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Abstract

Extracting actionable suggestions from cus-
tomer reviews is essential for operational
decision-making, yet these directives are of-
ten embedded within mixed-intent, unstruc-
tured text. Existing approaches either clas-
sify suggestion-bearing sentences or generate
high-level summaries, but rarely isolate the
precise improvement instructions businesses
need. We evaluate a hybrid pipeline combin-
ing a high-recall RoBERTa classifier trained
with a precision–recall surrogate to reduce un-
recoverable false negatives with a controlled,
instruction-tuned LLM for suggestion extrac-
tion, categorization, clustering, and summa-
rization. Across real-world hospitality and
food datasets, the hybrid system outperforms
prompt-only, rule-based, and classifier-only
baselines in extraction accuracy and cluster co-
herence. Human evaluations further confirm
that the resulting suggestions and summaries
are clear, faithful, and interpretable. Overall,
our results show that hybrid reasoning architec-
tures achieve meaningful improvements fine-
grained actionable suggestion mining while
highlighting challenges in domain adaptation
and efficient local deployment.

1 Introduction

Customer reviews contain valuable signals for ser-
vice improvement, but explicit suggestions, con-
crete requests for what should be fixed, added, or
improved are typically rare and embedded within
long, mixed-intent narratives. In this work, we
define an actionable suggestion as an explicit,
business-directed suggestion that specifies a con-
crete operational change (e.g., “Add more vegetar-
ian options”), rather than general opinions, com-
plaints, or advice to other customers. Automati-
cally identifying these actionable spans remains
challenging, reviews blend praise, complaints, sto-
ries, and user-to-user advice, making heuristic or
manual approaches unreliable at scale.

Prior work on suggestion mining has focused
largely on sentence-level detection (Negi and Buite-
laar, 2015; Wicaksono and Myaeng, 2013; Dong
et al., 2017), which identifies the presence of a sug-
gestion but does not extract the actionable phrase,
handle multi-sentence directives, or distinguish
business-directed improvements from general opin-
ions. Transformer-based and domain-adaptive mod-
els (Joshi et al., 2020; Riaz et al., 2024) improve
detection but still frame the task as classification
rather than full extraction.

Related research in opinion summarization and
theme modeling (Angelidis and Lapata, 2021;
Mukku and Mukku, 2024; Nayeem and Rafiei,
2024) captures high-level topics, but does not sur-
face the specific improvements needed for opera-
tional decision-making. Meanwhile, LLMs offer
strong structured extraction capabilities (Ouyang
et al., 2022), yet LLM-only methods suffer from
hallucination (Ji et al., 2023), inconsistent span
boundaries (Koto et al., 2022), and low recall for in-
frequent suggestion types. Conversely, rule-based
or classifier-only systems are brittle and lack gen-
eralization.

We investigate whether a hybrid architecture,
pairing a high-recall supervised classifier with con-
trolled LLM-based extraction, categorization, clus-
tering, and summarization can more reliably sur-
face actionable suggestions from reviews. We
frame this as end-to-end actionability extraction,
detecting suggestion-bearing reviews, isolating ex-
plicit improvement directives, grouping them se-
mantically, and producing concise summaries suit-
able for decision-making.

Our contributions are:

• A recall-oriented RoBERTa classifier trained
with a precision–recall surrogate objective to
reduce unrecoverable false negatives, while
maintaining comparable precision.

• An instruction-tuned, quantized LLM for con-
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trolled extraction, categorization, clustering,
and summarization.

• Extensive comparisons against prompt-only
LLMs, rule-based systems, classifier-only
pipelines, and end-to-end LLM methods.

• Comprehensive evaluation of extraction, cate-
gory assignment, clustering, and summariza-
tion using automatic metrics, human judg-
ments, and ablations.

By focusing on explicit, operationally meaning-
ful suggestions rather than generic opinions, we
show that a hybrid approach mitigates the weak-
nesses of classifier-only and LLM-only systems,
offering an approach suitable for large-scale opera-
tional settings.

2 Related Work

2.1 Suggestion Mining

Early work framed suggestion mining as binary
classification, using benchmarks by Negi and Buite-
laar (2015) and linguistic-pattern methods (Wicak-
sono and Myaeng, 2013). Neural models with at-
tention (Dong et al., 2017) and transformer vari-
ants such as TransLSTM (Riaz et al., 2024) im-
proved detection, while span-based architectures
(e.g., SpanBERT; Joshi et al., 2020) support finer
extraction. However, these systems largely detect
suggestion presence rather than extracting explicit
actionable spans or handling multi-sentence sug-
gestions.

2.2 Opinion Summarization and Theme
Modeling

Opinion summarization condenses reviews into
themes or aspect-level insights. Topic models (Blei
et al., 2003; Dieng et al., 2020) and modern abstrac-
tive systems (Bražinskas et al., 2020; Angelidis and
Lapata, 2021) produce high-level representations,
and domain-specific models such as InsightNet
(Mukku and Mukku, 2024) and LFOSum (Nay-
eem and Rafiei, 2024) cluster user opinions. Yet
these approaches emphasize broad aspects rather
than the precise improvements customers request,
limiting actionability.

2.3 Hybrid Approaches and Multi-Stage
Reasoning

Hybrid pipelines combining targeted classifiers
with downstream reasoning are common in fact

verification (Thorne et al., 2018), relation extrac-
tion (Zhou and Xu, 2018), and retrieval-augmented
QA (Chen et al., 2017). Surveys highlight classifier-
driven constraints as a method to reduce LLM hal-
lucination (Wu et al., 2023). However, such hy-
bridization has not been explored for actionable
suggestion extraction nor evaluated across down-
stream stages (clustering, summarization).

2.4 LLMs for Structured Extraction

Instruction-tuned LLMs, including GPT models
(Ouyang et al., 2022), LLaMA (Touvron et al.,
2023), Mistral (Jiang et al., 2023), and Gemma
(Team, 2024) enable strong structured extraction,
yet LLM-only pipelines remain prone to halluci-
nation (Ji et al., 2023), unstable span boundaries
(Koto et al., 2022), and degraded performance on
large input batches. Our approach mitigates these
issues using classifier gating and tightly controlled
prompting in a multi-stage pipeline.

2.5 Positioning

Where prior work targets suggestion detection,
theme discovery, or high-level summarization, we
focus on extracting explicit, actionable sugges-
tions and organizing them into interpretable struc-
tures. Our evaluation spans classification, ex-
traction, categorization, clustering, summarization,
cross-domain generalization, and ablations, provid-
ing the comprehensive study of end-to-end action-
ability extraction.

3 Methodology

This section describes the design of our hybrid
suggestion-mining pipeline. We first provide a
high-level system overview (Section 3.1), followed
by the classifier training procedure (Section 3.2),
the LLM-based components (Section 3.3), and the
prioritization logic used in downstream applica-
tions (Section 3.4).

3.1 System Overview

The proposed system converts raw customer
reviews into structured, actionable suggestions
through a multi-stage hybrid pipeline. A fine-tuned
RoBERTa classifier (Liu et al., 2019) performs bi-
nary classification to identify reviews that contain
at least one explicit, business-directed actionable
suggestion, ensuring that only relevant inputs prop-
agate downstream. Subsequent stages, suggestion
extraction, category assignment, clustering, and
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summarization are performed by an instruction-
tuned and quantized Ollama Gemma-3 model. Fig-
ure 1 illustrates the overall workflow. Appendix K
illustrates the execution of the pipeline on real-
world review examples.

Figure 1: Overall process flow of the proposed method.

The design of this pipeline, notably the separa-
tion of classification and LLM-based reasoning is
motivated by the need for high recall in the first
stage (failing to detect a suggestion is unrecov-
erable) and the strong abstraction and rewriting
capabilities of LLMs in the subsequent stages.

3.2 Classifier Training and Optimization
3.2.1 Dataset and Model Choice
We trained the classifier on a proprietary dataset
of 1,110 reviews (440 positive, 670 negative).
RoBERTa-base was selected after experimentation
with multiple models (see Appendix A) due to its
favorable trade-off between accuracy and compu-
tational cost. A learning-curve analysis (Figure 2)
further shows that the classifier saturates at roughly
70% of the training data, indicating that the dataset
is sufficiently large for this task.

Figure 2: Learning curve showing recall as a function
of training data size. Performance saturates around 70%
of the dataset, indicating that the dataset is sufficiently
large for the classification task.

3.2.2 Hybrid Precision–Recall-Oriented
Objective

To encourage high recall while retaining calibrated
probabilities, we optimize a hybrid loss combining
standard cross-entropy and a differentiable surro-
gate approximation of the precision–recall curve.
For an input xi with label yi ∈ {0, 1} and predicted
probability pi:

LCE = − 1

N

N∑

i=1

[yi log pi + (1− yi) log(1− pi)] .

(1)
Let si = pi denote the predicted score, and let

{tk}Kk=1 be uniformly spaced thresholds in [0, 1].
Using the sigmoid function σ(z) = 1

1+exp(−z) and
a temperature parameter τ > 0, the soft counts of
predicted positives (PP) and true positives (TP) at
threshold tk are:

P̂P(tk) =
N∑

i=1

σ

(
si − tk

τ

)
, (2)

T̂P(tk) =

N∑

i=1

yi σ

(
si − tk

τ

)
. (3)

The soft precision at threshold tk is then:

̂Precision(tk) =
T̂P(tk)

P̂P(tk) + ε
, (4)

with ε added for numerical stability. The
precision–recall surrogate loss is defined as:

LPR = 1− 1

K

K∑

k=1

̂Precision(tk). (5)

The total training objective is:

Ltotal = αLCE + (1− α)λLPR, (6)

where α balances probability learning and λ
scales the recall-oriented regularization.

Implementation Details. Complete hyperparam-
eter configuration appears in Appendix B.

3.3 LLM-Based Extraction, Categorization,
Clustering and Summarization

We employ the instruction-tuned and quantized Ol-
lama Gemma-3 27B model for suggestion extrac-
tion, categorization, clustering, and summarization.
Few-shot prompting (Brown et al., 2020) and task-
specific prompt templates guide the model to:
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1. isolate explicit suggestions from each review,

2. rewrite them into concise, context-complete
statements,

3. assign each suggestion to a canonical cate-
gory,

4. cluster semantically similar suggestions
within each category by having the LLM
jointly compare all suggestions in that cat-
egory, identify groups of high-level thematic
similarity, and dynamically determine the ap-
propriate number of clusters,

5. produce short, coherent summaries for each
cluster.

The LLM operates solely on raw review text
and extracted suggestions and does not have access
to any human annotations or gold spans. Anno-
tated data is used only for training and evaluating
the classifier. These steps enable structured, in-
terpretable grouping of customer feedback while
preserving essential semantic distinctions.

Model Selection Process. We evaluated several
instruction-tuned LLMs from the HuggingFace and
LMArena leaderboards, prioritizing extraction re-
liability, semantic stability for clustering, and fea-
sibility of local inference. Smaller and mid-scale
models (e.g., Qwen2.5-0.5B, Qwen1.5, Mistral-
7B) showed inconsistent extraction and unstable
semantic groupings (Appendix C). Ollama Gemma-
3-27B (quantized) was ultimately selected due to
its large context window, high extraction fidelity,
and stable, coherent cluster representations, while
also producing concise, compact summaries. Full
configuration details and prompt templates appear
in Appendices I and D.

3.4 Prioritization and Standalone Suggestions

Suggestions that do not fit into any cluster are
treated as standalone outputs. During industrial
deployment, standalone outputs, while still valu-
able, are treated as lower-priority insights because
clustered suggestions represent feedback raised by
multiple customers, indicating greater frequency
and operational significance.

4 Experimentation and Results

Our experiments evaluate three research questions:

RQ1 Does the proposed classifier outperform lexi-
cal, rule-based, and LLM-only approaches in
detecting suggestion-bearing reviews?

RQ2 Does the precision–recall surrogate objective
improve recall without sacrificing precision?

RQ3 Does the full hybrid pipeline (classifier +
LLM extraction + clustering + summariza-
tion) outperform alternative end-to-end base-
lines in extraction quality, cluster coherence,
interpretability, and stability?

All evaluations use held-out datasets from the
restaurant and ice-cream domains unless otherwise
specified. All experiments were run on our local
workstation Appendix J, except the non-quantized
Gemma-3 model, which was executed on a separate
high-memory machine.

4.1 Dataset Statistics

Actionable suggestions are sparse (13–18%), and
review lengths vary widely. Full dataset details and
statistics are provided in Appendix E.

4.2 RQ1: Classifier-Level Evaluation

Baselines. To contextualize the performance of
the RoBERTa-base classifier, we compare against:

1. Lexical baseline: surface-pattern heuristics.

2. Prompt-only LLM: Gemma-3 directly clas-
sifies raw reviews.

3. Rule-based: keyword + dependency tem-
plates.

The lexical baseline achieves low recall (0.52)
and low precision (0.48). It frequently misclassifies
descriptive narratives as suggestions while miss-
ing paraphrased directives, leading to a high false-
positive rate that makes it unsuitable for down-
stream extraction and clustering.

The prompt-only LLM obtains higher perfor-
mance (precision = 0.72, recall = 0.68), but it suf-
fers from two limitations: (i) it often labels im-
plied or indirect opinions as explicit suggestions,
reducing precision, and (ii) it is computationally ex-
pensive, requiring 3–6 seconds per review (10–15
seconds for long reviews), which makes large-scale
deployment infeasible.

The rule-based method achieves moderate preci-
sion but very low recall (precision = 0.58, recall =
0.30). Although rule triggers are designed to match
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explicit imperative constructions, they often fire on
spurious cases such as polite suggestions, condi-
tional phrasing, or dependency patterns that match
syntactically but lack true directive meaning. These
template-level false positives reduce precision rela-
tive to the prompt-only LLM, which benefits from
stronger contextual reasoning and filters out many
superficially similar but non-actionable construc-
tions.

RoBERTa Performance. Table 8 in Appendix F
shows that RoBERTa-base achieves strong preci-
sion (0.9039) and the best recall (0.9221).

4.3 Cross-Domain Generalization
We further tested the classifier on four additional
industries to assess robustness. Recall remained
high across domains, though precision varied. See
Appendix G for full results.

4.4 RQ2: Effectiveness of the
Precision–Recall Surrogate Objective

To isolate the effect of the recall-oriented hybrid
loss, we trained the classifier using standard cross-
entropy alone. Removing the PR surrogate reduces
recall to 0.8873 (–3.49%) with negligible change
in precision. Although the gain appears small, even
a few recall points correspond to many additional
suggestions in large-scale operational settings, and
missed items are unrecoverable downstream. Boot-
strap testing confirms that the improvement is sta-
tistically significant (p < 0.01).

4.5 RQ3: End-to-End Pipeline Evaluation
We now evaluate the full pipeline including extrac-
tion, categorization, clustering, and summarization
against three end-to-end baselines:

• Prompt-only LLM: Gemma-3 performs ex-
traction and rewriting without a classifier.

• Classifier-only pipeline: classifier + rule-
based extraction + clustering.

• Rule-based end-to-end: rule-based detection
+ extraction + clustering.

4.6 Extraction Quality Evaluation
We evaluate extraction quality using 150 manually
annotated reviews from both domains. The hybrid
pipeline produces rewritten, canonicalized sugges-
tions rather than raw spans. These rewrites are
necessary for stable downstream category assign-
ment and clustering, as they normalize phrasing

and remove irrelevant or fragmented tokens. Con-
sequently, span-matching metrics (Exact/Fuzzy F1)
primarily measure lexical overlap and therefore do
not reflect the extraction objective of our system.
We treat semantic metrics (BERTScore, BLEURT)
as the primary indicators of correctness, and re-
port span-based scores only for baselines that copy
substrings.

We compare four systems: (1) the hybrid
pipeline, (2) a prompt-only LLM extractor, (3) a
rule-based span extractor, and (4) a T5-base span
model.

Model BERTScore BLEURT Exact F1 Fuzzy F1

Hybrid pipeline 0.92 0.89 0.32 0.68
Prompt-only LLM 0.87 0.84 0.56 0.70
T5-base (span) 0.78 0.76 0.72 0.73
Rule-based 0.46 0.44 0.42 0.45

Table 1: Extraction quality. Hybrid outputs are rewritten,
thus exact span metrics are not directly comparable.

Discussion. As illustrated in Table 1 the hybrid
system achieves the strongest semantic extraction
quality (BERTScore 0.92, BLEURT 0.89). Its low
Exact F1 is expected because rewritten outputs dif-
fer lexically from gold spans, whereas span-based
models (e.g., T5-base) receive inflated scores by
copying text verbatim. Table 2 shows that the
hybrid outputs remain semantically faithful even
when wording differs.

Cluster Coherence. Cluster quality is measured
using Adjusted Mutual Information (AMI), com-
puted with the standard scikit-learn implementa-
tion. The hybrid pipeline achieves the highest co-
herence (AMI = 0.67), surpassing both the prompt-
only LLM (0.49) and the classifier-only baseline
(0.38).

All systems use the same LLM-based clustering
procedure, differences arise solely from the quality
of their inputs. The hybrid pipeline provides clean,
consistently rewritten suggestions, which reduces
lexical variability and enables more stable group-
ing. Prompt-only extraction produces noisier and
occasionally implied suggestions, while classifier-
only spans are short and incomplete, leading to
fragmented clusters.

We do not report SBERT+HDBSCAN baselines
because embedding-based clustering relies on vec-
tor similarity rather than the operational themes
required for actionable suggestion mining. In pre-
liminary experiments, such methods either over-
fragmented paraphrases or over-merged distinct is-
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Review Excerpt Gold Span Hybrid Output Notes

“Please add more outdoor seating; it gets
crowded.”

add more outdoor
seating

Add additional outdoor
seating to handle evening
crowds.

Meaning preserved;
context improved.

“I wish there were more chargers at ta-
bles.”

more chargers avail-
able at tables

Provide additional table
chargers for customers.

Rewritten but se-
mantically equiva-
lent.

“Check-in is slow—please streamline it.” please streamline it Streamline the check-in pro-
cess to reduce delays.

Clarifies the target
action.

Table 2: Hybrid outputs are semantically correct even when not span-identical.

sues, producing clusters that were less interpretable
for downstream business use. Our evaluation there-
fore focuses on the LLM-driven clustering mecha-
nism employed by all systems.

Category Assignment Evaluation. We evalu-
ated category assignment on a 150-instance held-
out set. The hybrid pipeline achieves the highest
accuracy (0.90), followed by the prompt-only LLM
(0.78) and the rule-based spans (0.62).

Summarization Evaluation. We evaluate cluster
summaries using ROUGE-L and BERTScore (F1).

Model ROUGE-L BERTScore (F1)

Hybrid pipeline 0.46 0.91
Prompt-only LLM 0.34 0.86
Rule-based 0.22 0.75

Table 3: Summarization performance for cluster-level
summaries.

The hybrid pipeline produces contextually richer,
rephrased summaries that differ in wording from
the reference, as a result, ROUGE scores are lower,
while BERTScore captures semantic similarity and
remains high.

Human Evaluation. Three industry experts rated
extraction, categorization, clustering, and summa-
rization on a 1–5 Likert scale, with substantial to
near-perfect agreement (κ = 0.74–0.85). Full an-
notation details are provided in Appendix H. The
hybrid pipeline scored highly across all dimensions:
extraction (4.0–5.0), categorization (4.0–4.6), clus-
tering (5.0), and summarization (4.6–5.0), indicat-
ing strong interpretability and overall pipeline sta-
bility.

4.7 Ablation Studies

To quantify the contribution of individual compo-
nents, we evaluate the pipeline with specific mod-
ules removed:

• No clustering: interpretability drops by 22%
(human-rated).

• No quantization: memory usage increases
by 2.4× and latency by 47%, with negligible
quality change (∆F1 < 0.01).

• No PR-loss: recall drops by 3.49%.

• No category assignment: AMI decreases by
0.12.

These ablations show categorization and clus-
tering are essential for coherent downstream in-
sights, while quantization improves deployability
with minimal quality loss.

4.8 Error Analysis

Classifier errors mainly stem from sarcastic phras-
ing and domain-specific terminology that mimics
suggestion language. LLM errors are rare but in-
clude occasional mis-clustering of closely related
suggestions and summaries that could be more con-
cise. These issues point to future improvements
in domain-adaptive fine-tuning and prompt refine-
ment.

5 Conclusion

We investigated a hybrid pipeline that combines
supervised suggestion detection with LLM-based
extraction and structuring. Across extraction ac-
curacy, clustering coherence, and human-rated in-
terpretability, the approach shows consistent gains
over prompt-only LLMs, rule-based extractors, and
classifier-only variants. The precision–recall sur-
rogate improves recall, which is critical because
missed suggestions cannot be recovered. Cross-
domain tests show robust recall across real estate,
healthcare, finance, and automotive reviews, with
some precision loss in domains with specialized
terminology. Ablations indicate that clustering and
category assignment enhance interpretability, and
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that quantization improves deployability with min-
imal quality loss. Remaining challenges include
domain-specific phrasing and occasional LLM mis-
clustering. Beyond controlled experiments, the
framework has also been applied in a real business
context, demonstrating its viability in large-scale
operational settings and surfacing practical deploy-
ment considerations. Overall, hybrid reasoning
pipelines offer a viable strategy for high-recall de-
tection and structured suggestion extraction, with
future work in domain-adaptive tuning, multilin-
gual extension, and improved prompt robustness.

6 Limitations

Our study has a few limitations. The use of propri-
etary review data restricts full reproducibility, as
we cannot release the raw text due to confidentiality
constraints. While the pipeline maintains strong
recall on datasets from unrelated industries such
as automotive services, healthcare, and retail bank-
ing, its precision varies across domains. Achieving
production-level accuracy in these settings will re-
quire domain-specific adaptation, since differences
in vocabulary, feedback style, and how customers
articulate suggestions affect both the classifier and
the extraction prompts. Another limitation con-
cerns the clustering stage: although the LLM-based
grouping is generally coherent, it can occasionally
misassign suggestions to closely related but distinct
themes, especially when operational issues share
overlapping terminology. These behaviors reflect
the sensitivity of the clustering prompts, where
minor phrasing changes can shift how the model in-
terprets semantic boundaries. More robust prompt
design or lightweight prompt tuning is therefore
needed to improve cluster discriminability and re-
duce cross-topic bleed-over. While raw data can-
not be released due to confidentiality constraints,
we provide full prompt templates, model configu-
rations, hyperparameters, and hardware specifica-
tions to enable faithful reproduction of the pipeline
on alternative datasets.
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A Model Selection Process

Table 4 summarizes the performance of multiple
classifier models trained on the same dataset using
identical training procedures. The table allows a
direct comparison of different model architectures
and hyperparameter configurations under consis-
tent training conditions. Based on these results, we

identified the top-performing models and further
filtered them to select the best candidate for the
suggestion extraction task.

Model Precision Recall
GPT-2 Small 0.6765 0.7419
GPT-2 Medium 0.9565 0.7097
ROBERTa-Large 0.9615 0.8065
DeBERTa-Large 0.8485 0.9032
BERT-Large 0.8214 0.7419
XLNet-Large 0.8750 0.9032
BART-Large 0.9000 0.8710
ROBERTa-Base 0.9039 0.9221

Table 4: Performance of various models on the testing
dataset.

B Classifier Training Hyperparameters

Table 5 summarizes the full configuration used to
train the high-recall RoBERTa-base classifier with
the precision–recall surrogate objective.

Parameter Value
Number of thresholds (K) 25
Temperature (τ) 0.02
Stability constant (ε) 1× 10−8

Batch size 16
Optimizer AdamW
Learning rate 1× 10−5

Weight decay 0.01
Warmup ratio 0.1
Loss weight α 0.6
Loss weight λ 1.3
Random seed 888

Table 5: Hyperparameters used to train the classifier
with the PR surrogate objective.

C Detailed Model Selection Analysis

C.1 Overview

To select the generative component for our extrac-
tion, categorization, clustering and summarization
pipeline, we conducted a systematic evaluation of
leading instruction-tuned LLMs that are compat-
ible with local inference via the Ollama runtime.
Our goal was to identify a model that provides (i)
faithful and context-complete suggestion extrac-
tion, (ii) stable semantic similarity judgments for
clustering, and (iii) feasibility for deployment on
commodity hardware.

This appendix provides the full narrative analysis
for each evaluated model, along with a comparison
table and a detailed description of the LLM-driven
clustering mechanism.
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C.2 Model-by-Model Evaluation

Qwen2.5-0.5B-Instruct (with LoRA fine-tuning).
We began with Qwen2.5-0.5B-Instruct due to its
small footprint and suitability for rapid experimen-
tation. Despite LoRA fine-tuning for suggestion
extraction, the model:

• produced vague or incomplete suggestions,

• hallucinated improvement directives not
present in the text,

• failed to disambiguate opinionated or descrip-
tive text from actionable suggestions.

Its limited capacity made it unsuitable for down-
stream clustering or canonicalization.

Qwen1.5 (Quantized, Ollama). This model im-
proved linguistic fluency, but continued to exhibit:

• frequent span selection errors,

• merging of multiple user suggestions into a
single incorrect rewrite,

• unstable paraphrasing that reduced cluster co-
hesion.

Its context window was insufficient for processing
dozens of suggestions jointly.

Mistral 7B (Quantized, Ollama). Mistral 7B
showed improved stability but suffered from:

• inconsistent extraction fidelity,

• partial or clipped suggestions,

• difficulty recognizing paraphrased sugges-
tions as semantically equivalent,

• limited context capacity for multi-suggestion
reasoning.

Llama 2 13B (Quantized, Ollama). This model
demonstrated stronger extraction quality than
smaller models, but failed to meet clustering re-
quirements:

• similarity judgments were inconsistent across
batches,

• clusters were fragmented or over-merged,

• limited context window prevented joint rea-
soning over large suggestion sets.

Gemma-3-27B (Quantized, Ollama). Gemma-
3-27B was the only model that satisfied all require-
ments:

• reliable, complete, and context-accurate ex-
traction,

• stable paraphrasing without hallucination,

• strong semantic similarity consistency, im-
proving cluster coherence,

• large context window for reasoning over
dozens of suggestions simultaneously,

• feasible inference with Ollama Q4_K_M
quantization on commodity hardware.

Accordingly, Gemma-3-27B was selected as the
final generative model.

C.3 Comparative Model Summary

Table 6 reports the performance of all LLM can-
didates evaluated during model selection for each
pipeline stage.

C.4 Detailed LLM-Based Clustering
Mechanism

Clustering in our pipeline is performed entirely us-
ing the LLM, without embedding-based or classical
clustering algorithms. The process is multi-stage
and category-aware:

Step 1: Category-wise Grouping. All extracted
suggestions are first grouped according to their
assigned category. This ensures that clustering
occurs within homogeneous operational domains
(e.g., “Food Quality”, “Staff Behavior”).

Step 2: Group Theme Similarity Checks. For
each category, the LLM receives pairs of sugges-
tions and determines whether they share the same
high-level theme. The decision is based on concep-
tual similarity rather than lexical overlap (prompt
template in Appendix D).

Step 3: Category-Level Clustering. For each
category, the LLM processes the entire set of ex-
tracted suggestions simultaneously. Rather than
relying on pairwise similarity scoring, the model
performs global theme discovery: it identifies the
major conceptual groups that best organize the sug-
gestions in that category.
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Model Extract. Halluc. Semantic Context Hardware
Fidelity Grouping Window Feasible?

Qwen2.5-0.5B Poor High Very Weak Small Yes
Qwen1.5 Moderate High Weak Small Yes
Mistral 7B Moderate Moderate Weak Small Yes
Llama 2 13B Good Low Moderate Small Yes
Gemma-3 27B Excellent Low Strong Large Yes

Table 6: Comparison of LLM candidates evaluated during model selection.

Step 4: Constructing Clusters. With full visi-
bility of all suggestions, the LLM:

• proposes a coherent set of theme labels (clus-
ter names),

• assigns each suggestion to the most appropri-
ate theme based on conceptual similarity and
few-shot clustering rules,

• avoids over-merging by keeping distinct
themes separate, and

• does not force clustering: suggestions that do
not fit any discovered theme are left as stand-
alone items rather than being forced into an
incorrect cluster.

This all-at-once, category-level clustering en-
ables holistic reasoning over the entire suggestion
set, producing consistent and interpretable clusters
while preserving outlier or unique suggestions as
individual, actionable items.

Step 5: Cluster Summarization. Each cluster
is then summarized by the LLM into short, non-
redundant bullet points (see Appendix D for the
prompt template).

This LLM-driven clustering method leverages
the model’s contextual reasoning and large con-
text window, eliminating the need for embeddings
or standard clustering algorithms while providing
significantly more interpretable outputs.

D Prompt Templates

D.1 Suggestion Extraction Prompt Template

This prompt extracts only explicit, business-
directed recommendations from customer reviews.

Components:

• Role Definition: Act as an analyst identifying
explicit improvement advice.

• Extraction Criteria:

– Must contain a direct advisory or direc-
tive expression.

– Must be explicitly addressed to the busi-
ness.

– Must not be inferred or reconstructed.

• Output Constraints:

– Output a single concise paraphrased rec-
ommendation.

– If none exists, output only “NONE”.
– No explanation or commentary.

Abstract Template:

“Given a customer review, extract the ex-
plicit recommendation addressed to the
business, if one is directly stated. Do not
infer implied suggestions. If one exists,
output a concise paraphrase; otherwise
output only ‘NONE’.”

D.2 Category Assignment Prompt Template
This prompt assigns each extracted recommenda-
tion to a predefined set of operational categories.

Components:

• Input: A single recommendation.

• Category List: A fixed set of operational cat-
egories.

• Decision Rules:

– Assign a category only if a clear corre-
spondence exists.

– Otherwise return a default “miscella-
neous” label.

Abstract Template:

“Given a recommendation and a prede-
fined list of category labels, assign the
recommendation to the category that best
matches its primary theme. If none ap-
ply, return a default miscellaneous label.
Output only the selected category label.”
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D.3 Clustering Prompt Template
This prompt determines whether two recommenda-
tions belong to the same broad theme.

Components:

• Input: Two recommendations.

• Task Definition:

– Determine whether they address the
same operational domain.

– Focus on broad improvement themes, not
lexical similarity.

• Decision Constraint: Output one of two la-
bels indicating thematic similarity or dissimi-
larity.

• Output: A single categorical label, no expla-
nation.

Abstract Template:

“Given two customer recommendations,
determine whether they address the same
high-level theme. Consider them similar
if they target the same operational area,
even if specific actions differ. Otherwise
label them as thematically different.”

D.4 Cluster Summarization Prompt Template
Used to generate concise summaries of clustered
recommendations.

Components:

• Input: A list of related recommendations.

• Task: Merge semantically similar items and
produce consolidated bullets.

• Output Requirements:

– Bullet-point format.
– No redundancy.
– Concise phrasing.
– Preserve all essential details.

Abstract Template:

“Given a set of related customer recom-
mendations, produce concise bullet-point
summaries. Merge overlapping items
into unified bullets without redundancy.
Each bullet should be short, actionable,
and capture one coherent improvement
suggestion.”

E Dataset Details

We evaluate our system on four held-out test
datasets covering two domains. Table 7 repre-
sents the data statistics. Test Datasets 1–3 con-
sist of proprietary customer reviews from the
restaurant industry and cannot be publicly re-
leased. Test Dataset 4 is a publicly available
dataset belonging to the ice-cream and frozen-
dessert domain. It is sourced from the Yelp Open
Dataset (Ice Cream & Frozen Yogurt, Las Ve-
gas, NV), available at: https://business.yelp.
com/data/resources/open-dataset/. Review
length varies from 1 to 909 tokens (mean 95.5;
SD 86.8). All datasets follow the labeling criteria
distinguishing business-directed suggestions from
general commentary or customer-to-customer ad-
vice.

Dataset Total 0s (Negative) 1s (Positive)
Test Dataset 1 (proprietary) 200 163 37
Test Dataset 2 (proprietary) 200 165 35
Test Dataset 3 (proprietary) 201 164 37
Test Dataset 4 684 591 93

Table 7: Overview of datasets used for testing the clas-
sifier.

F RoBERTa’s Performance on Test
Datasets

Table 8 shows the scores attained by RoBERTa-
Base on all the test datasets.

Dataset Precision Recall
Test Dataset 1 (proprietary) 0.8919 0.8919
Test Dataset 2 (proprietary) 0.8889 0.9143
Test Dataset 3 (proprietary) 0.9000 0.9730
Test dataset 4 0.9348 0.9094
Average 0.9039 0.9221

Table 8: Precision and Recall scores on test datasets by
RoBERTa-Base.

G Cross-Domain Classifier Evaluation

To evaluate generalization beyond the development
domains, we tested the RoBERTa-based classifier
on four additional industries: real estate, health-
care, finance, and automotive. Each dataset was
independently annotated using the same criteria for
actionable, business-directed suggestions. Table 9
present the classifier’s cross-domain performance
and Table 10 provide an overview of the evaluation
datasets drawn from additional industry domains.
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Industry Precision Recall
Real Estate 0.8365 0.9413
Healthcare 0.6887 0.9766
Finance 0.5804 0.9090
Automotive 0.5524 0.9502

Table 9: Cross-domain performance of the classifier on
additional industries.

Dataset Total 0s (Negative) 1s (Positive)
Real Estate 300 269 31
Healthcare 300 287 13
Finance 301 291 09
Automotive 300 283 17

Table 10: Overview of datasets from different industries
used for testing the classifier.

Across all domains, recall remained high (0.90–
0.98), demonstrating that the classifier generalizes
well to unseen industries. Precision varied more
substantially, especially in finance and automotive.
Manual inspection indicates common sources of
false positives include domain-specific terminology
(e.g., “APR,” “VIN,” “escrow”), implied or multi-
step requests, and procedural narrative styles in
healthcare reviews.

H Human Annotation Details

H.1 Annotation Guidelines

All datasets were annotated by trained human anno-
tators following a shared guideline distinguishing
explicit business-directed suggestions from general
commentary. Annotation was performed at both the
review level (for classifier training) and the span
level (for extraction evaluation). Disagreements
were resolved through majority voting. Annotators
were asked to evaluate outputs from four stages of
the suggestion pipeline i.e suggestion extraction,
category assignment, clustering, and summariza-
tion. Each task was rated on a 1–5 Likert scale,
where the meaning of scores is shown in Table 11.

Score Interpretation
1 Very Poor
2 Poor
3 Fair
4 Good
5 Excellent

Table 11: Likert scale used for annotation.

H.2 Suggestion Extraction

Score 5: All suggestions in the review are cor-
rectly extracted, with no missing or ir-
relevant content.

Score 4: Most suggestions are correctly extracted;
at most one minor error (missing or extra
suggestion).

Score 3: Some suggestions are correctly extracted,
but multiple noticeable errors exist.

Score 2: Only a few suggestions are correctly ex-
tracted; major errors present.

Score 1: Extraction is unusable or completely in-
correct.

H.3 Category Assignment

Score 5: Each suggestion is assigned to the correct
category with no errors.

Score 4: Minor categorization mistakes (e.g., 1
misclassified suggestion).

Score 3: Several suggestions assigned incorrectly,
but some are correct.

Score 2: Many suggestions misclassified; only a
few correct.

Score 1: Nearly all assignments are incorrect or
irrelevant.

H.4 Clustering

Score 5: Suggestions within each cluster are
highly coherent and semantically simi-
lar.

Score 4: Clusters are mostly coherent, with minor
inclusion of unrelated suggestions.

Score 3: Some clusters are coherent, but several
contain unrelated suggestions.

Score 2: Many clusters contain unrelated or mixed
suggestions.

Score 1: Clustering is essentially random or unus-
able.
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H.5 Summarization
Score 5: Summary accurately reflects all main

points of the cluster, is fluent, and con-
cise.

Score 4: Summary mostly correct, with minor
omissions or phrasing issues.

Score 3: Summary captures some but not all main
points; noticeable omissions.

Score 2: Summary inaccurate or misleading, miss-
ing most points.

Score 1: Summary unusable or completely irrele-
vant.

Annotators were instructed to work indepen-
dently and not discuss ratings during evaluation.

H.6 Raw Annotation Scores
The following tables show the per-annotator scores.
The reported values in Table 12 and 13 are the
averages across annotators.

Task Annotator 1 Annotator 2 Annotator 3 Average
Extraction 5 5 5 5.0
Category Assignment 5 4 5 4.6
Clustering 5 5 5 5.0
Summarization 5 4 5 4.6

Table 12: Per-annotator scores for the restaurant dataset.

Task Annotator 1 Annotator 2 Annotator 3 Average
Extraction 4 4 4 4.0
Category Assignment 4 4 4 4.0
Clustering 5 5 5 5.0
Summarization 5 5 5 5.0

Table 13: Per-annotator scores for the ice-cream shop
dataset.

H.7 Annotator Background
Note : The annotators were not involved in model
development.

To ensure high-quality evaluation, we worked
with three industry experts with extensive experi-
ence in handling, labeling, and categorizing cus-
tomer data across multiple domains. Each anno-
tator has at least over five years of professional
experience working with diverse datasets from tens
of industries. They are currently employed at a
reputed B2B online reputation management com-
pany and bring specialized expertise in analyzing
customer feedback, sentiment, and suggestions.

All annotators were provided with detailed writ-
ten guidelines and completed a training phase with

practice examples before beginning the actual eval-
uation. They conducted the annotation indepen-
dently to minimize bias.

H.8 Inter-Annotator Agreement
Inter-annotator agreement was computed using
Fleiss’ κ, which adjusts for chance agreement
across multiple raters. κ values ranged between
0.74 and 0.85 across tasks, indicating substantial
to almost perfect agreement.

I Large Language Model Configuration

All LLM-based components (explicit suggestion
extraction, category assignment, clustering, and
summarization) use an instruction-tuned and quan-
tized variant of Gemma-3 deployed through an Ol-
lama runtime. Configuration of the LLM is pre-
sented in Table 14.

Property Value
Model architecture Gemma-3
Parameter count 27.4B
Quantization Q4_K_M
Context window 128k tokens
Runtime Ollama (local inference)

Table 14: LLM configuration used in all generative
pipeline components.

J Hardware Configuration

The experiments were conducted on a workstation,
Table 15 presents the configurations of the work-
station:

Property Value
GPU Model NVIDIA RTX A4500
Total VRAM 20,470 MiB

Table 15: Hardware configuration used for training and
inference.

K Pipeline Execution Example

Tables 16 and 17 illustrate the execution of the
pipeline on real-world review examples, showing
the transformation of inputs through each process-
ing stage
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Input Review Label Extracted Suggestion
Waitress should not have to use their money for the juke-
box. Food and service is great!

1 Waitress should not be required
to pay for the jukebox.

I like their location. We tried their charcuterie board,
lobster soup and steak. My only complaint would be that
they have to expand their menu a little to accommodate
more vegetarian options.

1 Expand the menu to include
more vegetarian options.

Best ice cream in town. All the flavors are great! Mint
oreo is my favorite but it’s seasonal!

0 NONE (this review was dis-
carded after being labelled 0)

I had the queso empanada for main dish. Our server was
also wonderful. I just wish there were a few more vegetar-
ian options for main dishes! Everything else was fantastic!

1 Add a few more vegetarian op-
tions for main dishes.

Waited 20 minutes as they were very busy with online
orders I think. Please tell customers it will be a wait as
some have limited time for lunch. Food was great just
service was slow, understand but please notify customer
on the wait.

1 Notify customers about poten-
tial wait times, especially when
busy with online orders.

One of the best chicken I have tasted in a while, nicely
seasoned. Loved the crispy fries. Friendly staff. Should
add pictures to the menu.

1 Add pictures to the menu.

I called about getting a reservation. The woman told me
that if I just walk in though, they could probably seat us
pretty quickly. We got there and it was 2 hour wait. Maybe
don’t tell people you can get them in if you might have a
2 hour wait.

1 Give accurate wait time esti-
mates to customers before they
arrive.

Food was really good but had to wait quite a while since
they were busy with online orders. Would be nice if they
told us about the wait time beforehand.

1 Inform customers about the
wait time beforehand.

Table 16: Examples of classification of customer reviews and suggestion extraction.

Extracted Suggestion Category Cluster Name Summarization
Expand the menu to include more
vegetarian options.

Menu Menu Variety &
Vegetarian Options

Add more vegetarian options,
including main dishes.

Add a few more vegetarian options
for main dishes.

Menu Menu Variety &
Vegetarian Options

Add more vegetarian options,
including main dishes.

Notify customers about potential
wait times, especially when busy
with online orders.

Wait
Time

Wait Time Com-
munication & Ac-
curacy

Accurately communicate wait
times in advance, especially dur-
ing busy hours.

Give accurate wait time estimates to
customers before they arrive.

Wait
Time

Wait Time Com-
munication & Ac-
curacy

Accurately communicate wait
times in advance, especially dur-
ing busy hours.

Inform customers about the wait time
beforehand.

Wait
Time

Wait Time Com-
munication & Ac-
curacy

Accurately communicate wait
times in advance, especially dur-
ing busy hours.

Add pictures to the menu. Menu Menu Picture Re-
quests

No summary since this is a stan-
dalone suggestion.

Table 17: Examples of category assignment, clustering and summarization of extracted suggestions.
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