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The	need	to	automate	employment	offers	 to	qualify	 job	searchers	has	gain	
attentions.	 For	 an	 automated	 recommendation	 systems	 to	 be	 used	 more	
frequently,	a	better	user-friendly	filtering	techniques	are	required.	This	paper	
designs	an	automated	process,	referred	to	as	“the	job	recommender”,	which	
focuses	 on	 user-centric	 design	 and	 personalization	 for	 recommending	 and	
matching	applicants	with	appropriate	jobs.	We	use	the	bottom-up	approach	
that	 uses	 dataset	 based	 on	 filtering	 algorithms	 to	 predict	 and	 make	
recommendations	 for	 job	 seekers.	 The	 algorithm	 helps	 the	 recruiters	 to	
produce	 the	 list	of	 the	résumé	that	best	meets	 the	 job	descriptions.	 In	 this	
context,	 the	 random	 forest	 (RF)	 and	 support	 vector	 machines	 (SVM)	 are	
adopted	 to	 train	 the	 data.	 They	 are	 supplied	 personalized	 information	
(qualifications,	result	of	aptitude	test,	age,	and	work	experience)	reported	on	
the	résumés	of	individual	candidates	from	the	pool	of	submissions,	and	the	
system	train	data	to	learn	the	evolution	of	job	selection	by	candidates	based	
on	 these	 machine	 learning	 tools.	 The	 algorithm	 used	 would	 help	 the	
recruiters	 to	 produce	 the	 list	 of	 the	 résumé	 that	 best	 meets	 the	 job	
descriptions.	The	algorithms	are	designed	to	recommend	personalized	items	
tailored	to	each	user's	interests.	Under	the	minimum	hardware	and	software	
requirements,	the	job	recommender	system	was	implemented	in	streamlit	-	a	
python	template,	for	designing	the	frontend.	
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A. Motivation	
The	continuous	advancement	in	computer	technology	has	resulted	in	a	huge	

amount	of	user	information	being	generated.	The	data	remains	useful	for	different	
purposes	including	to	process	futuristic	needs	of	customer	that	will	be	amounted	to	
increased	customer	satisfaction	as	well	as	providing	information	on	products	that	
are	of	high	quality	and	demand	to	ensure	companies	increase	sales	and	make	profits.	
The	data	has	been	serving	other	purposes,	 including	providing	recommendations	
(Abel	et	al.,	2016;	Celma,	2010).	For	instance,	popular	online	shopping	companies,	
including	Flipkart,	Amazon	and	Alibaba,	use	stored	data	to	recommend	products,	
and	 social	 networking	 websites	 like	 Facebook	 use	 the	 gathered	 information	 to	
recommend	friends	(Diaby	et	al.,	2018;	2014).	A	machine	learning	recommendation	
system	 leverages	 on	 data	 and	 algorithms	 to	mimic	 human	 learning	 processes	 to	
offering	 recommendations	 for	 e-commerce’s	 goods	 (Schafer	 et	 al.,	 1999),	 books	
(Rhanoui	et	al.,	2022;	Priyanka	et	al.,	2015),	news	(Mitova,	2022)	as	well	as	music	
and	movies	(Celma,	2010).	The	tools	outperformed	traditional	job	portal	systems	in	
image	 recognition,	 speech	 recognition,	 and	natural	 language	processing	 (Mrzic	&	
Zaimovic,	2020).	Like	 these	systems,	 the	process	of	matching	candidates’	 résumé	
with	job	description	involves	suggesting	them	for	specific	positions	based	on	their	
profiles.	

Nowadays,	many	 job	openings	are	advertised	online	via	 job	portal	or	social	
media,	leading	to	internet	users	to	receive	jobs	alerts	that	are	most	times	unrelated	
to	their	interest.	The	large	volume	of	applicants	presents	a	significant	problem	for	
companies	and	job	recruiters	because	they	must	narrow	down	the	pool	of	résumé	
to	find	the	best-qualified	profile	(Buschner	et	al.,	2014).	With	existing	system	cost	
ineffective,	there	is	the	need	to	offer	a	job	recommendation	system	that	optimizes	
resources	by	scanning	through	submitted	information	on	the	résumé	and	fetching	
out	 necessary	 details	 pertinent	 to	 job	 descriptions.	 Since	 machine	 learning	
algorithms	can	get	the	pattern	and	in-depth	perception	of	the	internet	data,	it	can	be	
used	 to	 match	 various	 aspects	 of	 résumé	 to	 the	 job	 descriptions	 provided	 by	
companies.	 The	 designed	 system	 would	 ensure	 appropriate	 matching	 of	 job	
requirements	and	recommendations,	therefore	solving	the	problems	of	associating	
job	seekers	and	hiring	companies.	

Designing	a	 job	 recommender	 system	 is	 important	 for	 several	 reasons.	The	
system	would	make	it	easier	and	faster	for	job	seekers	to	identify	the	appropriate	
employment	prospects.	It	helps	job	seekers	find	openings	that	they	might	not	have	
otherwise	be	found	while	saving	them	time	and	effort	in	unproductive	job	hunting	
for	suitable	positions.	The	recommender	system	can	assist	businesses	to	select	the	
best	applicants	for	their	open	positions	based	on	considered	features,	including	the	
applicant’s	certification,	experience	and	scores	from	skill	tests.	The	recommender	
design,	based	on	objective	criteria	than	subjective	ones	like	personal	traits,	would	
result	in	more	effective	recruitment	procedures	that	save	time	and	money	as	well	as	
reduces	likely	errors	and	bias	in	recruitment	process.		

	 Generally,	an	efficient	job	recommender	system	overcomes	four	challenges	
of	recruitment	process	such	as	to:	(1)	select	the	most	qualified	applicants	from	the	
group	(2)	to	interpret	the	candidate	résumé	(3)	confirm	that	the	candidate	chosen	
are	capable	for	the	position	(4)	ensure	that	the	applicant	possesses	the	skills	needed	
for	the	position.	This	paper	designs	an	automated	process,	referred	to	as	“the	job	
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recommender”,	which	is	aimed	at	addressing	these	problems.	We	use	the	bottom-
up	approach	 that	uses	dataset	based	on	 filtering	algorithms	 to	predict	and	make	
quality	recommendations	for	job	seekers.	The	system	makes	it	easier	to	select	the	
best	résumé	from	a	sizable	pool	of	candidates	and	to	provide	the	best	method	in	
which	candidate	 résumé	would	be	well-structured	based	on	order	of	 the	highest	
qualification.	We	use	 two	ensemble	 -	 random	 forest	 (RF)	and	 the	 support	vector	
machines	(SVM)	algorithms	-	to	deliver	a	high	level	of	accuracy	that	assist	in	finding	
appropriate	employment	possibilities	in	line	with	their	résumés/profiles	and	assist	
recruiters	in	locating	potential	applicants	for	open	positions.		

	
B. Materials	

	
Recommendations	System		
The	effectiveness	of	recommender	systems	as	a	significant	tool	for	reducing	

the	 information	 explosion	 has	 been	 extensively	 examined	 by	 academics	 and	
business.	 The	 widespread	 use	 of	 the	 recommendation	 system	 in	 real-time	
applications	 was	 explored	 in	 various	 fields	 (Mitova,	 2022;	 Rhanoui	 et	 al.,	 2022;	
Bolandraftar	&	Imandoust,	2017;	Priyanka	et	al.,	2015;	Celma,	2010;	Mooney	et	al.,	
2000).	 The	 system	 is	 recognized	 in	 various	 domains	 of	 knowledge	 nowadays	
including	product	recommendations	on	e-commerce	portals	(Schafer	et	al.,	1999),	
book	recommendations	(Rhanoui	et	al.,	2022;	Priyanka	et	al.,	2015;	Mooney	et	al.,	
2000),	news	recommendations	(Mitova,	2022),	movie	and	music	recommendations	
(Celma,	2010),	and	advertisements	(García-Sánchez	et	al.,	2021).	Wei	et	al.	(2007)	
shows	four	types	of	recommendation	techniques,	including	collaborative	filtering,	
content-based	filtering,	knowledge-based	methods,	and	hybrid	filtering.	Bhatia	et	al.	
(2019)	build	a	résumé	scanner	that	extracts	information	from	candidate	résumé	and	
use	 BERT	 sentence	 classification	 to	 complete	 ranking	 based	 on	 the	 candidate	
suitability	to	the	job	description.	Malinowski	et	al.	(2016)	employ	the	expectation	
maximization	 method	 for	 the	 job	 recommendation	 that	 examines	 applicant's	
résumé	and	job	description.	Al-Otaibi	&	Ykhlef	(2012)	implement	an	employment	
recommendation	 service,	 disclosing	 the	 steps	 that	 constitute	 hiring	 procedures,	
including	how	the	e-recruitment	portal	benefits	 the	organization	and	candidate’s	
characteristics	that	may	influence	the	selection.		

	
Advisory	Systems	
The	 21st	 century	 is	 a	 time	 of	 data	 and	 information.	 An	 abundance	 of	 data	

creates	numerous	benefits,	but	it	also	has	the	drawback	of	an	information	explosion.	
Despite	the	abundance	of	jobs	available,	users	cannot	easily	and	quickly	select	one	
that	matches	their	area	of	interest.	The	recommender	system	is	a	simple	solution	to	
the	information	explosion	issue.	Recommender	systems	effectively	capture	hidden	
information,	such	as	users'	personalized	job	preferences	and	job	attributes	based	on	
these	data,	and	filter	and	display	to	users	a	personalized	list	of	job	interests	from	a	
pool	of	 resources.	This	 is	based	on	historical	 interaction	data	between	users	and	
vacancies.		

There	 are	 two	 different	 categories	 of	 recommendation	 technologies:	
collaborative	filtering-based	and	content-based	(Yu	et	al.,	2022).	 	While	the	latter	
primarily	determines	the	degree	of	matching	from	content	feature	traits,	the	former	
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focuses	on	the	influence	relationship	among	users.	Recent	developments	in	AI	have	
sparked	a	new	wave	of	machine	learning	in	both	theoretical	and	empirical	research	
(Mrzic	&	Zaimovic,	2020).		Machine	learning	has	increased	productivity	compared	
to	 typical	 shallow	 existing	 job	 portals.	 The	 recommender	 systems	 develop	 user	
preference	 models	 using	 the	 interest	 elements	 that	 users'	 profiles	 and	 résumé	
contain	after	extracting	them	from	a	set	of	data	that	at	 first	glance	appears	to	be	
unimportant.	A	novel	direction	in	the	evolution	of	recommender	systems	in	recent	
years	is	the	application	of	machine	learning	to	job	recommender	systems.	Firms	like	
Spotify,	Netflix,	Google,	Microsoft,	and	others	have	done	extensive	research	on	how	
to	apply	machine	learning	for	job	suggestion	as	a	system	and	have	shown	positive	
outcomes	in	real-world	applications.	

	
Collaborative	Filtering		
Collaborative	filtering	is	a	method	based	on	a	user's	human	ratings	of	an	item	

and	 identifying	patterns	across	many	users	who	have	supplied	related	ratings	 to	
things	 (Yalcin	 et	 al.	 2021;	 Mustafal	 et	 al.,	 2020).	 The	 memory-based	 k-nearest	
neighbor	 method	 of	 grouping	 users	 with	 related	 interests	 is	 the	 key	 procedure	
performed	here.	The	generation	of	recommendations	will	 take	a	 long	time	as	 the	
volume	of	data	continually	 increases	(Xu	&	Liu,	2019;	Bobadilla,	2013).	Although	
content-based	 filtering	 techniques	have	an	advantage	over	collaborative	 filtering,	
due	 to	 the	nature	of	 the	 recruiting	process,	 a	 job	 can	be	 rated	by	 the	user	and	a	
similarity	matrix	can	be	created.	

	
Content-based	Filtering		
This	 method	 generates	 recommendations	 by	 comparing	 user	 profiles	 with	

keywords	and	attributes	assigned	to	objects	in	a	database,	such	as	items	in	an	online	
marketplace.	 User	 behaviors,	 including	 purchases,	 ratings,	 downloads,	 product	
searches,	and	interactions	like	adding	items	to	a	cart	or	clicking	on	product	links,	
are	used	to	create	user	profiles.	Imagine	suggesting	accessories	to	a	customer	who	
recently	 purchased	 a	 smartphone	 from	 your	website	 and	 has	 previously	 bought	
smartphone	accessories.	Along	with	keywords	related	to	the	smartphone's	brand,	
make,	and	model,	the	user	profile	includes	past	purchases	like	phone	holders	with	
credit	card	sleeves.	Based	on	this,	the	recommender	system	might	suggest	similar	
phone	holders	 for	the	new	phone,	 including	features	 like	an	RFID-blocking	fabric	
layer	to	prevent	unauthorized	credit	card	scanning.		

	
Hybrid	Filtering	
Some	authors	suggest	adopting	hybrid	filtering	techniques	(Afoudi	et	al.,	2021;	

Riyahi	&	Sohrabi,	2020).	hybrid	filtering	combines	several	strategies	to	enhance	the	
effectiveness	of	recommendations.	There	are	advantages	and	disadvantages	to	the	
recommendation	method	that	was	previously	described.	This	strategy	is	desired	to	
obtain	 a	 better	 recommendation	 and	 get	 over	 the	 problems	 caused	 by	 earlier	
methods.	The	cold-start	problem	affects	all	learning/model-based	strategies	in	one	
way	or	another.		

	
C. Methodology	
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Recommender	System	
We	applied	the	Porter	Stemmer	algorithm	to	scan	the	résumé.	The	algorithm	

first	makes	each	word	into	its	root	word	for	pre-processing	the	top	and	stop	words.	
The	stop	words	eliminate	any	unnecessary	terms	on	the	résumé	and	job	description	
using	 the	TF-IDF	vectorizer.	The	process	 further	 contrasts	 the	 skills	 listed	 in	 the	
résumé	 and	 job	 description	 and	 determines	 the	 résumé	 scores	 for	 each	 job	 and	
compares	them	with	cosine	similarity	function.	The	list	is	then	arranged	according	
to	their	scores	in	descending,	from	top	to	bottom.	The	system	not	only	displays	the	
job	but	suggests	talents	that	should	be	developed	for	the	position.	Figure	1	shows	
the	 architectural	design	 for	 the	 recommender	 system	created.	When	a	 candidate	
logs	 into	 the	 job	 portal,	 the	 Recommendation	 Composer	Module	 (RCM)	 receives	
their	meta-data.	The	RCM	then	builds	a	job	filter	utilizing	relaxed	parameter	values	
based	 on	 the	 candidate's	 attributes	 to	 retrieve	 a	 subset	 of	 appropriate	 jobs.	 For	
example,	 if	 an	 applicant	 has	 four	 years	 of	 experience,	 the	 filter	 states	 that	 the	
minimum	experience	is	three	years.	

We	 follow	 the	 standard	 approach	 of	 the	 Software	 Development	 Life	 Cycle	
(SDLC).	The	process	ensures	the	production	of	high-quality	software	efficiently	and	
cost-effectively	 within	 a	 short	 timeframe.	 We	 use	 the	 waterfall	 model,	 which	 is	
widely	adopted	to	provide	frameworks	for	progressing	through	the	SDLC’s	phases.	
The	 waterfall	 paradigm	 enables	 segmentation	 and	 control	 to	 depend	 on	 the	
progression	of	steps.	This	strategy	is	appropriate	for	small-scale	software	delivery	
with	well-defined	deliverables.	Figure	2,	depicts	the	waterfall	paradigm	

		

	
Figure	1.	Architectural	design	

Source:	Authors	
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Figure	2.	Pipeline	for	modelling	data	

Source:	Authors	
	
Functional	and	Non-functional	Requirements	 	
The	functional	requirements	are	directives	on	what	the	system	must	carry	out	

to	satisfy	the	user’s	expectations.	The	features	that	the	user	notices	can	be	thought	
of	as	functional	requirements,	and	the	considered	design	they	include	(1)	to	predict	
if	the	employee	is	qualifying	(2)	to	train	and	test	data	(3)	to	visualize	the	data	and	
(4)	 to	 find	 d	 a	 position	 with	 the	 same	 requirements.	 The	 non-functional	
requirements	 (NFRs)	 are	 the	 collection	 of	 criteria	 that	 outline	 the	 capabilities,	
objectives,	 and	 constraints	 of	 the	 system	while	 striving	 to	 enhance	 functionality.	
They	 delineate	 the	 system's	 effectiveness,	 encompassing	 aspects	 such	 as	 speed,	
security,	reliability,	precision,	and	data	integrity.		

We	use	case	diagrams	(see	Figure	3)	–	diagrammatic	representation	of	system	
behaviors	–	to	show	the	requirements	for	the	complete	or	specific	component	of	the	
system.	 The	 job	 filter	 is	 sent	 to	 the	 querying	 module	 by	 the	 recommendation	
composer	module.	The	results	collected	from	the	databases	using	the	job	filter	are	
then	 presented	 to	 the	 RCM	 via	 the	 querying	module.	 The	 querying	module	 then	
builds	queries	in	accordance	with	the	filters	given	to	it,	retrieve	pertinent	entries	
from	the	databases,	and	presents	the	output	in	raw	and	vectorized	versions.		

For	 the	various	vectorized	computations	and	models,	 the	vectorized	 format	
can	 be	 utilized	 directly	 as	 an	 input.	 The	 raw	 format	 can	 be	 used	 to	 provide	
suggestions	that	are	readable	by	humans.	Sub-recommendations	are	generated	by	
several	means	using	the	RCM,	after	which	it	creates	the	final	list	of	positions	for	the	
candidates	to	view.	Although	the	behaviour	of	the	recommending	system	is	typically	
regarded	as	saturated,	user	preference	in	the	system	is	unchanged	in	the	job	domain	
as	 the	 user	 rarely	 switches	 his	 desire	 to	 work	 on	 new	 skill	 sets	 or	 change	 his	
employment	domain.	Because	job	adverts	expire	after	a	role	is	filled,	the	suggested	
job	would	not	be	in	the	system.	When	it	comes	to	content-based	recommendations,	
there	are	two	methods:	(1)	to	examine	the	explicit	content	properties,	and	(2)	to	
create	the	user	and	item	profiles	from	content	rated	by	users.	

	

Dataset Data 
processing

Word 
vectorizaion

Modelling

Evaluation

Recommenda
tion

EDA
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Figure	3.	Use	Case	Diagram	

	
	

	
Figure	4.	Content-Based	Recsys	

	
Data	and	Methods	
The	 data,	 downloaded	 from	Kaggle	 and	 the	 online	 portal(s),	 includes	 three	

columns	-	id,	category,	and	résumé	-	are	present	in	the	data,	which	is	in	csv	format.	
The	‘id’	is	the	résumé’s	sequential	number,	‘category’	is	the	industry	the	job	belongs	
to,	and	résumé	is	the	candidate's	full	résumé.	We	first	organized	and	transformed	
the	data	into	format	that	is	informative	and	usable	for	machine	learning	algorithms.		

Since	finding	the	résumés	of	the	right	candidates	from	the	pool	of	submissions	
is	the	target,	we	train	data	to	learn	the	evolution	of	job	selection	by	candidates.	Many	
studies	 have	 defined	 ways	 for	 integrating	 procedures	 to	 increase	 predictive	
accuracy.	 The	 techniques	 build	 an	 ensemble	 of	 hypotheses	 and	 aggregate	 the	
predictions	 of	 the	 models.	 The	 precision	 obtained	 by	 this	 set	 of	 hypotheses	 is	
superior	 to	 the	 precision	 of	 each	 individual	 component.	 The	 accuracy	 of	 the	
algorithms	utilized,	the	quality	and	validity	of	the	data	used,	and	the	relevancy	of	the	
job	are	aspects	that	affect	how	effective	job	recommender	systems	are.		

We	 use	 the	 random	 forest	 and	 support	 vector	 machine	 to	 examine	 the	
accuracy	of	the	system.	The	methods	are	machine	learning	approaches	to	forecast	
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and	 categorize	 résumé	 into	 several	 categories	 that	 correlate	 to	 the	 various	
candidate	specialties.	The	system	makes	it	easier	to	select	the	best	résumé	from	a	
sizable	 pool	 of	 candidates	 and	 to	 provide	 the	 best	 method	 in	 which	 candidate	
résumé	would	be	well-structured	based	on	order	of	the	highest	qualification.	The	
approaches	appear	promising	in	the	context	of	automatic	job	suggestions	based	on	
their	performance	for	variable	predictions.	They	are	utilized	to	pinpoint	the	precise	
characteristics	 that	 users	 choose	 when	 they	 are	 drawn	 to	 a	 job	 offer.	 Their	
performance	are	scrutinized	using	evaluation	metrics,	including	but	not	limited	to	
accuracy,	precision,	recall,	and	F1-score.	

	
Random	Forest	
The	 random	 forest	 (RF)	 algorithm	 is	 a	 robust	 tool	 for	 the	 construction	 of	

multiple	decision	trees	during	the	training	phase,	each	based	on	a	random	subset	of	
the	data.	The	algorithm	aggregates	the	outputs	of	all	trees,	employing	either	a	voting	
mechanism	for	classification	or	averaging	for	regression	tasks.	The	flexibility	and	
ability	 of	 RF	 to	 handle	 both	 classification	 and	 regression	 problems	 have	
continuously	fueled	its	adoption,	thus	making	it	a	cornerstone	for	the	evaluation	of	
an	accurate	job	recommendation	system.	The	random	forest	(regression)	predictor	
is	defined	as:	

	
𝑓̂!"#(𝑥) =

$
#
∑  #
%&$ 𝑇(𝑥; Θ%)         (1) 

	
B	 are	 number	 of	 trees	 {T(x;Θ_b	 )}_1^B	 grown,	 Θ_b	 characterizes	 the	 b	 th	

random	forest	tree	in	terms	of	split	variables,	cutpoints	at	each	node,	and	terminal-
node	values.	

	
Support	Vector	Machine	
Support	Vector	Machine	(SVM)	is	an	algorithm	used	for	classification	(text	or	

image),	regression	(linear	or	nonlinear),	gene	analysis,	handwriting	identification,	
spam	detection,	face	detection,	and	anomaly	(or	outlier)	detections.	Because	SVM	
can	manage	 nonlinear,	 spatial	 and	 high-dimensional	 data,	 they	 are	 efficient	 and	
adaptable	 in	 multiple	 relationship	 applications	 including	 modeling	
recommendation	 scenarios.	 SVR	 achieves	 this	 flexibility	 with	 kernel	 functions,	
which	map	the	input	data	into	higher-dimensional	spaces	where	linear	relationships	
are	more	apparent.	The	problem	finds	the	hyperplane	that	minimises	training	errors	
through	slack	variables	as	defined	by	equation	(2):	

	
𝑚𝑖𝑛
',%,)

 0.5𝜔*𝜔 + 𝐶 ∑  +
,&$ 𝜉,           (2) 

	
const: 𝑦,(⟨𝜔, 𝑥,⟩ + 𝑏) ≥ 1 − 𝜉, (𝑖 = 1,… ,𝑚). 

	
Where	 ξ_i>0,ω	are	 coefficients	of	 the	hyperplane,	b	 is	 the	bias	 term,	 ξ_i	 are	

slack	variables	and	y_i	(ω,x_i	)	is	the	mapping	of	input	(x_i)	into	a	higher-dimensional	
space.	
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D. System	Analysis:	Requirement,	Implementation	and	Documentation	
	

4.1.	System	Requirement	
The	minimum-	 hardware	 and	 software	 requirements	 for	 designing	 the	 job	

recommender	system	are	highlighted.	The	hardware	requirements	are	a	minimum	
of	1GB	of	random-access	memory;	minimum	250GB	of	hard	disk;	a	minimum	Intel	
Pentium	 processor	 1.5ghz;	 a	 monitor,	 keyboard,	 CPU/laptop;	 a	 mouse;	 and	 an	
internet	 connection.	 The	 software	 requirements	 are	 a	working	 operating	 system	
(Windows	 7/8/10,	 MacOS);	 A	 web	 browser	 (Chrome/Firefox)	 and	 a	 text	 editor	
(Jupyter	Notebook/Vs	Code).		

	
4.2.	System	Implementation	
The	 job	 recommender	 system	 was	 implemented	 in	 streamlit	 -	 a	 pPython	

template,	for	designing	the	frontend.	For	the	system	to	relate	properly,	the	admin	
page	was	created	where	the	admin	can	see	the	list	of	qualified	candidates	for	the	job	
with	 the	 database	 server	 for	 fetching	 and	 storing	 the	 data.	 The	 system	
implementation	 is	 sub	 divided	 into	 admin	 interface,	 detail	 interface	 and	 predict	
interface.	Figure	5	shows	the	admin	sign-up/login,	which	presents	a	page	showing	
the	drop-down	for	admin	to	sign	up/log	in.		

Figure	6	depicts	the	prediction	page,	where	the	company	chooses	the	type	of	
prediction	(RV	or	SVM)	to	perform	in	deciding	the	choice	of	candidates.	The	page	
displays	where	 the	values	or	 criteria	 required	 for	 the	 job	are	 fit	 into	 the	 trained	
model	for	prediction.	If	the	values	or	the	criteria	best	match	with	the	trained	data,	
the	machine	will	predict	Yes,	otherwise	the	prediction	will	be	No.	Figure	7	gives	the	
admin	 page,	 which	 displays	 a	 table	 populated	 with	 the	 list	 of	 the	 accepted	
candidates.	For	the	designed	software,	the	admin	must	create	an	account	from	the	
admin	 page	 and	 login	 in	 with	 the	 details,	 before	 he	 can	 access	 the	 accepted	
candidates	 list.	 If	 the	 login	 detail	 is	 not	 correct,	 the	 error	message	 will	 pop	 up.	
Finally,	 the	visualization	page	for	RF	(Figure	8)	and	SVM	(Figure	8)	are	depicted.		
The	visualization	page	with	the	frequency	in	category	(Class	0	denoted	No,	Class	1	
denoted	 Yes).	 If	 the	 candidate	 qualifies	 for	 the	 job,	 the	 graph	will	 be	 on	 class	 1,	
otherwise	the	graph	will	move	to	class	2.	

The	two	algorithms	support	vector	and	random	forest	classification	proofed	
efficacy	 toward	 the	 accurate	 prediction.	 It	 was	 found	 out	 that	 the	 two	 models	
predicting	outcome	are	 the	 same	and	 this	makes	 them	 to	be	 recommend	 for	 the	
future	works.	Although	Random	Forest	behaves	slow	in	ranking	the	most	qualified	
candidates	 among	 the	 pools	 of	 candidates	with	 the	 same	qualifications	 but	 have	
little	differences,	while	the	Support	Vector	Machine	proved	to	be	faster.	The	future	
of	machine	learning-based	job	recommender	systems	lies	in	their	ability	to	cater	to	
the	 diverse	 needs	 and	 preferences	 of	 individual	 job	 seekers.	 Job	 recommender	
systems	 can	 considerably	 increase	 the	 effectiveness	 and	 efficiency	 of	 the	 hiring	
process.	 Previous	 attempts	 at	 designing	 the	 job	 recommender	 systems	 via	
implementation	of	machine	learning	tools	have	no	unique	matching	for	individual	
job	preferences,	making	online	advertises	to	suggest	unrelated	jobs	to	individuals.	
This	problem	is	caused	due	to	poor	design	of	algorithms	and	inadequate	focus	on	
personalization.	
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Figure	5.	Admin	log	in	and	sign-up	page.	

	
Note:	This	shows	a	drop-down	for	admin	to	sign	up/log	in.	
	
	

	
Figure	6.	View	prediction	page.	

	
Note:	This	page	displays	where	the	values	or	criteria	required	for	the	job	are	

fit	into	the	trained	model	for	prediction.	If	the	values	or	the	criteria	are	best	match	
with	the	trained	data,	the	machine	will	predict	Yes,	otherwise	the	prediction	will	be	
No.	

		

https://doi.org/10.33022/ijcs.v13i5.4232


	 	 The	Indonesian	Journal	of	Computer	Science	

https://doi.org/10.33022/ijcs.v13i5.4232	 	 7388	
	 	

	
Figure	7.	Admin	page	

	
Note:	The	page	with	a	table	populated	with	the	list	of	the	accepted	candidates.	

The	admin	must	create	an	account,	from	the	admin	page	and	login	in	with	the	details,	
before	he	can	be	able	to	access	the	accepted	candidates	list.	If	the	login	detail	is	not	
correct,	the	error	message	will	pop	up.	

		

	
Figure	8.	Visualization	page	for	RF	

	
Note:	The	visualization	page	with	the	frequency	in	category	(Class	0	denoted	

No,	Class	1	denoted	Yes).	If	the	candidate	qualifies	for	the	job,	the	graph	will	be	on	
class	1,	otherwise	the	graph	will	move	to	class	2.	
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Figure	9.	Visualization	page	for	SVM	

	
Note:	The	visualization	page	with	the	frequency	in	category	(Class	0	denoted	

No,	Class	1	denoted	Yes).	If	the	candidate	qualifies	for	the	job,	the	graph	will	be	on	
class	1,	otherwise	the	graph	will	move	to	class	2.	

	
4.3.	System	Documentation	
The	 system	 documentation	 of	 the	 job	 recommender	 system	 describes	 the	

activities	and	maintenance	of	the	system	at	the	end	user’s	side.	The	maintenance	of	
the	system	by	the	users	is	very	important	and	crucial	to	avoid	any	future	unforeseen	
occurrences	or	failures	which	may	happen	to	the	system	if	not	properly	maintained.	
The	process	of	system	documentation	is	called	the	‘User’s	Guide’	which	describes	
the	 operations	 of	 all	 interfaces	 (login,	 data	 input	 and	 prediction	 interface).	 The	
user’s	guide	is	summarized:	
1. How	to	access	the	home	page:	

Step	 1:	 Enter	 domain	 name	 http://job.recommender-fee9.onrender.com	 on	
browser.	
Step	2:	Press	Enter	keyboard.	

2. How	to	login	to	the	admin	dashboard:	
Step	1:	 Select	 from	 the	drop-down	option	 to	 select	Login	or	 create	 account	
option	
Step	2:	Enter	your	Email	and	password	then	click	on	submit.	

3. How	to	select	prediction	choice:	
Step	1:	The	requirement	criteria	such	as	name,	age,	score	and	degree.	
Step	2:	Streamlit	automatically	predicts	if	the	candidate	is	qualified	for	the	job	
based	on	the	requirements	needed	for	the	prediction.	

4. How	to	access	the	frequency	distribution	of	predicted	outcome:	
Stroll	down	to	the	bottom	of	the	page,	there	are	graph	for	the	two	models	(RF	
and	SVM)	in	which	the	visualization	is	based	on	their	accuracy	
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E. Conclusions	
The	paper	focuses	on	user-centric	design	and	personalization	to	develop	a	job	

recommender	system	for	recommending	and	matching	applicants	with	appropriate	
jobs.	It	makes	accurate	predictions	by	comparing	résumé	and	job	descriptions	using	
machine	learning	algorithms.	The	system	identifies	careers	that	the	candidates	will	
enjoy	and	assign	to	them	based	on	the	job	descriptions.	Any	candidate	can	use	this	
programme	to	learn	more	about	their	ideal	professions	and	to	develop	both	their	
soft	talents	and	their	hard	skills.	They	will	benefit	from	it	because	they	won't	have	
to	waste	time	looking	for	work.	They	can	also	develop	their	expertise	in	that	field	
and	advance	more	quickly.	

Based	 on	 a	 job	 seeker's	 qualifications,	 aptitude	 test’s	 result,	 age,	 and	work	
experience,	the	job	recommender	system	offers	personalized	job	recommendations.	
The	system	represents	a	more	effective	tool	that	assists	job	seekers	to	find	the	right	
opportunities	 according	 to	 their	 unique	 preference.	 The	 development	 has	 been	
designed	 in	 such	 a	way	 that	 it	 is	 adaptable	 across	 various	 fields.	 The	 developed	
software	offers	individualized	jobs	based	on	each	person's	experiences	and	interests	
contained	 on	 the	 résumé,	 therefore	 mitigate	 high-level	 prejudices	 from	 human	
resources	in	the	hiring	process.	MoresoMore	so,	the	developed	software	is	designed	
to	accommodate	future	updates	that	will	increase	the	system	and	satisfy	more	user	
requirements.	 We	 suggest	 that	 system	 maintenance	 must	 be	 routine	 for	 more	
effective	utilization	of	the	software.	

Although	job	recommender	systems	have	the	potential	and	ability	to	increase	
the	efficacy	and	efficiency	of	the	hiring	process,	they	have	significant	limitations	that	
must	be	resolved	to	ensure	unbiased	and	fair	suggestions.	The	developed	systems	
have	drawbacks,	 too,	 like	 the	potential	 for	bias	and	 the	 requirement	 for	ongoing	
updates	 to	guarantee	accuracy.	We	 identify	 the	 following	 likely	 limitation	 for	 the	
system.	There	is	likelihood	of	bias	in	the	utilized	data	for	training	the	algorithms,	
which	 could	 lead	 to	 suggestions	 that	were	 unfair.	 The	 suitability	 of	 the	 position	
recommendation	depends	on	the	accessibility	and	standard	of	the	data	used	to	train	
the	 model.	 The	 algorithm	 might	 not	 be	 precise	 if	 the	 data	 is	 inaccessibility,	
inaccurate	or	out-of-date.	There	is	also	the	risk	of	overfitting	the	designed.	This	may	
occur	 if	 the	 model	 is	 very	 complicated	 or	 the	 training	 data	 for	 the	 model	 was	
insufficient	and	may	likely	make	the	model	perform	well	on	training	data	but	poorly	
on	 new	 data.	 Lastly,	 inability	 to	 capture	 some	 non-cognitive	 qualities	 such	 as	
communication	 and	 teamwork,	 which	 are	 essential	 for	 job	 success	 but	 not	
considered	by	job	recommender	systems.		

Despite	 these	 limitations,	 the	 outcome	 still	 leads	 to	 more	 fulfilling	 and	
successful	 job	matches	while	respecting	user	privacy	and	preferences.	Therefore,	
we	suggest	that	corporations,	higher	institutions,	and	ministries	should	adopt	the	
software	to	ease	job	requirements	process.	
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