
Volume	2	Issue	11,	2021	

DOI:	10.6981/FEM.202111_2(11).0069	

513	

Frontiers	in	Economics	and	Management	

ISSN:	2692‐7608	

Predict	Prices	of	Second‐hand	House	Using	GBDT	Algorithm	and	
PSO	Algorithm	

Hanyu	Zhu*,	Hongbo	Li	

School	of	Management,	Shanghai	University,	Shanghai	200444,	China	

Abstract	
Due	to	the	continuous	rise	of	house	prices,	the	Second‐hand	housing	market	is	becoming	
more	 and	 more	 prosperous	 in	 large‐scale	 cities.	 This	 paper	 will	 comprehensively	
consider	the	attributes	of	Second‐hand	houses	and	surrounding	environmental	factors,	
and	make	a	prediction	of	the	transaction	price	of	Second‐hand	houses	in	Beijing	using	
the	GBDT	regression	algorithm,	a	classical	algorithm	in	fields	of	ensemble	learning.	The	
experimental	data	comes	from	a	well‐known	Second‐hand	housing	trading	platform	in	
China,	and	we	use	the	public	map	service	API	to	collect	the	information	of	supporting	
facilities	around	the	searched	Second‐hand	house.	Besides,	we	use	Tableau	to	visually	
analyze	 the	 data	 in	 the	 preprocessing	 process.	 PSO	 algorithm	 is	 used	 to	 adjust	 the	
parameters	 of	 GBDT	 algorithm	 to	 improve	 its	 performance.	 Through	 computational	
experiments,	based	on	a	large	number	of	actual	transaction	data,	it	is	verified	that	the	
proposed	prediction	algorithm	is	better	than	lasso	regression	algorithm	on	a	number	of	
evaluating	indicators.	

Keywords	

Regression	Prediction;	GBDT	Algorithm;	PSO	Algorithm;	Data	Visualization.	

1. Introduction	

"Living	in	peace"	has	always	been	the	ideal	life	pursued	by	people.	Housing	has	always	been	the	
focus	of	social	attention,	which	is	related	to	people's	basic	life	security	and	social	stability.	But	
in	China,	house	prices	have	been	 rising	 in	35	 large	and	medium‐sized	 cities	 since	 the	 early	
1990s	(Kuang,	2010).	With	the	promotion	of	China's	urbanization,	more	and	more	resources	
are	concentrated	in	large	cities,	resulting	in	a	large	influx	of	population	into	large	cities	such	as	
Beijing,	Shanghai	and	Guangzhou,	which	makes	housing	resources	tight	and	house	prices	rise	
further.	From	2010	to	2017,	domestic	house	prices	have	been	high	in	the	southeast	and	low	in	
the	northwest,	decreasing	from	the	coast	to	the	inland	(Zhou	et	al,	2019).	
In	cities	with	high	house	prices,	many	people	choose	to	buy	Second‐hand	houses	with	relatively	
low	house	prices.	According	to	the	data	published	by	CRIC	Research	Center	at	the	end	of	June	
2018,	 the	number	of	 Second‐hand	houses	 in	 first‐tier	 cities	 such	as	Beijing	 and	Shanghai	 is	
much	 higher	 than	 that	 in	 second‐tier	 cities	 such	 as	 Changsha	 and	 Wuhan.	 Therefore,	 the	
prediction	of	Second‐hand	housing	prices	in	large‐scale	cities	has	great	practical	significance.	
This	can	not	only	help	consumers	better	know	the	market	trend,	but	also	help	house	agents	
determine	a	more	reasonable	Second‐hand	house	price.	
The	prediction	of	Second‐hand	housing	prices	can	be	roughly	divided	into	macro	prediction	
and	micro	prediction.	Macro	prediction	is	to	use	some	time	series	models	or	regression	models	
to	 predict	 the	 average	 price	 of	 Second‐hand	 houses	 in	 a	 region	 according	 to	 the	 recorded	
transaction	price	of	Second‐hand	houses	in	history	or	the	market	policy	in	the	past	period	of	
time.	 In	 contrast,	micro	 prediction	 is	mainly	 aimed	 at	 a	 single	 real	 estate,	 and	 using	 some	
characteristics	for	prediction,	of	which	mostly	reflect	the	attributes	of	the	houses	to	be	sold.	For	
example,	Gong	(2018)	select	the	facilities	(banks,	cafes,	etc.)	within	one	kilometer	around	the	
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house	as	the	independent	variable	to	estimate	the	price	of	Second‐hand	houses	in	Wuhan;	Li	
(2018)	use	BP	neural	network	 to	predict	 the	Second‐hand	house	prices	 in	Beijing	based	on	
12000	 source	 data	 from	 2016	 to	 2017,	 which	 carefully	 consider	 the	 location,	 house	 type,	
building	area,	floor,	decoration,	elevator	and	other	conditions	of	the	house.	Chang	(2019)	also	
uses	ARIMA	model	to	predict	house	prices,	but	 it	combines	image	recognition	technology	to	
extract	house	feature	data	from	house	pictures	for	prediction.	
This	paper	will	also	predict	the	house	price	of	Second‐hand	housing	from	a	micro	perspective.	
However,	 in	addition	to	the	attribute	characteristics	of	the	house	itself	(location,	house	area	
and	house	type),	we	also	use	a	public	location	search	API	(provided	by	Baidu	Map	SDK)	to	find	
the	living	facilities	within	a	certain	range.	We	take	the	surrounding	facilities	of	the	house	and	
the	house	natural	attributes	as	the	characteristics	for	prediction,	and	consider	multiple	factors	
affecting	the	price	of	Second‐hand	houses.	
Gradient	boosting	algorithm	(GBDT	algorithm)	is	a	very	popular	ensemble	learning	method	in	
recent	 years,	 which	 has	 been	 widely	 used	 in	 prediction	 problems	 in	 all	 walks	 of	 life.	 In	
equipment	 troubleshooting,	Liu	et	 al.	 (2019)	use	GBDT	 to	predict	 the	 life	 cycle	and	various	
breakdowns	of	power	equipment,	of	which	the	accuracy	is	more	than	90%.	In	advertising,	He	
et	al.	(2019)	combine	the	lifting	tree	algorithm	with	the	stacking	algorithm	to	predict	the	click	
rate	of	online	advertising,	and	conduct	experiments	on	real	advertising	data	sets.	The	value	of	
AUC	of	GBDT‐Stacking	integrated	model	is	at	least	4%	higher	than	that	of	the	comparison	model.	
In	terms	of	traffic	management,	Lin	et	al.	(2018)	propose	a	prediction	method	based	on	multi‐
feature	GBDT	model,	which	uses	three	effective	new	features	to	predict	the	short‐term	traffic	
flow	of	Guangzhou	airport	expressway	toll	station.	
Based	on	the	superior	performance	of	the	gradient	lifting	algorithm	in	many	studies,	this	paper	
will	also	use	the	GBDT	algorithm	to	predict	the	unit	price	of	Second‐hand	houses	(the	price	per	
square	meter).	At	present,	only	a	few	relevant	studies	use	the	GBDT	algorithm	for	the	micro	
prediction	of	Second‐hand	house	prices.	In	addition,	we	use	PSO	algorithm	to	determine	the	
value	of	key	parameters	in	GBDT	algorithm,	which	is	different	from	the	common	grid	search	
method	or	enumeration	method.	
The	 structure	 of	 this	 paper	 is	 as	 follows:	we	 introduce	 the	 collection	 and	 preprocessing	 of	
experimental	data	in	section	2	and	the	principle	of	the	GBDT	regression	algorithm	we	used	are	
shown	in	section	3.	In	section	4,	we	describe	the	process	of	the	experiment,	including	tuning	
parameters,	 indicators	 selection	 and	 results	 comparison.	 The	 final	 section	 concludes	 with	
discussions	of	implications	and	future	research	directions.		

2. Data	

2.1. Data	Collection	
The	Second‐hand	housing	information	used	in	this	paper	comes	from	the	HomeLink,	a	well‐
known	Second‐hand	house	trading	platform	in	China.	The	used	data	set	can	be	obtained	from	
an	online	website.	We	select	the	Second‐hand	housing	information	of	Beijing	in	the	data	set,	
which	contains	23440	samples	and	11	features	(description,	name	of	community,	layout,	house	
area,	number	of	people	concerned,	times	of	viewing,	release	time,	total	price,	unit	house	price,	
district,	longitude	and	latitude).	
Since	the	above	features	do	not	describe	the	surrounding	environment	of	the	house,	according	
to	 the	research	of	Shang	et	al.	 (2010),	 the	supporting	 living	 facilities	around	should	also	be	
considered	when	evaluating	the	house.	Therefore,	this	study	uses	the	circular	area	place	search	
API	 provided	 by	 an	 open	 platform	 (Baidu	Map,	 2020).	We	 take	 the	 longitude	 and	 latitude	
information	of	the	sample	as	the	center	of	the	circle,	and	consider	whether	there	are	schools,	
hospitals,	subway	stations,	markets	and	other	facilities	within	a	given	radius.	Based	on	the	data	
exacted	 from	 returned	 information,	 we	 extend	 5	 features	 (whether	 there	 are	 schools/	
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hospitals/	 subway	 stations/	 markets/	 shopping	 malls	 near	 the	 house)	 to	 describe	 the	
surroundings	of	the	house.	

2.2. Data	Preprocessing	
Because	there	are	some	duplicate	and	missing	values	in	the	original	data,	and	some	features	
adopt	string	format,	which	is	not	suitable	for	prediction	algorithms.	Therefore,	we	carry	out	
some	preprocessing	programs	on	the	original	data	set.	
	

Table	1.	Features	of	data	

Name	 Meaning	 Values	and	explanations	

Layout	 The	layout	of	a	
house	

1:	one	bedroom	&	no	living	room;	
2:	one	bedroom	&	one	living	room;	
3:	two	bedrooms	&	one	living	room;	
4:	two	bedrooms	&	two	living	rooms;	
5:	three	bedrooms	&	one	living	room;	
6:	three	bedrooms	&	two	living	rooms;	
7:	four	bedrooms	&	one	living	room;	
8:	four	bedrooms	&	two	living	rooms;	
9:	five	bedrooms	&	two	living	rooms;	

House	
area	

The	total	area	of	a	
house	

1:	smaller	than	60	 	(small);	
2:	60~150	 	(medium);	
3:	bigger	than	150	 	(big)	

District	
The	location	of	a	

house	

1:	Xicheng	District;	2:	Dongcheng	District;	3:	Haidian	District;	4:	
Chaoyang	District;	5:	Fengtai	District;	6:	Shijingshan	District;	7:	

Tongzhou	District;	8:	Daxing	District;	9:	Yizhuang	Development	Zone;	
10:	Changping	District;	11:	Shunyi	District;	12:	Mentougou	District;	
13:	Fangshan	District;	14:	Yanqing	District;	15:	Yanjiao	District;	16:	

Huairou	area;	17:	Miyun	area	

Ring	road	
The	ring	road	of	
the	house	located.	

1:	within	2nd	ring	road;	2:	3rd	~4th	ring	road;	3:	5th	~6th	ring	road;	
4:	outside	6th	ring	road	

Distance	
The	Euclidean	
distance	from	the	

city	center.	
Continuous	float	

School	

Whether	there	any	
primary	and	

secondary	schools	
within	3km	

0:	No	schools;	1:	primary	or	secondary	schools;	2:	primary	and	
secondary	schools	

Subway	
Whether	there	any	
subway	stations	
within	2km	

0:	No	subway	stations;	1:	a	subway	station	at	least	

Hospital	
Whether	there	any	
hospitals	within	

5km	
0:	No	hospitals;	1:	a	hospital	at	least	

Shopping	
mall	

Whether	there	any	
shopping	malls	
within	2km	

0:	No	malls;	1:	a	shopping	mall	at	least	

Market	
Whether	there	any	
markets	within	

2km	
0:	No	markets;	1:	a	market	at	least	

Unit	price	 Price	of	a	square	
meter	

The	final	explanatory	variables,	the	units	are	yuan/ 	(￥/ )	
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Since	the	data	set	is	crawled	directly	from	the	online	website	(https://www.kesci.com/home/	
dataset/58acf5acd2445916845b402c/files),	there	are	some	noise	data	need	to	be	deleted.	First,	
we	delete	the	duplicate	records	in	the	data	set.	It	was	observed	that	the	values	of	"house	area"	
in	some	records	are	vacant.	Considering	the	sufficient	amount	of	data,	the	missing	data	records	
are	deleted.	The	features	"	description	"	and	"	name	of	community	"	are	mostly	in	text	format	
and	cannot	clearly	reflect	the	characteristics	of	the	house,	so	these	two	features	are	deleted.	
Similarly,	the	three	original	features	of	"number	of	people	concerned",	"times	of	viewing	"	and	
"release	time"	are	deleted	either.	Because	the	feature	"total	price"	represents	the	price	of	the	
total	house,	which	is	related	to	the	house	area,	the	prediction	goal	of	this	study	is	the	unit	house	
price	per	square	meter,	so	the	feature	"	total	price"	is	deleted.	
"Layout"	 is	 a	 categorical	 variable,	which	 describe	 the	 layout	 of	 a	 house	 and	 can	 reflect	 the	
functional	attributes	of	houses.	There	are	48	house	types	in	the	original	data	set.	After	statistics,	
the	data	volume	of	some	layout	types	is	too	small.	These	fragmented	data	samples	(the	number	
of	samples	is	less	than	100)	are	eliminated.	Finally,	9	mainly	house	types	are	retained,	and	the	
remaining	 samples	 are	 numbered	 from	 1	 according	 to	 structural	 complexity.	 The	 specific	
number	and	corresponding	house	type	are	shown	in	Table	1.	
"District"	describes	the	area	where	the	house	is	located.	The	original	data	set	contains	samples	
of	17	districts	in	Beijing.	These	districts	are	ordered	according	to	its	proximity	to	the	center	of	
Beijing.	See	Table	1	for	the	details.	In	order	to	better	describe	the	distance	between	the	house	
and	the	city	center,	based	on	the	longitude	and	latitude	of	the	house	and	the	center	of	Beijing	
(116.40	E,	39.93	N),	we	calculate	the	Euclidean	distance	from	the	center	of	Beijing	of	the	house	
as	a	new	feature.	In	addition,	in	reality,	we	often	use	"ring	road"	to	describe	the	geographical	
location,	so	we	evaluate	the	ring	number	of	the	house	and	add	a	new	feature.	We	use	some	
discretization	 method	 to	 deal	 with	 the	 feature	 "house	 area",	 which	 can	 convenient	 the	
prediction	process.	
After	data	preprocessing,	the	detailed	features	are	shown	in	Table	1.	There	are	10	explanatory	
variables,	 and	 the	 unit	 price	 of	 the	 house	 is	 used	 as	 the	 prediction	 variable.	 After	 cleaning,	
20833	samples	are	available.	

2.3. Descriptive	Analysis	
In	this	section,	the	data	visualization	software	Tableau10.5	will	be	used	for	descriptive	analysis	
of	 the	data.	From	the	results,	we	can	see	 the	samples	have	great	differences	 in	 the	selected	
features.	In	the	existing	20833	records,	the	lowest	unit	price	is	10873	yuan/ ,	the	highest	is	
149963	yuan/ ,	and	the	average	value	is	about	59612	yuan/ .	
	

Table	2.	The	proportion	of	samples	in	different	districts	
Ring	roads	 District	 Number	of	Samples	 Proportion	

Within	2nd	ring	road	
(10.53%)	

Xicheng	District	 1199	 5.76%	
Dongcheng	District	 994	 4,77%	

3rd	~4th	ring	road	
(39.98%)	

Haidian	District 2618 12.57%
Chaoyang	District	 2599	 12.48%	
Fengtai	District	 2598	 12.47%	

Shijingshan	District	 514	 2.47%	

5th	~6th	ring	road	
(40.52%)	

Tongzhou	District	 1645	 7.90%	
Daxing	District 1640 7.87%

Yizhuang	Development	Zone	 462	 2.22%	
Changping	District	 2674	 12.84%	
Shunyi	District	 1034	 4.96%	

Mentougou	District	 290	 1.39%	
Fangshan	District 696 3.34%

Outside	6th	ring	road	
(8.98%)	

Yanqing	District	 2	 0.01%	
Yanjiao	District	 1861	 8.93%	
Huairou	District	 2	 0.01%	
Miyun	District	 5	 0.02%	
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Table	2	shows	the	number	of	samples	of	each	ring	road	and	district	in	the	data	set	and	their	
ratio	to	the	total	records.	It	can	be	seen	that	a	large	number	of	houses	are	located	between	the	
3rd	 ring	 road	and	 the	6th	 ring	 road,	 and	 there	are	 few	houses	within	 the	2nd	 ring	 road	or	
outside	the	6th	ring	road.	Figure	1	shows	the	change	trend	of	the	average	unit	house	price	of	
Second‐hand	houses	in	various	districts.	It	can	be	seen	that	the	farther	away	from	the	city	center,	
the	lower	the	average	unit	house	price.	
	

	
Figure	1.	Average	unit	house	prices	in	different	districts	

 

Figure	2	shows	the	impact	of	layout	in	different	ring	lines	on	the	average	price.	It	can	be	seen	
that	no	matter	which	layout,	the	house	price	decreases	with	the	increase	of	the	number	of	ring	
roads.	The	house	with	high	unit	price	are	small	and	medium‐sized	such	as	one	bedroom	and	
one	living	room,	two	bedrooms	and	one	living	room	or	three	bedrooms	and	one	living	room.	
Because	these	kinds	of	layout	can	meet	the	purchase	needs	of	most	buyers,	of	which	the	demand	
is	relatively	large.	
	

 

Figure	2.	The	influence	of	layout	in	different	ring	roads	on	unit	price	
	

Figure	3	shows	the	relationship	between	the	total	area	of	houses	and	unit	price	 in	different	
districts.	 It	 can	 be	 seen	 that	 the	 price	 of	 small‐sized	 house	 is	 generally	 higher	 than	 that	 of	
medium‐sized	house	and	large‐sized	house.	This	may	be	due	to	the	limited	area	of	small‐sized	
houses,	so	that	the	total	price	will	not	be	too	high,	and	the	demand	for	rent	of	small‐sized	houses	
is	large,	which	has	better	investment	prospects.	
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Figure	3.	The	influence	of	total	area	in	different	districts	on	unit	price	

	

Figure	4	shows	the	impact	of	surrounding	facilities	on	the	average	unit	house	price.	It	is	found	
that	 in	most	cases,	 the	more	complete	the	surrounding	facilities,	 the	higher	the	house	price.	
However,	for	the	Second‐hand	houses	within	the	2nd	ring	road,	the	houses	far	away	from	the	
shopping	mall	 may	 have	 higher	 prices,	 which	may	 due	 to	 the	 noisy	 environment	 near	 the	
downtown.	Secondly,	it	can	be	seen	that	the	surrounding	facilities	of	houses	within	the	2nd	ring	
road	are	relatively	complete;	on	the	contrary,	the	surrounding	facilities	of	houses	outside	the	
6th	ring	road	are	relatively	lacking.	For	example,	there	is	no	subway	station	near	all	samples	
outside	the	6th	ring	road,	which	will	bring	great	inconvenience	on	traffic.	
	

 
Figure	4.	The	influence	of	surrounding	facilities	in	ring	roads	on	unit	price	

3. Prediction	Model	based	on	GBDT	Algorithm	

The	model	constructed	in	this	study	involves	the	above	10	explanatory	variables	describing	the	
house	 attributes	 and	 surrounding	 facilities.	 Taking	 the	 unit	 price	 of	 the	 house	 as	 the	 final	
prediction	target,	we	construct	a	prediction	model	based	on	GBDT	algorithm.	This	section	will	
introduce	some	principles	of	GBDT	algorithm	in	detail.	
GBDT	algorithm	is	a	combination	of	the	gradient	boosting	algorithm	and	the	regression	tree	
algorithm.	The	idea	of	gradient	boosting	algorithm	is	originally	proposed	by	Friedman	(2001),	
which	is	an	integration	of	multiple	weak	predictors	and	a	branch	of	boosting	algorithm,	that	is,	
constantly	adding	new	predictors	to	make	up	for	the	shortcomings	of	known	predictors.	If	each	
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predictor	 in	 gradient	 boosting	 algorithm	 is	 a	 regression	 decision	 tree,	 it	 is	 called	 GBDT	
algorithm.	

3.1. Basic	Priciple		
For	 the	 regression	 problem,	 it	 is	 assumed	 that	 there	 are	 training	 data	 , ,

, … , .	Suppose	there	is	an	existing	regressor	F ,	which	can	minimize	the	square	
loss	function	 	∑ , ∑ /2.	
The	regression	results	 , F , , F … , F 	can	be	obtained	by	fitting	with	the	
above	 regressor.	 The	 error	 between	 prediction	 result	 F 	and	 the	 true	 value	 	can	 be	
represented	as	 F .	If	regressor	F 	cannot	be	changed,	but	there	is	a	new	regressor	
h ,	for	which	there	is:	

h 	 F 																																																																							(1)	
	
The	 new	 The	 new	 model 	h 	can	 be	 obtained	 by	 training	 data	 , F , ,
F … , F .	 In	 this	way,	 the	 new	 predictor	F h 	will	 have	 better	 effect	
than	F .	If	the	effect	of	F h 	is	still	poor,	continue	to	add	new	regressors,	which	is	the	
basic	principle	of	gradient	boosting	algorithm	to	solve	regression	problems.	

3.2. Gradient	Descent	Method	
The	difference	between	the	gradient	boosting	algorithm	and	other	boosting	algorithms	is	that	
it	uses	gradient	descent	method	to	minimize	the	loss	function.	The	following	explains	how	the	
algorithm	applies	gradient	descent	method.	
If	there	are	already	m 1	known	predictors,	of	which	the	fitting	result	is	 .	After	adding	
the	m‐th	predictor,	the	overall	fitting	result	can	be	presented	as:	
	

	 																																																																					(2)	
	
where	 	is	 the	 fitting	 result	 of	m‐th	 predictor,	 and	 	needs	 to	 minimize	 the	 loss	
function	min∑ , .	When	solving	the	minimum	value	of	the	function,	the	gradient	
method	is	applied.	The	basic	idea	is	to	select	an	initial	point	and	iterate	it	along	the	negative	
gradient	 to	 obtain	 the	minimum	value.	Because	 the	 function	 increases	 the	 fastest	 along	 the	
gradient	direction,	the	negative	gradient	direction	decreases	the	function	value	the	fastest.	In	
this	study,	taking	 	 	as	a	parameter,	by	the	gradient	descent	method,	there	is:	
	

	 , 																																													(3)	

	

Comparing	formula	(2)	and	formula	(3),	we	can	find	 , .	So	that	

the	new	predictor	 	is	actually	to	fit	the	negative	gradient	value	of	the	loss	function	of	the	
previous	model	constructed	by	m 1	predictors.	
Therefore,	the	reason	why	formula	(1)	constructs	a	new	predictor	h 	to	fit	 	can	also	
be	explained	as	follows.	Since	the	loss	function	is	a	squared	loss,	the	corresponding	negative	
gradient	is:	

																																														(4)	

	
in	which	 	is	the	negative	gradient	of	the	squared	loss,	h 	fits	the	negative	gradient	of	
the	corresponding	loss	function.	
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3.3. Regression	Tree	
Each	base	predictor	in	GBDT	algorithm	is	CART	regression	tree.	This	section	will	explain	how	
to	use	the	structure	of	tree	for	regression.	The	model	of	regression	tree	can	be	expressed	by	
formula	(5),	Where	 	is	the	output	of	the	corresponding	leaf	node.	 ∈ 	is	an	indicator	
function,	when	 ∈ ,	its	value	is	1,	otherwise	its	value	is	0:	
	

	∑ ∈ 		 	 	 	 (5)	
	
The	regression	tree	needs	to	meet	the	requirements	of	minimizing	the	loss	function.	If	the	loss	
function	is	a	square	loss	function,	there	will	be:	
	

min∑ ∈ 	 	 	 	 	 	 (6)	

	
The	process	of	establishing	cart	regression	tree	can	be	viewed	as	a	bipartition	process	that	the	
results	of	each	split	need	to	comply	with	the	minimum	mean	square	error	(MSE).	The	specific	
method	 is	 to	 traverse	 all	 features	 	of	 the	 sample	 in	 the	 parent	 nodes	 and	 the	 multiple	
thresholds	 	of	each	feature,	and	determine	the	combination	that	can	minimize	the	square	error,	
which	can	be	used	to	divide	a	node:	
	

argmin
,

min∑ ∈ min∑ ∈ 																															(7)	

	
Formula	(7)	indicates	that	a	set	of	features	 	and	threshold	 	that	can	divide	the	sample	 	in	
the	existing	parent	node	 into	 two	categories	 , ,	 and	 the	average	value	of	 the	prediction	
target	of	 these	 two	categories	of	 samples	 is	 , .	This	set	of	 	and	 	can	minimize	 the	mean	
square	error	of	each	category.	After	determining	 	and	 ,	one	splitting	can	be	realized:	
	

, , , 	 	 	 (8)	
	
After	splitting,	 the	output	of	each	child	node	 is	 the	average	value	of	 this	category,	 the	 	in	
formula	(9)	is	the	number	of	samples	divided	into	corresponding	category:	
	

	 ∑ ∈ 	 	 	 	 	 	 (9)	

	
The	above	is	the	basic	principle	to	solve	the	regression	problem	by	using	the	tree	structure.	In	
GBDT,	the	negative	gradient	of	the	loss	function	is	used	to	fit	the	next	round	prediction	target.	
The	 training	 data	 of	 the	 ‐th	 regression	 tree	 is	 ( , ),	 ( , )…	 ( , ),	 in	
which	 , .	Apart	from	the	first	predictor	 ,	for	the	rest	basic	

predictors,	the	output	value	of	each	leaf	node	needs	to	fit	the	best	result	of	the	loss	function.	For	
the	 ‐th	regression	tree	 ,	there	are	 	leaf	nodes	 , , 1,2… ,	the	best	fitting	value	for	
each	leaf	node	is	 , :	

, argmin∑ ,∈ ,
	 	 	 (10)	
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Finally,	for	a	sample	 ,	we	sum	up	the	output	values	calculated	by	M	regression	trees,	and	add	
the	prediction	result	of	the	initial	predictor	 ,	the	predicted	value	of	this	sample	 	can	be	
obtained:		

	 ∑ ∑ , ∈ , 	 	 	 	 (11)	

4. Experiments	

This	experiment	will	be	carried	out	on	20833	effective	samples	after	preprocessing.	80%	of	the	
samples	 will	 be	 used	 as	 the	 training	 set	 and	 20%	 as	 the	 test	 set.	 We	 use	 Python	 3.7	 for	
experiments,	and	implement	GBDT	algorithm	through	gradientboostingregressor(	)	function	in	
package	sklearn.	ensemble.	

4.1. Parameter	Setting	by	PSO	
Through	 the	 above	 description	 of	 GBDT	 algorithm,	 it	 can	 be	 seen	 that	 there	 are	 many	
parameters	 in	 GBDT	 algorithm.	 Specifically,	 these	 parameters	 can	 be	 divided	 into	 two	
categories.	
The	first	type	parameters	are	related	to	the	gradient	boosting	algorithm,	including	the	number	
of	the	base	predictors	( _ ),	the	rate	of	learning	( _ ,	the	 	in	formula	
(2)	 )	 and	 the	 loss	 function	 ( ).	 Besides,	 the	 function	 gradientboostingregressor(	 )	 also	
involves	a	parameter	subsample,	of	which	the	value	is	 in	(0,1],	and	is	applied	to	control	the	
number	of	samples	for	fitting	the	learner	to	prevent	over	fitting.	
The	second	type	parameters	are	related	to	the	base	predictors,	that	is,	the	parameters	of	the	
regression	 tree,	 which	 includes	 the	 maximum	 depth	 of	 regression	 tree	 ( _ ),	 the	
minimum	number	of	samples	required	for	internal	node	division	( _ _ ,	which	is	
used	to	restrict	tree	nodes	from	continuing	to	split),	and	the	minimum	samples	of	leaf	nodes	
( _ _ ,	when	the	number	of	samples	of	a	leaf	node	is	less	than	this	value,	the	leaf	
node	and	its	sibling	nodes	are	pruned	together).	
The	values	of	 these	parameters	will	 affect	each	other	and	determine	 the	effect	of	 the	GBDT	
algorithm.	In	this	paper,	particle	swarm	optimization	(PSO)	algorithm	is	used	to	determine	the	
values	of	these	parameters.	The	basic	idea	of	PSO	algorithm	is	to	initialize	a	group	of	random	
particles	 and	 find	 the	 optimal	 solution	 by	 iteratively	 updating	 the	 speed	 and	 position	 of	
particles	(Maurice	&	Kennedy,	2002).	The	speed	of	particles	represents	the	speed	of	particle	
movement,	and	the	position	of	particles	represents	the	direction	of	movement.	Each	particle	
records	its	own	optimal	solution	in	the	search	process	as	the	individual	optimal	solution	(pbest),	
and	 the	 optimal	 solution	 in	 the	 individual	 extremum	 of	 all	 particles	 as	 the	 global	 optimal	
solution	 (gbest).	 And	 each	 particle	 updates	 itself	 by	 tracking	 the	 pbest	 and	 the	 gbest.	
Specifically,	 the	current	position	of	a	particle	 is	 set	 to	be	 ,	 the	speed	 is	 	and	 its	 fitness	 is	
noted	as	 .	By	updating	by	the	pbest	and	the	gbest,	the	new	position	and	speed	is	 	and	
:	

	 	 pbest 	 gbest 	
	 	

	
In	which,	 , 	are	the	learning	rate	and	 	 	is	a	randomly	generated	decimal	within	[0,1].	
If	 	is	better	than	the	pbest,	replacing	the	pbest	with	 and	recording	the	position	of		 .		
In	this	study,	the	values	of	each	parameter	are	formed	into	a	vector,	which	is	represented	as	a	
particle	 .	 Firstly,	 a	 group	of	particles	 (initial	population)	are	 initialized	 randomly,	 and	 the	
initial	velocity	of	particles	is	0.	After	each	iteration,	the	fitness	function	 	is	the	root	mean	
square	error	(RMSE)	of	the	GBDT	algorithm	on	the	test	set	under	the	corresponding	parameter	
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combination.	 The	 smaller	 the	RMSE,	 the	 better	 the	 fitting	 effect	 and	 the	more	 accurate	 the	
prediction.	
The	 implementation	of	PSO	algorithm	 in	 the	experiments	depends	on	a	 library,	optunity,	 in	
Python.	The	tuning	process	of	the	PSO	algorithm	can	be	carried	out	through	the	particleswarm()	
function	 in	optunity.	Solvers.	Particleswarm	module.	According	 to	 the	documents	 (optunity,	
2014),	 1.5 	and	 2 .	 The	 maximum	 number	 of	 generated	 particles	 is	 set	 to	 500.		
Therefore,	according	to	the	setting	of	particleswarm()	function,	20	particles	are	generated	in	
each	iteration,	and	there	are	25	iterations	in	total.	The	loss	function	is	the	square	loss	function,	
and	 the	 other	 parameters	 are	 finally	 set	 as	 follows:	 _ 	276, _
0.06, 0.8, _ 11, _ _ 2, _ _ 3.	

4.2. Evaluating	Indicators	
In	this	paper,	the	following	three	evaluation	indicators	will	be	used	to	evaluate	the	effect	of	the	
prediction	model:	
(1)	Mean	Absolute	Percentage	Error	(MAPE):		
	

MAPE 	
1

| | 	 100%	

	
In	which,	 	is	the	number	of	samples,	 	is	the	true	value	of	the	predictive	variable	and	 	is	
the	predicted	value	obtained	by	our	GBDT	model.	MAPE	belongs	to	the	range	[0,	+∞),	when	
MAPE	=	0%,	the	model	is	perfect.	On	the	contrary,	if	MAPE	>	100%,	the	model	is	in	very	bad	
performance.	The	smaller	the	MAPE,	the	better	the	model	is.	
(2)	Root	Mean	Square	Percentage	Error	(RMSPE):		
	

RMSPE 	
1

	

	
The	smaller	the	RMSPE	value,	the	closer	the	predicted	value	is	to	the	true	value,	and	the	better	
the	effect	of	it.	
(3)	Goodness	of	Fit	( ):	

1
∑
∑

	

	
where	 	is	 the	 mean	 value	 of	 the	 true	 value	 being	 predicted.	 	is	 an	 effective	 index	 to	
evaluate	the	linear	regression	model,	of	which	the	range	is	[0,1].	The	closer	the	value	of	 	is	to	
1,	the	better	the	prediction	effect	is.	

4.3. Main	Experiment	Results	
In	order	to	compare	the	effect	of	our	prediction	model,	this	study	compares	the	optimized	GBDT	
algorithm	(the	parameters	are	tuned	by	PSO	algorithm),	non‐optimized	GBDT	algorithm	and	
Lasso	 regression	 algorithm	 (Trevor	 et	 al.,	 2015)	 together.	 Three	 different	 indicators	 are	
adopted	to	evaluate	the	performance	of	the	three	algorithms.	The	lasso	algorithm	also	uses	PSO	
algorithm	(section	4.1)	 to	confirm	the	optimal	parameters	 (the	alpha	value	 is	75).	The	 final	
results	are	shown	in	Table	3.	
It	can	be	seen	from	Table	3	that	the	GBDT	algorithm	after	parameter	tuning	performs	best	in	
all	evaluation	indicators.	Since	the	training	set	and	test	set	are	divided	first	in	the	experiment,	
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the	three	algorithms	will	be	tested	on	the	same	test	set.	It	can	be	seen	that	the	average	error	
between	the	optimized	GBDT	algorithm	prediction	result	and	the	true	value	is	less	than	10%.	
Although	the	effect	of	the	non‐	optimized	GBDT	algorithm	is	not	as	good	as	the	optimized	GBDT	
algorithm,	 it	 is	 better	 than	 the	 lasso	 regression	 algorithm.	 It	 may	 because	 that	 the	 lasso	
regression	is	more	suitable	for	linear	regression,	but	the	relationships	between	various	factors	
and	house	price	are	nonlinear.	The	 	value	also	shows	that	the	optimized	GBDT	algorithm	are	
good	fitting.	
	

Table	3.	The	comparison	results	among	three	different	algorithms	
Algorithms	 MAPE	 RMSPE	 R 	

Non‐optimized	GBDT	 14.60%	 0.212	 0.79	
Optimized	GBDT	 9.47%	 0.146	 0.88	
Lasso	regression	 21.03%	 0.285	 0.65	

5. Conclusion	

This	study	uses	GBDT	algorithm	to	predict	the	price	of	Second‐hand	housing	 in	Beijing.	The	
selected	features	for	prediction	include	attribute	features	describing	the	nature	features	of	the	
house	itself	and	environmental	features	describing	the	surrounding	environment	of	the	house.	
After	data	preprocessing,	the	descriptive	analysis	is	carried	out	based	on	the	data	visualization,	
and	 it	 is	 found	 that	 the	 samples	have	great	differences	 in	 the	 selected	 features.	Then	GBDT	
algorithm	is	used	for	prediction,	of	which	the	multiple	parameter	settings	are	optimized	by	PSO	
algorithm.	Finally,	based	on	computational	experiments,	all	the	evaluation	indicators	show	that	
GBDT	algorithm	has	great	advantages	over	the	lasso	regression	algorithm,	and	the	parameter	
tuning	by	PSO	algorithm	is	very	helpful	to	improve	the	performance	of	the	GBDT	algorithm.	
This	 paper	 integrates	 the	 house	 attributes	 and	 surrounding	 environmental	 conditions	 to	
predict	the	prices	of	Second‐hand	houses,	and	uses	a	new	ensemble	learning	method,	which	is	
innovative	in	application	and	operations.	This	article	also	has	some	room	for	progress,	the	first	
question	is	that	the	feature	selection	does	not	involve	the	indicators	of	house	quality,	such	as	
the	building	age,	decoration	conditions,	the	quality	of	sewer	and	circuit	system,	etc.,	which	will	
greatly	affect	the	price	of	Second‐hand	houses	in	reality.	However,	due	to	the	lack	of	unified	
standards	 for	 the	 existing	 Second‐hand	housing	 transaction	process,	 such	 features	 are	 very	
difficult	 to	obtain.	The	second	hand	 is	 the	 loss	 function	applied	 in	 the	parameter	 tuning	 for	
GBDT.	As	we	only	adopt	the	square	 loss	function	in	this	paper,	actually,	more	 loss	 functions	
could	be	used	to	explore	the	comparable	prediction	effects.	Future	research	can	be	improved	
and	expanded	from	the	above	two	aspects.	
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