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Staff are considered to be the most important resource in an organization. Therefore,
recruiting staff have crucial skills and abilities to identify the best fit for a job position is. Currently,
selectors often evaluate job applicants by reading information from resumes, primarily using human
judgment, leading to errors and delays. This research was conducted to enhance the efficiency and
speed of the selection process. The objective was to study and construct a model for screening job
applicants from resumes using machine learning principles, and specifically supervised learning. The
workflow included natural language processing experimentation and comparison of the performance
of eight models: Support Vector Classification (SVC), Logistic Regression, Random Forest, K-Nearest
Neighbors (KNN), Gradient Boosting, AdaBoost Classifier, Gaussian Naive Bayes, and Decision Tree.
Publicly available data, consisting of job categories and resumes, were utilized. With a dataset size of
962 rows and two columns, experimental results indicated that the Support Vector Classification (SVC),
Logistic Regression, and Random Forest models achieved the highest accuracy of 99.48%. Cross-
validation revealed that the Support Vector Classification (SVC) model performed the best with an
accuracy of 99.50%, Precision of 99.50%, Recall of 99.71%, and F1 Score of 99.58%. Furthermore,
significant features for job category classification from resumes were identified using Coefficients and
SHAP Values. These features facilitate better understanding of factors influencing job category
classification, aiding in model improvement and development for future use. In summary, the most

efficient and suitable model for screening job applicants from resumes was found to be the SVC model.
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AN379 1 LAAYAIBEININ1INI9IULRG NLP

TEXT LEMMA POS TAG DEP SHAPE ALPHA STOP
Apple apple PROPN NNP nsubj XXXXX True False
is be AUX VBZ aux XX True True
looking look VERB VBG ROOT XXXX True False
at at ADP IN prep XX True True
buying buy VERB VBG pcomp XXXX True False
U.K. u.k. PROPN NNP compound XX. False False
startup startup NOUN NN dobj XXXX True False
for for ADP IN prep XXX True True

$ $ SYM $ quantmod $ False False

1 1 NUM CD compound d False False
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AN 1 (piD)

TEXT LEMMA POS TAG DEP SHAPE ALPHA STOP
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|
' A A

U usu veaiudinseiiies AeAnRqanalion s 1My Anuge Waniin g d09
panie fnaRwie Wuey (@NuadALUeTNg, 2566)
ANNNTDANHIAINANTRI TRy AT AN N uATd Ay AT T ldan

£1919 2
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M99 2 WAANAYINIANGAS TR TRy AT AN LA T TR AT TN

Quantitative data Qualitative data

. - . . T , - -
dogmauAnN “azls” Pl « atwls” “dlelng” uay “las” ToemauANIN “Yinly”
Tedayadusaiay Tdayadainuai Acuiuuazlsraunisafig
FRINNINGNABENIIWIUNAN FiaanNINgusAnatnaauIuTias
Anvideyasaendnniameaiia Apazidayaainnisduniend uaznisdanm
Idrnndanedn Idrnndaneda
U miunisfigaudutingiu eadeannigulun o viiaaiwassladelu o

N (Kullawattana, 2562)

nnsauuniszinndeya (Classification) Aanisanuuniszinndayalmdu

unanngping 7 Inagadeyaiudugadeyanianiiu (Labeled Data) IiuuLLAN809

U a

o o & ! ¥

a Y o v dl ¥ o a ¥ 3 o
mumug@m‘[uum LW@I‘VILL‘LI‘LWW@@\‘]L?ﬂugﬂ'l’]ﬂ’&mwu ?SMQWQﬂ‘ﬂH@LLNZﬂ’]EﬂWﬂ‘U

1 1
o A o

o = Y o L2 = ¥ ¥ dld o n’l/ Y o ¥ (B
LLUU@’]@@QHW?L?HME‘@C"II‘L!Nﬁl‘ﬂzLﬁ‘ﬁlug"ﬂ’mﬂﬂN@VINﬂ’mﬂ’\ U LW‘ﬂu’]VL‘]JSLﬁVHu’]EI‘lI@H@&LVNVI

u

13RIy Wi Java developer, DevOps Engineer, Sales b6

o

v ° v v v .. A |
ﬂ'ﬁ?@?’]\‘}LL‘LI‘LI"]’]@@\?ﬂ@ﬂiﬁﬁ@ﬂ@ﬁ;{ﬂﬂ’]?ﬁﬂ@ﬂ?ﬂ (Tralnlng set) NUAMIREN

Lo

%@g@%uwmmnw'ﬂmmﬂfmﬁﬂﬁlﬁ‘lumiﬁmwm@ﬁwﬁﬂﬁﬂﬂ?ﬂyj@%uwmﬁu Tneuisaanidu 4
sz faid
- Binary classification (N381uuntlszinnuunluund) Taewialiazutis

szinneaniiu 2 dszinnae “Naunn” vire “91991w” unnidsauidusaiaafiane 0 Ay 1
hues fsnmilszney 2 Fesanessuiinenld 1dun

- Logistic Regression

- K-Nearest Neighbors

- Decision Trees

- Support Vector Machine

- Naive Bayes
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nnidsena 2 wansuruRnszatvestadaganisanunszinnluung
N (Brownlee, 2020)

- Multi-Class Classification (mi"ﬁﬂLLuﬂﬂ?zLﬂWM@’mﬂmf&) ZaNaiTkE
aunUszinnuuuluuiInsanazutialsznnlaunnngn 2 dssinn munismiuna A Anyiviza
1srTepNanaazlAane iy Virananslauel AINInlsznan 3 Tedanasonnnauld Tewn

- K-Nearest Neighbors
- Decision Trees
- Naive Bayes
- Random Forest
- Gradient Boosting
o af o =l o [ L

- danesounisanuuniszinnuuuluuisaiuisadinndiuldaiunig
Auuniszinniatsaaiales Tnaandunagnsnisuilasnanauiiy One-vs-Rest (OVR) 138
One-vs-One (OvO)

- One-vs-Rest(OVR) nhsudstloyvneaniiu 1 sia au WEIGREERE
1 = 1l 1 A al a a al [~3 1 o
U MINEIRNNIAUYABE 3 YNIARD AuAY AT uarANT Wifazuelyrinisauun

wuuluwnaidlu 3 dynae 1 ALUNAnAeanannyeuun 2 Auunaiden waz 3 auunain

(Achieve.Plus, 2563)
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- One-vs-One(OvO) n1sutadyuieenidug anfednaidu

wNaAuyAnt 3 nuanRe Ausd Allen uaz@Wn ARausiloyuidy 1 A uunszndng Auasiu

=

ATe9 2 AMUNTENTING ALAIALANT 3 A1uUNTLNINN AT UART (Achieve.Plus, 2563)

7.5 1

[ N
=

5.0 1

2.5 1

0.0
_2.5 -
[

—5.0 A ®

_7.5 .

—10.0 A1

<
-12 -10 -8 -6 -4 -2 0 2

nwilszney 3 uansuauinszangestAteyanIsaUNLssINNUANLAANE
31 : (Brownlee, 2020)

- Multi-Label Classification (ﬂ’]iﬁ’umnﬂ?:mvmmﬂmLU@) AL AU
@W@@&L{II’]SL@Qm‘:ﬁﬂ’jﬁﬂﬂ’]?“’i’lLLuﬂﬂ@tLﬂ‘Vl‘vm’mLﬂL‘].I@ﬁ‘i.lﬂ’]?@o’]LLuﬂﬂ‘;‘tLﬂ‘ﬂM@’mﬂ@’]’&ﬂ‘ﬂﬂ

1 v !
Watlrauiauliidnladeau seandaatnedy gUnnglnilsainisadiglaantsl fasi

Aaunale wiznangiiuazdndnflunuanugsilane gilas wsegiides Multi-Label

Classification finannaiaiua vileAnaaninlugthiu  fnenlivienlsn ffeuwanielsl
d1 Multi-Class Classification azanuundnguiiudugiang susinevideguide (Achieve.Plus,
2563)

- Imbalanced Classification (N13anuunuuudayalivinnan) 1iu

TeymmAnannisuisgadeyalunsazaanalivinii (Imbalanced dataset) dasania

]

wnaztediludeyaning doudayaniaAdesudeyaniailng (Achieve.Plus, 2563) A9
ndszney 4 Al luanumnu

- Fraud detection
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- Outlier detection
- Medical diagnostic tests (Achieve.Plus, 2563) (Brownlee,

2020)

nwilsznau 4 wassurunszantvasgadaganisanunLuLdays dvinmes
N (Brownlee, 2020)

2.3.3 nnapndnlaniudeya (Data Understanding)

gadusasinmnndladugadeyaniinnld iy dssinnaesdeya auau

¥ a o

foya Hraulsarlstne Avuunieessandsty o dusiu anvissednsaagaunnugnsies

4
aa

1e9deya AvuATUEIuTesRys fewmuAaianugIuTesdays [y Anade (Mean), A
Fga (Min), ANg9gn (Max), m”uﬁmmummgm (Standard Deviation) t{lusu
2.3.4 ﬂﬁ?Lﬂ?ﬂﬁJﬁﬂH@ (Data Preparation)
iewtndeyaranualiedlugluuufianansoiriuiinme il o
penilu 3 Tunew fail
- Data Selection tluduneunisiaendautlsiidanuddny wazdl

srTemiivatinliAmaeifldluanuias
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- Data Cleansing tudunaunsiaasudayaluwdazsoutlsdnd

dla a v dld 1 1 = v dld o = dl o a dl 1 % dl
@H@VIN@ﬂﬂﬁl DHANNATIN V?‘ﬂ?.l‘ﬂ?;lj@'ﬂllﬂ'ﬁ/ﬁ“ﬂLﬂ?@ﬂﬂﬂqﬂﬁm@ﬂﬂmwLﬂHVﬂNQﬂﬁlﬂ\‘l g\

1 |
=

% ¥ o 1 % o ¥ A v v v % A o
dnudeyasinainazdesinnisuily ndeys vieaudeyalignaesasudon el
Apreiluanuidesialllfatamnnzay
- Data Transformation tudunaunisulastayasasisazfoulsln
ag lugluuUNdeFeN1IULLATENABNNLARTUAZINWABNTATEY
2.3.5 N3aFaluuanaad (Modeling)
gj/ % o a % dl o ¥ z
TUABUNITAIINLLLAIA89N1938UI19LATRY tntazindayaienumng
| | L. A v o o o o = v o o .
wienguiilu Training Data %98 dayan 1441 nsun1sEeuiveeUUL41809 iU Testing Data
A v dl o o 2}/ o ¥ [
wradeyainldlunimeaeuiuiuLaaed anduiininmaseuAngnaeslaanisliuqu
a & J :ﬂl o dl v [ dl 1 .
widwefaasuuuanaaaialiiliANiaaugnsaslussduntinela (Anupoomchaiya,
2021)
2.3.6 N19U92LN1UNA (Evaluation)

?/ a a a o = ¥ dl d‘ v

TURauUsL UL ANTNINTBILLLAI1ABINNTTEUTURILATEY LND AU
wuuAnaasndlsz@nanwanga euuuuanaasiullldusell s
2.4 uAasiganuNsLuzilssIRtananaNNISYINIURLATAY

241 91UTN8 1789 Resume Classification using various Machine Learning

Algorithms (Pal et al., 2022)

3 12
av aa K

uaaiiaaulull 2022 Wauanisaunnissinnassilsedfsa taeld
WANNNIEEUIIDIATEY (Machine Learning) wazilsziiuil sz AnBnnULULANa8199 3 Wiy
A8 Nave Bayes, Random Forest, and Support Vector Machine Wadaeldnsruaunig
o o A ¥ o % ] [~3 dJ o 1 4
dunimoflunisdnaengadasduldifadesanda Geanaarugninunaanaianlinnu
sneariduaraAILneuLas Tuanedunisnlnuddunisniataguanisdsviii
ds@nininnisdnnsasszdRde lusuienuii o) ldnfanduiuniedunieniany deas
doatlseudinngn wazanaNianaIainanNyee LAt 198N $1u3deiEnszuIunng

o Z// % o o
N1 7 TURaUAfEiU senIwlsznay 5
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Data from various
sources

h 4

Text Conversion

:

Data Preprocessing

.

TF-IDF Vectorization

:

Data Classification

B . .
SVM Naive Random
Bayes Forest
l |
Analysis of
confusion
matrix

v

ANUTENBL 5 LEREITUADLNITNIGIU

v o

a =
1oyalua1udqa il

Augqusanniandulassig - 1 kaggle.com,
q

4
¥
q

¥ i
ayatidugadayanldliauuniszinnuaziiuge

u -

glassdoor.com WAa¥ indeed.com T/

v

dayan1iiTng9a519 (Unstructured Datasets) faguindayannvinaauazaanen wWadaya

a

azannLafagndeayaldingnszuaunis Preprocessing ARENATAT8Y NLP 11 N19¥in
Tokenization, Stemming, Lemmatization, POS Tagging kas TF-IDF Vectorization RiRsTAY

azladayanil 10,000 una Tnautaanuilu 3 AeaniAe Query (Uszinnanw), Description

a
¥ ¥

(fayanulutlszifiea 1y n1sAnEn insrwazlszaunisniniamngu) uas text_final (faya

u

¥

fidngnazuaunis NLP Feufesuda) L P TABERE ARRTTERT YR Tneutiadeya
aantily 70% guiudayanisiinausy (Training Data) uay 30% d1usudayanisnaand
(Test Data)

SFUUUANae9NIIUNLIHIAY 3 uuy etssifiutlsr AN naesnis

NAaBY LAWN Naive bayes classification i Accuracy 45% Tuauza Support Vector
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2

Machine (SVM) & Accuracy 60% TaAN4N Naive bayes WAz Random Forest i Accuracy

1
= v o

70% ANF1919 3 uaaS NI Random Forest wananazilA Accuracy ganigaudn €98

AN Precision, Recall, F1 score agj#1 0.687, 0.683 WAz 0.678 ANNATAL

AN9714 3 WAANANINLLITeILLLI Confusion Matrix U84 NB Classifier, SVM, RF

Algorithm Accuracy Precision Recall F1 Score
Naive Bayes 45 0.521 0.452 0.448
SVM 60 0.598 0.597 0.594
Random Forest 70 0.687 0.683 0.678

NANNTNAALITEASEHLAReIFidiudn Random Forest wanannaziiAn
Accuracy zgm?‘ia;mm”q £l98A1 Precision, Recall, F1 score gaangiiduriu @fﬁi 0.687, 0.683
WAz 0.678 MNAIFL Fenantlaznay 10 19Aa1uusiug1999 Random Forest 411790
UsutlgeldTaenaiindnuan Decision Tree ude Tnsniafinauiagasdaya luemidduiild
2,500 f BeufdnuuLsrasiazissansnnia wiluanzieefuildinanlunsBeud
wundn uazdnmadianiiiamsainldifedsudsslssaninanidie nsldnisiouss

lalaswn31masa11151 Random Forest Classifier

04333118212018023002001203300
2231218107941212030501003010
0056714001070022020111101611
0014502 02401210161 0000801100
0011E§500000001006012112000

5410001443602 000010122401004011
0 015183 0144 0 9106 3266 0011112830
020038104022303510310037410
15111410917813302201013049231
007061000H002500211012330

< 1040001200023[EH41700100071130
Q 223197036 13202002900100202210
= 01495011625615900110001160
g 203654240109106220021011000
=] 0010500104001130001201 4136 0

15431001510004500110462 2 11150104 0
0001124000000001 0500002000
10111193 00050025131444617441
0050810002001010005E004200
00714000210023301013010000

20441011181 000250011003000454110
0020420010000000040651:H110
1036136005410710100020#60
101127000011002821201120 414391
0080352022600212166 2152 1217 110
0 5 10 15 20

predicted label

nwisenau 6 Confusion Matrix for Naive Bayes Classification



19

T,

AAHOMAAMMNAAAAMNNMT A OO0
NHOOHNORNONNTOOMO®HINTONEm
ORHOASTANNHANOOOONHHNOR O <+
AnoYHHonHOoOHOOOTmminnftfoon~

NHOHONOHH®BOOHHWVOOoOm-Ho -

COMTONOHHONHOHNHM Ot Hm <
Ho00O0HOOFHHOOOOWOOMEnowvon~
onHOANOANNOMmOnNOmOfoocondmm
~oonfodAnocOoHOoOoOf~~Oo~T00OMm
COO0OHNHHOOHNHMHEJOINOO N T HNIN
NNOOOYTNOCOHHOORHOATHOOMHN
HonHontonrJoffloco~ocomoran
mHOAAMmoYN-Ofilmoco~<NnOoOONH
HonorSorondHoonococooNnONOH
to~oocomr~offimooocoocoofonon
AMmeHoOOonHMMo~tTorHOO0ONONINANH
Noocordsm@retdmnHO-~ONMOOT M
NrdtoAfimNnO0OmMHOHO~HOOY000
a~fooflorHoonfr~onoto~0am
nHOolloncOoOCOOANNHNNHOYTMOON
oo nococooHNOHAmHAHA QOO
colfjntono~NowoOo-~HO0ONOHHM
AocodHonNdHAMNOOMANNONOM
SromnNoloNtTNOOONOHOOOOOH

o~
NONNOANHOOAAMOMOOOOWO~ON
T T T T

=
.
o

'a] o n o
-~ -~ o~

12qe| any

20

15

10
predicted label

NWUsenau 7Confusion Matrix for SVM Classification
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NWsenau 8 Confusion Matrix for Random Forest Classification

Go
(o
=
<«
(=
«
s
|
c
&
«
"o
o (s
c o
= »
m &
S =
> &
e c
= &
c <
® Go
M (o
-
o 1@
=g s
S g
.m Oﬂl
c °R
o o
¢ g
3 S
o ¢
e =
s
2 =2
D5
o &
¥y «
Z 3
T
1 @
A @
& S
<
[
.
N
B
oV
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AesrsNnRA (NLP) Tnaldlasus? Python 139 Natural Language Toolkit

a4
qn Lwatae

o
CAUN

1
=

ANTNTINTRILLUAITIADILNARULLUINRBINLUNAN

o

1
A

[

a

a
%
%

(NLTK) wazigziduils

¥

LN

ANTNINUR
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[
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ansnnlunisassuyrainsanalen Taeen

sy

K-Nearest Neighbor (KNN), Support Vector Machine (SVM), Logistic
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Regression (LR), Multi-Layer Perceptron (MLP) @4 Lﬂuﬂizmw‘ﬁ'\iwﬁqmmimwm
Uszamitaniiiflassairaduuuunany 7 4u Wdwinewidaududeulduaiduatineg
Tnafinszusunsilnluduiuuifaau el unennisdeAndaundy (Backpropagation)
1v5unisinele (ANLRE, 2566)

wruaanndRenssuTenAdui fanmdstney 9 Hasinsdiuantsydn

tlaaagmudIN Antulsydftdeazgnaslldesiananainsyif (resume parser) gl

larnesdanaon NLP AuandayandiAtyaanuiainisydfite aantiuwinnisiiuyasn (add

u

o Y

value) Wiudayanssaanuiaindayaneesiudasm idunnaesuda uazgaiig
dellfuundnaeanisGeuiudazuuninetlszilindsz@ninmimunzaniuyuinisdn

ERNIEeREHEE

nilsznay 9 Architecture Diagram

asUnsdsviliunaresuuuanaas KNN, SVM, LR uas MLP w40
AN Accuracy 194 SVM WAz MLP agi#l 99.48% 11nndn KNN uaz LR ANA1319 4 ua

Awilsznas 10

A1919 4 WTELaLAN Accuracy 28uULANaas KNN, LR, SVM, MLP

model accuracy
0 KNN_acc 97.4093
1 LR_acc 98.9637
2 SVM_acc 99.4819

3 MLP_acc 99.4819
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comparision of ML algorithms using bar plot

100

80

-
<

accuracy

&

20

LR SVM MLP
algorithms

A wusznau 10 Comparison of ML Algorithms Using Bar Plot

1
=

2.4.3 911434816399 Resume recommendation based on text similarity (Dong, 2023)
aiddeiiinetuludl 2022 shaueTansuzihdsziRdelneiiaanameanans
ﬁ@zﬁuq’ﬂ?:fiﬁ 2189 M1eUiUAT LN UBLLER TR Inefiansuanyinseuardeya
519 o TudszdRdetinndimssiuazuusindimanzaniusiiusnueslslne@eminnis
Suundenau eanizesnedaniadiaiauasieayanuinunizaelszHdefiuansng
fu waznisiiaziuuauaseiuszrd s dayaduisiuiudeyasiulaadanindanassn
XGBoost%Qﬁﬁﬁﬂﬁ;}@gﬂLﬁi_l‘ifm';"mfﬂ’]ﬂ?ﬂum'ﬂﬂﬁmLﬂuﬂﬁ‘z’iﬁﬁiﬂ@?‘ﬂLL@Ziﬁ%ﬂﬁu 30,000
2111 1NMIAINAZaARATIENENITLAUNIT preprocessing tagldinatia NLP e
AN ] BBNNINEY mnﬁwﬁwjuuuﬁmm XGBoost #dsaInnsEnuuLANaedi lAkadEng

HNaUTN 53 919077 LAZIAAN 5 $18NIINRTANARIUIUNIN

a

£33 5 Predicted results for most common jobs.

Label Precision Recall F1-score Support
Database Administrator 0.72293 0.80496 0.76174 282
Front End Developer 0.66000 0.78261 0.71609 253
IT Security Analyst 0.563629 0.61290 0.57204 217
Network Administrative 0.53182 0.49576 0.51316 236

System Administrative 0.44510 0.51546 0.47771 291
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AINANTN 5 LAY 6 LAAS MAININAINHNLNLEN (Precision) 1894LLANARY

15U Database Administrator A8 0.72293, Recall Aa 0.80496 was f1-score A 0.76174

4
= A o = ! o .
ANNAALNDLNELNUAN S T18NIT TIQINITNANITNIUNEUBN IT Security Analyst ezunnd

20% wardauanslmiudnsedRtevasadnsanumumie Database Administrator LY

3’/ = o ¢ ¥ ¥ o
Front End Developer Hullaudulenansilaniy LL@%@WNW?G?Z‘LﬂW‘Wﬂ‘H@ﬁ’)’]Nﬂﬁ‘ZfJﬁ]

tiauaInaNN laasinadne Asl

M1779 6 Average predicted results.

Precision Recall F1-score Support
Accuracy 0.57891 1432
M99 6 (FiR)
Precision Recall F1-score Support
Macro avg 0.07330 0.07342 0.07167 1432
Weighted avg 0.52652 0.57891 0.54883 1432

vnanaansuangliiudndnsauusugiuaAlesanTuudeya

¥ ]

' v v | o 1 . = o v v =
ARULNNUAY LT ATLULNTEN Network Engineer d HNDE 25 718N17 wwuwimgnmmmm

U

|
o

42.85% T98RT1ANINUNUENAT 4N aNTayAI I UIUNIN ANRIEINLIIHAANE L8 19T

o o PR o s P > (= o Ay
ﬂ'ﬂ’]ll@']lfﬂﬂqLu@ﬂ@qﬂﬂ@yj@ﬂ?$'JI§]ﬂ@LLUULﬂﬁl'}ﬂuLLmNV@qﬂ label LL@%‘H@H@UNMHN%@N@

U

ANUIUNIN wiAINLNUE Nl g asaIndeyaresaed label HAINADAAREITUDENY
NN
2.4.4971U349813849 Machine Learned Job Recommendation (Paparrizos et al.,

2011)

14
a o

¥ |
sAfailinnnlud 2011 dawenisud ladymnisuuzinauiwanzau

9 o o

Augnidsnesnauwlng §adudngdunuoyminisuusinibdulygwinisGaufuuy

al o
v
= ' =

supervised machine leaming tagindayanisilasuaulusfniinun saudsdeya

=)

A 9 o o e - o o o 9 o
mmmmnuwummmzmﬁm‘LWfammm@mm:“Lﬂ@ﬂumumamiﬂmmwuﬂmu N'Wﬁlaﬂ

u

-8

° oy 4 A o - o = .. & =
LLUU@W@@\‘]ﬂ’Wﬁ‘L?ﬂugﬁlﬂﬂLﬂﬁ"ﬂ\ﬂ/l@ﬂﬂ@ﬁﬂiﬂﬁ‘VLW@‘Wuﬂ\‘ﬁuV]LNﬂLLW?G]@ZQ’Wﬁ’Wﬁ‘EHZ‘LIuL']ULLsz a9
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¥

dsznavlddae 3 paanidlaun 1. dayadousnaesdunaiy i Te uinana deyanig

9 U

'
a

nRAans 2. dszaunnsninieyiney MW Tea9ANg TOAILULNIIY JUNBRIUY 1WA
a9Ang Uszinnganazesasdns iudu 3. dayanisAnmn1e9giuney 1y Teun1ananay
o = Qid [ dl QI ¥ Q’j ¥ ¥ ?/ dl a o dyo
FLAUNTIANEN AMENEEU JunENsuLazAugn wiu dayariauanldluenulsuiianuay
5.29 A11U91ANT AUIUBIANIN LT 1.27 AIUSIENIT ANUIUNNINNRLNEN WAL
o dn ¥ U P S gy o y
nnaAnN g7 1.95 wausenig maruun g Auiiliniainnisinanuazandaya

uazliaula (ignore) dayannuaiaimng AE199 7

= o=l ° 3
A998 7 A mmﬂﬁmmum@mm’;‘mmﬂ

Feature type Feature Range

company title String

Institution industry String
company type {public, private}
number of Z
employees

employee number of jobs Z
position title String
best position title String
years of experience VA
number of Z
universities String

educational degree

Tneutiadayananidy 3 98n AIM1979 8
- Setup | NMNANENREUIN + 100 B4ANTUIN TBRG1UIY Train set
70%, Test set 30%
- Setup Il 100 BNANTUIN Tefisnwass Train set 70%, Test set 30%

- Setup 11l 25 a9ANTIIN TABTAANWIN Train set 70%, Test set 30%
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o .
A1379 8 N19FAN T NN AReS

Setup Data sample Train set sizes Test set sizes

I Top 100 universities + Top 100 65,622 28,124
companies

Il Top 100 companies 52,142 22,346

[ Top 25 companies 45,891 19,668

[ %

Tunsinuazilszidunuuanaasnisizauiraiasas fiaaldgaiasasila
Weka machine-learning tneimaaaslduansdanessunis@aufuesasas witauanadng

WwnzduFusaanilsznnlasia decision table/naive Bayes (DTNB)

M1319 9 WAAIAINGYNARY (Accuracy) lun1Ivinuel

Setup Acc_Baseline (%) Acc_DTNB (%) Difference

| 15.21 66.78 51.57

Il 15.40 78.26 62.86

1l 156.97 86.09 70.12

10 company title

industry

company type

number of employees
position title
best position title
years of experience
number of jobs

number of universities
educational degree

10~

iR O L

Importance (log scale)
T

Features
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nwdsenay 12 A Precision and recall 1a4TaYaa 3 WL
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2.4.5 911474813049 Differential Hiring using a Combination of NER and Word
Embedding (Suhas & Manjunath, 2020)
a o d” a d?j =) o aal o R dld a;
uARiiinWlul 2020 YNaueIaN1 9L ARUIIUNRAINAINITDN
IMHNZANTNGANLNNU AaenaNN19a99 NER, Word embedding model 41in word2vec has

, T~ B X o Sd 9 o
Cosine similarity sﬁwmg@ublmmmnmﬁqmwL@ﬂmm Lﬂmmmﬂuﬁtyuﬂumimmu
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o
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N9LLUIUNNIN U INNUASERLLNaanW 3 doundnAa 1. NER asn1uting
TUNsMIAILULS LazAnnuaayaasnguan Nagluanans 2. aantuinnisulasan i
o % o dl = v o 3 | o = ¥
NEBTFRLAT LATAFINLULIANA8S word2vec NaiTaufANANRUt sz uIANvTadanIN
luenansiladainnisAurnnesfiaae way 3. I Cosine Similarity #1ANNARNLARSAY

o = U 2 o 1 a Aa a U 1
203AvFRdRANN RAtLLNIIARaLLlsyANENwaanI 4 alialaun
lteration 1: ﬁﬂ%’@g@ﬂizfﬁﬂ'@ 100 217U7NMN"7 preprocessing
< v 1 dl o o
WAnuas 11U aUeTasrNienIana waztin lldnausuluiuuanaes NER
lteration 2: 1indayalivin Text preprocessing
lteration 3: txgAdaAaaIN 100 1l 200 Wistnldnevs
lteration 4: Uu1lga1lsz@nan1nuaneasing 1M LWN window size,
NANTZUI9NITHNaL TN NER
ANUANIINARBILARS IHTIUIN AT aYA Iteration 4 HAN Precision, Recall,
F-Score 434714/ 491A191 Experience HA1 Precision Afqn inszdayatszaunisninig
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Anleznall 16 WRaLWELAI Precision

2.4.6 9713983849 A Machine Learning approach for automation of Resume

Recommendation system (Roy et al., 2020)

[
a v A a [

NuAdeilinnaulul 2020 qailszasfmneAunlszdftaraeduiaiuann

1
v v & =

ARITDYATDIBIANTINEN LU IUAMNNzaNiLY Tneldgadayaansnsnciuinnain’y

a

v
Aulsl kaggle Aviavinm 3 aaanl laun 1D, Category (Uszinnanu) uas Resume (Usedf

o

elarasgunew) tnsuindssinmnanuasndlu 24 Ussinm fadelawmunlagdunldnisGeud
289LA384 LALLTEUNNUAINYNEBITBIULILANAB99S 4 LALn Random Forest (RF),
Multinomial Naive Bayes (NB), Logistic Regression (LR) @< Linear Support Vector

Classifier (Linear SVC) @1:170AN1H1 IA9&51971991197 189U LA A8 faninilsznas 17



Prepare

Resuit

Deploy and Inference

ANLIENaL 17 TAMNAFI9NIININILARILLUANADN 19 1193 e

28

HANINARBINLIIN Random Forest classifier 1A Accuracy Hasgn o

38.99% WAz Linear Support Vector Classifier (SVC) dAN

Accuracy NFa1nNn131IAN Cross

Validation 471491 10 fold §9714n a¢N 78.53% ANHINAANTLAAIN A1319 10 LAY

Awilsznad 18, 19

M1379 10 AN Accuracy UBKLILA1ABIAN 7]

Classification Accuracy
Random Forest 0.3899
Multinomial Naive Bayes 0.4439
Logistic Regression 0.6240
Linear Support Vector Machine Classifier 0.7853
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Accuracy scores for different Classifier Models
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2.4.7 41U7A'Y L?:er A Machine Learning approach for automation of Resume
Recommendation system (Ali et al., 2022)
AfeERaTul 2022 vhiguesrunnnssuundstnnaestlsySRde dae
milﬁfﬂuqa?’mmm?"m%q 9 uuLAse Aaill Manadsznew 20
® K-Nearest Neighbor
® | ogistic Regression
® Support Vector Machine
O Linear SVC
O SVM, SVC
O NuSVC
O SGD
® Naive Bayes

O Bernoulli NB



O Multinomial NB

O Gaussian NB

Resume
Dataset

v

¥

Step3 Model
Construction

Stepl:
Preprocessing

Data Cleansing

1. Remove special
character removal

2. Remove URLs and
Emails

3. Convert short
forms to standard
forms

4. Remove stop
words

Resume Classification
Technigues:
1. K Nearest neighbors
2. Logistic Regression
3.8VM
(i} Linear SVC
(ii) SVM SVC
(i) NuSVC
(iv) SGD
. Naive Bays (NB)
(i) Bermoulli NB
(ii) Multinomial NB
(iii) Gaussian NB

d

Label Encoding

b

Step2: Feature
Engineering

Select the best
performing
classifier

Ste

Feature  Extraction
and  representation
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1. Bow technigue

2. N-Gram Model

3. TE-IDF vectorizer

¥

Evaluation
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asl o e a o
nndsenau 20 AannsanundszsinnilsydReialuanuas

v
o o

1 2% 1
fadayad Ml UAAuUNTIMNA 962 918N137YN label LanANLszLAN

[ o

nuld 25 dszinn wazdeyaveslsedRtendasiiniinanngzen wazidngnszuounig

Preprocessing tagldn13ussanananisnsssuas (NLP) iadan1siuatasdssleanas)

u

TulsedRde antiuadquuudanassing o iiadssiiunanimaaes Inauedeya 70%

¥
=

Train set, 30% Test set waz 113 Tn1s2@n5n1WAS Overall accuracy, Precision, Recall,

F-Score matrices IANAANS FIATI9 11
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F1979 11 N191s2iluLlsrANBNINIBIULILAN AN EUSUDILATEY

Classification Precision Recall F-Score Overall Misclassification %

Accuracy %

LSVC 1.00 1.00 1.00 99.6 0.4
SGD 1.00 1.00 1.00 99.6 0.4
LR 1.00 0.99 0.99 99.3 0.7
SVC 1.00 0.99 0.99 99.3 0.7
NuSvC 0.99 0.99 0.99 99.3 0.7
KNN 0.99 0.98 0.99 97.2 2.8
GNB 0.98 0.96 0.96 96.5 3.5
MNB 0.98 0.95 0.96 94.8 52
BNB 0.89 0.76 0.79 79.2 20.8

‘‘‘‘‘

an
w0
s
20
o
rave san (2 sve rMusve wenne anR nr~R BNE
= Accwrmey = Rmelssincaan

nweenau 21 WaAYAN Overall Accuracy i Misclassification

= Precivion @ Recall = F-Score

Fig. 7: Precision, Recall, F-Score, - Performance Matrices

ANUTENAL 22 WAAYAN Precision, Recall, F-Score
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Train Accuracy

Test Accuracy

LSvVC SGD LR SVC

NuSvC KNN GNB MNB BNB

uTest Accuracy  ® Train Accuracy

nwdsznau 23 A1 Train vs Test Accuracy

annnIndsenau 21-23 W‘]_If:hLL‘Ll‘]_Ifﬁ’mmma?zQ@ Support Vector Machine

a

(Linear SVC, SGD, LR, SVC, NuSVC) &A1 Accuracy, Precision, Recall, F-Score @lﬂﬁﬁm

@1 Bernoulli NB H@n Accuracy, Precision, Recall, F-Score ANEA

q

2.4.8 91439 LF04 Resume Analysis and Job Recommendation (Mankawade et

al., 2023)

v
a o

v 1 1
AR AulNT 2023 HNAUATTULNITULE NN AN L ANE AW
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¥

gndayanldlueuddeiiniain Kaggle 79 "Resume dataset’ sznausiag
962 tsziRte Ineiinaani] Resume saudayasng < 1a9iadnruly uazpedu Category
= o 1 dl 1 o v ¥ o 1 ?:/ o v d’l
Hnnedntszinnuuaavyaunuanseiuliudaauan 25 unaany anduigadeyaiilyl
\{NN32UUN1T Data Preprocessing lagliuannisvneiuaas NLP iy n13911 Tokenization,

Lemmatization, POS tagging tusu Aauazinluidilineusuluiuusaiass multinomial NB

=

warldinadnilsz@nsnaniiegAn Accuracy, Precision, Recall waz f1-score lugdauaas
o 2}/ o =2 v o 1 < ¢ . ¥ o
sruunisuuineuty Mg ldasdeyamunissuainiduld naukri.com uazldudnnag

484 cosine similarity iNalTeLNaUANAR L AT UL NEE TuA LWL uiuT Nz 89

1
Y o Y o =

AR ANtz 15 susanunmsnzaniugainsanige ssnandszney 24

a

AINUANITNAABILAAILHLAWIIAN Accuracy, Precision, Recall A1

Accuracy 1848ane3au Naive Bayes 97%, macro f1 score is 96% kaz@1u19n iuanns

. . o . dl ] o 1 d. v Y o :j/ Y o a
28N cosine similarity tNALUEWIATLAUINIUNATNNLNANATATLL ] 16’1 AIANTIN 12, 14 AN

u

dannasaigadeayated Email Spam N19ALITANEAIN A9MN319 13

$1914 12 Classification Report for Resume Dataset

Precision Recall F1-Score Support
accuracy 0.97 241
macro avg 0.99 0.95 0.96 241
Weighted avg 0.97 0.97 0.96 241

;1774 13 Classification Report for Email Dataset

Precision Recall F1-Score Support
accuracy 0.98 1393
macro avg 0.97 0.96 0.96 1393

Weighted avg 0.98 0.98 0.98 1393
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A3 14 WREUIATLNLNIY

Sr.No. Title Company Skills Professions
1. Senior Freshwork  [python],[analytical],[Business] Data Science
Business S
Analyst
2. Analyst-Data Accenture [consulting],[MySql],[Data Data Science
Science Science]...
3. Analyst, Data TransUnio [SQL],[Communication],[IT Data Science
Science & n Skills]...
Analyst
4. Data Science Rapido [Data Science],[Data Data Science
Manager Analysis],[NoSQL]...

2.4.9497U43481389 Resume Classification using Elite Bag-of-Words Approach

(Sharma et al., 2023)

%3 4
a a K ¥

U TAaIulNT 2023 HNlENaNITAANTRAELATATINWALINATIANTT

a
]

12NIANANHNEIINTR (NLP) LAZINATA text vectorization NLen4n Elite bag-of-words

'
o Y

g uiudeyatulsyinte ierhusazA lUSRSuSL ArNTres LR uLsaz
AANAALEAT maximum entropy partitioning (MEP) kazvinungilssinnaesdseiftaniugans
uiifiendes gadadenldnislszifliulss@nsnnlnanisufFeuinausi Accuracy 194 4
3% 1@ One-hot encoding, TF-IDF, TF ua¥ Elite keywords #181300bHUEINIINNEIUAN

Awdsznay 25
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Collecting Dataset

|

Data Preprocessing

}

Vectorization on Resumes

|

Training Classifier

|

Testing & predicting Accuracy

ANUTLNAL 25 LELBEINITNINILADIUINE

wasanideyadninausudadanesan random forest classifier WU
Elite keywords Hfin Test accuracy §4Mgnagil 62.60% WAz One-hot encoding HAN Test

accuracy ANNgAaEN 54.55% AIA1979 15

A1514 15 NMiFauneullszAnsninees bag-of-words NUANANATIL

Method Test accuracy
One-hot encoding 54.55%
TF-IDF 55.36%
TF 58.98%
Elite keywords 62.60%

'
a e A

2.4.10 91149381389 A Case Study using RNN-based Keyword Extraction (Sruthi
etal., 2023)
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2411 97u34 81389 Domain Adaptation for Resume Classification Using
Convolutional Neural Networks (Sayfullina et al., 2017)
sAteiRaTwlnD 2017 1 lwuedsnIslunnsdnlszinndayailsy dRte
we3gadAs e Fuumeunissziiiung 2 35 aun
- Fast text Classier
- Iasethedszamuuuaauligdu (Convolutional Neural Networks:
CNN)
TneAnmngudaya 3 gafiuansneiu Idun
- Job Descriptions 1d@11fudnausuuuLanaaa (Train dataset) GR
FOUTINAUNUIIUATN Indeed Job Search API (https://www.indeed.com/find-jobs.jsp)
n41 90,000 enNTuehLlssinauaeniily 27 aenuiuandaeiy mﬁm%sﬂaiumuﬁlﬂu
11l unstructured data
- Resume lid1miunaaeuuLua1aed (Test dataset) Ingisausas
ﬁq@Jﬂ’]q%’@Hﬂﬂiﬁﬁﬂﬂmmzq famusIUIN 523 Faethe wAazFaednelihatatunils
NHIAYY AN 27 ummmqﬂ'muﬂ@:mmmﬁ;:Imﬁmﬁﬁﬁqmqm
- Children's Dream Jobs Aaudnaiiludagafinnasaetineiifieane
dvsunssuunsznniny meazdsnsumaniuansaiuetiafiuléda dofuds

thaulanaztinunaaes Hauauiannm 98 s1enis Ngnanunaanyuulidnludmnm 27

A9 AININLFENBL 27

1. Accounting/Finance 10. Banking/Loans 19. Education/Training

2. Healtheare 11. Human Resources 20. Legal

3. Non-Profit/ Volunteering 12. Restaurant /Food service  21. Telecommunications

4. Administrative 13. Construction/Facilities 22. Engineering/Architecture

5. Computer/Internet 14. Insurance 23. Manufacturing/Mechanical

6. Pharmaceutical /Bio-tech 15. Retail 24. Transportation/Logistics

7. Arts/Entertainment/Publishing 16. Customer Service 25.Government /Military

8. Hospitality/Travel 17. Law Enforcement/Security 26. Marketing/Advertising/PR

9. Real Estate 18. Sales 27. Upper Management/Consulting

AMWUsznay 27 Uszinnanu 27 dszinn
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Data
Acquisition

Exploratory
DEIEWMELE

v

DEIE]

Preparation

- Testing
Dataset

Build Models

Training & Cross
Validation
Models

ANUsEnan 32 TURBUNITNINIUINE

3.1 Ms99UsINTaNa (Data Acquisition)

=§ ¥ [ SN ¥ :J:S 1 o/ a 1 =& [ v
Lummnmﬂgaﬂ?mmm Lﬂumﬂgammmmﬂumum WATAZIRLABEU AN IWiRn

santsnngadayaasredianng Asiugidaaslddayaain kaggle.com @aiily Public

o ¥

Dataset #a Updated Resume Dataset #1114 lusudqa dslugadeyatlsznauson dszinm

31U (Category) uay Uszdnea (Resume) (Dutta, 2021) Aenawisznau 33

Category Resume
Data Science Skills * Programming Languages: Python (pandas...
Data Science Education Details \rinMay 2013 to May 2017 B.E...
Data Science Areas of Interest Deep Learning, Control Syste...
Data Science Skills a0¢ R a0¢ Python ali¢ SAP HANA al¢ Table...

Data Science Education Details \r\n MCA YMCAUST, Faridab...

Testing Computer Skills: 40¢ Proficient in MS office (...

958 Testing a00 Willingness to accept the challenges. 400 ...

959 Testing PERSONAL SKILLS a0¢ Quick learner, a0J¢ Eagemne...
960 Testing COMPUTER SKILLS & SOFTWARE KNOWLEDGE MS-Power ...
961 Testing Skill Set OS Windows XP/7/8/8.1/10 Database MY...

962 rows x 2 columns

a o

T X
ndszney 33 gatdeyai b4 luenuideil
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3.2 n'va‘?al,ﬂ'a"\zﬁiﬂgm%aﬁ'\mq (Exploratory Data Analysis: EDA)

dl o ¥ ¥ Y Z\J/ 1 A o Y o ¥ dJ 1 Y a

Wathdeyadiunuds duneusalilhanisinanudiladudeyas Genudndesyad

1U1A 962 une 2 AANY TllafeyauLL objective uazlailAnd19 (Missing Value) 64
al o d‘ 1 %:/ o :l/ o

Adseney 34 wazianuaudsvinnanui lugniuianse 25 dszinn sanndsznay 35

Taun Uszinnenumnunintsznay 36

1 df.shape

(962, 2)

1 df.info()

<class 'pandas.core.frame.DataFrame’>
RangeIndex: 962 entries, @ to 961
Data columns (total 2 columns):

# Column Non-Null Count Dtype

Category 962 non-null object
1 Resume 962 non-null object
dtypes: object(2)
memory usage: 15.2+ KB

1 print(df.isnull().sum())

Category e
Resume e
dtype: inte4

ndsznay 34 mIvaaaLIvIndeaya THATaLA WATANINN

[1 1

2 df['Category'].nunique()

25

ANWUTENaU 35 LAANANUIULITLIANI LR Tadsn i



1 for i in range(len(df .unique

2 print(df['C "l.unique()[i])

Data Science

HR

Advocate

Arts

Web Designing
Mechanical Engineer
Sales

Health and fitness
Civil Engineer

Java Developer
Business Analyst
SAP Developer
Automation Testing
Electrical Engineering
Operations Manager
Python Developer
DevOps Engineer
Network Security Engineer
PMO

Database

Hadoop

ETL Developer
DotNet Developer
Blockchain

Testing

v
1 o

o P
ﬂqWﬂ?ZﬂﬂU(ﬂiu@ﬁﬁﬂ@ﬂ?ZUWNquﬂiﬂﬁqﬂu
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index Category

Java Developer
Testing

DevOps Engineer
Python Developer
Web Designing

HR

Hadoop

Blockchain

ETL Developer
Operations Manager
Data Science

Sales

Mechanical Engineer
Aris

Database

Electrical Engineering
Health and filness
PMOC

Business Analyst
Dothet Developer

Automation Testing

Mebwork Security Engineer

SAP Developer
Civil Engineer

Advocate

ANUsEnel 37 waAsa uIULsE IR aIRgLARZL NN

ANNNWLUTLNaL 37-39 WUIN 3 dusUlsrNNeNuN Nl SRt aNn

1
=

ngn

46

Toun 1.

Java Developer (84 19xdfeia) 2. Testing (70 Uszdmtia) 3. DevOps Engineer (55 U3¢ 3R

elf)
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IV VNI

e

nwdsznay 38 wuunRuisiansauulsvdRtderesusiazlsvinney

Python Developer
Web Designing

DevOps Engineer

Testing
Hadoop

Blockchain

Java Developer

ETL Developer

Operations Manager
3 N Advocate

Civil Engineer
Data Science

SAP Developer

Network Security Engineer
Sales

Automation Testing

Mechanical Engineer
DotNet Developer

Business Analyst

PMO

Electrical Engineering Health and fitness

Database

NNUFENAY 39 WNUNNMNNANKAAIANUILLIEIREBIDIMARTLIENNIY
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Words Commonly Used in DataScience Resumes

Exprience sonthsCospany

usin ’ vthon Exprience

(!v/(lopv(l various g airn January Bclassification
s e’ Project NameCllenta)gor lthmA monthsCompany Deta ils
, SAP HANA

- scikit learnyrau
*_Experience f . Analytics a

achlnewLearnlng

8— natural language “? i
= 2 a Design wn
o Neyral Net I gk
(] 1 SA P Yata nt t s
%0 Too? Te(hnglogus trained A Anal o
; Data Modelling ™ = sty ., POTEN Inage =
2‘ Knowledge Learaing WP o
months Python . e D@tails company Responsibilities a
Qntlment Analys1s ”Jh»“C"« Eform iltant _mo e I
o —Skill Details
knowledge
Tensor flow
o Ago A .
nwisznay 40 Anldueafgali resume 29913vinneIu Data Science
Words Commonly Used in HR Resumes
days internship DATABASE MANAGEMENT -
Look ups o
]
+ - . h C HkR §0:
L EXprience Less ear monthsCompan PaY"‘e”L Package @2
§ mastell' will | company Any '[1 - e ~Ay p y %%
£ : s
7T SKILLS & HR 'Skill:
0 . erformanct.? Management @ - X s
g _‘;J nglneerlng”dl‘fﬂy‘ ”8 ¥ 2 computer scxence Wrgh ’% g
Solutlon descrxpnon ror n] ‘:
rxprlﬁfge monthsComp anycompany descrlptlong
3 X
3 I ‘ s : payroll software
E blackbox MS Off”]”_‘ge‘ :

Management Imcr national

‘Details January monthsComp ny Detalj,s

aaaaa ; dac wl
RLT g& Internet® conomics (hennal Deta llS June« 5
t ]- S will bl\eC O m a l I i
Malappuraw\ Kerala ij kage P ayrol DY Nadu Sdnbvc ]
) A s Kamara) Matriculatior A
offn ; DYNAMICS AX — x Saral P?)p(m??t 5

3 SRCevedte? Poser Pa
Statutory Compliance NAMI CStacer i1 (20mS, Expnence

1
=

Awilsznal 41 e ldUasNan 1l resume 199132LNN9U HR

q
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company District
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Words Commonly Used in Advocate Resumes

peratsve BankMumbal university

Detallswcompany

internet Microsof
St Chennal

reement

ag|

High,Court

o L L B i L Pun]ab _;
oviding 7
Advotate e
x advisor O SOREIARL S MantL
: =" Criminal Civil
forum ing 2 % _Tribunal o Experience 3
= slUnilversity o
natters =3 Hindi |
a administr n Krv .

“Law u,u.ar bad

v
Pune Maharashtra 2 l Gauhati mgh.
university January e 5 Proficient
s = 5 ,
8
S ~ B
w = conditions

Ihdnu

Exprlence Less i S@nyary

January Llm

Awilsznay 42 e ldlesNgnly resume 199132LNN91 Advocate

q

Words Commonly Used in Arts Resumes

College January ( Maharashtra

Responsibilitied™A

gopyrlghts niversity January Nagpur Maharashtrainitiatives per formance
c Head business ensure 5
@ - [ E
E o
2 d
- 3 . Ll £
() h sl — i :
D3 g 0% § e A Lns ~Company Det 118
o .& n 3 dmew
Ecig g g dellvery
ng Rl =¥ Commerce Sc1ence
LS g 1 3 E A Sour
BO O IS S suinne Council description
o 4
=
= C HE oy
: ¢ Sri Lanka e o % Sndia
258 5 C : & oo
© 3-3
g R days Communication S
: India Sri rw§$ate Board i fanaging
=
karate championshipEducation Details M Arts leared Mumbal Maha

nilsznay 43 pnldlesNanly resume 189U9ELNN9U Art
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Words Commonly Used in WebDesigning Resumes

Database USEd Software Developer

tme [ pany . ( 553 Bo or tr 1 O n
traSC%T Dagase Details company

dev 1 d:nmpl te J Nagpur Mahara

f,gg’i;‘c:;pﬁ‘if;at;aﬁ Made i gt
. Bued: bard target T ﬁ l U Sde months(ompany Det!Tls
Chulls Gute S L Team e no 0 g le S S e o ;ecu ltyIBor;d

, % D.requlred graphics_ e b ]_ J.?%l:’%h?f,_”d ojact beme
Responisibility a .
%i” -‘:tfp:];":_;da o OSltlon SOf Waosted o Xll ;;talls N
AIAX JAVA . HTML_ CSSa De S1 g d "
E.. CSS BOOT;IBCﬁE Cathal Security time frame E
5 Made requ:Lred 'ach1§$ed J QU E RY AJ AX”“““"* e ©
~ Q
Expriénce. monthse
:Z' It y 1t1

“BOOTSTRAP. PHP =55 idies?

PHOTOSHOR Ex;

nilszneu 44 A lddeengaly resume 18915z Web Designing
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Words Commonly Used in MechanicalEngineer Resumes

Student Associatiogn<olicse 2 wr~ENGIN EERING PVT

Automated plasterlngvendor deve]_opment
Training 3, Revaew

Inm Manaﬁement Lt descrlpaon mEChanlcal dQ’ ;Lgn %
Shclgar g S PVt LE a Parteicinf)eate 1 S
plastering machine T oy 170 o ety L
development Supply Detal S COmpany e
3 Work Diploma MechanicalEducation. Deta DJ&J#ME

EX r1ence monthsCom an SENFINECring SEUCSHt oMiidE
Mp 3d Modelmg p ydes lgn englngg!;s
uExecurwe Mechani q a ras t ral tlmely aCtlon PrOJ ECt eXeCUthﬂ [}

aw Materi rder negot]atmg S
wellms n good

:‘ ‘ . . E ?raef sultant
suppllers Automation Products Qqu

SP f-mr ] wj lities'] (} monthsCompany Details

go~ Management interacting develop

Ry
";X\

Det 1 1s Mic I'DSOT
t

Mechanical Engineering:

f Maintain A cad_ensure timely execution Vendor ,

St uto s :
8Exprylercf"éa?é”"inonths' ‘Skill-Details supplies

understand

requ:r

service

nwtlsznay 45 A ldteangalu resume 18319wnN9U Mechanical Engineer



Words Commonly Used in Sales Resumes

client monthsCom any-Details

OF({ASSS X lead

EXpr j; énce—-months

><

: description, Details” company

na & SQL SERVER
Vs o
g%Sales Manag

s 8 T A 2 timely sales
L5 prlence LeS S .
Y = °e”‘”“e Pvt Ltd 3 Educatlon Detalls
L 5. : - “team a
% regtter seeting™ Enqu1|1es A
$22]85. -t sa team”

M S Of 1 C emns ]1 1 r k

Communxcatmn sk :
k-

T
staff-a" Sklll Detalls car dealership 5 2

"description company

nilsznau 46 A ldanngaly resume sasilsznneu Sales

Words Commonly Used in Healthandfitness Resumes

related therapies g %:IfltneSS Goalquerles rel ktNe d,

S Com

E
o
'
X
O
(==t
H
lh
\th :

DPTallS January Team Leader

== Company- Detallscgsi
Perform relatedA: 3i—
SklllS a551gned aaf:- §8~
renagggﬁdutles i

T GYM déscripf

description Job
S k l ]_ ]_ De t a l l S Respoe]sibilitJies 4

olumbia University ™,

nwiszneu 47 mnlduasngalu resume 3891l5vI0M9U Health and fitness
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Words Commonly Used in CivilEngineer Resumes

® AutoCAD & " o Project Summary it

bUlE;!;agnemlngXprlence mopttn,hmsg

=13 Coordinate

Hat sanal

E

BCT

: A”

5
i

#Civil aviation e, ik

inspectionre-G TIA" dimig

Petronet LNG

’ m.:%%%tmnw rk description PI'O]ect T

N

1ne e= rpffﬂ

spection requests draWing Main Contractor descr LpTlOI‘I ru-nbal ®Computer skill 4
C lVl]. complete avsatian aan - S
Qmcmt sCompany Details o ] “hfjpdd'amrg . 4_}'_|
tructlon 1 G AYContract Specifications Pr 01ect handle U o
ngmsonms Villa submittal a Preparation i Skl ]_l Det@g. QJ' =
T ice Test Plan |
00C1v11 Englneearlng ®:: "material, e 'O
Elaxcr Smith= LN T = B ) ; - ) e o
33 E - O.0
Lblr"ISU e £ . %ﬂ s ULC Dubass Pt 'IL::l—|
contractor . : S [ ! A requred (a]
/ " oy = ] Taking care "“J“t'-H“n_ o
; 2 L 2 Engineer Expl lence
= imited deseription UETA11S

SIS A
Mumbal MaharashtraDlpe;§1<rwlnl:ul'1§ Comps

@< Al nafjan Edescrlptlon Role® Eng}ﬁ@‘mlmglyl

ClVl@ﬁ glneer

Engineer skillEngineer company... iResponsibilitie€s

cthod statement

SH@
High View

chedule

.tlutm:ad Exprience -
ompany = s g
vt Df’J

Go

hﬁnrl

1
=

nwdsznau 48 A LUeeNdnlu resume 289LlszinANeu Civil Engineer
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Words Commonly Used in JavaDeveloper Resumes
% Nashik Msharashtra o Jtlu} er Sk j_ year monthsCompany

SKILL DEtaiTes by e (Y47
Ajax Exprience
d:el\j?et]eoplnmétrfg ¢ Spr'lng H]. ernate L t Completed §_ w

Frontend ]nfnnr.-nmn Terhnn]og)u Solutions Pyt7eeh wahinara £

rience=|essain
=1 JavaScr_Lpt Jqueryu

hnologies

Pr u: amming Language §

Exprience monthsCompany

_.__data I 1Ng Java -;;}‘_‘53'-1-'
s - g S C Jal“.'?. Ser.\{let N Lt skin TECH Put P L‘Itnguw g{eérgl!r-c:!: En.tl; :!i-grle
05 =
s-Ja awDeve~ -
o, v HTML JSON — 1
C E < C wcnn- J2EE l ngular
¢ monthsCompan y,Detal ST
i :; = Va JZEEr\IHdle rmh; -ashtra™= 1 Statu mU”t.h:S. JAVA J2EE Spring
i B ye a = Mmon t h Developer Java
& o "-J . | Amravati Univers Ventures Private
Feg O J2EE Exprience “ ”""‘“ ““ Sy Operatlng System
T back endmonths DATABASE : e
’ Javascript Exprlence. ~ “E wlndows XP wis = g €
sEX e hs:i
] - By T
P> S g
<c fechnologl:s used D ]jg Duratlon HonthSP ne Msharashtra ™ i,
—c nology | >
< liDetails company ;.
e &

W;;r:ppalji\?foisp E d u C a t 1 O n t D e t a l l S ~JSP Servlet

anlszney 49 A lduesnanli resume 1891951nM9N Java Developer
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Words Commonly Used in BusinessAnalyst Resumes

technology team

Expllence Less

3

Defect analysis
well

applicétion

College Ja

Ltd descrlp

tion

requirement
a Maintain SR
i
will

stakeholderShllDeM1h

alyst Business

test plan

Requ1rement Gatherlng etalls com

& Coordlnatmg - pany
i 5 Actively participate
& Change -
o o) MNaintain Da
Working ¢ : = 1
{ @ 1ent

'3( omi , - , MINI "'9 § Meodgemen Tent ] 29
I J w',—‘_. S~ R~ 7 = ] 1o, o —p ) — N (,‘ﬁ /"\
$=\\<~Q<‘U:f ‘ EHH | 1TC1eS 3
1 \ ‘\-,j/ - 1 I SRpNS Shgpe S & e o ( "d
Office description | & Provide
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® Requirement Document ' g3.lnderstanding

Bus1ness Ana

USlﬂESS requ1re

ymnr on Details

pruposal xmplem entation

nilsznau 50 mnldieangaly resume 1a1lsinnenU Business Analyst

Words Commonly Used in SAPDeveloper Resumes

BalCS SAP work

o
Data Warvhousing
user requirements
development
Tech, M_@h.}lf\_d':? related
¥ ODATA Fiori
L.;,; . g*;n) sibilit
ase r x

understand

té

td Bangalore
var 10us

Role SAP mon:t S-S A P

Business Object
mw . MW W 0 W Raised 058
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Design document

Detail best DOSSLble
lSSUEW
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ANA Developer

Company Tech

nwiszneu 51 mnlduesngalu resume 1891133109974 SAP Developer
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Words Commonly Used in AutomationTesting Resumes

description Responsibilities

test plan

Program Increment O

driven development

test strategy crjtical bug”

Integration Testing
Details ¢ any
. Ltd description
test bed

QTP HTML

Traceability Matrix = .

i Performed

1 Agile Methodology Compare Tool
b o
Pr t Descriptio
e pta ”A,.‘ O
-~
developer ¥
Q
ol g
a Reviewed o >
‘5 o O.
oo
gg &)
Requirement Document
.—{
o
dUl mation scripts C
o
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—
o
Incr 1t plar ,o:

Educatlon Details

§ Mahindra descr Lr-tm'

Regression feéting

team

Tech Mahlndra

Python QTP

Linux SQL

monthsCompany Details

nwisznau 52 mnldiasigalu resume 18915310994 Automation Testing
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Words Commonly Used in ElectricalEngineering Resumes

r'ﬂhmm
U
o
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“E Electtlcal

juct owledg

Outdoor Lighting

Cable Schedule .Lmeoms

Elec ¥rica

LT Panels

engineering Skill

Industrial Projects

=

nnilseney 53 A lduesngal resume ve91l3s1nNaNY Electrical Engineering
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company M B EElectrical Equipment

Soft StarterDrawing Overall Exprience months

szflPower Plant

cription
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Technlcal Speglflcgtlon‘
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Electrical Single well
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Shri Sant
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1 Englneerlng
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Words Commonly Used in OperationsManager Resumes

r‘ = panels a stake holders .. Attending weekly
ead Process a
Job a

BNY e J% h]cc(: schedule
i Timely delivery 3 vork
H y ell Kor a
(O']UOl panol

wiring srhpmal]( r‘eVleW meetlngsa p,—eparlng

International dcscrlpnon

E|d :Ixenl

freight forwarders

_ C Prepaid Card 4
i v Q simple - A=
i § e a Attending s st P w
= ‘ S—f Pre FAT @ ?'
5" system a “ U :; :
B i i 1 i
& b3 training progamt 3 Liaising Aﬂ!
Exprlence months reports a
SYSTEM MARSHALLING -««s @ Performed PRI =0 )=
Key Contributions ¥ document development o ensuring qualx;y
Insentory Banagevent proposal team 3 s Job Pl'Dfllznd level
development & H H
& Timely - s presence
le‘v‘evl‘ bua’i’x.(:y. > Operatios cawpany Mellon International monthzCompany Details

|
=

nwiseney 54 A lduesngnli resume v189132inN9NU Operations Manager

q

Words Commonly Used in PythonDeveloper Resumes

Internal Python months MYSQL
: ayse

sted

' & Worked

o
FE MAS o8 RE'.'Jur's".Llle o ma R seravedng -
Science Pune agite scn months PYTHON _ dgve}oper Python
loud Foundry
months web

Maharashtra Pune MYSQL Exprience

Completédﬁmmm

Details PI de

months: ol

Ltri P?rl.,..w.. *,J, «EdUcation Details™ t g

XQ ience months

talls companyPunée University

a Created Inua,rb— Details aLd I tstate board l
Stream 5e|ve p e a

monthsCompany Details

i Phule Pune

W
—

'»iQJ>

|,_.I

Languages Python

& Operating sksg
o

5'"5 Q.)

_7

|
=l

A nlszney 55 A lduesRgaly resume 1891350 M9NY Python Developer

q
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Words Commonly Used in DevOpsEngineer Resumes

Satellite server Ant Maven

:DeVOpPS _Engineer

e e Technologies Pvt
year- months gres

epositories branches Automatlon a a wrote

- Ltd description® == COMmMmeir ce
4gHandLing Nendrasys Technologles

e Thal Trade » company Nendrasys 2 mp ementlng mysql, S jautgmate
< Team Slze

Linux U

[ Va ol el B =l =
. \#‘/ ‘f ,’y I ” ,;\ 1 l' \4*

/;’ a

'f:mysql rep11cat10n ~*
users §

“shel 1 scrlptlng ;

onltor;ng Platform "c1T:Bitbucket -

EXprlence months

size.Role monthsCompany Details
: descrlptlon Type

ﬁnkeholdor ”~ users C Exprience
Pune Maharashtr aWrote shell -

‘Limited descriptione+

nwdsznau 56 A M LUaaNdnlu resume 18415210 M9U DevOps Engineer

q

Words Commonly Used in NetworkSecurityEngineer Resumes

t Administration .. cec.cseiwww. | trOUbleshooting -
i " tiles 8 . . A c " : <
t a Installqltmlpggla Malntaining »5 é; :

Negworg §ecur1tyd o
i e gcur xprience i
Router S Sw1tch:£le-soy monthEComgany Details a InStalllng

prlenceﬁbess

Settin

Health Che chmgf l r eWa l ltrou]_mp Smrég?atclon : a

Cisco switches
Ltd description

sed network | CF Nt #e 3 Regular 9 Inplementifig ™'
Roles respon51b111t1es Q ASA
P TFTP

devices Clsconire:(ory FTP

router conflguration
] S ROUtEIe =
File Servers a

Details COmPa“J responsw;m;“llt;,l,rg&aSecm ity Enolneer

>

a Basic

g Management l'h"” wor ’ L
based fxrewall

MJ;’(JL";"

nwilsznau 57 M ldiieangalu resume 1e1lszinnanu Network Security Engineer
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Words Commonly Used in PMO Resumes

A Operational report description PuneMs excel

Administra 'C I.OI“I US lI“IESS

A ResponsSible.- ks

t Auditing work achle\.rlng

1td description

y focimenta

Sklll

| “n
Rany Detalls

ey dservice del%very valEiggggh‘o“
) E. i Eg C§ Weekly preparatis Deputation invoicings ) e ca T @
;é" EEE: O g '_n od 5 s e i e e
Et_ Ec@g%@ .EJEDH ails cc ompanys, ., et = cgu =t
LSt proj ect ma nagement- -
E é = t _a Strong Expertise
Resultr_Areas BUS I N ESS ADM I N I STRAT I ON managing
5 s F']_]_ ~mear]ng ducation Details

enlor Executive

weekly month

reKseg)urq'cei managementA APFO]eg]];tUMTQQager

alpr om |

a:Established é

Creatlonﬁood understanding penry toard: ”"“““I" requrementS A H

peteciemanagement At aeshia,

Exprience monthsCompany Delivery Managers gescription Roler A Assist

niszney 58 A ldtenngaly resume 1aslszinnaau PMO

Words Commonly Used in Database Resumes

maintaining ~>.& Creating ; =~ Qracle UL
g ST . log file E Installation.; Parfomance tuning j
E Q AT, o R 2 Experi}e}ncem
-4 N ‘ g i wiedge  dud
-8 team s Sakivy ] g
£

3 :C troubleshootlng Windows™ Server USEel

. .replication, —
‘ , : aE(]W?tr;OH Details Ap?r;%cah&vpg Aupgr ald: U S l n ;

management G)

project
Postgresql cwey tiew

<0 5 = e OIS L s EGRIICAL K1

<~ (O monitoring g privileges

o

S0 producthn system a Working —:
Bor g | description Respo:\s’)‘!nmxnes client Securlty high avail 301“ ty . LV,:
gu g s monthsCom D 1

LR Yy clustering pany Details Operstmslsﬁiemﬂ =
e prlence months

stallation

(‘Sfarpzrefgsmgd Database dmlnlstratoru

S L10N4ay o.
B 'Ol%SQL“SQ L . S ? r:erve rmuy Supportw
« application

tablespace . description

nwtlsznay 59 A ldteangnlu resume 1831seinN9U Database



Words Commonly Used in Hadoop Resumes

Provided solution
e

Expriéﬁ%éfﬁﬁwhs

creating Hiv Pune description thsCompany Detalls e jpfs o

c°>Hlver ;’ljg‘ a p u C em y;l?sver one Hgoop HDQS

~ Consultancy Services Hadoop ecosystem'
“version

Sl“ﬂ! S 3
HDFS £
\ =gdata processingcsiiscim Skill Set
N - ~ rmm ~\ 7

'°VeH1ve tables . JPRGX I A a1 T =
= WAPACHE HApoop o tdllo LUl
a Create Programming Languages

using

Sqoop Flume

: Role Responsibilitie:
‘é'jJDeveloper Had

-~year months
company Tata

tables &

database
document & HOFS

RDBMS data Set Blg”?ata

Environment Hadoop g dev lopin
“Hive Sqoop = BN CaOP NG
% Technical skill 5 2 Exprlence Less
Limited Pune p g g ooy 31
ig Ssos;: v :’% us lng Sqoopa Created
Data Lake
(Cus tomer 5‘,{] ] ] De tal 1 S P ro 1 €CT ::' 4485 J‘ )T1OI F’ZE"S(ST.EU é WOFKEd

Anszney 60 AN ldUeERgA 1Y resume 189138LAN9NY Hadoop

q

Words Commonly Used in ETLDeveloper Resumes

Resg;n;.%q%?“lafy reconc111atg,pn toolEducation Details

falend ETH Developer ETL data feeds Exprlence monthsCompany
Profile ETL Exprience

sy el Role ETL

Detalls ETL

sultancy eercesutS(lr?f\cx(,jlu:VEZCI ent um Rolc mapplngs USlng

Ql) 1 petails company¥

%%ﬁ@WSQL Sé?%@?;aﬁgﬁi

s E company“ Tata Services description

B8 etc Aciem pe Developer Project - server a usmg Informatlca L

E_mappmgs Fl L msqL 2

9 Ba -3 %
n orma( ca vapp ngs

E 2 il Mumbai Maharashtra | J: ”r ry Center Oracle~ o

Env1ronment Infc?m;atslﬁiDe.Ve Ope

yLie mapplngs "”""’"Z"ﬁiif?f‘
Eiprlence ths

e s Skill Detallssourceas'gsim:Consu tancy:es
EJJJL%§E£n¢1;§;:§;£;5%f2 [:,(:2mnu<,“usr71!:l(:: .1: ‘EE r-

nwtsznay 61 A ldteangnlu resume 183UssinneTn ETL Developer

UNIX

erent (ransformanon
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Words Commonly Used in DotNetDeveloper Resumes

b ?gﬂf&;gg‘;ﬁmp Management System. wzfife"tatllfp:“;g L

merlence@mont

Visual Studio -
- >
. JQuery Databas e S [
= MSkill Detalls g Develnper Descr1ptmn ck end qu uery & =
] ; Coll‘?c:lorg . E o =
ES ront en §
= Developer Dot . 3 E’ o L Eﬂ
displayed ¢ Net s 2 B Lorgeges ¢ < . &
o nll';_ne managemelnt g b3 E g: UH
Responsg lities a QD‘-e' ElO ment u = C Expnence i :E
Worked P e ! -y ap plicat 1on £
Education Details® ey g Poetails. Sl

Busifess Layer
Validation &

LJ L -N omputer Science NET
testing type

Framework ASP - willsRs documentation EIRp e R Dat aba aint
dl;abled greyed ascrlpt JQue ryN D Ve Q P
Pune Maharas traNet € rarnework TECHNTTAL SR1L peratlng System

signing

pital Management
ASP
Schema Desig

Project includes Server 4]
En\glronment Visual ST e c%?,,ﬁ;?iﬁ{:ml vy 5'Database E‘o;
Project Name a Project EE F:
NET _MVC i Layer HTML & = E
Nt wehPr tence =i == months ASP. 52 S
Description - L Database SQL - 5 s
Role Developer project Description  Studio ASP MonthsCompany Details Javascript Exprience LU activities & &

nwdsznau 62 A I UeaNdnlu resume 2891l5210M9NU DotNet Developer

q

Words Commonly Used in Blockchain Resumes

" €ss JavaScript bIockchain, a JavaScrlpt JDBC

L. yunbai Maharasht ivate Limited

gmonthsCompany Details— - First Class

C‘lechno]ogy Usedr orkEd ’ Na S h l k Ma ha r a S ht r a Angular ]s Yoo
Corpcloud Global

m’descrlptlon company. School . BlOCkChaln

Lo Ltd description Class Nashlk: HTM1 CSS ..
e § g
C 3 - - f g java spring
AR Eirience Global Services =
Ol i o0
A = L; B E use cases | _VEINFIN Orgnization Bl e t he reum § _ +
UE Build W g - —l
% U Englneering January Yetaile N%/\(IS} P*?!ﬁ?l,% 4
oakducation DetailsP€talls ! yi—g2>
'_'Dp emn 5° HANES Developer Blockchain s ot ence T'o D'a
m ga | : E ) . C Exprl:xce ;: ;
Services_Pvt o i
ghghmpany desc riptionDetails January

nlsznay 63 AnldUaaNanly resume 18919LNN9U Blockchain

q
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Words Commonly Used in Testing Resumes

_*gin, Android Appllcatlon Routine test XP Windows

4 Good inspection a Educatlon Details

Maharashtra St ate winding core  Tnsulation Resmtance

srepresentative Softwale Test'lng

Perpvt Ltd* estlng Expr;e opany i

¢ Project Area englneer Skill

50 0

2: 2 PROJECT-DETAILS = = [RE € K WeblBased
= core cml *months DATABASE

g2 EX nce-months
o

Eé is j“ contact resistance«-: Preparing LJLPF(}]ect Name
225158, 888 Ltd description:. e cine
e ik coil assemb - ““Mame web® Responsibilities & IR test,

v 15Ta 1NAows

wiDetails -company,sir s

d

t h S Compa ny Deta l ]- S Exprience monthsCompany

Positive 1:t1ud':

Office ecmasery Sk 1 ]_ ]_ De t al ]_ S" Prepamg
Wln dows  XP,..Jehiaty ssc Details Japnuary -

3Dur

=]
=]
=]
=

UNz0res 1§=1;anqg IR
(a

=

Te S t i ng._En glnee . test conducted ¢
...... Drlﬂ[n management system-

nnilszneu 64 AN ldtesngaly resume seslazinnanu Testing

WAASADALENLITU NI AR ART memmumaﬂmiuﬂiv"f ¢ LaTNIg

N9TANEEY BANINUITNOL 65-67 ANNENEL SnsaviBsagel
=K o v :j/ £ d’ld
® count unnaliy Auaudayarianun lugadayatine 962 1anns
=X 1 dl e | A o
® mean WNNEDY ANRALIIAIANLNILILAREaRAD 3,160.36 AN
® std BNNaDa mmmmummmummmmmqﬂiwq tiaRa 2,886.53 AN
. | 1 dl 3’/ dl =
®  min nunale ANealsRtladungana 142 AN
®  25% uNngNd 25% WadlszdRsia gnntagndIvTavingy 1,217 A1
®  50% UNENY 50% adiezdRtia aatiasndnvFawingy 2,355 AN
®  75% uuNeNa 75% 1aieedRtia anatiasndnvrawingy 4,073 AN

o max vaneRe ANeaLsEsFite Tig {AFD 14,816 A"



1 df['length'].describe()

count 562 .000000
mean 3160.364865
std 2886.528521
min 142 .000000
25% 1217 .250000
50% 2355.000000
75% 4973 .750000
max 14816 . 080000
Name: length, dtype: floaté4d

ANUsENaL 65 ADAMINLIZTENANINALAAIANTURIAIBNET bse IRt D

Resume length distribution

61

0.00025 A

0.00020

0.00015 4

Density
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0.00005

0.00000

T T T T T T T T
—2500 0 2500 5000 7500 10000 12500 15000
length

s

ANsznat 66 NINLAAINIINTZANLFIURIFIBN L I T I FelD

T
17500
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=l II' "l

[l

nndsenay 67 wnunRnaesiansauauAn luuiarlssinneslsyinde

3.3 MsmsaNTaya (Data Preparation)

'
¥ =

zl/ a ¥ 2 o ¥ o | 1
Tudusaunisissandaya gidulaldgadayaeciseinta uazilssnnauiniou

o

¥

o ) a 1% v :J/ d” ¥ !
N19N1 labelling LTEUTAEILAD @Wﬂuuu’]mﬂ‘ﬂ‘ﬂﬁd@uﬂﬁLﬂWQﬂ?ZUQuﬂ’]?ﬂ?ZNQ@N@

AN11833:T75 (NLP) Tnsiildumausesall

1
=

3.3.1 auAsing  Nldd1AnylutlszdReienan 1w URLs, RT, cc, hashtags,

@, FAENHINLAL AT NAANEAININLIZNEL 68

Category Resume cleaned_resume
Data Science Skills * Programming Languages: Python (pandas...  Skills Programming Languages Python pandas num...
Data Science Education Details \nnMay 2013 to May 2017 B.E... Education Details May 2013 to May 2017 B E UIT...

Data Science Areas of Interest Deep Learning, Control Syste... Areas of Interest Deep Learning Control System...

Data Science Skills a0¢ R 40¢ Python a00¢ SAP HANA a0¢ Table... Skills R Python SAP HANA Tableau SAP HANA SQL ...

Data Science Education Details \\n MCA YMCAUST, Faridab... Education Details MCA YMCAUST Faridabad Haryan...

o o

nilsenau 68 uansdayanasauA g Aty uazFadnEsRLAEaan

'
o

3.3.2 utlasdaya’lu Category anntapiuldudeyasaiay InaldaAndy
Label Encoding tialdusazuunanynaneiunand nouazaf1quiuaIaadniIsaniun

dszinnuaneiAana (multiclass classification model)
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3.3.3 Tokenization AanszuaunIsutadandneenidumiaeidn < Tuneausl

= o o dl 1 ¥ 1 < dl ¥ % ] ]
Nﬂ?ﬂll’&’]ﬂﬂ.lLu‘ﬂﬂ@’}ﬂﬂﬁiLL‘U\‘isﬂ‘ﬂH@@‘ﬂﬂLﬂuﬂuf)ﬂ?lu’]ﬂL@ﬂVIi“H\‘HuvLﬁLL@?J\‘I’WEI[”]ﬂﬂ’]?

@

1312anNa Mt aANaRIAaNIaTHIFaNIN LAY TiALwa g N8 lun1997
£ a ¥ U J i,/ o =] o
ANHEN TALTUNTasd DA N LA I NFAF19LLLAYa8Y NLP 1Nl fin stop words ¥i98 AN

Maatios - usli@emdnumungean wu nor, ‘me’, ‘were’, ‘her, ‘more’, ‘himself, ‘this’ 424

¥

A 1 ¥ dl o % o [~ dp v o . .
ﬂ’ﬂ’ﬂﬁﬂ@ﬂﬂ?‘ﬁ’]mﬂﬂﬁg@% avtszuana NN IIEN19NI9IKIIAEITY Qﬂ‘ﬂ’]ﬁl‘ﬂ’] Lemmatization

o dl o % ] o 2}/ a A o a 1 dl dl % 1 o/ [
wsanailasugdan ey lugluuuresAsusnviraninsendesn 1 iivaliag lusnAny

1AL A1UIUANINN Lemmatize WA28A 895 AN FeNINLTznaLl 69

U

Number of words Lemmatized= 895

Number of words not Lemmatized= 9185

AlsLnal 69 LAANAIUIUNNINN Lemmatize waz il e Lemmatize

3.3.4 14Weridu FreqDist iNagA2 uDaasAIInnAludanau Ay

niseney 70-72 wansliiiiudnAndn Experience WUNINNAAA1UY 3,829 AFS

[('Exprience’, 3829),
("'months', 3233),
('company', 313e),
('Details"', 2967),
('description', 2634),
('1', 2134),
('Project’, 18e8),
('project', 1579),
('6', 1499),

('data', 1438),
('team', 1424),
("Maharashtra', 1385),
('year', 1244),
('Less', 1137),
('January’', 1e86),
('using', 1e41),
('skill', 1018),
('Pune', 10186),

( 'Management', 1€10),
('sQL", 990)]

nwilsznay 70 AMAnuNINNgalulszdfta 30 AN
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3500 1

3000 1

1500

' ' ! ' ! ' ' v ' ' ! |
3 ] - 8 g E [ 2 o ¥ ¥ = 2 T £ = 5 8 NOE >
2 £ = @ ® ® £ b % 5 8 S 3 g 3 @ E
3 a g = 3 € hs B & - = £ E E L - E -4
S g e & z & B § T &8 £
= = z & 2 H s 3§
& & £ ] © B & T [

E} 3 i 2
= 2 g ¥ £
E

nwdsznay 71 nauansmAnuNIngalulszdmee 30 A1un

Word frequency that be cleaned

Project

™ ‘. ‘ F'__—: I \ l (» .} [

nwilsgnau 72 Word Cloud awusnnigaluilszimte 30 Auan
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3.4 N1FASIUUUINADY (Modeling)

¥ b4 1 4 v ¥ o ¥ [
GI?Q’QZQ’E]T_I“II@H@FLMLLHI’QQ’]‘H@H@@Zﬁ'ﬂ’]ﬁ w¥anunld L‘Il’mi“?.ill’luﬂ’]i‘aﬂ'ﬂ‘i_lill AN

AsEnan 73 ANt agdanaN T NAaTAALAaT AqeRendls TF-IDF Vectorization

1 df2['Resume’][100]

'Skills: Natural Languages: Proficient in English, Hindi and Marathi. Computer skills: Proficient with MS-Office, Internet
\r\nJanuary 2015 to January 2018 LLB Law Mumbai, Maharashtra Mumbai university\r\nJanuary 2015 B.M.M Mumbai, Maharashtra
University\r\n H.S.C Asmita Girls junior College, Maharashtra Board\r\n S.S.C Vidya Bhawan Maharashtra Board\r\nAdvocat
urnalist\r\nSkill Details \r\nCompany Details \r\ncompany - Criminal lawyer (law firm)\r\ndescription - '

1 df2['cleaned_

'Skills Natural Languages Proficient in English Hindi and Marathi Computer skills Proficient with MS Office Internet opera
ry 2015 to January 2018 LLB Law Mumbai Maharashtra Mumbai university January 2815 B M M Mumbai Maharashtra S K Somaiya Col.
Asmita Girls junior College Maharashtra Board S S C Vidya Bhawan Maharashtra Board Advocate Llb student and Journalist Ski
ompany Criminal lawyer law firm description '

Anilsznay 73 LaasdeamANAaRLATUAIIIAIINAZRNA

TF-IDF %38 Term Frequency — Inverse Document Frequency Wumnatanfansn
agAdsznavresAtnialutlszlan (wazianans) Wunanlaaazliiiansuaasainie’ly
wngdnsunldaasnefilsenausae § 2 aeAlsznausaaiuAe Term Frequency (TF) Lae

Inverse document Frequency (IDF) #4n19AWIRANT99919 TF Uaz IDF 15U Avansgiluuy

D).

dl A o dld&' del ilz ' | o dl
JNRARNHIUILRAUD U VIH@%LﬂugﬂLL'LI‘].IWHﬁS’]u“ﬂ'ﬂ\W]\‘]@@Qﬂ’] (meimmmslugmmmu ]

o

< = % XK o
UNATHANHULANLANINL)

See

Term-Frequency (TF) 1mnan <) luugnuaieetitias | luianansii o aziiponu

u

v ' o 3’/ = dl ¥ o o o Z’/
Lﬂuiﬂim@ﬂmmuuumwLﬂmmmﬂu%m’mmmmmmL@ﬂmmu 71 HN (Prasertsom,

o

2563) ANENNIT 1

Uy 9 Tulonans

TF (vosn q wil) = (1)

FIUIUVDIANINUALUBNEATS

1%

Inverse Document Frequency (IDF) {l1n19A U2 tuAIUINULIN (weight) AMMNAIATY

103ufazAlnaazAInuaeldtes < (luuade o) wna1s) aziiAn IDF A1 S9teuendnmn
.Y . = ! A o .2 ' v

watuazldainisnfsengarusesienatsiAmaniulngegaanunlan A1 IDF

ANN1IDANUIU P ALIANNIT FIRNNNT 2

FMUIBBNATTINNAT ITRAN TN

IDF (20361 < uﬁq) = log( (2)

° a0 Y \
AUIUBNANTNIHAN 7| ﬂuﬂi‘ﬂﬂ{]@%
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4
=

HAUINTANUI LTI ADIRIUNITANTU 177182 IANTTANWANY TF-IDF sasalddl 69

aNN19 3
TFIDF =TF x IDF (3)

uigadeyaaanitlugadayad miunislinuuudanaey (training dataset) 80% uay
ﬁﬁiﬂg@ﬁ’m?ﬂm?wﬂzﬁﬂuLL‘i_l‘vai”]@m (testing dataset) 20% random_state WiNAL 42 LAy
m%’ﬁ\umuﬁimmLﬁ@ﬂﬁ?uﬁuﬂig'ﬁw%mwmmgﬂrﬁ’fﬂqLL@:mmLmuﬁ’] 8 wuu leun

1. Support Vector Classification (SVC)

Logistic Regression
Random Forest
K-Nearest Neighbors
Gradient Boosting

AdaBoost Classifier

Gaussian Naive Bayes

Cm N 2, O WER TCE

Decision Tree
v

anegeldinatia OneVsRestClassifier Lilupaatiatiuaa Classifier 1ulausis

1 1
=

scikit-learn NFNaALUNUsLIANLLL multi-class IPEIAFIULLANARE BLILEINTUANASLILLG

AZAANA 111 TN UARLTINTATANATIUNA 25 AAIR TILLLUANADY OneVsRestClassifier ax

Q a

A519LLLANADIEIRE 25 WULAIADY WAAZLLLANAA9aZA L UNLssINNAat19aani A4

a4 = ° = o Ao X

1AL TEAZLBUATBIULLANARIN 1T leASaH Al
3.4.1 Support Vector Classification (SVC) (Tanat NasUIIAT, 2563) (Premanand,

2566) (Mr.P L, 2561)

Wuluipaatuundszinnuuy supervised learning N ldvannsaas
[ J A ! dl :// =< 1 o v
Hyperplane Tunnsuduutisdayasaniiuasinguudaninndt estaveuuwazinaules
Tnalannzatntaladoyainnududen (Many Feature) widnwausaaenglaiunn vanaaw

dnduaniuAidn SVM waz SVC Amaudae o fife dlailesinauiisldlunisauun

v |
tszinniiu Jidauludadu azFan SVC
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’ Margin
3. ® oSo _~" Hyperplane
e Do -
0 0 © 8o

Support Vectors

\J

nwsznau 74 Support Vector Machine

1" : (Premanand, 2566)

srazvnreanimesainlawefinauBandissazaey (margin) Tdunng
wenidulilevannaaninangs widesniadanlanlasinauniinszezaauseninenanali

Py ] A Ay R F

494n naWsuANLARNIERIZIR LN ALAL T Ia LN A B9 Margin Hutieanidlu 2 Uszinn
=
2k

- Soft Margin thasaindayalulanuvisaaiuiiuasedaulug sl
annsousnaanitiudunssliadwanysnd awiiduudaiuiiaoundraunnngayinnas
o v v o ¥ 1 ! 1 v -dl 1 v o dy
nlsuazsenliideyautsdayagszninadunisneasting ive ldlidudumnaunn

awfiull (Mr.P L, 2561)
- Hard Margin Aaiduniiuauiiuliuaslioesliidagyaatszudng

¥

1 4
duutsuaziniideyaniiiu outlier sy Asnnilszney 74-76
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o o0
-
Good Margin

all sector vectors have the same distance
with the maximum margin hyperplane

> x1

x2

° Bad Margin

T___.
\

AN

L J
Support Vectors (Class -1)

= very close to either class -1 support vectors or

class +1 support vectors

Support Vectors (Class +1) x1

andsenau 75 wanaldiy Good margin WAy Bad margin

N (Premanand, 2566)

Decision Decision \
boundary P ® boundary 2 @
”~ ”~

® Class1 (O Supportvector
® Class2 © Sample violating constraint

nsznay 76 WARS Hard margin WAy Soft margin

3.4.2 Logistic Regression
Lﬂuimmmm‘?‘ﬂug’*’mmm%a (Machine Learning) ds£taNn19a11un
tsznm (Classification) i lddmiusuundeyaeeniluaeseana lneldaunisdadulunis
Usznmpuhanduiifeyaazeglunaialanananii azagszming

0 09 1 fanfAe Wnlade Auanlasansa awnsndszgnafldiuoyuinis

auundszinnlanainmans
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3.4.3 Random Forest

ARAFINLLLIA1A89ATN Decision Tree MANE <] wuUANaatias 7] Inawsias
L1 1ae9aL |50 data set llimiloudy 791y subset 104 data set NN A AAUTI
prediction A LiLFaz Decision Tree 711 prediction 2841ATU8981 LAZATUITUNA prediction
AY8IN"T vote output i gniaeaniae Decision Tree Mﬂ‘ﬁlz@]m (N30 classification) e Decision
Tree WAAZULILANA9911 Random Forest Aadn1flu weak leamner nan9AiluLLLs a097
Tainawinlug wanateuwsaz Decision Tree 1911 prediction N7 U AarlFuuUaN a8
FURTIANLILAY LazLusnNnndn Decision Tree it prediction WLLLREn *| (Daroontham,

2561a) Aennlsenay 77

Decision Tree |
R — Bagging

» Decision Tree ll Voting %—— Output

Sampled data set Il

ﬂ’]Wﬂi$ﬂ‘ﬂ'Ll 77 Mﬁ/ﬂﬂ’]ﬁ‘ﬁ’] Random Forest
N : (Daroontham, 2561a)

3.4.4 K-Nearest Neighbors
wsaFanga 7 91 KNN ddmiuauundeyaseniuaasaaanzoninngn
- d o a de ad a4 o de e o .
Tngldaan1sTuamannineutuinlndnge deyaiveutunindnanvesdesyaludazgnivom

tﬂl o v 1 tﬂl v tﬂl 9/:#‘ o ¥ 1= a o
LW@ﬂ’WMuﬂﬂ@’mﬂ‘ﬂﬁﬂJ@H@IﬁN MWﬂLW‘ﬂuU’]uVliﬂ@W@‘ﬂ K #9 m@m@gaiummm@mmnu
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Tuiaa KNN %@3’@LLuﬂﬁngJaﬁlmﬂﬁ‘Lﬂuﬂmmﬁu ynileuiwilndiige K i resdayaluaid
panasineriy Tuina KNN azsuundeya vl Widunanaiiisruieuunniige
3.4.5 Gradient Boosting
WulunanisFaufressiasilszinn Ensemble Learning fisanluinaties
(Weak Learners) SN de Tuie il e T i sE AN S A Na N
Gradient Boosting yaulaaialuiaatostunniiasling Tnalunadas
wiazlumaasnenendiulgannuianainvesiumanauntin
Tunadoausdazluinaazairaduunlagld Loss Function Liadaaana
Aananatadlunanewnti antiaslismiinaeslunateaiuielinnuisnananas
3.4.6 AdaBoost classifier
PANNINNNUALUNaUTY Gradient Boosting WAFNaAUARE N F N

o 1 ¥

faatnedaya WAz AdaBoost classifier avilfutininsaad1sdayalugadayanisidn

a

(Training Set) talanufinnarnvastunationanas Insmetsdayafilunadanriiug
AanannazRinuiindfistu lususiidae 'N"ﬂ’mﬂ@ﬁ‘ﬂuLmﬂ@ﬂﬁmwgﬂﬁ@wzﬁﬁwﬁﬂ
ANAY
3.4.7 Gaussian Naive ayes
lduannisniulageiduarinuiaziuaesdayauwsias feature Tunas
uundaya
3.4.8 Decision Tree
lduuafanIsanuundayawuudulsd (Tree-based Classification) Ingias
Susuiisnueduls aantuaziarsmn feature 189feyauFar Training Set 1NA122

feature WuiflulininReulaniniuun Aazidgheiiuaianidy denszusunisiazaiiiiu

sinliaundnazialuldaesiulyd aaluldazuansnanarasdayaiiv

3.5 nsnadaulscansn i nuadnuuataag (Cross Validation Model)

NILUIUNNINNNUTEY Cross Validation wuy K-fold azwisgatayaaanidu K ga

'
1% 1 = A o o

gaazivin | i aniuldgadesuiiagadiniunistinuuuaiaesuazldgadeanivaeadud

q

NARDULLLANADITN K ASI AQeiNgLmi
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- lunnmaaasasawsn 1 fold 91 1 gsunedaULLLANaad a1 fold
2,3 4, b8% 5 AVUSUHNNAUTHLUU[IIADY A1NUUAIAIUIUAIAINNABIALAAD LY DY
. Y 2
LUUANa89 Andayalu fold 71 1
~lunnmaaasasanaas 19 fold 9 2 A usunagauuuLanand Tuanieild
fold 1 1, 3, 4, LAY 5 AMSURNAUTNLLLAIADY ANNUUAIANUIBAIANNARIALARAUUD
. Y N
LuUA1aed andayalu fold 1 2
Ygnszuaun1sliiaune 5 af Inaduiaengateadimiunasauluwsiazaiy A
ANHARAIALARDUTAILLILANABAALATIN 5 A5 ALITUATIANNARIALARDUIAILLILANART

wiiaaatiied Aannisznan 78

All Data

Training data Test data

Fold1 || Fold2 | Fold3 || Fold4 || Foids |

Split1 | Fold1 | Fold2 = Fold3 | Fold4 | Fold5 |

Split2 | Fold1 | Fold2 | Fold3 || Fold4 | Fold5 |

spiit3 | Fold1 | Fold2 || Fold3 || Foid4 | Folds |
Spiit4 | Fold1 | Fold2 | Fold3 | Fold4 | Folds |

Splits | Fold1 | Fold2 | Fold3 || Fold4 || Folds

> Finding Parameters

Final evaluation { Test data

NNUIENaL 78 NTELINNNINNNIULAN Cross Validation Wiy K-fold

NN - (scikit-learn, 2023)
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3.6 N19UszLNULLUA a9 (Evaluation)

lun1sdsziiunani1maaadaniI?AnnsastadAsannilsedmsa atlFaunay

o

U
Use@nBnInaesutuanaedsing o nlidlunimaaes §idedanld A1 Accuracy, A1 F1 score

WusaT AN v uNATaaLLLANaa9 anYield Cross Validation Wil 5 fold taLlsviiuAn

4
% [ % ] |

AYNARIALARBULBIATIAFNY ] 1 accuracy, precision, recall, kA F1 score anaae

3.6.1 Accuracy 8R9149ULBINTNIUIENYNABITNINNAFABNITV U E

v
1%

MnuA 1LANUIANNANNNT 4

Accuracy = (TP + TN) / (TP + TN + FP + FN) 4)

v 1
o =

3.6.2 Precision: §ng1danaeenisinueignsiessanisinuieiannaiiiy
ARNAIY ] TREAWIRIAINANNT 5
Precision = TP / (TP + FP) (5)

v
¥ ¥ a o

3.6.3 Recall: ﬁmﬂmmmm@ﬁﬁmﬂﬁqﬂ BIADTRLAA aisiidunana
5 ° IREANUATUAINANNTS 6
Recall = TP/ (TP + FN) (6)
3.6.4 F1 score: ﬁ’]Lﬂ?ﬂlﬁlLLuu harmonic mean 41714 precision LAY recall
Imﬂﬁﬁmmmﬂ@um@ i
F1 score = 2 * (precision * recall) / (precision + recall) (7)

>

3.7 msmqmé’numzﬁﬁmm (Feature Importance)

o A o dl o o ¥ a o d”d o ] dl 1 [ ]
[mLLﬂ?ﬁﬁ“ﬂﬂm@ﬂ‘]ﬂ'mﬁﬂ?ﬂ’]ﬂmiuﬁﬁﬂ@ﬂ@ﬂﬂﬂﬂﬁquﬁluﬂ@ﬂ’]lﬂ’]\‘] ] m@qsluﬂimmm

o

< o A ' ° smat o Ao aa
WanguInAlandsuasanisanuunlszinneu ‘Emmﬂmﬁmﬁ‘m@mmm:rmmmmy 218

zt
Zhe

1. %A1 Coefficients
- g uuusnaes: vnisafieluea Logistic Regression tnelddeyafign
anmAUANEUEAdY TF-IDF ldlunisutlasdayadaniiuiduianinasinsnmans e
(Features) Iniinilafamanudaesmusiazainluenans Lmzmmzﬁ’]ﬁmm@qﬁﬁﬁuiul,@ﬂmi
yavaa
- Anuuudnass: snnsinuuusiaesiildanannisainunusnasseumii

poapdayanIgiEaud (Training data)
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- ANUIDINNAUAN B TUENANATY (Feature Importance): IALLLANA8INYN
Faufian a1u19059A coefficients W3DAIANNAIATYTDIAMUANEILE (importance) AN
o o = = Lo . ' - 1 =
wuuanaedle dalunsol Logistic Regression AN coefficients azLiNUanNUTuIULAINT
Wasuwlaslupaans (Areeedawdsnny) wainisilasundaslufauilsdass (Anaaasa
- 4 4 . - . A .
wlsBasy) Tnafen coefficients TNINTNGAATLNUBNDNAMANHUENHHAFBN1INUIININ
~
g

- UAPNKAANE: 11AN coefficients Y3RANANANATYIDIATUAN BT LANA

o v

wanauatuns e uanrurniANg1ANge e liaiuisoniaanudalans

o dld 1 o 6 n:i 1 %3
AN U NHNAsaNadNENINTga LAt BuAzdALaL

2. 1A SHAP (SHapley Additive exPlanations)
SHAP 1138n 1783 U18LLLA1a89 Machine Learning 12831A312%491

AMANENLE (Feature) WAALANAINARBLARNENIINNUNEUDILL LAl LazdN19D
AATIZWLLLANADINI17A LN UL AN @89 U Nz Rei a1 A AN NARa N2 1WA
szinn IngBuduazA1uas SHAP Values saeinn3 14 lausn3 shap. TreeExplainer Tasld

° = = [V (Y = o (%
WULANA89NgNITEUTIAY Uazdayanaaal (X_test) T9ULLAIABILAZIDYANAFDLNIAN
N2YUIUNITRFNILULANADIFFANAINN Random Forest WAZNIN1TAIUIDIAT SHAP

v 1

values ANMSULFAAZAN LEINANNLFALTLIANNUAIIUNA 25 Usennanu e lsA1 SHAP values

azyinsuanseanians vl TnansanazuanimniaAn SHAP Values gaganiasudnAnylu

N19ANUUNLTLLNTNNNU
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NISYIARDY WATHAANEURINITIAE

o | ¥

PAIANNENUNTZLIUNTE TN UL LA AN A LNz NeuannsedReiagne e

q

¥

dayaansrsnuzaniiulas Kaggle Immiﬁ’mm%m@@mﬁmLﬂ?ﬁlfmé’wﬁaﬂ@?ﬁu Support
Vector Classification (SVC), Logistic Regression, Random Forest, K-Nearest Neighbors
(KNN), Gradient Boosting, AdaBoost Classifier, Gaussian Naive Bayes, Decision Tree
FeuiaeLan AAzdA U ANENINTDIUAATULUAIABIANAIAIINYNABY (Accuracy) A
AN WHNUEN (Precision) AMA21N T ( Recall A1vaN31 (F1-Score) FanagnEnldannIs
wWiaugunisdseifiudse@nsaanlangsanluuiasdane3nu n1sdndsz@nsninaes

uwuuanaaslulsazdanasiutaauanANLFaTLsTI NI BazNIINANAUAN BN ATY

Tun1ranuunlszinnaruannisednsia memmnﬁﬂmﬁqmwﬁ

4.1 UseRNENINARILLLAIADY
di o o I8 o 1 o a K = a a o 1
WeathuaanseeaiuuaaeslulAazdanesnuuFaunaulsz@nsnaniunudn
WULA1a84 SVC, Logistic Regression a Random Forest ﬁﬁ’]mﬂmgﬂlﬁ’fm (Accuracy)
NINNgADLN 99.48% 1HanA Cross Validation Usznaunudn SVC larngaign uaziien

Precision 99.5%, A1 Recall 99.71%, A1 F1-Score 99.58% #ap1919 17

= a a a ' o a R
AT 17 N@L‘Ll?‘il‘]_lmﬁl‘i_lﬂ’]?ﬂﬁ‘:iLNLL‘]Jﬁ‘xmﬂﬁﬂ’]WIﬂﬂ?’JNluLLm@S’ﬂ@ﬂ@?‘Vlll

Precision Recall F1-Score Accuracy Cross Validation
(5-folds)
SvVC 0.995 0.9971 0.9958 0.9948 0.995
Logistic Regression 0.9976 0.9971 0.9973 0.9948 0.992
Random Forest 0.9976 0.9971 0.9973 0.9948 0.991
Gradient Boosting 0.9892 0.9704 0.9727 0.9844 0.991
AdaBoost 0.995 0.9971 0.9958 0.9948 0.99
Decision Tree 0.9933 0.9971 0.9948 0.9948 0.987
Gaussian Naive Bayes = 0.9976 0.9971 0.9973 0.9948 0.984
KNN 0.9761 0.9761 0.9748 0.9792 0.971

¥

dayatlsznaulsion 25 Aana Avmneng 18
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A1713 18 LL@@Q%@@Z\)’]@LL@%%’ﬂﬂﬁ‘zLﬂVN’]u

0 Advocate

1 Arts

2 Automation Testing

3 Blockchain

4 Business Analyst

5 Civil Engineer

6 Data Science

7 Database

8 DevOps Engineer

9 DotNet Developer

10 ETL Developer

11 Electrical Engineering
12 HR

13 Hadoop

14 Health and fitness

15 Java Developer

16 Mechanical Engineer
17 Network Security Engineer
18 Operations Manager
19 PMO

20 Python Developer

21 SAP Developer

22 Sales

23 Testing

24 Web Designing

WHaN1n199UsLAnnInvasnsazuua1aa9latkanANUTZINNINUAS 25

dszannanu wudn class dawlwnyvinunglignaeausiugi Asnniszney 79-86
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OneVsRestClassifier(estimator=SVC()) classification report
precision recall fl-score  support
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nNUsenau 79 WAANAN precision, recall, f1 score VRNUFATARAETDY SVC Model



OneVsRestClassifier(estimator=LogisticRegression()) classification report

precision

WoHONOUBWNRO®

[Egy
B ®

NRNNNRRRIERBERRR R
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ANLsEnaL 80 WARNAN precision, recall, f1 score MUWAREARAURN Logistic Regression

Model
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OneVsRestClassifier(estimator=RandomForestClassifier()) classification report

precision recall fl-score support
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accuracy .98 193
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weighted avg ©.98 .98 .98 193
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ANUIENAL 81 WARNAN precision, recall, f1 score MUAAZAAIATRY Random Forest

Model
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OneVsRestClassifier(estimator=KNeighborsClassifier()) classification report
precision recall fil-score  support
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AWUIENaL 82 WARNAN precision, recall, f1 score TulsazAa a8t KNN Model
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OneVsRestClassifier(estimator=GradientBoostingClassifier()) classification report

precision recall fl-score support
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nndsenau 83 LAASAN precision, recall, f1 score TuLAAZARAURY Gradient Boosting

Model
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OneVsRestClassifier(estimator=AdaBoostClassifier()) classification report
precision
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nNUsEnau 84 wangA precision, recall, f1 score TusiazAanga89 Ada Boost Model
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OneVsRestClassifier(estimator=GaussianNB()) classification report
precision recall fl-score
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Bayes Model
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OneVsRestClassifier(estimator=DecisionTreeClassifier()) classification report
precision recall fl-score  support
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ANUIENAL 86 WARNAN precision, recall, f1 score TULARZARAURY Decision Tree
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S o @ 1

4.2 Usz@nsnwaasAuansuesNdIAIABNITALUNLSELAN (Feature Importance)

o

4
o o [ ]

. o y ao Ha o o vm
AuanmurndrAnylutadeyaresanudseilnesn (word) NagludsedRte W

a u

]

oaa

neudAlandenasanisauuniszinneu Inaagldasn1sunnuans s gAY 2

|
= 1%

Laun nsunan Coefficients tnalddayangnannnmdansmuedos TF-IDF ¥an19aing

a u

o)
=)

¥

WULRANABY Logistic Regression aﬂﬂuﬁ@H@mQﬂﬁmﬁﬂH@aﬂ WaZUNNNNIAT Coefficients
uassnalunsvlaesn Nzt pand Ayian luusiazlasnnaudesdifuannuan
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85

law: 2.24
legal: 1.63
advocate: 1.63
court: 1.30

Ib: 0.97
mumbai: 0.69
solapur: 0.62
criminal: 0.59
chennai: 0.58

matters: 0.56

T
0.0 0.5 1.0 1.5 2.0
Coefficient Value

nlsznay 87UAANAN Feature Importance 184 Class 0 — Advocate



advocate
hr
developer
law

legal

java

power
maharashtra
engineer
arts

python
data
university
testing
manager
mechanical
team
details

skill

web

0.000

ANLsEnal 88 WaMIAT SHAP 284 Class 0 — Advocate

86

0.010
mean(|SHAP value]) (average impact on model output magnitude)



arts:

karate:
painting:
days:

total:
championship:
workshop:
council:
ghatkopar:

ymca:

87

2.81

113

1.09

1.06

0.89

0.85

0.83

0.81

0.72

0.72

0.0 0.5 1.0 1.5 2.0 25
Coefficient Value

nwlsznau 114 wamsAn Feature Importance a4 Class 1 — Arts



arts
developer
maharashtra
marketing

hr

java
engineer
monthscompany
testing
commerce
python
exprience
data
manager
mechanical
sales
drawing
power
advocate

mumbai

0.0000
mean(|SHAP value|) (average impact on model output magnitude)

88

nwusznall 89 LaAIA1 SHAP 984 Class 1 — Arts



89

automation: 2.35
test: 2,12
testing: 1.87
selenium: 1.05
tester: 1.04
manual: 0.80
qtp: 0.79

box: 0.76

and: 0.72

mahindra: 0.63

F T T T T

0.0 0.5 1.0 1.5 2.0
Coefficient Value

NNU9znall 90 WARNAN Feature Importance 184 Class 2 — Automation Testing



automation
testing
release
test
manual
cases
developer
involved
engineer
project
integration
python
data
selenium
hr

design
smoke
java

case

power

0.000

NWUeEnau 91 WAANAN SHAP 284 Class 2 — Automation Testing

90

0.007
mean(|SHAP value]) (average impact on model output magnitude)



blockchain:
ethereum:
smart:
corpcloud:
lit:
technology:
virtual:
nashik:
class:

contracts:

91

3.19

1.52

1.12

0.77

0.74

0.74

0.73

0.70

0.68

0.66

T
0.0 0.5 1.0 15 2.0 2.5 3.0
Coefficient Value

nWUIENaL 92 WARNAN Feature Importance U84 Class 3 — Blockchain



blockchain
ethereum
smart
solidity
wallet

api

limited
technology
private
nodejs
developer
java
women
testing
polytechnic
framework
languages
monthscompany
mysql

hibernate

0.000
mean(|SHAP value|) (average impact on model output magnitude)

ANUTZNOU 93 LAAYAN SHAP 84 Class 3 — Blockchain

92




93

analyst: 1.54
business: 1.49
cash: 1.43

the: 0.91
requirement: 0.85
functional: 0.84
test: 0.82

report: 0.81
excel: 0.79

maintain: 0.78

T T T T T T T

0.0 0.2 0.4 0.6 0.8 1.0 1.2 1.4
Coefficient Value

N WUIEnau 94 WAANAN Feature Importance U84 Class 4 — Business Analyst

16



analyst
business
developer
provide
functional
report
members
mis
python

hr
engineer
complete
prepare
java

team
data
details
maharashtra
power

testing

0.000 0.001 0.002 0.003 0.004
mean(|SHAP value|) (average impact on model output magnitude)

nnleEnau 95 WAANAN SHAP 284 Class 4 — Business Analyst
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civil: 3.15

site: 1.34
construction: 1.15
engineer: 1.10
subcontractors: 0.70
autocad: 0.62
project: 0.61

villa: 0.58

qc: 0.53

al: 0.52

0.0 0.5 1.0 15 2.0 2.5 3.0
Coefficient Value

nlaznal 96 WARIAN Feature Importance 184 Class 5 — Civil Engineer



engineer
site

civil
construction
developer
autocad
java

testing
power
python
mechanical
electrical

hr

details
materials
data
maharashtra
project

arts

team

0.000  0.001  0.002  0.003 0004 0005 0006  0.007
mean(|SHAP value|) (average impact on model output magnitude)

nWUIEnaU 97 WAAYAN SHAP 84 Class 5 — Civil Engineer



data:
learning:
than:
less:
science:
machine:
python:
year:
analytics:

deep:

97

2.17

1.92

1.58

1.56

1.55

1.52

1.41

1.29

0.92

0.86

0.0 0.5 1.0 1.5 2.0
Coefficient Value

NWUIENAL 98 WARIAN Feature Importance U8 Class 6 — Data Science



data
python
learning
analytics
machine
developer
science

hr
maharashtra
java
testing
decision
year
engineer
analysis
exprience
project
mechanical
power

tech

0.000

AWUsEnal 99 WamIAT SHAP 284 Class 6 — Data Science

98

0.012
mean(|SHAP value|) (average impact on model output magnitude)
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database: 2.67
oracle: 1.46
backup: 1.13
databases: 1.08
installation: 1.00
rman: 0.98
administrator: 0.94
server: 0.93

sql: 0.85

servers: 0.80

T
0.0 0.5 1.0 1.5 2.0 2.5
Coefficient Value

NWUILNAL 100 WARNAN Feature Importance U8 Class 7 — Database



installation
backup
administrator
databases
dba
database
recovery
developer
engineer
creating
java

linux
oracle
testing
server
servers
monitoring
issues

11g

windows

0.000
mean(|SHAP value|) (average impact on model output magnitude)

100

ANWUTZNOU 101 WARNAT SHAP 2849 Class 7 — Database



101

devops: 1.68
shell: 1.30
servers: 1.05
build:
cloud: 0.
project: 0.
scripts: 0.
nendrasys: 0.

the: 0.

months: 0.

T T
0.0 0.2 0.4 0.6 0.8 1.0 1.2 1.4 1.6
Coefficient Value

nnleEnal 102 WAANAN Feature Importance 184 Class 8 — DevOps Engineer



devops
send

shell

ga

ops
deploying
hands
mysql

sure
engineer
core
automation
team
servers
java
developer
deployed
python
applications

mechanism

0.000

AWLIENaL 103 WAAYAN SHAP 284 Class 8 — DevOps Engineer

102

0.012
mean(|SHAP value|) (average impact on model output magnitude)
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net: 3.16

asp: 1.98

dot: 1.83

pune: 0.90
mvc: 0.88

sql: 0.77
developer: 0.74
server: 0.69
jquery: 0.66

visual: 0.62

T
0.0 0.5 1.0 15 2.0 2.5 3.0
Coefficient Value

nWU9ZNAL 104 WAANAN Feature Importance U Class 9 — DotNet Developer



asp
dot

visual

net
developer
javascript
jquery

java

mvc

python
maharashtra
sql
framework
engineer
bootstrap
server

hr

entity
testing

mysq|l

0.000

AWUIENAL 105 WARAIAT SHAP 184 Class 9 — DotNet Developer

104

0.007
mean(|SHAP value]) (average impact on model output magnitude)



105

etl: 3.26
informatica: 2.44
talend: 1.23
yes: 1.09

data: 1.09

unix: 0.92
mappings: 0.85
feeds: 0.83

sqgl: 0.81

warehouse: 0.72

T T
0.0 0.5 1.0 1.5 2.0 2.5 3.0
Coefficient Value

NWUIEnal 106 WAANAN Feature Importance 184 Class 10 — ETL Developer



informatica
etl

unix
warehouse
data
mappings
transformations
developer
java

sql
transform
mapping
processed
engineer
scala

team

work
testing
center

load

0.000
mean(|SHAP value|) (average impact on model output magnitude)

NINLIZNAL 107 WaRANAT SHAP 984 Class 10 — ETL Developer

106




107

electrical: 3.54
maintenance: 1.18
weeks: 0.95
power: 0.91
fighting: 0.81

fire: 0.79

plant: 0.74

It: 0.71

bhopal: 0.63

panels: 0.62

T
0.0 0.5 1.0 15 2.0 2.5 3.0 35

Coefficient Value

nnznall 108 WAPNAN Feature Importance 184 Class 11 — Electrical Engineering



power
electrical
plant
maintenance
protection
line

testing

It
distribution
engineering
developer

hr

industrial
python

java

control
maharashtra
installation
engineer

mechanical

0.000

AWLeEnal 109 WAANAN SHAP 284 Class 11 — Electrical Engineering

108

mean(|SHAP value|) (average impact on model output magnitude)



hr:

mba:
details:
dbms:
sns:
tamil:
nadu:
monorail:
payroll:

finance:

3.72

1.03

1.01

0.89

0.77

0.69

0.69

0.64

0.62

0.61

109

T T T

2.0 2.5 3.0
Coefficient Value

A LaEnau 110 WAANAN Feature Importance 184 Class 12 — HR

3.5



hr

details
maharashtra
education
developer
skill
engineer
python
data
testing
team
company
java

mba

arts

power
description
project
mechanical

manager

0.000

110

nwleenau 111 WAANAN SHAP 284 Class 12 — HR

0.030
mean(|SHAP value|) (average impact on model output magnitude)
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hadoop: 3.71
hive: 2.38

data: 1.77
sqoop: 1.34
hdfs: 1.33

the: 1.14
mapreduce: 1.06
spark: 1.05
cluster: 0.91

hbase: 0.60

T
0.0 0.5 1.0 15 2.0 2.5 3.0
Coefficient Value

NWUILNAL 112 WARNAN Feature Importance U8 Class 13 — Hadoop

3.5



scala

hive

hdfs

sqoop
spark

data
hadoop
mapreduce
pig

cluster
cloudera
scripting
developer
tables
flume

big
distributed
apache
analytics

java

0.000 0.002 0.004 0.006 0.008 0.010
mean(|SHAP value|) (average impact on model output magnitude)

NNLILNAL 113 WARANAT SHAP 184 Class 13 — Hadoop
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fitness: 2.99
nutrition: 1.69
gym: 1.33
health: 1.19
columbia: 0.76
gogii: 0.74

spa: 0.59
nutritionist: 0.59
science: 0.58

hotel: 0.53

0.0 0.5 1.0 1.5 2.0 2.5 3.0
Coefficient Value

nWU9ENAL 114 WAANAN Feature Importance U8 Class 14 — Health and fithess



fitness
health
developer
nutrition
sports
engineer
arts

hr

leader
project
testing
java

group
ensuring
manager
monthscompany
mechanical
college

exprience

python

0.000
mean(|SHAP value|) (average impact on model output magnitude)

ANLUTZNBL 115 WAANAT SHAP 83 Class 14 — Health and fitness

114




115

java: 4.78
developer: 1.76
jsp: 1.52

J2ee: 1.28
hibernate: 1.27
spring: 1.26
serviet: 1.18
ajax: 1.08
amravati: 0.76

javascript: 0.70

0 1 2 3 4
Coefficient Value

NNWLIENAL 116 WAPNAN Feature Importance U8 Class 15 — Java Developer



java
developer
hibernate
servlet
spring

jsp
javascript
ajax
eclipse
j2ee
technology
mysq|
databases
engineer
python
oracle
development
core

hr

data

0.000

NINLIZNAL 117UaANAY SHAP 284 Class 15 — Java Developer

116

0.030
mean(|SHAP value|) (average impact on model output magnitude)



117

mechanical: 3.02
engineering: 1.43
plastering: 1.21
machine: 1.11
design: 0.98
student: 0.88
president: 0.88
association: 0.88
cnc: 0.82

cad: 0.78

L T T T T T T

0.0 0.5 1.0 1.5 2.0 2.5 3.0
Coefficient Value

N Wlsenau 118 WAANAN Feature Importance 184 Class 16 — Mechanical Engineer



mechanical
student
pneumatic
developer
design
cement
project
testing
machine
java
engineer
engineering
finish

2018

data
python

hr

actuator
conducted

mesa

0.0000

AWLTENAL 119 WAPNAN SHAP 184 Class 16 — Mechanical Engineer

118

0.0200
mean(|SHAP value|) (average impact on model output magnitude)



network: 2.27
cisco: 2.27
security: 1.90
configuration: 1.24
firewall: 1.15
devices: 0.75
firewalls: 0.73

asa: 0.72
switches: 0.67

vpn: 0.64

F T T T T

0.0 0.5 1.0 15 2.0
Coefficient Value

AWLIENAL 120 WAANAN Feature Importance U84 Class 17 — Network Security

Engineer



routing
configuration
routers
firewall
security
switches
switching

lan

engineer
developer
vpn

firewalls
cisco
installation
network
java
troubleshoot
ssl

testing

hr

0.0000
mean(|SHAP value|) (average impact on model output magnitude)

nnwleEnau 121 WAANAN SHAP 84 Class 17 — Network Security Engineer

120




121

operations: 1.90
the: 1.83
ensuring: 1.09
and: 1.06
services: 0.83
all: 0.81

with: 0.80

for: 0.78

team: 0.78

ges: 0.75

k T T T T T T T
0.00 0.25 0.50 0.75 1.00 1.25 1.50 1.75
Coefficient Value

NWUsEnau 122 WAANAN Feature Importance 194 Class 18 — Operations Manager



tat
external
timely
ensuring
satisfaction
informing
procedures
operations
distribution
leader
phone
details
checks
coordination
adherence
monitored
developer
followed
mis

minimizing

0.000

nnleenau 123 WAANAN SHAP 284 Class 18 — Operations Manager

122

mean(|SHAP value|) (average impact on model output magnitude)



123

and: 1.48

management: 1.26

report: 1.12

project: 0.91

responsible: 0.89

sla: 0.88

pmo: 0.86

senior: 0.86

for: 0.76

the: 0.71

T
0.0 0.2 0.4 0.6 0.8 10 1.2 1.4

Coefficient value

NINWLILNAL 124 WARNAN Feature Importance U84 Class 19 — PMO



transition
pmo
responsible
operations
costs
resource
process
business
monitor
internal
stakeholders
developer
identify
sharing
testing
documentation
python
quarterly
timely

changes

0.000

124

nwusznall 125 LaAIAN SHAP 984 Class 19 — PMO

0.006
mean(|SHAP value|) (average impact on model output magnitude)



125

python: 3.65
pune: 1.64
django: 1.21
developer: 1.09
completed: 1.06
organisation: 0.99
m3: 0.93

rest: 0.89

june: 0.84

mysql: 0.80

L T T T

T
0.0 0.5 1.0 15 2.0 25 3.0 35

Coefficient Value

NWUeEnau 126 WAASAN Feature Importance 184 Class 20 — Python Developer



python

developer
django
numpy
mysq|

git

java

pune

api

rest

2016
computer
technical
data
engineer
hr

agile
testing
development

university

0.000
mean(|SHAP value|) (average impact on model output magnitude)

nWLIENAL 127UuAAYAN SHAP 284 Class 20 — Python Developer

126




127

sap: 3.33
bo: 1.45

abap: 1.24

hana: 1.17

bods: 0.95

webi: 0.61

universe: 0.56
akzonobel: 0.51
springernature: 0.51

reports: 0.47

T T
0.0 0.5 1.0 1.5 2.0 25 3.0
Coefficient Value

NNWLTENAL 128 WARNAN Feature Importance U8 Class 21 — SAP Developer



sap

issues
developer
application
tables
reports
engineer
team

java
project
created
python

hr

bi

testing
users

arts

36

design

power

0.000

128

mean(|SHAP value|) (average impact on model output magnitude)

NINLTZNAL 129 WARNAT SHAP 284 Class 21 — SAP Developer



129

sales: 3.59
manager: 1.35
leads: 1.16
marketing: 1.07
cricket: 1.03
dealership: 1.01
honda: 1.01
calling: 0.89
bajaj: 0.76

ms: 0.76

T T T T T T T

0.0 0.5 1.0 15 2.0 2.5 3.0 35
Coefficient Value

NWLTENAL 130 WAPNAN Feature Importance U8 Class 22 — Sales



manager
sales

calling

ms

cold

team

marketing
month

lead

developer
engineer

office
monthscompany
maharashtra
generating
cricket

hr

java

testing

data

0.000
mean(|SHAP value|) (average impact on model output magnitude)

nwUsznal 131 LaAIAT SHAP 994 Class 22 — Sales

130




testing:

test:
android:
transformer:
engineer:
windows:
pch:

quality:
check:

electronics:

131

2.39

1.76

1.48

1.31

1.22

112

1.10

1.07

1.06

1.00

F T T T T

0.0 0.5 1.0 15 2.0
Coefficient Value

NWUsEnau 132 WAANAN Feature Importance 184 Class 23 — Testing

2.5



testing
engineer
quality
power

test
electronics
maharashtra
developer
java
manual
command
python

ssC

panel

data
project
mechanical
measure
business

plans

0.0000

132

NWUeenau 133 WAANAN SHAP 28 Class 23 — Testing

0.0200
mean(|SHAP value|) (average impact on model output magnitude)



133

allahabad: 1.71
bootstrap: 1.53
web: 1.41
salary: 1.19
php: 1.17

ui: 1.04
synopsis: 1.04
photoshop: 1.01
used: 0.99

designer: 0.99

T T
0.0 0.2 0.4 0.6 0.8 1.0 1.2 1.4 1.6
Coefficient Value

N 9znal 134 WAPNAN Feature Importance 184 Class 24 — Web Designing



designer

bootstrap

jauery

web
developer
photoshop
html5
based

php
website
maharashtra
engineer
java
friendly
notepad
dot

online
data

center

python

0.000

nUeEnal 135 WAANAN SHAP 184 Class 24 — Web Designing

134

mean(|SHAP value|) (average impact on model output magnitude)
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5.1 #gUnan1siae

NANITNARDINUINLLLANAR Support Vector Classification (SVC), Logistic
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