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E-commerce decision support requires accurate ranking, review-grounded 

explanations, and a principled way to limit personalization when confidence is weak. 

This study evaluates those capabilities on 701,528 Amazon Reviews’23 All Beauty 

records. Four- and five-star reviews defined positive preference, an iterative 

interaction core supported temporal leave-one-out evaluation, and every method 

ranked the exact 1,091-item warm catalog. Popularity, ItemKNN, PureSVD, BPR-MF, 

LightGCN, a training-review TextLSA ranker, and a validation-weighted hybrid were 

compared for 2,374 test users. The hybrid attained NDCG@10 of 0.09186 and 

Recall@20 of 0.19966, improving on LightGCN by 15.80% and 17.62%, respectively. 

Its paired NDCG@10 gain was 0.01253 (95% bootstrap interval [0.00595, 0.01958]; 

paired randomization p = .00030). Review fusion also reduced expected calibration 

error from 0.29112 to 0.25319 and area under the risk–coverage curve from 0.67798 

to 0.63844, although absolute confidence remained overestimated. Six review-

behavior segments showed substantial ranking heterogeneity, with Recall@20 

ranging from 0.02000 to 0.25000. A local Qwen2.5-0.5B assessment on four 

balanced evidence packets achieved 0.75 selective-action accuracy but only 0.25 

citation accuracy, exact-quote fidelity, and joint constraint compliance. The findings 

support review-language fusion for ranking and confidence ordering while showing 

that customer-facing explanations require deterministic validation and abstention 

safeguards. 
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1. Introduction 1 

E-commerce recommendation is increasingly a decision-support problem rather than a narrow exercise in predicting the next 

interaction. A useful system must identify products that fit a customer’s observed preferences, explain why those products are 

relevant, and recognize when the available evidence is too weak for confident personalization. Classical collaborative-filtering 

methods provide a strong basis for the first requirement. Matrix factorization represents users and items in a shared latent space 

(Koren et al., 2009), confidence-weighted learning adapts that idea to implicit feedback (Hu et al., 2008), Bayesian personalized 

ranking directly optimizes pairwise item order (Rendle et al., 2009), and LightGCN propagates collaborative signals through the 

user–item graph with a deliberately simplified architecture (He et al., 2020). These models are effective at exploiting interaction 

structure, but their scores do not by themselves state which observed customer evidence supports a recommendation. 

 

Review text supplies that missing semantic layer. Ratings indicate preference direction, whereas written reviews reveal attributes, 

use contexts, perceived benefits, and reasons for dissatisfaction. Early review-aware models connected latent rating factors to 

textual topics (McAuley & Leskovec, 2013), and later neural architectures jointly represented users, items, and their reviews 

(Zheng et al., 2017) or assigned attention to individual reviews to support review-level explanations (Chen et al., 2018). This 

literature established that text can enrich preference modeling, but it also showed that review signals must be incorporated 

carefully. Reviews may be sparse, repetitive, written after an interaction, or so predictive of the held-out target that an evaluation 

inadvertently leaks information. Indeed, critical experiments have found that apparent improvements from reviews depend 

strongly on preprocessing and evaluation design (Sachdeva & McAuley, 2020). 

 

                                                             
Copyright: © 2026 The Author(s). This open access article is distributed under the terms and conditions of the Creative Commons Attribution-NonCommercial-

ShareAlike 4.0 International (CC- BY-NC-SA) License (https://creativecommons.org/licenses/by-nc-sa/4.0/), published by Stout Journals, London, United Kingdom 

https://doi.org/10.61424/c20v0j71
https://stoutjournals.org/index.php/SBM
https://creativecommons.org/licenses/by-nc-sa/4.0/


Vol. 2 No. 1 (2026): Stout in Business and Management: 22-46 

 

Page | 23  

Large language models (LLMs) extend review-aware recommendation by allowing preference evidence and candidate items to 

be expressed in natural language. P5 framed multiple recommendation tasks within a unified language-processing paradigm 

(Geng et al., 2022), while TALLRec showed how instruction tuning can align an LLM with recommendation judgments using 

parameter-efficient adaptation (Bao et al., 2023). Empirical studies of ChatGPT further demonstrated that pointwise, pairwise, and 

listwise prompts produce meaningfully different ranking behavior (Dai et al., 2023). LLMs can also operate as conditional 

rerankers over a manageable candidate set, although their output is sensitive to history order, item position, and popularity (Hou 

et al., 2024). These findings favor a hybrid architecture in which an efficient collaborative model retrieves candidates and a 

language component reranks or explains them from explicit review evidence. Such an architecture uses the LLM where semantic 

reasoning is valuable without requiring it to score the complete item catalog. 

 

The present study develops this hybrid view on the All Beauty portion of Amazon Reviews’23. The benchmark was collected 

through September 2023 and made available through its project site in 2024 (McAuley Lab, 2024); its peer-reviewed benchmark 

description subsequently appeared at ACL in 2026 (Hou et al., 2026). The analysis uses the review-interaction file, which contains 

user and product identifiers, ratings, timestamps, review text, helpfulness signals, and verified-purchase indicators. It does not 

assume access to the separate product-metadata file and therefore does not rely on product descriptions, category hierarchies, 

prices, or images. This distinction is methodologically important: language evidence comes from customer reviews, and customer 

segments are derived from observable review and interaction behavior rather than monetary value. 

 

Three research questions organize the study. First, how much ranking value is contributed by collaborative structure, review-

language reranking, and their combination? Second, can generated decision support remain traceable to retrieved review 

evidence instead of offering merely plausible prose? Third, can confidence calibration and selective personalization improve 

reliability across behaviorally distinct customer groups? The evaluation consequently combines ranking metrics, calibration 

measures, evidence-faithfulness tests, and risk–coverage analysis. This integrated design treats accuracy, explanation quality, and 

abstention as connected properties of a deployable recommendation system rather than unrelated auxiliary objectives. 

 

2. Literature Review 

2.1 Collaborative Candidate Generation and Ranking Evaluation 

Collaborative recommendation learns preference from recurring user–item interaction patterns. Matrix factorization remains 

influential because it compresses a sparse interaction matrix into user and item vectors whose inner products yield personalized 

scores (Koren et al., 2009). For implicit observations, Hu et al. (2008) distinguished a preference indicator from the confidence 

assigned to that indicator, allowing repeated or stronger behavior to receive greater weight. BPR instead learns from triples 

containing a user, an observed item, and an unobserved item, maximizing the probability that the observed item ranks higher 

(Rendle et al., 2009). LightGCN retains this pairwise recommendation objective while aggregating embeddings over the bipartite 

interaction graph and removing feature transformations and nonlinearities that were not shown to benefit collaborative filtering 

(He et al., 2020). Together, these methods provide complementary baselines: popularity captures nonpersonalized demand, 

factor models capture low-rank affinity, and graph propagation captures higher-order collaborative proximity. 

 

Top-K evaluation must match the intended ranking task. Discounted cumulative gain gives greater credit when relevant items 

occur nearer the top and normalizes performance across users, providing the basis for NDCG (Järvelin & Kekäläinen, 2002). 

Recall measures whether held-out relevant items appear in the recommendation set. Both metrics, however, can be distorted 

when each positive is evaluated against a small sample of negatives rather than the available catalog (Krichene & Rendle, 2020). 

Temporal construction is equally important because random splitting can place future interactions in training or expose target-

linked information through features. Ji et al. (2023) showed that leakage choices can materially change offline conclusions. A 

chronological user-level split, training-only feature construction, and a fixed candidate protocol are therefore necessary for a 

defensible comparison of collaborative and language-enhanced methods. 

 

2.2 Review-Aware Language Modeling and Evidence Grounding 

Review-aware recommendation developed from the observation that a scalar rating hides the attributes responsible for 

preference. Hidden Factors and Hidden Topics aligned rating dimensions with topics induced from review text (McAuley & 

Leskovec, 2013). DeepCoNN subsequently learned user and item representations from review collections using parallel neural 

networks (Zheng et al., 2017), while NARRE added review-level attention so that reviews could contribute unequally to a 

prediction and could be surfaced as explanatory evidence (Chen et al., 2018). These approaches connect semantics with 

collaborative signals, but attention or textual association is not automatically a faithful account of model behavior. The critical 

analysis by Sachdeva and McAuley (2020) is particularly relevant: review-based gains should be tested under conditions that 

prevent target-review leakage and should be compared against properly tuned nontextual baselines. 
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Modern sentence encoders make a lightweight semantic reranking stage practical. Sentence-BERT produces fixed-dimensional 

embeddings suitable for efficient cosine comparison rather than requiring a cross-encoder pass for every text pair (Reimers & 

Gurevych, 2019). A user profile can thus be formed from training-period review text, candidate evidence can be aggregated from 

reviews available before the prediction cutoff, and semantic compatibility can be combined with a collaborative score. This 

evidence-restricted design differs from asking an LLM to recommend freely from memorized product knowledge. The candidate 

generator defines the eligible items, and the language stage must ground its preference rationale in retrieved review passages. 

 

Explainable-recommendation research provides concrete precedents for this constraint. Ni et al. (2019) generated justifications 

from distantly labeled reviews and fine-grained aspects, and the Personalized Transformer unified recommendation with 

personalized explanation generation (Li et al., 2021). Yet explanation quality has competing goals: a fluent statement may be 

persuasive without accurately reflecting the evidence or the decision process (Balog & Radlinski, 2020). ERASER operationalized 

rationale evaluation through measures of agreement with supporting evidence and changes in prediction behavior when 

rationales are retained or removed (DeYoung et al., 2020). In recommendation specifically, neural logic reasoning has been used 

to produce traceable paths and to evaluate whether explanations are faithful to the mechanism that produced the 

recommendation (Zhu et al., 2021). These studies motivate evidence precision, evidence coverage, and deletion-based tests 

alongside ordinary linguistic quality. 

 

2.3 Calibration, Selective Personalization, and Customer Segments 

Ranking quality does not ensure that a model’s confidence is reliable. Calibration asks whether predictions assigned a given 

probability succeed at approximately that rate. Bayesian binning established a flexible approach to mapping raw scores to 

calibrated probabilities (Naeini et al., 2015), while temperature scaling emerged as a simple and effective post-hoc correction for 

modern neural networks (Guo et al., 2017). In recommendation, calibration also has a preference-composition meaning: 

recommended items should not systematically depart from the distribution of interests represented in a user’s history (Steck, 

2018). The present setting separates these concepts by evaluating probabilistic calibration of interaction scores and distributional 

alignment of personalized lists. 

 

When confidence remains low, abstention can be more useful than a forced personalized answer. SelectiveNet formalized joint 

prediction and rejection under a target coverage level, directly linking the fraction of cases served to error on those cases 

(Geifman & El-Yaniv, 2019). This risk–coverage perspective is well suited to sparse e-commerce histories: the system can 

personalize for customers with sufficient evidence, fall back to a robust nonpersonalized ranking when evidence is limited, and 

report how accuracy changes as coverage increases. 

 

Customer heterogeneity makes aggregate performance insufficient. RFM research traditionally segments customers by recency, 

frequency, and monetary value and links those summaries to customer lifetime value (Fader et al., 2005). Comparative work has 

shown that RFM-style segmentation remains competitive with more elaborate response-modeling approaches (McCarty & 

Hastak, 2007), and retail applications have combined behavioral summaries with clustering to identify actionable customer 

groups (Chen et al., 2012). Because the All Beauty review file contains no transaction price, the relevant adaptation uses recency 

and frequency together with review-derived variables such as rating tendency, review length, helpfulness, and verified-purchase 

share; it does not label these features as monetary value. Segment-level ranking, calibration, explanation, and coverage results 

then reveal whether a method’s overall advantage is broadly shared or concentrated among highly active reviewers. This 

synthesis turns review-grounded recommendation into a business decision-support system that can rank effectively, explain 

from observable evidence, and limit personalization when the evidence does not justify it. 

 

2.4 Recent Review-Grounded Personalization 

Recent work treats personalization as linked decisions: represent the customer, retrieve items, refine the ranking with language 

evidence, and decide whether the history justifies personalization. E-commerce classification and recommendation research 

supplies a broad behavioral foundation (K. Xu et al., 2024). Self-supervised customer representations connect segmentation with 

next-purchase prediction (Xin, 2026f), while review-grounded recommendation on Amazon data couples explanations with 

faithfulness evaluation (Chang et al., 2026). Together, these studies motivate using interaction structure for preference and 

reviews for inspectable semantic support. 

 

Language models add flexibility but do not remove the need for controlled retrieval. Behavior retrieval followed by response 

generation grounds conversational recommendation in observable history (Xin, 2026b). Long-term dialogue memory separates 

memory writing, retrieval, updating, and forgetting (Sun et al., 2023). Although dialogue is not product ranking, its confidence-

gated logic is a useful cross-domain precedent for limiting weak or stale profile evidence. Federated topic-preference learning 
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further shows how knowledge-grounded personalization can limit central pooling of fine-grained interests (Kuo et al., 2025). 

These works inform profile construction; they are not experiments conducted on All Beauty. 

Cold start remains a boundary condition. Few-shot workload forecasting illustrates adaptation when entity-specific history is 

limited (He et al., 2025). It is an infrastructure precedent, not evidence about consumer demand, but it distinguishes transferring 

a representation from inventing a preference. Financial-search query rewriting, hybrid retrieval, and listwise reranking likewise 

organize candidates while leaving relevance domain-specific (Meng et al., 2026). The retail analogue is candidate generation 

from observed interactions, review-language reranking, and fallback for sparse histories. 

 

Interface studies extend personalization to explanation. E-commerce recommendation cards make rationale and trust calibration 

visible (B. Zhang et al., 2025), while evidence-linked counseling cards preserve a path to the source material (Y. Zhang & Zhang, 

2025b). Counseling is only a cross-domain design precedent; its risk criteria do not transfer to retail. Review-based mobile-

interface research also shows that commentary can guide interface choices as well as scoring (J. Zhang, 2025). Review evidence 

can therefore serve several functions, provided each retains provenance. 

 

Personalization is also a ranking and policy problem. Spectral rank aggregation explains how noisy preference orderings may be 

combined (Zhong & Ling, 2024a). Offline counterfactual evaluation asks how advertising or recommendation slot policies would 

perform under logged exposure (Mu et al., 2025), and conservative off-policy selection emphasizes uncertainty in policy choice 

(Ye et al., 2026). These studies caution that an offline ranking gain is not automatically a causal increase in purchases. 

 

2.5 Evidence Retrieval, Attribution, and Provenance 

The reliability question for an LLM-assisted recommender is whether its language is entailed by available evidence. Evidence-

chain RAG addresses word-level hallucination, attribution, and provenance (C. Li et al., 2024), while deterministic provenance 

makes source links reproducible (Jin, 2025b). Evidence-calibrated RAG adds retrieval coverage and abstention for unanswerable 

inputs (Zhong, Chen, et al., 2025). Applied to reviews, these ideas favor stable review identifiers, quotation-level support, and an 

“insufficient evidence” path. 

 

Operational RAG offers architectural precedents because incident language can also sound authoritative without support. Multi-

source root-cause attribution assembles heterogeneous evidence before diagnosis (Liu et al., 2023). DevOps question answering 

emphasizes hallucination resistance over bounded private documents (B. Zhang et al., 2024), and bilingual incident triage joins 

retrieval, attribution, and summarization (Liu et al., 2024). These are cross-domain precedents, not e-commerce evaluations: their 

transferable pattern is bounded retrieval with source identity preserved through synthesis. 

 

Log research makes the pattern granular. Failure-injection anomalies can be explained with retrieved normal prototypes (Xin, 

2025a), HDFS narratives can remain grounded in logs (Sun et al., 2026), and a DevOps copilot separates runbook grounding from 

command-safety evaluation (B. Zhang et al., 2026). Reviews replace operational artifacts in this study; no operational findings are 

imported. Retrieval quality, narrative faithfulness, and action safety remain distinct checkpoints. 

 

Other domains show how evidence structure can follow the decision. Accounting-aware retrieval organizes disclosure evidence 

(Y. Chen et al., 2025); budgeted multi-hop retrieval constrains acquisition cost (Su et al., 2025); and scientific verification ranks 

evidence against a claim (Su, Chen, et al., 2026). A counseling copilot retrieves from multi-turn dialogue (Y. Zhang & Zhang, 

2025a), while humanitarian RAG adds multilingual trust calibration (Y. Chen & Xu, 2026). All are cross-domain design precedents, 

not benchmarks run here. Their shared lesson is that evidence selection should be task-aware, budget-aware, and traceable. 

 

Retrieval must be evaluated before generation. Code-intelligence research separates findability from explainability (Y. Li, 2024), 

and retrieval-quality prediction treats weak RAG input as a precursor to generation failure (R. Zhang et al., 2025). Evidence-

grounded policy memos likewise document an infrastructure decision without replacing its rule (Zhao et al., 2026). The retail 

analogue separates collaborative candidate generation, review reranking, and explanation: fluent language cannot repair a 

missed candidate, and ranking quality cannot certify a quotation. 

 

2.6 Calibration and Selective Decision Support 

Recommendation scores become decision-support signals only when their uncertainty is interpreted carefully. Capacity 

forecasting with calibrated uncertainty demonstrates a general pattern: produce a point forecast, quantify its uncertainty, and 

translate that uncertainty into a safer operational choice (He et al., 2023). Credit-default tiering combines probability calibration 

with uncertainty-driven rejection (Y. Chen et al., 2023), while a model-risk-oriented default workflow joins calibration, 

distribution-free uncertainty quantification, and explanation (Jin et al., 2024). These financial and infrastructure studies are cross-

domain methodological precedents. They do not validate a retail probability model, but they support evaluating whether 

confidence corresponds to empirical success and whether uncertain cases should be deferred. 
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Conformal methods offer another vocabulary for limiting risk. Conformal demand envelopes have been used to bound 

oversubscription decisions in production GPU clusters (S. Chen et al., 2024), and conformal alert control has been paired with 

evidence-grounded incident tickets (Xin, 2026e). Neither workload demand nor anomaly alerts are consumer choices; the 

transferable principle is the explicit relationship among a score, a coverage level, and an accepted error rate. In a recommender, 

selective personalization should therefore be reported as a risk–coverage tradeoff rather than as an assertion that one global 

threshold is universally safe. 

 

Calibration can also be separated from fusion and ranking. Uncertainty-aware late fusion for 3D perception learns how 

confidence should influence the combination of heterogeneous signals (Xin, 2025c). Calibrated recruiter screening similarly 

connects pairwise matching with probability calibration and selective refusal (Jin, 2025a). These are cross-domain precedents for 

combining collaborative and text scores without treating either score scale as intrinsically probabilistic. Evidence-calibrated RAG 

further shows that retrieval coverage, abstention, and hallucination proxies can be analyzed together (Zhong, Chen, et al., 2025), 

which is especially relevant when a recommendation explanation depends on retrieved reviews. 

 

Two theoretical perspectives help state the limits of transfer. Work on approximately shared features asks when predictive 

structure can bridge domains without assuming complete distributional identity (Zhong, Pan, et al., 2025). Uncertainty 

quantification for spectral estimators and maximum-likelihood estimators shows that ranking-related estimates themselves can 

carry uncertainty (Zhong & Ling, 2024b). Edge-oriented quality-predictor distillation, with compact quality signals intended for 

downstream language systems, offers a deployment precedent for preserving a confidence indicator after model compression 

(Zhou, Wang, et al., 2025). The latter is again a cross-domain design precedent from video quality assessment. Together, these 

studies argue for calibrated post-processing and selective fallback, while cautioning against transferring thresholds or probability 

interpretations unchanged from another dataset. 

 

2.7 Privacy, Safety, and Governance Boundaries 

Personalization converts individual behavior into an automated judgment. Differentially private topic-preference learning limits 

exposure of user interests within knowledge-grounded personalization (Kuo et al., 2025). Privacy-robust incrementality 

estimation addresses learning under identifier loss (Bai et al., 2026), and privacy-safe marketing-mix modeling studies budget 

decisions without user-level identifiers (Bai & Wu, 2026). Despite different estimands, all discourage assuming that finer 

customer data is always necessary. 

 

Safety also concerns manipulated evidence or instructions. Continual red-teaming treats jailbreak defense as an updating 

process (Zheng et al., 2023). Evidence-based self-verification adds an adversarial layer (Zheng et al., 2024), while multi-stage 

refusal balances resistance with legitimate utility (Zheng & Li, 2024). These are not recommendation experiments, but they 

motivate preventing prompts from eliciting fabricated reviews, unrelated profile content, or ungrounded persuasion. 

 

Interface manipulation is part of the same boundary. Dark-pattern detection shows how ordinary microcopy can encode harmful 

persuasion (H. Xu et al., 2025); recommendation rationales should not invent urgency, scarcity, or endorsement. Numerical 

guardrails illustrate domain validation between generation and presentation (Z. Li et al., 2026). In e-commerce, deterministic 

checks on item identity, rating statements, and quotations are preferable to fluency as a proxy for correctness. 

 

Governance extends beyond outputs. Risk cards expose prompt-injection and data-integrity concerns to overseers (Su, Rao, et 

al., 2026), while trajectory prediction forecasts tool-use failure (Zhong et al., 2026). Multi-regulation product-counsel RAG uses 

jurisdiction-specific sources (J. Li & Zhou, 2026). These cross-domain precedents do not establish compliance here; they support 

logging evidence, fallbacks, and model actions. 

 

Fairness is inseparable from confidence. Counterfactual credit-risk explanations combine performance, fairness, and recourse 

(Xin, 2026d). Credit criteria cannot transfer mechanically to retail, but aggregate ranking can still conceal unequal error or 

coverage. Segment evaluation and selective fallback should therefore be inspected together. 

 

2.8 Evidence Cards and Human-Facing Trust 

Evidence cards make model support inspectable. E-commerce recommendation cards combine product rationale with trust-

calibrated presentation (B. Zhang et al., 2025). Scientific-search cards add retrieval transparency and visual hierarchy (Jin, 2025c), 

while accounting cards pair claims with source passages (K. Zhang et al., 2025). The latter two are cross-domain precedents; all 

three support visibly separating recommendation, confidence, excerpt, source, and fallback. 
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Medical interfaces sharpen uncertainty communication. Radiology cards combine visual explanation with uncertainty (Zhong, 

Wu, et al., 2025). Patient safety cards use explicit risk rubrics (Zhou, Li, et al., 2025), and a related benchmark evaluates 

explainable medical-response interfaces (C. Li et al., 2025). These are only cross-domain precedents for hierarchy and disclosure; 

their medical categories, data, and findings do not transfer. 

 

Dashboard and decision-card research broadens that interface logic. Financial-risk dashboards emphasize visual hierarchy, chart 

comprehension, and explainability (Z. Li et al., 2025). Capacity-dashboard brief cards turn forecast risk into design decisions (Liu 

et al., 2025), and incident-visualization cards transform distributed logs into actionable, evidence-constrained SRE views (Nie et 

al., 2026). Explainable financial-ratio portraits similarly show how structured visual summaries can accompany a predictive model 

(Y. Chen et al., 2024). These are all cross-domain design precedents. For review-grounded commerce, they justify displaying the 

source and strength of evidence without suggesting that an attractive visualization increases evidentiary quality. 

 

Design rationale itself can be grounded. Text-grounded advertising interfaces connect layout metadata to an inspectable design 

rationale (Wu et al., 2025), while visual brief cards convert creative intentions into structured graphic-design choices (Tu et al., 

2025). Designer-editable advertising cards further preserve human revision as part of the workflow (Mu et al., 2026). An LLM-as-

design-critic approach adds comparison with human graphic-design judgment (Y. Li et al., 2025). These advertising and design 

studies do not test recommendation accuracy. They instead support a human-in-the-loop presentation layer in which a reviewer 

can edit phrasing or suppress a rationale without silently changing the underlying ranked list. 

 

Human-facing explanations also need task-appropriate action. Evidence-linked counseling recommendation cards make the 

supporting dialogue visible (Y. Zhang & Zhang, 2025b), adaptive sports-learning interfaces use review and screen evidence to 

guide design (J. Zhang, 2025), and rubric-grounded essay feedback emphasizes auditability of the link between judgment and 

formative response (Xin, 2026a). Early-warning analytics with intervention rationales similarly connects a predictive signal to a 

proposed human action (Xin, 2026c). Each is a cross-domain design precedent. Their common contribution is not a reusable 

substantive recommendation, but a presentation rule: distinguish observed evidence, model inference, and suggested action so 

the user can challenge any one of them independently. 

 

2.9 Marketing and Off-Policy Actionability 

A recommendation becomes commercially actionable only when ranking performance is distinguished from causal response. 

LLM-assisted uplift modeling for email advertising models heterogeneous effects across audience, creative, and channel 

variables (Mu et al., 2023). Privacy-robust uplift modeling revisits incrementality when conventional identifiers are unavailable 

(Bai et al., 2026). These studies motivate segment-level decision support, but they also establish an important limit: a high offline 

relevance score is not an estimate of incremental purchase probability. The All Beauty evaluation can measure ranking and 

evidence quality; it cannot infer campaign lift without an exposure or intervention design. 

 

Logged-bandit research provides a more appropriate framework when policy effects are the target. Offline counterfactual 

evaluation examines advertising and recommendation slot policies on logged actions (Mu et al., 2025), and conservative off-

policy evaluation adds an explicit policy-selection step (Ye et al., 2026). The practical implication is that a language reranker 

should first be validated as a ranker under the study’s fixed candidate protocol. Deployment as a merchandising or bidding 

policy would require propensity information, support checks, and off-policy uncertainty that ordinary review logs do not provide. 

 

Budgeting research connects those local choices to portfolio allocation. A constrained data-driven framework integrates macro 

demand forecasting with marketing-response modeling (Lu et al., 2025), while privacy-safe marketing-mix modeling treats 

budget optimization under identifier loss (Bai & Wu, 2026). These are adjacent business-method precedents rather than 

experiments reproduced here. They show how calibrated response estimates might eventually inform budget decisions, but they 

should not be used to turn recommendation metrics into unsupported revenue forecasts. 

 

Finally, profit-aware GPU admission control offers a deliberately cross-domain analogy: it combines cost-sensitive learning with 

evidence-grounded policy memos so that an operational choice is both optimized and documented (Zhao et al., 2026). In 

commerce, an analogous system could pair a ranking decision with an evidence card and a clearly stated fallback. The analogy 

stops at the decision architecture; GPU costs, service constraints, and admission labels have no empirical bearing on beauty-

product demand. This distinction keeps the literature useful without implying that every action-oriented source validates the 

present recommender. 

 

2.10 Efficient Deployment and Transfer Boundaries 

A deployable system should allocate computation by stage. Hybrid-cloud LLM architecture balances capability, latency, and cost 

(Xin, 2025b). Cost-aware AIOps routing separates parsing, detection, diagnosis, and summarization (C. Li et al., 2026). Edge 
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quality distillation compresses an assessor while retaining downstream signals (Zhou, Wang, et al., 2025). These are cross-domain 

precedents, not recommender evaluations; they support reserving generation for a small candidate set with deterministic output 

checks. 

 

Transfer should be treated as a hypothesis, not a shortcut. Cross-cloud capacity forecasting explicitly considers workload and 

topology distribution shift (He et al., 2024), and approximately shared-feature theory formalizes the idea that domains may 

overlap only in part (Zhong, Pan, et al., 2025). Few-shot forecasting for new tenants illustrates adaptation when the target entity 

has little history (He et al., 2025). In e-commerce, these precedents justify testing cold-start and sparse-history behavior 

separately, but they do not justify importing infrastructure thresholds, features, or reported performance. Product demand, 

review language, and exposure processes remain specific to the All Beauty data. 

 

Retrieval systems face a similar transfer boundary. Financial-search reranking combines query rewriting, hybrid retrieval, and 

listwise scoring (Meng et al., 2026), while multilingual humanitarian RAG evaluates trust calibration under language and 

information-access constraints (Y. Chen & Xu, 2026). Retrieval-quality prediction provides a way to flag weak RAG inputs before 

generation (R. Zhang et al., 2025). These are useful pipeline precedents, yet financial relevance labels and humanitarian 

answerability are not substitutes for product preference. For the present application, any transferred encoder or retrieval 

heuristic must be evaluated on review-grounded ranking and citation fidelity in its actual catalog. 

 

Efficient deployment also requires separating model capability from operational permission. A DevOps copilot can retrieve 

evidence and draft runbooks while applying a distinct command-safety evaluation (B. Zhang et al., 2026). Generalist-agent 

trajectory reliability can be forecast from tool-use failures (Zhong et al., 2026), and continually updated guardrails can respond to 

newly observed jailbreak behavior (Zheng et al., 2023). These studies support layered controls around an LLM component. They 

do not imply that the recommender in this study autonomously executes purchases, modifies customer profiles, or operates 

tools; the present decision-support scope ends at ranked suggestions, evidence display, and selective fallback. 

 

The resulting boundary is both methodological and practical. Rank aggregation can combine noisy orderings (Zhong & Ling, 

2024a), calibrated fusion can reconcile heterogeneous score sources (Xin, 2025c), and uncertainty-aware selection can limit the 

cases passed to a language generator (He et al., 2023). However, each transferred component must preserve the semantics of its 

target variable. Collaborative relevance, review-text similarity, calibrated success probability, explanation fidelity, and causal lift 

are not interchangeable quantities. A defensible deployment therefore uses the smallest adequate model at each stage, 

measures each stage against its own criterion, and treats cross-domain studies as design precedents rather than as empirical 

evidence about Amazon Reviews’23. 

 

3. Methodology 

3.1 Data, unit of analysis, and relevance definition 

The study used the All Beauty review file from Amazon Reviews’23. The file contained 701,528 review records from 631,986 users 

and 112,565 parent-ASIN product families. Parent ASIN was used as the item identifier because it consolidates closely related 

variants into one product family. The raw data contained 693,929 unique user–parent-ASIN pairs. When more than one row 

referred to the same user and parent ASIN, the chronologically latest row was retained. This deterministic rule prevented 

repeated reviews of the same product family from being counted as independent preference events. 

 

Recommendation relevance was defined before model fitting as a rating of four or five stars. This choice separated positive 

preference from review activity. Treating every review as a positive interaction would have made a one-star complaint 

indistinguishable from a five-star endorsement in an implicit-feedback graph. Among the raw records, 71.288% had four or five 

stars, and deduplication produced 494,769 high-satisfaction user–item pairs. The descriptive data also showed that 90.512% of 

reviews were verified purchases and only 0.103% had an empty review body. These properties supported a text-augmented 

preference study while also revealing substantial interaction sparsity. 

 

An iterative core was constructed from positive user–item pairs. Users were required to have at least two positive interactions, 

and items were required to have at least five positive interactions. Both constraints were reapplied until the graph stopped 

changing. Convergence required 26 iterations and retained 9,603 positive edges connecting 3,048 users and 1,103 parent-ASIN 

items. This asymmetric core favored an item catalog with enough collaborative evidence while retaining users with short but 

usable preference histories. 
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Table 1. All Beauty data profile before recommendation filtering. 

Measure Value 

JSONL records 701,528 

Users 631,986 

Parent-ASIN items 112,565 

Unique user-parent pairs 693,929 

Verified-purchase share 0.9051 

Four-or-five-star share 0.7129 

Empty review-body share 0.0010 

Note. Counts refer to the complete review file before construction of the positive-interaction core. 

 
Figure 1. Rating distribution and principal characteristics of the All Beauty review file. 

 
Figure 2. User-history sparsity in the complete review file. 
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3.2 Temporal holdout and evaluation population 

For every core user, the chronologically latest positive interaction was assigned as the held-out target, and all earlier positive 

interactions were assigned to training. This produced 6,555 training interactions. Twelve core items occurred only among held-

out events, leaving 1,091 items in the training catalog. Of the 3,048 held-out events, 2,967 concerned items represented in 

training and 81 concerned items absent from training. The latter constituted a measured cold-item rate of 2.66%. They were 

recorded as catalog-coverage failures and were not silently mapped to another item. 

 

The 2,967 warm users were partitioned with random seed 20260729 into disjoint validation and test populations. Validation 

contained 593 users, and the untouched test population contained 2,374 users. The validation users were used to select the 

collaborative model and the language-fusion weight. Test users were used only for the final comparisons. This user-level 

separation prevented an individual’s held-out outcome from contributing to both selection and final evaluation. 

 

Ranking was performed against the exact 1,091-item warm catalog. For each user, products already present in that user’s 

training history were masked before ranking. No sampled-negative evaluation was used. With one relevant held-out product per 

user, Recall@20 equals the proportion of users whose target appeared among the first 20 recommendations. NDCG@10 equals 

1/log₂(rᵤ+1) when the target rank rᵤ is at most 10 and zero otherwise. MRR@20 equals 1/rᵤ when rᵤ≤20 and zero otherwise. 

Median target rank was retained as an interpretable catalog-wide diagnostic. 

 

Table 2. Chronological evaluation protocol and population flow. 

Stage Value 

seed 20,260,729 

deduplicated_user_parent_pairs_all_ratings 693,929 

deduplicated_high_satisfaction_pairs 494,769 

relevance_definition rating >= 4 stars 

core_iterations 26 

core_edges 9,603 

core_users 3,048 

core_items 1,103 

train_interactions 6,555 

train_items 1,091 

warm_heldouts 2,967 

cold_heldouts 81 

validation_users 593 

test_users 2,374 

split 
latest interaction per user; disjoint 20% validation / 80% 

test warm users 

catalog_evaluation exact full warm catalog with training items masked 

Note. The validation and test populations contain disjoint warm users; seen training items were masked from each ranking. 
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Figure 3. Review-grounded recommendation and decision-support pipeline. 

 

3.3 Collaborative recommendation models 

Six independently scored components were evaluated. Popularity ranked products by training interaction frequency and 

provided a nonpersonalized reference. ItemKNN used item–item cosine similarity with 100 neighbors. PureSVD represented the 

implicit interaction matrix with 64 factors and ten fitting iterations. BPR-MF learned 32-dimensional user and item factors for 80 

epochs under a pairwise ranking objective. LightGCN used 32-dimensional embeddings, two normalized graph-propagation 

layers, and 160 training epochs. These configurations were fixed in the saved experiment specification. 

 

The LightGCN score for user u and item i was denoted sᴳᵤᵢ. Its two propagation layers transmitted preference information 

through the bipartite user–item graph without introducing item metadata. The comparison with PureSVD, BPR-MF, ItemKNN, 

and popularity distinguished benefits attributable to graph propagation from those obtainable through simpler neighborhood, 

factorization, or frequency mechanisms. 

 

Table 3. Compared recommendation components and fixed configurations. 

Model Role Configuration 

Popularity Interaction-frequency ranking No fitted factors 

ItemKNN 
Item-item cosine collaborative 

filtering 
100 neighbors 

PureSVD Implicit matrix factorization 64 factors; 10 iterations 

BPR-MF Pairwise matrix factorization 32 factors; 80 epochs 

LightGCN 
Two-layer graph collaborative 

filtering 
32 factors; 160 epochs 

TextLSA Training-review language ranker TF-IDF bigrams; 64 LSA dimensions 

Hybrid 
Validation-selected collaborative + 

language score 
Per-user z scores 

 

3.4 Training-review language model and hybrid score 

The language ranker used only review titles and bodies belonging to training interactions. Validation and test review text did not 

enter the feature vocabulary, user profiles, item profiles, or candidate scores. Training text was represented by lowercase 

unigram and bigram TF-IDF features capped at 12,000 dimensions. Truncated singular-value decomposition projected the sparse 
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text matrix to 64 latent semantic dimensions. Aggregated training-review representations yielded a language similarity score sᵀᵤᵢ 

between each user profile and candidate item. 

 

This training-only construction was intended to isolate the incremental ranking value of review language without allowing held-

out prose to reveal the target. Review-grounded recommendation and faithfulness evaluation on Amazon reviews provide the 

closest task-level rationale for linking ranked products to textual evidence (Chang et al., 2026), while evidence-chain research 

motivates maintaining explicit boundaries between source content, attribution, and downstream explanation (Jin, 2025b; C. Li et 

al., 2024). These studies informed the leakage-control and traceability rationale only: the fitted language ranker in the present 

experiment remained the stated TF-IDF plus truncated-SVD model, and no RAG pipeline or neural text ranker was substituted for 

it. 

 

Because collaborative and language scores have different numerical scales, both were standardized within user across candidate 

products. The hybrid ranking score was 

 

sᴴᵤᵢ=zᵤ(sᴳᵤᵢ)+λ zᵤ(sᵀᵤᵢ), 

 

where zᵤ(·) is a user-specific z transformation and λ controls the contribution of review language. Seven weights were evaluated 

on validation users: 0, 0.05, 0.10, 0.20, 0.40, 0.80, and 1.20. The weight maximizing validation NDCG@10 was fixed before test 

evaluation. The zero-weight condition reproduced the selected collaborative model and therefore served as a direct language 

ablation. 

 

3.5 Confidence, calibration, and selective recommendation 

Confidence was evaluated at the list level, with Hit@20 as the binary outcome. A correct event indicated that the held-out 

positive item appeared in the first 20 positions. The saved confidence probabilities were assessed using expected calibration 

error (ECE), Brier score, log loss, and reliability bins. ECE used ten equal-frequency bins; each bin contained 237 or 238 test users. 

For bin b, the absolute difference between mean confidence and observed Hit@20 was weighted by the bin’s population share. 

 

Selective behavior was evaluated by ordering users from highest to lowest confidence. At each coverage level, Hit@20 was 

recomputed for the retained users, and selective risk was defined as one minus Hit@20. Coverage was varied from 10% to 100% 

in ten-percentage-point increments. The area under this risk–coverage sequence (AURC) summarized the quality of the 

confidence ordering; lower values indicated that successful recommendations were concentrated more effectively among high-

confidence users. 

 

3.6 Behavioral segmentation 

Customer segments were defined only from observed review behavior. Seven training-derived variables were used: log history 

length, mean rating, rating standard deviation, verified-purchase share, mean log helpful-vote count, mean log review length, 

and activity span in years. The features were standardized before clustering. A six-segment solution was retained by silhouette 

analysis, with a silhouette coefficient of 0.4315. Segment profiles were computed for all 3,048 core users, whereas segment-level 

recommendation metrics were computed for the 2,374 test users. The segments are behavioral groupings and do not represent 

demographic or protected attributes. 

 

The restricted feature set also separated the present descriptive clustering from richer personalization architectures. Self-

supervised customer representations can encode purchase trajectories for segmentation and next-purchase prediction (Xin, 

2026f), whereas persistent dialogue memory and privacy-preserving topic-preference learning introduce time-aware updates or 

differential-privacy mechanisms (Kuo et al., 2025; Sun et al., 2023). Those works identify plausible extensions, not components of 

the current analysis. No learned customer embedding, conversational memory, demographic attribute, federated optimization, 

or differential-privacy mechanism entered the seven-variable clustering procedure, so the resulting segments should be 

interpreted only as summaries of observed review behavior. 

 

3.7 Evidence packets and language-generation assessment 

Four evidence packets were selected from scored recommendations. Each packet recorded a case identifier, anonymized user 

index, behavioral segment, recommended parent ASIN, preference keywords, an evidence identifier, one supporting training-

review passage, the passage rating and verification status, and the recommendation-score margin. The passages came from five-

star reviews and represented segments 0, 2, 3, and 4. Two packets contained a direct stemmed lexical overlap between 

preference terms and the review passage, and two contained no such overlap. Score margins ranged from 0.0007 to 6.4370. This 
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balanced packet design kept the recommendation, source passage, and explanation assessment traceable to a specific training 

record. 

 

The packet schema operationalized provenance at the case level by binding a recommendation to a source identifier, passage, 

and score context. This design is consistent with evidence-chain approaches that separate generated claims from attributable 

support (C. Li et al., 2024; Jin, 2025b) and with interface precedents that expose recommendation evidence and ranking rationale 

in compact cards (Jin, 2025c; B. Zhang et al., 2025). Privacy and data-integrity risk cards likewise motivate making evidence 

boundaries inspectable during human oversight (Su, Rao, et al., 2026). The object evaluated here was nevertheless a structured 

evidence packet for generation testing, not a rendered card interface or a UI user study. 

 

Qwen2.5-0.5B-Instruct Q4_K_M was evaluated as the language generator (Qwen Team, 2025). Inference used wllama 3.5.1 in 

headless Chromium with four CPU threads, seed 20260729, temperature 0, top-p 1, and a 48-token limit. The prompt required 

one sentence of at most 45 words beginning with the packet’s bracketed evidence tag. When evidence and preferences 

overlapped, the sentence had to state the match and reproduce an exact quotation of at least four words; otherwise it had to 

return a fixed insufficiency statement. Citation accuracy, selective-action accuracy, exact-quote fidelity, lexical source precision, 

numeric-claim control, length and sentence compliance, and a joint pass rate were computed from the model strings. 

 

These criteria deliberately tested both utility and safe failure rather than fluency alone. Evidence-based self-verification, 

behavior-level refusal with utility preservation, and continually updated guardrails all emphasize that a usable response must 

satisfy explicit behavioral constraints under difficult inputs (Zheng et al., 2023, 2024; Zheng & Li, 2024). They therefore support 

the choice to score evidence tags, source-exact quotation, and the fixed insufficiency response jointly. None of those guardrail 

algorithms was implemented in the Qwen run; the experiment used the stated prompt and decoding configuration, after which 

deterministic rules evaluated the generated strings against the packet fields. 

 

3.8 Statistical analysis and computational reporting 

The primary inferential comparison was hybrid ranking against LightGCN on user-level NDCG@10. A paired bootstrap with 5,000 

resamples estimated the 95% confidence interval for the mean within-user difference. A paired randomization test with 10,000 

sign permutations tested the null hypothesis of no average difference. Pairing was essential because both models ranked the 

same catalog for the same test users. The analysis reported the exact randomization probability rather than a threshold alone. 

Runtime was recorded separately for each fitted component, and the complete experiment required 182.62 seconds. 

 

4. Results and Discussion 

4.1 Overall ranking performance 

The hybrid achieved the strongest test performance on all three ranking measures. Its NDCG@10 was 0.09186, Recall@20 was 

0.19966, MRR@20 was 0.07656, and median target rank was 134. LightGCN was the strongest standalone collaborative model, 

with NDCG@10 of 0.07933, Recall@20 of 0.16976, MRR@20 of 0.06866, and median rank of 150. Adding training-review 

language therefore increased NDCG@10 by 0.01253, or 15.80% relative to LightGCN, and increased Recall@20 by 0.02991, or 

17.62%. MRR@20 increased by 0.00790, while the median target moved 16 positions closer to the head of the catalog. 

 

The remaining baselines established that the gain did not arise from popularity alone. ItemKNN was the second-best nonhybrid 

baseline by NDCG@10, reaching 0.06265 and Recall@20 of 0.13184. PureSVD reached 0.05327 and 0.11668, respectively. 

Popularity obtained only 0.02422 NDCG@10, 0.08088 Recall@20, and a median rank of 530.5. BPR-MF performed worst, with 

NDCG@10 of 0.01493 and Recall@20 of 0.04971. Its weak result under the fixed 32-factor, 80-epoch configuration indicates that 

pairwise factorization was not automatically robust to this short-history graph. It does not establish that every possible BPR 

configuration would underperform. 

 

TextLSA alone produced NDCG@10 of 0.03288 and Recall@20 of 0.09688. These values were above popularity on NDCG and 

Recall but well below LightGCN. Review language was therefore insufficient as a replacement for collaborative structure. Its 

benefit appeared through complementarity: semantic similarity altered candidate ordering in ways that improved the graph 

model’s top ranks without carrying the full recommendation task by itself. 

 

This complementarity is directionally consistent with prior work that couples Amazon-review evidence to explainable 

recommendation (Chang et al., 2026) and retrieves observed behavior before generating a personalized response (Xin, 2026b). In 

the present experiment, however, the contribution was narrower: training-review semantics adjusted a LightGCN candidate 

order, while the graph model retained the main collaborative signal. The observed gains should therefore be interpreted as 

evidence for this specific score-fusion protocol and temporal split, not as a replication of those systems or as an effect-size 

comparison across datasets, candidate sets, or evaluation designs. 
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Table 4. Exact-catalog ranking performance on the test population. 

Model Test n NDCG@10 Recall@20 MRR@20 Median rank 

Popularity 2,374 0.0242 0.0809 0.0184 530.5 

ItemKNN 2,374 0.0627 0.1318 0.0545 297.0 

PureSVD 2,374 0.0533 0.1167 0.0423 460.0 

BPR-MF 2,374 0.0149 0.0497 0.0120 468.0 

LightGCN 2,374 0.0793 0.1698 0.0687 150.0 

TextLSA 2,374 0.0329 0.0969 0.0256 303.0 

Hybrid 2,374 0.0919 0.1997 0.0766 134.0 

Note. Higher is better for NDCG@10, Recall@20, and MRR@20; lower is better for median target rank. Every method ranked the 

same 1,091-item catalog. 

 

 
Figure 4. Ranking performance across recommendation methods. 

 

4.2 Fusion-weight ablation 

The validation ablation supported the selected language contribution. At λ=0, validation NDCG@10 was 0.09206. It rose to 

0.09396 at 0.05, 0.09732 at 0.10, 0.09874 at 0.20, and 0.10298 at 0.40. The maximum, 0.10613, occurred at 0.80; increasing the 

weight to 1.20 reduced validation NDCG@10 to 0.10264. Validation Recall@20 showed the same broad pattern, increasing from 

0.19224 without language to 0.22091 at both 0.40 and 0.80 before declining to 0.21585. 

 

The untouched test population followed a consistent curve. NDCG@10 increased from 0.07933 at zero language weight to 

0.08143, 0.08330, 0.08613, 0.09112, and 0.09186 as the weight rose through 0.80, then fell to 0.08488 at 1.20. Test Recall@20 

similarly peaked at 0.19966 with the validation-selected weight. The decline at 1.20 is important: language evidence was useful, 

but over-weighting the relatively weak text-only ranker displaced collaborative signals. The close results at 0.40 and 0.80 also 

suggest a useful plateau rather than dependence on an isolated numerical setting. 

 

The paired analysis confirmed that the NDCG improvement was not explained by a small set of favorable users. The mean paired 

difference between Hybrid and LightGCN was 0.01253. The 5,000-resample bootstrap interval ranged from 0.00595 to 0.01958 

and excluded zero. The 10,000-draw paired randomization probability was 0.00030. This evidence supports a test-population 
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improvement in top-ten discounted gain. No corresponding paired intervals were saved for Recall@20 or MRR@20, so their 

increases should be read as descriptive effect sizes rather than separate inferential findings. 

 

Table 5. Language-fusion weight ablation on validation and test users. 

λ 
Validation 

NDCG@10 

Validation 

Recall@20 
Test NDCG@10 Test Recall@20 Selected 

0.00 0.0921 0.1922 0.0793 0.1698 No 

0.05 0.0940 0.1990 0.0814 0.1740 No 

0.10 0.0973 0.2074 0.0833 0.1782 No 

0.20 0.0987 0.2175 0.0861 0.1866 No 

0.40 0.1030 0.2209 0.0911 0.1976 No 

0.80 0.1061 0.2209 0.0919 0.1997 Yes 

1.20 0.1026 0.2159 0.0849 0.1917 No 

Note. The fusion weight was selected by validation NDCG@10; test results are included to show the shape of the fixed-weight 

sensitivity curve. 

 
Figure 5. Validation and test ranking performance across language-fusion weights. 
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Table 6. Paired inference for Hybrid versus LightGCN. 

Comparison Metric 
Mean 

difference 
95% CI low 95% CI high Paired p 

Bootstrap 

draws 

Randomizatio

n draws 

Hybrid - 

LightGCN 
NDCG@10 0.0125 0.0059 0.0196 0.0003 5,000 10,000 

Note. The confidence interval used 5,000 paired bootstrap resamples; the randomization probability used 10,000 paired sign 

permutations. 

 

4.4 Calibration and selective behavior 

The hybrid improved every saved uncertainty measure relative to LightGCN, but neither model was adequately calibrated in 

absolute terms. Hybrid ECE was 0.25319, compared with 0.29112 for LightGCN. Its Brier score was 0.21314 rather than 0.21779, 

log loss was 0.61945 rather than 0.62451, and AURC was 0.63844 rather than 0.67798. Thus review-language fusion improved 

both ranking and the ordering of recommendation confidence. 

 

Absolute confidence remained too high. The hybrid’s mean predicted confidence was 0.45286, while its observed Hit@20 rate 

was 0.19966. LightGCN showed a still larger disparity: mean confidence of 0.46087 against an observed rate of 0.16976. The 

reliability bins make the pattern explicit. In the hybrid’s lowest-confidence decile, mean confidence was 0.22329 and observed 

Hit@20 was 0.07143. In its highest decile, the corresponding values were 0.78041 and 0.48523. Confidence was strongly 

associated with success, but the probability scale overstated the empirical frequency throughout the range. 

 

That distinction matters operationally. Ranking confidence can be useful for deciding when to show a personalized list even 

when it is unsuitable as a literal probability. At 10% coverage, the hybrid attained Hit@20 of 0.48523, compared with its full-

coverage value of 0.19966. At 20% coverage, Hit@20 remained 0.40842; at 50% coverage it was 0.27717. LightGCN reached 

0.43460, 0.33263, and 0.23673 at the same coverages. The lower hybrid AURC consequently reflects meaningful enrichment 

among high-confidence users. A deployment could use this ordering to route lower-confidence cases to a conservative list, 

additional preference elicitation, or no personalized claim. Probability recalibration would still be necessary before displaying 

numerical confidence to customers or managers. 

 

Operationally, these findings favor separating an internal routing score from any customer-facing probability claim. Probability-

calibrated risk tiering and uncertainty-driven rejection provide cross-domain precedents for this separation (Y. Chen et al., 2023; 

Jin et al., 2024; Xin, 2025c). Explainable e-commerce recommendation cards further illustrate how rationale and calibrated trust 

cues might be presented (B. Zhang et al., 2025), while financial-risk dashboards and infrastructure visual briefs show how 

uncertainty and action thresholds can remain distinct (Z. Li et al., 2025; Liu et al., 2025). These are methodological or design 

precedents, not evaluated treatments here: no external calibration guarantee, card prototype, dashboard, comprehension test, or 

user experiment was part of this study. 

 

Table 7. List-level calibration and selective-recommendation performance. 

Model Validation hits Test hits ECE Brier Log loss AURC 

LightGCN 114 403 0.2911 0.2178 0.6245 0.6780 

Hybrid 131 474 0.2532 0.2131 0.6195 0.6384 

Note. Lower is better for ECE, Brier score, log loss, and AURC. 
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Figure 6. Reliability of list-level Hit@20 confidence. 
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Figure 7. Selective risk as recommendation coverage increases. 

 

4.5 Segment heterogeneity 

The full-core profiles clarified what distinguished the six groups. Segment 0 contained 1,079 users with a mean rating of 5.0, 

verified share of 0.004, and mean log review length of 5.590. Segment 1 contained 466 users whose mean rating was 4.0 and 

verified share was 0.333. Segment 2 contained 423 users and combined a higher log-history value of 1.757 with rating standard 

deviation of 0.452 and an activity span of 0.850 years. Segment 3 contained 817 users, had verified share of 0.984, and produced 

the shortest reviews on average, with mean log length of 4.264. Segment 4’s 203 users had the largest mean log helpful-vote 

value, 2.095. Segment 5 contained 60 users and was distinguished by the largest log-history value, 2.055, the longest mean log 

review length, 6.242, and an activity span of 5.260 years. 

 

Performance varied sharply across the six behavioral segments. Segment 0 contained 842 test users and achieved the highest 

NDCG@10, 0.11950, with Recall@20 of 0.24703. Segment 4 contained 160 test users and achieved the highest Recall@20, 

0.25000, together with NDCG@10 of 0.11810. Segment 3, the nearly fully verified and short-review group, contained 632 test 

users and remained close to the overall average at 0.09515 NDCG@10 and 0.18987 Recall@20. Segment 1 recorded 0.07862 and 

0.19565 across 368 users. 

 

Two groups were notably harder. Segment 2 included more active users with variable ratings and a longer average activity span; 

its 322 test users obtained NDCG@10 of 0.02845 and Recall@20 of 0.10248. Segment 5 represented the longest-tenure and 

highest-history profile. Only 50 of its 60 members appeared in the test population, and this group obtained NDCG@10 of 

0.00667 and Recall@20 of 0.02000. The best-to-worst gap was 0.11283 in NDCG@10 and 0.23000 in Recall@20. 

 

These findings caution against interpreting more historical activity as automatically easier personalization. Long histories may 

reflect preference evolution, catalog turnover, or a more diverse consumption pattern. At the same time, the smallest segment 

has only 50 test cases, and no segment-level confidence intervals were saved. Its extreme result should motivate targeted 

analysis rather than a claim about all long-tenure customers. The clusters also capture review behavior, not identity. They cannot 
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support demographic targeting or fairness claims concerning age, gender, race, income, or other attributes absent from the 

analysis. 

 

The segment gaps are therefore most useful as a model-auditing signal: they identify behavioral histories for which retrieval or 

ranking may need additional evidence, without assigning those differences to personal identity. Learned customer 

representations offer one route for modeling heterogeneous histories (Xin, 2026f), while federated preference learning and 

privacy-robust response estimation show why personalization should minimize unnecessary identifier exposure (Bai et al., 2026; 

Kuo et al., 2025). The current experiment did not implement federated learning, differential privacy, causal uplift estimation, or a 

formal privacy guarantee. Its contribution is limited to non-demographic performance disaggregation over the six observed-

behavior clusters. 

 

Table 8. Behavioral profiles of the six customer segments. 

Segment Users 
Log 

history 

Mean 

rating 
Rating SD 

Verified 

share 

Mean log 

helpful 

Mean log 

review 

length 

Activity 

span 

(years) 

0.0000 1,079 0.8842 5.0000 0.0000 0.0042 0.1316 5.5903 0.1191 

1 466 0.7579 4.0000 0.0000 0.3326 0.1848 5.7135 0.0507 

2 423 1.7568 4.5823 0.4518 0.0195 0.2208 5.9448 0.8499 

3 817 0.7088 4.9780 0.0012 0.9845 0.1376 4.2642 0.0136 

4 203 0.7322 4.9056 0.0071 0.6535 2.0948 6.0306 0.0600 

5 60 2.0551 4.6514 0.3444 0.1227 0.3343 6.2417 5.2603 

Note. Profiles use training-derived behavior for all 3,048 users in the recommendation core; logarithmic variables are reported 

on their transformed scales. 

 

Table 9. Hybrid ranking performance by behavioral segment. 

Segment Test n NDCG@10 Recall@20 MRR@20 

0.0000 842 0.1195 0.2470 0.0994 

1 368 0.0786 0.1957 0.0641 

2 322 0.0285 0.1025 0.0220 

3 632 0.0951 0.1899 0.0803 

4 160 0.1181 0.2500 0.1031 

5 50 0.0067 0.0200 0.0029 

Note. Segment metrics use the 2,374-user test population. 



Review-Grounded LLM Decision Support for E-Commerce: Faithful Recommendation, Customer Segmentation, and Selective 

Personalization 

Page | 40  

 
Figure 8. Ranking heterogeneity across behavioral segments. 

 

4.6 Evidence-grounded language generation 

The language-generation assessment exposed a clear gap between safe routing and faithful surface realization. Selective-action 

accuracy was 0.75: the model correctly explained both overlap cases and correctly abstained in one of the two non-overlap 

cases. Citation accuracy and exact-quote fidelity were both 0.25 because only the successful abstention used the required 

bracketed evidence tag and satisfied the case-specific fidelity criterion. The other three outputs used an unbracketed “E:” prefix; 

neither explanatory response enclosed an exact four-word source quotation. The remaining non-overlap case copied review and 

instruction text instead of issuing the required insufficiency statement. 

 

The outputs nevertheless contained no unsupported numerical claims, and all four met the 45-word and one-sentence limits. 

Mean lexical source precision was 0.59057, while only one case passed every constraint, producing a joint pass rate of 0.25. Two 

responses reached the 48-token decoding limit and ended mid-instruction. Mean generation latency was 41.591 seconds per 

case, and total generation latency was 166.365 seconds. These measurements show that evidence in the prompt constrained 

much of the vocabulary but did not reliably enforce the citation syntax, quotation boundary, or abstention rule in the compact 

quantized model. 

 

For decision support, the result favors a validated generation path rather than direct display of raw output. A deterministic post-

generation check can verify the evidence tag, reject text without a source-exact quotation when one is required, and replace any 

failed case with the fixed insufficiency statement. The assessment contains four deliberately balanced cases, so its rates are 

diagnostic rather than population estimates. Even at this scale, the observed failure modes are actionable: stronger constrained 

decoding, an extractive explanation template, or a larger model should be tested before customer-facing use. 

 

The four-case evidence indicates that provenance must be enforced rather than inferred from generally source-aligned wording. 

Evidence-chain systems similarly distinguish source attribution from mere lexical plausibility (C. Li et al., 2024; Jin, 2025b), and 

evidence-calibrated abstention treats insufficient support as a legitimate output rather than a generation failure (Zhong, Chen, et 

al., 2025). VerifySafe supplies an adjacent precedent for checking a response against evidence before release (Zheng et al., 2024). 

For this pipeline, the immediate implication is a deterministic release gate—tag validation, exact-span verification, and fixed 

fallback—not a claim that those external self-verification or RAG algorithms were run. 
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Table 10. Evidence-grounded language-generation assessment. 

Method 
Citation 

accuracy 

Selective 

action 

accuracy 

Exact quote 

fidelity 

Unsupporte

d numeric 

claim free 

rate 

Full 

constraint 

pass rate 

Mean lexical 

source 

precision 

Cases 

Qwen2.5-

0.5B 

grounded 

0.2500 0.7500 0.2500 1 0.2500 0.5906 4 

Note. Each assessment case was generated from a saved evidence packet containing a recommendation and one traceable 

review passage. 

 
Figure 9. Faithfulness measures for evidence-grounded language generation. 

 

4.7 Efficiency and practical trade-offs 

Popularity required 0.00049 seconds, ItemKNN 0.556 seconds, BPR-MF 4.301 seconds, LightGCN 9.175 seconds, and PureSVD 

10.194 seconds for fitting and scoring. TextLSA was the dominant component at 71.128 seconds. Once both score matrices 

existed, hybrid fusion added effectively no measured runtime. The resulting trade-off is favorable for offline decision support: the 

language component incurred most of the computation but produced a statistically supported NDCG gain and could be reused 

across multiple score weights or confidence thresholds. 

 

The runtime profile supports a modular deployment interpretation: review representations can be refreshed offline, hybrid scores 

can be served separately from explanation generation, and the compact generator can be invoked only when ranking confidence 

and evidence availability satisfy release rules. Hybrid cloud–edge routing and edge-oriented model distillation offer relevant 

systems precedents for separating inexpensive routine processing from selectively invoked language capability (Xin, 2025b; 

Zhou, Wang, et al., 2025). This interpretation does not convert the local timings into cloud-cost, throughput, energy, or latency 

estimates; those quantities were not measured. It instead identifies component boundaries that a future production benchmark 

could evaluate directly. 
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Table 11. Measured fitting and scoring time by model component. 

Model Time (s) Note 

Popularity 0.000 — 

ItemKNN 0.556 — 

PureSVD 10.194 — 

BPR-MF 4.301 — 

LightGCN 9.175 — 

TextLSA 71.128 — 

Hybrid 0.000 
LightGCN + lambda*TextLSA; 

lambda=0.8 

Note. Times were measured in the local experimental run; hybrid fusion reused the saved component-score matrices. 

 

4.8 Scope and limitations 

The conclusions apply to a sparse, positive-preference warm-start population. The final core retained 9,603 of 494,769 

deduplicated positive pairs and 3,048 of 631,986 observed users. This selection was necessary for personalized ranking but 

excludes the dominant one-interaction population. The exact catalog evaluation also omitted 81 cold held-out items from 

ranking, although their 2.66% incidence was reported. A production system would require a distinct content or exploration policy 

for those products and for first-time customers. 

 

The four-or-five-star threshold gives the held-out event a clear recommendation interpretation, but it does not fully exploit one-

to-three-star reviews as negative or neutral feedback. Review text was limited to training titles and bodies, and the language 

representation was a compact latent semantic model. The experiment used one fixed seed for the learned configurations. The 

paired bootstrap captures variation across test users, not variation across training initializations. Finally, the confidence results 

demonstrate useful selectivity but substantial overconfidence, and the segment results reveal heterogeneity without establishing 

causal explanations. These boundaries narrow the claims to what the measured ranking, calibration, and behavioral analyses 

directly support. 

 

5. Conclusions 

This study establishes a coherent decision-support evaluation on the All Beauty reviews, linking exact-catalog recommendation, 

review-language fusion, confidence-based selection, behavioral segmentation, and evidence-grounded language generation. 

The validation-selected hybrid combined LightGCN with a training-only latent semantic review score and delivered the strongest 

ranking results. Relative to LightGCN, it improved NDCG@10 by 15.80% and Recall@20 by 17.62%; the paired NDCG 

improvement remained positive across the bootstrap interval and had a randomization probability of .00030. TextLSA alone was 

much weaker, so the benefit came from complementing collaborative structure rather than replacing it. 

 

The confidence analysis supports selective personalization but not literal probability display. Hybrid confidence ordered users 

more effectively than LightGCN, producing a lower AURC and markedly higher Hit@20 at restricted coverage. At the same time, 

mean confidence exceeded the observed success rate by more than 0.25, and the reliability curve showed overconfidence 

throughout the range. A practical system should therefore use confidence to determine whether to personalize, request more 

preference information, or fall back to a conservative list, while applying a separate recalibration stage before presenting 

probabilities. 

 

Behavioral segments revealed that customer history does not translate uniformly into recommendation quality. The strongest 

segments reached Recall@20 near 0.25, whereas the longest-tenure segment reached 0.02. These groups describe review 

behavior rather than personal identity, but they provide an audit layer for detecting where a shared recommendation policy 

performs poorly. The compact Qwen model usually selected the correct explain-or-abstain route and made no unsupported 

numerical claim, yet it frequently missed the required evidence-tag and exact-quotation format. Evidence prompting alone was 

insufficient for display-ready explanations. A deployment should enforce source-exact quotation checks, reject malformed 

citations, and return a fixed insufficiency statement when validation fails. 
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The main boundary is coverage: the positive-interaction core represents repeat high-satisfaction users and warm items rather 

than the dominant one-review population or cold products. Future work should add a cold-start policy, recalibrate confidence, 

test multiple training seeds, and evaluate constrained language models on a broader evidence set. Within the measured warm-

start setting, review language improves ranking and selective decision support, while faithful explanation remains a controlled 

generation-and-validation problem. 
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