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Candidate Screening from Resume Using Machine Learning

Nongnuch Satheankittiroil*, Vera Sa—ing2

Abstract

Personnel are considered the most valuables resource of an organization. Therefore, selecting suitable
personnel who have skills and abilities for the position are important. Currently, recruiters typically review job
applicants by reading the resumes that can lead to errors and delays especially when faced with large number
of applications. To enhance efficiency and speed up the selection process, this research aims to study and
create a machine learning model for screening the job applicants from the main topics filling in the resumes by
using supervised machine learning and natural language processing techniques. This research experimented and
compared the performance of 8 models that consist of Support Vector Classification (SVC), Logistic Regression,
Random Forest, K-Nearest Neighbors (KNN), Gradient Boosting, AdaBoost Classifier, Gaussian Naive Bayes, and
Decision Tree by using dataset from public sources. This dataset consists of job types and resumes that have a
total of 962 rows and 2 columns. From the experimental results, this research proposed the trained SVC model
that represents the best model from an accuracy score of 99.4% and a cross-validation score of 99.5%. In
addition, our study identifies important features for job classification, such as the term "developer" having the
highest feature importance score of 0.0119. From these results, the proposed SVC model will suggest the

recruiters to select the suitable candidate efficiently and accurately with suitable job.

Keywords : Resume Screening, Machine Learning, Natural Language Processing, Multi-Class Classification
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Data Acquisition

Exploratory Data
Analysis

Data Preparation
Testing Dataset

Build Models

Training & Cross

Validation Models

Evaluation

Feature Important
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Yumauil 1 : N1579UTIMTeYA (Data Acquisition)
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fasins faiufideddlddeyann kaggle.com Faufiu Public Dataset o Updated Resume Dataset [2] ul#lusuide

11 gsluyndayausznoume Usewnnau (Category) har Usyinge (Resume)

M3 1 fMedreynteya

1 df = pd.read_csv("/co
2 df.head(10)
Category Resume @
Data Science Skills * Programming Languages: Python (pandas... m
Data Science Education Details \rinMay 2013 to May 2017 B.E...
Data Science Areas of Interest Deep Learning, Control Syste...
Data Science Skills 40¢ R a0¢ Python a0¢ SAP HANA al¢ Table...
Data Science Education Details \\n MCA YMCAUST, Faridab...

Data Science SKILLS C Basics, 10T, Python, MATLAB, Data Sci...

Data Science Skills a0¢ Python 40¢ Tableau 40¢ Data Visuali...

Data Science Education Details \r\n B.Tech Rayat and Babhr...

Data Science Personal Skills a0¢ Ability to quickly grasp t...

Data Science Expertise 400 Data and Quantitative Analysis &...
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VURBUN 2 : N1FATILVITEYALTIF15I3 (Exploratory Data Analysis: EDA)

JupeusislUAon1svhanudladudeys Jamuindeyaivunm 962 wan 2 Aedul vlindoyauuu objective way
LaifiA1dne (Missing Value) #31uudssinnamuiiliigniuianun 25 Ussin nsuanwnugisnauwanidnuiulse iage

YDIFARTUTLLNNIIU AININT 4

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 (=}
dtype: int64

AWM 2 aTvdeUTWINYeYa FilaTauA Lare1I

ANA 3 BERIFIUIUYTEANIUN Laled T
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Python Developer
Web Designing

DevOps Engineer

Testing
Hadoop

Blockchain

Java Developer
ETL Developer

Operations Manager 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

Al 4 uugfrsnauuanssulseiRgeveasazyssamau
wuin 3 SufuussendiiiusSadesnniian loun
1. Java Developer (84 U5¢iRe0)
2. Testing (70 Usz3siein)

3. DevOps Engineer (55 Usy3Ren)
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Words Commonly Used in ETLDeveloper Resumes
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E;&Mlamcm kill Details :-Tata Consultancy:

“solirce system’ WMC 8 Providing |1n,- i

Unit testi n owe
m‘wﬁ 5 ﬁ’]ﬁl‘fljﬂaﬂﬁqﬂu resume VBIUTELAVIU ETL Developer

erant (rar\s'forma\:)on

monthsCompany Detalls

Words Commonly Used in Advocate Resumes

s e D | : L] anua"..vc sankMumba 1 unxversuy
£ Microsof € fiino I y

Phternet
; Chenna1

agreement

T i e
Advocate UL Ty

advisor

wie . Criminal

;= _Tribunal Experience

,V”§Un1ver51ty

company District

wad Plae 1k
Civil

High. Court

Guwahat i

Hi

Law ad
Pune Maharashtra Gauhati High

university January Proficient

Account

conditions

Expriénce Less (i anuary

Nagaon Paper
Chandigarh litigation

i 6 Anlduseiianlu resume Ye3UsEIANIIU Advocate
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Words Commonly Used in DataScience Resumes

jeveloped var rn J classification

“'VPQT‘ﬁQWJL . Algorithm g 1o A L) lesrnirg Algorith
a SAkP Il-IANA
5 = scikit learngras
Experience : ' Analytics &

Jower

model
natural language

Skills a

by?ig§§§‘hw“

trained

Da m‘u'\i odelli ng
* Knowledge

months Python espon51b111t1e5 a

=X "encem[ess

Sentlment Analys S

el DAt 3

Al 7 Anldusenantu resume 183UsEIANIIY Data Science

WangEDATIUTTENEMSANRAEnS Weagdwiudisnystulseifde uasnisnsyaieims TneliswaziBendall

count vaneis Sruauteyatmuslugadeyaiiie 962 s1n13

mean WNeEs AadUDIANENIUsE AR 3,160.36 AN

std BuNeD f-ﬁﬁLﬁ'&NL‘uum1msgmﬁuaqmmmmixi’asiaﬁa 2,886.53 AN
min #1889 ANNEIUTEIRge 'éy’uﬁqmﬁa 142 M

25% U809 25% VeaUsyiRgalaugItenIusawnnu 1,217 A1
50% U89 50% VeaUsyIRgaiaueIteNIINIaWINAU 2,355 A1

[

75% uneda 75% veausyiRgadniuenitesninusewinnu 4,073 M

max e AnueUseTRdeiiniia 1nAD 14,816 A1

Yunauil 3 : N1swseuteya (Data Preparation)

luduneuniswisudeya fIeldldyadeyavesuseifte uasussanauiiiiunsyi abelling Foufosudn

niuhyadeyaiiinidignsuiunisussananan1wsssuyd (NLP) tnefivuneudsioluil

1.

auAnng o AldddgluuseiRgeson WU URLs, RT, cc, hashtags, @, 1onusiilAy Lagteeing

o
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11519 2 uansleyavdsauilidify uagdisnuysiiaveen

1 df1['cleane
2 dfl.head()

Category Resume

Data Science Skills * Programming Languages: Python (pandas...

Education Details \r\nMay 2013 to May 2017 B.E...

Data Science

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

Data Science Skills all¢ R all¢ Python a0¢ SAP HANA al¢ Table...

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

me'].apply( x: clean_function(x))

cleaned_resume

Skills Programming Languages Python pandas num...
Education Details May 2013 to May 2017 B E UIT...
Areas of Interest Deep Learning Control System...
Skills R Python SAP HANA Tableau SAP HANA SQL ...

Education Details MCA YMCAUST Faridabad Haryan...

2. wasdayalu Category anndeauliiludeyadias Ingldr1ds Label Encoding itelviumasnuinmsy

naneuAaNE NAUATASIMUUIIaINITILUNUTELYVIaNaAana (multiclass classification model)

A1579 3 LARSTEAANALATTRUTTANAU

0 Advocate

1 Arts

2 Automation Testing
3 Blockchain

4 Business Analyst

5 Civil Engineer

6 Data Science

7 Database

8 DevOps Engineer

9 Dot Net Developer
10 ETL Developer

11 Electrical Engineering
12 HR

13 Hadoop

14 Health and fitness
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7195714 3 (A1)

15

16

17

18

19

20

21

22

23

24

Java Developer

Mechanical Engineer

Network Security Engineer

Operations Manager

PMO

Python Developer

SAP Developer

Sales

Testing

Web Designing

3. Tokenization ABnszulrunIsUstanImeaniduniloidn q dunou

sonumbevuadnfildnuldnazdienanisuseaiana e NUULIENLIAET

W3gnIlna

UllanudAgyillosainazuadoya

y IAumantanunse

drglunsyhanudilaviunvesdoninuuarlunisadisuuuinass NLP 20ty @ stop words #se A17ilaause ¢ wakl

! fag ¢ ’ o« y < y < )« P Y gy SA = v v
FADAMUNUIYDDN WU ‘nor’, ‘me’, ‘were’, ‘her’, ‘more’, ‘himself’, ‘this suamﬂamsamﬂimmmaaﬂawmaaﬂizmama

Wlin13vhausIngatu gavinevi Lemmatization wsen1sidsugudleglusuivvvesdnaiuniemnientesi 1

dialieglusindwiiifieniu 91uauiivin Lemmatize wd39g# 895 A

4. Toleridu FreqDist WieaAnudvasAviaualutonINy wudAnI1 Experience H1niign 911U 3,829 ASS

9N 8 MmN igalulse

MSDS CS SWU @2024

'Exprience’, 3829),
‘months', 3233),
'company', 313@),
'Details’', 2967),
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'Project’', 18e8),
'project', 1579),
'6', 1499),

‘data', 1438),
‘team', 1424),
'Maharashtra', 1385),
‘year', 1244),
'Less', 1137),
'January', 1086),
'using', 1e41),
'skill’', 1018),
'Pune’, 1016),
'Management', 10180),
'sQL’, 990)]
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Word frequency that be cleaned

Exprience months

291 9 Word Cloud wasiinunnfianiuuseifgendsaudiliddayoan

YUABUN 4 : NTATUUUTIa99 (Modeling)

nyaeutoyalindlaidayaazenn nieuhludinsyuaunisilineusy Mnduwlasdorrudunnmesiias

seendu 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 2815 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_resume'][100]

'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 2015 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 *

ANl 10 LAANEAANARULATUAIINAINNAZANA

TF-IDF %38 Term Frequency - Inverse Document Frequency [3] LﬂuLﬂnﬂﬁﬂﬁﬁmsm'}aqﬁﬂszﬂawaqﬁw
nelulselon Lazionans) Wundnlagazlidrdrduresiineluenaisunldiinszsilseneume & 2 esruszneu
pefufe Term Frequency (TF) wag Inverse document Frequency (IDF) Famseuauenvenia TF wag IDF T fivane
sUuvy Asfidenundaue o ﬁﬁ%mﬂugﬂLLUUﬁug’lu*‘UaWzﬁaa&m (winsdwaluguuuudu q fuftaedidnvuy

AANYARINU)
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Term-Frequency (TF) dnddnlnugnyaisegues o Twenaistu q ssdanudululdasinfmiuiiany
WWendesiulanudAgedona1siu q un fsEunis 1

uuvIRUY o Tuenais

TF (vosdn « nila) =

FIUIUVBIAN UL LU NENS

Inverse Document Frequency (IDF) lunisarwamtimsin (weight) AnudAyvesusazAlagagminuiae
evee q (luvane 9 Lenans) awdAl IDF a1 Gsusuenidwmaiiuarliaunsofueiganuvesena siAmaiiuusng
agaanuIlad A1 IDF ansarwIndlarisaunis feauns 2

FUIUBNANTNINUATN TN TN

IDF (wosdn 9 wik) = log( - - ) @

uuenaITA 9 dulsngey

WHatNSANUI @R IUNNTINAY 157192 lRNNSAUIN TF-IDF sasaluil

TFIDF =TF x IDF (3)

a o '

Aideuvagadoyasendugndoyadiniunisiinuuudingss (training dataset) 80% waryadayadmsuns
NAFOULUUTIa8Y (testing dataset) 20% random state 111U 42 LagasanuudIasoUsziduyussa@nsaimaiy

gﬂéfml,l,asmwmmww 8 wuu bawn

1. Support Vector Classification (SVC) syazsinsuaainmesainlaiasinauioniiseezasu (margin) 9
Junsueniduluderananlndiign widesnisidenlaesimauiiinssezvauseninmaaliasdn namsua1uand

syuzvaUTinLarsruzvauUNllR ¥9 Margin lutsoanidu 2 UsennAe Soft Margin uay Hard Margin [5], [6], [7]

2. Logistic Regression tJuluinanisiSeudaasiaios (Machine Leamning) Usziann1ssuunyszinm
(Classification) filddmsuduundeyasenduassnana lagldaunisdadulunsuszanarnuizduiideyaszeylu

rardlanananils azegszndng 0 s 1 dedife Wlade Awaldsias awnsauszgndldiulymnnssuunyszuamls
vianvany

3. Random Forest A @519LUUINA09970 Decision Tree %A1y ¢ WUUINADIE0Y 9 lnguAazlUUI1a8998
165U data set lalinilouu §9.8u subset vo1 data set fianun aouii prediction Al¥LAay Decision Tree 1
prediction woslAsueasiu uazAUIING prediction #1813 vote output 71 gidenlae Decision Tree unilan (n3dl
classification) §1 Decision Tree wsiazwuus1aasly Random Forest faindu weak learner nanafeidunuusiassdilyl
wailug usnethienusiay Decision Tree 1% prediction $aufu fAagliuuusiaesmufifiannuns wazwugwinndd

Decision Tree 7% prediction WuuLAy? ¢ [8]
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4. K-Nearest Neighbors vi3ai3enge 31 KNN lddmsuiuundeyaesnduaesnmanseninnii lneldisnis
mennieuduilingian Jeyaeuluiilnananvesteyalniazgnlminiieivunaatavesdeyalval mniiieuthui
Indign K i vestoyalvufinanadeniu luna KNN azduundeyalmililuaaaiu mniieutuilndiign K 67 ves

Joyalnifinanasiaiu luea KNN azduundeyalmililuaaranifdunuiieouduminiian

5. Gradient Boosting L Juluinanisi3euiveaiadesuszian Ensemble Leaming isauluinagos (Weak
Learners) Sruausnndngeiuiioadslumaiiiusydnsamanniu Gradient Boosting hemilasaddunadestuni
avluna Inelueagosusiarlanvenenenuliupnnuiananvediaaneunth Falunagesusaslunaazadiatun
Tneld Loss Function iitenanufananavedlumanounii anduasusuiminvedunadestusitelimufianain

anal

6. AdaBoost Classifier #ann159191uazinilauiu Gradient Boosting Wan14AUNI515USUUMTNA9814
Uoya wag AdaBoost classifier xUSutmiinsetadeyaluyntoyanisin (Training Set) wislviauRanainveslinag
govanat lnusegndeyanlunadesinuneianainziiuminiiudy luvaeimedstoyailunagasyiuiegniesas

Tumdnanas

7. Gaussian Naive Bayes Lﬂmwuﬁwaaﬁmsﬁ'auif‘uamfﬁaa (Machine Learning) Pdlun1ssuunUssinnves
Joyalagldndnnisves Bayes Theorem wazusziiiuainuurazidu (Probability) ﬂuaﬁﬂmaﬁummaﬁ’ummmé’wms
(Features) Tosdayatinnd (input data) wuuS1a8s Gaussian Naive Bayes tuannsaldlumsduuntssamuosdoyaiis
anudnwaziduiuUsgu (Continuous variables) TnefifimsaundinAimnaniiszduresnadnvasluidazaaaing

N9£A18WUU Gaussian (Normal Distribution) Faduiiunue9A13n "Gaussian” Tuteavasuudianadl

8. Decision Tree lduwiAansdnuundeyauuudulil (Tree-based Classification) lngagizusuiisinvenulsl
31nTuaziiansun feature vastoyausiaz Training Set MnA1v04 feature Wudulunudeulafidivun Aawidng

Asfuanv iy Fanszuiunisisdduselusuninasislulivewiuld dduliinzuansdnanavesdoyatiu

Fnnadsldimatin OneVsRestClassifier Wumanadasvad Classifier lulausi3 scikit-learn AldiiasunUseLnm
WUU multi-class Ingasanuuinaesgasneniudmiuusiasaana wu lunuidediyndoyanivun 25 Aad Jauuudiaes
OneVsRestClassifier 92a319bUUI1a09808 25 LUUINEDY wiazklUIaadRsImunlseneingseandunaiaLfien

QAN 5 : NMSNadaUUsEANSANUBaLUUINGDd (Cross Validation Model)

N32UIUNSIIULeT Cross Validation wuu K-fold azuisgadeyaeenidu K un ynaziii 9 fu antiuldyn

gosnilayndniunsiinuuudtaeuasliyndesiiodmiunaaeunuuinasdn K ass degiatu

o Tunsveasensiwsn 14 fold 91 1 dusuneagounuusaas el fold 71 2, 3, 4, kay 5 @ msulnausy

wuU1aes MNTUIEWIMAIANAAIAAEBUTEMUUTIaBIINTeYaly fold 71 1
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o lun1snnaninseNgsd 9 fold 1 2 d1USUNAFDULUUINADY tUIUEALY fold 7 1, 3, 4, way 5 @1USU

Aneusuuuuiiaes MndulswnmanuAanndeuvesuudassnteyalu fold 7 2

MgnszuIuMsiiianun 5 s lngduidenyagesdmiunaaauluusazais Armnuaaiamdeuvediuunges

LAY 5 AST L TUAIAIIUARIAARDUVDILUUIIADITLITITULDS

‘ All Data ‘

‘ Training data ‘ ‘ Test data ‘

‘ Fold 1 H Fold 2 H Fold 3 H FoIdA‘ Fold 5 ‘\

spiit1 | Fold1l | Fold2 | Fold3 | Fold4 || Folds |

spiit2 | Fold1l || Fold2 | Fold3 || Fold4 | Folds |

Spiit3 | Fold1 | Fold2 | Fold3 | Fold4 | Fold5 |
|

Split 4

> Finding Parameters

Fold1 | Fold2 | Fold3 || Fold4 | Fold5 |

Spiit5 | Fold1 | Fold2 | Fold3 | Folda || Folds |/

Final evaluation ﬂ Test data

ANA 11 NFEUIUNITIIN91UVBY Cross Validation wuu K-fold [4]
QPUABUT 6 : N5UsELUL VUGS (Evaluation)

lunsusziliunanismaaesnisdansealinsanuseiRde ieluTouiisulssansnmusawuuinaswing o 7

v
LY o

Tlunsveaes {3deidonld A1 Accuracy, fn F1 score Wudiitanisussiliunaveswuusias 8nvisld Cross

v
o o

Validation Lwuu 10 fold tioUsziliumANLAaIARBUYOIRITIAAN ¢ LU accuracy, precision, recall, kag F1 score

neey
® Accuracy 8AT1EIUYRINITINIUNETIgNABIIIMNARBNSINUIETILA IAEAILINAIN
Accuracy = (TP + TN) / (TP + TN + FP + FN) (@)

® Precision 8nsd@mvBIMTINENgNABoNsIIenmueTlura1aly 9 lneduiuain

Precision = TP / (TP + FP) (5)
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® Recall é’m5'1a'awUEJnmsﬁmﬂﬁgﬂﬁawia%au“aﬁﬁﬁy’wmﬁLﬂuﬂmaﬂu’u 1 IngAIWInAN
Recall = TP / (TP + FN) (6)
® F1 score ANAABKUU harmonic mean 521319 precision tag recall lngAuiian
F1 score = 2 * (precision * recall) / (precision + recall) (7)

Yupauil 7 : MIMAMENYENdAy (Feature Important)

1% [

finUsvisenadnuaznddglugntoyavesuideinensin q Neglulseinge wensiuidmlandasionis

1)

= [

IuunUsziamaudasihludnsdansesfainselutu Inevitnisasrduna Random Forest Inglddayaiignaria

U Y

[ [

AENuYAIEAY TF-IDF anniluiinluiuudtaeseyadeyaiildlunisseus (Training Data) udiAuiauaaud1Aey

7

(Feature Important) Wuanawailunsviiieninnudnvazviemlafifinudfyuindian
a o a a o
NAN13IYLALINUTIUHNANTITIY
diethteyaluiineusuud lanansmnasail

o f’hﬂ’mugnﬁm (Accuracy score) UBILAaZHUUTIADILENATY training set Way test set

Accuracy of OneVsRestClassifier(estimator: ()) on training set : 1.8
Accuracy of OneVsRestClassifier(estimator ()) on test set : ©.9948186528497409

Accuracy OneVsRestClassifier(estimator=LogisticRegression()) on training set : ©.9986996098829649
Accuracy OneVsRestClassifier(estimator=LogisticRegression()) on test set : 0.9792746113989638

Accuracy OneVsRestClassifier(estimator=RandomForestClassifier()) on training set : 1.0
Accuracy OneVsRestClassifier(estimator=RandomForestClassifier()) on test set : ©.9844559585492227

Accuracy OneVsRestClassifier(estimator=KNeighborsClassifier()) on training set : ©.9856957087126138
Accuracy OneVsRestClassifier(estimator=KNeighborsClassifier()) on test set : ©.9585492227979274

Accuracy OneVsRestClassifier{estimator=GradientBoostingClassifier()) on training set : 1.@
Accuracy OneVsRestClassifier(estimator=GradientBoostingClassifier()) on test set : ©.9844559585492227

Accuracy OneVsRestClassifier(estimator=AdaBoostClassifier()) on training set : 1.0
Accuracy OneVsRestClassifier(estimator=AdaBoostClassifier()) on test set : 6.9948186528497409

Accuracy OneVsRestClassifier(estimator=GaussianNB()) on training set : 1.8
Accuracy OneVsRestClassifier(estimator=GaussianNB()) on test set : 6.9844559585492227

Accuracy of OneVsRestClassifier({estimator=DecisionTreeClassifier())} on training set : 1.0
Accuracy of OneVsRestClassifier(estimator=DecisionTreeClassifier()) on test set : ©.9844559585492227
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o  UszAndamvasmisiuundssian lagiiansanaindinugnaed (Accuracy), A1AINLLIUET (Precision),

A1l (Recall), AN fl-score AoALRRELUUTEWIN precision wag recall @3pn F1 score g viunedia

WUUIRBINAMULUETILAEANULINR FIueNuAazAANELAZLAAZLUUINABY

o

N

OneVsRestClassifier(estimator=SVC()) classification report

WoONGOV A WNREO®

NNNNNRRRPRRRRPBRRRBER
PWNROUOUONOONURWNER®

accuracy
macro avg
weighted avg

dkckkkkckkokdkkckkkckokkkkckkokkkokokkkokkkckkk ok ckkckkckkckkckk ok ks kk sk kck sk ko k sk k sk kskosk ko ¥

AN 13 L@R9A precision, recall, f1 score YaILARZANIEUDILUUTIADY SVC

MSDS CS SWU @2024
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recall f1l-score
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OneVsRestClassifier(estimator=LogisticRegression()) classification report

WoONOV A WNRO®

NNNNNRRRBRRRBRRRRBRR
PUWNROOUNNNOODUHRWNEO®

accuracy
macro avg
weighted avg
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AN 14 L@n9A precision, recall, f1 score Ya3LAREAIEUDILUUTIABY Logistic Regression
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precision

©.98
©.98

recall fl-score
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OneVsRestClassifier(estimator=RandomForestClassifier()) classification report

WSOV pwNRE©

NNNNNRRPRRRRRPRRRR
PUWNEPOUOUNGOURWNR®

accuracy
macro avg
weighted avg
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AT 15 WaR9A precision, recall, 1 score Yp3LARZAAIEUDILUUTIADY Random Forest
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recall fl-score
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OneVsRestClassifier(estimator=KNeighborsClassifier()) classification report

W ooV s wiNREO®

NNMNNNRRRRRBRRRRLRER
BUWNROWOHWN®MURWNR®

accuracy
macro avg
weighted avg

dekkkkkkkkkkok ek kkokkckkokokkko ko okkkkkokk ki h ok ks cksk Rk ko sk ok ckskoskok ok ko sk ks ok skl sk sk ok sk sk s ok

AN 16 WaRAT precision, recall, f1 score UBILAAZAAIATDILUUTIADY K-Nearest Neighbors
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.ee
.0e
.0e
.ee
.0e
.ee
.0e
.ee
.0e
.ee
.75
.00
.ee
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OneVsRestClassifier(estimator=GradientBoostingClassifier()) classification report

W oo~ eEWNREO

NNNNNRRPRRREPRRERRERPRE
PUWNROOUDNOODUVEAWNER®

accuracy
macro avg
weighted avg

T L L L bt T e L L L L T T e e

AT 17 WaAA precision, recall, f1 score UBLAATAAIATDILUUTIADY Gradient Boosting

MSDS CS SWU @2024
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precision
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.99

recall fl-score
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OneVsRestClassifier(estimator=AdaBoostClassifier()) classification report

W NGOV WNREO®

NNNMNNNRRRRRRBRRRRBLR
PUWUNROIOVUNNNODUVHEWNER®

accuracy
macro avg
weighted avg
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AT 18 LaRdA precision, recall, f1 score YBLFAAZAAIATDILUUTIADY AdaBoost Classifier

MSDS CS SWU @2024
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OneVsRestClassifier(estimator=GaussianNB()) classification report

W oo~V B wWwNhNRER®

NNNNNRRPRRBRRRBRERBR
PUNROOUOIONNOODURWNR®

accuracy
macro avg
weighted avg
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AT 19 Lan9A precision, recall, f1 score U8LARZAAIEUDILUUTIADY Gaussian Naive Bayes

MSDS CS SWU @2024
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OneVsRestClassifier(estimator=DecisionTreeClassifier()) classification report

recall fl-score

VWO, WNERE®
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NNNNRRRBRBR B R
WNRO®WOWWNOOWHAW
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AN 20 WARIA precision, recall, f1 score YDILFATARIAVDILUUIIaDY Decision Tree

® @1 Cross Validation 9asusiagiuuinasisesmuafuiniignlutes

#1519 4 wangA1 Cross Validation U89uUU91889

a v sw

NN WAAWIAT

SVC

Gradient Boosting
Random Forest
AdaBoost Classifier
Logistic Regression
Decision Tree
Gaussian Naive Bayes

K-Nearest Neighbors

MSDS CS SWU @2024
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°

®  wavesRuANvMzidAYAan1TIMUNUIEIAN (Feature Importance) wansiiuUsiidAgyiidinasanis

uunuszLanay Invimeisnisaiiauuuinaes Random Forest laglddoyaisitun1svin TF-IDF Lile

afinAfiddgeanin Mntuldignszuiunsiiniulunuuinaesieyadeyaildlunisieus (Training

Y

@

Data) w&aruIAIANE1AY (Feature Important) wuanswaidunsiviiieginaudnvauznionlaiil
ANUEIAYUINAFA 20 SUFU WUI1A191 developer Uen feature important 1n#gAL¥iNfiu 0.0119 619

ﬂ’]‘W‘ﬁl 21

Top Features for Resume Classification

developer
python
smart
mechanical
testing

hr

data

arts

java
devops

Feature

manager
engineer
sales

Jsp

details
hibernate
pune
advocate
sqoop
blockchain

T T T T T T
0.002 0.004 0.006 0.008 0.010 0.012
Importance

T
0.000

a v o w 1 o

A0l 21 uansAninuanvazdAydon sTLuNUsEIANINNTIan 20 dudiuwsn (Top 20 Feature Important)

q o

#3UNANT5IVY

o

U398

X o an ) v o wa 1 Y o a £y a . .
UiEueionsAnNTealnTINNUTEIReDNRENNSANSISEUZIDLATBY (Machine Learing) Lagn1s
UeN7aNaN191555u97R (Natural Language Processing) lneAnnsesyasingainyinwe nsfinw Yssaunisainisieu

votusazasuldlunatlinud ssannatlunsviu warhsannuianainfiinainuyudla

v

gadeyanuaduluauifeturarniiules kaggle.com t¥u Public Dataset #oUpdated Resume Dataset
Usznaume Useinnanu (Category) way Useinge (Resume) Toyativuin 962 uad 2 aodutl fTiuiuussinnauily

v o
[

FruvINe 25 Usetanyiniunsvin labelling 13ausasian
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va o

Tuduneuniswiendeya Idelduyadeyaiundignizuiun1suseananan1®sssued (NLP) iieaumsg

U

v
1o w o

q Aldddgludszifgessn anduiliulasdeyauszsianauaindennulmnduteyadiay lngldida Label
Encoding wieliudazUssianaunataidupana wazdndrdnsyuiunisudsdeninuesndumiiedn 9 (Tokenization)
etrglunisienudilaviunvestoninu 310t fn stop words vise ATlaeUse 9 wiliidernuningesn gavne

¥ Lemmatization #3en1sidsugudlvieglugluuuvesmaafuvsednientesd 1 ielieglusindwiifeiu

wusgntayaeanilugadeyadmiunisiinuuuinass (training dataset) 80% waryntoyadmiun1snaasy
WUU31a04 (testing dataset) 20% random state Winfiu 42 uagasnuwuudnasiieusudiudsedniananugnieuay
AU LAUEY 8uwuu lawn Support Vector Classification (SVC), Logistic Regression, Random Forest, K-Nearest

Neighbors (KNN), Gradient Boosting, AdaBoost Classifier, Gaussian Naive Bayes, Decision Tree

mﬂmamimmaadwuiﬂmmmgﬂ@fad (Accuracy score) U9k UUIIABY Support Vector Classification (SVC)
LAZLUUT1a03 AdaBoost Classifierﬁﬁimwnﬁqm Winiu 0,994 lewfisuiuuuusiastdu o wikuusiaes Support
Vector Classification (SVC) &A1 Cross Validation nnilg Gl fn 0.995 L;Jammma yAanaluluudnaas SVC Wummiﬂmm
uneralagniouiugl Favziifies 2 panawhiudivuenaldududfosann 1dun aanadl 2 #e Automation

= v o

Testing A1 fl-score AU 0.93 uag mmaw 8 Ao DevOps Engineer A1 fl-score AU 0.96 SZNE:J: JUAUTYFIUN

Ex]

£
=

p1ainNTeyamuNMIAne vinve wasUssaunsaimsinunianueseadiuluassaaiad Iuhlinshuienad
ANURANEIANINNTIIAATEDY 9 WoginMmlnudaasen1sIuunUsEaNuNINIgn wudidA1d1 developer den feature

important 11n7igAiniy 0.0119

wﬁﬁﬁﬁmﬂﬁ%ﬁulﬁﬁ]ﬂﬂi"LJ'WILLUUT\]WGENHEJUV]’m’ﬁWﬂaENT]LL‘UUﬁ]'mEN Random Forest Lagluudnaaslssian

o

Boosting ‘LiwzLfJuLLUUﬁ%aNﬁﬁﬂ'ﬂmmaﬂﬁm wazAALLILEFTEn windsnvhmsnaassudadunuinlailgd
ogefiAnld ndunanaidunuudiass SVC Afign oradumszyateyaildlailifinududeusnnudesduuudiaes
UsgLam Random Forest #30 Boosting fauiiismdadudeyaiilidudeunisuliuuudasiuuy SVC Aamisaiin

AU vaINTue AL anaLa?

WalinUszavEn nveinisAnnsesainsanusyiRgemendnnisitouiveaos §I3uvalaual Ui
ansniludesenld na1feaunsatiszuunsdansesadnsnindsyifdesienisiseuiveunisudeseaiuni
Auledneuwsundnduuuiiefeieligldnuniedednassyrainsdulnandsy iRdevesadnsuuuissalniiiouly

Whdnsyuiunisvesnsdnasslaegnaliussavnmuar :ansauiiuguInTu
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