2917 0.1514
Video_Games:SVD-MF 0.2711 0.4372 0.2387
Video_Games:RGXRec 0.2341 0.3772 0.2099

Table 11. Accuracy-faithfulness trade-off as a function of a. Video Games results are computed on a fixed
5,000-user subset for efficiency, whereas Luxury Beauty uses the full test set
NDCG@10 Recall@10 Faithfulness_model

('Luxury_Beauty', 0.0) 0.2962 0.4324 0.3715
('Luxury_Beauty', 0.25) 0.3449 0.4626 0.2786
('Luxury_Beauty’, 0.5) 0.3588 0.4769 0.1857
('Luxury_Beauty', 0.75) 0.3606 0.4790 0.0929
('Luxury_Beauty', 1.0) 0.2766 0.3501 0.0000
('Video_Games(subset)’, 0.0) 0.1677 0.2874 0.2993
('Video_Games(subset)’, 0.25) 0.1839 0.3102 0.2245
('Video_Games(subset)’, 0.5) 0.2054 0.3352 0.1497
('Video_Games(subset)’, 0.75) 0.2375 0.3790 0.0748
('Video_Games(subset)’, 1.0) 0.2725 0.4368 0.0000
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Figure 9. Video Games: NDCG@10 and scaled faithfulness versus a (subset)

3.1.4. Failure analysis, qualitative examples, and runtime.

To understand where review-grounded explanations struggle, we categorize RGXRec test cases into
four groups: (i) NoSharedAspects, where the user’s TF-IDF top terms and the item’s TF-IDF top terms do
not overlap (so the extracted aspects fall back to item-only terms); (ii) LowCoverage (<0.1), where the
extracted evidence covers few of the held-out review’s top terms; (iii) LowFaith (<0.2), where the extracted
aspects capture little of the text similarity mass; and (iv) Other, which includes well-covered and faithful
cases. Figure 10 shows the failure type distribution for Video Games.

The dominant failure mode in Video Games is NoSharedAspects. This is consistent with the weak
performance of the text-only ReviewSim baseline: many users and games do not share distinctive
vocabulary in short review snippets, so extractive overlap explanations become less personalized. In
contrast, Luxury Beauty contains more standardized attribute language (e.g., "smell", "moisturizing",
"sensitive"), which produces stronger overlap and higher coverage. This observation suggests that domain-
specific review style affects both ranking and explanation. Figure 11 shows a high-coverage and high-
faithfulness example where the extracted aspect terms align with both the user evidence sentence and the
item evidence sentences, and the held-out review repeats these terms. Figure 12 shows a low-coverage
example where the evidence text does not reflect the held-out review’s primary topics, illustrating that
simple lexical overlap can miss paraphrases and implicitly stated reasons. These examples motivate future
extensions that use semantic matching or aspect extraction beyond surface terms.

Table 12 reports measured preprocessing and training times for the main pipeline components. The
review document construction and TF-IDF fitting are fast relative to SVD training on the larger Video Games

C _|
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T ]
set, and the exact term-level faithfulness computation scales linearly with the number of test users because
it avoids re-running the recommender under perturbations.

RGXRec Failure Type Distribution (Video Games)

LowCoverage(<0.1) Other

LowFaith(<0.2)

NoSharedAspects

Figure 10. RGXRec failure type distribution on Video Games

Video Games Example (high coverage & faithfulness)
Iltem: O-Games 209635 Jewel Time Deluxe -Nintendo DS

Aspects: fun, friends, game, good, games

User evidence:
[Fun games, | like the two games in one, | would recommend this to all my friends.]

Item evidence:
(Vvery fun game and was in good and here early . ThankYou O-Games

Ground-truth (held-out) review:

Figure 11. Example explanation with high coverage and faithfulness (Video Games)

Video Games Example (low coverage)
Item: SADES A60S/OMG PC Wired USB Stereo Gaming Headset Headband Over Ear Headphones w
Aspects: amazon

User evidence:

It might not have a ton of space like other cards here on Amazon, but it's officially-licensed and it works
perfectly.

Item evidence:
<div id="video-block-R2GKYYYET4ES1N" class="a-section a-spacing-small a-spacing-top-mini video-
block"></div><input type="hidden" name="" value="https://images-na.ssl-images-
amazon.com/images/I/E1QdhB2kPyS.mp4" class="video-url"><input type="hidden" name="" value="https://images-
na.ssl-images-amazon.com/images/I/21Nxjq0C14S.png" class="video-slate-img-url">&nbsp;Overview: This is a great
headset! <div id:“video‘b\eck-RZCJBTHD23W89“ class="a-section a‘spacing-small a-spacing-top-mini video-
block"></div=<input type="hidden" name="" value="https://images-na.ssl-images-
mmmmulumw&HMD4" class="video-url"><input type—"hldcien name—"" value="https: f.’lrgages
to

;'-"""' ks me inta the game | alsn love listening to my music on this hah

n‘é?B'-
on a flash deal... don't pass it up. It is very, very high quality and | have had a blast using it. Haven't
used the mic, however, as | use a separate wireless headset for Sk

Figure 12. Example explanation with low evidence coverage (Video Games)
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Table 12. Measured runtime (seconds) for key pipeline stages on the two datasets

DocBuild_s TFIDFfit_s SVDfit_s ExplainEval_s
Luxury_Beauty 0.429 0.745 29.745 1917
Video_Games 6.604 9.369 40.433 31.361

3.2 Discussion
The results show that review-grounded signals are not equally useful across domains. In Luxury

Beauty, review language repeatedly describes stable product aspects such as scent, texture, and skin
sensitivity, so lexical overlap captures meaningful user-item alignment and the hybrid model improves
both NDCG and Recall. In Video Games, user vocabulary is more diverse and the metadata graph is denser,
which explains why collaborative and graph-based signals remain stronger for ranking. A second
observation is that explanation relevance and explanation faithfulness should be reported separately.
Personalized evidence sentences can improve coverage and ROUGE, but interaction-only models still have
zero textual faithfulness because their scores do not depend on review text. RGXRec therefore provides a
more defensible explanation setting than post-hoc quoting: even when its faithfulness is lower than
ReviewSim due to the collaborative component, the textual evidence still corresponds to a defined portion
of the hybrid score.

The sensitivity analysis further clarifies the role of a. Lower a values increase review-grounded
faithfulness but may reduce ranking quality, whereas higher a values favor ranking accuracy at the cost of
textual explainability. The selected a=0.75 offers a practical compromise because it keeps competitive
recommendation performance while preserving non-zero model-level faithfulness.

This study has two main limitations. First, the extractive explanation module relies on lexical overlap
and may miss paraphrases or multi-word aspects. Second, the experiments use sampled ranking with one
positive item per user. Even with these limitations, the pipeline is reproducible, computationally light, and
suitable as a baseline for future extensions using richer text encoders or stronger collaborative models.

4. Conclusion

This paper presented RGXRec, a review-grounded hybrid recommender that combines collaborative
latent factors with TF-IDF review similarity and produces extractive evidence from reviews. The main
contribution is an end-to-end evaluation setting that reports ranking quality together with evidence
coverage, ROUGE-1, sentiment agreement, and an exact term-attribution faithfulness score for the text
component.

Experimental results on Luxury Beauty and Video Games show that the usefulness of review-grounded
explanation is domain dependent. RGXRec achieved the strongest overall results in Luxury Beauty and
maintained competitive ranking with non-zero textual faithfulness in Video Games, where collaborative and
metadata signals were stronger. Overall, the study shows that explainable recommendation should not be
evaluated by human-readable evidence alone; the explanation must also be tied to the scoring mechanism.
The proposed pipeline can therefore serve as a reproducible baseline for future work on more expressive
yet faithful review-aware recommenders.
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