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Abstract Results

Online reviews carry two signals: a star rating and written text. Sentiment analysis
widely treats the rating as a proxy for the text's sentiment, but whether the two ac- Rating given as Stars
tually agree is rarely tested. This study measures sentiment-rating incongruence - Positive Neutral Negative
disagreement between text sentiment and the sentiment implied by the star rating - in
Sri Lankan tourism reviews.
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Using 16,156 reviews (2010-2023) and a transformer-based sentiment pipeline that
infers text sentiment independently of the rating, we find incongruence in 18.6% of
reviews, organized into six directional patterns dominated by Conservative Rater and
Obligatory 5-Star behavior.
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Statistical testing, Logistic Regression, Random Forest, and SHAP identify venue type,
reviewer expertise, review length, and time as drivers of this divergence, with effects
that hold after multiple-testing correction and multicollinearity checks. Star ratings
are not interchangeable with textual sentiment, and should be validated before use
as ground-truth NLP labels.
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Figure 2. Distribution of the six directional incongruence patterns (n=3,005 incongruent
reviews).

Project Objectives

Prevalence & Taxonomy

= 18.6% of all 16,156 reviews (3,005) are incongruent - roughly 1 in 5.

= Conservative Rater (38.4%) + Obligatory 5-Star (28.3%) = 66.7% of mismatches:
structured, not random.

= Frustrated Neutral (16.9%) + Polite Inflator (7.3%): negative text paired with

. . . o non-negative ratings in 24.2% of mismatches - the direction that matters most for
= |dentify which reviewer, venue, and temporal factors predict incongruence, and downstream label noise, since it silently inflates apparent satisfaction.
quantify effect sizes.

" |nfer text sentiment independently of ratings, avoiding the circularity of using ratings
to validate ratings.

= Classify mismatches into a six-pattern directional taxonomy rather than a binary
match/mismatch flag.

" Harsh Deflator (5.3%) and Punitive Rater (3.7%) are rare: reviewers almost never rate
harsher than their text reads, so the noise this dataset produces is directionally biased
toward inflated sentiment, not symmetric.

= Determine whether star ratings are safe to use as ground-truth sentiment labels in NLP
pipelines.

Table 3. Bivariate screening with BH-FDR correction

Related Work

= Ratings are widely assumed to track text sentiment [1], a convention still applied Predictor Test Raw D q-value Retained
without validation in tourism NLP, concentrated on hotels and restaurants [2, 3].
Empirical evidence on rating-text alignment is mixed [4, 5]. . Reviewer Tier X2(3)285-99 159% 1018 7.94%10~18 4
= Prior Sri Lankan vv.ork 16, 7] uses |e>§|con—based meﬁho.ds and treats mismatch as an R Province X2<7):49-1O 2 17 % 10—8 3.62 X 10—8 /
error to correct, without testing which factors predict it. T v v Wh 11 10 Y
" Gap: we use transformer-based inference, a directional taxonomy, and multivariable ra\{e car ann-= w!tney 7.75x10 1.93%10
modeling to frame incongruence as a weak-label reliability problem in NLP, not a Review Length \/ann—\/\/ﬂltney 0.0011 0.0014 v
correction task. Review Delay Mann-Whitney 0.7503 0.7503 X
MethOdOlOgy Venue & Reviewer Effects
= Venue matters: x?(10) = 125.85, p < 0.001, but effect size is modest (Cramer’s V =
1. Dataset: 16,156 English reviews, 11 attraction types, 2010-2023 [8]. Source columns 0.088) - venue shifts the odds, it does not determine the outcome. Museums highest
in Table 1. (26.3%), National Parks lowest (12.8%); Museums vs. Parks Adjusted OR = 2.386, with

similarly elevated odds for beaches, inland waterbodies, zoological gardens, and

7. Preprocessing: ratings grouped as Negative (1-2%) / Neutral (3x) / Positive (4-5x); waterfalls.

review length, review delay, province/district, and reviewer tier engineered.

3. Sentiment inference: four transformer models evaluated on 1,000 hand-labeled
reviews (700/300 split); see Table 2 in Experiments.

/L Incongruence flag: disagreement between predicted Sentiment and Rating Class — .
six-category Pattern variable.

5. Explanatory modeling: bivariate tests (BH-FDR corrected for 5 predictors) — Logistic .
Regression + Logit — Random Forest — SHAP. Predictors used to build Incongruent
were excluded from the model to avoid leakage.

" Experts are 1.97 x more likely than novices to produce incongruent reviews:;
Conservative Rater rises from 27.4% (novice) to 40.4% (expert) — experienced
reviewers may reserve top ratings for exceptional cases while still writing positively.

Incongruent reviews run longer at the median (296 vs. 279 characters), suggesting
more descriptive text is where nuance gets lost in the numeric score.

Review delay is not significant in bivariate screening (¢ = 0.7503), yet shows a weak
negative association in the full logit model (OR = 0.960) - a reminder that bivariate and
multivariable results can diverge once other predictors are held constant, and that
timing plays a secondary role at best.

Table 1. Source columns used in analysis

26.3%

Feature Description

Location Used to derive province and district

Location_Type Type of attraction (museum, beach etc.) S

User_Contributions Total reviews posted by the reviewer §

Travel Date Date of visit; used to derive travel year Y e o
Published_Date Date of review posting; used to derive review delay ] oo

Rating Star rating used to create Rating_Class e [ 5
Title Review title; combined with text for sentiment inference D e
Text Review body; used for sentiment and review length

Figure 3. Incongruence rate by venue type.
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multicollinearity.

| | = Predictive power is real but modest (AUC 0.58-0.61): the observed features explain
Figure 1. Overview of the proposed methodology. part of the pattern, but most of the variance in any single review’s incongruence
remains unexplained by venue, reviewer tier, or timing alone.

" Practical implication: star ratings should not be used as ground-truth sentiment labels
: without venue-/reviewer-aware validation, calling into question prior low-resource
Experlments sentiment work that derives labels from ratings alone [10, 11].

= Robustness: SHAP and logit rankings agree on the top predictors, giving cross-method

Sentiment Model Selection (test set, n = 300) convergence rather than a single-model artifact; the six-pattern taxonomy itself is a
reusable framework independent of which predictive model is applied to it.
Table 2. Sentiment model performance (test set, n = 300) = Limitation: sentiment labels rely on a single pretrained model evaluated on only 1,000

hand-labeled reviews, with model selection performed directly on the 300-review test
set and no held-out validation split - some flagged "incongruence” may reflect model
Model Acc. Mac. F1 Wt. F1 Decision error rather than reviewer behavior. Future work: alternative sentiment baselines
(VADER, TextBlob) and a dedicated validation split.
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