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Abstract

Transformer and other machine learning algorithms are used to comprehensively evaluate the sat-
isfaction of air passengers, analyze the satisfaction of air passengers with aviation service quality
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and its influencing factors, and predict the level of air satisfaction, so as to provide reference for
improving the quality of aviation services. First of all, through literature research, it is found that
most of the research focuses on the 2015 air passenger satisfaction dataset in the United States. In
order to avoid duplication with existing studies, this study selected a dataset with the same charac-
teristics as the 2015 US dataset and large sample size from the Kaggle platform and combined the
two datasets for a more in-depth analysis. Then, through the existing features, a new feature is con-
structed to add and multiply between two features, and a simple model, LightGBM, is used to com-
pare which new feature processing method is the best. Finally, multiple machine learning models
are compared to determine the optimal model. The results show that Transformer is better than
other algorithms in terms of accuracy and recall, Accuracy: 0.9592, AUC: 0.9604, Precision: 0.9573,
Recall: 0.9604, and F1-score: 0.9586. In the decision-making of satisfaction. Online boarding is an
important factor in aviation service quality satisfaction, and airlines should further strengthen the
training construction in the above aspects.
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BRSO ACSI. ECSI, %R SEM J7i5t BRI LIz AT SSUE AT, BB sbaEn T < B R %
JRE” XA, AR o S A A B BT S AR RS TR AR S R
Xl R R OR[1] . Park £5(2019)i8 FH 2544 J7 R BT VAT AT 1 SRR T2 2 ) SRR Al 55 ks 5 2 PRV A
RT K2R, 45 AR DU IR B (D0 A 2 2 W) IR 559 2 B A Y 35 52 [ 2]« Huang (2023) [8) 1) FH 4544 77
FRAEBL, WA TARBAL 2 A B B = B /K RIS B A iR 5 IR 3G R 2R, W L4 T I AN A 1)
WAVER], X2 2 BRI 7T e 5T A 45350 3] - Shin £5(2024) F1) F 45 14 J5 FEAR R (SEM) P-4 55 05 LR 5
S EREZERRER, QU DLIRRAE 5 WA AR, S AT TR AT e B IR 55 o1 R
M [4]

ML 2827 3047306 28 T AU T 0 32038 2 & .« Gao £ (2021) AN A AL AR 2 3] 7 ik iF 78 R B0 T AR
% JEPEX IS R 2R MR, G LU T R, SAEG BRI TR L, 22 AL, BEAL
ARMRAN SR ) S AL HLAS 2% ) B A e 9 i BE I 70 rp R L LR A T P R, B LR AR LA 95.92% I 4
re LR 26 J 7 [5] - Park 55 (2022) 1 FH VAR BE % 21 T it sk [ A 2 R 2506 i FEBEAT 1 98, DA T 0 4% KNN
CART. RF. i H#2TH(XGBoost) A fz CNN Al CNN K5 13129 4% (CNN-LSTM)7E P [ %2 Fh i 7Y,
DATRIN L e i 5 B o S5 R, IRFE S I RUE R 2 B0 00 AR THLES % 214, Hok CNN-LSTM
R 7 T3 2 T PRI VEE B B TR 2 7 90% [6]. Pranav 25:(2022) FHZ AR 1A . BEMLAR AN P b 4 S5 28
YERNEE 1=, XGBoost 73 K2 AE RS 2 J= I 2H G 53 28 A 1 HE B B s R R UL 2 2 - i S BT . R be i
FEEER ST AR BEALARAR, SRR I HE SRR UMER A B T 96.26% [7]. Noviantoro %5(2022)izH 7 /\F ik
BN S EE: ER. BEFLARAR. GBT. KNN. M2 DUH-r. $UNHgS. B4R H . 2 R4
RIZ 5 ISR LT, TFR IR R TR . 45 R W], VR B2 2 S % i i 95.42% [8].
Jiang 5(2022) W42 H T —Fh I T BEATLAR MR I ARFAE T B (RF-RFE) 5 12 48 [l A (LR) RS 28Y DA AN 4y
WS e R . S NS AR T 48 COVID-19 e ™ EHkaR ~, w3l i o 3% il 45k 1
SRR S, BAMER AR T 96.3% [9]. Song Z5(2024) AT 7T 2 B He At T ASS 26 ke ffe 15 L
R AR AL I B, BT SCER AR (GLM) AR P 22 1) 45 (DNIN) 25 65 FR R JB2 2 > AR
AT R TN, HrEh R IA$] 92.9% [10].

DA SRS Sy S AR T 2 90 23 T FRE e [T 2 R TR0 A 2 e 20 7 P58 7 TR B 4t 1 22 4 FE AR A AR N
(AR, I BB FEN RREAE T2 2 ] B (A 06 T e o5 8 IR 5% R 184 5 a0 5 1 P FRIUR N A AL

AR SCONHT VR EE L T T transformer 503 (1T 2 T 2T R FE A S TIOIASIARY , 75 12 Hh 6 A58 FEE v FRD s
Kz, WA RS IR T W& G R0 A ikgs, 500l F & 7 IK 3 AR 45 VR4l 7
Pio ARWRFR M 2 F PR AEE M IR SS7K P LA R B T SR PR AR
2. BRI EA
2.1. BN

T[] YA AR TRY (1) A FE AR {22 R 4 (Sigmoid B8 KRB £ M 2 A 0 NI SR 2] 0 T 1 22 Ja], AT
P AEAE T3 — 2R AR T . X T45 2 AN RRIE A1 & x, RS 14 AR (2):

1

hy (X) = o 1)

Horp, 0 BRI R, TRRKE.
L1 IENfk, tHFRA Lasso (Least Absolute Shrinkage and Selection Operator), i 7€ 45 2% BB R IR N 2
B EREZ AR AR E A8 . L1 IR B 2083 (2):
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Hrp, n ZRHERECE, o RSEIE 0 5 TR,
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Figure 1. LightGBM schematic
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Figure 2. Technology roadmap
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3. BIEHRRIFMETEE
3.1 HiiEHid
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PRI A X B T 5 RIS, IF AR RAE ARt R, ek PRALEOE &
FFRTTT, WA EENE . DO O s AR R R AL R A F K, OF B AR A B o 4T 0 B, BUE T
fE 0~5 Z 18], FLAR] LU AH 5] 4 FR B AT & 01 . B EAENL L Wi-Fi IR5% . H R/ IA I (] (5 )75 |
FELTTAERIVE . BN OGBS 14 DRSRAL, 32406 7 BRI E VR B 0~5 SN ANEEZL

DOI: 10.12677/mo0s.2025.145443 904 5 1 A


https://doi.org/10.12677/mos.2025.145443
https://www.hanspub.org/journal/paperinformation?paperid=75867#f2

FR, PR

PRIy, ISR AT A R ARSI R AR (RN, ISR TRE AR, dEEES . RR]. MRS
KM, Fa, FEFANTR AT KSR AP R BN E P SR AL P 0 E
BATHERER Sy, AIRSSHFFIE . TRBHRAE . ATFRRHE . W RAFAE . AR IR 55 o 1 4 R ) i85 RE K 4 9 T
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3.2. HiEADt

FEBLSEAETE Y, RAE ) SR AG KOS AN P8 e A AE — S8 e, AR “IEEHE” , S0 B i AE R
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FEIEHAAAER), WUARE, SMORIEACEE. 9B b Ss 727828 R I sAE U R, dhaie & E B HE,
RIAFAE 376 S Hd, BEATMIRS .

A 348 H) pandas H Y dropna 52 BE A G 2R B R, SRR FR 09 0.20% . HT T FAE SRS EEARARAIR,
I K S Bk AR P A BRI AT X B R M AN, T DU B, e 24380 & 233,081 263 RC8#hs, ik 1 s
N T HE A B A IR A 2 ST, 73 SR i 2 A A e o B A 5 FL b S | 5 P A
FRATIRAL MOALEE . TR AT RS, F4oh 0 B 1. it SRt oA HoE R D B O B U8, B
5 1 ZAF 000 ) B ARET B 22 SRR .« R SLERANIHR R R IR A 5 A SR D SR )
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& EATHLES S IR A BRI PPN FIAH SR AT
Table 1. Basic information situation
1 BIRERER

A=) FHIEAH 4 FR Non-Null Hll Ry T

Pre-flight service attributes

il

1 Departure/Arrival_time_convenient 233,081 int64 6
2 Ease_of_Online_booking 233,081 int64 6
3 Gate_location 233,081 int64 6
4 Online_boarding 233,081 int64 6
5 On-board_service 233,081 int64 6
6 Checkin_service 233,081 int64 6
During-flight service attributes
7 Inflight_wifi_service 233,081 int64 6
8 Food_and_drink 233,081 int64 6
9 Seat_comfort 233,081 int64 6
10 Inflight_entertainment 233,081 int64 6
11 Leg_room_service 233,081 int64 6
12 Inflight_service 233,081 int64 6
13 Cleanliness 233,081 int64 6

Post-flight service attributes

DOI: 10.12677/mo0s.2025.145443 905 5 1 A


https://doi.org/10.12677/mos.2025.145443
https://www.hanspub.org/journal/paperinformation?paperid=75867#t1

ER,

R

14 Baggage_handling 233,081 int64 5
Passenger Characteristics

15 Customer_Type 23381 object 2

16 Age 233,081 int64 75

17 Type_of _Travel 233,081 object 2

18 Gender 233,081 object 2
Trip features

19 Class 233,081 object 3

20 Flight_Distance 233,081 int64 3817
Delayed characteristics

21 Departure_Delay_in_Minutes 233,081 float64 131

22 Avrrival_Delay_in_Minutes 233,081 float64 132

23 satisfaction 233,081 object 2
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Figure 3. Feature correlation heatmap
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Figure 4. Hierarchical clustering result chart
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Figure 5. Histogram and kernel density estimation plot for each property
5. BN EMMNES BEMZEE GiTE

3.4. BiEYRHY

FEARBTTLN, X R MERAT T A G BUESR S, DU TS ST A IR AN 734
ARG 2 s, k), HARRAN 0l 11308 14 4, FEARKON 7831 4. X T4l

AR & “Age” . “Flight_Distance” . “Inflight_wifi_service” . “Departure/Arrival_time_convenient”
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AT ZEHEAT G

Table 2. Feature coding correspondence

3 2. FHEMmISIER

B MRAE
1 Gender Male = 0, Female = 1
2 Customer_Type Disloyal Customer = 0, Loyal Customer =1
3 Type_of _Travel Personal Travel = 0, Business travel = 1
4 Class Eco =0, Business = 1, Eco Plus = 2
5 Satisfaction Satisfied = 0, Neutral or Dissatisfied = 1

35. FHEMIE

IRFALE ) 3 A 1 P AR R A SR A3 T B RFAE  — A B2 5 Jdlm S i O A3 HE S AT T SRR RFALE
AT $E TSR 1) SN R T 7 o B e AR AR o Dy e L B R AR e PRSI 5SS AN, AR TR
RAEAE ST i, SRR TR T AT 22 AN SR RF AL EAT 1 A 8] (B I3 S5 Rk 4L 65, 3R 462 ASHTRFAE . e,
INETHH - A AL (8] A AV W [RI RO, SRR T F 2 AR R VE SR TR 2R, DA S AR 52 2 i At
X RIERE

MR AR FET795, TR TORORE, PRI I SR S RE AT, A R e R 5, 4
TR IZATIN (8], AT R 2 ST RCR o M I B T R 55die TR b AT RS AR IE 36
B GRB PR LT RMRFAE . TORBFAEMER, MR L4 HPERE . ASCRAIPIR L, ST L1
LML R EZ R R IR, ARG S B AR R 9 R TURRHE, 53— A5 M Wrapper (18T
WL, MEICHE SR P i A i EEA RS AL

3.6. ¥FEfFIE

1% A5 (Logistic Regression) & —Fi T AT S INLAS 2% 21 500 L1 IR L S8 48 [m] 9 452 5
SETEALGUE IR AR (A b, R FERUR R BRI LY TE DU TSk SE AR R f E AR, B ki A,
&, I AR IAT R B . I IR A5 3] 359 ML

Table 3. Comparison of two modeling results of the LightGBM algorithm
7% 3. LightGBM BUARI A MZRRLE RIJEL

75 1 HRFE SR 777 2 BRHIESE
Accuracy 96.01% 95.92%
AUC 96.12% 96.04%
Precision 95.84% 95.73%
Recall 96.12% 96.04%
F1-score 95.96% 95.86%

WL 57 o) A 2 S URFAE e B0 1 PP A R AE 5B R Ik B O RE M SR TR I RFAE P 4 T ) b 2 He
ME R ZEENERHEE S MR, BAEEETERIM— ML, JFERFIZREA . TP TERE
—IBEHEARNE AL, BN G RER L RE AN E . HEWRIF LM, W Esox
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BE BB PRI T AN B . HARATE T REE IERRIE A & 800, 8T I AT AL F4EPERE, M LLIE )R
KT, BB BE R RE T 5. @ i% 77 A R A5 B 206 NMRFAE -

NT MR R R TR R I RRAE S, AR SC LA LightGBM RERUAE A i [ L AR Y, ¢ iR
INEBR BN PN N1, 7557328455, ] Accuracy. AUC. Precision. Recall. F1-score %
PR FEARAT LG I £ T A R R IR, LR 3,

SEEG R LR R E SR R S e, RS T L R .

4. BESTHYE

ARSI TE AR A 2 7 3 54T D Bl R T 3R 2 XA IR B e A A 55 A2 i, JF HLAR il
SRR L (B 475 S AR R (I M) 3 ) X 3 2k s S MR, AT DA 3fe 25 1) e N PEAR IR 55 7 R $RTHIT
NEIIR G R . AN T AU R SR AR JE AT Ll i, BIDRE )\ R SR TS (0 45 A AT Xt
et

4.1. RoBIEE

ASAEH scikit-learn 2 HL train test split() ek £ BEA LR 73 2955, 80%I1 & dE ISk I 2R, 20%0) %k
PSR . Hod, UIZREEAE 186,465 44503, MIRAELE 46,616 255Uk .

4.2. MgIEREES

TENLER 720, BSECERRIGRET R AN LROEN S, BEVMERACR . A i R
HEEE, KIS HORR R CEE . MR E ST, @il s € S8 & FHREINE,
W iRas REGL 2 R, (HIFE SRS . ASCRH B IRAHNE . Jeifiik SR, 1L B Z
oo WV VG, B0 40/ 2B E RRAE, PLPERScR SR .

N LA GBDT BiEAl, RS IERE, HAL-CMERES PR S IR, FOREER.

GBDT HiEHIZH 045 boosting HEZLZEAIGS 73 K282 4. boosting HE 4L 2% 75 L 15 1) S 3 %
H: nestimators. learningrate H1 subsample. 5573253 75 2217 (2 HA1: maxdepth. min samples split 1
min samples leaf.

BRI RINT

H—, UAEARIREL, nestimators 15 B B Y5 [ J9[150, 300), K4 10. 4 learning rate & & N —
ANME/INFIE 0.1, max features W E A “sqrt” , EE PR R, BB ERMRAE Y 240.

%20, At max_depth F1 min_samples_split, %I HUE 5 51 1% B 8[3, 16), K 2, @il
JHiXEeAE, 1585 {E N max depth = 10, min samples split = 800.

=00, BT R S B AT R B /NEEASE min samples split AT 5 /D FEASEL min samples leaf
ZIAAEAE SRR, AT B HR A AL X NS5, i kR, 531 H A E N min samples split =
1200, min samples leaf = 80,

FVUE, Pt max features 244, SLik B H [HEHIN[10, 22), KA 2, HBAEMEN 10,

FP, Ak subsample 245, HERMER 1, BIAVERFRFE, EHMELRGS DN, st inee 44
G2, TR ERRE ) 0.8,

7SN, AT DI IR S AR I RRE AR I MR A B AL iz AL e 77, RIEY learning rate = 0.05,
n_estimators = 580, {H% ] AR IT /).

zd Eid RSP R)E, GBDT HiEM S PN RIMEINE 4 PR,
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Table 4. The GBDT algorithm predicts the result after parameter tuning
4. HBER GBDT B ATUMLER

RAEELD Bl
Accuracy 96.71%
AUC 96.62%
Precision 95.94%
Recall 96.52%
F1-score 96.23%

4.3. REMESHLLS

M B AL R 5 i SRR R AR, B 22 DN FAR &, 1 A EARR BT B, R0 B k98
FILHATIZ, RN GBDT HATH I, S245R)E, SWEHHRHMER GBDT Sik#ATXI T,
SR 5 PR

Table 5. Comparison of the original feature set and the constructed new feature set results

5. RIBHHER MR R ERE R XL

PR RS JEIRRHIELR o2 BT RFAIE
Accuracy 94.69% 96.71%
AUC 94.22% 96.62%
Precision 92.62% 95.94%
Recall 93.82% 96.52%
F1-score 94.17% 96.23%

ATLVE R, JRIARHEEIHT @RS B AR . K%, AUC A, Recall DL F1 score #Ik T 1%
FIBTRFIE SR, 10 IH A SO et R & AT AT 1, 30 3 o AR A0 A4 38 AR S8 6 9045 B R i e R E 4 LU R
UERFIE SR PR ILGE 71, v DU R v Sy I TS A2 AL BE 7 o

Table 6. Comparison of prediction results of eight models
6. \MREFUNLERITEE

Accuracy Precision AUC Recall F1-score
DT (RS 0.9591 0.9651 0.9572 0.9423 0.9525
RF (FEHLARAR) 0.9654 0.9594 0.9562 0.9452 0.9623
GBDT (£ ST T 5 ) 0.9675 0.9544 0.9531 0.9411 0.9392
SVM (LR &A1) 0.9562 0.9455 0.9442 0.9383 0.9318
LR (B4 [a14) 0.9374 0.9364 0.9354 0.9310 0.9303
KNN (K 348 51%) 0.9172 0.9163 0.9157 0.9076 0.9117
NB (Fh3 D) 0.9475 0.9474 0.9454 0.9403 0.9425
Transformer 0.9719 0.9734 0.9669 0.9589 0.9638

AISCAERHERS LEAS B ARG, FRHICMAT )\ Rl o S REREAT 145 RELEL, 3% 6 R4 M4 2
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SRS RBTPN PRI R, BRI, MR, A%, Fl-score L AUC . ATLURIL, 7EiX/\
Rl a5 ] R T e 2 i S PN AS Rrb, Br 7 KNN A2 [EE,  HAd S i R H#7E 95%
L F, Hodb Transformer 5095 O #ERfR 28 RS 22 . F1-score DA Az AUC {8 J2& B A A 2 v i i 1), 49 310 24 09719,
0.9834. 0.9669. 0.9489. 0.9638, M LT, GBDT #l RF R 5, IR ] MfaEtk,
fEGE IR R SVM Al NB BRI 2%, LR A KNN FXTEES, W RE SEHRIFES S EOAM A K. RIERM
R, ARSUMT AW SR TN A R AT e, nlE 6 R

1
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—— DTSR RFBEHLARHK GBDTHEEZHRT IS
—— SVMZFFREN  —— LRIZHE[ES —— KNN K453k
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Figure 6. Eight model predictions compared to line charts
6. I\ MEBEITNEE RXTEL 7 2k B

AHBEHUAR AR SRR UG R T L EV R, 2RI 7 R, WRE N, A FARHEE, &E
FVRAER L 8L, UGN Wi-Fi lRS5, FIAMNEERSEFIGIE . 1Rt e i i BE IR REm o BUAOR, 1531
XANRFIEAS e i ) LA i . AEZ S UL L Wi-Fil AR S5 AESEE Semie 7 Ky Ae ik 55 i) B 244
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Figure 7. Random forests rank the importance of the original features
7. BEHLARMSS RIBHFER EE MR
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" AT LR BRI N PR SERY, DA B ik, SRRl R AT R LM %, AT LA
LA R TR N 2% IR S5 HOBLAG 28 AR T A TR 408, AR DLk AR B S &R
IR SR Bl IO M LA B8 A A B 305 1A R A o SR T DASIEINS 3fe e 5 SR ARG HE R 7 AT B e R i
[ I 34 RE i T aS  W] RIS AT 2808

2o EENUIRSS OO R AT ) i R BE R 3R . BB (LR s, XM SE R S AL 7 AOE
ZRERIRE E K. WU AT R R, RSy g LRSSV &, JTAE 2 & aefb DhRg
REETHH A5G

B0 AT SRR, WU A T 5 B E 2 AR ST N . — O T A R S, R
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