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Abstract

We introduce TourCSE, a Sentence Trans-
former tailored for tourism opinion mining,
leveraging training data from topic modeling
with negative filtering using GISTEmbed (Sola-
torio, 2024). TourCSE enables identification of
key aspects in large-scale exploratory analyses.

Beyond improved results, we investigate the
sources of these improvements through ab-
lation studies, including Low-Rank Adapta-
tion, dropout augmentation, sentiment sam-
pling, and negative filtering. Our experiments
demonstrate the necessity of negative filtering,
in combination with either topic modeling or
sentiment sampling, to substantially improve
topic—sentiment alignment. We also compare
TourCSE with other available models in terms
of both visualization and retrieval performance,
confirming the value of domain-specific mod-
els. Finally, we advocate reconsidering the
NEUTRAL sentiment in current benchmarks.

1 Introduction

When social tourism researchers seek to analyze
customer opinions, a fundamental question arises:
Which dimensions of the hospitality experience are
most relevant to extract? The challenge is that
in most cases social researchers do not have pre-
defined annotation schemes, as their ground truth
depends on their individual expertise and research
objectives (Schofield et al., 2025). This limitation
reduces the applicability of supervised learning
approaches (Grimmer et al., 2021). In contrast,
unsupervised approaches, although less accurate,
offer a compelling alternative by allowing the la-
beling scheme to emerge directly from the data.
Yet, despite their potential, systematic reviews of
tourism opinion mining from both computer sci-
ence and tourism fields underline the lack of unsu-
pervised methods for large-scale analyses involving
millions of customer reviews (Ameur et al., 2023;
Mebhraliyev et al., 2022).
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Figure 1: We categorize sentence embeddings into three
groups: GENERAL, OPINION MINING, and

. GENERAL embeddings are typically biased
toward the sentence subject (Nikolaev and Padd, 2023;
Ghafouri et al., 2024), whereas OPINION MINING em-
beddings tend to discard it (Kim et al., 2024). To over-
come these limitations, we introduce , which
reorganizes the embedding space to capture both topic
and sentiment specific to tourism reviews.

In our study, we focus on Sentence Trans-
formers, motivated by their growing potential
for opinion mining (Ghafouri et al., 2024). A
Sentence Transformers can be used in two main
ways: (1) leveraging their embeddings to perform
pairwise comparisons between N sentences and
T topics with linear complexity O(N + T,
offering significant scalability advantages for
large datasets; or (2) navigating the embedding
space organized through thematic grouping
(see Figure 6), improving the comprehension of
patterns in the data. Sentence Transformers should
be regarded as preliminary and complementary
approaches to more computationally intensive
methods (see Section 6.2). They are particularly
valuable for social scientists who aim to run
models on personal computers, in contrast to large
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Figure 2: TourCSE. We mine positive sampling using Topic Modeling (SWETT) by selecting sentences that share
the same sentiment and topic (a, p) through our annotation process. Then, we treat other sentences in the batch
(n1,n2,mn3,n4) as negatives. In this case, ng and ny share the same topic (BATHROOM) and sentiment (NEGATIVE)
as anchor a but differ in their specific aspects (BATHROOM & TOILET). To address negatives highly similar to a like
ng and ny, we introduce Guided Contrastive Fine-Tuning (Solatorio, 2024). This method leverages a guidance
model to ignore negative pairs (a, n;) with higher similarity to the current positive pair (a, p) in the batch training.

language models (LLMs) or more complex neural
architectures (Hoyle et al., 2022, 2021; Li et al.,
2025). Nonetheless, as shown in Figure 5, embed-
dings from general-purpose or opinion-focused
models remain insufficiently specialized to fully
capture both tourism-specific topics and corre-
sponding sentiments. Therefore, we demonstrate
that using simple data-driven approaches, it is
possible to reorganize the embeddings space, thus
improving alignment between topics and sentiment
(Section 3). Our contributions are summarized as
follows:!

* An overall guideline for sentiment learning
based on our ablation study (Section 6.1): us-
ing topic-model pseudo-labeling with GIS-
TEmbed negative filtering (Solatorio, 2024)
effectively aligns domain-specific topics and
sentiments, while topic-model can also be re-
placed by simple sentiment sampling.

* Demonstrating the relevance of TourCSE
(Section 5.2 and Figure 5), we pave the way
for further development on domain-specific
opinion-mining Sentence Transformers.

* We position our work in light of the Venkit
et al. (2023) critical sentiment analysis sur-
vey, adding a discussion in sentiment labeling
(Section 3.2) and clearly defining the targeted
application scope to avoid unintended biases.
Also, we underline some annotation incon-
sistencies with the NEUTRAL sentiment sup-

'The code is available at https://anonymous.4open.
science/r/TourCSE-8372/README . md

ported by linguistic research (Kamoen et al.,
2015) and Liu (2020) survey.

2 Related Work

Opinion Mining Sentence Embeddings As il-
lustrated in Figure 5, general-purpose sentence em-
beddings fail to encode sentiment information ef-
fectively due to their bias toward nominal subject
(Nikolaev and Pado, 2023). To address this lim-
itation, SentiCSE (Kim et al., 2024) fine-tunes a
RoBERTa model using contrastive learning with
positive and negative sentence pairs whose sen-
timent is defined via SentiWordNet (Baccianella
et al., 2010). StanceSBERT (Ghafouri et al., 2024),
in turn, fine-tunes all-mpnet-base-v2 by com-
bining contrastive and triplet loss, applying LoRA
to mitigate catastrophic forgetting, mining debate-
forum data to construct positive pairs, and design-
ing a custom pipeline for negative-sample filtering.
However, in line with our recommendations (Sec-
tion 6.1), negative filtering can be automated using
GISTEmbed (Solatorio, 2024). Moreover, apply-
ing LoRA does not mitigate catastrophic forgetting.
Additionally, we explicitly define the domain scope
of our model, rather than claiming broad, domain-
general opinion-mining performance.

Social Media Analysis Beyond model devel-
opment, several studies demonstrate the util-
ity of Sentence Transformers for opinion min-
ing. Representative examples using pairwise
comparison include Introne (2023), who fine-
tune all-mpnet-base-v2 to quantify opinions on
climate change, and Sarkar et al. (2025), who
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combine LLMs to decompose sentences with
all-mpnet-base-v2 embeddings to score politi-
cal attitudes in online communities. In the tourism
domain, Sanchez-Franco and Rey-Moreno (2022)
explore all-MinilM-L6-v2 embeddings through
BERTopic to uncover travelers’ motivational pat-
terns underlying tourism destinations. We evaluate
the performance of pairwise comparisons in Sec-
tion 5 and illustrate the advantages of TourCSE
embeddings for visualization in Figure 5, with a
practical example shown in Figure 6.

3 Proposed Approach : TourCSE

TourCSE (Tourism Contrastive Sentence
Embeddings) is our Sentence Transformer de-
signed for tourism opinion mining. Like other
Sentence Transformers, it requires training data
pairs: some that share the same topic and sentiment
(positive samples) and others that differ (negative
samples). For positive sampling, we introduce
a simple topic modeling approach, SWETT
(Simple Word Embeddings-based Tourism Topic
Model). For negative samples, we demonstrate
that simple negative filtering using GISTEmbed
(Solatorio, 2024) significantly improves the
alignment between domain topics and sentiment
representations. The general pipeline is illustrated
in Figure 2 and is performed at the sentence level.

3.1 Topic Modeling : SWETT

Definition Although a topic is a nebulous con-
cept, it is often represented as a group of keywords
that share the same "meaning" (Doogan and Bun-
tine, 2021). In opinion mining, this corresponds
to explicit aspects which directly refer to the same
concept (e.g., bed, mattress, pillow) (Liu, 2020). A
topic may also represent an implicit aspect (e.g.,
"Walking to the museums takes less than 15 min-
utes" refers to LOCATION, though not explicitly
mentioned) (Wang et al., 2023a). We rely on ex-
plicit notions for identification, and on both implicit
and explicit for assignment and extraction.

Topic Identification First, we employ part-of-
speech tagging to extract the most frequent nouns,
as these correspond to aspects evaluated by cus-
tomers (Hu and Liu, 2004). Then, to capture se-
mantic relationships between aspects and extract
thematic information, we train a Word2Vec model
on tourism reviews (Mikolov et al., 2013). The
visualization of aspect embeddings in Figure 3 re-
veals a natural topic clustering tendency.
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Figure 3: UMAP visualization of Word2Vec representa-
tions of sample aspects from HotelRec (Antognini and
Faltings, 2020). Aspects related to BEDDING in red.

Topic Assignment To extract both implicit and
explicit aspects, we implement CAt (Tulkens and
van Cranenburgh, 2020). An simple method that re-
lies exclusively on tourism domain Word2Vec em-
beddings and an extracted set of aspects, which
have already been introduced in the previous Sec-
tion 3.1. As target, we use cluster centroids derived
from identified topics (Figure 3).

3.2 Sentiment Assignment

The Sentiment Problem Venkit et al. (2023) and
Rebora (2023) highlight a lack of interdisciplinary
reflection in sentiment analysis research. For ex-
ample, Kamoen et al. (2015) demonstrate in their
human studies that indirect positive expressions
(e.g, not bad) are perceived as less positive than
direct ones. More pragmatically, a sentiment is
inherently context-dependent, yet general models
exhibit a bias toward NEGATIVE or NEUTRAL. For
instance, a review stating "Hotel near to Eiffel
Tower" may be POSITIVE in tourism contexts, but
models trained on social media data could classify
it as NEUTRAL.? Although LLMs perform well
on explicit aspect-based sentiment extraction, they
struggle with subjective sentiment or implicit as-
pects (Zhang et al., 2024). Moreover, Voutsa et al.
(2025), indicates a bias toward NEUTRAL in LLMs
that deserves further investigation. We provide ad-
ditional errors examples in Appendix C.1.

Rethinking Sentiment Because, our objective is
to remain as faithful as possible to the sentiment
expressed by customers while minimizing biases
introduced by subjective interpretation. We adopt
star ratings as a coarse-grained proxy for sentiment

2cardiffnlp/twitter-roberta-base-sentiment-latest
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polarity. We also follow the ethical-sheet guide-
lines of Venkit et al. (2023) (see Appendix C).

3.3 Guided Contrastive Fine-Tuning

Training Objective As only positive pairs are
available at this stage, we follow state-of-the-art
practice (Wang et al., 2024) and employ the In-
foNCE loss (van den Oord et al., 2019), with nega-
tives randomly sampled from the batch:

ecosim(qi i)/ T

L= (1)

ecosim(q;,pi)/T + ZjGB ecosim(qi,nj)/r

The objective is to minimize the distance be-
tween the embeddings of positive pairs (g;, pi),
and maximize the distance between negative pairs
(gi,nj), selected from the batch sample B, using
cosine similarity (costm). The parameter 7 con-
trols the temperature, allowing adjustment of the
scale of cosine similarity.

Negative Filtering The main issue with ran-
domly sampling negatives from the batch is the
introduction of false negatives. For instance, a re-
view describing a "small bathroom" might be incor-
rectly paired as negative with a review containing
a "dirty shower". Although these reviews differ se-
mantically, both express negative sentiment about
the same topic BATHROOM. To address this, we
adopt GISTEmbed (Solatorio, 2024).3 This method
refines the fine-tuning process by discarding neg-
ative samples that exhibit higher similarity to the
anchor and its corresponding positive pair. All dis-
carding occurs during training by setting the simi-
larity between the anchor and discarded negative to
—o0, effectively reducing their contribution to the
cross-entropy loss to zero. The only requirement
is a guided pre-trained Sentence Transformer to
compute these similarities.

4 Experimental Settings

4.1 Implementation Details

Topic Modeling We tokenize text, remove stop-
words, and extract the 1000 most frequent common
nouns as explicit aspects using NLTK (Bird and
Loper, 2004). Word2Vec models are trained with
Skip-Gram via Gensim (Rehtifek and Sojka, 2010).
Topics are extracted via hierarchical clustering on
aspect-vector cosine similarities, using the desired
number of clusters as the threshold. For CAt, we

3See sbert.net for documentation.

made some modification to the implementation of
Tulkens and van Cranenburgh (2020) by using the
centroid vectors of aspect clusters as targets, and
developing a slightly more stable attention.*

Sentiment Assignment Sentiment scores are as-
signed based on the review rating of each extracted
sentence (1-5). Although simplistic, this method
performs surprisingly well in practice.

Positive Sampling We generate 300,000 positive
pairs by coupling each sentence with a random
sentence sharing at least one topic and sentiment.

Negative Sampling and Hyperparameters All
models are trained with a batch size of 128 (1 pos-
itive + 127 negative pairs per step) for 3 epochs
using AdamW, a learning rate of 5 x 1075, no
warm-up, and a temperature 7 = 20.

4.2 Model Selection

We adopt the same fine-tuning setup (base model
and LoRA configuration) as Ghafouri et al. (2024),
which introduces StanceSBERT, a opinion-mining
sentence transformers. Using GISTEmbed loss and
LoRA on a single H100 GPU, training completes
in 1-2 hours.

Model We use all-mpnet-base-v2 as the base
model for domain adaptation. It provides a strong
balance between model size and performance on
MTEB (Muennighoff et al., 2023) and had been
trained on a large-scale corpus of approximately 1B
data pairs. For negative filtering, we employ a copy
of the selected base model, all-mpnet-base-v2
like Ghafouri et al. (2024).

Low-Rank Adaptation Ghafouri et al. (2024)
suggests that integrating adapter modules mitigate
catastrophic forgetting. We apply LoRA (Hu et al.,
2022) with a rank of 32 to assess its effectiveness.

4.3 Datasets

We focus on the hotel and restaurant domains due
to their importance in the tourism sector. For the
training process in TourCSE, we select large pub-
licly available datasets avoiding data contamina-
tion caused by possible overlap between the train-
ing and test sets. For evaluation, we use English-
annotated datasets that follow established ABSA
terminology (Zhang et al., 2023).

“An introduction to the original motivation, evaluation
protocol, and example code for our reimplementation of CAt
is provided in Appendix B.
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Training Dataset We select two publicly avail-
able TripAdvisor datasets, each corresponding to a
specific domain:

* SixTripAdvisorDatasets for the restaurant
domain (Botana et al., 2022)>

* HotelRec for the hotel domain (Antognini and
Faltings, 2020)°

Both datasets include sentiment metadata derived
from star ratings ranging from 1 to 5. To ensure a
balanced distribution, we sampled 100,000 English-
language reviews per dataset, with equal represen-
tation of 20,000 reviews for each rating.

Evaluation Dataset We select three annotated
datasets: Rest14 (Pontiki et al., 2014), Rest16 (Pon-
tiki et al., 2016), and HotelOATS (Chebolu et al.,
2024). These datasets provide sentence-level topics
with their associated sentiments. We retain the full
train and test splits from each dataset.

Issue with Neutral Annotation We observe in-
consistencies in the annotation of NEUTRAL senti-
ment, providing some examples from Rest16. As
noted in linguistic studies, indirect negative expres-
sions such as "Food was okay" or "Service was
decent"”, currently labeled as NEUTRAL, may in
fact convey a negative opinion expressed politely
(Kamoen et al., 2015). Similarly, a sentence like
"Plan on waiting 30-70 minutes" was also anno-
tated as NEUTRAL. However, this example should
be categorized as NOT OPINIONATED, since it does
not express any sentiment (Liu, 2020). They also
misannotated unambiguous NEUTRAL sentences,
such as "Food was mediocre". To better align the
dataset with our research goals, we removed all sen-
tences with NEUTRAL aspect from the evaluation
set in our main experiments.’

4.4 Detail of Downstream Tasks

Retrieval Setup We evaluated our embeddings
by retrieving topic-sentiment pairs using a single-
query approach, simulating real-world scenarios
(Wang et al., 2023a). The retrieved topics are as
follows:

¢ Restaurant: FOOD, SERVICE, DRINKS, LO-
CATION, AMBIANCE, PRICE

>https://zenodo.org/records/6583422

®https://github.com/Diego999/HotelRec

"Discard NEUTRAL is a common practice, as shown in pre-
vious work (Nguyen et al., 2023) but it has not been explicitly
justified. Additional results are provided in Appendix A.

e Hotel: ROOMS, AMENITIES, FACILITIES,
SERVICE, LOCATION, FOOD & DRINKS

To incorporate sentiment, we use the sentiment
words excellent for positive polarity and terrible
for negative polarity. Queries are constructed in
the format "{sentiment} {topic}". For example,
"excellent food" retrieves positive opinions about
food, while "terrible food" retrieves negative ones.
Retrieval is performed based on cosine similarity
between the query and sentence embeddings.

Evaluation Metric Following Booking.com
(Wang et al., 2023a), we adopt the macro-averaged
precision score from Scikit-Learn as the evaluation
metric (Pedregosa et al., 2011).

5 Results

5.1 Ablation Study

Number of Topics Results are presented in Fig-
ure 4. As positive sampling generation is based
on Topic Modeling, we aim to evaluate the impact
of topic number, denoted as K. Since there is no
universally optimal method to determine the ideal
number of topics, we test six different values: 10,
50, 100, 150, 200, and 250. The fine-tuning is
performed with Guided Contrastive Fine-Tuning
and LoRA. Our analysis shows that TourCSE con-
sistently outperforms the base model across all
values of K. However, increasing the number of
topics does not necessarily lead to better perfor-
mance. Instead, for Hote]lOATS and Rest16, the
optimal K is 10, beyond which performance de-
clines and then stabilizes.

Data Sampling and LoRA The ablation study
presented in Table 1. We aim to evaluate the im-
pact of both positive, negative filtering and LoRA.
Additionally, we compare the effect of our positive
sampling, refereed as Topic Modeling, with two
others possible strategies:

* Dropout: Following SimCSE (Gao et al.,
2021), this strategy generates positive pairs
by using the same sentence twice, applying
dropout within layers as a form of data aug-
mentation.

* Sentiment: Following SentiCSE (Kim et al.,
2024), this approach selects positive pairs
based solely on sentiment, ignoring specific
aspect mentioned in the sentence.
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Figure 4: Macro Average Precision scores for different
values of K during positive pair generation. Fine-tuning
is performed using Guided Contrastive Fine-Tuning
and LoRA. The cross markers represent the score of
the base model all-mpnet-base-v2. The horizontal
dashed line indicates the score obtained with randomly
sampled positive pairs sharing the same sentiment, as
discussed in Section 5.1. Overall, topic mining achieves
better performance than both the base model and, with
the right choice of K, the sentiment-only strategy.

Topic modeling with LoRA, GCFT, or both
significantly outperforms all other configura-
tions. The inclusion of GCFT has a more notice-
able positive impact on Sentiment sampling, po-
sitioning it as a strong alternative when only
sentiment information is available. In contrast,
Dropout sampling consistently underperforms. The
small performance gap between models without
LoRA in Topic Modeling suggests that negative
filtering plays a greater role.

HotelOATS Restl6 Restl4  Avg.
all-mpnet-base-v2 38.72 4398 5394 4555
Dropout 20.25 2447 3178  25.50
A w/o LoRA -2.34 -4.08  -358 -3.33
Sentiment 44.01 47.82  58.65 50.16
A w/o GCFT -21.87 -23.98  -26.17 -24.01
A w/o LoRA -0.51 -0.70  -133  -0.85
A w/o LoRA & GCFT -21.99 -22.55  -2323 -22.59
Topic Modeling k& = 10 45.75 51.59 6238 53.24
A w/o GCFT -4.56 -530 +0.86  -3.00
A wlo LoRA -0.13 +0.78 -0.16  +0.16
A w/o LoRA & GCFT -19.11 -991  -1093 -13.32

Table 1: Ablation study of different positive and nega-
tive sampling strategies and the impact of LoRA. Over-
all, topic modeling sampling yields the best results.
However, sentiment sampling with GCFT remains a
strong alternative.

5.2 Model Comparison

We compare TourCSE with other Sentence Trans-
formers, including a variety of architectures, train-

HotelOATS Restl6  Restl4  Avg.
General Sentence Embeddings
all-MiniLM-L6-v2 30.73 3446 4538 36.86
all-MiniLM-L12-v2 33.61 36.20  47.71  39.17
all-mpnet-base-v2 38.72 4398 5394 45.55
E5-small-v2 34.26 37.34  54.14 4191
E5-base-v2 35.43 4096  56.57 44.32
ES5-large-v2 34.29 38.32 53,52 42.04
E5-Mistral-7B-Instruct 31.87 36.88  47.48 38.74
GTE-base-v1.5 36.75 40.13  56.50 44.46
GTE-large-v1.5 39.78 44.01 57.69 47.16
GTE-ModernBERT 42.18 4948 6732 52.99
STS5-XXL 43.70 4720 6720 5270
GTR-T5-XXL 31.30 40.16  50.13  40.53
Opinion Mining Sentence Embeddings
SentiCSE 31.27 3429 4537 3698
StanceSBERT 37.00 37.53 49.65 41.39
Word2Veccpow 31.58 31.73  40.73 34.68
Word2Vecsg 29.78 32.86 41.26 34.63
FastTextcgow 30.23 28.93 38.27 3248
FastTextsg 28.19 32.10  39.63 33.31
TourBERT 18.68 20.72  30.10 19.26
TourMPNet 11.78 1747 2320 1748
TourCSE K = 10 45.75 51.59 6238 53.24
GTE-TourCSE K = 10 46.80 55.34 73.80 58.65

Table 2: Performance comparison of sentence embed-
ding models across datasets using Macro Average Preci-
sion. Best overall results are shown in bold, and the best
within each category are underlined. Given the strong
performance of GTE-ModernBERT, we also fine-tune it
(GTE-TourCSE). Overall, TourCSE outperforms both
general-purpose and opinion-mining models.

ing data, and objective loss:

* General Sentence Embeddings trained on
large-scale, multi-domain data, including
all-MinilM-L6-v2, all-MinilLM-L12-v2,
all-mpnet-base-v2, the E5 series (Mi-
crosoft) (Wang et al., 2024, 2023b), GTE
(Alibaba) (Li et al., 2023), and T5-XXL
(Google) (Ni et al., 2021b,a).

* Opinion Mining Sentence Embeddings, in-
cluding SentiCSE (Kim et al., 2024) and
StanceSBERT (Ghafouri et al., 2024).

* Tourism Mining Sentence Embeddings, in-
cluding Word2Vec (Mikolov et al., 2013),
FastText (Bojanowski et al., 2017), and
TourBERT (Arefeva and Egger, 2022). We
also fine-tuned all-mpnet-base-v2 using
MLM (TourMPNet).®

$TourBERT is a BERT model fine-tuned on tourism data
using MLM objective. Word2Vec, FastText and TourMPNet
were trained on the same dataset as TourCSE.
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Figure 5: TSNE visualization of different all-mpnet-base-v2 embeddings. GENERAL: all-mpnet-base-v2;
OPINION MINING: StanceBERT, a LoRA adapter fine-tuned on debate forums (Ghafouri et al., 2024); TOURISM
MINING: TourCSE, our LoRA adapter fine-tuned on HotelRec (K = 250). We report clustering metrics Table 3.
TOP: Reviews distribution from HotelRec: POSITIVE (G k, Ak Kk Kk 57), NEGATIVE (K IIITe, KWW IITY),
and NEUTRAL (k% 35yY).

MIDDLE: Visualization of 4 majors distinct topics and their associated sentiment: LOCATION, STAFF, ROOM and
FOOD sampled from Hotel OATS, Rest16 and Rest14.

BOTTOM: We build pseudo-sentences: "room is ...", where "..." is an opinion. We examine how indirect
positives (e.g.,"not bad"), indirect negatives (e.g.,"not great"), and ambiguous sentiments (different sentiments
separated by "but also", e.g.,"good but also noisy") are positioned relative to explicit positive and negative opinions.
As opinion, we use the 100 most frequent adjectives in HotelRec. Sentiment orientation is defined according to the
Opinion Lexicon (Liu, 2004). Indirect positives are colored like ambiguous because they are less positive that direct
statement (Kamoen et al., 2015).

Takeway: GENERAL already have a reasonable representation of sentiment. Nevertheless, the top and bottom
visualizations indicate that TOURISM MINING achieves better separation of both positive and negative sentiments
than GENERAL. In the middle, TOURISM MINING topic and sentiment representation is slightly better than
GENERAL, whereas OPINION MINING appears to overfit to sentiment.
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SiL. T CHT DB |
S. S.T S. S.T S S.T
G. 0.08 0.05 19.64 940 330 3.70
OM 024 001 79.13 1388 1.63 3.69
TM 0.9 009 5655 17.05 1.92 276
Table 3: Clustering metrics (Figure 5). "S" refers

to bottom visualization (clusters indicated by colors;
ambiguous/indirect positive discarded) "S.T" refers to
middle visualization (clusters indicated by shape and
color). Sil. = Silhouette, CH = Calinski-Harabasz, DB =
Davies-Bouldin. 1 = higher is better, | = lower is better.
While Opinion Mining models provide a clear distinc-
tion in their representation of sentiment, Tourism Min-
ing achieve a better balanced representation between
sentiment and topic.

The results in Table 2 show that TourCSE consis-
tently outperforms models with comparable back-
bones, such as E5 (BERT), GTE (Transformers++),
SentiCSE (RoBERTa), and StanceSBERT (MP-
Net). However, GTE-ModernBERT demonstrates
comparable performance to TourCSE and even sur-
passes it on Restl4. Therefore, we fine-tune it
using the same procedure (LoRA, £ = 10, and a
copy of GTE-ModernBERT as guided model) which
we refer to as GTE-TourCSE. As it achieves the
best performance across all datasets, we confirm
the effectiveness of our pipeline. Conversely,
TourBERT and TourMPNet performs worse than
Word2Vec, highlighting the limitations of domain
adaptation through MLM for learning sentence
representations. Despite that Arefeva and Egger
(2022) reported improved sentence representations
for tourism reviews. These findings underscore
the importance of incorporating domain-specific
topics and sentiment into contrastive objective
training.

6 Discussion

6.1 Implementation Guideline

For positive sampling, practitioners can use their
own topic models (e.g., TopicGPT (Pham et al.,
2024)), but they should test multiple values of K or
manually refine the topics. Alternatively, it is pos-
sible to rely solely on sentiment-based sampling.
Importantly, false negatives should be discarded us-
ing negative filtering from GISTEmbed (Solatorio,
2024) to improve sentiment-related representations
without degrading topic alignment. As shown in
our ablation study (Section 5.1), LoRA does not
mitigate catastrophic forgetting, as evidenced by
the negligible performance gains observed.
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Figure 6: Snapshot of TourCSE embedding visualiza-
tion using BERTopic (Grootendorst, 2022) (See Ap-
pendix Figure 15¢). Sentences related to STAFF cluster
together in the embedding space and are separated ac-
cording to sentiment.

6.2 Further Research

As Sentence Transformers remain a component
within a broader system, we suggest the following
additional research directions: (1) mining training
data with TourCSE to develop more robust ABSA
models (de Souza P. Moreira et al., 2025; Nguyen
et al., 2023); and (2) leveraging TourCSE as a re-
trieval component within retrieval-augmented gen-
eration pipelines for opinion summarization (Nay-
eem and Rafiei, 2025). Finally, we advocate for
re-evaluating the NEUTRAL category to better
benchmark supervised SLMs and LLMs (Kenyon-
Dean et al., 2018; Rebora, 2023; Venkit et al.,
2023).

7 Conclusion

We introduce TourCSE, a Sentence Transformer
model specifically designed for opinion mining in
the tourism sector, enabling scalable analysis of
millions of reviews. We empirically demonstrate
the effectiveness of using topic models as a pseudo-
labeling approach, combined with GISTEmbed, to
align domain-specific topics and sentiment in em-
beddings. Our results highlight the limitations of
general-purpose and existing opinion-mining sen-
tence embedding models in retrieving and cluster-
ing domain-specific topics and sentiment. These
findings underscore the need for explicitly domain-
targeted approaches. Direct applications include
assisting experts in corpus exploration by integrat-
ing TourCSE with BERTopic.



Limitations

As a limitation, we note that TourCSE was de-
veloped exclusively for tourism opinion mining,
and its evaluation focuses on a limited set of high-
level aspects of hospitality reviews. A more fine-
grained evaluation would also be possible, for in-
stance by distinguishing room-related aspects from
bathroom-related ones, or separating views from
location. Moreover, the evaluation of topic models,
and more broadly unsupervised methods, remains
an active area of research (Li et al., 2024, 2025;
Hoyle et al., 2025).

The Domain Scope of SWETT Recent work has
highlighted the limitations of general LLM-based
topic models (Pham et al., 2024; Lam et al., 2024),
particularly their difficulty in extracting informa-
tive topics when the document collection originates
from a single, specific domain (Li et al., 2025).
To address this limitation, we developed SWETT
specifically for tourism reviews. Practitioners who
wish to align sentiment embeddings in their own
domain may rely on existing topic models, such as
LDA (Blei et al., 2003) or TopicGPT (Pham et al.,
2024), although better results can be expected when
the topic model is adapted to the target domain.
See Laureate et al. (2023); Hoyle et al. (2025) for
a discussion of the research agenda on topic model
development.

The K Parameters Issues with traditional au-
tomated evaluation metrics helping select K are
now well documented (Hoyle et al., 2021; Chang
et al., 2009; Doogan and Buntine, 2021; Shadrova,
2021). Although recent methods such as TopicGPT
(Pham et al., 2024) use LLMs to automatically set
K, the resulting topics still require expert refine-
ment (Choi et al., 2024; Schofield et al., 2025),
and they are not necessarily more informative than
those extracted by traditional methods such as LDA
(Li et al., 2025). To assist in selecting K, Stamm-
bach et al. (2023) explored the use of LLMs, report-
ing promising results when the LLM was prompted
with a relevant hypothesis (e.g., "Which dimensions
of the hospitality experience are most relevant to
extract?"). They also acknowledge that "The opti-
mal number of topics is a vague concept, dependent
on a practitioner’s goals and the data under study"

The Ground Truth Subjectivity As noted by
Grimmer et al. (2022), the primary goal of un-
supervised methods is not to reproduce an exist-
ing ground truth, but to enable new interpretations

through exploratory analysis. In our study, we
evaluated only a limited set of predefined topics.
By contrast, Booking.com uses a much more fine-
grained taxonomy with 239 distinct topics to train
a Sentence Transformer in a supervised manner
(Wang et al., 2023a). Nevertheless, unsupervised
Sentence Transformers should not be used to ex-
tract preconceived topics envisioned by experts.
Rather, their goal is to explore embeddings through
visualization (as shown in Figure 6) to assist ex-
perts in defining topic sets, which can then guide
the development of supervised methods or LLM-
based analyses.

Ethical Considerations

Considering the work of Venkit et al. (2023), we
respond to the ethics sheet for sentiment analysis
systems, provided in Appendix C. We acknowledge
potential biases in training data, which may influ-
ence the outputs of our system, and we strive to mit-
igate them through careful dataset selection and a
well-defined application scope. The datasets used
in our study may contain identifiable information;
however, we are not responsible for such content,
as the data is publicly available and originates from
previous research. Generative Al was used solely
for rephrasing, improving grammar, and providing
coding assistance.
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A Additional Experiments

Aspect Category Detection (LEFT) We evaluate aspect extraction using queries constructed solely on
the {aspect} without sentiment words. An ablation study on different values of K is provided in Figure 7
and a model comparison is shown in Table 4.

Aspect Category Sentiment Analysis (Neutral) (RIGHT) We added the NEUTRAL sentiment and
extracted it using queries of the form "okay {aspect}". An ablation study on different values of K is
provided in Figure 7 and a model comparison is shown in Table 4.
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Figure 7: (LEFT) Randomly sampling by sentiment does not show any improvement in topic retrieval, while
SWETT improves or at least does not degrade performance. (RIGHT) We observe results consistent with those
obtained without the neutral sentiment, as described in Section 5.1.

HotelOATS Restl6 Restl4 Avg. HotelOATS Restl6 Restl4  Avg.
General Sentence Embeddings General Sentence Embeddings
all-MiniLM-L6-v2 58.28 6294  80.86 67.36 all-MiniLM-L6-v2 21.05 23.39  31.27 25.24
all-MiniLM-L12-v2 59.87 63.15 81.16 68.06 all-MiniLM-L12-v2 23.42 2495 32.86 27.08
all-mpnet-base-v2 59.16 61.11 80.74  67.00 all-mpnet-base-v2 26.80 29.90  37.17 31.29
E5-small-v2 52.53 50.60 7296 58.70 E5-small-v2 23.81 26.28  37.86 29.32
E5-base-v2 51.66 56.61 7635 61.54 E5-base-v2 24.70 30.05 40.10 31.62
ES5-large-v2 4991 51.55 74.17 58.54 E5-large-v2 24.17 29.18  39.21 30.85
ES5-Mistral-7B-Instruct 59.40 68.31 84.12 70.61 ES5-Mistral-7B-Instruct 23.00 27.53 33.84 28.12
GTE-base-v1.5 55.82 59.17  78.11 6437 GTE-base-v1.5 26.05 3122 42,62 3330
GTE-large-v1.5 57.27 58.53  80.03 65.28 GTE-large-v1.5 27.61 3374 4278 3471
GTE-ModernBERT 54.03 64.60 8249 67.04 GTE-ModernBERT 29.67 36.99 49.06 38.57
ST5-XXL 56.05 58.19  76.14 63.46 ST5-XXL 31.04 36.56 4829 38.63
GTR-T5-XXL 52.57 60.10 7827 63.65 GTR-T5-XXL 22.26 29.21  35.53  29.00
Opinion Mining Sentence Embeddings Opinion Mining Sentence Embeddings
SentiCSE 39.47 35.66 49.23  41.45 SentiCSE 21.07 22.87  30.89 2494
StanceSBERT 44.96 40.26  57.54 47.59 StanceSBERT 24.59 25.03 3396 27.86
Word2Veccgow 62.73 63.18  72.83 66.25 Word2Veccpow 2245 23.64 2859 24.89
Word2Vecsg 60.27 6523 7646 67.32 Word2Vecsg 21.46 2444 2896 2495
FastTextcgow 59.73 55.15 7126 62.05 FastTextcpow 21.54 21.92 26774 2340
FastTextsg 59.93 6140 74.89 65.41 FastTextsg 20.56 24.08 27.82 24.15
TourBERT 29.70 32.13 4486 35.56 TourBERT 12.73 14.67 21.13 16.18
TourMPNet 21.56 2451 3414 2674 TourMPNet 0.08 0.09 1230 4.16
TourCSE K = 10 62.80 66.21 84.54 71.18 TourCSE K = 10 31.02 36.19 4345 36.89
GTE-TourCSE K = 10 58.01 71.34 8546 71.60 GTE-TourCSE K = 10 32.74 4226 5440 43.13

Table 4: (LEFT) TourCSE outperforms both general and opinion mining models. (RIGHT) There is no difference
between TourCSE and both general and opinion mining models.
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B CAt
B.1 Background

Between 2018 and 2020, several studies aimed to improve implicit aspect extraction using neural network
architectures based on Word2Vec features (He et al., 2017; Garcia-Pablos et al., 2018; Luo et al., 2019).
Tulkens and van Cranenburgh (2020) argued that such architectures are unnecessary, showing that relying
solely on Word2Vec embeddings achieve competitive results. Their method is based on two main concepts:

* Incorporating an attention mechanism to assign higher weights to tokens that are more similar to the
most frequent aspect embeddings.

» Computing cosine similarity between the mean weighted token embeddings of a sentence and a
target topic embedding.

Is CAt Outdated? Although improvements in unsupervised implicit aspect extraction have been
reported for pipelines using pseudo-labeling to train transformer-based language models (Nguyen et al.,
2023; Shi et al., 2021), direct comparisons with CAt are not entirely fair. CAt can generalize beyond
annotated aspects in evaluation because Word2Vec embeddings naturally group semantically related
words into thematic clusters (see Figure 3). In contrast, pseudo-labeling pipelines from related work are
over-optimized to extract only the aspects present in the evaluation set. Furthermore, since CAt was not
evaluated using pseudo-labeling, it remains unclear whether these newer pipelines (somewhat complex
and less reproducible) truly outperform a basic Word2 Vec clustering approach.
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Figure 8: Boxplot of token similarities. The top 5 tokens with the highest variance are related to the topic FOOD,
while the bottom 5 tokens exhibit low variance and are not informative for any specific aspect.

Method FOOD STAFF AMBIANCE
ABAE 82.8 75.7 74.0
Mean* 86.2/85.6 669/67.5 71.3/57.4
Softmax* 86.5/88.1 71.1/69.3 68.6/66.4
RBF* 86.2/92.1 67.3/78.8 70.9/76.6
CosineVar 88.4 72.2 76.8
DeBERTany; 89.1 67.8 68.9

Table 5: F1-macro scores on the CitySearch dataset. For Mean, Softmax, and RBF, scores are reported as "ours
/ Tulkens and van Cranenburgh (2020)". Differences may stem from Word2Vec hyperparameter settings and the
candidate aspect sets.

Re-implementation We compare our reimplementation of CAt with the results reported by Tulkens
and van Cranenburgh (2020) and ABAE (He et al., 2017). Additionally, we evaluate a state-of-the-art
Natural Language Inference (NLI) model ° using the template "this review discusses [ASPECT]".

https://huggingface.co/MoritzLaurer/DeBERTa-v3-base-mnli-fever-anli
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We follow the original experimental setup, tuning hyperparameters on the SemEval datasets (Pontiki et al.,
2014, 2016) and evaluating performance on CitySearch (Ganu et al., 2009). Furthermore, we introduce a
novel attention mechanism, CosineVar, detailed in Appendix B.2. As illustrated in Figure 8, the intuition
behind CosineVar is that aspect-relevant tokens, such as mushrooms, tend to have high similarity with their
corresponding candidate aspect (e.g., FOOD) and low similarity with others (e.g., STAFF). In contrast,
non-aspect tokens generally exhibit relatively uniform similarity across all candidate aspect terms. Results
are reported in Table 5. Overall, we find that NLI models do not outperform Word2Vec embeddings
on the topics STAFF and AMBIANCE!?. Furthermore, no single method consistently achieves the best
performance across all aspects. Nevertheless, our proposed Cosine VAR attention mechanism outperforms
our implementations of SoftMax, Mean, and RBF attention. Importantly, CosineVAR requires only the
candidate aspect set as a hyperparameter, unlike RBF, which also depends on tuning a gamma value.

B.2 CosineVar : Algorithm

Given a matrix S € R™*? of sentence token input vectors and a matrix C' € R™*% of candidate aspect
vectors, we first compute the cosine similarity matrix Z € R™*"™, where each entry is:
Zi; = cos(8;,¢j)

For each input vector 3;, we compute the variance of its cosine similarities with all candidate vectors:

var; = Var(Zﬂ, ZZ‘27 RN sz)
The attention weights are then obtained by normalizing these variances:

var;
=S
> ko varg

The final attention vector a« € R'*" reflects the relative variability of each input vector’s similarity to
the candidates.

0%}

B.3 Code

from cat_aspect_extraction import CAt, RBFAttention # for using the model
from reach import Reach # for loading word embeddings

# Load in-domain word embeddings and create a CAt instance
r = Reach.load("path/to/embeddings”, unk_word="UNK")
cat = CAt(r)

# Initialize candidate aspects
candidates = [

"food",

"service",

"ambiance”,

"price”,

"location”,

"experience”

]

for aspect in candidates:
cat.add_candidate(aspect)

# Add topics

cat.add_topic("food”, ["taste”, "flavor”, "quality", "portion"”, "menu"”, "dish”, "cuisine”, "ingredient"])
cat.add_topic("service”, ["staff"”, "waiter”, "waitress”, "service"”, "server"”, "host”, "manager"”, "bartender”])
cat.add_topic("ambiance”, ["atmosphere”, "decor”, "interior”, "design”, "lighting"”, "music”, "noise”, "vibe"])

# Compute topic score

sentence = "The food was great !".split() # tokenize your sentence
cat.get_scores(sentence, attention=RBFAttention())

# Output: [('food', 1), ('service', 0.5), ('ambiance', 0.0)]

10See (Ma et al., 2021; Arakelyan et al., 2024), which empirically show that NLI models are sensitive to slight changes.

16



C Definition of Sentiment

C.1 Misclassifications of General Sentiment Models

Review \Y R-T | DB-N | Mist.L | Stars
The room was fine. pos. | pos. | pos. neu. 4
nothing special, but it was clean, big enough for two and decent private bathroom. | pos. | pos. | pos. neu. 4
I called the front desk to ask for the manager on duty. neu. | neu. | pos. neg. 1
Talk about "fresh" food. neu. | neu. | pos. neg. 2
The location within the emirates mall is very convenient and the movie theater is | neu. | pos. | pos. neu. 4
very close to the hotel.

The service is fine. pos. | pos. | pos. neu. 4
service is friendly... but smell.... oh, boy! neu. | pos. pos. neg. 2
The hotel is located perfectly. pos. | pos. | pos. neu. 4
The restaurant / cafe staff were great and the food was fine. pos. | pos. | pos. neu. 4
At check-in, the staff was polite. neu. | pos. neg. neu. 2
Breakfast by the the beach every morning. neu. | neu. pos. pos. 4

Table 6: V. refers to VADER (Hutto and Gilbert, 2014), R-T to a RoBERTa model trained on Twitter data
(cardiffnlp/twitter-roberta-base-sentiment-latest), DB-N to a DistilBERT model trained on NLI data
(I1xyuan/distilbert-base-multilingual-cased-sentiments-student), and Mistral.L to Mistral Large (using
the prompt from (Zhang et al., 2024)).

C.2 Ethics Sheet
Q1: Whatis the framework and definition of sentiment utilized? We adopt the definition proposed
by Liu (2020):

"A subjective statement, view, attitude, emotion, or appraisal about an entity or an aspect of an
entity from an opinion holder."

Q2: What framework is employed for sentiment analysis in the measurement of sentiment?
Sentiment is modeled using a regression scale (1-5), aligned with user star ratings, and evaluated as a
binary classification: positive or negative.

Q3: Will this study be made available for public use in measuring sentiment in NLP? Yes.

* Q3.1: Is the training dataset publicly available without access restrictions? Yes. All datasets
used for training, visualization, and evaluation are publicly released.

* Q3.2: Is the model algorithm publicly available without access restrictions? Yes. The algorithm
is openly accessible.

Q4: Is this system primarily designed for users outside the field of NLP? Yes. This research is
intended to support transdisciplinary investigation.

QS5: What are the specific use cases for this system? The primary use case is content analysis of
tourism reviews (Lim, 2024). Notably trough embeddings visualization with BERTopic (Grootendorst,
2022). Applications beyond this domain scope may yield misleading interpretations.

Q6: Who are the intended users of this system? The system targets social scientists aiming to analyze
and interpret the meanings conveyed in tourism-related reviews.

Q7: Were tests conducted to identify explicit and implicit biases in sentiment analysis models,
particularly regarding sociodemographic factors? No, such bias evaluations were not performed.
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Q8: Were experts from interdisciplinary fields involved in discussing the use and evaluation of
sentiment analysis models in social applications? Yes, the system is actually used by domain experts. It
is also easier to navigate in embedding visualizations compared to general and opinion mining embeddings.

Q9: Did the study consider potential cultural or contextual variations in sentiment interpretation?
No. Sentiment was treated as directly inferred from the reviewer’s star rating, without accounting for
cultural variation in expression.

Q10: Were any measures implemented to mitigate potential biases in the model? Yes. We used
star ratings as sentiment proxies and trained models on domain-specific data, whose biases are more
interpretable than those of deep learning models (Rogers, 2021).

D Tourism Opinion Mining

In tourism review opinion mining, methods typically rely on lightweight supervised or unsupervised
approaches that prioritize scalability.

D.1 Academia

Similar to Laureate et al. (2023), Mehraliyev et al. (2022) note that scholars predominantly use LDA
(Blei et al., 2003) to analyze tourism reviews due to the lack of available training data. Interestingly,
Sénchez-Franco and Rey-Moreno (2022) extract aspects using BERTopic (Grootendorst, 2022) with
all-MinilLM-L6-v2 to study travelers’ destination choices between coastal and urban locations. Their ap-
proach is motivated by the computational efficiency and interpretability provided by Sentence Transformer
embeddings.

D.2 Industry

Airbnb (Mitcheltree et al., 2018) applies ABAE, a neural topic model based on Word2Vec embeddings (He
et al., 2017), to analyze customer reviews. However, they find that simple k-means clustering with
ABAE does not significantly improve the identification of common aspects, consistent with Hoyle
et al. (2022), who report that neural topic models are less stable and do not consistently outperform
traditional algorithmic methods. Booking.com (Wang et al., 2023a) uses Sentence Transformers trained in
a supervised manner with an annotation scheme based on user search behavior. This approach is motivated
by the desire to avoid reliance on prompt engineering while ensuring scalability.

D.3 Additional Information on Data (Selection, Evaluation, Extraction)

Model Objective Loss Positive Sampling Negative Sampling
SentiCSE Contrastive Sentiment Sentiment
StanceSBERT  Contrastive & Triplet Sentiment & Topic ~ Sentiment & Topic & Filtering
TourCSE InfoNCE Sentiment & Topic Random & In-Batch Filtering

Table 7: Comparison of contrastive learning methods for sentiment-aware sentence embeddings. We report the
loss function and the strategies used for constructing positive and negative pairs. Filtering refers to the use of a
Sentence Transformer to discard sentences based on a similarity threshold. Overall, the creation of the TourCSE
training data is simpler, as it requires only positive samples.
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Topic Pos. Neg. Neu.
LOCATION 1119 48 18
FACILITIES 280 105 18

ROOMS 835 328 42
ROOM AMENITIES 219 110 8
SERVICE 1044 181 16
FOOD & DRINKS 350 82 17

Topic  Pos. Neg. Neu.
AMBIENCE 217 32 17
FOOD 730 213 58
LOCATION 32 1 8
DRINKS 95 17 2
SERVICE 261 269 19

Topic Pos. Neg. Neu.
AMBIENCE 314 112 86
FOOD 1113 260 193
SERVICE 410 252 61
PRICE 212 123 28

Table 8: Distribution of sentiment polarity (positive, negative, neutral) by topic across Hotel OATS (LEFT), Rest16
(MIDDLE), and Rest14 (RIGHT) datasets.
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Top 10 Topics
hotel place stay

night time day

staff people everything
room rooms area

bed bathroom water
nights family days
restaurants walk city
breakfast food restaurant
beach town resort

10. car airport places
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Top 20 Topics
1. room rooms area
2. thing things part
3. bit side someone
4. night time day
5. bathroom water shower
6. people desk front
7. hotel place stay
8. bed beds size
9. everything nothing something
10. trip visit anyone
11. staff kind comfy
12. breakfast food choice
13. restaurants walk city
14. floor noise window
15. end th world
. nights days year
17. book phone reservation
18. luggage card flight
. pillows walls furniture
20. tv towels fridge
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Top 20 Topics
1. room rooms facilities
2. fact stop line
3. hotel place stay
4. bit side someone
5. bed beds size
6. staff kind comfy
7. night time day
8. bathroom water shower
9. walk street road
10. desk front reception
11. nights days year
12. breakfast food choice
13. problem issue problems
14. family friends husband
15. everything nothing something
16. book reservation deal
17. hand help smile
18. city house centre
19. check arrival drink
20. etc style class
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Top 20 Topics
1. room rooms clean
2. hotel place stay
3. bit side someone
4. stop look mind
5. bed beds size
6. night time day
7. walk street road
8. staff kind helpful
9. bathroom shower bath
10. desk front reception
11. breakfast food choice
12. fact line case
13. family friends husband
14. nights days year
15. city centre center
16. guests management guest
17. comfy tidy excellent
18. check arrival drink
19. lobby business work
20. everything nothing something

Top 20 Topics
1. room rooms clean
2. place stay location
3. night time day
4. someone right back
5. bed beds size
6. staff kind helpful
7. bathroom shower bath
8. desk front reception
9. mind think guess
10. family friends husband
11. lobby business work
12. comfy tidy excellent
13. walk distance downtown
14. everything nothing something
15. city centre center
16. nights days year
17. guests management guest
18. trip visit travel
19. food choice selection
20. breakfast buffet breakfasts
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Top 20 Topics
1. room rooms clean
2. place stay location
3. night time day
4. someone right back
5. bed beds size
6. staff kind helpful
7. desk front reception
8. mind think guess
9. bathroom shower bath
10. walk distance downtown
11. everything something anything
12. nights days week
13. problem issue problems
14. hotels inn suites
15. comfy tidy super
16. family friends daughter
17. breakfast buffet breakfasts
18. phone call email
19. husband wife partner
20. shopping market mall

Figure 11: Distribution of extracted topics from HotelRec (Hotel Domain) for different values of K.
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food service place
dishes quality dish
time dinner lunch
chicken steak pizza
restaurant london restaurants
staff waiter waitress
table bar atmosphere
wine drinks price
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10. tapas barcelona seafood
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Top 20 Topics
1. food place menu
2. service order way
3. restaurant london restaurants
4. dinner lunch friends
5. chef kitchen manager
6. time night visit
7. superb tender tasty
8. chicken salad sauce
9. minutes reservation pm
10. table bar area
11. dishes dish choice
12. meat burger beef
13. bread starters plate
14. quality nothing portions
15. staff waiter waitress
16. fish pork lamb
17. atmosphere location music
18. wine drinks glass
19. price prices value
20. show theatre pre

Top 20 Topics
1. food menu meal
2. something bit thing
3. service order lot
4. dinner lunch friends
5. way ones case
6. restaurant london family
7. chicken salad sauce
8. manager owner door
9. minutes pm wait
10. night day evening
11. table tables space
12. time visit times
13. quality nothing presentation
14. staff waiters kind
15. atmosphere location ambience
16. side potatoes vegetables
17. hand smile ask
18. place spot rush
19. fish salmon lobster
20. hotel house part
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Top 20 Topics
1. food menu everything

2. dinner lunch friends

3. something thing things

4. minutes pm wait

5. eat find eating

6. chicken salad soup

7. hand smile ask

8. london family town

9. service none trouble

10. table window seat

11. side potatoes vegetables
12. manager owner attitude
13. door moment welcome
14. time times stay

15. night day evening

16. atmosphere location ambience
17. everyone anyone back
18. ones case disappointment
19. kind helpful efficient

20. superb tasty excellent

Top 20 Topics
1. something thing things
2. food menu everything
3. eat find eating
4. dinner lunch today
5. minutes pm hour
6. service none trouble
7. table window seat
8. time times stay
9. side potatoes vegetables
10. manager owner attitude
11. ones case disappointment
12. fault complaints good
13. atmosphere location ambience
14. salad soup onion
15. anything fact someone
16. kind helpful efficient
17. starters starter mains
18. cheese egg sandwich
19. order lot rest
20. ask request questions

Top 20 Topics
1. food menu everything
2. eat find eating
3. dinner lunch today
4. service none trouble
5. table window seat
6. time times stay
7. manager owner attitude
8. something thing things
9. fault complaints good
10. salad soup onion
11. pm hour hours
12. atmosphere location ambience
13. order lot rest
14. kind helpful efficient
15. anything fact someone
. starters starter mains
. ask request questions
. back return go
. waiter waitress server
20. sauce oil salt
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Figure 12: Distribution of extracted topics from SixTripAdvisor (Restaurant Domain) for different values of K.
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