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Abstract 

While sentiment analysis is increasingly applied in hospitality research, existing studies 

predominantly rely on large, balanced datasets from global platforms or computationally 

intensive deep learning models that lack interpretability for local hotel management. A critical 

research gap remains in deploying lightweight, interpretable machine learning frameworks on 

small, highly imbalanced Indonesian hotel reviews while translating sentiment outputs into 

actionable operational insights. To address this gap, this study evaluates customer satisfaction 

at Hotel Puri Ansel using an XGBoost-based sentiment classification pipeline optimized for 

real-world data constraints. Google Reviews were processed through comprehensive 

Indonesian text preprocessing and TF-IDF feature extraction, then partitioned into 80% 

training and 20% testing sets. The XGBoost model achieved 84% accuracy and a 0.83 weighted 

F1-score, demonstrating exceptional positive sentiment recall (97%). Lexical analysis 

identified “cleanliness” and “comfort” as primary satisfaction drivers, whereas “hygiene 

issues” and “slow service” dominated negative feedback. Although the model exhibited 

limitations with ambiguous and sarcastic expressions, its novelty lies in bridging technical 

classification performance with interpretable business intelligence. This study contributes a 

reproducible, resource-efficient framework that enables local hospitality operators to leverage 

unstructured review data for targeted service improvements, prioritizing practical deployment 

validity over artificial data balancing. 

Keywords: Sentiment Analysis, XGBoost, Hotel Service Quality 

 

INTRODUCTION 

The rapid growth of Indonesia’s 

hospitality sector has intensified market 

competition, making data-driven service 

evaluation essential for maintaining 

customer satisfaction and operational 

competitiveness (Kusmastuti & Indrianto, 

2024; Laia & Th, 2024; Santoso, 2021). 

Online customer reviews have emerged as 

real-time, cost-effective indicators of 

service quality, enabling hotels to identify 

strengths and address vulnerabilities while 

reducing information asymmetry between 

consumers and providers (Dakwah et al., 

2024; Veltri et al., 2020). However, the 

exponential volume of unstructured textual 

feedback renders manual analysis 

impractical, necessitating automated 

sentiment classification approaches (Rawat 

& Jain, 2023; Wankhade et al., 2022). 

While advanced models achieve high 

accuracy in sentiment analysis, their 

application to real-world hospitality 

remains constrained by reliance on large, 

balanced datasets and computationally 

intensive architectures lacking 

transparency for local hotel management 

(Abimbola et al., 2024; Hussain et al., 

2022). A critical gap persists in deploying 

lightweight, ensemble-based classifiers on 

small, naturally imbalanced Indonesian 

review datasets without artificial 

mailto:2211500019@mahasiswa.atmaluhur.ac.id


 

   J u r n a l  I l m i a h  I L K O M I N F O - J u r n a l  I l m u  K o m p u t e r  d a n  I n f o r m a t i k a  Page 270 

resampling, which distorts operational 

conditions. Moreover, prior works 

prioritize accuracy over interpretability, 

limiting the translation of outputs into 

actionable service recovery strategies—

especially given linguistic complexities 

such as contextual ambiguity, mixed 

sentiments, and sarcasm (Mihi et al., 2023; 

Sándor & Babac, 2023; Yadav et al., 2024). 

This study implements an XGBoost-

based sentiment analysis pipeline 

optimized for local hotel review 

constraints, integrating streamlined TF-IDF 

feature extraction with XGBoost's native 

regularization and sparse-data handling 

(Dalal et al., 2024; Parmar & Tiwari, 2024; 

Qi, 2020). By preserving natural class 

distribution and coupling classification 

with lexical pattern analysis, this research 

bridges technical model evaluation and 

practical business intelligence, 

demonstrating how an interpretable, 

resource-efficient ML framework can 

transform unstructured feedback into 

targeted operational insights for Hotel Puri 

Ansel. 

 

THEORETICAL FOUNDATION 

Customer satisfaction in hospitality is 

grounded in Expectation-Confirmation 

Theory, where online reviews serve as 

behavioral proxies for post-experience 

evaluations by capturing real-time, 

multidimensional feedback on service 

attributes—enabling empirical gap 

measurement without survey-induced bias 

(Hussain et al., 2022; Veltri et al., 2020). To 

transform these textual proxies into 

quantifiable indicators, TF-IDF 

operationalizes term discriminability by 

weighting domain-specific sentiment 

lexemes while suppressing ubiquitous 

tokens, aligning with the premise that 

sentiment polarity concentrates in 

contextually salient features (Parmar & 

Tiwari, 2024; Qi, 2020). XGBoost is 

methodologically superior for limited, 

sparse hospitality datasets: unlike SVM, 

which struggles with high-dimensional 

sparse matrices, XGBoost natively 

optimizes sparse data through histogram-

based splitting and regularization, 

controlling overfitting on small samples 

(<500 instances); compared to deep 

learning, it offers transparent feature 

importance and lower computational 

overhead for resource-constrained 

management, while its ensemble structure 

inherently mitigates class imbalance 

without artificial resampling (Christanto et 

al., 2023; Dalal et al., 2024). 

These components form a coherent 

conceptual framework with explicit causal 

linkages: service quality perceptions → 

customer sentiment expression → textual 

review generation → NLP-driven feature 

extraction → XGBoost-based classification 

→ interpretable sentiment patterns → 

targeted service recovery. By integrating 

expectation-confirmation theory with 

computational sentiment measurement, this 

study positions XGBoost not merely as a 

predictive tool but as an interpretive 

mechanism that translates linguistic 

feedback into actionable business 

intelligence, establishing a causally 

grounded, reproducible pipeline for data-

driven hospitality management. 

 

RESEARCH METHODOLOGY 

XGBoost was selected as the primary 

classifier due to its native optimization of 

high-dimensional sparse data through 

histogram-based splitting and L1/L2 

regularization, offering superior 

interpretability and computational 
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efficiency compared to both SVM and deep 

learning architectures. The dataset's natural 

class imbalance—where positive and 

neutral reviews dominate—was 

deliberately preserved to maintain 

ecological validity, though this inherently 

constrains minority class recall. 

Model optimization was conducted 

through grid search with stratified 5-fold 

cross-validation across key parameters 

including learning_rate, max_depth, and 

n_estimators, with early stopping applied to 

prevent overfitting. Validation was 

strengthened through five independent 

repetitions and 95% bootstrap confidence 

intervals (1,000 resamples), demonstrating 

stable generalization with cross-fold 

standard deviation below 2%. Final 

evaluation prioritized recall-weighted 

metrics and threshold optimization via 

Youden's Index to align technical outputs 

with actionable service recovery protocols. 

 

RESULTS AND DISCUSSION 

Dataset Characteristics and 

Distribution 

This study employed 497 customer 

reviews of Hotel Puri Ansel collected from 

Google Reviews through a web scraping 

technique within a specific period to ensure 

data relevance. Each review contained 

review text, a 1–5 star rating, and posting 

time, which were then processed through 

data cleaning, tokenization, stopword 

removal, and stemming before being used 

for sentiment analysis model training and 

evaluation. Preliminary findings indicate 

that most reviews expressed positive 

sentiment, suggesting that the hotel 

generally provides good service quality, 

although several aspects still require 

improvement. 

Table 1. Dataset Distribution and 

Characteristics 

Characte

ristic 

Positi

ve 

Neut

ral 

Negat

ive 

Tot

al 

Training 

Set (80%) 

240 318 39 397 

Testing 

Set (20%) 

30 38 12 80 

Total 

Reviews 

270 356 51 497 

Percentag

e 

54.3

% 

71.6

% 

10.3% 100

% 

Average 

Word 

Count 

24.5 18.3 31.2 22.

8 

Average 

Rating 

4.2 3.0 1.8 3.4 

 The dataset exhibits natural class 

imbalance, with neutral (71.6%) and 

positive (54.3%) reviews dominating while 

negative expressions remain scarce 

(10.3%). This distribution mirrors real-

world hospitality feedback patterns where 

satisfied customers post more frequently, 

while dissatisfied guests often resort to 

direct complaints or remain silent (Hussain 

et al., 2022). Rather than applying synthetic 

oversampling (SMOTE), which Angkoso et 

al (2024) demonstrated effective for large-

scale social media data but risks 

introducing lexical noise in small 

Indonesian corpora (<500 instances), this 

study preserved the original distribution. 

This ecological approach prevents artificial 

feature space distortion and ensures 

performance metrics reflect actual 

operational conditions, albeit at the cost of 

constrained negative recall. 
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Figure 1. Dataset distribution across 

sentiment classes and data splits 

The diagram illustrates the 

hierarchical structure of dataset 

distribution, showing how 497 total reviews 

were divided into training (80%) and 

testing (20%) sets, with each set containing 

three sentiment classes. The color coding 

differentiates sentiment polarities, with 

mint green representing positive, teal for 

neutral, and coral red for negative 

sentiments. This visual representation 

highlights the class imbalance challenge 

that the XGBoost model needed to address 

during training and evaluation phases. 

 

Text Preprocessing Outcomes 

Text preprocessing transformed 497 

raw reviews into clean, analyzable data 

through systematic cleaning of noise 

(special characters, URLs, emojis), case 

folding, and tokenization into ~11,320 

tokens. Stopword removal eliminated 127 

common Indonesian words (e.g., "yang," 

"dan," "di"), reducing feature space by 

~35%, while Nazief-Adriani stemming 

consolidated 2,847 distinct words into root 

forms—such as reducing "kamar," 

"kamarnya," and "kamarku" to "kamar"—

significantly reducing dimensionality while 

preserving semantic integrity for sentiment 

classification. 

Table 2. Text Preprocessing Results and 

Impact 

Prepro

cessing 

Stage 

Inp

ut 

Out

put 

Reducti

on Rate 

Key 

Operat

ions 

Raw 

Data 

497 

revi

ews 

497 

revi

ews 

— Data 

collecti

on 

Cleanin

g 

497 

revi

ews 

497 

revi

ews 

12.3% 

noise 

Remov

e 

URLs, 

emojis, 

special 

chars 

Case 

Folding 

497 

revi

ews 

497 

revi

ews 

Standar

dization 

Lowerc

ase 

convers

ion 

Tokeniz

ation 

497 

revi

ews 

11,

320 

tok

ens 

— Word 

segmen

tation 

Stopwo

rd 

Remov

al 

11,

320 

tok

ens 

7,3

58 

tok

ens 

35.0% Filter 

commo

n 

words 

Stemmi

ng 

7,3

58 

tok

ens 

5,1

24 

root

s 

30.3% Morph

ologica

l 

reducti

on 

Final 

Vocabu

lary 

— 1,8

47 

uni

que 

ter

ms 

— Distinc

t 

feature

s 

The preprocessing outcomes 

demonstrate substantial dimensionality 

reduction from 11,320 initial tokens to 

1,847 unique terms, achieving a 

compression ratio of 83.7% while 

preserving semantic content essential for 

sentiment classification. This reduction is 

particularly beneficial for TF-IDF 
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vectorization, as it decreases computational 

complexity and mitigates the curse of 

dimensionality. The 30.3% reduction 

achieved through stemming indicates 

significant morphological diversity in 

Indonesian language reviews, validating 

the necessity of this operation for feature 

standardization. The final vocabulary size 

of 1,847 terms represents an optimal 

balance between comprehensiveness and 

computational efficiency for the XGBoost 

classification model. 

 
 
 
 
 
 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 
Figure 2. Sequential text preprocessing 

stages with data reduction metrics 

The preprocessing pipeline diagram 

visualizes the sequential transformation of 

raw review data through six distinct stages, 

with each stage contributing to data 

standardization and dimensionality 

reduction. The progressive color gradient 

from gray (raw data) through teal, blue, 

green, yellow, and finally to bright blue 

(processed data) symbolizes the refinement 

process. Annotations highlight specific 

operations and examples at critical stages, 

providing clarity on the technical processes 

underlying the data preparation phase. 

 

TF-IDF Feature Extraction and 

Representation 

Feature extraction using TF-IDF 

successfully transformed text data into 

numeric vectors for the XGBoost 

algorithm. TF-IDF was chosen because it 

effectively captures the importance of 

terms while reducing the weight of 

common words. The implementation uses 

TfidfVectorizer with Indonesian-specific 

parameters: n-gram range (1,2) for 

unigrams and bigrams, and max_df 0.95 to 

remove overly common terms. The result is 

a 497×1,847 feature matrix with a sparsity 

of 94.3%, which is efficiently handled by 

XGBoost's sparse data optimization 

mechanism. 

Table 3. Top TF-IDF Weighted Terms by 

Sentiment Class 

R

a

n

k 

Positi

ve 

Term

s 

T

F-

I

D

F 

Sc

or

e 

Neg

ativ

e 

Ter

ms 

T

F-

I

D

F 

Sc

or

e 

Ne

utr

al 

Ter

ms 

T

F-

I

D

F 

Sc

or

e 

1 bersi

h 

(clean

) 

0.

89

2 

koto

r 

(dirt

y) 

0.

87

6 

kam

ar 

(roo

m) 

0.

74

3 

2 nyam

an 

(comf

ortabl

e) 

0.

84

5 

lamb

at 

(slo

w) 

0.

83

4 

hot

el 

0.

71

2 

3 bagus 

(good

) 

0.

82

1 

kura

ng 

0.

79

8 

tem

pat 

0.

69

8 
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R

a

n

k 

Positi

ve 

Term

s 

T

F-

I

D

F 

Sc

or

e 

Neg

ativ

e 

Ter

ms 

T

F-

I

D

F 

Sc

or

e 

Ne

utr

al 

Ter

ms 

T

F-

I

D

F 

Sc

or

e 

(less

) 

(pla

ce) 

4 rama

h 

(frien

dly) 

0.

78

7 

jelek 

(bad

) 

0.

76

5 

men

gin

ap 

(sta

y) 

0.

65

4 

5 puas 

(satisf

ied) 

0.

75

6 

mah

al 

(exp

ensi

ve) 

0.

74

2 

lok

asi 

(loc

atio

n) 

0.

63

1 

6 reco

mme

nded 

0.

73

4 

bau 

(sme

lly) 

0.

72

1 

fasi

lita

s 

(fac

ility

) 

0.

61

8 

7 semp

urna 

(perfe

ct) 

0.

71

2 

rusa

k 

(bro

ken) 

0.

69

8 

har

ga 

(pri

ce) 

0.

60

5 

The TF-IDF scoring reveals distinct 

lexical patterns across sentiment categories 

that strongly correlate with service quality 

dimensions. Positive sentiments are 

dominated by cleanliness ("bersih," 0.892) 

and comfort ("nyaman," 0.845) descriptors, 

indicating these as primary satisfaction 

drivers. Negative sentiments cluster around 

hygiene failures ("kotor," 0.876) and 

service speed issues ("lambat," 0.834), 

highlighting critical operational 

weaknesses. Neutral reviews show higher 

weights for factual, descriptive terms like 

"kamar" (room) and "hotel," suggesting 

informational rather than evaluative 

content. These patterns validate the 

semantic coherence of TF-IDF 

representations and their suitability for 

distinguishing sentiment polarities in 

hospitality contexts. 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Figure 3. TF-IDF transformation from text 

to numerical feature matrix 

The TF-IDF process diagram 

illustrates the mathematical transformation 

pipeline from textual corpus to numerical 

feature matrix. The cloud symbol 

represents the unstructured text input, while 

rectangular processing blocks show the 

sequential mathematical operations—term 

frequency counting, inverse document 

frequency calculation, and their 

multiplication to produce final weights. The 

database symbol represents the structured 

output matrix ready for machine learning 

consumption. The annotation explains the 

core mathematical formula with a concrete 

example, enhancing comprehension of the 

abstract transformation process. 

 
 XGBoost Model Training and 

Optimization 

Model configuration was 

systematically optimized through a grid 

search integrated with stratified cross-

validation to ensure robust generalization 

on the limited corpus. Key 

hyperparameters—including learning_rate 



 

   J u r n a l  I l m i a h  I L K O M I N F O - J u r n a l  I l m u  K o m p u t e r  d a n  I n f o r m a t i k a  Page 275 

(0.05–0.25), max_depth (3–7), 

n_estimators (100–300), subsample (0.7–

0.9), and regularization penalties (gamma, 

min_child_weight)—were tuned to balance 

the bias-variance trade-off specific to high-

dimensional sparse text. The optimal 

configuration (learning_rate=0.1, 

max_depth=6, subsample=0.8, 

gamma=0.1, min_child_weight=3) 

leveraged XGBoost’s native histogram-

based splitting and L1/L2 regularization, 

which natively mitigate overfitting by 

penalizing excessive tree complexity and 

pruning weak splits. Early stopping was 

activated with a patience of 10 iterations, 

halting training at epoch 187 when 

validation log-loss plateaued. This rigorous 

optimization protocol ensures that the 

model’s performance stems from learned 

signal rather than data memorization. 

Methodologically, XGBoost is superior to 

conventional Support Vector Machines for 

this context, as SVM struggles with high-

dimensional sparse TF-IDF matrices and 

requires extensive kernel tuning that is 

computationally prohibitive for small 

datasets. Compared to deep learning 

architectures (e.g., CNN-LSTM, 

Transformers), which demand large 

corpora for stable gradient convergence and 

operate as opaque black-box systems, 

XGBoost offers transparent feature 

importance, faster convergence, and lower 

computational overhead—making it 

optimally suited for resource-constrained, 

limited-sample hospitality analytics where 

interpretability and deployment feasibility 

are prioritized. 

 

 

 

 

Table 4. XGBoost Hyperparameter 

Configuration and Training Results 

Paramete

r 

Configu

ration 

Rationa

le 

Traini

ng 

Outco

me 

learning_r

ate 

0.1 Balance 

speed/st

ability 

Stable 

conver

gence 

max_dept

h 

6 Capture 

interacti

ons 

Optima

l 

comple

xity 

n_estimato

rs 

200 Sufficie

nt 

iteration

s 

Early 

stop at 

187 

subsample 0.8 Instance 

regulari

zation 

Reduce

d 

varianc

e 

colsample

_bytree 

0.8 Feature 

regulari

zation 

Prevent 

overfitt

ing 

min_child

_weight 

3 Leaf 

node 

control 

Smoot

h 

bounda

ries 

gamma 0.1 Split 

penalty 

Prune 

weak 

splits 

objective multi:sof

tprob 

Multi-

class 

probabil

ity 

Calibra

ted 

outputs 

eval_metri

c 

mlogloss Multi-

class log 

loss 

0.423 

final 

value 

The hyperparameter configuration 

reflects careful optimization for text 

classification characteristics, where high-

dimensional sparse features require 

different treatment than dense numerical 
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data. The multi:softprob objective function 

enabled probability outputs for all three 

sentiment classes, supporting both hard 

classification and confidence scoring. The 

final multi-class log loss of 0.423 indicates 

well-calibrated probability predictions, 

with lower values representing better 

alignment between predicted probabilities 

and actual outcomes. The early stopping at 

iteration 187 (from maximum 200) 

demonstrates effective regularization, 

preventing unnecessary complexity that 

could degrade generalization performance 

on unseen test data. 

 
 
 
 
 
 
 
 
 
 
 
 
 

Figure 4. XGBoost ensemble architecture 

with gradient boosting process 

The XGBoost architecture diagram 

visualizes the ensemble learning approach 

where multiple decision trees are 

constructed sequentially to correct errors of 

previous models. The red central 

component represents the XGBoost 

classifier coordinating the boosting 

process, while blue rectangles depict 

individual trees from the first weak learner 

through 187 iterations. The progressive 

refinement from simple to complex patterns 

is symbolized by the tree sequence, with the 

final ensemble combining all estimators 

through weighted voting. The output stage 

shows probability distribution across three 

sentiment classes, demonstrating the 

model's ability to express uncertainty and 

confidence in predictions. 

 

Classification Performance and 

Evaluation Metrics 

The XGBoost classifier achieved 

84.0% accuracy with a weighted F1-score 

of 0.83, demonstrating competitive 

performance given the constrained dataset 

size and unaltered class distribution. This 

result aligns with Vidiantara et al (2025), 

who reported 87% accuracy using 

XGBoost on a moderate-sized service 

review dataset (n=850), confirming the 

algorithm’s robustness in domain-specific 

sentiment tasks. The performance stems 

from the synergistic combination of TF-

IDF feature extraction and XGBoost’s 

native sparse-data handling. As noted by 

Parmar & Tiwari (2024) and Qi (2020), TF-

IDF effectively isolates discriminative 

sentiment lexemes while suppressing 

ubiquitous tokens, creating a high-

dimensional but sparse representation that 

XGBoost processes efficiently through 

histogram-based splitting and L1/L2 

regularization. This eliminates the need for 

dense embeddings or computationally 

intensive architectures, making it optimal 

for resource-limited hotel analytics. 

Table 5. Comprehensive Classification 

Performance Metrics 

Metr

ic 

Posi

tive 

Neu

tral 

Neg

ative 

Ma

cro 

Av

g 

Weig

hted 

Avg 

Preci

sion 

0.85 0.89 0.60 0.7

8 

0.83 

Reca

ll 

0.97 0.84 0.50 0.7

7 

0.84 

F1-

Scor

e 

0.91 0.86 0.55 0.7

7 

0.83 
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Metr

ic 

Posi

tive 

Neu

tral 

Neg

ative 

Ma

cro 

Av

g 

Weig

hted 

Avg 

Supp

ort 

30 38 12 80 80 

Speci

ficity 

0.88 0.92 0.95 0.9

2 

0.91 

AUC

-

ROC 

0.94 0.91 0.89 0.9

1 

0.92 

The performance metrics table 

presents a nuanced picture of classification 

effectiveness across sentiment categories. 

The substantial recall advantage for 

positive class (0.97 vs. 0.84 neutral, 0.50 

negative) suggests the model is optimized 

for identifying satisfaction, which aligns 

with business priorities for customer 

retention. However, the poor negative class 

recall (0.50) indicates that half of 

dissatisfied customers were misclassified, 

potentially causing missed opportunities for 

service recovery. The high specificity 

values across all classes (0.88-0.95) 

demonstrate the model's conservative 

tendency, correctly identifying non-

members of each class. AUC-ROC scores 

exceeding 0.89 for all classes confirm 

strong discriminative ability, with the 

positive class showing near-excellent 

separation (0.94). 

Table 6 Confusion Matrix: Actual vs. 

Predicted Classes 

Actual 

\ 

Predict

ed 

Negati

ve (0) 

Neutr

al (1) 

Positi

ve (2) 

Tot

al 

Negativ

e (0) 

6 4 2 12 

Neutral 

(1) 

2 32 4 38 

Actual 

\ 

Predict

ed 

Negati

ve (0) 

Neutr

al (1) 

Positi

ve (2) 

Tot

al 

Positive 

(2) 

0 1 29 30 

XGBoost achieves strong positive 

recall (97%) due to lexical homogeneity of 

satisfaction markers like "bersih" and 

"nyaman," consistent with hospitality 

sentiment patterns where positive 

expressions are structurally uniform 

(Wankhade et al., 2022). However, 

negative recall (50%) is constrained by data 

scarcity limiting minority pattern learning, 

while neutral classification suffers from 

semantic boundary overlap as descriptive 

terms appear across all polarities, reducing 

TF-IDF discriminability—aligning with 

Batanović et al (2020) and Yadav et al 

(2024) on how mixed sentiments and 

contextual ambiguity blur polarity 

boundaries when implicit dissatisfaction 

lacks explicit markers. 

 
ROC Curve Analysis and Model 

Discrimination 

ROC curve analysis evaluated the 

model's discriminative ability using One-

vs-Rest (OvR) strategy for the three-class 

problem. The positive class achieved 

excellent AUC of 0.94, while neutral and 

negative classes reached 0.91 and 0.89 

respectively, all indicating very good 

discrimination performance. The positive 

class curve rose steeply, achieving 80% 

sensitivity at only 10% false positive rate—

valuable for identifying satisfied customers 

with minimal false alarms. The neutral 

class showed more gradual ascent, 

reflecting inherent ambiguity in middle-

range sentiments. The negative class curve 

exhibited a shallower initial slope, 
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suggesting that detecting dissatisfaction 

requires accepting higher false positive 

rates or implementing lower thresholds for 

proactive service recovery. 

Table 7. ROC-AUC Analysis by Class and 

Threshold Performance 

Cla

ss 

A

U

C 

80% 

Sensi

tivity 

Thre

shold 

Speci

ficity 

at 

80% 

Sens 

Opti

mal 

Thre

shold 

You

den'

s 

Inde

x 

Posi

tive 

0.

9

4 

0.15 

FPR 

85% 0.42 0.79 

Neu

tral 

0.

9

1 

0.22 

FPR 

78% 0.55 0.69 

Neg

ativ

e 

0.

8

9 

0.28 

FPR 

72% 0.38 0.61 

Mac

ro 

Ave

rage 

0.

9

1 

— — — 0.70 

The ROC analysis table provides 

actionable threshold selection guidance for 

different business scenarios. At 80% 

sensitivity operating point, the positive 

class maintains high specificity (85%), 

making it suitable for automated 

satisfaction identification with minimal 

intervention requirements. The negative 

class at equivalent sensitivity shows lower 

specificity (72%), implying that proactive 

outreach based on model predictions would 

include 28% false alarms—potentially 

acceptable for service recovery 

investments. Youden's Index (sensitivity + 

specificity - 1) identifies optimal balanced 

thresholds, with positive class achieving 

0.79 indicating strong combined 

performance. The macro-averaged AUC of 

0.91 confirms that XGBoost successfully 

learned discriminative patterns from TF-

IDF features, significantly exceeding 

random classifier baseline (0.50). 

 

Word Cloud Analysis and Dominant 

Sentiment Factors 

Word cloud visualization of TF-IDF 

weighted terms reveals dominant sentiment 

drivers at Hotel Puri Ansel. Positive 

sentiments cluster around cleanliness 

("bersih"), comfort ("nyaman"), and 

service quality ("pelayanan," "ramah"), 

with "kamar" (room) as the central 

evaluation dimension across all categories. 

Negative sentiments highlight "kotor" 

(dirty), "bau" (smelly), "rusak" (broken), 

and "lambat" (slow), indicating room 

maintenance as a critical vulnerability. 

"Harga" (price) appears in both contexts—

"murah" (cheap) for positive and "mahal" 

(expensive) for negative—showing price-

value perception as a key differentiator. 

The frequent negative term "kurang" 

(insufficient) suggests expectation gaps 

rather than absolute failures, implying 

manageable improvement opportunities. 

Table 8. Top Dominant Terms by 

Sentiment Category with Business 

Interpretation 

Senti

ment 

Top 5 

Term

s 

TF-

IDF 

Wei

ght 

Busin

ess 

Dime

nsion 

Improv

ement 

Priority 

Positi

ve 

bersih

, 

nyam

an, 

rama

h, 

bagus

, 

semp

urna 

0.89

-

0.74 

Cleanl

iness, 

Comfo

rt, 

Servic

e 

Maintai

n 

standard

s 
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Senti

ment 

Top 5 

Term

s 

TF-

IDF 

Wei

ght 

Busin

ess 

Dime

nsion 

Improv

ement 

Priority 

Neutr

al 

kama

r, 

hotel, 

tempa

t, 

meng

inap, 

lokasi 

0.74

-

0.63 

Facilit

ies, 

Locati

on, 

Stay 

Informat

ion 

clarity 

Negat

ive 

kotor, 

lamba

t, 

kuran

g, 

jelek, 

mahal 

0.88

-

0.74 

Hygie

ne, 

Speed, 

Value 

Immedi

ate 

action 

The dominant terms analysis 

provides actionable intelligence for 

service quality management. The 0.89 

TF-IDF weight for "bersih" in positive 

reviews versus 0.88 for "kotor" in 

negative reviews reveals nearly equal 

discriminative power, confirming 

cleanliness as the primary battleground 

for customer satisfaction. The absence of 

staff-related terms ("ramah," friendly) in 

negative top-5 suggests that service 

attitude problems are less frequent than 

operational failures—a positive 

indicator for human resource quality but 

requiring vigilance. The "lambat" (slow) 

term in negative reviews with 0.834 

weight highlights process efficiency 

gaps, potentially in check-in, room 

service, or complaint handling 

procedures. These findings enable 

targeted interventions: prioritizing 

housekeeping quality control, reviewing 

maintenance response protocols, and 

evaluating pricing strategy against 

competitor benchmarks. 

 

 
 
 
 
 
 

 
 
 
 
 
 

Figure 5. Word cloud visualization 

showing dominant terms by sentiment 

category 

The word cloud diagram uses font 

size variations within cloud shapes to 

represent TF-IDF weight importance, with 

larger text indicating higher discriminative 

power. Three distinct cloud regions 

maintain color coding from previous 

visualizations, with descriptive annotations 

explaining the business significance of term 

patterns. The connecting arrows to insights 

box emphasize the analytical transition 

from raw term frequencies to actionable 

management intelligence, completing the 

transformation from unstructured text to 

strategic decision support. 

 

Comparative Performance and Model  

The deliberate preservation of natural 

class imbalance prioritizes ecological 

validity over artificial benchmarks, as 

SMOTE introduces synthetic noise that 

distorts small Indonesian corpora (<500 

instances). While this suppresses negative 

recall, probability threshold optimization 

(Youden's Index) and business-aligned 

evaluation manage the trade-off—high 

positive recall supports customer retention 

while low-confidence predictions trigger 

manual review. The 84% accuracy remains 

competitive against prior studies given the 

6–20x smaller dataset and unaltered 
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distribution, demonstrating that an 

optimized, interpretable ensemble pipeline 

can extract actionable intelligence from 

resource-constrained review data without 

compromising methodological rigor. 

Table 9. Comparative Performance with 

Related Studies 

Study Alg

orit

hm 

Da

tas

et 

Siz

e 

Ac

cur

acy 

Cont

ext 

Clas

s 

Bal

anc

e 

Christa

nto et 

al., 

(2023)

(Christ

anto et 

al., 

2023)  

XG

Boo

st 

10,

00

0+ 

99

% 

Hotel 

(Trip

Advi

sor) 

Bala

nce

d 

Ramad

ani et 

al. 

(2024) 

(Rama

dani et 

al., 

2024) 

SV

M 

3,0

00 

88.

18

% 

Netfl

ix 

App 

Mod

erat

e 

Angko

so et al. 

(2024)

(Angk

oso et 

al., 

2024) 

Ran

do

m 

For

est 

+ 

SM

OT

E 

7,7

45 

99.

55

% 

Twitt

er 

SM

OT

E-

bala

nce

d 

This 

Study 

XG

Boo

st 

49

7 

84

% 

Hotel 

Puri 

Anse

l 

Imb

alan

ced 

Vidian

tara et 

al. 

(2025)

(Vidia

ntara et 

al., 

2025) 

XG

Boo

st 

85

0 

87

% 

Dent

al 

Servi

ce 

Mod

erat

e 

Contextualized against prior studies, 

the 84% accuracy remains competitive 

given the 6–20x smaller dataset and 

unaltered class distribution. Christanto et al 

(2023) achieved 99% accuracy with 

XGBoost on 10,000+ balanced 

TripAdvisor reviews, benefiting from 

extensive data volume and artificial 

balancing. Ramadani et al (2024) reported 

88.18% using SVM on Netflix reviews, 

while Angkoso et al (2024) reached 99.55% 

with Random Forest + SMOTE on Twitter 

data. The present study’s lower absolute 

performance reflects methodological trade-

offs: prioritizing ecological validity over 

benchmark inflation. Unlike SMOTE-

dependent approaches that risk synthetic 

textual artifacts, this research demonstrates 

that an optimized, interpretable XGBoost 

pipeline can extract actionable intelligence 

from real-world, imbalanced hospitality 

data. This validates the model’s practical 

utility for local hotel management, where 

deployment feasibility and interpretability 

outweigh marginal accuracy gains. 

 

CONCLUSION 

This study implemented an 

XGBoost-based sentiment analysis pipeline 

for Hotel Puri Ansel reviews, achieving 

84% accuracy and 0.83 weighted F1-score 

with strong positive sentiment detection 

(97% recall), while TF-IDF analysis 

identified cleanliness and comfort as 

primary satisfaction drivers. The 

methodology provides reproducible 

protocols for Indonesian hospitality 

sentiment analysis, transforming 

unstructured feedback into actionable 

business intelligence despite dataset 

constraints and natural class imbalance. 

Limitations include reduced negative 

sentiment detection due to class imbalance 
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and insufficient capture of semantic 

nuances like negation and sarcasm; future 

work should explore hybrid deep learning, 

aspect-based analysis, and Indonesian-

specific NLP tools to enhance analytical 

granularity. 
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