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Impact of Pre-sale Home Increment on the Volatility Error of

ExistingHousingPrices
Abstract

During periods of economic prosperity, real estate developers launch numerous pre-sale housing
projects to expand business opportunities, fill market supply gaps, and reduce the demand forco
mpletedhomes, therebystabilizinghousingprices.However,mostpeopledonotperceive housingprice
sasstabilizing. Thisraisesresearchinterestinwhetherthevolumeofpre-sale housing projects can miti
gate the demand for completed homes and achieve price stability. This study aims to explore the
impact of pre-sale housing project volumes on the volatility error oftransactionpricesofcompleted
homes.Currently,themainstreamproductinthemarketfor completedhomesiscollectivehousing,typic
allyclassifiedbasedonbuildingheightandthe presenceofelevatorfacilitiesintoapartments,mid-risebu
ildings,andhigh-risebuildings.Dueto changesin the construction environment, the number of new
apartmentbuildingshassharply decreased, making older apartments the primary objects of transac
tions.The study found that the ARIMA(2,1,0)-GARCH(1,1)modelisthebestmodelandexhibitsclust
eringvolatility. The GARCH(-1)volatilitycoefficient|S;|=0.957913<1lindicatingthatvolatilitydecre
ases geometrically over successive periods, achieving stability. When the volume of pre-sale hou
sing projectsisincludedinthemodel,theGARCH(-1)volatilitycoefficient|5;|=1.032349>1, indicatin
gthatvolatilityincreasesgeometricallyoversuccessiveperiods,failingtoachieve stability.Furthermor
e,theinterferencecoefficientd=0.0012>0forpre-salehousingprojectsvolumesdoes notreducevolatili
ty.The price volatility model without incorporating pre-sale house project volumes is convergent.
However, once pre-sale house project volumes are included, the model fails to effectively stabili
ze price volatility. This suggests that the market's expectations regarding the volume of pre-sale

house projects volumes do not effectively stabilize price volatility.
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1. Introduction

Thepre-salehousingmarketisauniquetransactionsystemprevalentinTaiwan,Hong Kong,
and China, and is one of the common ways for people to purchase homes. Consequently, r
esearch on pre-sale housing focuses on these regions. For example, in Taiwan, Lee andYan
g (2010) observed that the pre-sale houses possess futures characteristics, and examining th
e base period gaps and changes helps understand their substitutability. Chiang.et.al. (2019)
observed long-term forecasts of pre-sale and existing home market prices, aiding in price in
formationflowandmarketpricestabilization. Wang etal. (2022)usedthecobwebmodel andfor
ward contractpricingmodeltoillustratethatthedemandforspothousinginthereal estatemarketre
actsimmediately,andduetothelaginthesupplyofexistinghomes,demand may shift to the pre-s
ale housing market, alleviating the demand for existing homes but causing overheating in t
he pre-sale market. The intense demand for existing homes can impact pre-sale prices, prev
enting convergence. Whether the price adjustment function of pre-sale supply backfires is
debatable. Studies have shown that over the past few decades, the decline in natural interest
rates in developed economies has been accompanied by significantincreasesinhousingprice
volatility,verifyingthatrecentTaiwanesegovernment policies on interest rates and land holdi
ng costs have not been suppressive.

ResearchinChina,suchasbyWang.etal.(2007)onShanghaihousingprices andChi andWa
ng.(2010)onYunnanProvincehousingprices,concludedthat thepre-salehousingmarketstabiliz
estheexistinghomemarket.InHongKong,Wongetal. (2006) researched housing price volatilit
y and pointed out that the pre-sale housing market has a stabilizing effect on the prices of e
xisting homes. Most studies agree that the volume of pre-sale housing projects and existing
home prices have mutual regulatory functions. Therefore, developers often choose to launc
h many pre-sale houses during economicboomstoeffectivelyseizebusinessopportunities,fillt
hesupplygapintheexisting home market, and alleviate the demand for existing homes, expe
cting this adjustment to stabilize prices. However, most people often do not perceive price
stabilization, raising the researchquestion:Canthevolumeofpre-salehousingprojectsstabilizet
hepricesofexisting homes?

This study aims to observe the volume of pre-sale housing projects and the resulting
volatilitywhether it persists, diverges, or converges to explore the stability of housing price

fluctuationsandsatisfytheresearchmotivation.Pre-salehouseshavethecharacteristic
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of supply lag and usually achieve equilibrium prices through periodic price adjustment pro
cesses. Thisprocessinvolvesthevolumeofpre-salehousingprojectsinthecurrentperiod being de
termined by the reference price of the previous period's existing homes, while the current p
eriod's pre-sale prices areset by thecurrent market prices. Theadjustment process forms a co
bweb-like convergence trend until price equilibrium is reached.

Furthermore, housing price volatility, due to its asset preservation attribute, often exhi
bits the following major characteristics: leptokurtic density distribution, conditional varianc
e tending to change over time, strong volatility persistence (large volatility followed by lar
ge fluctuations, small fluctuations followed by small volatility), and empiricaldistributionof
assetpriceseriesshowingaheavytailphenomenon(moreresidual values). This phenomenon is
known as volatility clustering (Chen, 2020). The conditional variance equation’s condition
al variancesis used to replace risk and uncertainty,andineconomicterms,s?isseenasaquant
itativeindicatoroffluctuationrisk, or volatility and volatility clustering. Research in this area
often targets average or median transactionprices.oZisanunobservablevariableasafourth-m

omentconditionvariancebut can be estimated using the ARCH/GARCH model. Short-term i

mpacts come from the previousperiod'sresiduale,_, astheforecasterrorofthepriceaverageeq
uation.Therefore, thesizeofunexpectedimpactscanbeestimatedbyitscoefficientrepresentingth
edegreeof impact volatility. The lag terma?_;represents the previous period's conditional v

ariance. The more lag terms there are, the longer the impact time. If the coefficient |5]<1,

it will geometrically decrease; the smaller the value, the faster the decrease, and the smaller

the impact. Conversely, |5+ [>1will have the opposite effect.

The mainstream product in the existing home market is collective housing, typically c
ategorized by building height or the presence of an elevator into apartments and high-rise b
uildings. Due to changes in the construction environment, the construction of new apartme
nt-typehousinghassignificantlydecreased,focusingonolderpropertiesasthemain transactiono
bjects. Themarketinevitablyoptsforthebestpurchases,leadingtoadownward trend in transactio
n prices due to successive optimal selections.

FromAugust2012toJune2023,therewere242,957residentialrealtransactionrecords in T
aichung City, with 17,348 apartment transactions after sorting. The transaction volume byh
ousingageisshowninTablel,indicatingthatpropertieslessthan15yearsoldhavethe highest tran
saction volume for high-rise buildings, while apartments over 30 years old accountfor28.26

%oftransactions,becomingoneofthemainstreamsofoldproperty
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transactions.

Table 1 Age and Transaction Amount of Homes in Taichung City

Housing Age New constr  Newpre-owned Pre-owned h  ©ld build
uction homes 15~<30 ings 30<
Housing Type <3 <3~<15 OMeslo==

High-riseapartments 4,730 3,982 26,600 3,794
% 7.07% 8.98% 29.85% 8.97%
High-risebuildings 41,943 28,159 41,689 2,555
% 62.70% 63.47% 46.78% 6.04%
Townhouses 20,057 11,696 16,126 24,002
% 29.98% 26.35% 18.10% 56.73%
Apartments 166 526 4,702 11,954
% 0.25% 1.20% 5.27% 28.26%
Total 66,896 44,363 89,117 42,305
% 100% 100% 100% 100%

Compiled by this study
Most of the literature on housing price volatility focuses on property types such as residenti

al, office buildings, retail, factories, and apartments, further divided into one- bedroom and
two-bedroom units. Data organization often involves using monthly average transaction pri
ces or median monthly transaction prices. Several ARCH/GARCH (Generalized Autoregres
sive Conditional Heteroskedasticity) models are tested to identifythe most appropriate mode

| for estimation and interpretation.

This study uses transaction data from the Ministry of the Interior's real price registrati
on from August2012 to June2023, organized into131 periods of monthly average data. The
volume of pre-sale housing projects is derived from the Ministry of the Interior's building p
ermit statistics, organized as monthly changes, and included in the model as an exogenous
variable. First, the data properties are determined; the data in this study are non-stationary a
nd must be differenced once to transform them into stationary data. The ADF (Augmented
Dickey-Fuller test) unit root test and residual tests are conducted, and multiple ARCH/GA
RCH models are established. Using model selection criteria, the most appropriate model is
selected.

This study identifies the ARIMA(2,1,0)-GARCH (1,1) as the most suitable model for
housingpricevolatility. Thevolatilitydurationmeetsthesignificancelevelbutdoesnot convergei
nthelongterm.Beforeincorporatingthepre-salehousingprojectvolumeintothe volatility model,
the model converges; after inclusion, it diverges. This suggests that the continuous optimal
selection of old apartments for redevelopment results in a growing numberofsubstandardpr
opertiesthatdonotmeetnewdevelopmentstandards,leadingtoa significant decline in transactio

n prices and increasing price volatility.
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2. LiteratureReview
(1)Real Estate Transaction Price volatility:

Random price volatilityare a normal feature of market operations. In high-frequency
trading assets such as stocks, exchange rates, and gold, which are priced daily, large
volatility are often followed by even larger volatility, while small volatility are followed by
even smaller volatility. This phenomenon, known as volatility clustering, indicates that
large volatility are associated with large volatility and small volatility with small volatility.
Since the housing market operates with lower frequency transactions, typically reported
monthly or quarterly, it is worth investigating whether housing market price fluctuations
also exhibit volatility clustering like other assets.The following studies provide relevant

insights:

Wang and Hartzel (2020) analyzed real estate price volatility in Hong Kong from February
1993 to February 2019, using monthly transaction data for residential, office, retail, and
industrial properties. They found that all four types of real estate exhibited volatility clustering.
The factors influencing volatility varied by property type, with residential property volatility
primarily affected by exchange rates (RMB and USD), and commercial real estate volatility
mainly influenced by unemployment rates.Dufitinema(2020) studied the Finnish housing market
with a focus on apartments. The research found that more than half of the cities experienced
clustering in apartment prices, and nearly all cities showed asymmetric volatility in apartment
prices when impacted by shocks. Additionally, differences in price volatility were observed
between different types of housing. Miles (2020) examined the residential markets in all 50 U.S.
states and found that over half of the states exhibited volatility clustering.Kaulihowa and Kamiti
(2019) investigated the impact of macroeconomic factors on housing price volatility in Namibia
from Q1 2007 to Q2 2017 and supported the hypothesis that Namibian housing prices exhibit
persistent volatility.Fan et al. (2022) demonstrated that uncertainty in economic policy is a
significant factor contributing to housing price volatility.Wang et al. (2022) developed two
theoretical models to analyze the long-term equilibrium and short-term dynamics of the pre-sale
housing market, finding that the pre-sale housing market in Taiwan experienced signs of
overheating in the short term.

(2) Literature on per-sale Housing Supply:

Hua (2001) posits that both pre-sale prices and existing home prices tend toward long-
term equilibrium, but that pre-sale prices adjust more quickly than existing prices. This
suggests that the presence of a pre-sale system enhances market efficiency. The background
of this research is Taiwan, where the real estate market can be divided into the existing home
market and the pre-sale home market. The existing home market can be seen as an inventory

4
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market, while the pre-sale market is a flow market. Somerville (1999) studied the impact of

the inventory of unsold homes held by developers on the market. The research found that
factors such as the volume of new projects, the cities where these projects are located, market
conditions, the types of unsold homes, and pre-sale methods significantly affect the inventory
of unsold homes held by developers. Research by Wang et al. (2007) on housing prices in
Shanghai and by Qi and Wang (2010) on housing prices in Yunnan Province both concluded
that the pre-sale market plays a stabilizing role in the existing home market. Wong et al.
(2006) studied housing pricevolatility in Hong Kong and indicated that the pre-sale market
has a stabilizing effect on existing home price volatility. Yang and Chuang (2024) observed
that during economic prosperity, the supply of pre-sale homes tends to drive up residential
and condominium prices, leading to divergence. Mei and Lin (2017) found that the

construction cost index positively affects housing prices.

The inventory of unsold pre-sale housing and construction costs influence the volume of new
projects and, indirectly, pre-sale pricing. Since pre-sale prices adjust quickly, they impact
thevolatility in existing housing market prices. Thus, whether the volume of pre-sale projects can
contribute to housing price stability becomes a key indicator, though literature on this issue

presents varied findings.

(3)Economic Significance of Housing Price volatility

The economic significance of price volatility is often interpreted using time series
models, also known asRandom Walk (RW)models. Theexplanations forthesemodels are as
follows:1.RW Model without Intercept: The economic implication of this
modelisthatifthesupplyanddemandconditions  inanymarket remainunchanged, market
participants can use the price from the previous period as a direct reference for futureprice
expectations. In such cases, thetimeseries dataofprices (and even trading volumes) may
follow an RW model without an intercept.2.RW Model with Intercept:This model implies
that when market supply increases dueto continuous
technologicaladvancementsordemandsteadilyincreasesduetofactorslikepopulationgrowthorri
singincomes,thetimeseriesdataofprices(ortradingvolumes)mayfollowanRW model with an
intercept.3.RW Model with Random Disturbance: When factors such as input,
technological progress, and innovation are random but have a persistent an d cumulative
impact, the resulting time series data of income or prices may follow an RW model with
random disturbances (Yang,2017).

Based on the aforementioned literature, it is understood that housing price fluctuations

exhibit clustering phenomena. Some research indicates that the volume of pre-sale projects can

stabilize housing price fluctuations, while other studies suggest that it may exacerbate these
5



UNDER PEER REVIEW
fluctuations. The presence or absence of an intercept term in price fluctuation models carries

different economic implications.

3. Datum Source

(1) transaction datum
There are 489,448 pieces of transaction data registered based on the transaction prices of residential

homes in Taichung City from August 2012 to June 2023.
(2)Screeningandclassification
ThroughthedatascreeningstepsinTable2,excludingmissingandoutlierdata,atotalof242,681 valid

data points were obtained.

Table2DataScreeningProcess

Step NumberofRemovedData ValidData (pieces)
(1)Populationdata - 489,448
(2)Integrationofhouseandland 142,999 346,449
(3)Housingproduct 100,453 245,996
(4)Removedmissingvalue 3,015 242,981
(5)Removeddeviationvalue (take
3 standard deviations) 24 242,957
Total 246,491 242,957

Thesedataareclassifiedaccordingtohousingtypes,namely,high-riseapartments,high-rise
buildings, townhouses, and apartments. Difference between high-rise apartments and high-rise
buildingsisonlybuildingheight,whileallotherconditionsarethesame. Hence,thedataofhigh- rise
apartments and high-rise buildings are combined. As shown in Table 3, there are 242,681 pieces
of housing transactions, of which 153,452 pieces are high-rise apartments and high-rise
buildings, (39,106 pieces of high-rise buildings and 114,346 pieces of high-rise apartments),
71,881 pieces are townhouses and 17,348 pieces are apartments (no elevator, no more than 5

stories).

Table3ClassificationofResidence

PropertyCategory Numberof Transactions
(1)High-riseapartments andhigh-risebuildings 153,452
(2)High-riseapartments(withelevator,nomorethan10stories) 39,106
(3)High-risebuildings(withelevator,morethanl1stories) 114,346
(4)Townhouses(singlestreetnumberfortheentirebuilding) 72,157
(5)Apartments(noelevator,nomorethan5stories) 17,348
Total 242,957

(1) Sourceofpre-salehomes:

Thenumberofconstructionlicensesapproved and issuedforresidentialbuildingsoverthe years
is sourced from the construction statistics published by the National Land Management
AgencyfromAugust2012toJune2023.Thereare244,116householdsfromAugust2012toJune

2023.Thelowestnumberoflicensesapprovedandissuedis413inFebruary2016andthehighest number
6
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is 6,792 in January 2021. The average monthly number is 1,864. Statistics of all these months

are organized into Table 4.
Toaddresstheissueofdifferentcalculationunitsandthedisparityinvolumeofthisvariable, we use

the absolute value of the monthly rate of change: |(Current month quantity - Previous month

quantity) / Previous month quantity|. This represents the absolute monthly increment of pre-sale

houses.
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Table4MonthlyStatisticsTableofConstructionLicensesforResidentialBuildings(Unit:Household)

Period  2012M8 2012M9 2012M10 2012M11 2012M12 2013M1 2013M2 2013M3 2013M4 2013M5 2013M6 2013M7 2013M8 2013M9 2013M10 2013M11 2013M12
Number 1244 2199 1018 1248 1837 2076 1012 1391 1700 1965 1184 1486 1550 2498 2241 1082 1493
Period  2014M1 2014M2 2014M3 2014M4 2014M5 2014M6 2014M7 2014M8 2014M9 2014M10 2014M11 2014M12 2015M1 2015M2 2015M3 2015M4 2015M5
Number 876 1099 960 1471 954 1137 1561 1190 604 1113 822 940 879 1099 967 1471 954
Period 2015M6 2015M7 2015M8 2015M9 2015M10 2015M11 2015M12 2016M1 2016M2 2016M3 2016M4 2016M5 2016M6 2016M7 2016M8 2016M9 2016M10
Number 1137 1561 1190 604 1113 822 940 1131 413 1228 616 864 611 1280 1862 799 860
Period  2016M11 2016M12 2017M1 2017M2 2017M3 2017M4 2017M5 2017M6 2017M7 2017M8 2017M9 2017M10 2017M11 2017M12 2018M1 2018M2 2018M3
Number 770 2224 1258 963 684 1076 1997 1123 1419 1711 1501 920 1333 1400 1628 797 2097
Period 2018M4 2018M5 2018M6 2018M7 2018M8 2018M9 2018M10 2018M11 2018M12 2019M1 2019M2 2019M3 2019M4 2019M5 2019M6 2019M7 2019M8
Number 1573 1590 1897 938 2098 1241 2459 2109 2851 4376 792 3642 2068 1144 913 2805 2187
Period 2019M9 2019M10 2019M11 2019M12 2020M1 2020M2 2020M3 2020M4 2020M5 2020M6 2020M7 2020M8 2020M9 2020M10 2020M11 2020M12 2021M1
Number 2433 4080 1472 3130 2410 3498 2531 1456 1831 4002 3291 2633 3519 2505 2710 3655 6792
Period 2021M2  2021M3 2021M4 2021M5 2021M6 2021M7 2021M8 2021M9 2021M10 2021M11 2021M12 2022M1 2022M2 2022M3 2022M4 2022M5 2022M6
Number 1527 2550 1996 1849 2765 3364 1067 1096 2050 3362 4066 1433 1603 2729 3403 2522 4312
Period 2022M7 2022M8 2022M9 2022M10 2022M11 2022M12 2023M1 2023M2 2023M3 2023M4 2023M5 2023M6

Number 2173 2792 3226 2772 4308 2374 1549 3241 1083 1438 1185 4397
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4.ResultandDiscussionofEmpirical Analysis

Dufitinema (2020), Miles (2020), and Wang and Hartzel (2020) have identified the GARCH
effect of price volatility clustering in housing markets. Wang, Lin, and Tsai (2022) use the spider
web model and forward contract pricing model to explain the frequent occurrence of overheating in
the pre-sale housing market in the short term. Yang and Chuang (2024) indicate that the supply of
pre-sale homes contributes to the rise and divergence of residential and condominium prices.
Research by Wang .et al. (2007),Chii and Wang. (2010), and Wong. et al. (2006) suggests that the
pre-sale market has a stabilizing effect on the volatility of existing home prices. Wang.et.al (2022)
also note that the pre-sale housing market often experiences overheating in the short term. Based on
the above literature, this study establishes the following hypotheses:1. To verify whether there is a
clustering phenomenon in the price volatility of apartments in Taichung City.2. To examine whether
the impact of pre-sale project volumes on the price of apartments in Taichung City can achieve

convergence.

The ARCH model and GARCH models are employed in this research. The absolute value incrementofpre-
sale housingisfurtherexpandedasanexogenousvariabletodiscusstheinfluence of ARCH model and GARCH
model on the absolute value increment of pre-sale housing. The optimal model for impact time in this

research is as follows:

Ye|Qe~N(x,8, 02) i Eq.(4-1)
Et:yt-Xta .................................... Eq(4-2)
o= agtonel (FanEl 5 .. FAEE 4. Eq (4-3)
HereX: isthevectorofregressionequationindependentvariable;aisthecoefficientvector of

regression equation; and q is the order of lagging terms.

Xta denotes the linear combination of variables acquired byQ; (ag + aiXie +aXo+ ~ +
aiXkt).EQ. (4-2) is the mean equation and Eq. (4-3) is thevariance equation. In mean equation,
X:is the single time series ARMA, includingy;which is the deferred lagging term, and n is the
deferred lagging term of MA. Heteroscedasticity is ARCH(q), which can express the mean
equation and variance equation ARCH as ARMA(m,n)-ARCH(q).

V= Aot A Ve it &I Dy Ep g, Eq. (4-4)
ol =autaiel fanEl ot ... FAGEL g, Eq.(4-5)
GARCHmodelisthegeneralized ARCHmodelandtypical GARCH(p,q)canbeexpressed as follows:

9
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yt|Qt~N(Xt,a, 0'2) ................................. Eq (4-6)
E=Yr D, € - V. Eq(4'7)
0=t N @y e AN Bi O i, Eq.(4-8)

Wherep,gistheorderofGARCH,ifq=0,themodelisARCH(q). ARMA(2,0)isAR(2)and the model
formula of AR(2)-GARCH(1,1) is as follows

yi= dptarye1tarye o+ ...6,~N(0,02)........ Eq.(4-9)

07 =0t A €2 1 P10 1 e EQ (4-10)

Whereg?istheconditionalvariance. Itisanunobservablevariable,butitcanbeobservedviathe GARCH
model and estimated. This variable is often regarded as substitute variable of risk or
uncertainty,so  o’isaquantitativeindexusedtomeasureshiftingriskoriscalledvolatility. &2, is
regardedasthesquarenumberoftheexpectederroroflastperiodofmeanequation.azistheshort- term
accidental volatility; a higher value indicates greater influence of short-term unexpected
factors,andviceversa.Long-termcontinuousvolatilityistheaccumulationofshort-termvolatility,
i.e, coefficient p; plus coefficient a;, aot+asfi.Therefore, if |B:<1,theinfluencedecreases

geometrically,whichisaweakstationaryhypothesis.It can beobtainedthatlong-termvariance.

2 — Qo

7= 1-(a,+B1+p2)

(Yang ,2017) -

Themeanequationofthispaperisy:= ay+ayr.itasye-ot..... 7€

GARCH-IN- Variance Regressors model
o’ =aotyl_ ai et + X0 Bi 0P AOTAX e Eq (4-11)

(1) Buildingofempirical model
Inthisstudy,thedataconsistsofthemonthlyaveragepriceofapartmentsandthenumber of pre-

sale housing projects. The steps for testing are as follows:

ObserveFigurel,whichdepictsthetrendofapartmentprices. Theremightbe an intercept term.

Perform a unit root test to confirm if it is significant.

16
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Figurel Apratment Transac tion Price Trend
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Fig 1: Stationarityornon-stationarity
TheAugmentedDickey-Fuller(ADF)testforunitroothasthenullhypothesisHo"acceptunit
root"andthealternativehypothesisHi:"rejectuniteroot.”Acceptanceorrejectionofthesehypothese
s determines whether the monthly average price of apartments is stationary. Observing
Figurel,themonthlyaveragepriceofapartmentsinthisstudyappearstofollowanequationwith an
intercept term. The unit root test does not reach thesignificance level, thus we accept the
nullhypothesisHo:"Presenceofaunitroot."Thisindicatesthatthedatavariableisnon-stationary and
can be transformed into a stationary variable through differencing. The relevant test results

are as follows:

(1) ADF value of monthly apartment transactiont-statistic-0.398808 is greater than
criticalvalue(-2.884477).Ho nullhypothesisthatthereisunitrootisaccepted,asshown in
Table 5.

Table5. ApartmentStationarity Test

AugmentedDickey-Fullerteststatistic Testcriticalvalues:
t-Statistic -0.398308 1% level 5% level 10% level
Prob 0.9048 -3.482879 -2.8844717 -2.57908

Note:P* <0.05 ; P*<0.01 ; P <0.000
(2) Non-stationarydataistransferredintostationarydata

The above-mentioned non-stationary variable data, after differential verification, the test
resultsareasshowninTable6. TheADFvalue—11.84077islessthanthecriticalvalue—2.884477.
H:"rejection of a single root™ is accepted, reaching a significant level of more than 1%,

5%, and 10%. It is a stationary variable, and its trend is as shown in Figure 2 below.

Table6ApartmentDifferenceStationarity Test

AugmentedDickey-Fullerteststatistic Testcriticalvalues:
t-Statistic -11.84077 1% level 5% level 10% level
Prob.* 0.0000*** -3.482879 -2.884477 -2.579080

Note:P* < 0.05 ; P*<0.01 ; P <0.000

2. Residualtestandmodel-basedestimation
(1) ResidualofestimatorforapartmentADFtestisasshowninTable7. Thenumberoflagging  periods

needed for variables to reach white noise is determined. The statistics of the third lagging
period  (t-statistic) is  4.078789 in  Table 7. Its  significance  level
P—value0.000" hasreachedsignificancelevelandresidualiswhitenoise.

Thevariablesofthefourthlaggingperiodfailtoreachasignificancelevelandarenotlisted in the table.

Statistics of intercept term (—1.00138) fails to reach the significance level and are removed
11
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from the equation.
Table7ResidualofEstimatorforApartmentADFTest

variable coefficient t-statistic PP-VALUE
D(AP(-1)) -3.413119 -11.84077 0.000
D(AP(-1),2) 1.553688 6.513138 0.000
D(AP(-2),2) 0.730720 4.592502 0.000
D(AP(-3),2) 0.316846 4.078789 0.000
C -0.175503 -1.001380 0.319
R? 0.844202 AIC 4.216179
Log likelihood -260.6193 SBC 4.32873

Note:P*< 0.05 ; P*<0.01 ; P** <0.000

(2) Estimatethenumberoflagging periods
This study then confirms if all lagging periods reach significance level with OLS method

basedonADFtestresultsinTable8. Thethirdlaggingperiodandintercepttermareremoved
fornotreachingsignificancelevel .Estimatorforthesecondlaggingperiod (LagLength=2) is

d(APt) :]/APt_1+ﬁld(APt_1)+ﬁgd(APt_2) F i Eq (4-11)
Put coefficients of all variables into Table 8 in Eq. (4-11) to obtained. (4-12)

d(AP;) =—0.014632AP; 1—0.685238A(AP; 1)—0.458108A(AP; 5) +«..... Eq(4-12)

Table8EstimationwithOrdinaryLeastSquares(OLS)

Variable Coefficient t-statistic PP-VALUE
AP(-1) -0.014632 -1.193933 0.235
D(AP(-1)) -0.685238 -8.751284 0.000™"
D(AP(-2)) -0.458108 -5.993017 0.000™
R2 0.401243 AIC 4.438951
Log likelihood -281.0929 SBC 4.505795

Note:P* < 0.05 ; P*<0.01 ; P <0.000

(3)Model estimation
From Table 9, we observe the estimation results for the following models: ARIMA (2,1,0)-

GARCH (1,0),ARIMA(2,1,0)-GARCH(0,1),andARIMA(2,1,0)-GARCH(1,1). Table9showsthe
residual equations for the three models. In the ARIMA (2,1,0)-GARCH (1,1) model, the
ARCH(-1) statistic is -0.891478, which does not reach the significance level. In contrast, the
GARCH (-1)statisticsfortheothermodelsare109.5751***,3.340904**,and40.78289*** allof

which are significant level.

Table9 EstimatorsofAllModels

Equation ARIMA(2,1,0)-GARCH(1,0) ARIMA(2,1,0)-GARCH(0,1) ARIMA(2,1,0)-GARCH(1,1)
Variable Coefficien  z-Statistic ~ Prob. Coefficient ~ z-statistic  Prob. Coefficient  z-statistic ~ Prob.

t
AP(-1) -0.014681 -1.423194 0.155 0.003324 0.320777 0.748 0013284  -1252870  0.2103
D(AP(-1)) -0.669262 -6.781668 0.000***  -0.388361 5461878  0.0007  -0.682337 -7.362895  0.0007
D(AP(-2)) -0.444162 -5.209973 0.000=*  -0.322571 -3.803193  0.000 0448484 5345641  0.000
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C 0.095727 2.772980 0.006** 2.075634 6.944265 0.000 0.101946 3.855146 0.000
RESID(-1)"2 0021470 _ -0.891478 0373
GARCH(-1)  0.940337 109.5751 0.000***  0.669992 3.340904 0.0017  0.957913 40.78289 0.0007"
R-squared 0.407794 0.402248 0.312995
Log likelihood -254.5719 -253.0576 -268.8035
Akaikeinfocriterion 4.071435 4.063400 4.293804
Schwarzcriterion 4.205124 4.219370 4.427493

Note:P* <0.05 ; P*<0.01 ; P* <0.000
(2)Residual Testof Models
1.Residuals of all models are presented in Table 10. There is no autocorrelation residual

sequence. Correlogram squared Residual is tested. All tested models accept null hypothesis
Hothat there is no existence of “self-relevant residual sequence”, which fails to reach the
significance levele.2.As shown inTable 10, there is no obvious ARCH phenomenon in all
residuals tested with ARCH-LM.Asaresult, thesethreemodels
acceptnullhypothesisHothatthereisno “ARCH phenomenon” or ARCH effect.3. Normality test is
shown in Table 10. Assessed value of ARIMA (2,1,0)-ARCH (0,1) is 0.000011"". Null
hypothesis  Hothat there is *“normal distribution” is rejected. Both tested
valuesoftheothertwomodelsare0.211471and0.146178,respectively.NullhypothesisHothat there is
“normal distribution” is accepted. Only assessed value of ARIMA(2,1,0)- ARCH(0,1) reached

significance level and reject the existence of normal distribution.

Tablel0 ResidualTestofAll Models

Test CorrelogramsquaredResidual NormalityTest ARCH-LMF-statisticProbability/F
Model Test JarqueBeraProbability -statistic/Obs*R-squared
ARIMA(2,1,0)-ARCH(1,0) 0.052-.0.402 0.211471 0.114/0.2083
ARIMA(2,1,0)-ARCH(0,1) 0.296-0.982 0.000011 0.3688/0.3648
ARIMA(2.1,0)-ARCH(1,1) 0.057-0.435 0.146178 0.3120/0.3082

Note:P*< 0.05 ; P*<0.01 ; P <0.000
Correlogram squared Residual Test is applicable for test of small samples, so this test is

adopted to determine whether the three models pass residual test when exogenous variables not
affected by independent variables are added. Exogenous variables are increment of pre-sale
homes and regarded as supply quantity or variance regressors of residences. The last test is then
repeated.

(3) GARCH in Variance Regressors and Residual Test
The increment of pre-sale housing is an exogenous variable and is included in residual

equation for observation. In ARIMA (2,1,0)-GARCH (1,0) column of Table 11, z-statistic of
pre-sale housing increment (PREDQ) is 2.49479, coefficient is 0.000170 and significance level
is abovecritical value (0.025**), which is of significance. As for the other two models, for
ARIMA (2,1,0)- GARCH(1,1), z-statistic is 1.625313, coefficient is 0.000120 and P-
VALE=0.1041, which fails to reach significance level; for ARIMA(2,1,0)-GARCH(0,1), z-
statistic is — 1.081251, P- VALE=0.280, which is below the significance level of critical value.

13
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Therefore, only ARIMA (2,1,0)-GARCH (1,0) reaches the significance level.

Tablel1GARCHinVariance Regressors

ARIMA(2,1,0)-GARCH(L,1)

equation  ARIMA(2,1,0)-GARCH(L,0) ARIMA(2,1,0)-GARCH(0,1)
variable Coefficient ~ z-Statistic Prob. Coefficient Zz-statistic Prob. Coefficient Zz-statistic Prob.
AP(-1) -0.012076 -1.254408  0.2097 0.001753 0.155753  0.876 -0.008885 -0.966633 0.3337
D(AP(-1)) -0.651681 6.571648  0.000 -0.397623 5.663564  0.000 -0.687251 9222193 0.000
D(AP(-2)) -0.430212 4955348 0.000 -0.331632 -3.903802  0.001 -0.427384 -5.953039 0.000
C -0.119295 1403471 0.161 2.416863 5869995  0.000 -0.008745 -0.098420 0.9216
RESID(-1)"2 0.608438 3222528 0.001 -0.101085 -15.08624  0.000
GARCH(-1) 0.958039 116.0923  0.000™ 1.032349 4675.166 0.000""
PREDQ 0.000170 2249479  0.025 -0.000260 -1.081251  0.280 0.000120 1.625313 0.1041
R-squared 0.399952 0.325245 0.399225
Log likelihood -254.3775 -268.5708 -247.0239
Akaikeinfocriterion 4.068399 4.290169 3.969124
Schwarzcriterion 4.202088 4.423858 4.125094
Note:P* < 0.05 ; P<0.01 ; P <0.000
Table12 ResidualTestwithGARCHinVarianceRegressorsModel
Model ARIMA(2,1,0)- ARIMA(2.1,0)- ARIMA(2,1,0)-
Test ARCH(1,0) ARCH(0,1) ARCH(1,1)
CorrelogramsquaredResidual Test 0.091-0.499 0.327-0.951 0.579-0.956
Normality TestJarqueBeraProbability 0.319031 0.000™" 0.228376
ARCH-LMFstatisticProbability 0.2037/0.2007 0.3381/0.3342 0.5872/0.5837

F-statistic/Obs*R-square

Note:P* < 0.05 ; P*<0.01 ; P*™ <0.000
Theresultsoftheresidual testsforthethreemodelsareasshown inTablel2:

1.Statistical test of Correlogram squared Residual Test: The observed value of the 36th lagging
period is assessed to determine whether there exists self- relevant residual sequence. All these
three models have residual terms and accept Ho that there is” no existence of self-relevant
residual sequence”.2. Normality Test Jarque Bera Probability: Two models accept null
hypothesis Hy that there is “normal distribution” for observation values. Only ARIMA (2.1,0)-
ARCH (0,1) rejects the null hypothesis Ho that there is “normal distribution”.3.ARCH-LM Test:
The test determines if there is heteroscedasticity of autocorrelation residual sequence. Null
hypothesis HO is without “ARCH effect”. With significance level reaching critical value, these
three models accept null hypothesis Ho “without ARCH effect”.
(4) Model Selection Criteria

BasedonTable13,thebettermodelwasselected. TheARIMA(2,1,0)-GARCH (1,0)modelhas the
highest R-squared value at 0.399952, indicating the greatest explanatory power. The second
highestistheARIMA  (2,1,0)-GARCH  (1,1)modelwithanR-squaredof0.399225,withnegligible
difference between the two. For the AIC (Akaike Information Criterion) and SC (Schwarz
Criterion),thesmallervaluesarepreferred. TheARIMA  (2,1,0)-GARCH  (1,0)modelhasanAIC
0f4.068399andSCof4.202088,whicharelargerthantheA1Cof3.969124andSCof4.125094 for the
ARIMA(2,1,0)-GARCH(1,1) model. Therefore, the ARIMA(2,1,0)-GARCH(1,1) model is
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chosen as the most appropriate model.

Table13ModelSelectionCriteria

. ARIMA(2,1,0)- ARIMA(2.1,0)- ARIMA(2,1,0)-
ModelGoodnessoffit Test ARCH(1.0) ARCH(0,1) ARCH(1.1)
R-squared 0.399952 0.325245 0.399225
Log likelihood -254.3775 -268.5708 -247.0239
Akaikeinfocriterion 4.068399 4.290169 3.969124
Schwarzcriterion 4.202088 4.423858 4.125094

(5) Discussion

This paper estimates ARIMA(2,1,0)-GARCH(1,1) as the optimal model to explain the
volatility of apartment price, and its relevant coefficients are shown in Table 14.

Table14OptimalModel of ARCH/GARCH
equation variable AP(-1) D(AP(-1)) D(AP(-2)) C  RESID(1)"2 GARCH(-1) PREDQ

Coefficient -0.008885 -0.687251 -0.427384 -0.008745 -0.101085 1.032349  0.000120

ARIMA(2,1,0)-

GARCH(L,1) z-statistic -0.966633  -9.222193 -5.953039 -0.09842 -15.08624 4675.166 1.625313

Prob. 0.3337 0.000™" 0.0007"  0.92160 0.000"" 0.0007" 0.104100

Note:P*< 0.05 ; P*<0.01 ; P <0.000
For example, the residual equation of Eq. (4-13) can also be included into impact equations

ofexogenous variable, such as Eq. (4-14). Its influenceon volatility is observed and its degreeof
influence is discussed. For example, the rate of relative change for supply quantity of pre-sale
housing is included in this paper, take absolute value as|Ay:|. If coefficient of this exogenous
variable6>0.it means that the influence of current,a,_?on volatility increases. On the contrary, if 6<0,

then influence degree of current,a2 on current volatility decreases.

Residual equation of GARCH (1,0) iso2=ag+a, 2 1+B1021+0|Axe]........ Eq (4-13)
Put coefficients in Table 14 into Eq. (4-13)
02=—0.008745—0.1010855% ;+1.03234902 ;+0.00012|Ax¢]....cevvv...... Eq (4-14)

The clustering of apartment price volatility in Taichung City is comparable to the volatility ¢
lustering observed in real estate markets in Hong Kong, 15 regions in Finland, and half of the rea
| estate markets in 50 U.S. states. Apartments, with their low-density use, are considered non-mai
nstream properties in metropolitan areas. The empirical results of this study indicate that resident
ial price volatility in Taichung City exhibits clustering phenomena, consistent with existingliterat
ure. Kaulihowaand Kamari (2019) provide empirical evidence that macroeconomic factors suppo
rt the persistence of volatility. Wang et al. (2022) established housing price models using indices
from four cities: Taipei, New Taipei, Taichung, and Kaohsiung, revealing that the pre-sale housi

ng market frequently experiences overheating in the short term. This study further finds that incr
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easing the supply of pre-sale housing during periods of strong demand does not effectively stabili

ze price volatility.

The addition of pre-sale project volumes does not help to converge the previously declining
apartment prices. Under the opportunity for redevelopment of old apartments, well-located apart
ments become preferred targets for developers, leading to a growing number of apartments deem
ed unsuitable for redevelopment. Consequently, the downward price trend continues and does no

t achieve convergence.

5. Conclusion

In this study, residential buildings are categorized into high-rise apartments and condomini
ums. Using the transaction prices of condominiums in Taichung City as the empirical observatio
n object, the most suitable model after various tests is the ARIMA(2,1,0)-GARCH(1,1) price vol
atility model. When excluding the volume of pre-sale housing projects, the GARCH(-1) volatilit
y parameter |8,| = 0.957913 < 1 indicates that price volatility can converge. However, when incl
uding the volume of pre-sale housing projects, the GARCH(-1) volatility parameter |3,| = 1.0323
49 > 1 suggests that volatility is divergent. The impact coefficient 6= 0.000120 > 0, with a p-val
ue not reaching the 10% significance level, indicates that the volume of pre-sale housing projects
does not effectively reduce the level of volatility.

The contributions of this paper are as follows:1.Provision of an Alternative Risk Measurem
ent Approach: It offers a method for predicting price trend convergence based on the persistence
of transaction price volatility, allowing for quantitative data to make mutually exclusive risk choi
ces.2..Verification of Price Trends During Economic Prosperity: The results show that not all ho
using prices necessarily rise during periods of economic prosperity; in Taichung City, the trend i
n condominium transaction prices indicates a downward trend.3.Expansion of Perspectives on Ol
d Housing Issues: It broadens the discussion on old housing problems, suggesting future research
topics such as: Investigating whether the volatility of high-rise apartments and condominiums di
ffers. Exploring the relationship between new and old houses, and whether there is a cointegratio

n relationship based on building age.
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