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This thesis proposes an automated approach to classifying questions that
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2.1 Natural Language Processing (NLP)

NLP %38 Natural Language Processing [1] Lﬂu‘mﬁﬂummﬂaa%aﬂﬂﬁgiyﬂﬂizawi
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2.2 Word2Vec

Word2Vec [2] udnnilsluluinaniu Feature Extraction @1115U911 NLP %38
Natural Language Processing 7ilid1n5utian13v11 word embedding liavinl#nsuus
wedanquaneglusuuuu vector eiaglildaunioiinssuiunsausie 9 luld luluiea

aananiiduunedifny o A A9 Word similarity tslglunisfnlenannumiloutazin

[
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naueng 9 wonanil fadmantaanluwaliusulsuwasislunsiausuiulnayssnm
Deep Learning 8028 WuInN19n15%1 Word2Vec wuslagesuseinn@e Skip-Gram waz

CBOW (Continuous Bag-of-Words)

2.3 TF-IDF

TF-IDF (Term Frequency Inverse Document Frequency) [2] Wudsnslunnsg
FuAMTNYesaInANRve A finuluenans Wunildlunszuiunis Feature
Extraction Taglunnsdiuiaidn TF-DF azfuaatmdnuesdfinuluonaisndainds

stopword aaﬂlﬂimaqmlﬂuﬁaaumiﬁ (1)

tfidf(¢,d, D) = t(t,d) -idf(t, D)



Tudaunos TFDF azgnuenidu 2 dau dufie TF #u IDF Tay TF Ao Term
Frequency iU IDF @® Inverse Document Frequency laeg TF agiuvaluiSdes o 1au
Raw Count, log normalization, term frequency \Uu@u @iy IDF agiluvaduisdos 9 1y
IDF Normal,IDF Smooth ,IDF Max ua Probabilistic IDF Inglusnidsadeiaslians tf &

Aun57 (2) wag idf feaunish (3)

1+ log fia
2)

log( 1+ X
Tit 3)
2.4 Bag-of-Words (BOW)
Bag-of-Words (BOW) [2] 18undishulunadivhnssiusudluenaisuazdielunis
Favuanyngumdauvsussian Wuadeunsadufuiiildainnsiteud Wearady

Vector paadayadlaglildrmilsdmanlisnsaliazarduveseluienats

2.5 Latent Dirichlet Allocation (LDA)

Latent Dirichlet Allocation (LDA) [21,[3] tlumalindmsunisdumiitensengu
vieUsuifiudieglutenats LDA [madianisduiaanuiiazfusiuiuaiud iielidy
nsunazdunndefiuraziduluenas LA fandnvaziamizvedlunafoyardnsives
vhtelidududesuaniiiunazeraiidmmidwivdefidenansnasenin envazlianunsn
domnuvinelddniauinvmeisngueslsnuguil 2-1 deidefirudaves LDA Aedipsinigld

wywdlunsinnuyaifniindennuvinefviell vserAnilninsfnguiveosls

The document of a corpus A topic is a distribution A single document
comprise a number of topics over words. invokes multiple topics.
S ) [
(ream . -
election stump run .
president lraq :----}m: ,,,,,
draft finals tendon . )
om0 O
cello harmony trio gy i
fair console game PLELIL
unity tactical m asad)

gih'?i 2-1 sUnuuNs¥iaues LDA [2]



2.6 Support Vector Machine (SVM)

(%
I U

SVM [4] fatunauisnisivedisuenvsedwunuseianngudeya lagduuiAnmetn
Toyauunuanlunamesuanideyaudnsemieunudunlduldeoyariasteanainiu
lagazasiadunue (Hyperplane) ialimsiuindun s uiaainguoenaniuny ldunsdla

I3 Yy aad o ¥ Aaa a . A & I o A &
Judunanan dunsadulanfngaazgnieny Margin Falunasiusseiwaadunsaiiy

LULUIRUUR 2-2

Hyperplane

Margin

gﬂﬁ 2-2 A8 Support Vector Machine [2]

2.7 Naive Bayes
Naive Bayes [5] iUuniisludgnisuazuurfnluizeswenisisauivenielaed

a A o 1 [ Y A ] [ 14 PN
LLU’JﬂG’Iﬂ@ﬂ’ﬁﬂWU’Jmﬂ’NQJUWQSLUuﬂJWI%Mi@ﬂﬂii‘jﬂJ mmaammmlmmmmmw (4)

Class Prior Probability

Likelihood
Ple| x)= P(x|c)P(c)
| P(x) “
Posterior Probability Predictor Prior Probability

Plc|X) =P(x, |eyxP(x, |e)=---=xP(x,| )= P(c) (4)



MNANN1399 Naive Bayes azdl 4 d@1ume Posterior probability %58 P(C|X) A A

(3

ashaziduiiteyaifnonvitadidu X awilnana C
Likelihood %38 P(X|C) A ArmmtaziduiideyadmivlflunaBouifiiaara
waziloavsion X
Class Prior probability 3o P(C) fis Arpauaziuvesmana C
Predictor Prior probability %38 P(X) fie mauiaziduresnisiivituiena X
WUIN19984 Naive Bayes anunsaldaisuntadeynianuluniueu drelidadula

oA A = Ay Ay A ax Y] ] I3 ) aa o ]
f"’n’]lluqL%@ﬂa?jﬂiu@quﬁﬁ]ﬁlu‘l@Laaﬂ?ﬁﬂqiﬂﬂﬂa’nLUUVTUQI‘U'Jﬁﬂqﬁ"\]WﬂQlI

2.8 Decision tree

Decision tree [4] w3e msi3eufuuuduliidnguls WunisduiSnsuazuuianly
Fewesnsizeuiveuaiedasiiunanfensiiadesieuiteyaudnihdeyaildizousintae
wianguludnwaznisdndulauvulinieldlduaznisdedulaveswifnnisiieuinnaniay
Huuuy “61-udr” waudunuasinusiodessulifinszuiunsmsiadulafniudn

Fauansliliiudieg1enuun 2-3

Is car 4x4 drive?

N
Don't Buy Engine Displacement > 3L
/
Ground Clearance 8 in Don't Buy
Consider Buying Don't Buy

gﬂﬁ 2-3 $79879 Decision Tree [6]

WUIN9VY Decision tree a@runsalddisunloleyn dreludesvesnisitung as

Andulakarnsiangy



2.9 Random Forest

Wudsn1siisaueanu1ain Decision tree Tud@uved Random Forest [41,[7] a¢d
ax a I | ° | & o aa L. I
FBnsnueadunmilvgresnisauiuaiuyizdusiuiuls Decision tree lngazidunis
@573 Decision tree uduunnuazldnisimuaanuinanduainnguues Decision tree
¥38N15¥ Voting adayaiildasnRandom Forest azgnaunszansluniu Decision tree 4n

#1199 windstmanlaudieufsaiunuguin 2-4

Decision Tree | -
Bagging

Decision Tree Il —— Voting — Output

\ Sampled data set Il
006 Decision Tree Il
°0 ecision Tree
o0

Sampled data set Il

gﬂﬁ 2-4 N38UIUNTT Random Forest [7]

Data set

2.10 SOTorrent

SOTorrent [8] iluyafeyavie Data set fifimaAusiusmdeyanniiuled audin
Toweslnad (Stack Overflow) Faduduledfivimihfildunszaiudniy AreudmiuiFes
mmiuia'ﬁuazmswﬂmﬂa %3 SOTorrent Wiusrusiulaediy Empirical-Software Engineering
Idvhmsnunsisiidouasnuide nieudeyalurasiswesaudnlonesinaidnde luya
foyafananideyadruiuinnidelildnuldlnednvazvesyadeya SOTorrent dnsiAv

Julwdwusng q nefisdalnd uanalwg wu XML waz CSV 1usiu

2.11 Stack Overflow
< I3 < & I3 = < fa o v A &
Yuled awdnlanasinad (Stack Overflow) [9] tHuiuladnvinntnidunseau

Aau Apeudmsuisaanaluladuaznisnany vieuaninuAniuluwiyusng 9 dmsy

walulaguu o Jaduguyuseuladvuslngfifeyadiuiuunnuaziinisyais 136198

o
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vosnse lasludusinaniuananliusnisluideswesiufideraiunaznau §alvusnns
AspilasulsAmNazmnLAa1euualulad Tudusinanin1sFnLenisag mTasi
qaunnanylagldszuy Tag ssuudinanasiludveniniieludiuiinerdesiuizeserls

waluladerlsBainisuanananuguin 2-5, 2-6 uay 2-7

D

11,

stackoverflow  Products

We're rewarding the question askers & reputations are being recalculated!

Home | Top Questions

PUBLIC
&) Stack Overflow Interesting | [EZ) Bountied | Hot | Week | Month
Tags
Users 2 1 38 s there a way to convert CSV columns into hierarchical relationships?
Jobs voles answer views javascript  python d3js data-wvisualization hierarchical-data
modifie ago Gerardo Furtado 77.7k
TEAMS What's this?
ELFirst 25 Users Free 0 0 5 Manually setting annotation on generated migration using EF and MySql
votes answers views mysqgl  entity-framework modified ago Charles 11
0 0 2 bundler cannot install commonmarker
votes answers views jekyl bundler  github-pages asked 57 secs ago gregsdennis 3,577
0 1 9 Best practice for callable function argument
votes answer views c++11 templates lambda functional-programming ered 1 min ago R Sahu 183k
n n = How to get all the data from the form on the site?
a Y] | ] 2 I v °
U7 2-5 fegnmtiiuled audnleesuailunthnssaudmaiy
D -
= stackoverflow  Frodusts O o9 o6 =
Home When to use single quotes, double quotes, and backticks in MySQL
PUBLIC Asked T years, 4 months ago  Active 6 months age  Viewed 178k times

@ Stack Overflow |

Tags

Blog
Deors The cloud is just the beginning. - ——
« What will you invent next? 3 Q gesea_rchFUpdale A/B Testing the New
Jobs uestion Form
| am trying to learn the best way to write queries. | also understand the importance of being ©) We're Rewarding the Question Askers
TEAMS What's this? consistent. Until now, | have randomly used single quotes, double quotes, and backticks without any
E\DFirsl 25 Users Free 602 real thought. T -
Example:
) Feedback post: Moderator review and
$query = 'INSERT INTO table (id, coll, col2) VALUES (NULL, vall, val2)'; G e e

) Post for clarifications on the updated

Also, in the above example, consider that table , coll, vall, etc. may be variables. pronouns FAQ

What is the standard for this? What do you do?
& Mew Post Notices (Closed/On Hold/etc )

rolling out on Stack Overflow
I've been reading answers to similar guestions on here for about 20 minutes, but it seems like there is no definitive answer fo 9

this guestion N . ;
& Upvotes on questions will now be worth
the same as upvotes on answers
mysql  sql  quotes

sUN 2-6 vinduled awfnlanesinailudiuvemtiilaviusazeiay
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mysgl sgl  guotes

share edit

'
1 IS

d' LY} =3 r-:l' d‘ [ (9] d’lj
EU‘V] 2-7 9IDYNNYDLUNNNLNYAVDINULUBDNN
2.12 Ensemble Method

Ensemble Method [10],[11] Aonidlumaiinves Machine learning Al¥asn51

luwanaie o lumauisiuiuieaginlinadwsoanuianan dwmsunisuiludynives

a

lunanilvendeidewnnseiu lneanunsatiglinissiuauauiinangavoufagdiun
3

'
1l

T1usLieaiedulninafign Ensemble Method didnwaizdanaiiiu 3 JUwuUgasmuguT

2.8 \Junmilassadefivszneusie Bageing , Boosting ,Stacking

U7 2-8 nilasaans Ensemble Method

Bagging 1udnuwazvesnisuennisvinau wendeyailudiu o udwiniseus

wnfiu (Parallel method) WienHaiilaanaaluniaziilaedanan Aagde (Averaging)

[y

U Arfinunniiga (Voting) waidsdnunsindu vinlilumanlaflauaudinivainvaisuays

Y I

Mgn feegenldlunuidslugluuuilfie Random Forest

. & W Y Y a =
Boostlng WJURANYUEYDINTIINYBLEY UBKNANAA (Error) ‘U@Qﬂ’]’iLiElUiIiJLﬂa"D’]ﬂ

£

nsviheuaudlvlduseu 9 Tnsazideds deRanaialusdazsouusiuusullumnanie

Y 1

dielildnanaian degenldluanideluguuuuilfie XGBoost
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Stacking Judnwauznissuluwaiifmeiuiaznisililuwmaiousneidsuay

USuussnauniniinduly susuulifienisnisieunuudeilies wuliesauwsnlaluwmau

Seusey sounaenilumasaukInuiussuisellievivAnluwmaluy 9 Jun

Ensemble Methods

Data Set
L

h 4 h 4
Training Set #1 Training Set #2
h 4 h 4
Machine Learning Machine Learning
Models #1 Models #2

h

+ oot |

4

Training Set #N

4

Machine Learning
Models #N

Combiner Model [«

h 4

Ensemble Mode

gﬂﬁ 2-9 AMNAIBYINNITVINIUYDY Ensemble Method

Ensemble Method 91ngusuuuasidunisuandiiunsieuluisinag tay

[y

T Auawulunanyings iy
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2.13 XGBoost

XGBoot fimtluniialy ensemble learning i m Boost MW aIulag iy The

XGBoost Contributors 210 https://XGBoost.ai/ [12] @m1savisusiuiulanaisnieiiaz

P
a v A (%

na1e 9 ww3esile lnelunuidedlaldsiuduniuilnseu Jeifu 9 ves XGBoost Aw
. . [ aa (% 1 ) LYK (Y]

eXtreme Gradient Boosting 8anoaviunINa1ttuanInauILazUIulienNaInIsaNIann

Gradient Boosting liaunsavaulafdu 1599w ldnandesas Aaaudfuazaruauise

a1y 9 981989A991989u84 Gradient Boosting wiiin15UFuUTednd ARy Ao n1sUTuAn

Boosting


https://xgboost.ai/

unil 3
NUIFBMNYUD9
3.1 Toward Empirically Investigating Non-Functional Requirements of iOS

Developers on Stack Overflow

a a v

mATeatud Wlnsdiauenisfumdeyaiifeatu 10 Tugudoya wie
Aulas Stack Overflow Iaeiinszuiunisae maswiw%gaﬁ'ﬁ witn(Tag) MAedasfiv
105 gl 105 Aldfinsvinssuaunsunideniddy 9 ﬁagjmsf[ﬁ 0S Tag 31dn15yAda
Fosarlstalagld33n19vn Text Classification Tneldluna LDA topic modelling nafilé

31nnsAumaIniumalunuideaduinduinnisuenwazdanaulunuinnyves Non-

Functional Requirements Tugnusing q Tnenwsamnuduluaugui 3-1

r ] Data extracting and proprocessing stop
. XIML.Y“) and store

|

Topic analysis step
" LDA lopi:si 1 L abal : Evaluation
ot NFRs ) |—- Labelod tof ; ot
— |
‘ End
wordlists d

"  Special

JUN 3-1 7NImITe [13]
Tuangninusifinisldgrudeyaauiinlenesinadifieadu uazni15vi LDA topic

modelling tamngudayaniiauiiaulausinednusiiagyinsiwunvanavyvedaya

muUszianlgmlagleids Text Classification 9108



14

3.2 SOTagRec: A Combined Tag Recommendation Approach for Stack Overflow
uAted dhaueiBnsiauieiosdiouusihnsldthvesteyaluivledaudinle
neflilas dwiulnaddlifnislathevesdoyn Inglunuideaduiasyaisnsideyaiis
Unevestoyausuuilaeasuiiames (Machine learning) lngldnsyuiunis Deep Learning
Fadudumouislunisuuzin(Recommendation) Inglusuddeiilald Deep Learning 1u
Convolutional neural network (CNN) tkag Collaborative filtering (CF) Tneldhs 2 Tuwaa
59uAusi Combined Model agu#t 3-2 iieldlunisuuzirtnevesdeyaifsadesiu
Inaddeyavuivledaudnlenesivad nuisednanannsaideyani dreveadoyan
aheguuuuimilieanidesfioaissruuuarinnalunisuugii hedeyadmiuTnaditld
Unevestoyalausiugiis 80 %
Inednusilainmslfundsogafimioutuiveidefionufe aufinlenosliad
warluingrinusiinisldlunanisifeusvesaiosiie Convolutional neural network
(CNN) wudgaiu win1sdananavgvednadazdnauussinntam lldnisdanisany Tag

nilogluaunnlenasival

1

|
| [
1 il 1
! UL ey -
| < pre= Word (| P :
1 raining Questions L1
{ Word2Vec EmbedQIng = Model Pow |
| Matrix o = =
I | |

Combine |
| [
| Training Questionl - [
' M emm— -
1 Tag setl (] !
| o e TF-IDF HElH CF I
| Computing Vector i Model :
I | |
1 x [ !
| [ !
| e e e i -t S s !
1

)
Raw Data » Preprocessing Trained
Models
10ad

e e et e e
1
4 L2 L2
1 Tagl
! Untagged Text Tag2 Top-k
1 Deployment Question > # Tag Predicting
| Representing . Tags
| (EEEE) Tagk
1
|

Figure 1. Overall framework of SOTagRec.
SUN 3-2 AMNTINVDNNUITY SOTagRec [14]
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3.3 We Need to Talk about Microservices: an Analysis from the Discussions on

Stack Overflow
NIl drausleyniNnedn1Insiaaeun1syadLigIfuLuIANLT0Ives

. . < ¢ & ¢ & aa % v 2 o Y
Microservice UuL’)UisﬁmaLL@ﬂIaL')aﬂWﬁ’JWiaﬂJV]ﬂ’]ﬁﬂWSLﬂUsﬂaHa"i]"mL'](Uﬂﬂﬂa”l'] Iﬂﬂim”m"du

Yaaa o v A = . . = U 1 1 < 1 1
‘lﬂfﬂil']ﬁﬂ’ﬁﬂﬁ]LﬂU‘UE]ﬂJaQJ']IUW’J‘U@VI‘W@OQ Microservice LLaBllﬂ’]iQﬂLLUQﬂQ@JLUUﬂQ@JIﬂﬁy’ i

Y

2 ngufe technical wa conceptual NMsynuuunlu 3 diunugui 3-3

Phase 1: Identification of Relevant Discussions

u
‘microservices’ discussions popularity
lag filtering analysis

1043

SOTorrent 2980 2186 relevant
microservice IRcroservice microservice
questions discussions discussions
Phase 2: Classification of Discussions new
technologies
$ ] i
468 313 262 b d
technical conceptual || non-related ficrose(vios
discussions ) | discussions ) | discussions technologies
_’g‘_"?; technical
pre-processing topic modelling &S& subjects
faa! conceptual
topics subjects
Phase 3: Topic Modelling interpretation

SUT 3-3 AMTIMYeIUIdeY [15]

1%

v [ 3 & o
ﬁ'J‘LJ'Vl 1 LTJU?{’J‘L!?JENﬂ'ﬁﬁ']‘Uﬁ']@J“UEJNaGZNELU Iﬂfﬁuaa&amﬂmmﬂianaﬁv\lmmﬂuum

nsfnuendeyatidenslilasiindnnislunisidenieiliu Tag Microservices @it 2 1u

n3d¥angu Classification tnsuuwdusngaslu 3 nquiiewssudeyanouthddlugdiun 3

Y
'
=

' I3 ° . . Y & a a o Y av vy ¢ A o &
gUN 3 1 Jun1s1N tOpIC modellmg Wi@mmqmﬂqﬁmﬂqu‘w?ﬁﬂ@V]VL@@'J‘EJNH'HEJLW@Q@ﬂ@ﬂJLu@‘VH

Aa =2 13 & v 1 v Y dl
Vlllﬂ’]i‘W@ﬂ\ﬂuL'J‘UVL“UG]WQﬂﬁ’]’lﬁﬂmﬁ’)‘ﬂ@ﬁﬂmgﬂﬂ 3-4
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{ Message Queue (9.62%)
— Communication
Data Exch 3.19%
(16.03%) REST (6.41%) o L
— Communication
= Security — Token Authentication (5.34%) (17.56%) Message Queue (8.62%)
) Strategies ESB (1.60%)
+— Data Handling — Data Sharing and Database Scaling (4.70%) REST (4.15%)

AP Gateway (6.20%)

Cross Service Authentication (6.07%)
- sy
(17.89%)

Service Discovery (5.98%) Token Authentication (11.82%)

[—* Best Practices —» Patterns

and Load Balance
(14.10%) Data Sharing (4.16%)
Circuit Breaker (1.92%) L, Data Handing _‘:
|+ Deployment Local/remote (3.42%) (15.02%) Data Denormalization (10.86%)
ical — Conceptual — .
Technical —» Migration (7.05%) Pt Architecture (10.86%)
) > Code Sharing (3.42%) > Best Practices DDD (3.83%)

t—* Development ——

(16.46%) |+ Dependency Management (3.21%) (26.19%) . API Gateway (8.31%)

atterns
L+ Testing (2.78%) Service Discovery (3.19%)
and Load Balance
— Netflix Eureka (13.68%) Integration Testing (4.15%)
Ly

—* Technologies ———* Microsoft Technologies (7.48%) De&k;y‘v;;m _[: Versioning (4.79%)

23.94%) .

¢ ) = Amazon Technologies (2.78%) N

“—+ Resilience Fault Tol e (2.88%)
Containers (10.90%)

“—* Infrastructure { Network (4.49%)

(17.53%) Resource Management (2.14%)

(a) Technical Subjects (b) Conceptual Subjects

JUN 3-4 ngusing o) #a91nNAALTITeNLAATN topic modeling [15]

Y

a a = a 1 ' £4 VY [ 3 = [
endnusifivuanluniswuinguuagldunddoyaauinlonesinaimioudiu
WioUNTITN1IIANGUUUUADITEAU 10U Technical lusedud 1 Infrastructure Tuseauyl 2

Jusiu uagifate Development Agnanuiitenidieanisdnuunlyiveninusiliuiu

3.4 SOTorrent : Reconstructing and Analyzing the Evolution of Stack Overflow

Posts

¥
av a

NATell [16] dnauensiiiunisuiulswmnliuvsednwaznsusulavesinad
Tuaudnlevesinad luruduilldldunasdeyasin SOTorrent uazdoyadvuinlvgniau
Joyagnusuusinasaiian 35anvesuduiiazyinisdisiallemludiusing 4 vesauinle

weslallagasuendiunuguil 3-5
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wcibad Fab 18 '12 at 54
2 Made the function mere retiust when handling an empty input stream ciled Fet: 1812 8l &%
-

Inline side-by-side )= gide-by-alde markdown

Here's a way using only standard Java library. } Text block

import java.util.Scanner;
import jawa.util.NoSuchElementException;

public 5tring convertStreamToString(InputStream is) {

try {
return new Scanner(is).usebelimiter(™yWA").next(); COde blOCk

} catch (NoSuchElementException e) {
return *";

iy
hy

I learned this erelimarrick from "Stupid Scanner tricks" article. The reason it works is because
Scanner iterates over tokens in the stream, and in this case we separate tokens using "beginning
of the input boundary” (\A) thus giving us only one token for the entire contents of the stream.

Mote, if you need to be specific about the input stream’s encoding, you can provide the second
argument to Scanner ctor that indicates what charset to use (e.g. "UTF-8").

T

Text block

Hat tip goes also to Jacob, who once pointed me to the said arficle,

EDITED: Thanks to a suggestion from Patrick, made the function more robust when handling an
i empty input stream.

JUT 3-5 svegndlassaiailennluaudnlonesival [16]

duiliufianazifudinves Code Block duludruineliiinauiuasuuas
paeanal wu luduiinoudanuazldinaluladsunils siuludn 2-3 ¥ oraawiinisnduan
uilvursdiuiieliaenadesiugailagiu Smasniunszuaunmstuudldnain 6% veq
maudluiemnasiinsdsundadén (Code block) uiarlifimaiudsuuuassuinnuion
Fomam (Text block) 78% agiimsuAlulwadlutudeatuiiasnaduas 87% vosnsudly
vilaeddeulnadlnedietnssiouiiounusui 3-6

TusAfedagesursyuneanislidoyaain soTorrent uurAavdnlunisdauf
Joya Uuuudaya wazviliiulani waziwimnanisdifdoyanianisdaiusiusay

v d' o = a a ¢ o &
SUEJHaLW@N']‘UiUUEQLLagLiEJUiUQ']urJVlEJ"IUWUﬁQUUu
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ece Ground Truth Creator

request post

add comment remave comment
randorn past load post 2% B — — =
switch link GUI
e J: vers: 3 | pos: 4 | non-code code bloc
reset all/start se blocks will be set as new/deleted. ): vers: 4 | pos: 4 | non-code code Bloc
back mext

Here is my go at it (handles both si units and binary units)

Here is my go at it (handles both si units and binary units).
Here is my ga at it {no loops and handles both 51 units and hinary units)

public static String numnaytclount[lunu bytes, boolean s5i) {

int wAit = 517 1008 : public static String humanByteCount{lorg bytes, boolean sil {

if (bytes < unit) rtturn nm; " B public static String humanReadabl Lfsmuul long bytes, baolean 1) {
double power = Math.nin{Math. Tloor (Math. Lag(bytes| Math. 1rmunm\ 6); nt unit = 517 1080 : 1024;

String pref = “KMGTPE".charAt(({int) power-1) + (51 7 “iB® if Enﬂes < u-ml return bytes + * B";

return String, format("%.1f 85", bytes / Math.powlunit, power), vrﬂ]

Example output int
string rrr

o T T return String. fomat(“%. 17 %", bytes / Math.pow(unit, powerl, prefixl;
1 18 18
17: 178 178
289: w8 %98 Example output:
413 4.9 KB 4B KB
83520 3.5 KB OL6 KD 3 0e 0B
1419857 LAME  L4M 1t 1B 1E
24137569: 2.1 MR 23.0 MB 17: 178 17 B
410330673:  410.3 M8 391.3 M8 189: MIE 9B
6975757441 0GB 6.5 0B 4013 4.9 KB 4.8 KB
T1ESETRT6HOT:  118.6 G 110.4 68 Bi521: B35 KIE 8.6 KB
W15003000449: 2.8 T LETA 1419857 LAME L4 MB
24137569: 24,1 MiE 3.0 MB
418338673: 4103 WiE 3913 MB
6575757441 7.0 GiE 6.5 GB
118587876497:  118.6 GIE  110.4 GB
W15993900449; 2O TIE 18 TE
jpost id: ### number of versions: - Vou are now cc:-t'r.':arin' the versions and

iU‘V] 3-6 GI’]@S’Nﬂ’]iLU'ﬁEJULVIEJULWE] "‘J'J@ummimauuam [16]

3.5 Scalable Tag Recommendation for Software Information Sites

(%
=]

a v o v < 1 v = [ 1 = @ =

MAdell dnavedyminisldnuwinlignaes vieliiihlaudaseunnlagiinig
o a & A 1 P o @ % wa o ¥ [y
WlauelAIneilaiienin TagMulRec iskugiuinlagonlugdAuuunatsduiunion §iu
wartedaussnndymdeyavenduisuuinlng TagMulRec lasinsvaaeafiv Liuleddeya
YaNALISALNIAD Stack Overflow, AskUbuntu, AskDifferent kay Freecode wazu1ua?
lownafredyddmiunmsaumdeyaiiandy Tuswidedlaldisnisauiauuy Similarity
Score Computation gusunisaglunisiugiilaeiiisnisAenivinanudnazdninuesal

TUNMTINYDNUALENTEUIUNTIUTUN 3-7



19

software object multi-classification Result: A list of Category
Alg; based s Y s (tags)
Target Software Object Candidate

| Software Object | Description | Tags [Score|
| Software Object | Description | Tags [Score|
| Software Object | Description | Tags [Score|
[ | Description | .. [Score]

Software Information site

step!

S R e e iy ey b a's e s s s e Target Software Object
1 Candidate
All software objects with tags in software information site)
1
[Software Otjectl | Description [Tl N\p @Y ® | oo
Software Object with No Tags

| Software Object2 | Description
| Software Object3 |

Description

gﬂ‘ﬁ 3-7 ANTIVDY TagMulRec [17]

£
v
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1), ﬁ’;umiﬁwuﬂuLmamiﬁauﬁmmm‘%‘m (Training)
Usenousedunousvieluil

o Tyandeyaiifosnsldnu

o ulaseyaiiioanunsadauazihlulinusie

o sheuaveiadeya Gamzdmiisniulunse et

o dnthedeyn

e yhAnuazeInteya (inTunisunisaidueg)

® 4iNs¥UIUNTS feature extraction

o ihmsaslumamedaneifiunsisouiveneios

e Usuiiu YSuugaluna

2). @runsihlulgau (Deployment)

Usznaumetunaunase kUl

o Tnandeyaiidiosnslion (sidriudoyaildaalung)
o uwlasdeyaifioansadauazihluldausie

® hANUATeINTBY

® iNNIzUIUNT feature extraction

o deyaruliaatunisuendaymi 9 ngu

® aisluna Topic Modeling Aen15¥1 LDA
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e

(Stack Overflow) Data Preparation

SOTorrent

Training
Zone

=

Data Cleansing
Before Labeling

Data Source

h 4

—p‘ Feature Extraction

h 2

Training
Classification Model

Data Labeling

h 2

v

Stop Word Removal
Lemmatization
Tokenization

Maodel Evaluation

v

Best Model

el

(Stack Overflow) Data Preparation

SOTorrent

Deployment
Zone

=

Data Cleansing

1

Data Classification
by Problem Tags

(Unseen Data)
Data Source

h 4

Stop Word Removal
Lemmatization
Tokenization

F

Web Report (Q&A)

h 4

Feature Extraction

»

h 4

Tagged Data

~

-

h 4

Topic Mode

ling By LDA

b

Web Service Development {API)
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big query %50 wiingzita XML Td Husu
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wenuTedvievesransaminaluladgndoyadium 5 Jo Uszneuse

1). mysql 2). oracle 3). postgresgl 4). mongodb 5). sqglserver %ﬂL‘l‘f’Ju“ﬁayja 5 Ygounag

U 13,000 YAUTOLNES

D
= stackoverflow  Products [N
Home how to install mongodb compass from stable version onto windows 10
PUBLIC Asked 2menths ago  Active 10 days age  Viewed 52 times
@ Stack Overflow |

Tags | was following an exercise and wanted to install MongoDB Compas (1.19.6(Stable)). | successfully G
&g downloaded he dmg file and extracted the file using 7-zip but when | go into the folder, | can't find a J
Users () | exeorinstructions on how to run/install compass. Please help O The Inferaciive b
e Interacuve
Jobs | searched the MongoDB site and found the doc but it says nothing about a .dmg file. Am | doing Bveyone
something wrong?
TEAMS What's this? ) Podcast AFew!
- ' mongodo  mongodb-compass About React
E\B First 25 Users Free
Featured on Meta
share edit asked Sep 1 at 0:36
OLA [0 Feedback post: |

151 =1 =9 reinstatement pn
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Tunidesatuiilauendnyaeveingu iyl iniumsdm 5-1

M131991 5-1 dnwaszvaanaulaym

anwazvasngudaym
Foanwaz A1lleu (Descriptions)
Installation N1AAAILAZNITAIAT NN “install a system or component, set

initial parameters, and prepare the system or component for
operational use” [18] Imﬁﬂﬁjuﬁﬂﬁ%ﬂa&ﬂumduﬁnﬁu install, setup,
config, setting, Installation kaz¥nuas Installation L4 Attended
installation, Silent installation, Unattended installation, Headless
installation, Scheduled or automated installation, Clean

installation, Network installation

Development NI NUNBAY “specification, construction




M1579% 5-1 anwauzvengulym (we)
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anwauzvaIngudym
Fodnwae A1ldenu (Descriptions)
(Software testing and delivery of a new application or of a discrete addition
development) | to an existing application” [18] Iﬂaﬁmjmﬁﬁﬁ%’mgiuﬂdmﬁwu dev,
build, coding, implement
Performance N15UFuUTaUsEANSAIN M8 “The art of increasing performance
Tuning for a specific application set.”[19],[20] Iﬂﬂﬁﬂ@juﬁﬂﬁﬁmagﬂuﬂfjm‘f

WU Performance Tuning, Tuning, speed, slows, load, Optimization,

Optimize

(Y] ' v Y v [ v 1 a
ludnwazveanguiamdaauduendudnuasveslymdes Tunsm 5-2

M1599 5-2 dnwzveslyiees

anwazvaslymeoy

VAN

A1l81u (Descriptions)

Limitation

Y

YoNALazININNANIlUY Software Waglonans wunens “the act of
controlling and especially reducing something” [201,[21] lngiingaidn
ﬁ"’magﬂumjuﬁlﬂiu Limitation, restriction, boundary, limit, confine,

restriction, stinginess, localization, constraint, confinement, limiting

Design

N1509NLUULAZNITINNUKY RN “Design is defined as both “the
process of defining the architecture, components, interfaces, and
other characteristics of a system or component” and “the result of
that process” [20] Imﬁﬂa;mﬁﬁﬁ%agiumjmﬁ/miu design, style, plan,
layout, scheme, diagram, pattern, format, outline, framework,

model, architecture, architect [22]

Discussion

N39AUTIY wuzt dauniu Twsesdu 9 Nluineidesiuiies Limitation

ag Design
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Tumssrurudeyannauinlanesiailuruideilddendeyasinuvaiuives

Auled SOTorrent Aifinsiiudeyasinaudnlenesinaililaedeyatildezlddoyadounds 2

U Ao 2018 fi1 2019 Tunsiseud warlunsaifinavesmsviluwmalilaniunaianiald agviy

maviuteyaidud 2015 s 2019 uwnu

wiin (tags) dmsuldlunisidendeyauiussutanaliianun 5 Tags ANUTOUD

sIUTaua Lakn Mysql, mongodb, postgresql, oracle Wag sqlserver FadT1UIUNIEY
o« Y

13,000 Iwad dmsu 5 Tags lnelugiudeyandnisiivundndudeswinnisiaiuasein

Y a Y i ° v 2 N Y]
GUa%aLL'ﬁgLmiﬁlﬂﬂa%aﬂauu’ﬂlﬂsﬁqquslNiJGUUWE]UWQU

[
a

® Data load

nszvIuMIazinissendeyaaingiudeya SOTorrent Milunosduagadluly

grudeyanladawnseuld Tudruvesdeyasin SOTorrent 981130 Google Bigquery 1y

wUaseonudulnduiana CSV ietelunisdumaiiaulaludeyaiioiu

stackoverflow

Home

PUBLIC

@ Stack Overflow
Tags
Users

Jobs

TEAMS What's this?

oFlrst 25 Users Free

Products

how to install mongodb compass from stable version onto windows 10

Asked 2 months ago  Active 10 days ago  Viewed 52 times

| was following an exercise and wanted to install MongoDB Compas (1.19 6(Stable)). | successfully
downloaded he .dmg file and extracted the file using 7-zip but when | go into the folder, | can't find a
0 exe or instructions on how to runfinstall compass. Please help.

| searched the MongoDB site and found the doc but it says nothing about a .dmg file. Am | doing
something wrong?

mongodb  mongodb-compass

share edit asked Sep 1 at 0:36
OLA
151 =1 #9

¥

U7 5-2 Feyauuiuledaudnloviesinegl

Blog

[J The Interactive b

Everyone
) Podcast: AFew!
About React

Featured on Meta

O Feedback post: !

reinstatement pn

NUN5-2 usegadeyassennuinivledaudnlonesinaiuazsui 5-3duas

1137 SOTorrent Feisaonludeyafieaiu

201%-08-2 How to use regex and match data using find/aggregate?

<javascript><node.js><mongodb><mongodb-¢

2019-08-3 Which dependencies would i need to use in a social media app when | want to implement a feature to follow <node js=<reactjs*<mongodb><express>

2019-09-0 how to install mongodb compass from stable version onto windows 10

2019-08-2 How can | stream a map of polylines efficiently?

2019-08-3 How to store data in Firebase {or other nosql document database) taking Max Document Size Into Account?
2019-08-2 How can | get a C3V from my atlas mongodb cluster?

JUN 5-3 fegatoyantiain SOTorrent

<mongoedb><mongodb-compass>
<javascript=mongodbx<streaming=<query-of
<database><mongodb><firebase><firebase-r
<javar<mongodb=<atias®
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Megetayaillaain SOTorrent Uansegun 5-4

2 Difficulties to iterate IS objects attributes with mongo shell interpreter <mongodb> 0 1
2 Can we store drool rules (XLS) in mongodb database? <javar<mongodb><drools*<hazelcast><rule-¢ 0 1
2 Put a condition in Project statement <maongodb><mongooser<aggregation-framev 0 1
3 Passing MongoDB collections to modularized Express routes <javascript><node js*<mongodb><express: 0 1
2 Getting BSON converter issue while saving message from Kafka topic to MongoDB using Kafka Connect <mongedb><apache-kafka><apache-kafka-co 0 1
2 why mongoos need schema to return model instance which already exist? <node.js><mongodb><mongoose> 0 1
2 Init scripts not executing on MongoDB docker containers <mongodb>cdockers a 1
2 How to design mongodb dataset for opening hours datamodel <mongodb> a 1
3 Spring MongoDB 5in with array and embedded decument <spring=<mongodb><mongodb-query><spring 0 1
1' APl testing problem with Postman the data is not being posted correctly <node.js*<mongodb=<express*<mongooses< 0 1
2.What is the best way to save user settings for web app <javascript=<angularjs»<database=<mongodt 0 1
2 How to use regex and match data using find/aggregate? <javascript=<node js*<mongodb><mongodb-c 0 1
3 Which dependencies would i need to use in a social media app when | want to implement a feature to follow <node. js><reacjs><mongodb><express> 0 2
0 how to install mongodb compass from stable version onto windows 10 <mengedb><mongodb-compass> 0 2
2 How can | stream a map of polylines efficiently? <javascript»<mongodb»<streaming><query-of a 2
3 How to store data in Firebase (or other nosql document database) taking Max Document Size Intoe Account? c<database»<mongodb»<firebase»<firebase-r 0 2
2 How can | get a CSV from my atlas mongodb cluster? <javar<mongodb><atlias® 0 2
2 How can | map collection name to WiredTiger URL without db.collection.stats() <mongodb><wiredtiger> 0 2
3 MongoDB Slookup with <collection to join® coming from the input document <mangodb><mongodb-query><aggregation-fr 0 2
0 Failed to retrieve all abjects on the database <node js*<mongodb> 0 2
3 How to store downloaded file local url in mongodb <mongodb><react-native> 0 2
3|Routing issue in React |:reacqs:cmumgudb:cterm'ma|><react-ruuter- 0 2
2 Find a document using expression tree and nested BsonDocument <ci#><mongodb><mongodb-.net-driver> a 2
2 How to access Mongodb remotely? <mongodb> a 2
2 http url for post req from android to mongodb via nodejs <android=<node.js*<mongodb=><http> 0 2
2 Creating a PHP wrapper for MongoDB and MysqlDB X DevApi <php*<mysql><mongodb><nosql><document 0 2
1' MongoDB: latest of multiple causally consistent sessions <mongodb><consistency> 0 2

JUN 5-4 seeatoyantaain SOTorrent
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Jouaoanilu Installation, Development, Performance Tuning laavisaruidutleynin
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Installation »  Limitation
Development » Discussion
Preformance :

: » Design
Tuning
A . \
3Un 5-5 Classification Group
N rost Content Tech Tag Label Lv1 Label Lv2

1|"CAST" function with "DISTINI have two tables parent and chid . |postgresqgl Development Design
2|"create is not valid input at thI have just instaled mysglworkbengmysgl Installation Discussion
3|"createlang: command not fql am trying to get musichrainz datalpostgresqgl Development Discussion
4|"ERROR! MySQL server PID {1 notice that a <code>mysqgld</codmysqgl Installation Discussion
5/"From" multiple tables and th{I have this query that works beautifimysgl Development Discussion
6/"GRANT SELECT table TO rolI have very simple db (PostgreSQL)|postgresgl Development Discussion
7|"insert data out of date rangqI'm getting the folowing error while ilpostgresgl Development Discussion
8|"insufficient privieges" error I have instaled Oracle 11g on my P{oracle Installation Discussion
9|"MongoDB not able to start”" |Osmoxis error Log</p>8&#xA;&#xAmongodb Development Discussion
10{"mount” a PostgreSQL datab{I've been given a project to extract|postgresql Installation Discussion
11|"Reverse Join" needed, using|T need to do whast I describe as a |mysgl Instalation Design
12|"row is too big (...) maximumI'm facing weird issue with postgres |postgresgl Development Design
13|"Subguery returned more thg have two tables from these first tw{sgl-server Development Design
14|"Subquery returns more than|select tf.id from text_fields as tf WHmysql Development Discussion
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M3NN 5-3 a3 easUIINteyausnaulyuasautenandueigiudeys

Tags mysql | oracle | mongodb | postgresgl | sqlserver
Development-Design 340 2 230 1283 1544
Development-Discussion 1514 18 1267 842 30
Development-Limitation 268 0 193 312 647
Installation-Design 195 40 70 93 219
Installation-Discussion 228 81 188 a5 292
Installation-Limitation 223 1 59 56 91
Performance-Tuning- 485 1 134 159 164
Design

Performance-Tuning - 722 4 293 43 51
Discussion

Performance-Tuning - aa7 0 245 48 80

Limitation
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1). MeiANuazeInteys

2). N3 Feature Extraction Wa% Feature Transformations

3). msaslumaandeya

4). nMsUFulaUsEaEnmMvaslueg

6.1 N15USLUIANATIANULUBIAY

o o v < Y WY & P o ¢
aqﬁiUﬂJ@%aﬂ’]ﬂJ@aUﬂﬁlﬂﬁLL@ﬂI@L?@ﬂWﬁQ@JT@I@LU?S‘U ELU'U’Nﬂﬁ\TV]'NL'J‘UﬁLW]ﬂI@L'J@ﬁ

=%

Wadlafifiudiglunsnsrraeubignsaluasiinisunluiinilowu uifddiveyauisduily
A1 50 I LANIATNI 1N 11O NWIRLAYAS 9 FInTEUIUNITTINUATUNISYIANEZ DA
ToyailsuavidunlartunounwalUll
o 1 I3 I3 1 [y % =3

1). ¥MNshend@rulsenauvadlnanaanu 2 AIUANANYULVDIVOYA Tnewentdu
& A A & o ° Y a | & | A A v o o
Wemneglulwadndudme Aeiunild uagBndiufie diuves code Maidasiumay

2). insusnduaiiludduanizeosniwlusunsuwaz sz uussuuuidanaslouwn
SQL, Linux wag Windows L9u select dir mv tJudu weinistuagyinnistuenizaiuindu
Tags <Code>

3). ¥n1sau Tags #1199 oenlU WU <a>, <code> tHudu

4). vhnsusuegudu egluguwuuiieaiu 1w "can't” Wu "cannot"

Y

5). Farfiruiinuuslldmasenlu Ao Tovowwandne wwu mysal, oracle \Uudu

6). auiiuiiin (Space) LagdNUTENLAY

7). AUANRLAVAN & FIDNWIALAY

8). AULASDINUIBITIANDY (Punctuation) g9y “?”, “@” Tneazyiludiudiiu
ilovmaesTwadivindy luvintduwes code

9). LUIAAIEN15Y11 Tokenization

10). vinsusussnuslegluguuuuvesiidnyiavun
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11). vin15auA Stop Word wagdsuailagld Lemmatization 8198951u%8ya Stop
Word 310 Link http://xpo6.com/download-stop-word-list/ LLazmiLﬂﬁaugU A13N

lausn3vaa NLTK [23]

6.2 N15%1 Feature Extraction wag Feature Transformations

Tudhuvoansyuaunsil WududAydmsunsiauaunsulasn s ssuRtd
AawfimosItlakarasaRAUNYITeIYEld F9IsTuiTeilvihAentsulasdoniny

<

Jusluuunnnesnudnuuztaniy evibineuiinesaiunsaussuianals Jeyanly

Y 9

o

338 Tn1suenadiunisvin Feature Extraction Ipeniswusddudusiadl

® Feature Extraction d@uvaseyaiilomlnadnluiaudlifidiures code

® Feature Extraction duvestoya code MigItasiuAny

Feature Extraction dayaitiomiinaniilsifdaunos code

TuduiifinsuvasuasUszanananudnuusiiieafudoninu (Textual Feature) Tu
sULUUTIEazdEAT NN (Feature Engineering) [2],[24] Tael438mseall

1). Term Frequency-Inverse Document Frequency (TF-IDF) fig M3AUINAILE
wazaudrAtyresiluenasuazUsuldlusuuuunnnesveslaya

2). Bag of Words (BoW) Aennsifuaiuvesdiiusinglutenanslusuuvusiuiu

J

3). Word2Vec Aonisuiasoyadnlunnmesvesdaya tneldluna Continuous
Bag of Words (CBOW) @1i5ud1143 Seil

0). adnuwazanizanainuludemeungusing q WU ngu Installation 1zdien
finuveeidu Setup install 1udu

5). asdnwazianzanmstiusiluindludeni

6). @319ANBALLANIZTIINNITUUTINIULATIEF19909U e oATaAIIUNTD Frequency
of Part of Speech Tagging (POS) lawaulaludiuves Auim n3en

7). a¥1ednvazanizannsiudanguteyavesidsiiaviiny nsusnidu

2 du Ao MAWDITEUUUURNMS wazn1w SQL 1w mkdir, dir, find s

8). AANBAIANIZAIINATIATIZVIANNIANTRUTELEA (Sentiment)
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9). taw1zludIUvIN1INI91UIIUAYU Deep Learning Convolutional Neural

Networks agaaululgdeu Word Embeddings Layer naunu TF-IDF

[ )

Feature Extraction Tayadiuve code ludruliiinisusudnvazuisegraeenty

lAuA Frequency of Part of Speech Tagging Way Sentiment

6.3 MU lunan1sTeuivaLATaINdaya
Tudiuveanszuiumsiidanvauzanuazilunimeasnideyafivionainnszuiunis

' '
aa

Aeunthuudanesiun1siteuivewasedluddeing 9 wdvnaningn nsyuiunsidnig

e 2 daudneiu Ao @il 1 nsadslumaritesuuntami 9 nauilymiiuszneude
Development-Design, Development-Discussion, Development-Limitation, Installation-
Design, Installation-Discussion, Installation-Limitation, Performance Tuning-Design,
Performance Tuning-Discussion, Performance Tuning-Limitation dndiufeni1sasng
Tuwma Topic Modeling #3e Latent Dirichlet Allocation (LDA) Midunisianzdninluusias
Jayvnuedaidelatng

Tudquvesnistuwundam 9 ngu Buaniteyadernuiignulanduninnes

v
av (Y

Tonunieusiedeyatngdanesriuniseuivenatesdunuifeildiiondanesiiu

Y

a U

nsisgusveunIasludnuuzuullginaauyia Multi-Class Classifier faiinqudanasnuild
neavabann Decision Trees, Naive Bayes, Ensemble A® Random Forest, Linear
Models A® Logistic Regression wag Deep Learning LUy Convolutional Neural Network

(CNN) [25]
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6.4 wmatanlduidgynnnulunsmunlung
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1. Yymanuldauninsvesteya Auldvinfieuduvestoya (Asymmetric
Information) %58 Yayanilanwuzdndiuyseinnveddeyaliiviniu (Data Imbalancing) Tu

wiazngudaym naAeludnuaizvestymsuwuuil inandleinisyiuiudeyauasuus

[ | 1

Toyanagounuin Teyalymudaznquilduauivandeiududiiuunn Fedianuduly
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aMinananwardayasunuIaInTruuaunaulidungudynivianguuinnin
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fhetnatu nguliyvfiieaiu Development axfianandn Installation 1Husiu

Mndymiananinugidelsinsmaasstu 2 suuuvde (1) shnslideyailiauanasi
n1snaaes (2) [93591aestayanisadfuuy SMOTE fidelaidanlduuy SMOTE over-
sampling Lﬁ@ﬁ%ﬁﬁ@gﬁﬂﬁg%ﬂﬁﬁﬁ@8mmﬁ’wmuﬂzymﬁmaﬁqﬂlﬁﬁﬁﬁagaLﬁuﬁwmuwhﬁuiu

uwsiazngy NMsiiiudeyauuy SMOTE over-sampling 9gildnuwaugaugui 6-1

Class Imbalance

3 e Y : I ; % 3 3 Y “ I
Samples in class 0: 1893 Samples in class @: 1893
Samples in class 1: 107 Samples in class 1: 1893

g‘ih?i 6-1 $19819N15%1 SMOTE [26],[27]
ﬁm%"ué’mawuaﬁayjaﬁﬁﬂmmam #i3unaassandadiu 30:70 Tnsuvady
foyanaaeu 30 Wosidud (Test Set) wag 70 WosuddmiudoyaiiiaiFeus (Training Set)
wluiagnanvinefidndau 15:85 dmiuisnsutsteyaldiinisléisudanguuuugusiedis
wUadu (Stratified Random Sampling) Tngldauaunguindetym 9 nau WWusgielunis

wlauwendeya warduniudadiu Fedruunlvnaingaluanudded nuirdediudeyawuu

20:80 waz 15:85 fnrwlndides Andadesninadu 9 Mulduduingaazilu 20:80 Aatiu
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anusialilumsnauannasing 9 aglddeyadndiu 20:80 muiiaualy Fadwudeyazasy

Tamun1s199 6-1

15991 6-1 ATNATUTUIURBULALAWINYBYaLUY SMOTE

Class Average
Training
ratio Training Set per 1 Class Test Set

70--30 9279 not use SMOTE 3978
80--20 10605 not use SMOTE 2652
85--15 11268 not use SMOTE 1989
70--30

(SMOTE) 23121 2569 3978
80--20

(SMOTE) 26433 2937 2652
85--15

(SMOTE) 28080 3120 1989

aa v s

2. JymilAdayauazuunannmesvoyaiidnuiuuin (High Dimensional Problem)

A & v v 1

nanAsludnwurveslgymilduiinainiievinisulasteyamiuiidnusung

nnwestaya sz ldinuannmesiauvaInvalganvzesenladniim

6 a ¥

Foyanunauiuly suesaniidmarnnanediny lunuidsannsaunnnnines ATNALE
wnfdnuauaulufimdndiu fedu §idetsldliBmaaniifnesdoyaaniioliaulalundud
fauddygeaauindu Jymidldlddaneifiu 3 ya lunismnassusznoudae
TruncatedSVD, Chi-Square, MinMaxScaler

TruncatedSVD viwthiitunmsangulvddiuiuninan lagluauideillanaaes 10-

| a aa

1,000 3@ Imawaﬁﬁﬁqmﬁmw 200 4R
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Chi-Square viutNusun1sandaluaneuziAgdiu TruncatedSVD WalANaA1AY

ey Iag Chi-Square WumAulniaue

S o

MinMaxScaler vinntiiiusuaivasdoyaliegludis 0 waz 1 windu 1Huislunns
Normalization Av84U8yaINNTandATeYA
3, YymwesnsmanduUsfiuanzandmdudanesiiu nsléaudanesiiusng 4 &
ArfauUsfiannnsausuldnainnate datunisnaaesladnisuidanilaenisldiled du
GridSearchCV
GridSearchCV 1Juilerdudiagnelunsvin Hyperparameter tuning lngyvinislaynvoes

wUseeeanis Meandudenanassyimiilunsmaimungauiulimauiniian

6.5 N13Usiliunalszansawlauaanisnundgymn

AuSunseuIunsUsEiiuNaluauIdedle a1 TaNaaInNSAIUIMAN Precision,
Recall, F1-Score, Accuracy TunsidSauiisu wazlafiinaslgis Stratified Sampling fiu 5-
Fold Cross Validation Tun1suseiiu

v 6 a a a o 1
Nﬁa‘Wﬁﬂ’]ﬂﬂ’]iUi%LNuUi%ﬂﬂﬁﬂ']WhJLﬂﬁﬂ?'ﬁ%%mﬂ‘{jﬁy‘ﬁﬂ 9 na

v
ya v v

Tudrud Widunsunisdnm nsneaes Ineldddunaziiumadacig o Lile
UszdnSnngedn Tnedlgsunisviaudedl

1). innsudeyafiiiunszuIun1suUasdn USuUgsAInNmns1ad 6-2 tileld
AouImesiseuiiigdanesiiu Ingladwudanesiulungusng q aeldlauss Scikit-leam
U58NBUAIE NHY Support Vector Machines LinearSVC nqu Naive Bayes ngu Decision
Trees ﬂﬁju Ensemble [10] Random Forest, VotingClassifier way XGBoost [12] nnela
laus13 tensorflow keras [25] a¢lddanasfiulungun1svinauwuy Deep Learning lngls

UUConvolutional Neural Network (CNN)
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M159 6-2 asumatiailda

Technique Detail
Feature Extraction Texts Area (TF-IDF, BoW, DOC2VEC, Word Embeddings Layer) [27]
Feature Selection Dimensional Reduction Techniques(SVD, MinMaxScaler, Chi-Square)

SQL Count, Word Or Token Count, Command_Count
(Linux Command or Windows Command), Class Word Count

Feature Transformations | (9 classes), Sentiment, POS

Data lmbalancing SMOTE (Oversampling )

Other GridSearchCV, Cross Validation (K = 5)

2). vinnsthdeyaduimdudeyaiiielvireufiamesiseuiiingdanesiiu lneladdu

danesfiuluganvinaulusesuusniiinafiuinelagsgaldaun Wgnisvineuiuu K-Fold

Cross Validation Taglaien k 181 5 tietinanlauinilinananfan lnenaasudoua 2 6

9 kY

=Y

Gk

(1) szé’u%a;ﬂaﬁ'ﬁﬂ"ﬂ‘ﬁ'mmsauaﬂmjuﬂﬁymié’ﬁuﬁﬁa"wmuimﬂszmm 5,000
$18M3 FTNALENAAUAITIT 6-3 T 6-5

(2) szudayarimuniisaualasyszana 13,000 T8N501LAN99 6-6 Fan1anal
6-8 suana Ineld Feature mumis1sinuuu mileuiy ynislaslumsed 6-3 fa 6-8 2y
Junnsld TF-IDF %38 Word2Vec satiu CNN %nsld Word Embeddings Layer nausnu
fafidm¥ua1s19d1udn Voting (Mix) [28] Aesaudaneifinunisifouiveaadeslas
Usgnaumiesanesyid Random Forest, Decision Tree, Extra Tree, SGD

Tnedeyalumsnad 6-3 fs 6-8 azfimsifudimudmivaiilunaifianluniss

aa

1 9 lngguavindl FLudiduusn lunsdladan F1 AlndiAesiy asiiansund1du o

MAUILALAYIINANUUANASUYDIAIDY o) Usznauale
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Configuration

Installation

Precision | Recall | F1 Accuracy
Design
Random Forest (TF-IDF) 0.63 0.49 0.55 | 0.61
Voting (Random Forest 3 set) (TF-IDF) 0.58 0.49 0.53 | 0.64
Voting (Mix) (TF-IDF) 0.57 0.49 0.53 | 0.51
CNN 0.59 0.18 0.27 | 0.32
XGBoost (TF-IDF) 0.63 0.64 0.63 | 0.62
XGBoost (Word2Vec) 0.58 0.38 0.46 | 0.58
Limitation
Random Forest (TF-IDF) 0.57 0.81 0.67 | 0.55
Voting (Random Forest 3 set) (TF-IDF) 0.56 0.75 0.64 | 0.6
Voting (Mix) (TF-IDF) 0.59 0.73 0.65 | 0.62
CNN 0.67 0.08 0.14 1 0.2
XGBoost (TF-IDF) 0.47 0.35 0.40 | 0.47
XGBoost (Word2Vec) 0.47 0.29 0.36 | 0.47
Discussion
Random Forest (TF-IDF) 0.71 0.35 0.46 | 0.59
Voting (Random Forest 3 set) (TF-IDF) 0.62 0.3 0.4 |0.57
Voting (Mix) (TF-IDF) 0.6 0.4 0.48 | 0.7
CNN 0.47 0.95 0.63 | 0.62
XGBoost (TF-IDF) 0.61 0.66 0.63 | 0.60
XGBoost (Word2Vec) 0.57 0.77 0.65 | 0.56
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Development
Configuration
Precision | Recall | F1 | Accuracy

Design

Random Forest (TF-IDF) 0.73 0.74 0.73 | 0.69
Voting (Random Forest 3 set) (TF-IDF) 0.69 0.74 10.73 | 0.69
Voting (Mix) (TF-IDF) 0.67 0.75 0.71 | 0.69
CNN 0.67 0.57 0.62 | 0.61
XGBoost (TF-IDF) 0.72 0.80 0.75 | 0.71
XGBoost (Word2Vec) 0.67 0.85 0.75 | 0.66
Limitation

Random Forest (TF-IDF) 0.85 0.84 0.84 | 0.86
Voting (Random Forest 3 set) (TF-IDF) 0.55 0.74 10.63 | 0.57
Voting (Mix) (TF-IDF) 0.52 0.61 0.56 | 0.48
CNN 0.84 0.83 0.84 | 0.82
XGBoost (TF-IDF) 0.86 0.84 |0.85]|0.86
XGBoost (Word2Vec) 0.83 0.83 10.83]0.82
Discussion

Random Forest (TF-IDF) 0.54 0.76 0.63 | 0.51
Voting (Random Forest 3 set) (TF-IDF) 0.85 0.85 |0.85|0.83
Voting (Mix) (TF-IDF) 0.81 0.84 0.82 | 0.83
CNN 0.44 0.8 0.56 | 0.52
XGBoost (TF-IDF) 0.58 0.69 0.63 | 0.58
XGBoost (Word2Vec) 0.57 0.54 0.56 | 0.57
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Configuration

Performance Tuning

Precision | Recall | F1 | Accuracy
Design
Random Forest (TF-IDF) 0.66 0.55 0.6 |0.7
Voting (Random Forest 3 set) (TF-IDF) 0.55 0.54 1 0.57 | 0.59
Voting (Mix) (TF-IDF) 0.56 0.63 0.59 | 0.51
CNN 0.55 0.32 0.4 |0.41
XGBoost (TF-IDF) 0.69 0.60 0.64 | 0.68
XGBoost (Word2Vec) 0.48 0.54 0.51 | 0.47
Limitation
Random Forest (TF-IDF) 0.51 0.73 0.6 |0.51
Voting (Random Forest 3 set) (TF-IDF) 0.82 0.48 |0.61 |0.81
Voting (Mix) (TF-IDF) 0.83 0.5 0.62 | 0.83
CNN 0.95 0.32 0.48 | 0.42
XGBoost (TF-IDF) 0.78 0.54 0.64 | 0.78
XGBoost (Word2Vec) 0.73 0.43 0.54 | 0.72
Discussion - _ _ -
Random Forest (TF-IDF) 0.87 0.48 |0.62|0.86
Voting (Random Forest 3 set) (TF-IDF) 0.5 0.62 0.55 | 0.49
Voting (Mix) (TF-IDF) 0.6 0.4 0.48 | 0.6
CNN 0.39 0.78 0.52 | 0.55
XGBoost (TF-IDF) 0.56 0.72 0.63 | 0.55
XGBoost (Word2Vec) 0.47 0.45 0.46 | 0.47
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Configuration

Installation

Precision | Recall | F1 | Accuracy
Design
Random Forest (TF-IDF) 0.42 0.42 |0.42 | 0.41
Voting (Random Forest 3 set) (TF-IDF) 0.45 0.28 |0.34 |045
XGBoost(TF-IDF) 0.41 0.35 0.38 | 0.41
CNN 0.07 0.19 0.1 |0.07
XGBoost (Word2Vec) 0.58 0.09 0.16 | 0.57
Limitation
Random Forest (TF-IDF) 0.32 0.24 10.27 | 0.31
Voting (Random Forest 3 set) (TF-IDF) 0.34 0.19 0.25 | 0.34
XGBoost(TF-IDF) 0.37 0.24 0.29 | 0.36
CNN 0.09 0.2 0.13 | 0.09
XGBoost (Word2Vec) 0.01 0.01 0.01 | 0.1
Discussion
Random Forest (TF-IDF) 0.38 0.61 0.47 | 0.38
Voting (Random Forest 3 set) (TF-IDF) 0.43 0.65 |[0.52|0.43
XGBoost(TF-IDF) 0.48 0.55 0.51 ] 047
CNN 0.16 0.26 0.2 ]0.25
XGBoost (Word2Vec) 0.54 0.31 0.39 | 0.54
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Development
Configuration
Precision | Recall | F1 | Accuracy

Design

Random Forest (TF-IDF) 0.52 0.57 0.55 | 0.52
Voting (Random Forest 3 set) (TF-IDF) 0.51 0.57 | 0.54 | 0.51
XGBoost(TF-IDF) 0.55 0.6 0.57 | 0.54
CNN 0.4 0.13 0.2 10.39
XGBoost (Word2Vec) 0.46 0.58 0.52 1 0.46
Limitation

Random Forest (TF-IDF) 0.75 0.57 0.65 | 0.74
Voting (Random Forest 3 set) (TF-IDF) 0.75 0.57 0.65 | 0.74
XGBoost(TF-IDF) 0.73 0.62 0.67 | 0.72
CNN 0.36 0.54 0.43 1 0.36
XGBoost (Word2Vec) 0.83 0.59 0.69 | 0.82
Discussion

Random Forest (TF-IDF) 0.57 0.56 0.56 | 0.56
Voting (Random Forest 3 set) (TF-IDF) 0.53 0.61 0.57 | 0.52
XGBoost(TF-IDF) 0.55 0.64 0.59 | 0.55
CNN 0.43 0.49 0.46 | 0.42
XGBoost (Word2Vec) 0.45 0.78 0.57 | 0.44
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Performance Tuning
Configuration
Precision | Recall | F1 | Accuracy
Design
Random Forest (TF-IDF) 0.51 0.52 |0.52|0.5
Voting (Random Forest 3 set) (TF-IDF) 0.55 044 |0.49 | 054
XGBoost(TF-IDF) 0.55 0.41 0.47 | 0.53
CNN 0.26 0.52 0.34 | 0.25
XGBoost (Word2Vec) 0.44 0.29 0.35 | 0.44
Limitation
Random Forest (TF-IDF) 0.75 0.52 0.61 | 0.75
Voting (Random Forest 3 set) (TF-IDF) 0.67 0.58 0.62 | 0.66
XGBoost(TF-IDF) 0.7 0.51 0.59 | 0.7
CNN 0.1 0.1 0.1 0.1
XGBoost (Word2Vec) 0.93 0.32 0.47 | 0.92
Discussion
Random Forest (TF-IDF) 0.41 0.37 0.39 | 0.41
Voting (Random Forest 3 set) (TF-IDF) 0.51 0.34 | 0.54 | 0.51
XGBoost(TF-IDF) 0.46 0.41 0.43 1 0.45
CNN 0.45 0.04 0.07 | 0.45
XGBoost (Word2Vec) 0.45 0.08 |0.14 | 0.45
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XGBoost Performance
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Word2Vec

M13197 6-9 uanslseansamlagsiuvedduina Multiclass Classification ieldlu
msduwunAausunautym-Jaymeesvia 9 nqu Taglddoya 5,000 Tnad (Judeyalunis
Soug Faagladnluna XGBoost (TF-IDF) Wulwmaniivsednsamlaesinlunisdiwun 9

naudaymlannan wazazgnihluldlunsiamuaiesiiessly

AN19N 6-9 ATakAnIUSEANS A NIRETINVRILULMA Multiclass Classification

lngldvaya 5,000 lnes

Configuration Accuracy Precision Recall F1

XGBoost (TF-IDF) 0.68 0.65 0.64 0.64
Random Forest (TF-IDF) 0.65 0.66 0.63 0.61
Voting (Mix) (TF-IDF) 0.67 0.66 0.63 0.63
Extra Trees (TF-IDF) 0.64 0.62 0.61 0.60
XGBoost (Word2Vec) 0.64 0.60 0.57 0.57
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Which £1ySQL data type to use for storing boolean values

Asked 13 years ago  Active 4 months ago  Viewed 941k times

Since MySQL doesn't seem to have any 'boolean’ data type, which data type do you 'abuse’ for
storing true/false information in MySQL?

1307
Especially in the context of writing and reading from/to a PHP script.

Over time | have used and seen several approaches:

e tinyint, varchar fields containing the values 0/1,
e varchar fields containing the strings '0'/'1" or 'true'/'false’
e and finally enum Fields containing the two options 'true’/'false’.

None of the above seems optimal. | tend to prefer the tinyint 0/1 variant, since automatic type
conversion in PHP gives me boolean values rather simply.

So which data type do you use? Is there a type designed for boolean values which | have
overlooked? Do you see any advantages/disadvantages by using one type or another?|
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M1519% 6-10 mﬁwagﬁma@h Coherence U84 Topics e Frauu sty

Class | Validation Set Beta Alpha Coherence | Topics (K)
1 75% Corpus 0.01 asymmetric | 0.45548861 | 2
2 100% Corpus 0.91 0.31 0.482153034 | 5
3 100% Corpus 0.91 0.31 0.482153034 | 5
4 75% Corpus 0.91 asymmetric | 0.554846033 | 5
5 100% Corpus symmetric | symmetric 0.456966243 | 4
6 75% Corpus 0.01 0.91 0.410113142 | 6
7 75% Corpus 0.31 0.91 0.449222108 | 3
8 100% Corpus symmetric | 0.91 0.432270214 | 4
9 100% Corpus symmetric | 0.91 0.480087689 | 2
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A1 Coherence getulduialusuiannsiUdsuisnisidu Latent Semantic-Analysis (LSA)
%38 Non-Negative Matrix Factorization (NMF) 8193zt udnniadenlunisv Topic
Modeling Ausiugunnninid

n&a9InYnsAuINAE LI topic iRTianvesusaznguiiym (class) maiels
ynsadslamasnuasangs Tneldfiiunainnisv topic modeling (LDA) dmduusiay
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15199 6-11 A5 1vasUAANTIEmSY topic egnelitamnises Development-Design

Topic 1 2 3 4 5 6 7 8 9 10
1 table select from as query where and column | join like
2 server data date table time get like need try would

Tup5199 6-11 azlueildaintamilungy Development-Design Inglungudl
U topic Mnunzauas 2 lngn
topic 1 annsafmnuvangliduide “Development of query design for select®

topic 2 ansaranunEngladusiide “Development of table design®

o

M3NN 6-12 mMsaguAdnidmsu topic Negnieladynnises Development-Discussion

Topic | 1 2 3 4 5 6 7 8 9 10
1 index function | create | view use explain | or procedure | exists name
2 select | from as date query | where | and count table join
3 error server run command try get set use file user
a4

table column | insert | id one want like update value data
5 query | find like collection field get array | want document | data

Tum151991 6-12 azluildandgywilungy Development-Discussion Inglunguil
U topic Mnunzauas 5 lagi

topic 1 amnsaannunanglaluimde “Development discussion about SQL function®
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topic 2 annsafmnumnelmduide Development discussion about SQL select®
topic 3 annsafmnumnelmduide Development discussion about system-
command”

topic 4 annsafmnumnglmduide Development discussion about SQL update”

topic 5 annsafmnumngliduide “Development discussion about NOSQL”

#7139 6-13 msvmgﬂaﬁﬁ’wﬁﬁ’m% topic ﬁagf@‘ﬁﬂ?ﬁﬁﬁﬂ/i?ﬁm Development-Limitation

Topic | 1 2 3 4 5 6 7 8 9 10

1 and time or like date query | as from select where
2 table | constraint | create | key column | insert default add delete update
3 as select set from and date procedure | string function | case

4 server | data file error run station | command | use get user

5 select | from table qurey limit where | insert get join as

Tumsnefl 6-13 andudniildanigmilundu Development-Limitation Taglunguil
$17U topic Twinzaude 5 tned
topic 1 ansaraungladusinde “Development limitation of SQL select (related
to -time)*
topic 2 aunsadauvnelmduiide “ Development limitation of NOSQL®
topic 3 aunsainung leduide “Development limitation of SQL function”
topic 4 annsafmnuvngliduide “Development limitation of system command”
topic 5 annsafmnuvenegliduide “Development limitation of SQL select (related

to -insert)”
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M13NN 6-14 as1asuAmdnidmsu topic Negnieladeymises Installation-Design

Topic | 1 2 3 4 5 6 7 8 9 10

1 table | system | select | from | query insert command | like set get

2 as select table sum from query date join get and

3 table | data server | one user want would like set create

4 server | error try get connect | run file install | user version

5 in or at as database | default | create alter try password
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Tumsnefl 6-14 andudnildantigmilund Installation-Design Taglunguilsuau
topic imanzavde 5 lngil
topic 1 anunsadauunglmduide “SQL select (related to insert) in installation
design®
topic 2 @nsaannunEnglaluide “SQL select (related to time) in installation
design®
topic 3 annsaaaunnglmduiide “Create system table in installation design”
topic 4 annsaaaunnglmduiide “Install and test in installation design”

topic 5 annsaaanunnglmduiide “Admin Command in installation design”
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M3NN 6-15 as1sasuAdnidmsu topic Negnnelalaymnises Installation-Discussion

Topic | 1 2 3 4 5 6 7 8 9 10

1 error | try get run user start work command | password | data
2 server | error connect | try instance | connection | run install studio get

3 table | server | query like would get column | need insert one

a4 set replica | version | select | and update see node index error

Tumsnedt 6-15 andudndildantiguilungu Installation-Discussion Tnelungul
$77U topic Tvinzaude 4 tned
topic 1 annsafmumnelmduide “Installation discussion about admin command®
topic 2 annsafmnumnglmduiide “Installation discussion about install and test®
topic 3 aunsainumneladuiade “Installation discussion about NOSQL”
topic 4 amnsaaanuvangladuide “Installation discussion about SQL select

(related to update)”

A15NN 6-16 mMTazURmEnidmsu topic Medneladeymises Installation-Limitation

Topic | 1 2 3 4 5 6 7 8 9 10

1 default by date server error run name table | import | unique
2 password | try server | instance | connect version | like root | work table

3 server error know | get try create | database | write | key tutorial
4 table default | query | and from select | join set as create

5 server install | want | use application | service | folder start | query | also

6 server file error user run get work start | try machine
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Tupn3197 6-16 azumiilaandgmilungy Installation-Limitation Tnalunguil
T topic NnRuNzaufe 6 lagy
topic 1 @nnsadaunnglmduide “Installation limitation related to programming -

(not SQL)“

topic 2 annsafmnuvangliduiide “Installation limitation related to admin -
command®

topic 3 annsafmumnelmduiide “Installation limitation related to SQL create”
topic 4 annsafmuvangliduiide “Installation limitation related to SQL select”
topic 5 annsafmnumneglmduiide “Installation limitation related to install and -

test”

topic 6 annsafmnuvanelmduiide “Installation limitation related to system”

A5 6-17 as1sasUAANYidmsU topic Megnelalamnises

Performance Tuning-Design

Topic 1 2 3 4 5 6 7 8 9 10

1 table select update | insert set from query as count | value
2 and select as from query table where join index time
3 table data server like time one query use would | ecet

Tup3197 6-17 aztumilaandaywilungu Performance Tuning-Design tnglu

[

nauiiuIU topic Mvangaume 3 laed
topic 1 awnsaranuangladusiide “Performance tuning design for SQL update®
topic 2 amnsaaanuaglaluide “Performance tuning design for SQL index*

. a VY & LY % « . . 9
topic 3 @safmumNgladuiite “Performance tuning design for system
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A5 6-18 M5 1aTUAANYIE MU topic Megnelatamnises

Performance Tuning-Discussion

Topic | 1 2 3 4 5 6 7 8 9 10

1 update insert set value want like document | array field new
2 as join and select query default | from table where | date
3 table select | query | from where index time column | like and
4 table server | data would error run one try file get

Tup37991 6-18 anfudndilsaniaywnlungu Performance Tuning-Discussion lng
Tunguilsunu topic fvmnzauie 4 neil
topic 1 annsafmnumnelmduiite “Performance tuning discussion about NOSQL*
topic 2 annsafmnumnelmduiide “Performance tuning discussion about SQL
select (related to time)“
topic 3 annsafmnuvngliduide “Performance tuning discussion about SQL
index”

topic 4 annsafmnumngliduiide “Performance tuning discussion about system”

1599 6-19 MrsEsUAANYidmSY topic Megnelilamnises

Performance Tuning-Limitation

Topic | 1 2 3 4 5 6 7 8 9 10
1 update insert set value want like document | array | field new
2 as join and select query default | from table | where | date

Tuns197t 6-19 azLdudiildantlywmlungu Performance Tuning-Limitation lag
Tunguilsrmau topic muzaudo 2 laed
topic 1 @ru1safimunuielaiduiide “Performance tuning limitation related to
programming (not SQL)“
topic 2 @wnsafnnununglailduiide “Performance tuning limitation related to SQL
select”
dauil 2 mavsaduam sl lunniludnuese :nnisaauasiinany topic e 9 na
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Uszaunsalanugiudeyaidunian 1-2 U 91wiu 3 vinu Tunisussdiuanuudug Tngld
Wnsduinteya 4 Inad sie 1 topic LieuUTEliulomYadlnaddInsInu topic AHNIS
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7 6-20 AUA4

13797 6-20 M1319@TUTIUIU topic kag post Nlinedeulueg
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No. of posts 8 20 20 20 16 24 12 16 8
under topics
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LDA_Assessor 3 | pa LIST_TOPIC

U7 6-16 flow msUsziiiunalanna LDA fuguseiiiu

I o LY

Megdoyalnadngunioudugiu topic iudeyaannguiiyn Development-

Design %30 Class 1 lae topic 1 #u1889 “Development of query design for select*

uaz topic 2 N84 “Development of table design® Tudiutinusziliuazyinn1susziiu
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A1597 6-21 MseuansdegdayanddifideiviyeusesUssliunalasdudeyasin

naulayy Development-Design (u@ngianizad@iu Post Header)

Topic | Post Header

1 How can | avoid calling a stored procedure from a UDF in SQL Server

1 How can | get the data with select query with not writing all columns

extenally and date formating is possible

1 Finding similar substrings in two separate strings

1 Grouping rows by time span

2 Can | logically reorder columns in a table?

2 Can a record with a higher IDENTITY value be inserted before one with a

lower IDENTITY value in SOL Server with large number of user?

2 How can | get only one row if only one column is different

2 How can | aggregate sales by Month in MongoDB to Scale / Report

Ingnaasuannni 3 MudlininuIsIuTINaElanan a9 6-22 AUENKALENTH
asUumeanuwiuglalaenisewinduulnadngussdiudiudisiuiiden LDA wugih

1Y
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msmeTuulnannldlundasngulamiuas NamuamisagduugUseiiy Felundae 3

TnelaNanIunNSI9n 6-23

‘:l' a a a v
NS89 6-22 M3 NATURANTISUTEUUT UL UNAIN T Aa kAL YNNIV EY

Class1 Class2 Class3 | Class4 Class5 Class6 | Class7 Class8 | Class 9

No. of topics 2 5 5 5 a4 6 3 4 2

No. of Posts under

topic 8 20 20 20 16 24 12 16 8

No. of posts under

topics distributed to

evaluators 24 60 60 60 a8 72 36 48 24

No. of posts under

topics agreed by
evaluators 14 24 23 35 17 36 27 28 15

ANTNT 6-23 MITNANANULLUEITBILUAAINNISIRAENaNITU TSI

Class no 1 2 3 4 5 6 7 8 9

LDA Accuracy | 58% | 55% 38% 58% 35% 50% 75% 58% 62%




63

v v

NHANITUIZHUILWUIINITIZYRITD topic Mu3sn15989 LDA Tudulnaddiaud
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Performance Tuning (Class 7-9) #AusiugADUY9gIN0aNAITNTEIU 58-75% Lilaifigu
o ] o g X < o & ¢ .
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Q&A

Stop Words,
Programming
and Command
USER Input Terms
Call REST API ¥
Output ‘O
_ —t
sy h Model Machine Learning
::-; return JSON
AUT74 Service API
Web Page

Data Source
(SOtorrent)
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9 nauteym (Topic Modeling)

Tudruveanaluladnldusenausiada NodelsS 1Wudivrslunisinnisninee
wansnag 1%, Python Flask WSGl agvimiiiiduiu@sniaasuag Rest Service API Provider

wazmwiildasfuniv JavaScript, HTML wag Python

© s

Development-Design Development-Discussion Number Achievement
@ Home
Development-Limitation Installation-Design 5K
B Report
Questions

% predict Installation-Discussion Installation-Limitation

% predict from file

Performance Tuning-Design Performance Tuning-Discussion

Performance Tuning-Limitation

All Questions
"Authentication plugin 'caching_sha2_password'

Installation-Discussion  mysal  Installation discussion about admin command

"ConnectionString " not functioning in visual studio 2012 (with SQL SERVER 2008 express
edition )

Development-Discussion ~ sql-server  Development discussion about SQL function

"Could not Find Server in sys.servers” when deleting, but OK when selecting

Development-Discussion  sqlserver  Development discussion about system-command

JUN 7-2 nwsegravitaeszuuluntiuen
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"Error: getaddrinfo ENOTFOUND locolhost locolhost:27017". How to resolve this?

Development Discussion mongod  Development discussion about SQL function

ect( 'mongodb: //locolhost/ninja', function(err){

" serr);

ype: 'application/*+json' }});

equire('./router");
,require(’./router'));

/i get Request

app.get('/",function{req,res){
.send{{Name: 'aaa'});

i

//1isten for request
sten(process.env.port || 3888, function{}{
nsole.log("Listening”);
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Stack Overflow Posts by Problem-Subproblem MySQL Q4
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U 7-4 fiegansmunie (Bar) uansanudvesidazUyvnvesgiuteya

MySQL Tutis-Q4 T 2019

#mysql I cant use LIMIT in sub query to SELECT this result

Development Limitation mysgl Development limitation of SQL select (related to -time)

I have 2 vith many Conditions like {ar, nat, eco, ..etc}. Every condition can be {"1" or "0"}. I want to get this table in

categories, every category has 3 records without repeating the record in the categories. I thought the code will be like this:

for the first category:

SELECT id FROM table WHERE ar="1" ORDER BY id DESC LIMIT 3;

for the second category:

SELECT id FROM table WHERE nat="1" AND id NOT IN(SELECT id FROM table WHERE ar="1" ORDER BY id DESC LIMIT 3) ORDER BY id DESC LI

and so on.. this is the image of what I need from the table Any help?

% 1
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#mysql I cant use LIMIT in sub query to SELECT this rg

Development Limitation ~ mysql ~ Development limitation of SQL select (related to -time;

3 records without reg

SELECT id FROM table WHERE ar="1" ORDER BY id DESC LIMIT 3;

for the second category:

SELECT id FROM table WHERE nat="1" AND id NOT IN(SELECT id FROM table WHERE

and so on.. this is the image of what I need from the table Any help? |
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X ((D http:/flocalhost:3000/question-detall /49606352
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#mysql I cant use LIMIT in sub query to SELECT this result

Dewvelopment Limitation mysgl  Development limitation of SQL select (related to -time)

I have a table with many Conditions like {ar, nat, eco, ..etc}. Every condition can be {"1" or "0"}.
I want to get this table in categories, every category has 3 records without repeating the record
in the categories. I thought the code will be like this:

for the first category:

SELECT id FROM table WHERE ar="1" ORDER BY id DESC LIMIT 3;

for the second category:

SELECT id FROM table WHERE nat="1" AND id NOT IN(SELECT id FROM table WHERE ar="1" ORDER BY id

and so on.. this is the image of what I need from the table Any help?
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&« C 2 https//stackoverflow.com/qudstio

» = o H
= S[HCkOVEI"ﬂOW About Products For Teams Log ir

? Please help us improve Stack Overflow. ELGEIVgE toTs VY X

How are we doi

Home #mysgl | cant use LIMIT in sub query to SELECT this result

PUBLIC Asked 3 years, 7months ago  Active 3 years, 7 months aga  Viewed 36 timed

@ Questions
| have a table with many Conditions like {ar, nat, eco, ..etc}. Every condition

Tags - . : The Overfiow Blog
can be {"1" or "0"}. | want to get this table in categories, every category has 3
Users T records without repeating the record in the categories. | thought the code # Introducing Content Health, 3 new way to
will be like this: keep the knowledge base up-to-date
o . . # Podcast 394: what if you could invest in
Explore Collectives for the first category: your favorite developer?
FIN SELECT id FROM table WHERE ar="1" ORDER BY id DESC LIMIT 3; Featured on Meta
Jobs
0 Now live: A fully responsive profile
. for the second category:
ampanies
’ ) Reducing the weight of our footer
TEAMS SELECT id FROM table WHERE nat="1" AND id NOT IN(SELECT id FROM table |

Stack Overflow for
Teams - Collzbor:

and so on.. this is the image of what | need from the table Any help? =, stackoverflow

Y
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Tuduveanisinfveyawasmathluldnunelalueuaamefidelavinismsey
11U APl (Application Programming Interface) Tillasdudnsunmsihlvldnulaed

a o w [ % A
FYALLBYAFAIALYAIANIT NN 7-1

9197 7-1 agusiens APl udiuuszneuddguesssuy

HTTP
API Name Input Output note
Methods
GET
list_all_post none all post by relevance
GET
list_ by tags tags list of results (post by tags)
GET
list_by post post id list of results (post by post id)
GET v
search keyword list of results AU post ey tags
POST post name ,
prediction _post post details post tags problem
post name,
post details ,
POST
post tags
prediction _post_lda problem Topics under post tags problem
GET
report_summary_count none summary count of problem

lumssasdiflandunisvinaunddglaun “lst all_post” @A API #ana139evi

o

o w A

v A a v & Ao o Ya o ° ] =
‘Viu’ﬁ/lﬁ']ﬂiyjﬂ@LiEJﬂﬂ@%amﬂﬂu@mﬂ@@ﬂuqf\ﬂﬂﬂﬁﬂigUUEﬁ"—\]U ﬂ']ﬂJ']iﬂu’]lUﬂi%EJﬂﬁﬂslN"lu v

Yfumsisenlduansualalaeldflandy “lst by tags” iafstoyaiil tag NAoIN1IUTe

' '
A = Y o Y A

“list_by post” iiafetaya post id NiMen1s wenanNileidy “search” Azt

[

&

a

Ae N1sAumAfeInsiuadedoyalasAumlulenaisyn q dundamselnalfesiian
dquilandu “prediction_post” agldiaviutenguiagui-Uynigegvadlnad Aeidu
« L. " P ° Y .o | P~ I3 ¢ v

prediction_post_lda” agldiiovuiesiite topic na1idslulnaduasilaidy

“report_summary count” 9z31831UgWUT NI nad LT3
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° & ¢ < 5 s a & a 1
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finsvwunnguianieanmlu 3 nquldun Jyn1a1u Development, Installation,
Performance Tuning TunAazngutgymduvssanidudagnidesdn 3 a1u ldun Design,
Discussion, waz Limitation saustaviuaidu 9 nauilami wazdidesslfiausuuamnion
g

lumalunismdmitevesuseiiutymluddnaintymdudu uwazanvineg?

q

selauaus
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av A

AukuussuvlunsteAumuazuenngudymaunnuideiladuunld

Pnran1seaedtunuidsludiuvveduinanisiteuiveunsadunisduundym 9

o

nau Jym nudnmslddanesnudmsunisiseuivesasaslungy Ensemble Learning 14

a a

Usvansamlaesiunanagatunnnaulamine 9 nqu luwanlaannisiseuivesaiasly

9 9

=

A8 Wuluwaludneaznisdnunuseunnvatseata (Multiclass Classifier) danasiu
19194 Ensemble wuu Boost 38 XGBoost s89asu 1 iUseansanlnadideanuazidu
Random Forest wuuun@ wagiuu VotingClassifier lngld Random Forest 3 yauSusuls
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3nsilonafie XGBoost (TF-IDF) TneilA1uszangaan Precision Wu 64% Accuracy \u

68% Precision U 65% Recall WWu 64% way F1 Ju 64%

anudninazidunisadreluna Topic Modeling $2e35 LDA wieldaunmateiiu
Uszinudymndnisyeatenielanguiagvinduwununudineuninandeyanldlunismaass

[

ililaided msuusiaznguiamiasil

® Development-Design wusiitatlymlaan 2 topic

® Development-Discussion LLﬁaﬁﬁa{]zymlﬁﬁﬂ 5 topic

® Development-Limitation LLﬂﬂﬁTﬁaﬂﬁymWﬁﬂ 5 topic

® Installation-Design wushatlymlaen 5 topic

® |nstallation-Discussion wiswadedamladn 4 topic

® Installation-Limitation wiswadedamladn 6 topic

® Performance Tuning-Design wusatetlymlasn 3 topic

® Pperformance Tuning-Discussion wusiadelleymladn 4 topic

® Performance Tuning-Limitation Lusadedeymladn 2 topic

nsUssuAMuLiugdmun1sin topic modeling snldluswideillavianasloi

[

Usziiu 3 vinuvinmsuseiulnglananad

o sidvasiiym Development-Design SiAAuusiug i 58%

o shdovasiiem Development-Discussion fiFnAutugi 55%

o shdavasiiyym Development-Limitation SiAAuusiug i 38%

o dpvasliym Installation-Design fAnAnuusiug?i 58%

o hdvasliym Installation-Discussion SiAAmusLENT 35%

o sidvasliym Installation-Limitation SiAAauusiugf 50%

o hdavastlym Performance Tuning-Design Senauwiugn T 75%

o shdovasliym Performance Tuning-Discussion fiFnA g i 58%

o hgavelau Performance Tuning-Limitation JA1AMUULIUENT 62%
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