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T, X 904 48 o

1Pk fFELL T AR E T f?
(A)* ¥ (B)sz+ £ (C)* iz vzt £ (DEC S 4
2.7 -~ @ G 4B R PR (S1-S2-S3-84) 0 # F i £S1~S2 -~ S3~ SA2 it b4 W] AL
30% ~ 20% ~ 10% ~ 40% > 2 453% 2 P 2. $235S1~ S2~ S3~ SA#T i e F 2. A A & A u] H
2% ~4% 3%~ 2% > dekm o T BRI - BEEL AR REEE R S2EBH s
T AmE D
(A) 0.008 (B) 0.2 (C) 0.24 (D) 0.32
BRI AE R B b2 R E AN - BED A NG RIRAE > SAEZ
2 BRI R R 2
(A) & #4 tx (B)~ A 4 &
(Q@ﬁﬁﬁﬁﬁ%m%ﬁ? (D) B “E 40 B~ 112w

4, b HE MM R AS ok E Tl“z\—‘f' | e fA R ?
(A) b = s OpF > ik %@tml PRt
B) b= R0 > R¥HDEE
(©)f 2 RHAE— U mfr » % B leenT DR E B3 L
(D)L % & enig il &

“1\1"

5. T A e g B
(A)3 *F & @ = (=) R M S
C)F %27 ¢ pprgs (D))} Rt A S B-EA

6.FF - BT AR ARB ISP EAE > P RE D FLTIRE?
(A)f§ ¥ £ 84 $t (Simple random sampling)  (B) 4" & & # 44 + (Stratified random sampling)
(C)3® 7% 3¢ & (Cluster sampling) (D) & *i4d $% (Systematic sampling)
7.FAEBE 23 4pdb » P(A)=0.382 P(B)=055 RIP(B | A) 2 T 7lir ¥ ?
(A) 0 (B) 0.17 (C) 0.38 (D) 0.55

8. % T MAATATR e b2 JRE TR FEE 0 1T 5 ZPPRIEA | A d2 &gy o BT A9
AR EBEEY Rfg A PR LI E S e TR ?
(A) ¥ #& ~ fz(Normal distribution) (B) - 1 >4 pz(Poisson distribution)
(C)4p %=~ fie (Exponential distribution) (D)= 7% 4 fi=(Binomial distribution)
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[A] 9.

[C] 10.

[B] 11.

[D] 12.

[B] 13.

[D] 15.

[C] 16.

[D] 17.

X0 YA Z PRSI B R B F b2 o RIT S G0

(A) E(X/Y) =1 (B) E(X+Y) =0 (C) E(X2+Y2)=2  (D)E(X-Y)=0
# A fb;Lﬂ flp F EE NI R e RN R AR L TAIRARE?
(A)B~ | (S)kin-Ted (C)# it (D)- =+
““éﬁalﬁ LRBPEAERA > BH D NI TR E?

(A)3 4o 1 » dic (B) # 3| ME 5 3 15

(C)i¢ * Btk 2 i 45 #c48 (D) * i B B Pt #5A AY

T s e 2 % Y F ok g i 44 47 (Correlation Analysis) ?

(A)+ 2 1 2 (B)Ap B x i C)x %2 D)z & =i
AITEAR IR R E R LT X 2, & Ty e, o AT AR g ?
(A)VM B2 Rl3E S (B)A 4 (C)ix j (D)3 & & 45
TR E R ER TR AR PETR Y

(A)E ~ TR ehf i

(B)FH &« 1 TBehE# &

(O)F AL B AT AL s~ %5~ FR e 470l 4 T A B

(D)F AL B Az 1 A BT FpRB~ ~ Ty ~ F AeA 440 4 ShF LB

FEEFTHERAWNTANI AL = 2% 2 e TR E?
(A)it 3 B~ ~ AT PR % o A e (mﬂaﬁﬁ 4R T O
AR H F R M g

(C)*%™ & f (D)7 7 45 *A%7me%”

B E R FHA ﬁmﬁﬁ’TﬂFﬁiﬁ?

(AVE B FHA 112 L HE A PBchp A 15 0 ISP FR AR 5 BT A 2 Ptk 2 )
%8272 R

(B)E £ Ff A 47 ehfof 5% WUt g df i o o FIpt 2 it L g 1 TR o H g

(C)B EEH At il g Ed T a t (Bottom-Up)shdic B B 432 2 3% R R T AL AR R
v ipfeB AF AR K AL EJ + @ T (Top-Down)suE #2254 4 #7%
(D)E & FA A 473 27 2" BTG FALE R 5 Sk 2 &

B A A e R B 2 RRE TR B it TR K g R0
(A" T AL EIER A A7 en AL ¢ B

(B RF AL F e & rrlg # %

CPIFFTHED BiZe ZVRFFEY AF R

(D)RIFEF AL 11 3 Frig —Fl, bl

[A] 18. &R # 5 ¥ (Machine Learning) + #7i¢ * % i- & ¥ (Deep Learning){e™ 5|98~ & & % 7
EaApM i ?
(A)sEAd e (B)it i A 17 (C)B = et (D) it § Bt

[D]19. E & F a5 8- i 8 A FFERAZARIZH F8 (Pipeling) » &40 E & TR A 454z > T 7
A7

(A) ETL(Extract Transform Load) érve® & Jf 3 pb 2 47 7427 B8 FF L
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[B] 20. - % F € Tl ag2en¥ = S PB% ; 1PBrF R Z1GBF BB+ ?

(A) 1,000 (B) 1,000,000 (C) 1,000,000,000 (D) 1,000,000,000,000
[B] 21. ® 7wh— 3 T HTE & Tk A A AP 7
(A) F AL HF (B)#~ i+ ¥+ gic 48 B 3 (C) Hadoop (D) NoSQL

[C] 22. %> - % #f(Decision Tree) 4 B £ 4 /7 8 /2 » T 5| @ —‘g = A
(A) - K ATE & =B o B (Leaves) E & or 7 AL A 4 %] el %
(B)id- i Ate B erBE A 4% e T4 A S P A e e T
(C)it- sk Aens 87 & 4475 P RT A e TEALL e A
(D)% # #1# (Random Forest),ﬁ 2EFEE S B AR R E TR

[B] 23. B **Hadoopengzit » T 7| ”—?5 F 7
(A) Hadoopsrifaiz » E_R-F 474 [ B> 24737 I PR o7
(B)d *+ T & 45~ > Hadoop? ¢ &5 T4 ehif i»
(C) Hadoopg 3k » d »t T E L 2+ > #7117 ¥ iy 22 W ?} FILECE ~ B EA
(D)£ i 2 kg %;\ FALE AR > Hadoopﬂi%l aER=R SR i - 1

[B] 24. 4c% i * % % MapReduce? =% & * I 30N TR LKL 107 FEA* T A g 7

(A) Virtual Machine  (B) Streaming (C) Pipeline (D) Filter
[B] 25. T 7] % & = :M;L(Knowledge Discovery)nit FE 425 ?

(A7 " S EAEE RN S

(B)F' ‘[' Fl ‘} %ﬁ:ﬂ)’ ’fi J;Ip N fr’*—\.j’_ IR

(qﬁfu%% B AR I
D)FFE & « FAEY « B IR 250

[Cl26. & £ 5 473 % A4 3 & gxéi‘*&{?@i)ip%ﬁ%*l%il’bﬁfwlsb/)ﬁle,*? |

FAH FrM B

TR A n, = 400 n, = 600

R S 300 300

I SR S 100 300
fﬁ}iiiﬁb'ﬁ i%ﬁ‘ﬁb'ﬁf‘%i%%\;“ & s 5 P1E P2 o
PIte THo : Pr=Poz Ry B 5 —D 2 R AR LR A PL B9

P(1- P)[n1 n—zl

(A) 0.25 (B) 0.5 (C) 0.6 (D) 0.75

[B] 27. ' = @ s R FaFid o 7 FIbmsnty 3 5 PR Pri oo R F iR
B R 6] 5396 ¢ A 2 P A UG EE R 1007 PR LT ¢ eI o @
3 5 HUE100 R & e zﬁ-ﬁ?rﬁzﬁ SRR ts&mlp Lo R ARG T A
* T 7 V)"’Sf@ﬁﬁ A ﬁo A 74t IR PR R %\‘?

(A) 1‘ %\Aa\]ﬁo (B): IE A ﬁja (C)i’é ig; = S ﬁja (D)J‘l L E' "y
[D] 28. % @iz 2 LT & v [~ 7 BABTR f R - EE LR R R EH IR

+
YUMo T A 2 ﬂaw— FHERACE TR B E BITE A AL L T
B £320% 0 e BT R AT R Bk ke T o

" :(12,14,9,11,16) ¢ :(2,4,7,3,1) 7 :(10,9,6,10,12) ~ :(7,6,6,15,12)

SR 2y e SRR A 45 2

CVEGSE L35 S ES. (B) ! the T iF - 3ok £ R 2 47
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[B] 29. %7 Bip= 2 HHMUTHR TR TH* WHEIL TP E > TF HFEFEY

(A)S H » g B ficfp & (B)* M~ fieif 00 ¥ & A~ fie
(C)7 1 & ficdp % (D)r2 ¢+ % &
[C] 30. % Z 8- BE2E ¥ fi'Es %8k > 7] P(-1.5<Z<0)#-¢ +* P(15<Z<3.0)
(A) ) (B)p % (©)+ (D)rt b 2

[B] 31 - % 2SEHX > TR F LA ?
A)z-BFF - BERfoFsIERE B)RZ-BFF > At FF 71 EBRHHEE
©F- BFFfo- BT (D) # B F1+ - & 5]+ ¢ § iRkl

[C132. & # 8- % %% R #icAh 474 (ANOVAtable) » #H 2 s Fie s i ?

$B kRESV) T 4e(SS) pd R 2 (MS) Fig

R * 4 * *
Bp 60 * *
E o 140 19

(A)0.2 (B) 4.0 (©)5.0 (D) 6.0

[B] 33. #ri& = 4 WSO ®H B G- B> Bk R ¥ OBRFER > L4 WISk OFHR G- E 5
1976 £1.32 > RIF A = P niu144 B 536pF » H# HIOENER R3S T AR 0

(A) 19.76 + 2.64 (B) 19.76 + 0.66 (C) 9.88 + 2.64 (D) 4.94 + 1.32
[A] 34. % 7 2 B 100 T3 » # T 3aE » R #5100 ¢ #5600 Gl G ﬂ_u}/?éi?
(A)z > % 75 a?w E_f%“30btf70 rﬂ% (B)+ %% 954 7 M»so»%?o? e
(C)i2100% FHLA i 5 % th (D)i100% "}"A\ 5§
[D] 35. + = 4 gz (chi-square distribution)® & * 7™ 7|vng ?
(A)fem 8 - = W% R (B)te T peif &
(O EAR RS Sap)t R el (D) IR
[B] 36. # i jFa i@y 2 ¥ 'ILf‘f FPHMEEAY RAZEY ZFBEHRLER R R
CARRIE R EEARGEA A L BT P A S48 (Sales) B o R T Sk R
A
e

(A)RAR~ B 3% ~ R A B ACE 5 b2 R8> 7 salesH 30 P & FF R ehg % 0 Flpt & Ap ik ik
B)¥* b S#dra Al B A > AP LFgr dfE PRl FRY LR zﬁpﬂy] At
%% #ic(categorical variable)= & 3 4L A fr o {2 2 4430 4p ik % Besales o W e 3F i * HE | 5N

% ]F\E«’I—*J]Lb_ﬂ;w'm‘wf‘ﬁ&\‘}fff/ﬁﬁ/fﬂ'1?(jxﬁaf’rﬁ‘}'l‘é’\&‘?

C)z AR BAT & p » i jFA 152 4258 7 12 @ T-statisticeig % - 3 4 £ H F-statistic .42
s p-valueshiE g o] gl o B RE G R

D) fFatr> 25 FRETEH FEATLTHFMEELTF LI FF > @ KU T T
P4 L 7 T-statisticentk % > & i 16 B F-statistic i@ {o i< p-value & & 2| &7

[D] 37. £ szt B Y = }ééé‘n s AR LS - AR AT /”\‘k‘F' VLA T BT R 12
(overfitting) » 3B $1%0 74148 & a3k g > T m K F 2
(A) J—%’UF‘T/»\ &‘F’ :H‘"f\)"'.ﬁ 2 ’} %ﬁ@iﬁ* s ¥ J!ﬁrg §i——¢’\:;rlﬁﬁﬁﬁt7}_l%/} Zx’LFT _é'_% Ef’ll?:ﬁ}f‘
(B)<6 % 3 120 Rl3k 7 crod B2 875 8L A i
() i v f§ B KA SRR > WAL PRTH B G 2 R R
(D)’&'? & - % P\ » FrendF e oS E i-*ra:)]%j’,.“, ’h&ﬂf g ﬁ—ﬁa }f_j—fv’;;@__(ifqv‘\»,n‘gﬁ?ﬂi% ?/E A4 ’)5
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[q3&%*5§?ﬂﬁ*ﬁmmié’Tﬂ’i?ﬁﬁ
(A) Spark7 # & "*T#f“ TR hE fu‘_ FORLA 477
(B) Sparki: 53341 % #8T "3 5 > 4oScala, Python, R, Java sk v v % 051 &
(C) Hadoop & 7 s MapReduce E & F 4L 4 773+ & RIZ & ;2 fSpark b kg {7
(D) Spark £:% 4% Apache B x4k sugf B #0535 » F]pt 249 025 DISpark & L 4o A2 5 28

[A] 39. - kit & &« st(Recommender System)p # € # * T 78— i > ;é TR Rt Ad s
Bt EFv M7
(A) Matrix Factorization (B) Hashing
(C) Linear Discriminative Analysis (LDA) (D) Part-of-Speech (POS) Tagging

[A] 40. ™ 7] P fA 53 5 4 g B 0% A% kg 7 F oL s ¥ (Clustering) » fe 3 &y * ki 7 F AL 4E
(Classification)?
(A) K-Means (B) Bayes Nets (C) Logistic Regression(D) Support Vector Machine

[A] 41. E & 4L ? enTlag ] M ardg 5 > g € 25 9073 ek B IR 0 — AT ] 00T ORGSR
1B K AR TR A G 9
(A) Zipf (B) Gaussian (C) Dirichlet (D) Uniform

[B] 42. 12 &~ 451 * & 3= (check in)shg * 5 6] » ok v+ iz ¥ 5 B, X - & * FAY - B
#—t (%(r") q) B+ =% hh H AR SPA(X) 5 & ﬁBEﬁf# RN O UD-F e S
# st 3] 5 Pe(X) o 5k P centropy o gq\H()ﬁn
(A)%%JF{A (B)fe*’*ifB (C)A 4 - & (D)E-RENLS 3

[B]43. AR i*1 E¢ L7 Az o ¥ BT AL Bl (G R & EESR) > Gl4rAb B R R
RBlY LR & - ﬁi;ﬁglé LA “ﬂ%ﬁq/}\‘ b S E
(A) Inverted-based Indexing (B) Multidimensional Scaling (MDS)
(C) Approximate Nearest Neighbor (ANN) (D) Ranking Methods

[D] 44. B »+ Bayes Nets#2 Naive Bayess a0 8 ¥ i 57 » T 7w % 5 %7
(A) Naive Bayes=i & i X e 7}5 T2 BB i A
(B) Naive Bayes#® ¥ ;% & v 12 & ¥ Bayes Netsei— i 42 ] » ] 2 Bayes Nets+ & & £ ciE4p 3
z FFenpf g b=
(C) Bayes Netseigt & £ % i 2485 k& 7 Fieid 2 B enbfa s » &% gkt if 2 5 anjp g
FEEREZT ARSI x| o B ETE S RN
(D) 71 5 Naive Bayesiw & i2 cnig Uk > v Wi i3 FTHAFE > @ 2 i (v 5 FTH AR *

[B] 45. Hadoop— 44> dp i 3¢ (Iterative)f2. &+ 4 {74 k fiid »e s » A & R F]5 7 7] F 7

(A) Iteration? % T {7 it (B)¥slteration & iy i # % 4 o dF
(C) Hadoop# 4 #FlIteration (D) Hadoop# & #C3# %

[D] 46. 43+ E & FALA 47477 & stz (R B)E ¥ #iiv > T AR I F?
A)AFEBE)EY L2 FF IR XIS AT E8V AR
B)EH;F ¥ 1 & & &R 4 8 (Classification) » @ 225 -3¢ & 37 1 L% &7 e #¥(Clustering)
(C)4E #8 ##_ (Random Forest)/ﬁﬁ = L& % B R #H(Decision Trees)/»\ e JNRES
(D)t j7 ~ 47 frKMeans= fdjf & i2 ¥ 4L+ k&7 E £ TR ha 4f

[D] 47. E & FTHL A4 RN FEZ &5 587 b TALE A (data types) s i 1258 > T oo K 5 352
(A) Remg Jf;‘a |8k % :E 58 2 & ¢ 3£ ¢ vector, matrix, array, data frame, list
(B) Matrix¥ r2 £ 77 = 7 B iR g t_matrixv‘ P R R AR AR R T AL A
(C) Lists™ rz # 57 B Af feen i AL H 2] i - # “vectors, arrays, data frames 1 *tlists & & eHF
BT e itk
(D) Data Framesf 3+ 12 * data.frame()d s8 v¥ v k & 4 - {idata frame T 47 307 6 5
PR AR

Loy 8 LERFHMAE $ 5T %67 (i T g iy ]



[C] 48.

[C] 49.

[C] 50.

=

-.mkr

Bt E R FALA 47 & siHadoop® & 0 T AR ¥ R0

(A)E- BB sditl > B3 7 R ~ 7 444 A 4es A st iy

(B) HDFS: & F 3% A F73N Ak %k Sow it engn b e

(C) MapReduce: & & A # R3S T % k3Lt » 21(7 P ‘}'}"\*%E&:’%ﬁ 7 ﬁ:mﬁ /}%(?Iw
(D) HBase - % § ¥ #f {28 B 1 TR R iLenin it e

Mot E £ FALA 174 HHadoopE & o T 3 ie ¥ 1 Ai?

(A)¥ 11 3% i Iterativesi & % e sc3t B

(B)¥ 1134 i MapReducesd & - 4% i & fIEFF S cng it FALA 4T
(C)ﬁ{tbiéﬂbik—ﬁﬁﬁ‘i ;f,}gﬁl; > & - ,;\m*if—?i"i%)\;ﬂﬁ’f—ﬁv—; Ukoz oA

(D) Hadoopf-MapReduce shff & £18 i¥ » 7 11§ 7% 2 Wi FETRTEEFEOA

“J

5T

i

-k

fSpark = #cdp A~ 47T & T T 7 GPythondg it A5 ¢

file=spark.textFile(“*hdfs://...””) //opens a file

counts=file.flatMap(lambda line: line.split(* *“)) //iterate over the lines, split each line by space into words
.map(lambda word: (word, 1)) //for each word, create the tuple (word, 1)

reduceByKey(lambda a, b: a+b) //go over the tuples “by key” (first element)

and sum the second elements

counts.saveAsTextFile(“hdfs://...”)

b ﬂi%] » &= o aspark can start a fire that burns the entire prairie

R B 15 3~ F) HDFS 4 % «h(key, value)- £ F % *© 49

(A)8 B)9 (C) 10 (D) 11

A8 2EEFHMAH %6 F % 6F



