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[Abstract]

The COVID-19 pandemic has significantly impacted the aviation industry, leading to worldwide

changes in travel restrictions and security measures. This study analyzes 59,818 reviews of 147 airlines
from the SKYTRAX website between 2016 and 2023 to understand the changes in airline service
satisfaction before and after the pandemic. Using sentiment analysis, the study compares overall
satisfaction, review sentiment, and attributes influencing satisfaction. The results show a statistically
significant (p<0.001) decrease in overall satisfaction post-COVID-19, with reduced positive sentiment and
increased negative sentiment for all airline selection attributes, except cabin and in-flight services. Flight
operation services had the most significant impact on overall satisfaction during both periods. This
quantitative analysis of global major airlines' satisfaction attributes before and after COVID-19

contributes to enhancing future service satisfaction in the airline industry.
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I. Introduction
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II. Preliminaries

1. Airline selection attributes

&dolet Aol Ad 78 ¥ F39 E4S ulsiy
[11], 27RE0] /FEo|y MU|AS FLofS T AH|RFSC] L
o o350l ARl JFS A= 2903 A= &/do]2t
SH}{12]. 5715 o] 8soh= 1S 7l19] /d&ko] T2t
oj2] Aol 52 F7t 715 F5A /4452 vluoiy
HAMS AEsA Eoi{13]. 1750 &7 AR opeel,
NREE|HA 57] o] 87850 el 472 178 JAIS ¢
st o= 1 Fa/do] 5kl QIri{14]. A=A
Toll A FEAL AE /02 TS R =t A
ETTAE A &7d3) 71/du], 7Hdd], Rjo]& o= It o
& A AH15]o M= ZIUiME| A, FAF MBlA, 53
AH|AQ] 37 Qolo] =EE|Qlon, U] Au|& FTAF A
Bl £7Jo] o] & ol& oJArAAuo n]A]= YT A 16]
ol A= ZIUiAfE]| A, QF, of|of W M| A, & AH|A,
714, 0rde]x] o=, F5AF oJulx] 5 77 QQlo= A=
£/ oIt E5F oA AE /0 18 oFE F
A AH17IoIM = 7THAE| A, 58 Ad] A, of|oF Au|A
71 178 gEEo] S7gARl 3k UJR|R|gE, 7FAME| A= F

y
o3t ol G 202 WIslGTh W 29 AP



Sentiment Analysis of Airline Satisfaction Using Social Big Data: A Pre- and Post-COVID-19 Comparison 203

BAT A 440] 5958 AT White(1994]3]9] 17
oA FIUpme] Al o] vls) A5t Aﬂﬂv @ g
O]KJ Skl 9
T o
A8, S8 210) 29 4 £28 TE SIS
/\‘]% H]/E)P_Q. O:]3H7HQ] el

© S =, 2w Tlo St}
FAISIROM, 418 oel7e ZREQ) g0l Ak 24 v
3l 23 AAIEY ARl EHE o H5H Ajzsh=
7102 e & AtolM = AeA{8][301E EH=
of9H(reservation), YH(ticketing), ©544(boarding

process), 4~5F2(baggage), 7|jA"d(cabin), 7]UjAE] A
(in-flight services), =& A{H]~(operational services),
A (branding)?] 871X Q0107 SHTALS
ct.

‘ﬂ‘.‘vo}—‘—x}

2 o

2. Sentiment analysis
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III. Methods

1. Data
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Table 1. Airline selection attributes and contents

Attributes Contents

Convenient flight schedules with
connections, direct flight options, varied
booking channels, booking process
efficiency, easy modifications and
cancellations, reservation staff cordiality,
and extensive online and social media
information

Airfare levels, ease of use, accuracy, and
efficiency of payment methods for airfares,
diversity in payment options, incidental
charges, and the courteousness of ticketing
agents

Check-in efficiency, diverse methods,
process convenience, staff friendliness,
preferred seating allocation, and boarding
lounge amenities

Baggage processing speed and accuracy,
free and excess baggage policies, and
efficient lost/damaged luggage resolution
Seat comfort, cabin interior and hygiene,
onboard luggage storage, aisle space, and
in-flight service amenities

In-flight dining and special meals,
entertainment and reading materials,
events, broadcast services, attentive and
friendly cabin crew service, and duty-free
offerings

Flight safety and sanitation, aircraft models
and age, punctuality, cancellation and delay
policies, compensation liability, and efficient
handling of disruptions

Airline branding, marketing initiatives,
loyalty programs, and strategic
partnerships (hotel and car rental
connection)

Reservation

Ticketing

Boarding
process

Baggage

Cabin

In-flight
services

Operational
services

Branding
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IV. Results

1. Overall ratings pre and post COVID-19
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Fig. 1. Boxplot of Overall Ratings Pre and Post COVID-19
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Table 2. Results of proportion z-test pre and post COVID-19

. Positive response rate Negative response rate
Attributes
pre post z p-value pre post z p-value
Reservation 4.72% 3.34% 7.91 <0.001 22.08% 38.40% 7.91 <0.001
Ticketing 7.29% 3.26% 19.70 <0.001 20.60% 31.40% 19.70 <0.001
Boarding process 9.56% 5.05% 19.11 <0.001 23.79% 28.45% 19.11 <0.001
Baggage 4.34% 2.72% 9.77 <0.001 21.75% 28.64% 9.77 <0.001
Cabin 26.51% 11.36% 42.61 <0.001 23.72% 17.82% -42.61 <0.001
In-flight services 28.46% 12.00% 45.18 <0.001 19.14% 15.45% -45.18 <0.001
Operational services 31.55% 16.19% 40.23 <0.001 59.15% 78.16% 40.23 <0.001
Branding 12.31% 6.32% 22.73 <0.001 12.74% 14.63% 22.73 <0.001
90
80 [ Pre-COVID-19 Positive Rate %
70 Post-COVID-19 Positive Rate
® Pre-COVID-19 Negative Rate é
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= 50
- §
; 7
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7 2
10 , § § 7 I I%
4 sz é %ﬁ . [ o 7 @ % g g
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Fig. 2. Comparison of review sentiment analysis results pre and post COVID-19
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3. Attributes influencing airline satisfaction
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|' | ! |
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Fig. 3. Time series split of pre and post COVID-19

Table 3. Performance measures of CatBoost

regression models

Item Pre-COVID-19 Post-COVID-19
RMSE 1.324 1.287

R? 0.848 0.825
MAE 0.984 0.845

COVID-19 %} & E|AE HoJE] AEof tigh wH=
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0.84591 710 2 HrtejQict. &, 1~10% Afo] Mu]A ThE
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V2 e R 02 veson, sl 7y

Pre-COVID-19 Post-COVID-19
Flight I 40.2 Flight I ¢ ¢
Cabin I 17.2 Cabin I 5.4
In-Flight T 15.6 In-Flight T— 5.1
Reservation [N 7.2 Reservation M 6.3
Marketing WM 5.6 Boarding W 4.7
Baggage WM 4.8 Baggage I 45
Boarding WM 4.2 Marketing W 3.7
Ticketing N 4.2 Ticketing I 3.6
o 10 2 30 4 s o 1 20 3 4 50 e
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Fig. 4. Feature importance of CatBoost regression models of pre and post COVID-19
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V. Conclusions
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