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Abstract

This thesis use machine learning applied to the pathology reporting system
to output result and diagnostic classification. In general, we can infer the clinical
results of biopsy through the pathological report. However, the initial decision does
not represent the final result for the clinicians, it must be professionally inspected
by a pathologist, and hardly any progress can be made while waiting for the result.
Furthermore, the pathologist needs to type the progress note to the clinicians
when the result were checked; besides a number of diagnostic classifications will
let the work time be extended cause of the discussion. So, this paper use machine
learning to enhance the effectiveness of pathological diagnosis. This paper trains
the test pathology reports to get the diagnosis and classifications with scikit-
learn and TensorFlow, the deep learning framework. We use SVM and Text-CNN
classification model for comparative analysis. The result shows SVM is more
accurate than Text-CNN; the reason is the result affected by the amount of data.
There is no difference in pathological results between the two. Our aims an to
gives immediate feedback to the pathologist and effectively correct its judgment

to shorten clinical communication.

Keyword : Pathology reporting, Diagnostic classification, SVM, Text-CNN
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1.2 HX BAZ# Ak

WXHERAEBRASEREIAI s B A HREREZRAXF I HE
ATANR AT » AR % 22 B B B 3T X RS PR 4R B AR 2 BB 35 B (MCODE) ~ A
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# e E #% (Support Vector Machine) k3 » 2 FRE % BAEZ TensorFlow
F Text-CNN » LB BSRAX T HARELE I EZRADREREZHKZIEE
R BCGER AR o TR R AR R I B 0 A LR RN E BT
BEHNREREREZALRNBREITFRELTHRESEHRER LI L EEZ E
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HABAEE X RBARATRIZIRE 7 S B 5223 RESTIul AR E
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SRRV GBAERRITN  AERBIEANRESEH FEL > BBR
LREE HRRAEHESEMPE -

WX EZFAMRESEE F AR R B R RSB GTR  £F

BEANGBEEARAFHEAIRLE AEREEHRERFERERER
Figure 1.2 ~ Figure 1.3% —ZMAA S L EMARBRAZR » BNAIHH
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2.1 MEH =

2.1.1 BARETRHE

F3f o B K% % " ¥ (Natural Language Processing, NLP) 5 # %t & A %877
RGBT wELF - XFE ABNAALEBE R R EHMAEAHERA
WA RAEET (7 BREFTRERARBHALEE (Artificial Intelligence)
AT RERG —BEN > BMERMORACEHER B X FHY - FHEIA
BEPE XM AN eBEEEART

MEZLERAIBEN B X - Bl ATHENHRAKK "2 | AE
zLa A M4
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TR TES O EFRE EAARER AT ETRANELE LS - BAS
BRAFXTHFRTRENANZE S REZHRRBAFNZEMBLAE Y
CEBBGRIZEEN c BAEXRASN I @ RE2EERMETUAETRG > 47
ZABHBEEEEL RLERPEABNERXTHEE AU SR RS
BARAHEE ) RZOGAMEI R - KB Z B U o =440 Figure 2.12 F ¥
O AT

o EH2% (Supervised Learning) :
HROINREHETEEE —BERX > TP RE - T UARFEEE
HABARAER - EEZFINREZ KL AEIMATWE - 7T DCERAH
ffe BAR o JIRE T oy BAR A B ARRE

o &EE2E (Unsupervised Learning) *
MET2EAHL NRERAAABZENER - FANBRERZERE X

o 332 ¥ (Reinforcement Learning) :
FBBEREBMARTOEE - BEGHEHRSHREAABE  28Y
AR I B 5 B 04 8] B SRR 00 RO AR A )

Unsuperivised Supervised
Learning Learning

Reinforcement
Learning

FIGURE 2.1: #% B2 8 ¥k
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2.1.3 Axn#

XA E LB RETREART —EIEF QM - AR
FA B AE) e 50 FK o FRFABBEZRA (Pattern) T8> £ 2
£ 80 FRA > —EERIA A LB IRETER 2% - BAMOTR AL TR
B AR R top FIAR > EBARRIERIEFIK REERE N > AEOHE 0 EER
HIEFHMR - BRFEZ AT L E HEOHER > H5 2L 90 FREARBE A
BERERKRSEEEHOER > BHVRT —EARARRBEXR IR AR
syl SEMRGERTEHAATFHMIAEZRERE > HEEEL 9] ° 40 Figure
2.2

wwwwwwwww pmre |
- 5 i wg || 2%
2l ek AE g:ib MRE | s La &7 ? A

FIGURE 2.2: AU #EHUiTiE42

2.1.4 HFHE

FHIAR (10 ARELE FPEARRAFLENG  BHBLYEL - R
RF > MBS LY AR IEHIFE R ARG FRIRE Lo e)i842 0 L "BiE
EWMA" B AR THEROLER > MmyEEAL “FAEZLW sl Ak
RN EMER - AMPFHRIERABRNSBEISEA  REHRKRGERN A&

HHRESHFHER IR -

XA BRETARARCA LS AR RREER 24

DARTRER RIS TELALR c XAFRIESMIAARE ~ AET
BHRR AR REBHREAXBBREHTERNER > THELH
RPN RafE & 0 BRI ey R ERE S

AXFHMITAE =y
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o AXFARIE
AXFAREALAXFTRIMEET AT 8BR2  LAMFEILE — R
o BROBHEFTFRATE - F—REZHZ F LML ETRRAEER

FH R BORALIA S 0 AXTARIER A AR R A Mk HERSE A
XGEAT R — B Ay R

o« AXET
AXEATHEORATBAIXBRELZON LB LR TMAEH LR N
X RARPBEEREZNN S Mkt F ok E A ABEE (Bag Of
Words,BOW) 2 % 2 B4 (Vector Space Model) ©

o FFEFTE :
AXBAHEQERBAHERNR  BEREGHFHAREL R > REXE
FAEIERE L HFARBTIFOHSF > K P EEF S RSB HE  BIE
WHBRGHER - FRAFRERARE  HGE &3 2% - AP Hased
RAEBEME RS TFIDF ik 28R A —ERANEZEHEBENAN
89 SRR AELL » SLPT A FA ] R e RBUR R L ©

2.1.5 Term Frequency-Inverse Document Frequency (TF-
IDF)

TF-IDF & —# A R3FEA R B X FMB AR LGSR ik - AR ERMNE
FUCLEXMHTHERGRBERELE > ERFEHEEFCAEEBHNE T LRGER
MR T o B—33% t; 89348 (term frequency, TF) » T & (2-1) X3t H4F4e
EF ng; ongy 2R ETRAELL ot X d BRSO FTE S 28 A
AR B R R R B Ao

TF;; Z,:njk] ' (2-1)
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e XAFHE R (inverse document frequency,IDF) & — Bt HRE & € H M
Frik e X452 FE &4y IDF > T (22) XFE 0 AP D] ABHETHX
s |{j:t ed;}| R EAFR L X EEB -

- b,

B (2-1) XA (2-2) X KAVTURFEH—R % t; 89 TF-IDF #F > & (23) X

TF — IDF,; = TF;; x IDF; * (2-3)

2.1.6 N-Gram(N Z3F)HA)

N-Gram £ — AR GKHZTHAGE X - CHOARABRAB AR @Y
NEHEBFHEITRPINANGEGEORE BRTRELZNGFHHEAF
7] o H—MEAFEH R EMHA gram > HATA gram o9 RSB EITHI > L EEB
TR AT B #ATIBE 0 AR M4 gram P&k > LA BEIRG G EHE
TR PR T OB gram RE—EHF RO ELE - X TREFHF, AB]
% 2-gram MIRERA I R ) RBHT o

2.1.7 Naive Bayes Classifier (¥4 R K4 %835)

Naive Bayes Classifier #K#% B K, € 32 (Bayes) & &A# > X 29 EMFRIE > £
B R P ST ARIEATE B PR B 5 0 A sl AR A
QPSS RFHEN BN ETENRR > TR ARENDFY BARME -
Naive Bayes 238 £ T — B Hbm B HWNE R AR EE LB M B R
MR A T AR S o S IE 89 & A Naive Bayes 38 % A f§ 421k 89  Naive
Bayes 2K 4w (4) FA~ > 2RI EA— L EIHT » XHHENE— 85 6k
o bR 4R R Gk -

p(Doc|Cy) = [T}, P(W;|Cy) > (2-4)
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2.1.8 X #FmEMHE (Support Vector Machine, SVM)

X ¥ & E#% (Support Vector Machine, SVM) $Z3a4¥ 42 48938 4840 > & 1995
Fdi AR EHRETE Vapnik AR E > SVM & 2 43t 323 81800 & L (Kernel
Function) & R#priTA H R4 28 ik > &4 SVM R HER REH RN

TodeRFd  ERANEZRSREALFEGHEAEG B L W EN
MO ERER LA R &R > BATCHAAGBAEIFTH (1]~ AR
W|O(12) - A ER [13] F% 0 ARARLEK S ZE (machine learning) $2 F #E
# (data mining) £ & ikz— o

IHOERAEAN TR ARER AR FEOBES - AR TFTEL—ak
BEAREBEANRBOH ZZHM oM TF& > o Figure 23 - ABFYTAE 7 A
WefEemiE MEITLRANHE (CCEB) ALHAERASHFEAE
&, o [14]

FIGURE 2.3: 2% -F @

TR —EREsRENER T PR —hEF A X s REMNE A Y
@y (EEHEEATABENES) AW XKEHUSEEHKLATBEHRE > it
BEERRANEERE i&4%%’wﬁm@mm@F@mz%wwﬁ
RBERGEhECHBERErHET L —1hdg Lk 24845 83t
BEEABERME ;B PIAR LB dFE M (Instance space) T4 &
FHE 32 R4S B B (Feature space) * 4o Figure 2.5 B X Fw A WA RS
4 o
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FIGURE 2.4: EF»EHN
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2.1.9 REEZL

3

BeH B AR B3 Y — BT RAREEY  RESE X EATRA
EICPESEC ST E TS ST e S Y T
SRR A SRR ) R B S R TR R H AT IR R 60

EH



Chapter 2 ¥t 30 # = 148 B & 7% 12

i e [15] A A @ g R R R B BIER B ] 1980 48 B #8 2 AraR i 8y
Rpok o HE—FHRIASB S BERRFLB A A > BAKFS
WRIEE (GPU) 89 R > ik THREMERETGRE  EHATIFEHERY
2R FEAPATHMNAFR TRRE G UERESE EMEFEROME -

REZENEST ERARA GPU 9B M4 AE S AMES » X 2R
TEBEEFINRBEMNBITEGHHREE > MR ENFETEHEE > L5
HAaglbEA R KRB R > BRRATZTARPR - B ARREET > THE
WaTFPARFAXMMGRETIR MO TPARYEMAER  FBIXF
#& & (word vector) Rl T AF— R E & EE4v Figure 2.6 » Mi@iddh Z M4
BHEATRZABDE HEINZHZ R - A REZLEEBREZAANAER
AZLEFAAS R A FHRRRFEELEZRSRE LGB AREOBERRALELH
PO BT A

|-t Bl )
[apple key,action,Jack] =>[1,5,3,100,...,0,0]
2.4] $“WE?IEJLHAQﬁf~0 | [ B
Sp()[TS == JM'HU é.-'?JU = j f} f11[| ,(}‘()!(),0‘(}’.. $()]e\t’[\
finance => ﬁﬁMin=> FH 1] 46£[1,0,0,0,0,0,-++ 0177

FIGURE 2.6: & &4+

2.1.10 Text-CNN

REBABRBTEHOMARLGEGR T > MA)FTRXF - H—THE
— Bk BEWA—EER > FTAREL —BEFR > LRARFE—ATHETER
KWERATEREZECNNYERZR > BEBHEM N-Gram F 78 > Bp
TR FAMEF C NN EM - st B REFBZTHREZE AR XER Yoon Kim
% % #9 Convolutional Naural Networks for Sentence Classification [16] * 45 # 4v
Figure 2.7 © AR A4 T
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WIANE
4o Figure 2.7 P~ ° AR X 4 F F 69333 H & 89 word vector A (d1 £
2)F) BEZI ey > fR3% 4 FA n B3 0 vector B9 E A ko BAEEMEHR

& n*k e

F—REME

BB 1818 % FE A 4F B % T 18 Feature Map » 54 % T 89 X% h*k
H¥ h R4t EEaEH 0 M k &~ word vector B4 o BiBIE R —
BRAVGBMHE T > H4F2 % TEFH A 1 &) Feature Map °

WAL -

4o Figure 2.7 ¥4 A Max-over-time Pooling 84 7 % ° 3 # ¥ kw2 E
b9 A Z AT — 4t ) Feature Map T4 H & K698 » R RMEREF R R
B o TTEH > 4 Pooling H AT UBAT G KA FARA (B
2R %E Feature Map YA £ VA A EZRBRE TR KRMA) -

22 H 4 Softmax & !
AL —om e Eidi® e X 0 2B — 8 Softmax & >
Softmax & TTARIFAEFS 6 E X E (B % RoRZF K& Loy R oW) -
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2.1.11 REST{ful

— B EAEF S REST R R > #t#& € & RESTful 4% > M REST > BF Re-
source Representational State Transfer (B %K E&ARE) 09155 [17) » R — 5K
KA B 4 o) B AR A4 (WWW) > B 887 R B 3gd /42 X A2 4835 &
I AB1R ¥ B M4 Figure 2.8 °

FIGURE 2.8: R $x#% 7 48 {% &

B REST AT RAMER A X B X EITHRERE > B L£E5H
N #B4F %18 B

o &R (Resource) -
TRHAEBE—ETHE  XRERAEKE—EEEGNE > BT UL —
BAX - —REH - —wHkd - — R BXHA—BABGEE -
HAITUUR —M8 URL #8m€ > B EREE B4 L6y URL 2327
BRAZH A URL s TH4F > Bt URL %R T H—EE RE — & =693
B e

o ®ILE (Representational) :
BRA—MBAREFTHE T ITAAREZERAL K > floo T A E TXT
HTML » XML ~ JSON %4 X, > £2TUHA —#HE KX RB R KRR E
7, o
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o HKRAEH 1L (State Transfer) :
WA RMREREPmAME BW—ALEBE - LAY H
% R BB AR E 0 40 o BAR R @3 HTTP #h 42 & v 8 & = %
Y 69%93 GET ~ POST ~ PUT ~ DELETE © & 1F] % %] # J& v A8 35 K 3% 4F -
GET A &R ER > POST ARAME TR (LTUANEMEIR) > PUT
Fl R ® 3 E R > DELETE A RMkER

2.2 AMMAER

MEEEBEEREMAMKINES  BREANCEDER KBS T8 E
BRENFHF S OB ABHRBERAXRR S ARRN XA oA A& E%
PB4 pE bk Sh K 4o B0 R R B A (18] ~ HN B E R IL T 60 TR B ARAE AR A 48
RBIENHAT F ik Ao B [19] ~ AR E S8 H 8% 22 FARABE [20

- MABZERRALEG AT REEREFAFECERATE (2R
BREFEZMBTENKRBEZEEZTRZRINARAR 21 ARXHEZREBEZTR
ARKHEREAATHBHE BRI T ARIREAHERER  2RAE 28
EUE R R B EE k0 RSP RDEI 0 0 AT AR

M%MmﬁHwﬂM’%E%%?@ﬁﬁ@gw KRR T WX T
UEDBAMANBERNE > FANER>E  LREAHEGEZKX > X
1 TRpef,y m TRk, sy RMREF TR DE - B X HE 04% M X4
%GK&WWDHﬁﬁQ%%%ﬁﬁﬁﬁﬁﬂ%§%¢%%%%ﬁﬁﬁﬂm
Cheng [24] # JE & H4L MRI 484 F $F5] B IK A6 - A ML T2 B9 R MA
BHLERETRENTARLABAELFTNH X BRAKRETRE > T
BABIFERIESGRAED AR R BRI -

Jose HEAMUNZAEKE LB H A HEBLE 8 2B FEFS 250 %X
TREDEHEREALEGFIHELRERERE AR EMIIEYE
PR REFHERT SVM 2B B 53E 86 % » #3 SVM 454 &
e BAR BB A KB R B3R [26] [27) 28] 0 AEE M FRE A L — R Rk -
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ML RRE L E R 29 L&A KRBT REZE OHRA Yoon Kim
B X P T A 2| Text-CNN AR =B HE &> LA AT 81% B - HAt
RBAET AR B RE T 23 NS BT 0 58 R b 8 o

BB AT EF R T My BB WA AREEREAMEA &)
Hb— @R R AR RS HELHRERANL  AFEROELRE
NEFRE BEELEEHRE > MBELOERLME - LREXBLETFEER
@ Fielding Af44 il 69 REST AR TR — B F 56981 > 3 AREF 4 &
REHEEATAEE » AL R LR LR > Mbh G H BT R
%2z AKX [30] 0 B REST R L&A FAEM [31] REET S5 R AR
PR -
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Rk E

3.1.1 FRA¥ELE 4244

R R ELE A A = 2R BRI sk - B K B - B P ¥4 Figure
3.1 AT B &m B AR

o B INGR% (Test & Training) :
WHREBEARI S BAGERMELI R I RAIRA s BRRESE XAy
#a o

o BaKEH (Module) :
AR B R AR E E i BRI RIS 0 UERE A &%
A

e BP0 (Client) : &7 o 6 A A2 X o o] 2 3% 8 4 B -

17
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HlE > LB —_—
i n CPU:
Al MR o
y T— Intel®Core 2 2.83 GHz
= Memory ! 1G
s OPU: = CPU :
Intel ®Core i5-6500 3.20 GHz Intel®Xeon E5-2630 2.60GHz
= Memory : 4G = VCPU: 4 =
» Memory : 2G &P = CPU:
Intel®Core 15 3.20 GHz
= Memory : 4G

FIGURE 3.1: AR B2 fe E 2244 B

3.1.2 AXpiasiRl g

YRR B YA R RIS AR REERE S AL
X BRBTFAXRES > EEET o wREABIKIZ > 4o Figure 3.2 XTF
BRI v9 K AL 400 £ B oh 4 ¢

(1) BFH#IAE 4 (DataGet Module) :
AR THEENE T ERRALREXFTRERENEREETH
B BB aAMERRE

(2) 2 &A% (Tag Module) :
A LA A TR B R R IR E » 2 RIN AT H4Ze ICD-0-3 FrA E X
MCDOE ~ TCODE #om3 4% » ¥ pgEamnyfasm o

(3) BAREZT RIEA A (NLP Module)
TZEMRERERENZAREGART  EHERBRERSE B E
(Segmentaion) * REZ KBRS FHEZXR > Bk Baas @ hE

(Filter Process) ~ 1% (Segmentaion Process)

(4) NeRHLAIAAL 4 (Training and Testing Module) :
FZEBNAFABERRAI BT ERRES Y ik RDA LB RER
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L& ERERE 0 R XAE A 69 4 %8 %5 A Naive Bayes Classifler ~ SVM ~
Text-CNN -

Wi N

BERISE HE G E

| TF-IDF E

gk

_________________________________________________

FIGURE 3.2: A X /A4 2244
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3.1.3 EHEREA

BOFHEL 440 Figure 3.3 » £ BT B M E MBI RERSE -

HIS
Database Database Database

!

FIGURE 3.3: Bk #aRAE 4

BATAEAAREREXFEERZA S L KRE HIS(Health Information
System) BHREF % £ RVREXFILELL - RAZHXFER LR
FERIRIZHE BIEE R X EHENE -
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3.1.4 BEH4A

12 B 4w Figure 3.4 0 £ FETH X3RN ERERE XF 4L MCODE -
TCODE ~ /B3 4& 4 RAZ K -

FIGURE 3.4: 2%t 4@

b B AR IERE AR R = B ERIERE T NEAT TR
MCODE ~ TCODE ~ /%33R E4&R » W@ T —Haf L an & a 5% -
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3.1.5 BARETREHESM

B ARET REM M4 Figure 3.5 £ 8 B 895 2 X2 R L3R5 X F 4
EFREBRT o B FE DR HFEE I (Feature Selectionu) ~ 4 %418 78 H
URHNREARZA - HaatEm AR HiER K (Filter Processing) * % —

27 71 2142 X, (Segmentation Processing) ©

- HRTE

BHHIER

[ wooe |

{ TCODE

{ rmem |

FIGURE 3.5: BAARE T RIEM M
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A BEARERENBTBATA LRI ARARSE s R EHR
ZXF Bl BERR L~ REFIR AR F4e Table 3.1 0 B b{E A fHEAR
A (Filter Processing) # 2 tr B H R F 5 HEERAE F 5 32X
(Segmentation Processing) #% % AT 4% # 4% 44 2 MCODE * TCODE ~ & 32 & R 4
B R A E BB BRI E XX FRIR—E—BF » T EE
WA AE KR > XM AR R B F -

TABLE 3.1: B &SRB &

TR B HEIR X F 5 &

Pathologic diagnosis | Pathological diagnosis

Gross description Microscopic description
Comment Dr. xxxx (% %)
Maligncancy Infection

Pathological No.

BBFBEEARERETREENE > BERERLE TR IR (Doc) » A%
FHRAEE BRI XMHES (C) ThwA C = {Doci, Docy, Docs, ..., Doc, } °
BN E AR REE Doc A4 AMMEEZNZF  £— A& MCODE » TCODE
B A (mcode) (tcode) Hym B EER (rpm) > =K HEIRE (report) > Bk
Doc & % # Doc, = {mcode,,report,} > Mk EIR%E (report) £ B KRBT H
MRBHRRHT A BEXF (Word) > Bl (report) T A B R E & & report, =
{Wn1, Wn2, Wng, ooy Wom } * B F Wy BT F 1 BREREFTHE m BF -

3.1.6 R ELRAAR A

DR EIA R 4 0 E TR IR IE b BAT A e LR A 4 48 B R B BRA R
%o Figure 3.6 °
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Naive Bayes TextCNN

FIGURE 3.6: 34k asa

BARBEHB A RJTREAIXARREZE X BHBRER ST LA
TF-IDF 7 X EE R w5 %8 % Naive Bayes & SVM > RE 2 F F X 48 A #ER
B N-Grams 23851 A Text-CNN > F—E& % emip L R84 -

%247 XX TF-IDF 75 K BAFHF M E4v Figure 3.7H A R4 F AT ©
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TF—[DEJ:TEJXHHQ%&U[DE:hwE%%m’@Q)
£+ TF; x IDF, R&&F— 53t Bk ey TF-IDF &R > |D| REBERE
BUEH )t € dj| REZ word AREREHABH - BREAEARE
FREIRE > P RESHE report; = {wy, Wy, We, Wa, We, Wy, We, We } * TEPOTEy =
{wg, we, wy, wy} > % B HE w, #9 TF-IDF 5 > B2 /BESE IDF, > i —3
MBRERE Bk D=2 HERE w, FHRERB T (report;) ¥ > Bk
j:t; €d;| =1 ATk IDF; =log(3) = 0.301 > 8] TF,; x IDF; = 0.25 x 0.301 >
R w, # TF-IDF &% 0.0775 °

}

s |

E | B
v v \ 4 .
TF-IDF TF-IDF TF-IDF TFIDF  §
Value Value Value Value

FIGURE 3.7: TF-IDF BAF45 4 &



Chapter 3 % #2x3t 1 15 26

LA IF-IDF # B BB ME X F AT FE £ 1% 0 #F H KA Naive Bayes & SVM
d 24k 3t 788 MCODE ~ TCODE ~ /RIE L4 32 » 2 B R o

FEZEE A Text-CNN R4S 4E » AT 2 o MEETHE

1 FmERESs B4 !
3% 4 F @ & & A K E (maxSentenceLength) = 56 ° R R K E# 0° HR
% CNN t98NE & — 8% — 4 > maxSentenceLength ¥ BAF A% image
W% e IR E XM (X text) PAR S HIERE (doc) H Y HH S 4 F -
BT RT X_text = [{W, Wy, W AWy W, . . {W; W, W/}]~
R R e R (dic) 2HRE dic={W,:1,W,:1,W,:3,..}> Bl
X _text THATHOFEHE| 230 ..0],[4500 ..0],
[m—1 m 3 0 ..0]] » @& ey doc B4 'W, W, W/ RAIEIKK [1450..0]°
F BB ERBRLTET RO EEE M M x embeddingSize K/
Mk o H o M ZFH dic 89 K/ embeddingSize 73 %) & YA 3L o
%% 128 RAl#isde T Figure 3.8 °

index vocab Win-128
0 W, [[-0.88702912 0.77074695 .., -0.58884251 0.56960434)
1 w, [-0.35301754 -0.74718404 08568539 -0.97576588]
2 W, [-0.67536247 0.76219553 .., -0.5886898  0.56818742)
3 Wy [0.41945928 -0.25878668 .., 0.26236984 0.52249086)
4 W, [-0.10533118 050658941 .., 0.87267232 0.16990113]
5 W. [0.41945928 -0.25878668 .., 026236984 0.52249086)
M-1 Wg [-0.45372915 0.4625392 .., -0.5167408 0.13936591]
M w, [-0.0376482 0.22046733 ..., 0.84B04225 -0.57162309]]

FIGURE 3.8: 1) & #8834 [E # 45 [

2. BAgidAE
&% Figure 3.8 ik~ A T B Figure 3.9 X T 5B E EZ X EMEH
Figure 3.10 X ¥ 7T & 2| filter size & E & 3 ° W X F &) filter #» N-Grams
1o AR 0 R R B AR B BAT B LR 4o Figure AT A$ 3 w3l 8] -



Chapter 3 % #3245 27

e

LR

input = (batchsize X width x height)
=(1x128 % 56)

FIGURE 3.9: f/blitk4E e 2 35,

W =[filter_size,embedding_size]
=[3,128]

FiGURE 3.10: %%

(1) 4 & 54 M & — 18 patch, % —18 patch Fo &4 09 RAEHIE conv 3|
w28 —MELE > patch A LB TiFE > 52 T EE conv °

(2) BB E conv ik E b 452 con_b -
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(3) con_ b ALK IEE  1FE]HLER con b pool » EF con b pool
A — BB PHBARRETT —REBBE (fea
ture_map) M — K feature map 4 B A S — BB > T B BLA
T — £ K 128 x 3 = 384 B EAAIRA 0 AT GBI G) 384 B4
20 Bp T A BT XA UEAT TR 0 RAZ M KA BLE A softmax AT
$AKX4TF ° Figure 3.11

1E €}y
IIIII - I +b=|—ﬂ+l
I
‘ 128) cony conv b conv_b_pool 1={1,1]
height-1
input
(1)

R conv = ((height - (filter_size - 1)) x (width-128+1))
1P HTH 128 = input fYH =(56-(3-1)) x (128-128+1))
BiEL » patch HAEER EEITI8E) - =(54x1)

2.patch JE#F(height-1) » 558 -

FIcUrE 3.11: % #1845

3.2 Ehwhik

3.2.1 AU FaRE

WXAAMBELERBILRERSE 2% URITFRESEHRERS X
B BERBARBETAREEZENREREAATHRERI A AT
AREZEM  UTHALEETHRR  ERIAB - R3FFEHE -

3.2.1.1 EFHRER

WX ZAEAAEERBE R RIERE > TR ASMA (2014 F 12 A 2
2017 F 1 A - AN RESERERAhREEGRIFEAMETHAIREIRLSE
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R ABITHRER

BATEAAH BN TERER » RaXARTETRLER

BATER  BREEHN2E 7 T%2 > £+M CODE A TCODE £# 4 7370

% 4a Table 3.2 ~ Table 3.3 £ O »

3.2.1.2

TABLE 3.2: MCODE & # & &

[ mEERT AR TREREZDH -

0) B |U |M P |1 | 443
MCODE - 13799 | 182 | 2731 | 658 | - 7370
8B 19697 - h - 39 | 19736
kg | 19697 | 3799 | 182 | 2731 | 658 | 39 | 27106

TABLE 3.3: TCODE & k4%

o) B |[U |M P |1 |44
TCODE - 13799 | 182 | 2731 | 658 | - 7370
8B 19697 - - - 39 | 19736
kg | 19697 | 3799 | 182 | 2731 | 658 | 39 | 27106

K8 B
AERBRBELEYRANREREZLZI oW TEAILY

EEA,/.‘

DTG BT R &

RZDHB - DERB A RN B
Bayes & SVM #1315 8 RATRE 2 8 7 ik Text-CNN F A F 8> m& 287
P ¥ AR R #EUAF L (Feature) 7 7% Naive Bayes & SVM £ A TF-IDF >

Text-CNN 4 B N-Grame H & #4w Table 3.4

N B ERLTY

BEZEH ) RAENFE S Naive

TABLE 3.4: EEIE 8
ik
B 3
Naive Bayes SVM Text-CNN
TF-IDF F-Measure F-Measure -
N-Grame - - F-Measure
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3.2.1.3 &R A

MR RAB R AR ENEERR U RERESERER
Z K 0 ¥ A Precision > Recall 2 F-measure # /A A3 E4542 > A F =38
B A2 %2 Precision ~ Recall #2 F-measure 2 = :

(1) #%#& % (Precision) * TR 28 7 AR EFE MK R o 2 KXdo Figure 3.12
e TP 0
Precision=—x100%
TP+FP
FIGURE 3.12: #4#E % (Precision)

(2) BE%E (Recall) : B % F A Eskeo k% - X4 Figure 3.13

RecallzL x100%
TP+FN

FIGURE 3.13: 4 @ % (Recall)

(3) F-measure : B9% Precision ¥ Recall % €4 —Bie & 7 — A RIKSGHER
M F-measure %84T M H 6945 o R4 Figure 3.14

2XprecisionXrecall

F-measure = —
precision+recall

FIGURE 3.14: F-measure

X 7 F-measure % %8 % 4% % /ME A 3R A 42 (Confusion Matrix) ~ ROC #h 4%
(Receiver Operating Characteristic Curve) 1F 2 7R F] @ &) Z3F6 16548 © T 7 A %
AP AEIEARARRE

(1) RA4E™ (Confusion Matrix) * AL X MR £ LM > & KM EFEQ
—RARREAAX 0 A n AT n FleEREA R ET 0 4o Figure 3.15° ¥ T &
H A TRRE M
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Prediction Class

YES NO

‘Actual Class YES | True Positive | False Negative

(TP) (FN)
NO | False Positive

True Negative

(FP) (TN)

FIGURE 3.15: :RF&EME

o EMtE (TP, True Positive) : # & E#E > X4 : 4 ¥ (hit)
. B

M (FP False Positive) * $43% 897 € » X 4% ' B % 4R (false alarm)

b
o E[&M (TN, True Negative) : E# 8 F € > X #% ¢ E#EIER (correct
rejection)

# M (FN,False Negative) : 453289 % € > X 4% ¢ K4 F (miss)

(2) ROC #h 4% (Receiver Operating Characteristic Curve)

: ROC dh 42 & 418 A
RBET AR

69 TP-rate(True positive rate) #2 FP-rate(False positive rate)

8948 % TR L > X dh & 5T FP-rate ~ Y #%& 5~ TP-rate > 4v Figure 3.1688

TEZEsBEESRER;BOER (0,0) RETESLERGHEN » 2 B

THBBLEEREH B BAALRLE S @ (0,1) RE

5
S
vy
B
=
=
m
4
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ROC Space
1 T T T T T T T . L 5
----- Random guess]

Pefect Classification ’

09 ’ -

08 / -

- ’ -
0.7 /

TPR or sensitivity
(=] (=
o L1
| I
o
“
b Y
Y
b Y
| 1

o
=

I

~
N
\
N
b
.

(=]
w
I
|

o
L]
I
~
Y
~
N
N
~
A
Oe
1

ol I | I 1 | I ] | |
0 01 0.2 03 04 0.5 06 0.7 0.8 0.9 1
FPR or (1 - specificity)

FICURE 3.16: =A% ey %% £ ROC £

(3) RP #h4% (Precision-Recall Curve) : #58# £ % y 3> Z @ X4 x #hdw Figure
317 HHEZRME > ZEWEMS - PR #4r 8 ROC ¢ 4R 4948 F) 26 L 41 4% A
T TP-rate > ™ PR #i41£ A 7 Precision * b PR #h 42 e) RBIEAZE T £
IR o BB AR FHTPAE T BN E BB SRS 0 AT AL LT PR bk
J& 2B B ROC ko
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1 T T T T
! Algorithm 1
: Algorithm 2 -
0.8 4 .
§
9% 0.6 1
m
-
[3)
@
4 0.4 7
Ay
0.2 i
0 1 1 1 1
0 0.2 0.4 0.6 0.8 1
Recall

FIGURE 3.17: RP #4&+ %

3.2.2 HAEE P 3R

WX —ERBATEEERFZ IR L 0 FEA K E E ok SRS
HEZRPATUER » B SR EEE % % Window XP 32 fi27L » Window
7324170 0 WAE AR ARBHAT 0 A o 23R FARAe Figure 3.18

N
|

T

Windows’

FIGURE 3.18: B4 & & 3 A3
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B A& R

4.1 FWIRIE

—EAEREEE BRI Figure 3.1 FAIRI k% > NERTHKEER
BB ERHRALSRE B EREIE - HAD R LR B XA 2 2k
o AR AAREMNIR A4 Table 4.1/~ > & B TR TRBEAE S
Z ARG B E 0 R AR IR B IR AS AR P A A B3R X
ME o HBAK EmIE P 3 R 7 S R B IR A 4o Table 4.2 ~ Table 4.3
Table 44777 °

TABLE 4.1: B3R 2| &k sk 22 fir B

AR Gkon (KAL)

¥ 4% Windowl0 64x

Python v3.5
wREXEE

C# 6.0
S — Scikit-learn 0.19.1
N ER B AR 27

Tensorflow v1.4

Framework Microsoft .NET Framework 4.5

34
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TABLE 4.2: 4K BB E

BAK B (EEA)

¥ %% Ubuntu 16.04.3 64x
£ A XES Python v3.5
Scikit-learn 0.19.1
I SRR RAE 22

Tensorflow v1.4

API Z# 2 # Flask-RESTful 0.3.1

TABLE 4.3: B FP3%EE (clientA)

BP o (B RK)

¥ %% Window XP 32x
ERAZX3ES VBNET
ERREE REREZRAK
Framework Microsof .NET Framework 4.0

TABLE 4.4: B P 3RELE (clientB)

P (KA

¥ 4% Window W7 32x
#RA#ZXEZ VB.NET
A%k RERLEZRSK
Framework Microsof .NET Framework 4.5

ML B P £ A % ARAE &R R 48 AW indowl0 » 8 A4 & 3%
Ubuntu 16.04.3 * & P 3% W indow XP » 3k 214 A1 Bk &k £ Z R B HE T
L BRI EMKEBEMBEY RESTIul API B P 3% T HAT RS » AR
C# ~ VB.INET X F#& A API 4R % 5] A Framework4.0 $A £ > FfLA7T & 2]
B P &R 5L AR I Framework BRA o
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4.2 E&EXR

4.2.1 Naive Bayes & &% &

# i TF-IDF 34 45 4L 4k % 9,618 18 » 4 /4 % 46 # MOCDE % 328 -
TCODE 4% 186 % % & £ 4 6 21X 1A B % Naive Bayes 2 MOCDE »
TCODE ~ mELERZ FBER !

(1) #Er#5 MCODE * R ER&ERBERA X RHEHE R 65% 4o Figure 41777 >
HREEA A% ~ BEE A 63% ~ F1-Measure & 55%

1.0 ! ! ! ! ! !

(1) S O SO SO O SO SR
08L i
0.7 Lot

06~ - pes :

Accuracy

0.8 oo b

: : : s—e training accuracy
; ; - = = validation accuracy

| | I | | |
0 1000 2000 3000 4000 5000 6000 7000
Number of training samples

0.1

FIGURE 4.1: Naive Bayes MCODE ##£ &

(2) £ #74# TCODE @ X T 54 Rk H LA 58% 4o Figure 4.277 7 >
AEEES 53% ~ BEEH 58% ~ F1-Measure & 51%
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1.0 ! ! ! ! ! !

T

0.7 b

0.6 o]

Accuracy

0.5 _

04 b T i

: : : e—e training accuracy
: : - = = validation accuracy

| | I | | |
0 1000 2000 3000 4000 5000 6000 7000
Number of training samples

0.1

FIGURE 4.2: Naive Bayes TCODE ##§ &

(3) MELR  ATREFERAZIRKSEREE 95% 4o Figure 43577 > £ E
A 94% ~ BE %% 95% ~ F1-Measure & 94%

1.0 ! ! ! !

09 -

0.6 k]

Accuracy

03 b
: : e—e training accuracy
f f = = validation accuracy

D.l I I | |
0 5000 10000 15000 20000 25000

Number of training samples

FIGURE 4.3: Naive Bayes /&3 & % E# &
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B L7 F 5T & Naive Bayes J& A 7% B3R % 4 #% MCODE » TCODE
#) F1-Measure &8 R A28 55% > T AL A TTAE R B AR AN R IE AR % 2
7 MRIMLERHE AN HERSARE -

4.2.2 SVM Fh& X

i#% i@ TF-IDF BRAF45F8 5 9,618 18 > & 5 %8 48 % MOCDE A& 328 »
TCODE 4 186 ~ /¥ &% % 6> B 7B B A SVM 2 MOCDE ~ TCODE - 7
HERZ THRER

(1) #7425 MCODE : HER&ERBAZRHEHAE A 5% o Figure 4.477 5w >
HEES A% ~ BEE A 95% ~ F1-Measure & 94%

A1 . ' ! ! ! !

!

0.9 _”_.””¢.““.”nm.”;.;“iq'_n".éfrr.ﬁ:%lﬂfﬂ’f?f ........ -
0.7 b e

Accuracy

05 b

N NYNNYNYYY

0.3 b i

e—e training accuracy

0.2 b CE |
: : : = = validation accuracy

0. 1 I I I | | |
0 1000 2000 3000 4000 5000 6000 7000

NMumber of training samples

FIGURE 4.4: SVM MCODE ##& &

(2) #7485 TCODE : A EMm&ERBAI R HEEE A 94% 4o Figure 45877 >
HEEA 3% ~ BEER A 94% ~ F1-Measure & 94%



Chapter 4 BB % % 39

Accuracy

(3) mITLRE £

1.0

0.9

0.8

0.7

0.6

0.5

0.4

0.3

0.2

0.1

e—e training accuracy
| = = validation accuracy

| | |
1000 2000 3000 4000 5000 6000 7000
Number of training samples

FIGURE 4.5: SVM TCODE ##§ &

BRI RS EEE A 98% 4o Figure 4.677 57 » 45 &

'
2 98% ~ BEE A 98% ~ F1-Measure & 98%

Accuracy

1.0

0.9

0.8

0.7

0.6

0.5

0.4

0.3

0.2

0.1

—F a1
e—e training accuracy
i | = = validation accuracy ||
| | | |
0 5000 10000 15000 20000 25000

Number of training samples

FIGURE 4.6: SVM /RI 4 £ &k



Chapter 4 B84 R 40

B L ERT A H SVM JEA 7% E k% % 47 MCODE * TCODE ~ 7 32
R Fl-Measure A5 & B A8 &7 90% 8 2R kA2 Naive Bayes ¥ Al &gk % o

4.2.3 Text-CNN T Exis £

T %38 B A Text-CNN 2 MOCDE ~ TCODE ~ BEL&RZ TRER !

(1) % &7#% MCODE : R ERERERIRZHEEE A 91% * 1K loss & 0.3
4u Figure 4.7A77~ > A EE & 89% ~ B @ E % 91% ~ F1-Measure & 90%

accuracy_1 loss
0.800 " b
py T 3.00
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| | ¥
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¥ N WA -
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0.000 600.0 1.200k 1,800k 0.000 600.0 1.200k 1.200k

FIGURE 4.7: Text-CNN MCODE # % & % loss

(2) 2Ei# TCODE : A RS EBERZ RS EEE L 85% > KAk loss & 0.5 4o
Figure 4.8F5~ > AR E & 85% ~ B @ F % 86% ~ F1-Measure & 85%

accuracy_1 loss
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FIGURE 4.8: Text-CNN TCODE ##£ E & loss

(3) MELER  REREREA LR GEE A 8% » &K loss & 0.06 4 Figure
4.9F > AFRE B 8% ~ B EF A 98% ~ F1-Measure & 98%
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accuracy_1
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FIGURE 4.9: Text-CNN R & X &2 B & loss
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T34 Figure 410 T A B & BESHW RELERZ BRI E KRR £
HIERR A B R Y BRFESHEAK S > @ MCODE ~ TCODE {&PA A
2| £ Ll 8B F A SVM>Text-CNN>Naive Bayes * /R 8 & Text-CNN ¥ & Lk
SVM n#54E 5% -

Naive Bayes SVM TextCNN
5H THAERE | 014 |Fl-Measure | #2ERE | H[0]% | F1-Measure | #5281 | & [0]%8 | F1-Measure
MCODE 0.54 0.63 0.55 0.94 0.95 0.94 0.89 0.91 0.9
TCODE 0.53 0.58 0.51 0.93 0.94 0.94 0.85 0.86 0.85
JRHEAEE | 094 0.95 0.94 0.98 0.98 0.98 0.98 0.98 0.98
FIGURE 4.10: p3a B & R48 %
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4.2.5 SVM »#a % 1EH

F & SVM %841 A &

(1) ’R#A %= (Confusion Matrix)
BN HAERED
H— AR AR A RELERX  HRES

RPAREE K 43R
WwBRMERE M
LE -

Confusion matrix, without normalization

BMERER P ERTRE

/t / %E@ ROC E‘b%‘?ﬂ RP di?é?%%x 4 *)‘T

UTFHERAREERRMERZ ZR S AR
tb Figure 4.11 ~ Figure 4.12 > SURF % B B 4167 &

THAEMZ LR > X 285 AR &
& BUHREBAIMAZMERE  EHEAEA 12731 ARALERE TLEZR
A BN RMERTEHATH LR MERL ALY
O Rt > ¥ tb R4R R 2] 92%

1

T T T T T T T
gl3678 0O 4 103 1 0 0
(L O 30 0 9 0 ] 0
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2 plL120 1 21 7 0 0
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plL 11 0 4 37 603 1 0
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FIGURE 4.11: RAERE (FhA$)
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Mormalized confusion matrix

T T T T T T 1.0
g JEEXM 0.00 000 003 000 0.00 0.00] -
18 0.00 0.00 0.00_ 0.8
0.7
M 0.00 0.00 0.00_
- 0.6
©
2 o 0.00 0.00 0.00 [do5
=
= -4 0.4
pl0.02 000 0.01 0.00 |
H0.3
ul0.04 0.00 0.03 0.00 .-
v 0.00 0.00 0.00 0.00 0.00 0.00 10.1
] 1 ] ] ] ] L1 0.0

e N o o] Q D +
Predicted label

FIGURE 4.12: RA4LEMR (B 4 Lb)

(2) ROC # % (Receiver Operating Characteristic Curve) @ YA T # & E & R 548
£ A ROC w4 Figure 4132 28 > TEHEH LT BEANRKRELRAI T ER
A EARsEey 0 M ROC b AT A EH R AR - 24 ROC 55
HORFLE T E H 69453% 0 ROC sh4k RAEM & 048 B4F RAR4F ©
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ROC Curves
T T T T
1.0 }-" e
-
-
-
-~
0.8 } P ]
-
g ol
1%}
i " = ROC curve of class 0 {area = 1.00) i
E r = ROC curve of class 1 (area = 1.00)
'g = ROC curve of class 2 (area = 1.00)
t 04l == ROC curve of class 3 {area = 1.00) i
E = ROC curve of class 4 (area = 1.00)
I ROC curve of class 5 (area = 1.00)
0.2+ »7 | = ROC curve of class 6 (area = 1.00) 8
a 3 1 micro-average ROC curve (area = 1.00)
ol 11 macro-average ROC curve (area = 1.00)
0.0 - : L .
0.0 0.2 0.4 0.6 0.8 1.0

False Positive Rate

FIGURE 4.13: ROC # 4%

(3) RP 4 (Precision-Recall Curve) : X FH#HBREL R 5 %% H RP dh 4
Figure 4 142 2R AL REZR A BRABART O BRI > A TA LS5
BRANKREBLERFI T LAAE ARG > ™ RP s M4 oy RE& M
EABEAREZBILEZREREN X 2485 FEFRIVIGEREHFEN1
ZEHERBZR > AT AR L FRERTRE LA PR -

Precision-Recall Curve

1.0 w —ET I.- AR P

Precision-recall curve of class 3 (area = 0.999)
Precision-recall curve of class 4 (area = 0.982)
0.2 H Precision-recall curve of class 5 (area = 0.933)
-  Precision-recall curve of class 6 (area = 1.000)
v micro-average Precision-recall curve (area = 0.994)

D-o Il Il Il Il
0.0 0.2 0.4 0.6 0.8 1.0

Recall

0.8 |
c 0.6 —
.g = Precision-recall curve of class 0 (area = 0.975)
'5 = Precision-recall curve of class 1 (area = 0.944)
& 04— Precision-recall curve of class 2 (area = 0.997)

FIGURE 4.14: PR #4
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4.2.6 BAEE P ARk

HE-—FEFERAGRISEEARE ERFARE LE SRS > #RRE
BB P TR > ML ERAABRZIRNE ZEP b E AR 4 Figure 3.1
B % % 9 %1 & WindowXP(client A) & Window7(client B) » sA-F34:1:K = A
500 £RIPRERBEALT AR A X £ B E R4 Figure 4.15 ~ Figure 4.16 » T&
2] client AZ P ARERKSDES 52 TH RS A A 7813 £4 > M client
BEPAMMABRSGRKDES 46 T MR HDES 59 B8 > H T4 2| client
A3 500 £ AR E A 55.206 8 clientB A & 49.124 =4 7T L&
IR B R FRR AL F L AR PR R ER -
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5.1 3%

MEPHNRACERRFZIFAEFOHN B BREZEFHRA > T
BB ET MG RAIMERERFFRAGRA - KX ERZUKBE LT
AR mRERELZ S AZARBEEHERASE 58 > HILRE BN BITR
LRIBRETAHEN SR ERLFREETRIEDEAER - & —F0F
BRERMERERLLANRE EARRRRECHZIRELRADE A IR
EORERGAMBLER—RREZETARLBBEENES  BREA
RREZEXL N BRBSHNREERIR 2 ERK > MW 8ETE B E 4L
RETBBES AV SE o BREZEELIENEAERELEA—_BRE
% n#A45 I B A #8 ) 140 MCODE B B 8140/3 % #% % Adencarcinoma,
NOS » #h A# & 565 % ° 8210/3 % #% %A Adencarcinoma in adenomatous polyp °
HRAEA 1 £ HARBEMPIERER R —AFIE A 8140/3 58 < 5 4
IR B AR 8 A B F BT K B e Figure 5177~ M35 S lid £ L
ZTF 4 %1 %A 8330/3 Follicular carcinoma > #k &% % 10 % - 8341/3/3 Papillary
microcarcinoma * th A A 12 £ EREZ AR BRMTHR s BMAHEALS

LB XFHBEEAENREAER > I THRARBREARE IR
BEBRVZ BT H RIS Text-CNN B EEE o 5 3 H EIRIBIER
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FER 1. FIANMEMESF R ERXEST -

%matplotlib inline

from sklearn import datasets,metrics
import pickle

import matplotlib.pyplot as plt

from sklearn.manifold import Isomap

W ER 2 REE M LA o

#3% BCE O
#3 & F H
twenty_train = datasets.load_files (3|4 & # % 12)
#7RX F M

twenty_test = datasets.load_files(# 3 & # 8 4&)

# EEHFEEORD KRB IRTHEE MREAN ARTHEE
print(len(twenty_train.target_names), len(twenty_train.data), len(twenty_test.

target_names), len(twenty_test.data))
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S B 1. T EE4E

from sklearn.feature_extraction.text import CountVectorizer

count_vect = CountVectorizer(min_df=1, stop_words="english", decode_error='ignore')
X_train_counts = count_vect.fit_transform(twenty_train.data)
num_samples, num_features = X_train_counts.shape

print ("#sample: %d, #feature: %d" % (num_samples, num_features))

FER 2. 48 A TF-IDF #AT45 23R -

from sklearn.feature_extraction.text import TfidfTransformer
tfidf_transformer = TfidfTransformer ()

X_train_tfidf = tfidf_transformer.fit_transform(X_train_counts)
num_samples, num_features = X_train_tfidf.shape

print ("#sample: %d, #feature: %d" % (num_samples, num_features))

tfidf_transformer.get_feature_names ()

s

A3 REMI>BREREREH

F B 1. 3] A from sklearn.pipeline £#1# B Pipeline $h4T4% -

from sklearn.pipeline import Pipeline

#3E 3

text_clf _NB = Pipeline([('vect', CountVectorizer(stop_words="english", decode_error=
ignore')),

('tfidf', TfidfTransformer()),

('clf', MultinomialNB()),

D

t = time ()
#IAT
text_clf _NB = text_clf_NB.fit(twenty_train.data, twenty_train.target)

print("training time: %f" % round(time()-t, 3))

TH 2 BAREHZR -

from sklearn.cross_validation import cross_val_score

from sklearn.learning_curve import learning_curve
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scores = cross_val_score(estimator=text_clf_NB, X=twenty_train.data, y=twenty_train.
target, cv=10, n_jobs=1)

print (scores)

train_sizes, train_scores, test_scores = scores = learning_curve(estimator=text_clf_NB
, X=twenty_train.data, y=twenty_train.target,train_sizes=np.linspace(0.1, 1.0, 10)

, cv=10, n_jobs=1)

train_mean = np.mean(train_scores, axis=1)
train_std = np.std(train_scores, axis=1)
test_mean = np.mean(test_scores, axis=1)

test_std = np.std(test_scores, axis=1)

plt.plot(train_sizes, train_mean, color='blue', marker='o', markersize=5, label='
training accuracy')

plt.fill_between(train_sizes, train_mean + train_std, train_mean - train_std, alpha
=0.15, color='blue')

plt.plot(train_sizes, test_mean, color='green', linestyle='--', marker='s', markersize
=5, label='validation accuracy')

plt.fill_between(train_sizes, test_mean + test_std, test_mean - test_std, alpha=0.15,
color='green')

plt.grid ()

plt.xlabel ('Number of training samples')

plt.ylabel('Accuracy')

plt.legend(loc="'lower right')

plt.ylim([0.1, 1.01)

plt.show ()

A4 HREKER

1N numpy EINEEA K E accuracy score ok ¥

import numpy as np

from sklearn.metrics import accuracy_score

docs_test = twenty_test.data

t = time()

pred_NB = text_clf_NB.predict(docs_test)

print ("testing time: %f" 7 round(time()-t, 3))
accuracy = accuracy_score(twenty_test.target, pred_NB)
print ("Accuracy:", accuracy)

print (metrics.classification_report(twenty_test.target, pred_NB))
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1# A .pickle BP =T & 31 s A2 A B AT

f = open('./# % .pickle', 'wb')
obj ={"twenty_train":twenty_train,"text_clf_SVM":text_clf_SVM}

pickle.dump (obj,f)

f.close()
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#8235 KA

B.1 ZEEREH

FER 1. FIANMEMESF R ERXEST -

%matplotlib inline

from sklearn import datasets,metrics
import pickle

import matplotlib.pyplot as plt

from sklearn.manifold import Isomap

PR 2. A M LA -

7 H
#9| 4 BoH
twenty_train = datasets.load_files (34 & # % 12)
#3X B H

twenty_test = datasets.load_files (B3 & # & 1&)

# BEBHEEOR D &EB|A DGR EREE MAAS ARXETHEE
print(len(twenty_train.target_names), len(twenty_train.data), len(twenty_test.

target_names), len(twenty_test.data))
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from sklearn.feature_extraction.text import CountVectorizer

count_vect = CountVectorizer(min_df=1, stop_words="english", decode_error='ignore')
X_train_counts = count_vect.fit_transform(twenty_train.data)
num_samples, num_features = X_train_counts.shape

print ("#sample: %d, #feature: %d" % (num_samples, num_features))

B EBE 2. 42 A TF-IDF 4T3 -

from sklearn.feature_extraction.text import TfidfTransformer
tfidf_transformer = TfidfTransformer ()

X_train_tfidf = tfidf_transformer.fit_transform(X_train_counts)
num_samples, num_features = X_train_tfidf.shape

print ("#sample: %d, #feature: %d" % (num_samples, num_features))

tfidf_transformer.get_feature_names ()

;7

N
7|

B.3 SVM ¥ EAE £44%

Juld

B 1. 5]\ sklearn.svin import SVC 2444 Al Pipeline $U4T# -

from sklearn.pipeline import Pipeline

#3E 3

from sklearn.svm import SVC

text_clf_SVM = Pipeline([('vect', CountVectorizer(stop_words='english', decode_error='
ignore')),

('tfidf', TfidfTransformer()),

('clf', SVC(kernel='linear', C=1.0, random_state=2)),

D

docs_test = twenty_test.data

t0 = time ()

text_clf_SVM = text_clf_SVM.fit(twenty_train.data, twenty_train.target)

print ("training time: %f" % round(time()-t0, 3))
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from sklearn.cross_validation import cross_val_score

from sklearn.learning_curve import learning_curve

scores = cross_val_score(estimator=text_clf_SVM, X=twenty_train.data, y=twenty_train.
target, cv=10, n_jobs=1)

print (scores)

train_sizes, train_scores, test_scores = scores = learning_curve(estimator=
text_clf_SVM, X=twenty_train.data, y=twenty_train.target,train_sizes=np.linspace

(0.1, 1.0, 10), cv=10, n_jobs=1)

train_mean = np.mean(train_scores, axis=1)
train_std = np.std(train_scores, axis=1)
test_mean = np.mean(test_scores, axis=1)

test_std = np.std(test_scores, axis=1)

plt.plot(train_sizes, train_mean, color='blue', marker='o', markersize=5, label='
training accuracy')

plt.fill_between(train_sizes, train_mean + train_std, train_mean - train_std, alpha
=0.15, color='blue')

plt.plot(train_sizes, test_mean, color='green', linestyle='--', marker='s',
markersize=5, label='validation accuracy')

plt.fill_between(train_sizes, test_mean + test_std, test_mean - test_std, alpha=0.15,

color='green')

plt.grid ()

plt.xlabel ('Number of training samples')

plt.ylabel('Accuracy')

plt.legend(loc="'lower right')

plt.ylim([0.1, 1.0]1)

plt.show()

B4 “#XEAKER

I\ numpy EINREA K E accuracy score L ¥

import numpy as np
from sklearn.metrics import accuracy_score
docs_test = twenty_test.data

tl = time ()
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pred_SVM = text_clf_SVM.predict(docs_test)
print("testing time: %f" J round(time()-t1, 3))
accuracy = accuracy_score(twenty_test.target, pred_SVM)
print ("Accuracy:", accuracy)

print (metrics.classification_report(twenty_test.target, pred_SVM))

B.5 fEHEAA

1% A .pickle Bp =T 4§ 3| R A% AL 65 A5

f = open('./# % .pickle', 'wb')
obj ={"twenty_train":twenty_train,"text_clf_SVM":text_clf_SVM}

pickle.dump (obj,f)

f.close()
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Text-CNN 7 #2 5

N

C.1 Text-CNN %#:3% %

cnn__model.py

# coding: utf-8

import tensorflow as tf

class TCNNConfig(object):
"MNCNNEL E S B

embedding_dim = 64 # 3@ 4K
seq_length = 600 # A % k&
num_classes = 10 # ¥ 7% ¥
num_filters = 256 # H HAx# B
kernel_size = 5 # A #HEAZR T

vocab_size = 5000 #3 %& %k & K /|

i
il

hidden_dim = 128 # 2 i 3 & 4 4

dropout_keep_prob = 0.5 # dropoutf% ¥ Lt

learning_rate = le-3 # 2 F %

batch_size = 64 # H#it 34k K/

10 # BB R#HBR

num_epochs
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print_per_batch = 100 # & % b ##Wm b —R&ER

save_per_batch = 10 # & % /b # fF Atensorboard

class TextCNN(object):
wnn K 48 0 CNNAE El now

def __init__(self, config):

self.config = config

# =B A oN 8 B

self.input_x = tf.placeholder(tf.int32, [None, self.config.seq_length], name='input_x
D)

self.input_y = tf.placeholder(tf.float32, [None, self.config.num_classes], name='
input_y')

self .keep_prob = tf.placeholder (tf.float32, name='keep_prob')

self.cnn()

def cnn(self):

"UHCNN A B v

# ¥ E k4

with tf.device('/cpu:0'):

embedding = tf.get_variable('embedding', [self.config.vocab_size, self.config.
embedding_dim])

embedding_inputs = tf.nn.embedding_lookup(embedding, self.input_x)

with tf.name_scope("cnn"):

# CNN layer

conv = tf.layers.convlid(embedding_inputs, self.config.num_filters, self.config.
kernel_size, name='conv')

# global max pooling layer

gmp = tf.reduce_max(conv, reduction_indices=[1], name='gmp')

with tf.name_scope("score"):
# 2% %R 0 % ®#dropout X Rrelult &
fc = tf.layers.dense(gmp, self.config.hidden_dim, name='fcl')

fc = tf.contrib.layers.dropout(fc, self.keep_prob)

fc = tf.nn.relu(fc)

# B
self.logits = tf.layers.dense(fc, self.config.num_classes, name='fc2')

self.y_pred_cls = tf.argmax(tf.nn.softmax(self.logits), 1) # F& A% 7]

with tf.name_scope("optimize"):
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# Bxa X

cross_entropy = tf.nn.softmax_cross_entropy_with_logits(logits=se1f.logits, labels=
self.input_y)

self.loss = tf.reduce_mean(cross_entropy)

# &I H

self.optim = tf.train.AdamOptimizer (learning_rate=self.config.learning_rate).minimize (

self.loss)

with tf.name_scope("accuracy"):
# B E
correct_pred = tf.equal(tf.argmax(self.input_y, 1), self.y_pred_cls)

self.acc = tf.reduce_mean(tf.cast(correct_pred, tf.float32))

C.2 Text-CNN #4742 R,

run_ cnn.py

#!/usr/bin/python

# -*- coding: utf-8 -*-

from __future__ import print_function

import os
import sys
import time

from datetime import timedelta

import numpy as np
import tensorflow as tf

from sklearn import metrics

from cnn_model import TCNNConfig, TextCNN
from data.cnews_loader import read_vocab, read_category, batch_iter, process_file,

build_vocab

base_dir = 'data/cnews'

train_dir = os.path.join(base_dir, 'cnews.train.txt')
test_dir = os.path.join(base_dir, 'cnews.test.txt')
val_dir = os.path.join(base_dir, 'cnews.val.txt')
vocab_dir = os.path.join(base_dir, 'cnews.vocab.txt')
save_dir = 'checkpoints/textcnn'
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save_path = os.path.join(save_dir, 'best_validation') # WRUERB[IRKFHBE

def get_time_dif (start_time):
nee g B AE R BF R

end_time = time.time ()

time_dif = end_time - start_time

return timedelta(seconds=int (round(time_dif)))

def feed_data(x_batch, y_batch, keep_prob):
feed_dict = {

model.input_x: x_batch,

model.input_y: y_batch,

model.keep_prob: keep_prob

}

return feed_dict

def evaluate(sess, x_, y_):
nensp A R AR L ey R R g ke
data_len = len(x_)

batch_eval = batch_iter(x_, y_, 128)

total_loss 0.0

total_acc = 0.0

for x_batch, y_batch in batch_eval:

batch_len = len(x_batch)

feed_dict = feed_data(x_batch, y_batch, 1.0)

loss, acc = sess.run([model.loss, model.acc], feed_dict=feed_dict)

total_loss += loss * batch_len

total_acc += acc * batch_len

return total_loss / data_len, total_acc / data_len

def train():

print ("Configuring TensorBoard and Saver...")

# B & Tensorboard ® E# I 4k ¥ > HFtensorboardTH A BB > FAB &€ A 3

tensorboard_dir = 'tensorboard/textcnn'
if not os.path.exists(tensorboard_dir):

os.makedirs (tensorboard_dir)

tf.summary.scalar("loss", model.loss)

tf.summary.scalar ("accuracy", model.acc)
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merged_summary = tf.summary.merge_all()

writer = tf.summary.FileWriter (tensorboard_dir)

# BLE Saver
saver = tf.train.Saver ()
if not os.path.exists(save_dir):

os.makedirs (save_dir)

print ("Loading training and validation data...")

4 WA G R

start_time = time.time ()
x_train, y_train = process_file(train_dir, word_to_id, cat_to_id, config.seq_length)
x_val, y_val = process_file(val_dir, word_to_id, cat_to_id, config.seq_length)

time_dif = get_time_dif (start_time)

print ("Time usage:", time_dif)

# # Y session
session = tf.Session()
session.run(tf.global_variables_initializer())

writer.add_graph(session.graph)

print ('Training and evaluating...')

start_time = time.time ()

total_batch = 0 # %3tk

best_acc_val = 0.0 # WEREE EHE R

last_improved = 0 # && k- R{FIHH R

require_improvement = 1000 # 4o R AZi®1000% K& A > & AT R 3 4k

flag = False

for epoch in range(config.num_epochs):

print ('Epoch:', epoch + 1)

batch_train = batch_iter(x_train, y_train, config.batch_size)
for x_batch, y_batch in batch_train:

feed_dict = feed_data(x_batch, y_batch, config.dropout_keep_prob)

if total_batch % config.save_per_batch == 0:
# 5% HREIB/ERE Ntensorboard scalar
s = session.run(merged_summary, feed_dict=feed_dict)

writer.add_summary(s, total_batch)

if total_batch % config.print_per_batch == 0:

# BS VMR E AN RENREE LR

feed_dict [model.keep_prob] = 1.0

loss_train, acc_train = session.run([model.loss, model.acc], feed_dict=feed_dict)

loss_val, acc_val = evaluate(session, x_val, y_val) # todo
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if acc_val > best_acc_val:

# RAERFER

best_acc_val = acc_val

last_improved = total_batch

saver.save (sess=session, save_path=save_path)
improved_str = 'x'

else:

improved_str = ''

time_dif = get_time_dif (start_time)

msg = 'Iter: {0:>6}, Train Loss: {1:>6.2}, Train Acc: {2:>7.2%},' \

+ ' Val Loss: {3:>6.2}, Val Acc: {4:>7.2%}, Time: {5} {6}'

print (msg.format (total_batch, loss_train, acc_train, loss_val, acc_val, time_dif,

improved_str))

session.run(model.optim, feed_dict=feed_dict) # ZE 4T 1t

total_batch += 1

if total_batch - last_improved > require_improvement:
# RBELHEFREAFIRA > RATE RIKR
print ("No optimization for a long time, auto-stopping...")

flag = True
break # ki 4E 3%

if flag: # F L

break

def test():

print ("Loading test data...")
start_time = time.time()

x_test, y_test = process_file(test_dir, word_to_id, cat_to_id, config.seq_length)

session = tf.Session()
session.run(tf.global_variables_initializer())
saver = tf.train.Saver ()

saver.restore(sess=session, save_path=save_path) # ¥ RI{ZHFH & A

print ('Testing..."')
loss_test, acc_test = evaluate(session, x_test, y_test)
msg = 'Test Loss: {0:>6.2}, Test Acc: {1:>7.2%}"'

print (msg.format (loss_test, acc_test))

batch_size = 128

data_len = len(x_test)

66




num_batch = int((data_len - 1) / batch_size) + 1

y_test_cls = np.argmax(y_test, 1)

y_pred_cls = np.zeros(shape=len(x_test), dtype=np.int32) # M EFRAMNOR
for i in range(num_batch): # &R g HE

start_id = i * batch_size

end_id = min((i + 1) * batch_size, data_len)

feed_dict = {

model.input_x: x_test[start_id:end_id],

model.keep_prob: 1.0

}

y_pred_cls[start_id:end_id] = session.run(model.y_pred_cls, feed_dict=feed_dict)

# ¥
print ("Precision, Recall and Fi-Score...")

print (metrics.classification_report(y_test_cls, y_pred_cls, target_names=categories))

# RAER
print ("Confusion Matrix...")
cm = metrics.confusion_matrix(y_test_cls, y_pred_cls)

print (cm)

time_dif = get_time_dif (start_time)

print ("Time usage:", time_dif)

if __name__ == '__main__

if len(sys.argv) != 2 or sys.argv[1] not in ['train', 'test']:
raise ValueError ("""usage: python run_cnn.py [train / test]""")
print ('Configuring CNN model...')

config = TCNNConfig()
if not os.path.exists(vocab_dir): # wRAHGF AR ET R > &

build_vocab(train_dir, vocab_dir, config.vocab_size)

categories, cat_to_id = read_category()
words, word_to_id = read_vocab(vocab_dir)
config.vocab_size = len(words)

model = TextCNN(config)

if sys.argv[1] == 'train':
train()
else:

test ()
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ft 8%

MCODE % ¥a# %

D.1 REAXo#%

precision recall fl-score support
0 0.00 0.00 0.00 3
1 0.00 0.00 0.00 6
2 0.00 0.00 0.00 14
3 0.00 0.00 0.00 1
4 0.00 0.00 0.00 1
5 0.00 0.00 0.00 1
6 0.00 0.00 0.00 82
7 0.00 0.00 0.00 43
8 0.00 0.00 0.00 6
9 0.00 0.00 0.00 3
10 0.00 0.00 0.00 4
11 0.00 0.00 0.00 1
12 0.00 0.00 0.00 1
13 0.00 0.00 0.00 1
14 0.00 0.00 0.00 16
15 0.00 0.00 0.00 1
16 0.00 0.00 0.00 5
17 0.00 0.00 0.00 1
18 0.00 0.00 0.00 29
19 0.00 0.00 0.00 1
20 0.00 0.00 0.00 1
21 0.98 0.95 0.96 208
22 0.00 0.00 0.00 1
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248 0.00 0.00 0.00 1
249 0.00 0.00 0.00 2
250 0.00 0.00 0.00 1
251 0.00 0.00 0.00 A
252 0.00 0.00 0.00 1
253 0.00 0.00 0.00 1
254 0.00 0.00 0.00 1
255 0.00 0.00 0.00 2
256 0.00 0.00 0.00 1
257 0.00 0.00 0.00 2
258 0.00 0.00 0.00 2
259 1.00 0.46 0.63 41
260 0.00 0.00 0.00 2
261 0.00 0.00 0.00 il
262 0.00 0.00 0.00 1
263 0.00 0.00 0.00 3
264 0.00 0.00 0.00 1
265 0.00 0.00 0.00 2
266 0.00 0.00 0.00 1
267 0.00 0.00 0.00 i
268 0.00 0.00 0.00 12
269 0.00 0.00 0.00 3
270 0.00 0.00 0.00 1
271 0.00 0.00 0.00 1
272 0.00 0.00 0.00 1
273 0.00 0.00 0.00 1
274 0.00 0.00 0.00 )
275 0.00 0.00 0.00 1
276 0.00 0.00 0.00 4
277 0.00 0.00 0.00 1
278 0.00 0.00 0.00 1
279 0.00 0.00 0.00 1
avg/total 0.54 0.65 0.55 7349
D.2 SVM
precision recall fl-score support

0 1.00 1.00 1.00 3

1 1.00 1.00 1.00 6

2 0.82 1.00 0.90 14
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52
53
54
55
56
57
58
59
60
61
62
63
64
65
66
67
68
69
70
71
72
73
74
75
76
7
78
79
80
81
82
83
84
85
86
87
88
89
90
91
92

= O O O

o o o

.00
.98
.00
.88
.00
.00
.89
.90
.00
.78
.92
.95
.00
.00
.00
.94
.00
.00
.83
.00
.00
.00
.99
.91
.00
.00
.00
.00
.00
.00
.00
.99
.00
.80
.00
.00
.00
.00
.79
.00
.83
.00
.00
.00
.00

, O O O O O o

o O o o o

.00
.98
.33
.97
.50
.00
.67
.00
.67
.88
.99
.94
.57
.00
.00
.00
.33
.00
.00
.00
.00
.00
.99
.97
.00
.90
.00
.00
.00
.00
.00
.96
.00
.00
.00
.33
.00
.00
.00
.00
.71
.00
.00
.00
.00

O O O O O O O o o o o o

.00
.98
.50
392)
.67
.00
.76
.95
.80
.83
.96
.95
.73
.00
.00
.97
.50
.00
291
.00
.00
.00
.99
.94
.00
.95
.00
.00
.00
.00
.00
.97
.00
.89
.00
.50
.00
.00
.88
.00
LT7
.00
.00
.00
.00

65

29

12

38

41

849
129

18
1107
63

366

w & s N

N

33

33

76




118
119
120
121
122
123
124
125
126
127
128
129
130
131
132
133
134
135
136

137

o O O o o o

.00
.00
.00
.84
.00
.00
.00
.00
.00
.00
.00
.00
.00
.00
.00
.87
.00
.00
.94
.00
.00
.00
.81
.89
.00
.00
.00
.00
.00
.00
.00
.00
.00
.00
.67
.00
.00
.00
.00
.00
.00
.00
.00
.00
.00

o O O O O O O o o o o

o o o

o O O o o o

.00
.00
.25
.00
.00
.00
.00
.86
.00
.00
.00
.00
.00
.00
.00
.83
.00
.00
.00
.00
.50
.44
.94
.98
.23
.00
.93
.50
.00
.60
.00
.60
.50
.00
.00
.00
.67
.00
.00
.00
.00
.00
.00
.00
.00

O O O O O O O o o o o o

o O o o o o

O O o o o o

.00
.00
.40
.91
.00
.00
.00
.92
.00
.00
.00
.00
.00
.00
.00
.85
.00
.00
.97
.00
.67
.62
.87
.93
.38
.00
.96
.67
.00
.75
.00
.75
.67
.00
.80
.00
.80
.00
.00
.00
.00
.00
.00
.00
.00

36
265

13

14

e

o o w o

77




138
139
140
141
142
143
144
145
146
147
148
149
150
151
152
153
154
155
156
157
158
159
160
161
162
163
164
165
166
167
168
169
170
171
172
173
174
175
176
177
178
179
180
181

182

= O O O

o O o o

o O o o

o

[ure

o O o o o

.00
.00
.00
.00
.00
.00
.00
.57
.00
.00
.00
.00
.00
.95
.00
.00
.86
.00
.00
.00
.00
.91
.00
.00
.00
.00
.00
.00
.00
.00
.00
.00
.00
.99
.00
.00
.80
.80
.00
.99
.86
.00
.95
.00
.00

L O O O O O

o O o o

.50
.00
.00
.00
.00
.00
.00
.00
.00
.00
.00
.00
.00
.98
.92
.00
.95
.00
.00
.00
.00
.95
.00
.00
.00
.00
.00
.00
.00
.00
.00
.00
.00
.98
.00
.00
.00
.00
.00
.99
.00
.96
.90
.00
.00

o O o o o

O O O o o o o

.67
.00
.00
.00
.00
.00
.00
.73
.00
.00
.00
.00
.00
.97
.96
.00
.90
.00
.00
.00
.00
.93
.00
.00
.00
.00
.00
.00
.00
.00
.00
.00
.00
.99
.00
.00
.89
.89
.00
.99
.92
.98
.92
.00
.00

[ure

N W w0

11

391

64

19

W b~

e

154

(< I N

e

552

28
20

78




183
184
185
186
187
188
189
190
191
192
193
194
195
196
197
198
199
200
201
202
203
204
205
206
207
208
209
210
211
212
213
214
215
216
217
218
219
220
221
222
223
224
225
226
227

O O O O O o o o o o o

e

o o

o o o

.98
.95
.00
.67
.00
.00
.00
.67
.67
.00
.00
.00
.00
.00
.00
.00
.00
.98
.00
.00
.87
.00
.00
.00
.00
.00
.91
.83
.00
.00
.00
.00
.96
.00
.00
.00
.00
.00
.00
.00
.00
.00
.88
.00
.00

, O O O o

O O O » O O o o

o o

o O o o o o

.99
.99
.00
.00
.00
.00
.00
.50
.00
.00
.00
.00
.60
.00
.00
.00
.00
.98
.50
.00
.00
.00
.00
.00
.00
.00
.00
.91
.00
.00
.67
.00
.96
.00
.00
.00
.00
.00
.00
.00
.00
.00
.00
.00
.00

o O o o O o o o o

o o o o

O O O O O O O O O o o o o o o o o

.99
.97
.00
.80
.00
.00
.00
.57
.80
.00
.00
.00
.75
.00
.00
.00
.00
.98
.67
.00
.93
.00
.00
.00
.00
.00
.95
.87
.00
.00
.80
.00
.96
.00
.00
.00
.00
.00
.00
.00
.00
.00
.93
.00
.00

105
296

20

11

41

N W NN

79




228
229
230
231
232
233
234
235
236
237
238
239
240
241
242
243
244
245
246
247
248
249
250
251
252
253
254
255
256
257
2568
259
260
261
262
263
264
265
266
267
268
269
270
271
272

o

o o o o

o o

.00
.00
.00
.00
.00
.97
.00
.00
.00
.00
.00
.00
.00
.86
.00
.00
.93
.00
.00
.00
.00
.00
.00
.00
.00
.00
.00
.00
.00
.00
.00
.89
.00
.00
.00
.00
.00
.00
.00
.00
.00
.00
.00
.00
.00

o O O o o o o

o o

o o o

.00
.00
.00
.00
.00
.00
.00
.00
.00
.00
.00
.00
.00
.00
.00
.00
.94
.00
.50
.95
.00
.00
.00
.00
.00
.00
.00
.00
.00
.00
.00
.00
.00
.00
.00
.67
.00
.00
.00
.00
.00
.00
.00
.00
.00

I © e (e (S (S (o) Nel

o o o o o

.00
.00
.00
.00
.00
.98
.00
.00
.00
.00
.00
.00
.00
=92
.00
.00
.93
.00
.67
.97
.00
.00
.00
.00
.00
.00
.00
.00
.00
.00
.00
.94
.00
.00
.00
.80
.00
.00
.00
.00
.00
.00
.00
.00
.00

10
11

e

w N

18

80




273 1.00
274 1.00
275 0.00
276 0.80
277 0.00
278 0.00
279 1.00

avg/total 0.94

.00

.00

.00

.00

.00

.00

.00

0.

95

.00
.00
.00
.89
.00
.00
.00

.94

7349

81




ft 8%

TCODE %»#a#k %

E.1 B

N

Ak

precision
0 0.00
1 0.00
2 0.00
3 0.00
4 0.00
5 0.00
6 0.98
7 0.00
8 0.00
9 0.00
10 0.00
11 0.00
12 0.00
13 1.00
14 0.00
15 0.00
16 0.00
17 0.00
18 1.00
19 0.00
20 0.00
21 0.00
22 0.00

recall

O O O O O O o o o o o

o O O o o o o o

o O o o

.00
.00
.56
.00
.00
.00
.00
.00
.00
.33
.00
.00
.00
.00
.32
.00
.00
.00
.00

fl-score

O O O O O O O O O O O O O O O O O o o o o o o

o
o

.00
.00
.00
.00
A
.00
.00
.00
.00
.00
.00
.49
.00
.00
.00
.00
.48
.00
.00
.00
.00

support

19

17

72

[y

N W w w

N N

38
11

82




23
24
25
26
27
28
29
30
31
32
33
34
35
36
37
38
39
40
41
42
43
44
45
46
47
48
49
50
51
52
53
54
55
56
57
58
59
60
61
62
63
64
65
66
67

o O O O O o o o o o

O O O O O O O O O O O O O O o o o o o o o

o O O O O o o o o o

.00
.00
.00
.95
.00
.00
.00
.00
.80
.00
.00
.00
.00
.67
.00
.00
.00
.00
.89
.00
.00
.00
.00
.00
.00
.00
.00
.00
.00
.00
.63
.00
.35
.00
.54
.00
.00
.00
.99
.00
.00
.00
.00
.00
.00

O O O O O O O O O O O O O O O O O O O O O O O O o o o o o o

o

o O O O O O o o o o

.00
.00
.00
.45
.00
.00
.00
.00
.91
.00
.00
.00
.00
.83
.00
.00
.00
.00
.81
.00
.00
.00
.00
.00
.00
.00
.00
.00
.00
.00
.40
.00
.95
.00
.59
.00
.00
.00
.95
.00
.00
.00
.00
.00
.00

O O O O O O O O O O O O O O O O O O O O O O O O O O O O O O O O O O O o o o o o o o o o o

.00
.00
.00
.61
.00
.00
.00
.00
.85
.00
.00
.00
.00
.74
.00
.00
.00
.00
.85
.00
.00
.00
.00
.00
.00
.00
.00
.00
.00
.00
.49
.00
.51
.00
.56
.00
.00
.00
.97
.00
.00
.00
.00
.00
.00

29

42

15

10

112

12

115

133
10

78

212
65
124
23
127
531

658
53
307

13

95

e

w o N

83




68
69
70
71
72
73
74
75
76
7
78
79
80
81
82
83
84
85
86
87
88
89
90
91
92
93
94
95
96
97
98
99
100
101
102
103
104
105
106
107
108
109
110

112

o O O O O o o o o o

O O O O O O O O O O O O O O o o o o o o o

o O O O O o o o o o

.00
.00
.00
.00
.00
.00
.00
.00
.00
.00
.00
.00
.00
.00
.00
.00
.00
.72
.00
.00
T4
.00
.00
.00
.00
.00
.00
.00
.00
.00
.00
.00
.00
.00
.95
.00
.00
.00
.00
.42
.98
.74
.89
.74
.00

O O O O O O O O O O O O O O O o o o o o

O O O O O O o o o o

, O O O O O

o O o o o

.00
.00
.00
.00
.00
.00
.00
.00
.00
.00
.00
.00
.00
.00
.00
.00
.00
.82
.00
.00
.95
.00
.00
.00
.00
.00
.00
.00
.00
.00
.00
.00
.00
.00
.63
.00
.00
.00
.00
.00
.57
.41
.22
.43
.00

O O O O O O O O O O O O O O O O O O O O O O O O O O O O O O O O O O O o o o o o o o o o o

.00
.00
.00
.00
.00
.00
.00
.00
.00
.00
.00
.00
.00
.00
.00
.00
.00
.77
.00
.00
.86
.00
.00
.00
.00
.00
.00
.00
.00
.00
.00
.00
.00
.00
.76
.00
.00
.00
.00
.59
.72
.53
.35
.54
.00

20

25
20

14

13

113

14
30

22




o O O O O o o o o o

o O O O O o o o o o

o O O O O o o o o o

.00
.00
.00
.00
.00
.00
.90
.54
.88
.00
.00
.00
.70
.00
.00
.00
.00
.50
.00
.00
.00
.00
.00
.92
.00
.00
.83
.00
.00
.00
.00
.00
.00
.00
.00
.00
.00
.00
.00
.00
.00
.00
.00
.92
.00

O O O O O O o o o o

O O O O O O o o o o

= O O

o O O o o o o

o

o O O O O O o o o o

.00
.00
.00
.00
.00
.00
.72
.98
.47
.00
.00
.00
.88
.00
.00
.00
.00
.99
.00
.00
.00
.00
.00
.97
.00
.00
.00
.71
.00
.00
.00
.93
.00
.00
.00
.00
.00
.00
.00
.00
.00
.00
.00
.76
.00

O O O O O O O O O O O O O O O O O O O O O O O O O O O O O O O O O O O o o o o o o o o o o

.00
.00
.00
.00
.00
.00
.80
.69
.61
.00
.00
.00
.78
.00
.00
.00
.00
.66
.00
.00
.00
.00
.00
.94
.00
.00
.91
.83
.00
.00
.00
.96
.00
.00
.00
.00
.00
.00
.00
.00
.00
.00
.00
.83
.00

26
187
304
192

24

40

15
260

525

20

295

107

12

11

14

29

85




158 0.00 0.00 0.00 11
159 0.00 0.00 0.00 24
160 0.00 0.00 0.00 1
161 0.00 0.00 0.00 1
162 0.00 0.00 0.00 4
163 0.00 0.00 0.00 5
164 0.00 0.00 0.00 7
165 0.00 0.00 0.00 2
166 0.00 0.00 0.00 5
167 0.00 0.00 0.00 30
168 0.00 0.00 0.00 4
169 0.99 1.00 1.00 110
170 0.00 0.00 0.00 4
171 0.00 0.00 0.00 2
172 0.00 0.00 0.00 5
173 0.00 0.00 0.00 6
174 0.00 0.00 0.00 22
175 0.00 0.00 0.00 9
176 0.00 0.00 0.00 3
177 0.00 0.00 0.00 5
178 1.00 0.07 0.12 46
179 0.00 0.00 0.00 1
180 0.00 0.00 0.00 1
181 1.00 0.04 0.09 45
182 0.00 0.00 0.00 6
183 0.00 0.00 0.00 il
184 0.00 0.00 0.00 8
avg/total 0.53 0.58 0.51 7435
E.2 SVM
precision recall fl-score support

0 1.00 0.29 0.44 7
1 0.00 0.00 0.00 2
2 0.00 0.00 0.00 3
3 0.64 0.84 0.73 19
4 0.94 1.00 0.97 17
5 1.00 0.86 0.92 7
6 0.95 1.00 0.97 72
7 1.00 0.86 0.92 7

86




10
11
12
13
14
15
16
17
18
19
20
21
22
23
24
25
26
27
28
29
30
31
32
33
34
35
36
37
38
39
40
41
42
43
44
45
46
a7
48
49
50
51

52

= O O O

e

o O O o o

o O o o o

.00
.75
.00
.00
.94
.81
.00
.00
.00
.00
.97
.00
.00
.00
.00
.94
.00
.00
.00
.94
.00
.91
.00
.93
.00
.00
.00
.00
.84
.00
.00
.00
.00
.92
.00
.00
.00
.00
.87
.00
.84
.78
.85
.86

.81

O O O O O O o o o o o

o

[ure

o O O O O o o o o

.00
.00
.33
.00
.94
.97
.00
.00
.00
.00
.00
.91
.00
.00
.00
.00
.00
.00
.98
.00
.00
.00
.00
.99
.00
.00
.58
.29
.98
.83
.00
.00
.00
.99
.90
.00
.50
.00
.83
.67
.88
.83
.85
.78
.83

o O o

o o

o o o

O O O O O O O O O O O O O o o o o =~

e

©O O O O o o o o o

.00
.86
.50
.00
.94
.89
.00
.00
.00
.00
.99
.95
.00
.00
.00
.97
.00
.00
.99
.97
.00
.95
.00
.96
.00
.00
.74
.44
.97
591
.00
.00
.00
.96
.95
.00
.67
.00
.85
.80
.86
.81
.85
.82
.82

N W W w e

ESTEEEN NS

38
11

42
15

10

112

12

o N o o N

133

10

78

212
65
124
23

127

87




53
54
55
56
57
58
59
60
61
62
63
64
65
66
67
68
69
70
71
72
73
74
75
76
77
78
79
80
81
82
83
84
85
86
87
88
89
90
91
92
93
94
95
96
97

o o o

o O o o o o

o o o

.90
.00
.99
.00
.99
.00
.00
.00
.98
.00
.00
.00
.00
.00
.00
.71
.00
.00
.00
.00
.00
.83
.78
.79
.00
.00
.00
.86
.00
.00
.00
.00
.97
.00
.00
.97
.00
.00
.00
.00
.86
.00
.00
.00
.00

o o o o

= e

o o o

.93
.00
.98
.00
.95
.00
.00
.00
.00
.00
.00
.00
.67
.00
.50
.00
.00
.00
.86
.00
.00
.00
.88
.00
.00
.00
.00
.96
.00
.00
.00
.00
.99
.75
.00
.00
.75
.00
.00
.50
.00
.00
.50
.33
.33

o O o

o o o o

e

O O O O O o o o o o o

o O o o o o o o

o O o

.92
.00
.98
.00
.97
.00
.00
.00
.99
.00
.00
.00
.80
.00
.67
.83
.00
.00
.92
.00
.00
.91
.82
.88
.00
.00
.00
.91
.00
.00
.00
.00
.98
.86
.00
.98
.86
.00
.00
.67
.92
.00
.67
.50

.50

531

658
53
307

13

95

e

w o N

25
20
14

13
113

W W NN ON

88




98

99

100
101
102
103
104
105
106
107
108
109
110
111
112
113
114
115
116
117
118
119
120
121
122
123
124
125
126
127
128
129
130
131
132
133
134
135
136
137
138
139
140
141

142

= = O O O

o O o o o

o O o o o

= O O O

o O o o

.00
.00
.00
.88
.97
.00
.96
.00
.00
.96
.96
.89
.96
.97
.00
.00
.00
.00
o I3k
.00
.00
.99
.98
.95
.00
.95
.00
.94
.00
.00
.00
.00
.98
.00
.00
.00
.00
.00
.95
.00
.00
.98
.98
.00
.00

o O o o o

O O O O O O o o o o

= O O

o O O o o o o

[ure

o o o

.94
.00
.00
.00
.00
.00
.00
.94
.00
.98
.95
.95
.95
.97
.00
.00
.00
.00
.83
.96
.50
.96
.98
.98
.96
.97
.00
.98
.00
.86
.00
.00
.99
.00
.00
.86
.00
.00
.00
.00
.00
.00
.96
.00
.00

o o o o o

O O O O O O O O O O O O O o o o o ~

o o o o O O O O O O O =~

o O o o

.97
.00
.00
.93
.98
.00
.98
.97
.00
.97
.96
.92
.95
oMk
.00
.00
.00
.00
77
.98
.67
.98
.98
.96
.98
.96
.00
.96
.00
.92
.00
.00
.99
.00
.00
.92
.00
.00
.97
.00
.00
.99
.97
.00
.00

14

30

22

26

187
304
192
24
40
15

260

N N o

525

20

157
16

295
107

89




143 1
144 1
145 0.
146 1
147 0.
148 1
149 1
150 0.
151 1
152 0
153 0
154 0
155 0
156 0
157 0
158 1
159 0
160 0
161 0
162 1
163 1
164 0
165 0
166 1
167 0.
168 1
169 1
170 il
171 1
172 1
173 1
174 1
175 0.
176 0.
177 1
178 0
179 0
180 0
181 0
182 1
183 0.
184 1
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ft 8%

JR PR & R ARk

F.1 BEXnp$E%

precision recall fl-score support
0 0.93 0.83 0.88 3786
1 0.00 0.00 0.00 39
2 0.89 0.96 0.92 2723
3 0.96 0.98 0.97 19578
4 0.99 0.84 0.91 656
5 0.00 0.00 0.00 179
6 0.00 0.00 0.00 1
avg/total 0.94 .95 0.94 26962
F.2 SVM
precision recall fl-score support

0 0.96 0.97 0.97 3786
1 0.97 0.77 0.86 39
2 0.99 0.99 0.99 2723
3 0.99 0.99 0.99 19578
4 0.98 0.92 0.95 656
5 0.97 0.65 0.78 179
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avg/total 0.98 0.98 0.98 26962
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