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FREEEFTHY B AEFTRLEAE > LTI RBEENE Y A

1 SE 8 R e XPRE - B S8 nfopenz 3 A fie > T 714k +;;;§4F€¥?
(An=2p? & < [P > XiTw¥ EAfR  (B)ntZp? & % | XiTuPoissons fie

(C)p>0.5 FXA fit 5 = i (D) n —X F ¥ ZIRE~ B %8 5 nfepes 78 A fie
QAP RKZE OHFEEAEFED ARG T ¥ (Pokémon Go)# b Pk (T i’SFﬁF’“ 7 520)

Pro T AL TR EF RS aT R L Hep=20" 4 B A pF20 hFERT e WA K

LT P it e B RE D

(A) a+p=1 (B)%E % i =21 Bla>f

OF a<RIp% | D)F us | Rl p%-|

3. TANOVA# 5 8 - R EwFadren % LyiF %o X5 %% F A9k
YE 5T AR R 0 Rl kR ?

Source df SS MS F
Regression 1 300 300 4.50
Error 9 600 66.67
Total 10 900
(A)33.3% (B) 50 % (C) 66.7 % (D) 100 %
4.d B T3 2 EFPF S AR L Y=35-6X T A& f‘a—‘ﬁja 7
(A)X=0pF YegL iz 5 3.5 B)X #5418 =AY 08 i
O)XArY % 5 B &SI % D) XfeY ek ~4p B 2l i §
5023 S B RBPERFELITY C FRFEFY ERAERAECERR A o 0T BRE
Boif &% % (EHCAE Bechik g 9
(A)= B ff G et e (B)% £ #c® 5 7]+ (Variance Inflation Factor)
(C)%] Z_t4 #c (R?) (D)3 %5 15 2 ¥ 7_t% #ic (adjusted R?)

6. B oA % 2 A X TIHEL0002 7 F 14 5 R AR o 4ok A PHE* ¥ v fi(sampling

with replacement) %% % 38,0007 5 A4 % A X » £ £ XN £ 3i28,0004 2 ¥ R A X A Heo BIX

2 EEX) RS > 9
(A) E(X)=2 (B) E(X)=4 (©) E(X)=6 (D) E(X)=38

APF 2LEEFHMME » 1L 6 F (Gds7 egicg ]



TAck R - A HMEFHEAT > HFB oo A AP ELE K LR & BRH : o> =059E % (0§
- TR TRAATR P AR TR o et T B s E G B R R
(A) ta T B)+ = 4 # (C) Fr D)y dgc
B ko BRI R & VAW SIS T T AIhoT L ConX,Y) b N VehE B, T
t?

P fcit o ¥ I AE

Ser(%)) X ()
-1 0 1
-1 1/9 2/9 0 1/3
y | 0 0 1/9 2/9 1/3
1 2/9 0 1/9 1/3
Sy (x) 1/3 1/3 1/3 % s fo=1
(A) CoW( X, Y)#0F X2 Y5 4p 3 b= (B) Cow( X, Y)#07 X221 Y2 4p 5 Jio =
(C) Co( X, Y)=0F X2 Y5 495 Jbo = (D) Cow( X, Y)=0F X2 Y2 4p 3 fh =

9. Bk ps* MWL ¥ F ficgeh- B2 3£ (point estimator) * Bz 35 35—71(1\/[5}3(@), mean-sq
uarederror) * & V8- i #F ¢ 7
(A) MSE(8) = [E(8) - 6]’ (B) MSE(9) = E(6?) — 62
(C) MSE(8) = [E()]” - 62 (D) MSE(9) = E|(8 - 6)’]

10352 2P ARMBEEEHN 2RI 2 ma £ 3 2 Mu g MBS 451504 1F
A o 3T h7) B 4 (contingency table)tk & #icdy 0 B K T A F -k #(level of significance)
5 a=0.05 2 ¢ s+ 3 i T nfeft E(critical value) 5 5.991 > B 2 & % FpiE (p-value) § iz ¢
M TeR— B %9

fwl/da | ¢ Ae AR | ki &3
g M 30 25 25 80
S 15 20 35 70
&3t 45 45 60 150
(A)p <0.05 (B) 0.05<p £<0.10  (C)0.10<p&<0.15 (D) 0.15<p &
11. ¢ P(A)=1/5-P(B)=2/5> 2 £ 2AfcE 2B » FIPAUB)=?
(A) 3/25 (B) 13/25 (C) 3/5 (D)i% i+ 7 &> % 42
12. % 2AfrEEBaAp R & 0 T oA o I A 7
(A) P(AUB)> 1 (B)P(A|B)=P(A) (C)P(A)+P(B)>1 (D)P(ANB)<0

13. /8- &AM > 12 3%w 2 N ix BB N8N > B3R N aRE M P 7 3% L1020
5o et * vnfE A e ?

(A)Poisson %" fiz B)AA w4 e (C) % 75\ & (D)= 3 A& fie
. ¥ jprpn s o T kit Y

(A)P2 <X <8)=P(2<X<8) (B) P(X < 8) = P(X < 8.5)

(C)P(X < 5) # P(X < 5) (D)P(X > 8) = P(X > 9)

Loy 8 2 EEFHME £ 27 £ 67



15. ¢ dof A p =324 WEH L g=9> R 295%F ~-KBET > A ecnF 3L £9
(Z0.05=1.645 > Zp.025=1.96)
(A) 0.8225 (B) 0.98 (C) 1.645 (D) 1.96

16. 3 kfrf 1 j2g 2 BivEchTiop@ £ 5 5 » ¢ vt R L 5=30448 M 295% G <K
BIeG3 43 5107487 0 T8 5 % A 7 (Z05=1.645 5 Zp025=1.96)
(A) 13 (B) 18 (C) 25 (D) 35

17.7 5] fe fh 1) #4858 . 8 3K (Ho) ?
(A) a=0.014cpE=0.03 (B) 0=0.05§rpE=0.03 (C) 0=0.05frpie=0.15 (D) a=0.10fcpE=0.15

A% 4 (Type [ Error)sh@, & 3 7 7] i ¥ 2

(A)g & BK(Ho) s &P > &< Ho (B)% i & BK(Ho) 5 B P > #{- ¥ B (H)
C)F = BR(H) 7 &> X H (D)% #= BEX ZH)E FF > B2 m & BK (Ho)

19. 3+ & 7|5 % (contingency table)s+ = & (Chi-Square value) » ¥ =B B {% | BF » 2P &5 B ¥

F’“’é‘bmfsé (AT AP K 9

(A)™ FHcR fib > (B) % #c & 4p &
(C) F#chl 5 A fiig chif i D)z BFEzER~>H 2 RHYEE

20. £ "EWRBRIKAER ¥ B AT ~ SIS FETIRE P J R (degrees of freedom) 5 97 % > @
f2(2) ~ fr(©)# W & Z ~ Tes 5 % A Sidic(probability density function - pdf) > ™ 7| fe it £ ?
(A) fz(0=fr(0)  B)fz(0) < fr(0) (O fz(0) > fr(0) (D) fz(3) > fr(3)

21. = > & % K - (Randomized Block De&gn)’r » X % B (SSTO) » 2 % £ (SSTR) » & ® %
£ (SSBL)frif-4 % % (SSE) & b % 5 ™ 5] i f ?

(A) SSTO = SSTR + SSBL (B) SSTO = SSTR + SSE
(C) SSTO = SSBL + SSE (D) SSTO = SSTR + SSBL + SSE

22. - 7+ %“s‘lgw\ 17(One-Way ANOVA)® > F 3 AL > & B gl SHREFE > RISEL R g
RG5O
(A)2 (B) 4 (€) 10 (D) 12

23 H i §F AR Y AR A% 00,8 0 PIIL AL (Slope) AT 7l 2
(AL & (B)f & (C)F FiEs 7 it f & (D)7 B> %2

24, 2 2 & T vkh— fretert s P OH Reh 2 eher2 il A48 o ok B 4 X e 2 ety PP X ¢ vh 2 vheetin
WX E 03 hEBaB I 07 ok B £ A ehE4d o PP X €rh2 el eh £ 488 5 2
0S5 BEALIAEAS 12> E2 b Tevets ok 3|7 %4352 b 440 BI% 2% 2
53X EEhT fpreetaf F 40T JIJIF"% ?

(A)0392 0492 F (B)052 05792 F (C)0582 0622 F (D)0.63 £ 0.64 2_ FF

25. F H H e F 50 % @ ARS0% Mp2 F H T W20 S el LT A K 90

AVt » F A iy (B)™ & 115 0035 4 4 4 19.5520.5/ 2 g %
(€)% 0 (D)iEis * = 71 2 5% % 4T w3
26. F 7|¥R3E 3 § Hadoopz. &1+ 7
(A) B 2z 445 (Open Source) (B) = p# |4 (Real Time)
(C)r2Java i H 4755 LA (D)4 47543+ & (Distributed Computing)
27. 7 5|vR3E % E_Apache Spark 2.0 #7& Ffr N E 2 9
(A) Scala (B)R (C) C++ (D) Python

VAP LERFTEMMA ¥ 3T % 6T (T 7% ]



28.

29.

30. 7

A KEAY 5 4 2 (Neural Network) 4 #g B ¢ 5 — B sigmoid node mﬁa?J e AT 7] ﬁ ?
(A)/)z4 “Eler'J » ¥ 1Y {Lf{ = "‘? ﬁ'{ (B) A0 12

(C)'/‘"ZJ L U EE R Eéfﬁit (D) /i *t-187 12 F¥

% B 24 5 4 i (Neural Network) 2. 4zift » & 7@ _ﬂz 49

(A)ig * =+ 1+ § @A 5~ (Neuron) i 5 2 B

(B)HE & ¥ ig 42§ — B # %reh¥ 84 3%(Trial and Error)

(C)* >+ 5B pF > JE 4057 — ke P k3w 4k ;¢ (Patterns)

(D)4p #2238 i€ 4 2 (Fully Connected Networks) » % # 4 %5 4§ (Convolutional Neural Networks)
€A R Y

B * £ f 4 5 4 B (Convolutional Neural Networks » f§ FLCNNs)»s 2 s 47 2 dcif > T 7

¥ ?

O#n & d2 f (Layer) g B ¥ 7 ¢ 7 #F % B % (Edge Detector)

Ofctes 4l ke 2 5 k) 3 44 S5~ B Biceh 2 i i e § (Fully-connected Networks) v 42
% > CNNs* 3 { % %

®- BCNNT * ket TR F ¥ 03] 0 b - Sehfpdd S Rpp 7 (7

@7 i k& (Pooling Layers) ¥ *§ i B iy B f347 &

(A)OO B)YOG OG® D)O®

3.3 MAPE AP RETI2 & > T )"J"”*ﬁ EaNd
(A)@ 23p Pl(Link Prediction) 2_ Bt * ki g PP %
(B)i¢ * —“Ff erp) s i B2 A feid F iﬁj&%:’z = Rl (Power-law distribution)
(C) izt & ?;&4 RUpF > NP R HAAERRY & BT FE BN R URBE RS ﬁ#
 Z M eAk F R B 5 Bl (subgraph)
(D)ALFF B Y T A @ % X FPEE™ i PR A 8
32. 3 AR R % 34 458 4 (Frequent Pattern Mining) 2. #cit > ™ 7 i 4 3 3% 7
(A)F- 0 &2y +§=A T RMR O RZEP BE TS AR
(B)#7F # < (maximal) #g 3 5 B # & 8 & 345 rﬂ(closed)
(C)¥H>+ — B 73 3% ] (Association Rule) PR R 22 F2 0T P ETIRALEE £
3% P 2 7w & (Confidence)
(D) — BB R BRA 2+ f2 5P EEHB > 2 € B LR (Support)
33.E® TR EEIE Y * chdfk iF ¢ 7 Selection ~ Projection ~ Union#? Intersection o #3% pt 448 3
BT 3 89 (7 aHadoopshl fFiEad o VRO (T E B b pF R ¥ — {3 Mappers? —
Reducer ?
(A) Selection¥? Projection (B) Selection¥? Union
(C) Projection¥ Intersection (D) Union# Intersection
4. b F A4 > EF¥ B - ARFATEREA A 4 B & K nin £ (Bias) & % 2 |4 (Variance) o 2
T 5 4B M YRR ;ﬁ%ﬂﬁii%ﬂti R Rk L
@ﬁé;&(Overﬁtting)ﬁﬂﬁ:ﬂ'}%a’ ¥ oRBainL
@i if (Overfitting) s3] 1 F 7 i chim £
®Z if (Underfitting) s 3d F 7 fB g R 2
@2 i (Underfitting) i3] 3 % 7 i en% B4
(A) OO (B) OO © OO (D) ©@
5. TA AT RN EF AR A F L B T (Semi-structured Data) ?
(A)RE B3¢ TR B ¢ ehd §2(Table) 7 F (B)#F 5 (Video)## =
(C) JSON # % (D) Emailp ~ = %

CAPE LERETHMS ¥ 4T £ 6T (7 7 ivg)



36.

37.

38. %

39. 1

40.

41.

42. 3

43. 3

44,

AEEFRALAITEEXY > THR ;F}]( Voo BA T 3 S A B ) B & (Accuracy) 7
(A)ig * 2 ” 56% (Cross Validation)

(B)3 4v 2 5 5 #0A] S #ic(Parameters) ' % 2 & "F K HCA AR SR R

O):e7 ¢ _%'E- # chF a1 #2(Feature Engineering)

(D)B~iB 22 3¢ * 5 { % % ¥c/45 #e(Variables/Features) 52 3 3 4L

T 7 Hﬂ“fugi ¥ (Statistical Learning) > i S ¥ AL * S04 45 B & T o 5F  f % AE 8 R AL
BHG 2R

(A) “{%}k‘ #+k(Random Forests) (B) 2 = & & #7(Principal Component Analysis)

(C)38 {4 % % (Elastic Net) (D)~ #f32 jF 4f(Classification and Regression Tree)

M %€ 1% # tR(Random Forests)2. A&t » ™ 7 i % I 42 ?
(A)$ * Boosting = j*

(B)i& * 5 % A i ¥ A (Decision Stump) & & i &+
(C)E_- F8¢ 3 # (Re-sampling) £ e i *

(D)BA] " L enid B gL i i

i 53t 5 ¥ (Statistical Learning)™ /23 > 5 B $-3) o3 i (Overfitting) 2. 4xif » 7 7] i@ —“‘F{ 7
52

(A)* & 173 4% 3%(Brror) ¥ % p ** 3 = £ (High Variance)
(B)st fAHA] e S dicii > 2 A FR A i X

(C)t A8 & 5 4 3" JUF 4L & (Training Dataset)

(D)% * Bagging$L ki ¥ it ¥ L 18 & 58 &

Ffﬁigﬁ'ﬂ:i‘?ﬂ”‘f/& DR ATEE R o T AR G R
(A)# F i ¥ (Heterogeneous Computing) i 4=

(B)zz |8 48 P i& & (In-memory Computing) £ %

(C)F #Li# (Data Lake) e *

(D)R# 53 3¢ T4k si(Relational Database Systems) =i/ j%

FHERTHAAT T CRBEE 2 St TP LA
(A) 1B Buehhf B 50 ”‘1"&? T EASLE £ TR

(B) NOSQLF AL B & ke e iR B 1% 18 SLenhf o 58 TORE % 5
(C) Apache Hadoop’v“ * ka4 e (Data Lake)

(D) Apache Spark 7 i§ & * % 2 ¢ it (Streaming) 7 L

# B MapReduce% ;* #-3] (Programming Model)2 #zift » = 7| e # 5 3% 7
(A)re @-7' i & % A2 fp ik 58 (Tterative) e F AL A2 A 7 i A2

B) 4 *+ 30 fic ;N 47 3V 3% % (Functional Programming Languages)

(©)7 ib P RASE TR AR o R ER R A ha 0

(D) Combiner i * ¥ 125> T4l & 2 & 2L(Node)2- ¥ év’ﬂf;i;ﬁ%l

B Y3t ¥ (Statistical Learning) ¥ 24 & 3¢ & 3 (Unsupervised Learning) = i » T 7| 4cif i@
FI F F¥~‘ ?
(A)¥ 1z fé-i;% ‘A& g (Dimensionality Reduction) 01 %
(B)st#g > ;2% ¥ * 2r 45z 42 (Feature Engineering)
(CO)&_- 7f ¢ P 1% % #c (Target Variable) i3 & 3 =
(D) Receiver Operating Characteristic (ROC) # 4% % * k= st g -3 iR ¥

T 7| syt & ¥ (Statistical Learning)n™ 2 23 4E 0 7 & X PR C A& (Scale) R Fe s -
(A8 Y (Decmon Tree Induction) (B) K-iT #5 % j# (k-nearest Neighbors Algorithm)
(C)K-321e K #5 & ;2 (K-means Clustering) (D)% %1% T *# (Stochastic Gradient Descent)

LAz 8 2EEFHMA $5F £ 6F [T ad 8 ]



45, yrie " M HA 38 i (Overfitting) F° 22 2
(A)'% MFFE
(B) AP &S #c® 40 » S8 P it (Regularization) 78
(CO)¥ F 4 17 & 4 1* (Normalization) ¥ /e dZ
(D) * plsF 3okleE 0

46. TR AL A T FE R A - BAY £ R I T AR BT BT
ISE=EL BRSLEL & OBFHEE  D)FH
47. #+Hadoop® » T 7| i@ —“Ff 53 AR R A AT IRAR ?
(A) Input — Reducer — Mapper — Combiner — Output
(B) Input — Mapper — Reducer — Combiner — Output
(C) Input — Mapper — Combiner — Reducer — Output
(D) Input — Reducer — Combiner — Mapper — Output

4. FTHAE L FHZ? -~ AEE 1T L FFHRECZTER® DT AVRES 2D
AFHRar e (B Al (C)e = fF 3 (D)% &3] S8
49. T 7 K T EHadoopPki Spark e 3 45 d ?
(A7 & ?%»?F?*% 3
(B)% %fﬁ°m%«»%
O * B R4pBE* 258 16 (APD) ka2 H s FTpA{71 2
D)% & FhZT o
50. ® 7R3 2 H_ 4 = & & $7(Principal Component Analysis) 2. #4 ?

L5
ﬂ:ﬁi %l“

(A) B2 s s = 2 B)F- 1 XL FE - 1L 1R
(O)if # 7 1235 = 3] g A& (D) »e 2L g st 2 iz



