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1.0 S

20174E5 H 23 HE( 27 H > &K (Google) Firiff 85y AlphaGo A T & EFE K > ¥JF
R EHGER S — AN > BUS =8 5UEkaE - 720t ATEENERB K A2
BREFUNBIEER: - 25 ATHEMasE  HEET - IE THRESEE  Cads
SHZ B VE S IHIW)P FER] (Google Developers 2017) » ZA1 » A T ZATEH R &&TE
o AR E T 2 RS R R A L BT E A -

AW EZEH Y BRI R F S A0 TR B g E s TR
HIEREMEAVR S EEE R - AHSUITAEE F ATMBESE A 2&7FH " BIHATEEETEYE
HE o MR 20197 A 1 HEI2019 48 A 31 H = AKFE £ i (i 73 5 =R -
(1) PAF A EIRI A 205 F & 15 52 s R 2y 48 8R - BRat & a8 i a2 e N L8 ik
Qo anfef s e s BAEETIVEER /31 (Data Analytics) ZSHEE {ERRTE (Capstone Courses) »
DU &t B AV i Al - ) IS ERREstEdl > sRIAE—ERR AT - tRasE
BUT ARSI G TR EERZHIRCR - A LRSI i Bh B (2R S FEAR SR B2 R L
ARRE A TR » ARSI A ~ B i P A SRR B -

ASCEEREAIT 56 2 B redkes R E B e G at 2 EM ¢ 56 3 iR F AR 2 404k
R o MRREHE B ATk R S T B IR © 5 4 B R A AT G e E R T T
{E AR Es SRR - SREAATRR B TIVEORDA LR T - STam P RV A B AR
AR 5 R B I S B B R R P BT RCR, - 1% » 56 5 ENARAEAIH TR S (3R AE
T U R R R Rl Z B3k - Mt ER g Rt RS AR E A T R AN TR 2R
SR o RO > ARRET SR AR A IR BIELR AN ST T -

2. SCRKERST

2.1 BEZR SRR

AT #HE: (Artificial Intelligence) ~ 232237 (Machine Learning) ~ ZE% 235 (Deep Learn-
ing) BASCh =(E T AHRARI RV E 445w - REGER - SRR E R A TEE  MxEE
R Ry - A\ TEEATRVEERRE - NSRS ET R E T DL

Pas SR A& 3T AN

MRS ER AT DI 2R 4y By B 223 (Supervised Learning) B1IEEZEY {28 (Unsupervised Learning) »
Hi ANEFER S E R PR AT (Label) o B =52 E 2B B [E R4S T A(E (Input) DL AT
e el By A (BB > IR > 4335 (Classification) K2 [df (Regression) s HAYT-F¢ « FFEE
B AEEANEAE R 4a TR A B A 4a TR IS T o sERE M A E iR A AR A 2
MEAG > 57BE (Clustering) RIE 32 (B A —ERTT o AZER P ayies S sm 2 g B =0 -
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KRS EEST N BB —aEBY SR AREAA LR SRATBRRERY S HET ZBR

BREATLEE RS2 EARERE LT S s e By = (2 BRis fe R B0 e -

(1) FHE sy
DIEBERIGRME G R > SHETEREAY (x, y) BRME > I ZRERE—(Eek# f(x) = a «
x + b B A x FrEElAvE L f(x) fy #y72 5680 Ny - B0 > JREFTUEREER

MEfx)=axx+bo

(2) FHE S R E el
[FIBE DASR MR B 5 R ] > BRI S ek BV o £(x) RIELE y Y Z2BE RO NISE - — K
it BPIEA R/ NP - & E By fx) By By 53 > Eate [E ke ey

(3) Tt F e E

Fi7E 58 el BT R R A e B E 1% 0 IV EB R AETA A BE A A
o FATREM IR —(E R I - EREERE > EZBERLT - FFa B nm
AR - RIS AEPEREIEE " RArrIei, - Ree@iiEinn s e s —(E54
SFERREL -

eSS E v UG —(E= e By ie - s EATfa e T LUEG R —a &k
RERVERRE - HE&GE A - EfREELE —(EE L -

AR E SRS E TR EES  BEEEAES PR (JRRIFE R
SRR ) o SR R e B - N H AT S B R e BB AR - 3 B — BRI
RS EIRT N — ik SRR -

MGt EAR RS - DIATEE BAVERAE RG> et ¥ A Bk E AR
TEHIERL o AHEHEAK - e E R HAREAAE - DB BsmERM - BRE
AN R T — B R BV RS G IR EA FE RIS SRS A EAR H - WAL
HERVERER - FRIREEET  MITERERVESF > LR B -

MBS > R E AR BB N ERE LBk BRSSO S B S i S
HIRLE - B0 - SEE N B EEET S (35 - WiES ) HETZ 52 DN E &s
FHE AR - &R ER > A T KENA SR BV e A B HEMIHEERE - it
R > RMTEiRE BB ES RE R RS > BRI AR N BRVASRIT Ry (EHAESTEUR
FIERRNT - BEYHETZ ER N RER H AR - T2 B0 EEDARIR S - B
TG E BBV A AR S EHEEDL - B0 SAEaEES (Neural Network) B R
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TGRS ERIRTER > T ERHEEDA [ I ARAK (Random Forest)] - RIfEREHH
fitr o HH T

B R E SISV A E R - AR A T (A R ] DU R 2 B i
o HER T BRI R R R B M RV BCR L RENE: - TR B R R E R AR
HIFAINGE S - [N - (F RS ERBE R RS - NS B TR A 1 8
TR RMN N R HIETER > BB T LT - DU AR EE (Data Pipeline) T
TAE -

2.2 BREREEE @R TIER]

HAE &t S - ©F /D eSS 2 E e Fl 1 (F7)F 2017 5 2845
2020 5 E 4t 2020) o LA S SZEL B B > Guo, Shi and Tu F1| A 1% 25 22 3 o A S5 1 48 4 %
(Neural Network) fRAIERFR S HYTEME CifE ~ BEEE gt NS B R EE T E
B ) - Bl AL A S o s R R S IS4 - IR R E BRI HEEEL > 4H (2016, 153-
170) - Li and Wang FI| & &E 1A BRI FC BSE SRIURI G AETE - e 8 L AR A
TE Rt s 2 B AR B A > A AT B | i A SR ZE 1B E (2018, 1-20) - Ding, Kexing,
Baruch Lev, Xuan Peng, Ting Sun, and Miklos A. Vasarhelyi {5 ] {R [z 2850 f5 & 5T BLE S
Eil - R RO As B BRI ST T AR AR R ET U705 - SRR R M R AL - T
3 5 T B T AL B S e R SR A €6 (2020, 1098-1134) © Li, Bin, Julia Yu, Jie Zhang, Bin
Ke, and Boa Yang | FI7ENT # - i25 i Era T B Pl BRI B B RE O e B2 Rl R YL (R SR 3Ry
TR G T SRR S SRR Ry i (o S A 51 4R s PR TR (2020, 199-235)
Siano and Wysocki HI7 i {25 223 g #2223 (Transfer Learning) FY 77772 » S HRATYK
BERMEIISIEA - it HER RN EBHEREL - BEAEAR SRR EERIIEL T
TS LUEE - BER e R EARERE B 1] LI SREHEEIRY TR (2020, 217-244) -

DU SO R B B Y - sRITIENA NS (8 N g SRE Sy - REWEEF
AR - (5 B3 N RAYERET I AHERS - AEMERREY /R (2019) » EILSRT TR S5
SEER > MASETES T KRBT PR - S FIR R T R iR E AR
FURKTL - [E41 > Faggella f5H1 » KPMG &aElisFBrEEH AHATEE T E——KPMG
Ignite » BEEAFHFTAATERRECEIR - WAIFIESEE | B 248 S i BB R - B
PGSR EEAEER - FEE GRS o WA DME R g et BRI ~ TRERAYK
1% (2020) -

HEESGER - BEREMAREER - HH¥IAMEE R - FE—EREI A RHE
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KRS EEST N BB —aEBY SR AREAA LR SRATBRRERY S HET ZBR

BAFREBEENERERE - g 28 o] ISR A e 5k - A TS BRARHIEE
HE o MEZNGRTIREE R E RN RS Ao B RAAE -

3. F 28w R B & 5 B 5 ) el 57 5
3.1 BF9EE siA

ST o F S ST BI AN POE A ST A ST A T i
TFTAEAZ BB LRI - BE R A% - F AT — K TS HE VT #R
REEEE B S  Br AR LR R - AT — S N R
EHTIAG « (AN TEE RS - F AT SEROREEESHRI T 62% - [
BED T 65% HIAJTERT « SN ZEEALAE F A TIRIAE NG | — EL R -
SRS PT35S PRV BT 47% » 3P DL Z SRR AR B RS » 15 RS PR EET 60% -
L] F 25 B TR SR K S AT MRS S B UM DB 2
B MRS » e R ERET RIS T BAEECR (25T 2020) - THEAIA
TS TT AR IR IE & 2 » SiREReR 1B 19% - 3 FLIE S IRahE A%
BR 12 FEHY 12 15 GBI -

kg 7 SIS E PR B S E HE R E B 2 (B F A EI B 8 AAEREEC T LA
(BALM G R AR THE HUASR > AT e R0 R S AU BT o ARHSE h AL ([ e 3 TR _ LAV E
R -

() ZH &I &R

HIR SRR - B SHVCE A FEEIBBEFERERE - RESHPIABEZ
BN S HE @ EREGCEEETE > RGTERAREFEERAIR - A > F &
FAEFNERESER B TESE > BT RRESH BB > RESFEIEES
st AB - BT ARt Rl s B et R nEToN - e T — SR NIBH S -

) FRE R g TR

PR ZEMEZSN 0 FAREAN S HEEBFREAENSHTSHE - GEREER
f5 - WEEBRIRES - BEFHR S NILFHZE BRI H RERE - 8
% FAE R THERIBLE ZHVE B REHERE B AR AR PEGT 7 —& TPRAX
P& ) 25 - FalHY PR ANPE 240 BEB S RENITE > BRaH S E R B ovE A s - 5
FERCHIE AN B HYRIER et H AV BRIy 2500 FRARA - e B B AL /S IE R
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HEREE PR HPIA R R S EVETRIE - 280 - £ 7T RSH H s R - 8B
DU TR D5 AR HE G B L B T8 R R - PR e A e R LRI R %R
YRR IRATIECRIE LS T S IR -

HEZAF A EM BRI A S AN L AR ER RS LG H AV IEREN - Ems 8t
HERY > BN ENBIERLARFERARNE - 2B E R EMEEES
BT RHETT - 2RI - AL A eie ESIRVFERRE IR H 08 e EEUBHRENIER
2~ EHURRAVSE AR R B AR ER -

DU/ (8 st B3R - BRI SR - HREAREARRIE &R - RIS
GEBE R E AR - Y F A B EE B HRGE2EEANERE - HEFE
MBS R i R B B R

3.2 B
T T TER IS A F R > BB R R LRSS ] - B > FAH
HITEER A 2 S(EAE S E F RS THIL B H B e T - AT « sy
Z E A - BEFERITSR « SRR A BE A S GBI B e A e
BT E BN  F AT A KPS A S RE L T RORE F e A -
TEBIRA MR > i > F A B SR Gt E AN S TRmAr A 2 SHEEE (—fir
BB SE T AR EIES > S B K TUEIER ) SE4NAT /48R R E (AE 1 FIR) - WA

B
&

®1 FAREREEBAIRER

A B R ]

HRGREIOME KSR LU TR B A R T BAna R ara e H A0

PR B ST BT S U S BB DR B L0

- TSR A (FIIERIAEST - SSERESI TN, - MRS b
PRI B AT - e

B g igﬁ;ftéﬂ%%ﬁﬂﬁ% EEAEEE - $20E F QRIS TR AR

AL &R S DS ER A K P S U ot e i Y 5

FO 7 BRLELA PR EORAR A - B LR S B O
s G (R A B SR E R AR EE - IERERE 90%
ACERHT R R 2 e T [ A

SHEPE ] 45 5 AT DU AR 4 5 5 BB G PR A B 5 18
S AT - TTEFEHEHES ~ SRME TR % 5 i BB A A ST+ 4% 5 LA

B ETFIEAD 3 AT - 5550 - AR G FEIERETE R TR 1 10%
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WA RER BHE —aEFBRARER AT SRR TERERE G BE BT

& - HArAFIRYHEE - MEREN - stEE - BUErER - TRIANER - BEET7E
WEERRH B BEEE - BEEFHNESEFAIENGT R2L AR ES T
i CHYELLLR TR - F AEI S — (SR BRI BAU(E B2 e
BEAEA PGB R AN LB - SRR AHERE DT L IR
HEss T -

Bedh > {EBFEHIR A G (PTG E B AR AT (1R BB A Buddy)
i1 Buddy € R BFATACH LB B AR LURORSE - 645 F B ) B Sk - AETTE T
SEHYS S EF > Buddy GBI BB EVH BP0 A BGEARE I - 10
BaREAME TWERR 493055 BRI bR AR i MR G
F > Buddy B 6 £ B RL BN ALY B A T R HAEEAT L G S S AR
B o (BRI O B LN © 70 B A A B 0 AR R EL AR 100
FIRER  Buddy t @B BPE A B K BISEAHR - ST LRI -

Rt EEENIN P AT T ERA KNSz  MEHAS HEER ST —
BRI - REEAA AR BN IR S AR AR F ARIE %
FURMEUER - BN e AR S (Ft S EMEE -

4. DIBEAR S A BHE G G T iR 10 5 78 B sl
4.1 BRI E

4.1.1 HRBERIINR
AT FEBER R AC S S P A A R e SR I > ARG BEEREALNT ¢

4.1.1.1 FAREAR TS

FERAL A S R A S @ I AR M pR B (T2 R A8 TT ) ZikHfdg N EORIAYARAL - [EE R
o S PSSR AL AR AT Y 5 R R IHEC IR AR Y (Long-short Term Memory, LSTM) HYZX B
I 540 HiSC B AY (Bidirectional Long-short Term Memory, BiLSTM) Jifl_E73: & JI1%%] (At-
tention Mechanism) | *(Gers, Felix A., Jiirgen Schmidhuber, and Fred Cummins 1999, 2451-2471;
Huang, Zhiheng, Wei Xu, and Kai Yu 2015; Vaswani, Ashish, Noam Shazeer, Niki Parmar, Jakob
Uszkoreit, Llion Jones, Aidan N. Gomez, L.ukasz Kaiser, and Illia Polosukhin 2017, 5998-6008) -

POEE IR RATEHER R ) 8 B b —(E R DA B AR SR T DU E AR R [E O A
TATE MERZ AU 2/ D EL IR AR RG> Femn 2R B0 N BUE R I IHEHIRT8CR -
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TPFETT

1 RNNREE (EF X BERE 898 0 h B LUK BER ++1 B98N )

LSTM #574 E3 EL AR i 4K Qe A5 10 B K Y 78 SR AT R 52 R A & 5 R & R A IR PP 1 - IR AETR
P E R R IR 2 ECHRY - Bl - BRI - BB S RRE DU GE S P -
LSTM HALJE E iR fEER (4L4EES (Recurrent Neural Network, RNN) #5850 » SGANLIE R - fi#ik
RNN fE A $5f A 2 g 21 UE 8 S VIR 52 (Mikolov, Tomas, Stefan Kombrink, Lukas Burget, Jan
Cernocky, and Sanjeev Khudanpur 2011, 5528-5531) « LSTM f&E A DL Kz RNN f5 5 &2 1 mif—
{IE AL T AR R N — B TTRYE A - FE S S E T g 2 E BT —E
FRHVRHE > A 1 PR 0 T LSTM JKF RNN fYHESTT/E#E— RV R « Y LSTM H &
TS TTAY R EE T — Ry A - JREIZ A L SRR AUV E R A F A
FiT{& BN » Aol — (&5 7] DA A& 0y 7R Be R - BRBIARER - — (B BINNE Fy
MEE fabl2 HYRERE DR AHRE B HES | - BRACIC SR B L R " B E fab12 9O 0
DURAHRAEZ IR 0 5 R OO Z i T HIE - IMEHFEFMEOORBREME » A
MHESEEOOZBIEN - T LIE " EBKE ) EMEFEMOOTRERFRER - &
It AREFIFEAIER T BILSTM - M AV F 2 B m (R - PR & [0 5 & Rij 1% SCHY &
AR T HIET - GERTEE IS - RIS A A AR P 2 R AT Yy 2 B B k) o FR S R
Y H BRI S R TR e IR - 58 m] DAE AT SEOTRAY R E—(E R SOARRYERE - A
] DU ERE R A R - S AT DURTHERIHYIERENE - PEARHIE B Al E 2858 S i AT
EFEAG (40 ¢ Transformer) AYFERE o

4.1.1.2 BEHETRM

FE M S — TR S S BUARBIHERE - MATRIASREHE R EE A REE X
=AY (Liaw, Andy, and Matthew Wiener 2002, 18-22) o DIAEZE Fufil] - EERSEFHFFESEIR
A FLE R By FAB ~ BERPN SN —T8 KSR FR UL EFR &R E oM
HYEEN o RE Lt — AR AIECER T 2R » B AE 2 Ay SR -

M ERATMTEALH —ERAEH B 7y ARV ASRE - B (8 X G R EEHARMIE ? RN HE
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MERB RS TR BHE—aE SR ARFEAA TS ERMHTEEAEESHEBE /R
N .
2Vl /. Start (BHRER)
L decision nodes - oot node
P4 ; FAB
N //// yes (EJZZFEFI'L?) no
= &5 a
w’ B {B<1000E ~_yes 664002

R

Decision Tree:

Account Code?

- R

RRETEER

REE
P R

[ T

no
v

ee
yes
699992 699991 ) -

-
-
-

Different Trees

3 RERHMTEER

hEERAT AT

-
-
i

613000

7
e
/

leaf nodes

TR (EHEE)

AR A BTG - B T A B B R PR A 2N - A g R SR A EIA
S NILFRA A AR &R —8 -
Rl - WPERFTA AR EIGEREC T > A

3 FR e

A B — RO SRASI Y 7 e SR R i B
IR 2 AR ERV R RS EZE - W
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4.1.2 {2 EGEEREA

G FACHAMERIEY /40 - TEIEARRRN AN S 2 v s i WA (A R A R R - R a4
PR E — A =M - F— KGR - EBRERE—(EIEER - B siiiny
I M ES R - MEZEERENI . ERaikR2EasRRMESS
TEMEREOEA G - AP RRE AT 2R IRTER N o B E R A A E RS 21
B REB&EERNVEEEERN - B2 PN A LA ERE 2 & B
PR ERIEE > RILAFZ A LVERN TR - £=> ANERFEECFNER - (FAB
THLELERE 1y RNN DUK LSTM * 0] DL 8 i salel > TR R & R (5 » A0S LLE By I
SR -

et BB AMERDATN S > EEFERAME - F— - BRI E SRR
AU EHR IR A B AL - FIF4EREEE (Ensemble Learning)* #9752 AT AR H A
eikas S E B EET AU BREL - 55 o BUSTHACREERAHLE - N R BRI A SRAS Fr SR
Mz > NEEEA R RE EAHST A 5 o i — ARy B R R B 2Rt m] LA SRR > 280
HAR R R AR BB AR MR AR I (N th A LE BB AR S AV ZI BRI AR
Al = WERGMERTRE ZHIE TS (B EAY E 2N > BIRHEE %4 (Feature Impor-
tance) » 78 A DASE R P MR A GRS DUR BRI RN ASCE - % - T sZ B R
FERSE S FAMRERENT » NI IR R RS FRAFHRCR -

NP ERR - AW SRR B R 7 AE TR ATE R - SIS REfe ChEo Ay R
SRMRGHIRS S E M EAETA > feE A REAR - R B AR R E =
HITEHE - TR R R B o EANPARE S A AR R AR AL A IR o TS A AR
PR - ] DUR AR MR BE DGR T 1) o W (EE AU AHEAR R - AT 72 A Al RE R 58
R TRERY EAR o SR AL A Y R FE R B DU R AR — B R R B R LRV > i
IS TR 5 (Explainable ML) <Hg Y H oh — (8 73 St /2 A BE AR M S S e
FOREGIRIE AL > S0 Ll e ELEE DU AR R AR ARG (TR s R & T ) » ASIEHEE
AR T E VS

' LSTM 21— RNN R [E] 2 FRFE A T #E54 (Forget Gate) ~ i A (Input Gate) ~ i {[# (Output Gate)
HIR > (RS ALG DL A AR S B R AR [RI T DA E A ZE e B R R 2 Al — (R AT &R - DA
FAERHANERIIA BREAVERZ S > (M R AT DI ER R P51 T AT SRS - Frsf iy
i~ S ARE - B - FERYE =R DR B SRR RIS A > i —(E 0 2 1 ZRe9(E
) P i Y {3 B R A — (e PR i AL A B 2 (I R A Y AR AUAS DI E A SRR U Y
Bl o DURAEE T EIREAY B AL — IR R (A -

' ORfERE S R R A - EEE BT LIS EE R ) T DU R SR AT 5
FIEDRMR L - P BB ER AR - SRR BRI R B A AR & g s B R
— TR o B - BB EA TS DURE RIRAITENAE R - B2 —TEEmREE -
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4.1.3 BEOTERBERIES

REFETEANFEREERO RN (LFER) ~ AL (NS ~ K5
B (CHESEMEEER) FE o MERERGETRE - EETREN T ZAT - S S RUErT
A PRt DR R B 34T (exploratory data analysis) » B fif 25 {8 S5 80~ IR (> 6
Z g EI - SR EIE TR E IR DU A AR M

] 2 T 3 28 Th YRR — S SR s T B KR [E] > (E A SCFHHE R B R R 88 8
FATEIMBEHE » SEFPIAN BRI S A E s IS » FR kT S0 Asi iy
ZEZ G AR - Tt HEANSHER B - S8 FRuE T2 HEmIRE - hElE
0 SRR E LS N S R A R T X BRIt g BT - TR - ARG
{5 P —{E A H B ARy S 748 ) B 5L i7 One-Hot Encoding

Ffra& i One-Hot Encoding » ik /2K A A AT AR HHERAVIEE I —EH 1 K 0 ZHRCAYFESIZR
o BEIAER  AWEA TR TIEENESTRG ) R TIBEREEEA S - ERE)
FrRHREES IR THEE TR TRSE TS R TR TRE L TEE
P ARG — (- A AT RE IR S L B o T B — {8 One-Hot f#1%1] » %
Pl TR T, TAUSR TS TR TUER L K T I o R - AR
1, 1,0,0, 0] FRE—EGT - R AA 3R T AimYEEE  5—J7m - Weed (1,0, 0,0,
1, 1, 1] RERE @+ » R a mE ", TRk & "iREG ) =([EE%E - &
BT SCEFEHAR T H 1 B 0 4 AR - 2 RS RE S ARG AT EY T K o SHAk
TE/E T One-Hot [&%51 2 7if - FoA& FHF] Python Y Jieba EfF 2kl Bh Bz - K " =
gt e  BEEE TIEE TR T AR - THEA S (Sun 2012) o YR Jieba BT EEIAY IR
B2 B N R S E R R A B s ETES  ANERF S gt E A i K F AFINENE
FAFAGA & HIRAE R ARV DR - B0 " HTEs |~ AR S o Ry T 5% Jieba HYERTEE SE A
TEHE > PR E teaa i ARG R Iﬂ:é”l\ Mt E BT RAYSE R 7 R IE5L
PHE - B EFEMEE RS T R R [E R -

EFEENE - EEMEG T H AR E ST RO - BEAWRT  BEXSER %
RGO » WEREE - AUTZE & B8 (E 5 7R Y Sk A g R D 2
5L o 5540 » AEEEIL One-Hot [EFIHYEFE F1 - 7R ) 7 U F piaa 5 - S E 7y 7] DUE

i# Python tHANE(T: Jieba ZKE T

R F AEIERARE RS - AMEREEN SIS SN ERERA AT T TRER - AT - T
AR DR R MG R AT B EOR A thoR AT Sk A -
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BB E&RE FFE =FH

\

BRT X FZAh > REPHTEATSBEEAN G H o8 MEEAEER T2
B RO AT MBI &t B N BRYHIET - Rty ER G R E R

g IR P SRS AEIE - R T R SR AR IR R -

W ViR ERS S B YRR - BROIARER - MR RS - IO =HEEY
e (AR - TN EEERR )G A HARERI &Rt R E -

W/ BAL | ANFEIEAREE YA FAEE - Kitte BRI -
AR FEREA B EE AR - KL EEt Rt e R -

SO e B~ B R B = (R R R R - thRERR - B
SR E L IR Y BT TS B A A © B SRR > M AESY A One-Hot En-
coding HYJ7 FRF R B0 Ry R RE SR RAY R &

4.13.1 B EEMZ

BRI T SR 1% o IERERET R 86% - AT » B AR IEHERIEEE £ & Fr R
90% FBH —FRIEHE - B T HGEEA > B A GBEEGAEEHE P A4 IR E =R
[ fAPTEE ES EE SR E VESEA, - I T RERAT O TR - T RS R E L R
TUFETTAVANES © AE St BEERRAIE Sy - BEIKER - WE Y SR EE AN E:
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Abstract

This study discusses how a Taiwan semiconductor company (F company hereafter) applies artificial
intelligence (AI) techniques to build machine learning models for automatic account classification
judgements. The study builds on a 2019 summer internship project collaborated by the finance
department of F company and the department of accounting of a national university in Taiwan.
The study contributes to the accounting literature in two ways. (1) The study provides implications
for accounting educators on how to collaborate with industry practitioners in terms of conducting
Al problem-solving projects in building data-driven capstone courses. Thus, the study helps
expedite the digital transformation of accounting education. (2) Additionally, the study shows how
a large company builds machine learning models to save personnel costs and enhance operational
efficiency in its accounting procedures. The study aims to motivate Taiwanese companies to explore
opportunities of optimizing their operational efficiency through Al techniques.
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Machine Learning and Account Classification Judgements: Educational Implications of the Application of
Artificial Intelligence to Accounting Procedures of a Taiwan Semiconductor Company

1. Research Issues

The study is built on a 2019 artificial intelligence (AI) summer internship project
collaborated by the finance department of a Taiwanese semiconductor company (F company
hereafter) and the department of accounting (A department hereafter) of a national university
in Taiwan. The internship project aims to explore how to build machine learning models for
automatic account classification judgements. Two types of judgements are investigated: (1)
petty cash account judgements and (2) capital expenditure account judgements. Although F
company’s petty cash transactions involve small amounts, the company often has more than
100,000 transactions annually, spreading in five different sub-petty cash funds. Correct account
classifications require the sound judgements of purchasing personnel at the beginning and
subsequent valid audits of accounting staff. In addition, as a large semiconductor manufacturer,
F company incurs a significant dollar amount of equipment purchases and maintenance. Thus,
F company has designed complex account classification rules based on keywords contained in
purchase orders of business units. Such activities involve significant auditing manpower but still
result in numerous errors because of logic flaws in the classification rules. F company advocates
Al technique application in the entire company to improve efficiency and create values. The
manufacturing activities of the company have significantly progressed, whereas its supporting
functions have made slower progress in terms of Al application. Thus, the CFO of F company
considers the Al internship an opportunity to obtain new ideas from students and professors in the
A department to gain momentum of its digital transformation in staff functions.

2. Research Methods

The study does not adopt typical archive empirical research methods, which often
involve hypothesis testing through statistical models. Consistent with the research issues, the
study adopts two types of machine learning models to build effective models for automatic
account classification judgements. These models mainly aim to increase the accuracy rate of
classifications and thus save auditing costs. The machine learning models under investigation are
(1) bidirectional long/short-term memory model in neural networks and (2) random forest model.
Model 1 considers data sequences to explore their implications, whereas model 2 uses multiple
levels of decision trees to improve the accuracy of classification. In addition, model 2 can observe
the feature importance of variables through decision trees. These two models are popular in the
current machine learning literature and have convenient references.

After selecting the machine learning models for the study, we conducted variable
definitions and data cleaning that are essential to data analytics. The independent variables
include transaction reasons (text data in the purchase orders), type of cost centers, the dollar
amount of transactions, etc., whereas the dependent variable includes accounts of transactions.
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Text analysis is a relevant research method to the study because F company requires purchasing
parties to submit descriptions of the intended use of the purchase. The description provides
useful keywords that subsequently form machine-readable matrixes with 1 or 0 as elements (the
so-called one-hot encoding). In addition, the study has to clean various “noises” in the dataset,
which consist of missing data, the same transactions classified as different accounts, different
transactions classified as the same accounts, etc. Data cleaning also requires F company’s
executives to help provide their domain knowledge of data and transactions for the identification
of different types of noises.

The study adjusts the two machine learning models by splitting data into a 7:2:1 proportion
for the training, validation, and test datasets, respectively. Various detailed processes of model
adjustments are employed, such as the number of iteration (approximately 200 times), the number
of batch size (128, to obtain the highest accuracy), the choice of cross-entropy as a loss function,
and the selected ReL.u as an activation function. The above-mentioned processes ensure that the
two machine learning models improve their accuracy rates to levels that executives agree to apply
in practice.

3. Research Findings and Contributions

Before the internship project begins, the experts of F company had built preliminary
machine learning models for petty cash transaction and capital expenditure classifications with
accuracy rates of approximately 86%. F company’s executives require that accuracy rates exceed
90% to put the models in practice. This study found that, if carefully “trained,” the machine
learning models’ accuracy rates can be improved to approximately 92% in petty cash and capital
expenditure account classification judgements. In addition, the study confirms the importance of
organizational support to ensure the success of the internship project. F company provides two
important resources: (1) domain knowledge experts and (2) big data division’s experts to clarify
the need of the finance department and sources of noises and to provide the expertise in building
machine learning models, respectively. We conclude that careful mentoring in the research site is
critical for capstone projects to succeed.

This study contributes to the accounting literature in the following two ways. (1) The study
helps accounting educators expand their understanding of how to collaborate with industry
practitioners in terms of conducting Al problem-solving projects in building data-driven capstone
courses. Thus, the study provides an important implication on how to expedite the digital
transformation of accounting education. (2) Additionally, the study shows how a large company
builds machine-learning models to save personnel costs and enhance operational efficiency in
its accounting procedures. The study aims to motivate several Taiwanese companies to explore
opportunities of optimizing their operational efficiency through Al techniques.
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