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Abstract

The house price index is essential for assessing the housing market conditions and predicting future changes in the
market. However, the two main methods for calculating the housing price index, the appraisal-based index and transaction-
based index, have significant drawbacks. The appraisal-based index method has issues such as smoothing and lag bias
owing to the involvement of human appraisers, and it also requires significant manpower for calculations. The transaction-
based index method requires numerous transaction samples to achieve statistical significance, making it challenging to be
created for small regions or when transactions are scarce. To address these issues, we propose an alternative approach
that employs a machine learning model to estimate time-series transaction prices for individual apartments and builds
a Laspeyres index with the estimated prices. We demonstrated the model's ability to capture serial correlation of house
prices, enabling accurate estimations even with unobserved potential prices. Comparing our prediction-based index
to existing Korean house price indices, we observed local smoothing but overall alignment with the global trend of the
transaction-based index, facilitating smooth index calculation for small areas. This study offers a novel method for house
price index calculation that mitigates limitations of traditional approaches by using machine learning for more precise

house price estimation, even with limited housing transaction data.
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| . Introduction

The house price index plays a crucial role in various analy-
ses concerning the housing market. These analyses are used
to confirm current house price levels, evaluate the impact of
government agencies' real estate policies, and predict mar-
ket prospects. Consequently, several methodologies have
been introduced to create a house price index that captures
real market trends with high precision, allowing for more
accurate analyses.

Price indices in fields other than real estate, such as stock

market indices and consumer price indices (CPIs), often use
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the method of weighted averaging of price levels of products
in the market at every point in terms of the shares of rele-
vant products in the entire market. Specifically, in the stock
market, many indices use the market capitalization method,
where trends in individual stock transaction prices are
weighted by the number of listed stocks. Although there are
variations in specific calculations, generally, indices are gen-
erated by dividing the current market capitalization by mar-
ket capitalization at a reference point and then multiplying
the result by the reference point index. However, changes in
the market such as the listing of new stocks can lead to dis-

ruptions in continuity due to not only natural fluctuations
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in market prices but also external factors. In such cases, a
method of adjusting existing market capitalization is
adopted to ensure continuity. As for indices using the mar-
ket capitalization method, representative ones are the Korea
Composite Stock Price Index (KOSPI) and the Korean Secu-
rities Dealers Automated Quotations (KOSDAQ) Index in
South Korea, and the Standard and Poor’s 500 (S & P 500)
and the Nasdaq Composite in the United States.

In the case of South Korea, research on price indices using
transaction data from the real estate market has been con-
ducted because all house transaction prices are recorded and
disclosed. However, to date, indices based on real transaction
prices have not adopted a market capitalization method like
that used in stock indices. Previous studies have argued that
transaction price information at every point in time is
required to create a market capitalization index; however,
unlike other markets, it is difficult to apply a market capital-
ization index to the housing market because housing is not
traded at every point in time (Lee, 2007; Park, 2009; and Jung
etal.,2014).

Strictly speaking, stocks are not transacted repeatedly at
individual points, either. However, due to repeated transac-
tions of identical stocks generally occurring at very short
intervals (units of seconds), it is possible to capture transac-
tion prices at almost every point within hours or days. Addi-
tionally, the method of extending immediately preceding
transaction prices can be used for points where transactions
did not occur.” On the contrary, due to the characteristics
of individual houses being heterogeneous and the housing
market having longer market cycles, the housing market
may not witness repeated transactions of the same house for
several months or even years. Consequently, at points
where transactions did not occur so that prices cannot be
captured, simply extending immediately preceding transac-
tion prices, as is done with stocks, can lead to a greater dis-
parity from potential prices that would have formed if
actual transactions had taken place.

For these reasons, various methods are utilized to capture
sequential changes in transaction prices while controlling
the heterogeneity of houses. These methods include statisti-
cal approaches such as the repeat sales model or the hedonic
price model as well as the use of the market capitalization
method with the direct human appraisal of individual house

prices at each point in time. However, in the former case, it

is difficult to produce a price index for small areas because
many transaction samples are necessary to secure statistical
significance. Even when considering larger geographic
scopes, the index can become unstable during periods of
insufficient transactions. On the other hand, in the latter
case, the problem lies in the inability to produce an index
based on the prices of all houses, as it necessitates a large
workforce for the task of price calculations. Instead, the
index should only reflect price fluctuations of sample houses
under evaluation. Moreover, concerns have been raised
about potential biases resulting from humans' direct calcu-
lations of prices (Geltner, 1991; and Eriksen et al., 2019).

To supplement the limitations of existing price index
methodologies, this study proposes a price index based on
the market capitalization method that utilizes the artificial
neural network (ANN) model, a type of machine learning
(ML) technique, to estimate the prices of all houses at each
point; model is based on such estimated prices. Important
features of ML techniques that distinguish them from tradi-
tional statistical methods are pattern recognition (PR) and
self-learning. This means that the ML model can capture
complex and non-linear relationships on its own, without
researchers having to establish them (LeCun et al., 2015).
Consequently, unlike the use only of variables having linear
relations such as house areas or depreciation in the tradi-
tional hedonic price model to explain house prices, when
ML techniques are used, prices can be estimated even based
on information not having linear relationships such as geo-
graphic coordinates (Kim and Kim, 2022). Earlier research
has shown that levels of accuracy equal to appraisers’ direct
estimations of prices can be reached through the ML model
(Bae and Yu, 20183).

Based on discoveries from previous research, this study
aims to demonstrate that the ML model, by learning infor-
mation on transaction points in apartment transactions, can
effectively capture the serial dimension of apartment trans-
action prices. Consequently, the model can more accurately
estimate potential prices for points without transactions
compared to the simple extension of immediately preced-
ing transaction prices. The main objective of this study is to
introduce a house price index methodology based on ML
modeling that overcomes the limitations of existing trans-
action-based indices and appraisal-based indices alike.

The study's structure is as follows. Chapter II provides a
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review of the theoretical background of the house price
index and recent research using ML. Additionally, it high-
lights the distinctive features of this study. Chapter III for-
mulates specific research hypotheses and outlines the scope
of the study, drawing insights from previous research find-
ings. Chapter IV introduces the expressions for the ANN
model, serial autocorrelation tests, and market capitaliza-
tion index method, all of which are utilized as analysis
methodologies in this study. Chapter V offers a comprehen-
sive description of the data used for the model's learning
process along with presenting basic statistics. Also, this chap-
ter outlines the ANN model's hyperparameters. In Chapter
VI, the results of both the model's learning process and the
construction of the house price index are presented. Finally,
Chapter VI summarizes the study's findings and discusses
their implications. It also addresses the limitations of this

study and future research tasks.

Il. Literature Review

1. Research on House Price Indices

House price indices can broadly be classified into transac-
tion-based indices and appraisal-based indices (Lee and Lee,
2008; Park, 2009; and Geltner, 2011). According to Geltner
(2011), transaction-based indices can further be classified
into methods that use statistical models and those that sim-
ply sum up the average or median values of transaction
prices at every point. Indices based on average or median
values have the advantage of not requiring analysts’ statisti-
cal knowledge and computing performance. However, they
cannot facilitate comparisons among points due to the
uncontrolled heterogeneity of houses transacted at each
point. Statistical models are used to control houses’ hetero-
geneity, and two representative types are the repeat sales
index and the hedonic price index. The repeat sales index
controls the heterogeneity of houses through the method
of producing an index by using trading pairs of identical
houses that have been transacted at least twice. In this
approach, it is assumed that changes in the quality of houses
do not occur over time (Barr et al., 2017). The hedonic price
index relies on the hedonic price model, where the sales
prices of houses are the dependent variable, while various

characteristics of houses serve as explanatory variables. By
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incorporating houses' characteristics as explanatory vari-
ables in the model, the cross-sectional fluctuations of house
prices can be controlled. Transaction point information is
entered in the model as a dummy variable, then serial fluc-
tuations in house prices are captured based on the regression
coefficient of transaction point dummy variables (Geltner,
2011). Additionally, with the hedonic price index, there is
also the time-varying parameter model, where a model
consisting of identical combinations of characteristic vari-
ables at each point is estimated, and identical characteristic
values are entered in each cross-section model to estimate
houses’ potential prices, thus calculating the index (Lee,
2007).

One major drawback of the transaction-based index is the
requirement to secure enough transactions. Park (2007)
demonstrated this issue through simulations in a market
with low transaction frequency, where a hedonic price index
was generated. The results showed that when transaction
samples were inadequate, the volatility of the index
increased, and the influence of outliers became significant.
Consequently, when small areas such as towns (eup), town-
ships (myeon), and neighborhoods (dong) or station areas are
considered as the spatial scope of index production or when
transactions decrease during real estate downturns, there is
a possibility of encountering substantial noise and producing
an unstable index due to the failure to obtain sufficient
transactions. In relation to this, there has been an increase in
the demand for subdivided indices at the level of small areas,
driven by issues such as neighborhood-specific real estate
policies. Song et al. (2020) have also argued that, to counter
the instability of the index, corrective methods such as mov-
ing averages or sample overlaps should be employed.

Next, the appraisal-based index constitutes a method in
which individual house prices are regularly appraised, and
the price index is calculated through the flow of housing
market capitalization produced with the appraisal price per
house as the basic price. According to Suh (2009), in South
Korea, KB Kookmin Bank (hereafter “KB”) and Real Estate
114 (R114) have produced price indices based on appraisal
prices. R114 has investigated the upper and lower limit
prices per apartment complex and per area through real
estate agents. Similarly, KB has utilized the method of inves-
tigating market prices for every point based on transaction

prices in cases where transactions occurred. When there are
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no transactions, they rely on cases of nearby transactions
collected by real estate agents in relevant areas. As of April
2022, a total of 36,300 sample houses nationwide were being
tracked.

With the appraisal-based method, under the premise that
there exist accurate appraisal prices at each point, the price
index can be produced in a comparatively intuitive manner.
Unlike the transaction-based index, a stable index flow can
be constructed even when the number of transaction sam-
ples is insufficient. However, the following drawbacks have
been pointed out. First, the scope of price index production
is limited to certain groups of houses that are regularly
appraised (Hill and Steurer, 2017). This is because a vast
number of appraisers is necessary in order to appraise poten-
tial prices at points where transactions have not occurred
for the total houses. As a result, fluctuations in the prices of
houses other than sample houses are not adequately
reflected in the index. The second issue that has been identi-
fied is the phenomenon of smoothing. This arises from the
conservative approach taken by human appraisers when
evaluating individual houses. They tend to base their assess-
ments on past appraisal cases of the same houses, leading to
a tendency to make cautious adjustments. Geltner (1991)
has explained this phenomenon with the following “partial

adjustments model”:
Vi =al(Vi+ni)+(1—a') V7, (1)

V} is the true appraisal price of house i at point t, and n! is
the purely random appraisal error. However, V", the final
appraisal price of house i at point t, is influenced by Vi, the
final appraisal price at the immediately preceding point, and
the degree of such influence changes according to o', which
signifies “confidence” regarding the house’s appraisal price
at the immediately preceding point i. The parameter o' has
avalue ranging from 0 to 1. When @ o' is 1, then the imme-
diately preceding appraisal price is disregarded. On the con-
trary, when o' is 0, then appraisal is not performed at the
current point, and the immediately preceding appraisal
price is extended without any adjustment. Geltner (1991)
has argued that, no matter how accurate individual house
price appraisals are, unless prices are completely recalcu-
lated at every point, smoothing will persist in the index con-

sisting of appraised houses. Lee and Lee (2008) have sup-

ported this notion, revealing that o' is measured to be 0.35
or 0.48 in KB’s appraisal-based house price index, which
demonstrates the existence of the smoothing phenomenon.
This smoothing presents advantages such as reduced sensi-
tivity to outliers in house transactions and the potential for
decreased noise in the price index. However, there are draw-
backs associated with this approach. One such drawback is
the difficulty in capturing turning points in the housing
market and using this index as a basis for timely policy estab-
lishment. This is due to their inherent lag, exhibiting a time
delay of approximately 1-2 quarters compared to the cur-
rent market situation (Lee and Lee, 2008; Hill and Steurer,
2017; and Song et al., 2020). In addition, Eriksen et al. (2019)
have also pointed out the possible existence of the problem
of a conflict of interest. This occurs when certified public
appraisers, in the process of carrying out their duties, may
introduce biases in house price appraisals due to influence
from interested parties such as licensed real estate agents in

the areas.

2. Research on ML-based Price Indices

In recent years, there have been attempts to construct
price indices through ML techniques, which exhibit higher
accuracy than traditional statistical models, to overcome
the limitations of existing house price indices. Barr et al.
(2017) created a house price index for Los Angeles during
2000-2016 at the individual ZIP code level. To achieve this, a
cross-section regression model where house transaction
prices were calculated per quarter was constructed through
the gradient boosting method, an ML technique. For com-
parison purposes, the median transaction price index and
the repeat sales index were also calculated under identical
conditions. Pairs of repeated transactions of identical houses
were extracted from a randomly separated test set, and price
increase rates predicted for respective trading pairs through
actual price increase rates and index were contrasted to eval-
uate the accuracy of the index. The analyses revealed that
noise was less, and accuracy was higher in the ML-based
price index than in median prices and the repeat sales index.
However, the price index in this research was generated
solely for individual ZIP codes and did not extend to create a
price index for the entire area.

Bae and Yu (2018]3), using the random forests and the
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ANN models, both ML techniques, calculated individual
apartment prices per point using the Gangnam-gu district
in Seoul as their focus. They then computed the geometric
mean of the increase rates in comparison to the reference
point for each sample, resulting in the generation of a price
index for each point. Here, data on transaction prices per
point and per sample house in the past n months were used
to construct a cross-section regression model, and the num-
bers of months were designated as 1 month, 3 months, 6
months, and 12 months, respectively, in conducting tests.
According to the analysis results, volatility was larger when
the learning data covered shorter periods. Conversely, when
the period was longer, volatility decreased, resulting in
higher stability. However, it became more challenging to
reflect the latest trends, and the index tended to exhibit
smoothing. In addition, when the house price trend index
announced by the Korea Real Estate Board (REB), the REB’s
transaction-based price index, and the ML-based index were
compared, they found that the ML-based index exhibited
greater volatility than the existing indices. Consequently, it
was pointed out that there was a need to supplement sam-
ple prices with qualitative analysis conducted by researchers.

Kim et al. (2022) constructed a model explaining apart-
ment prices in 25 autonomous districts in Seoul through
ANN and random forests. Through their analyses, they
found error rates to be the lowest for the random forest
model and produced a price index based on the trained ran-
dom forest model. This research performed modeling
through the method of entering region and time dummies
along with apartment characteristic variables in the model.
A price index was then produced by adjusting the values of
the region and time dummies while fixing characteristic
variables using average values. The results showed that the
index derived from this research, which performed model-
ing based on transaction prices, exhibited a greater range of
fluctuations compared to the existing KB and REB house

price indices.

3. Chapter Summary

Previous research on house price indices can be largely
classified into transaction-based indices, which perform sta-
tistical modeling based on transaction samples, and apprais-

al-based indices, in which price indices are generated in a
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manner similar to composite stock market indices, assum-
ing the existence of a directly appraised price flow for each
point and individual house. However, each type of indices
has its own strengths and weaknesses. Transaction-based
indices can provide a more accurate representation of the
market situation, but their effectiveness relies on the num-
ber of transaction samples or house transactions, which
affects the statistical significance of index values. Conse-
quently, it is difficult to produce stable indices for recessions
when transactions drop and for small areas, thus leading to
the generation of index flow noise that is not related to
actual price fluctuations. In contrast, appraisal-based indices
are less sensitive to the number of transactions but require
humans’ direct appraisals. This makes it difficult to produce
such an index for all houses, introduces smoothing effects,
and can give rise to the problem of conflict of interests.

To overcome the limitations of previous research, this
study aims to develop a house price valuation model using
ML and, subsequently, construct a price index. By doing so,
this study intends to address issues that arise from human
involvernent in price appraisals and resolve the problem of
instability, which is a drawback of transaction-based indices.
In recent times, there has been increasing research focusing
on building more sophisticated house price indices using ML
techniques compared to existing methodologies. However,
existing research has focused on calculating transaction
prices per point using cross-section models that do not
incorporate serial information (Barr etal., 2017; Bae and Yu,
2018b). Alternatively, some studies have included serial
information in the model such as time dummy variables
but have primarily emphasized the overall model's predic-
tive accuracy rather than exploring how relevant variables
explain house prices in a serial manner (Kim et al., 2022).
Because a price index represents the serial flow of prices,
constructing a model that explains the fundamental prices
of the index requires an examination of both longitudinal
modeling and its impact. Consequently, this study seeks to
construct an estimation model through apartment price
explanatory variables including time information, to review
the model’s accuracy in predictions, and to show that the
model can model the serial dimension of house prices.
Through this analysis, this study will discuss the distinctive

characteristics of the proposed price index.
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lll. Hypothesis and Scope of Study

Based on the findings of earlier research, this study aims to
demonstrate the following specific hypotheses.

First, the ANN model can appropriately capture the tem-
poral dimension of prices through information on transac-
tion time. To prove this, the training progress of the ANN
model with transaction time information added will be
compared to the model without such information, con-
firming that the inclusion of transaction time significantly
lowers prediction errors.

Second, in the prediction errors of a model that effectively
captures the temporal dimension of prices, serial autocor-
relation will decrease significantly in comparison with the
actual transaction price flow. The immediately preceding
transaction prices of identical houses can serve as market
prices that have a significant impact on subsequent transac-
tion prices. Thus, this study assumes transaction prices as
time series with first-order autocorrelation. If a price time
series predicted through the modeling process accurately
follows the overall price flow, excluding noise, then model
prediction errors will primarily consist of uncorrelated
noise. Based on this, the degree of serial autocorrelation for
transaction prices and prediction error time series will be
compared. A significant decrease in autocorrelation within
prediction errors will demonstrate that the model effec-
tively captures the temporal dimension of transaction
prices.

Third, the model’s predicted price flows will provide more
accurate estimates of potential prices at points without
transactions compared to the simple extension of transac-
tion prices. Here, the simple extension of transaction prices
changes only when actual transactions occur and appears as
a straight line when there are no transactions over an
extended period. During recessions or periods of reduced
transactions, the disparity between potential prices that
could have been observed with actual transactions and the
recorded transaction price flow can widen. However, if
model-produced prices estimate the price flow well, they
will be capable of approximating value fluctuations for each
point regardless of the presence or absence of actual transac-
tions. Consequently, these estimates will be closer to poten-
tial prices. However, since potential prices cannot be directly

observed, this study will employ the following method.

First, the total transaction data will be randomly divided
into training data and testing data. The model will be estab-
lished with training data, and testing data will be treated as
unobserved potential prices. Through this approach, it will
be demonstrated that estimated prices at every point, pro-
duced by the model, predict potential prices in the separated
testing data more accurately compared to simply extending
transaction prices in the training data.

Based on modeling results, a market capitalization-based
index will be constructed. The index will consist of predicted
prices produced by the ML model at every point, weighted
by the number of households. The scope of this study will
include comparing the index with those from other agencies

and interpreting their characteristics.

IV. Research Methods

To verify the hypotheses above, the following research
methods will be employed. First, an ANN model estimating
transaction prices will be constructed. This model will be
used to calculate individual apartments' prices at each point,
and the performance of modeling the serial flow through
transaction time information will be assessed. Subsequently,
with the price flow estimated on the level of individual
apartments as the basic price, an apartment price index
based on the market capitalization method will be con-
structed, and it will be compared with existing publicly dis-
closed indices.

1. Artificial Neural Networks (ANNs)

ANNs are a type of ML technique with various structures
designed to suit different research objectives such as recur-
rent neural networks (RNNS) and convolutional neural
networks (CNNs). This study uses the basic multilayer per-
ceptron structure. The model consists of the input layer,
hidden layer, and output layer. Data entered in the network
are multiplied by the weights of each layer and then trans-
mitted to the next layer through the non-linear activation
function. The model calculates losses by comparing the
produced values in the final output layer with transaction
prices. The model’s weights are updated in a way that mini-

mizes total losses during training, allowing the model to
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abstract and learn non-linear relationships among the vari-
ables. Here, a model with two or more hidden layers is sepa-
rately classified as a deep neural network (DNN), and the
process of training such a DNN is referred to as "deep learn-
ing." Since the 2010s, advancements in computing power
and model learning techniques have made deep learning
possible and led to its widespread adoption. Deep learning
has been demonstrated to outperform traditional linear
regression models in terms of prediction performance
(Chollet, 2017; and Loo, 2019).

Two main drawbacks of ML techniques that have been
pointed out are that they are black box models and can be
easily overfitted. Unlike traditional statistical models where
relationships among variables can be expressed and inter-
preted as regression coefficients, neural networks in black
box models consist of numerous weights so that it is difficult
to express relationships among variables with a single slope
value. Thus, this study aims to demonstrate the model's
ability to capture the temporal aspect of prices by analyzing
the patterns of model prediction errors. Overfitting refers to
a phenomenon where the model is overly optimized to the
training data, leading to a decline in its ability to make accu-
rate predictions on new, unseen data. To prevent overfitting,
aportion of a training data set (henceforth referred to as the
“training set”) is separated as a validation data set (hence-
forth referred to as the “validation set”). Prediction errors
are then evaluated using both the training set and the vali-
dation set during the model's learning process. The weights
are adjusted until errors in the validation set are minimized,
establishing the model's final configuration. Subsequently, if
prediction errors on the test data set (henceforth referred to
as the “test set”) are similar to validation set-based predic-
tion errors, then overfitting is considered to be absent, and
the model will be finalized.

2. Serial Autocorrelation Testing Methodology

To demonstrate that the model can effectively capture
the temporal dimension of transaction prices, this study
aims to compare the serial autocorrelation of transaction
prices and prediction errors for individual houses in the test

set. It can be simply expressed as follows:
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Y, =By + X5, e (2)
Yy = Pl Hey
€ =p&— e

Here, t is the time period, ¥ is the transaction price, X, is
the explanatory variable including the transaction time, € is
the model prediction error, p is the first-order autocorrela-
tion coefficient, and € is simple white noise that does not
include autocorrelation. If Py, which is the autocorrelation
coefficient of the price time series, exhibits a significant posi-
tive value, but 21, which is the autocorrelation coefficient of
the prediction error time series, is either 0 or significantly
smaller than £, then the model can be considered to
explain effectively the autocorrelation of transaction prices.

However, with transaction information from multiple
houses, the unique non-serial characteristics of individual
houses can act as fixed effects, causing individual effects
unrelated to the time series to persist in the model's predic-

tion errors. This can be expressed as follows:
Yio = By + X8, + Z0, +; +e, (3)

irepresents an individual house, ;. is the transaction price
of each house at each point, X;, is the explanatory variable
fluctuating serially, Z is the fixed explanatory variable not
changing serially, #; is the unexplained fixed effects of indi-
vidual houses, and €; is individual and serial residuals. To
test serial autocorrelation in such panel data, the first-differ-
ence method proposed by Wooldridge (2002) and Drukker
(2003) can be applied. When the above expression is first-dif-

ferentiated, it is as follows:

Yig "Y1~ (Xn: —X,;1)8 + (Ei,t _éi‘t—l) 4
‘ﬁ'y",e = AX;‘.:J@1 +Ae,

When the expression is differentiated in this manner, fixed
effects are eliminated, leaving only serial explanatory vari-
ables and residuals. According to Wooldridge (2002), the
correlation coefficient of the differentiated time series and
first-order lag time series of residuals, denoted as Corr
Corr{Ae,, A€,_,), becomes -0.5 when €. does not have
serial autocorrelation. Based on this, Drukker (2003) has
demonstrated that it is possible to test the panel data’s serial

autocorrelation by regressing the difference time series of
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model residuals on the first-order lags and examining
whether the coefficient value is -0.5.

Consequently, this study aims to confirm whether the ML
model has appropriately performed serial modeling by
obtaining the first-order autocorrelation coefficient of
transaction prices and prediction errors while simultane-
ously conducting tests based on Wooldridge’s and Drukker’s
method to eliminate individual houses' fixed effects.

3. Price Index Methodology

In this study, the transaction prices of individual houses at
each point are predicted through a model that has learned
serial information on house prices, and the number of
households is weighted to calculate market capitalization,
based on which a price index is constructed. The logic
behind the price index is an application of the method used
for the S & P 500 index, which has been made publicly avail-
able by S & P Dow Jones Indices, LLC. The price index is based
on the Laspeyres method but has been modified to ensure
that any change to stocks constituting the index at individ-
ual points results in the revision of standard market capital-
ization. This modification prevents any disruption in the
temporal continuity of the index. The specific expressions
are as follows.

First, the basic formula of the Laspeyres index, where the

index value at the reference point is established as 100, is

expressed as follows:
: 2P, Q,
k= 2P 0FQy ©

Iis the index, Pis the price, Q is the number of households,
iis an individual house, 0 is the reference period, and tis the
point at which the index is calculated. While this expression
assumes no change to the index’s constituent stocks, the
total number of houses can vary due to factors such as new
constructions or demolitions. This can disrupt the continu-
ity of the index flow when calculating the simple market
capitalization ratio. When the index is devised only based on
houses that exist throughout the total time series to prevent
such disruption, the prices of newly constructed and
demolished houses are not reflected in the index. To address
this issue, the basic Laspeyres index is modified as follows.

First, market capitalization at every point is established as

the numerator, and the divisor that can fluctuate at every
pointis established as the denominator:

E\i }:; t* i,k
=100*% 1 :
=100 7 6)

D, is the divisor at point t. Because @;¢ is not fixed at the
reference point in the modified index, market capitalization
at every point in the area becomes the numerator. The divi-
sor is adjusted each time there is a newly constructed house
or a demolished house, thus allowing the index to continue
without the index value being affected by changes to market
capitalization caused by changes to the total amount. When
the completion of the construction of a new house at point

tis presumed, it is as follows:

* %
(Ziﬁ.z i,£)+Ps,¢ Q.u,f. (7)
D,

I =100*

Here, s represents the house newly constructed at point t
and is separate from i, which is a set of houses that existed at
point t-1 as well. If the divisor is not changed, fluctuations in
market capitalization because of the presence of a newly
constructed house can cause the index to rise considerably.
Therefore, the divisor is adjusted so that constituent items
up to point t-1, the index produced through the divisor at
point t-1, and the index produced including newly incorpo-
rated items will be identical. When expressed as an expres-

sion, it is as follows:

TP Qe (B P QIR O

I =100* D) : (8)

t—1

(Zi2* Q)T P Qs

~D=D_.*
’ L E:“F:,t*Qi,t

(Z:Ps* Q)+ P,i* Qs
/100

D, the divisor adjusted at point t, is not actually used in
calculations of the index at point t but is used from point
t+1 onward. Therefore, if a new house is incorporated at
point t, first, 4, which is the index at point t, is calculated
through the divisor and constituent items up to point t-1,
disregarding the new house. Next, the divisor is adjusted by
dividing market capitalization at point t, recalculated after
incorporating the new house, by £. Subsequently, when

there are no changes to houses’ constituent items from
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point t + 1 onward, the divisor newly adjusted at point t is
used in this method.

In cases in which a house is excluded due to its demolition,
the order of adjusting the divisor is inverted and correction
is performed so that the index produced through houses
remaining even after point t and the price index produced
including houses excluded from point t onward will be iden-
tical. When a house demolished at point t is established as r,
this is expressed as an expression as follows:

Ze‘ }Di,t* it

I =100* =100*
D,

2P Q) PG,
( t ;))1 * t ©)

(Zs' }Di.t* Qi,t)_ Pr,t* Qr.t
z; Pxe* Q.

~D,=D,_*

o {Zs R,e* x'_.!)_Pr,t* Qr_.t
B 77100

Consequently, when cases of the coexistence of newly
constructed and demolished houses at each point are
hypothesized and generalized, the two expressions can be

combined and expressed as follows:

2 PlQ
D‘t i (10)

t=1

L= 100*
(Eé P:'_.t* Qx‘,t) & Pn,t* Qﬁ,t = Rr_.t* Q’,k
2}

(Zi IDM* Qi,t)+Rs,t* Qs‘i B Pr,tt Qr,t
z:i ‘F:i,t* Qx,c

=100*

D, =D, _*

{Ei ﬂ.n* Q‘,i)_"ﬂ,t* Qa_.e = Pw,t* Qr,t
/100

V. Description of Data and Model

1. Data

The focus of object analysis in this study was limited to
apartments because apartments are relatively standardized
assets in South Korea, and transactions of identical apart-
ments are more frequent than those of detached houses,
making it easier to create the price index (]eong, 2014; and
Kim et al., 2015). The source of transaction prices for the
model’s learning process was the apartment sales data pro-
vided by the Ministry of Land, Infrastructure and Transport
(MOLIT) of South Korea. The data covered cases of transac-
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tions in Seoul from January 2006 to December 2022, and,
after excluding canceled transactions, a total of 1,184,083
cases of transactions were used. Furthermore, to control
characteristics specific to each apartment area, data from the
apartment complex database provided by the South Korean
prop-tech company Zigbang was used. Additionally, to cal-
culate market capitalization, which forms the basis of the
price index, information from Zigbang on the number of
households per apartment complex area was utilized.

The model’s explanatory variables included the longitude
and latitude coordinates of each apartment complex, the
number of years since construction completion, the floor-
area ratios, the total number of households per apartment
complex, the apartment areas, the numbers of rooms, the
numbers of bathrooms, and the transaction dates. The
dependent variable was the sales price per area. Specifically,
the longitude and latitude coordinates, the number of years
since construction completion, the floor-area ratios, and the
total number of households were determined for each
apartment complex. The areas, the numbers of rooms, and
the numbers of bathrooms were determined based on the
area of each house in an apartment complex. Additionally,
for the transaction date variable, January 1, 2006, when
apartment transactions were first disclosed, was set as day 1,
and this number was incremented by 1 for each subsequent
day. Although this study’s price index was calculated every
month, transaction date information was entered daily
because, in the case of large apartment complexes with fre-
quent transactions, price fluctuations can occur even at
intervals shorter than a month. Furthermore, unlike earlier
research based on the hedonic price model, variables such as
administrative division dummies or season dummies were
not included. Instead, spatiotemporal characteristics were
explained through the geographic coordinate and transac-
tion date variables. This decision was made due to the over-
fitting phenomenon that occurred when dummy variables
were included in the model, exceeding the permissible level.
Tables 1 and 2 provide a summary and descriptive statistics

of the data sets, respectively.

2. Model Configuration

This study utilized Python’s neural networks library Keras
(ver. 2.4.0) and employed Scikit-Learn's StandardScaler
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Table 1. Summary of dataset

Type Variable Details Example* Unit Source
Latitude Geographic coordinates of the apartment 37.5058
Degrees Zigban
Longitude (WGs84) 126.9152 : Spang
The number of years that have passed
Elapsed years since the house was constructed 4 Yeae MBLIT
The ratio of and the total floor area to
Floor-area ratio the total area of the land where 289 % Zigbang
Input the apartment is located
variables A
The number of households living in . g
Total households the apartment 826 Units Zigbang
Area The area of the house (for exclusive use) 8491 m? MOLIT
Number of rooms The number of rooms 3 - Zighang
Number of bathrooms ~ The number of bathrooms 2 - Zigbang
Trade date The date when the trade is made 6 2006.01.01=1 MOLIT
I:;%iﬁe Price per area The trade price of the house per area 353.315 10,000 KRW/m®>  MOLIT
#%1 Example presents a sample actual transaction data on the dataset for better understanding.
Table 2. Descriptive statistics
: Standard i i ;
Variables Mean PR Minimum Median Maximum  Number of data
Latitude 37.558 0.058 37.442 37.550 37.688
Longitude 126.997 0.091 126.806 127.020 127.181
Elapsed years 1317 8.38 0 12 52
Floor-area ratio 279.99 120.89 26 256 1106
Total households 1178.59 124371 10 746 9510
1,184,083
Area 77.59 26.82 10.16 84.32 288.90
Number of rooms 292 0.67 1 3 7
Number of bathrooms 1.62 0.50 1 2 5
Trade date 3082.81 1665.36 1 3380 6209
Price per area 71496 431.15 6.14 583.92 5579.62

function to standardize the input variables, thereby enhanc-
ing learning efficiency (Chollet, 2017). To find the optimal
neural network model, it is necessary to explore various
hyperparameter combinations including the model's struc-
ture, number of training epochs, and loss functions. As
thereis no predetermined rule, multiple combinations need
to be tested repeatedly (Lenk etal., 1997). Through literature
review and repeated learning and searches, this study
obtained the optimal hyperparameter combinations, which
are summarized in Table 3. To prevent the model from
being overfitted to the training data, the data set was ran-
domly divided into the training set, validation set, and test

set. During the training process of a total of 300 epochs, the

model at the point where errors in the validation set were
minimized was selected as the final model. Additionally, the
separated test set was used to confirm the error rates of the
final model.

VI. Results

1. Model Training

Figures 1 and 2 display the learning progress in the full
model and the reduced model, respectively, without the
transaction date variable. After 300 epochs of learning, the

mean absolute percentage error (MAPE) value for the
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Table 3. Summary of Neural Network Hyperparameters

Hyperparameters Values Notes

Number of hidden layers 7

Number of nodes 2048 Not varying with hidden layers

Activation function RelU Only for hidden layers (linear for output layer)

Train loss function

Mean Squared Error (MSE)

Validation loss function

Mean Absolute Pct. Error (MAPE)

Optimizer Adam

Learning rate 0.001

Batch size 512

Split rate (train-validation-test) 60%-20%-20% Randomly split

Entire train epochs 300 Model checkpoint is created when the MAPE of

validation set is lowest.
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Figure 1. Training progress of full model
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Figure 2. Training progress of reduced model without trade
date variable

validation set, which was separated from the training set,
converged to around 5% in the full model that included
transaction dates as an input variable. However, in the case
of the reduced model, the MAPE value for the validation set
remained above 6%, failing to reach the same level as the full
model.

Meanwhile, when the graph of learning progress in the
full model in Figure 1 is examined, the training set-based
MAPE value continuously dropped to around 4.2%, whereas
the validation set-based MAPE value tended to converge at
approximately 5.1%, failing to fall below this threshold. This
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indicates a potential overfitting of the model to the training
set. Consequently, the 299th epoch, where the validation
set-based MAPE value was minimized to 5.115%, was chosen
as the point for establishing the final model. To assess the
model's accuracy further, the test set, distinct from both the
training set and the validation set, was utilized. The MAPE
value from the test set amounted to 4.98%, lower than the
validation set-based MAPE value, indicating that the general
prediction performance of the model for new and unseen
data was acceptable. Moreover, for the model in which
information on transaction dates was not included, the test
set-based MAPE value was also measured through the
model at the epoch minimizing the validation set-based
MAPE value, and the result was 6.49%. To determine the sta-
tistical significance of the difference between the two MAPE
values, paired sample t-tests were conducted on the average
difference between absolute percentage errors produced
from the models. The t-value was 129.967, and the p-value
was 0.000, confirming that the decrease in the model error
rate through the usage of the transaction date variable was

statistically significant.

2. Serial Autocorrelation Test

To prove the research hypothesis that if the model effec-
tively captured the temporal dimension of apartment trans-
action prices, serial autocorrelation would decrease consid-
erably in model prediction errors in comparison with the
transaction price flow, serial autocorrelation of prices and

prediction errors in the test set was confirmed. As the test
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set encompasses diverse apartments, housing units of the
same areas in individual apartment complexes were consid-
ered identical houses, and each transaction in the test set was
matched with immediately preceding transactions of the
same house.? The total number of test set transactions
amounted to 236,817 cases. However, the first-point transac-
tions of individual houses were excluded from the analyses
due to the unavailability of immediately preceding transac-
tion prices. Consequently, matched transaction data on
213,799 cases were analyzed. The regression results for the
price per area and prediction errors of each sale in terms of
the immediately preceding cases are presented in Table 4.
According to the results of the analyses, for price per area
time series, the first-order autocorrelation coefficient and
the R-squared value were high, amounting to 1.0222 and
0.956, respectively. This indicates a strong linear correlation
between transaction price time series and the immediately
preceding prices of identical houses. However, in the case of
the model’s prediction error time series, the first-order auto-
correlation coefficient was 0.1547, and the R-squared value
was 0.023, respectively. If temporal modeling were not per-

formed at all, model prediction errors would exhibit serial

correlation with immediately preceding transactions, as
with transaction price time series. In such a case, it would be
possible to obtain both a high R-squared value and an auto-
correlation coefficient approximating 1.0. However, the
results show that, through the model, the temporal dimen-
sion of transaction prices was effectively modeled. In addi-
tion, the non-zero regression coefficient value of prediction
errors further confirmed that the model significantly
explained the temporal dimension but could not com-
pletely explain it.

Meanwhile, because the test set in this study includes
diverse apartments, individual apartments’ fixed effects may
have influenced the results. To verify serial autocorrelation
after eliminating fixed effects from these panel data, the
Wooldridge-Drukker test method was applied. For both
transaction price and prediction error time series, differences
from immediately preceding transactions of the same
houses were calculated to remove fixed effects, and relevant
difference time series were regressed to immediately preced-
ing transactions. The results are recorded in Table 5. Accord-
ing to Wooldridge (2002), the regression coefficient

approaches 0 when strong serial autocorrelation exists, indi-

Table 4. Regression result: test-set price per area and prediction error to their time lags

y; = Price PerArea, y, = Error,

Stats

coef. t-value p-value [0.025 0.075] coef. t-value p-value [0.025 0.075]
Intercept 7.2516 19.455 0.000 6.521 7.982 1.4684 14.038 0.000 1.263 1.673
Ye-1 1.0222 2142800 0.000 1.021 1.023 0.1647  70.502 0.000 0.150 0.159
R-squared 0.956 0.027
Adj. R-squared 0.956 0.027
F-statistic 4591592.520 5998.325
No. observations 213,799 213,799
Df residuals 213,797 213,797

Table 5. Regression result: test-set price per area and prediction error to their time lags (1st-difference)
y; = APrice PerArea, y; = AError,

Stats

coef. t-value p-value [0.025 0.075] coef. t-value p-value [0.025 0.075]
Intercept 289231 125915 0.000 28473 29373 0.3258 2.483 0.013 0.069 0.583
Yi—1 -0.0057 -2.230 0.026 -0.011 -0.001 04136 -198.327 0.000 -0.418 -0.410
R-squared 0.000 0.155
Adj. R-squared 0.000 0.155
F-statistic 4975 39333.697
No. observations 213,799 213,799
Df residuals 213,797 213,797
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cating a random walk pattern. In contrast, the coefficient
approaches -0.5 when there is no autocorrelation, repre-
senting white noise time series. According to the results, the
regression coefficient for price per area approximated 0, indi-
cating the presence of strong autocorrelation. For the pre-
diction error time series, the regression coefficient was
-0.4136. While this explained serial correlation in terms of
the model considerably, the regression coefficient of predic-
tion errors significantly fell short of -0.5, indicating that
some degree of serial correlation remained. This result of
the Wooldridge-Drukker method-based test is consistent

with the analyses of the original time series.

3. Evaluation of Potential Price Prediction

Figure 3 compares between “actual transaction prices”
recorded in the training set and “predicted values” gener-
ated by the trained ANN model for an 849 m’ Ricenz Apart-
ment in Jamsil-dong, Songpa-gu, Seoul from 2011 to
December 2022. The solid line represents the transaction
price flow recorded in the training set, with the immedi-
ately preceding prices extended for points without transac-

tions. The dotted line represents model prediction prices at
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every point, and the graph confirms that model prediction
prices fluctuate even at points when transactions have not
occurred. The round dots represent the transaction prices
included in the test set. The data in the test set have not been
used in training the model. Thus, this study considers them
as “unobserved potential prices.”

To prove the hypothesis that temporal price modeling
improved potential price predictions for points without
transactions, this study compared the error rates of the
transaction price flow per apartment complex area” in the
training set with the predicted price flow produced by the
model trained on potential prices. The analysis included
231,998 cases out of a total of 236,817 cases in the test set,
excluding 4,819 cases that did not have the immediately pre-
ceding transaction prices of identical houses in the training
set. According to the results, the difference between the
potential prices of the test set and the actual transaction
price flow had a MAPE value of 6.24%, while the difference
between the same potential prices and the model's predicted
prices had a MAPE value of 4.90%, resulting in an error rate
reduction of approximately 1.34%p through ML modeling.
This shows that, in comparison with the simple extension of

immediately preceding transaction prices, estimated prices
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Figure 3. Model-predicted, actual, and potential price: Jamsil Ricenz Apartment 84.9 n?
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through modeling resulted in a decrease in the error rate by
approximately 1.34%p. To confirm the statistical significance
of this difference, a paired sample t-test was performed,
yielding a t-value of 104.137 and a p-value of 0.000, indicating
that the decrease in the error rate because of the model was
statistically significant. Consequently, it can be confirmed
that the flow of the model's estimated prices is closer to
unobserved potential prices than the flow of simple real
transactions, which are noisy and may not capture changes

in value when there is no transaction.

4. Price Index Based on Model-Estimated Prices

Price trends for individual apartment complexes’ area
types were estimated using the trained model. The esti-
mated price per area was then multiplied by the area to cal-
culate estimated prices for each point. Trends in apartments’
market capitalization, obtained by weighting estimated sales
prices with the numbers of households in areas per apart-
ment complex, were aggregated to produce the monthly
price index. The reference point of monthly price estima-
tions was the first of each month, and the prices for January

2006-December 2022 were estimated. When there were

— Model Prediction-based Index
+=+=+:KB House Price Trend Index
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newly constructed and/or demolished houses, the divisor
was modified to ensure index continuity, following the
method presented in Chapter III. The total number of apart-
ment complexes in Seoul included in the calculation was
7,463, and the number of area types amounted to a total of
46,024.

In Figure 4, the ANN model’s estimated price-based price
index (henceforth referred to as the “model-estimated price
index”), KB’s house price trend index, the REB’s house price
trend index, and the REB's transaction-based price index for
all apartments in Seoul have been reconverted so that the
figure for January 2017 would be 100 and are compared.

In the overall serial trends, the model-estimated price
index exhibited trends most similar to those in the REB’s
transaction-based price index. The REB’s house price trend
index showed the lowest overall price volatility, and KB's
house price trend index exhibited trends in between. This
was presumably because while KB’s and the REB'’s house
price trends reflected in the indices not only transactions
but also bids regarding sample houses, the model-estimated
price index and the REB’s transaction-based price index were
based on identical data sets, only using transactions of the
total houses.
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Figure 4. House price index comparison (Seoul, apartment sales, 2017.01=100)
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In detail, through index movements during major reces-
sions in 2008, 2018, and 2022, it can be confirmed that the
REB's transaction-based price index is more sensitive than
the model-estimated price index. The model-estimated
price index captured only fluctuations on a level similar to
those of KB’s and the REB’s house price trend indices, thus
confirming the existence of smoothing of the index. This
tendency, in relation to analysis results showing the partial
existence of autocorrelation with identical houses’ immedi-
ately preceding transaction prices in the model’s predictions
of serial transaction prices earlier, is interpreted as being
because of the existence of the conservative price appraisal
tendency explained by Geltner's (1991) partial adjustments
model also in model-estimated prices.

Meanwhile, the model-estimated price index is produced
by aggregating the price flow on the level of individual
apartment areas. As for the flow of basic prices, there is a
tendency for transactions to fluctuate more gently than
such a flow, as illustrated in the example in Figure 3. Conse-
quently, the model-estimated price index can be produced
stably even for small areas with insufficient transaction sam-
ples such as towns, townships, and neighborhoods instead

of a wide scope such as the entire Seoul. Figure 5 shows the
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production of the model-estimated price index for 14 legal
neighborhoods in Gangnam-gu, Seoul as an example. The
diagram confirms that, even for the scope of small areas, it is
possible to suppress noise and create a smooth price index

flow.

VII. Conclusion

To address the limitations of existing house price indices,
this study proposed using ML techniques to estimate the
serial house price flow and develop an apartment price
index. Among the current house price index methodolo-
gies, transaction-based indices such as the repeat sales index
and the hedonic price index suffer from producing unstable
indices in areas with limited transactions or small sample
sizes. On the other hand, the appraisal-based index that
relies on appraisers' valuations encounters challenges in
appraising all houses at each point due to workforce con-
straints, leading to the use of only certain sample houses for
index production. Additionally, the conservatism of house
price valuations can introduce smoothing in the apprais-
al-based index.

Building on previous research, which demonstrated that
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ML models could achieve house price valuations compara-
ble to human appraisals, this study developed an apartment
price index based on market capitalization. The prices at
each point were estimated using a model that underwent
learning, considering transaction prices and the characteris-
tics of apartment transactions including transaction dates.
Unlike recent research that used ML in a cross-section
model to estimate the serial flow of house prices, this study
incorporated transaction time information, allowing the
model to capture the temporal dimension of apartment
prices. The characteristic of the price index constructed was
thus interpreted.

A summary of the results based on the research hypothe-
sis is as follows. First, under identical conditions, the ANN
model demonstrated higher accuracy in estimating prices
when it learned information on transaction time. The inclu-
sion of transaction time information resulted in a test set-
based MAPE value of approximately 4.9%, which was statisti-
cally significantly lower compared to models without trans-
action time information. Second, this study demonstrated
that the model, which learned information on transaction
time through serial autocorrelation tests regarding the test
set, explained the serial dimension of prices to a considerable
extent. However, it can also be confirmed that the serial cor-
relation of prediction errors has not been fully resolved,
partly remaining. Third, in comparison with the actual flow
of transaction prices, the model’s estimated prices were able
to predict potential prices at points without transactions
more accurately and, even for points without actual trans-
actions, gently estimated price fluctuations.

After estimating the prices of individual apartments per
month based on the trained model and producing market
capitalization by multiplying the estimated prices by the
number of households per individual apartment area, the
Laspeyres index was calculated. When the price index pro-
duced for the entire city of Seoul was compared with exter-
nal agencies’ indices, the former showed similarities to the
REB’s communal housing transaction price index flow in
the overall trend and exhibited greater fluctuations com-
pared to KB’s and the REB’s house price trend indices.
Unlike KB and REB price trend indices, which are produced
only for sample houses instead of all houses, the REB trans-
action-based price index is a repeat sales index produced

based on cases of transactions of total apartments. This simi-

larity presumably originates from the fact that the price
index in this study is also produced by the model that has
learned to estimate transactions of all apartments as accu-
rately as possible. In contrast, when examining detailed fluc-
tuations, it was evident that there was a greater tendency
toward smoothing compared to the REB’s transac-
tion-based price index. This phenomenon could be
attributed to the fact that the model in this study could not
explain serial autocorrelation completely through informa-
tion on transaction time. As a result, the predicted prices of
the ML model also exhibited a serial smoothing effect as did
the appraised prices.

Meanwhile, because the price flow could be smoothly
generated at the individual apartments level, it was evident
that the price index for small areas such as towns, town-
ships, and neighborhoods, too, could be produced seam-
lessly. Therefore, the apartment price index developed in
this study, based on ML model-estimated prices, can miti-
gate noise and generate a stable index even for small areas
with limited transaction data. This capability makes the
price index a valuable supplement to existing ones. In the
future, by utilizing this methodology to produce a price
index for specific station areas or housing zones, further
research can be conducted on topics such as analyzing the
effects of small areas’ issues on the house price flow.

The limitations of this study are as follows. First, the
method suggested in this study of introducing an ML
model, unlike existing appraisal-based indices, makes possi-
ble the production of a price index composed of the total
number of houses. However, it failed to fully resolve the
problem of smoothing, which is a characteristic of apprais-
al-based indices. Consequently, in comparison with the
transaction-based index, the price index in this study may
not be as sensitive in capturing temporary impacts on the
market. This limitation is likely due to the model's inability
to completely explain serial correlation in valuations of indi-
vidual houses. Therefore, future research should focus on
enhancing the model's ability to resolve serial autocorrela-
tion and improve its sensitivity in capturing temporary
impacts. Second, this study did not conduct a comprehen-
sive comparison of different index methodologies to deter-
mine which one was better. Although the proposed index
successfully depicted a stable price flow for small areas, this

study lacks objective metrics to assess improvements in
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index stability compared to other methodologies such as
the repeat sales index. Furthermore, there is a lack of
in-depth discussion regarding the extent to which noise in
small areas should be removed or accounted for. Therefore,
future research should focus on conducting thorough com-
parisons of index methodologies using objective evaluation
criteria to assess the stability and accuracy of the index flow
in reflecting actual market trends. Third, considering the
nature of ANNs that start with random weights and con-
verge on specific values during the learning process, even
when models are constructed using identical transaction
data and hyperparameters, index values can vary each time
they are produced. The fact that already produced index
values can be modified in the future due to this randomness
raises concerns about the reliability of the index. Therefore,
it is necessary to review the volatility of produced index val-
ues resulting from the randomness of the model. Address-
ing this issue is left as a task for future research and will

ensure more robust and reliable results.

Note 1. According to the Korea Exchange (KRX), in exceptional cases
without transactions in specific stocks all day, when there are
bids but no actual transactions, quotations reflecting this are
used, and when there are not even bids, the base prices are
used to produce the stock market index.

Note 2. Since the smallest time unit of apartment transaction data
is the transaction date, in a case in which the immediately-
preceding transaction of the same house occurred many times
on the same day, the average prices and average prediction
errors of the relevant immediately-preceding transactions were
matched.

Note 3.In this study, "area type’ is defined as a "set of households
with an identical area and an identical planar structure in an
apartment complex.” Even if the area values are identical, if the
planar structures are different, the households are classified as
different area types.

Note 4. Segok-dong, Yulhyeon-dong, and Jagok-dong did not have
apartment complexes at the time that the index began to be
produced; construction started in February 2011, September
2015, and Novermnber 2013, respectively.
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