
Ⅰ. Introduction 

In traditional microeconomic theory, a state of 
perfect information is assumed in perfect competition. 
With the emergence of electronic markets on the 
Internet, almost perfect information is available to 
compare product offerings, including price. However, 
a considerable body of empirical literature on in-
formation systems demonstrates that price dispersion 
exists on the Internet. It proves that this information 
is not perfect, and that transactional friction still 

exists. In this paper, a multiple regression price esti-
mation model for used cars is set up for a rent-a-car 
company, based on an analysis of a price data set 
available on the Internet. The rapid depreciation in 
used car prices or the “lemons problem” is well known 
(Akerlof, 1970). A reduced-form model, which is 
computationally feasible based on the reference pri-
ces, was delivered to the rent-a-car company to im-
prove its current used car pricing systems. 

Perfect competitive markets are those in which 
a large number of small buyers and sellers deal with 
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a homogeneous product, and a single small firm 
does not influence price allocation, instead it acts 
as a price taker (Mankiw and Taylor, 2006). In addi-
tion, in a perfectly competitive market, the mobility 
of the factors of production is perfect in the long 
run, and both the producers and consumers have 
perfect information regarding the product. Stigler 
suggests that, in an environment of price dispersion, 
information about market prices allows consumers 
to find lower prices for a given product or for horizon-
tally differentiated substitutes (Stigler, 1961).

As a result of the proliferation of electronic markets 
via the Internet, there has been an expectation that 
frictionless commerce will emerge, wherein perfect 
information to compare product offerings will lead 
to higher competition and a subsequent erosion of 
profits (Brynjolfsson and Hitt, 2000). While lower 
friction exists in many dimensions of Internet com-
petition, branding, awareness, and trust remain im-
portant sources of heterogeneity among Internet 
retailers. A number of studies have found analytical 
and empirical support for the presence of lower prices 
on the Internet relative to traditional channels 
(Brynjolfsson and Smith, 2000; Degeratu et al, 2000; 
Zettelmeyer et al., 2006). 

Conversely, a group of researchers have found 
that higher prices (Bailey, 1998; Lal and Sarvary, 
1999) and price dispersion (Chellappa et al., 2011) 
exist on the Internet. They argue that price dispersion 
exists because of the nature of e-retailers as well 
as the characteristics of the products they sell (Walter 
et al., 2006). Therefore, there is some evidence that, 
even in Internet-based markets, some of the frictions 
that mitigate head-on price-based competition will 
remain.

Predicting the price of used cars has recently be-
come a popular topic of study as price information 
is readily available on the Internet. Listian (2009) 

points out that a regression model built using 
Support Vector Machines or SVM can predict the 
price of a car. Through multiple regression analysis, 
Richardson (2009) finds that hybrid cars retain their 
value for longer than traditional cars. He argues that 
car producers are producing cars that are com-
paratively more durable these days. Wu et al. (2009) 
conduct a car price prediction study by using a neu-
ro-fuzzy knowledge-based system. They take into 
consideration the following attributes: brand, year 
of production, and type of engine. Their prediction 
model produced similar results as the simple re-
gression model. Moreover, they created an expert 
system, named ODAV or Optimal Distribution of 
Auction Vehicles, to help meet the high demand 
by car dealers to sell cars at the end of the leasing 
year. A regression model based on a k-nearest neigh-
bor machine learning algorithm is used to predict 
the price of a car. Gongqi et al. (2011) proposes 
a model built using ANN or Artificial Neural 
Networks to predict used car prices. His model reflects 
several attributes such as miles passed, estimated car 
life, and brand. The model differentiates itself from 
previous works as it can deal with nonlinear relations 
in data. 

Furthermore, Pudaruth (2014) applies various ma-
chine learning algorithms, namely: k-nearest neigh-
bors, multiple linear regression analysis, decision 
trees, and naïve Bayes. The data set used to create 
the prediction model is collected manually from local 
newspapers over a period of less than one month, 
as time can have a noticeable impact on the price 
of the car. His model considers such attributes as 
brand, model, cubic capacity, mileage in kilometers, 
production year, exterior color, transmission type, 
and price. However, the author finds that neither 
naïve Bayes nor decision tree is able to predict and 
classify numeric values. Additionally, because of the 
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limited data set, they could not provide high classi-
fication performances. Noor and Jan (2017) build 
a model for car price prediction by using multiple 
linear regression. The data set is created during a 
two-month period and includes features like price, 
cubic capacity, exterior color, date when the ad was 
posted, number of ad views, power steering, mileage 
in kilometers, rim type, type of transmission, engine 
type, city, registered city, model, version, make, and 
model year. After applying the feature selection, the 
authors consider only engine type, price, model year, 
and model as input features. Even though many re-
searchers have attempted to build a model to predict 
used car prices, we could not find many accurate 
or practical models with large volume data sets cover-
ing extended periods of time. 

In this study, a multiple regression price estimation 
model for used cars is set up for a rent-a-car company, 
based on analysis of the price data set available on 
the Internet. The reduced-form model, which is com-
putationally able to provide estimated price by mak-
ing use of reference prices, is delivered to the 
rent-a-car company. 

In this context, the two important research ques-
tions of the present study are as follows:

• What is the value of reference price information 
in the current open market to an enterprise 
that plans to estimate price levels in the future? 

• What factors are influential in future price 
estimation? 

To address these questions, we need to assess the 
impact of reference price information on pricing 
processes and the value of the information to the 
enterprise. However, as IT evolves from a mere pro-
ductivity tool to a more pervasive and strategic busi-
ness tool, the measurement of its value to an enter-

prise has become more challenging. A framework 
is needed to collect and make use of the reference 
price information.

We present a framework, based on an analysis 
of open-market data, for future price estimation by 
making use of reference prices available online. We 
apply our methodology to help a major rent-a-car 
company in Korea to systemize the estimation proc-
esses for used car pricing by using reference price 
information. Our results identify the factors that affect 
future price levels. We find that reference price in-
formation helps the company to estimate prices for 
used cars.

The remainder of this paper is organized as follows. 
Section 2 reviews related research. Section 3 in-
troduces data and research contexts. Section 4 devel-
ops the mechanisms that form the basis of our meth-
odology for reference price systems. Section 5 pres-
ents the results from empirical testing of a prototype 
that implements the methodology. Finally, section 
6 discusses the implications of the results and con-
cludes the paper.

Ⅱ. Literature Review

The literature reviewed for this study can be classi-
fied into categories of pricing in competitive and 
online markets, used car pricing, reference prices, 
and design mechanisms.

2.1. Pricing across Competitive and Online 
Markets

In the classic economic models, efficiency is maxi-
mized when all the welfare that enhances trades is 
executed. In retail markets, efficiency can be reached 
when prices are set equal to the marginal cost of 
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the retailers. Marginal cost pricing can be an efficient 
outcome as pricing above the level of marginal cost 
excludes welfare enhancing trades from consumers. 
Economic theory predicts that high consumer search 
costs will lead to prices above marginal cost in equili-
brium (Hotelling, 1929; Salop, 1979) 

If electronic markets allow consumers to more 
easily determine retailer’s prices and product offer-
ings, these lower search costs will likely lead to lower 
prices for both homogeneous and differentiated 
goods (Bakos, 1997). More advantageous retailer cost 
structures may also contribute to lower price levels 
in electronic marketplaces. 

Lee (1997) conducted one of the earliest studies 
involving pricing in electronic marketplaces. His 
study analyzes prices in both electronic and conven-
tional auction markets for used cars. He finds that 
prices in electronic marketplaces are higher than in 
conventional markets and that this price gap between 
the two markets will increase over time. This finding 
seems opposed to the market efficiency hypothesis. 
However, the context of his study is an auction market 
where the good is sold to the bidder with the highest 
valuation. Higher prices in an auction market may 
be a signal of more efficient auction markets rather 
than a general retail market. Bailey (1997) provides 
another test of the efficiency hypothesis in electronic 
marketplaces. He examines Internet market efficiency 
by comparing the prices for books, CDs, and software 
sold on the Internet and through conventional 
channels. Bailey finds that electronic channels have 
higher prices than conventional channels. Bailey ar-
gues that the higher prices he observes could have 
been caused by market immaturity. Brynjolfsson and 
Smith (1999) analyze data on the prices for books 
and CDs sold through the Internet and conventional 
channels. They find that prices are lower on the 
Internet than in conventional outlets after consider-

ing costs from shipping and handling, delivery, and 
sales taxes. 

One of the predictions related to the emergence 
of electronic markets is that price elasticity (i.e., the 
percent change in demand caused by a percent change 
in price) will be higher online than offline, because 
electronic markets enable consumers to search for 
information about competitive offerings at a lower 
cost (Alba et al., 1997; Smith et al., 2001). Price 
elasticity is useful for measuring how sensitive con-
sumer demand is to price changes. Price elasticity 
could be an important signal of market efficiency. 
Consumers are more sensitive to small changes in 
prices in efficient markets. Higher price elasticity 
may result from the low search costs or low switching 
costs in electronic marketplaces. Goolsbee (1999) uses 
survey data to examine how sensitive customers are 
to sales tax rates. He finds that online consumers 
are very sensitive to tax policies: consumers who 
are subject to high sales taxes are more likely to 
purchase online. Evaluating products online could 
lead to missing information regarding the character-
istics of the product (Degeratu et al., 1998; Lee, 2007), 
and consequently missing information could lead 
consumers to rely on other signals of quality, such 
as brand. Increased information about product char-
acteristics and quality allows consumers to ascertain 
their valuation of a product with higher precision 
and thus to find a product that better fits their needs. 
All else being equal, product information is likely 
to make consumers less price sensitive, as it causes 
them to focus their search on product characteristics 
and quality rather than on price (Gupta et al., 2004). 
This assertion is founded on information integration 
theory (Anderson, 1968; Degeratu et al., 2000), which 
suggests that consumers assign importance weights 
and values to available search attributes and then 
tally them to make a purchase decision.
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2.2. Context of Used Car Pricing

The well-known “lemons problem” refers to the 
rapid depreciation of used car values. Even though 
informational asymmetries may lead to market fail-
ure, pricing mechanisms exist in the secondary mar-
ket for used cars. As a result of technological advances, 
modern vehicles are generally better maintained and 
easier to monitor than were vehicles at the time 
of Akerlof’s classic study (Akerlof, 1970). In fact, 
empirical evidence on the severity of the lemons 
problem is quite mixed, and even studies that do 
find evidence supporting it find only weak effects 
(Emons et al., 2009; Genesove, 1993). More recent 
works by Engers et al. (2009) do not find any evidence 
supportive of a lemons problem. The presence of 
heterogeneous consumers results in strict gains from 
trade in the operation of a secondary market; how-
ever, as Rust (1987) shows, such a market is ob-
servationally equivalent to a homogeneous consumer 
market when an appropriate “representative consum-
er” is chosen. Konishi and Sandfort (2002) has ex-
tended this theory to account for transaction costs.

Researchers more often predict prices of products 
using previous data, so a multivariate regression mod-
el helps in classifying and predicting numeric values. 
Kuiper (2008) uses this model to predict the price 
of 2005 General Motor (GM) cars. Price prediction 
for cars does not require any special knowledge, so 
the data available online is sufficient to predict prices. 

Using this easily available data, he introduced variable 
selection techniques that helped in finding which 
variables are more relevant for inclusion in model. 
Similarly, Listiani (2009) uses SVM to predict the 
prices of leased cars. SVM handles high dimensional 
data well and avoids both under-fitting and over-fit-
ting issues. However, the technique does not show 
why, in terms of variance and mean standard devia-
tion, SVM is better than simple multiple regression. 

Prieto et al. (2015) presents the results of expect-
ation theory investigated in used car markets. A he-
donic price model is developed to explain a price 
structure where consumers avoided risk when the 
used car's reliability is below the expected reference 
value and when it is above the expected reference 
value. The model shows how automobile quality af-
fects residual values and how buyers evaluate used 
cars.

2.3. Customer Value Theory and Conceptual 
Framework

There are several different theories of reference 
pricing, which are usefully summarized and discussed 
by Briesch et al. (1997) and Kalyanaram and Winer 
(1995). Some of these theories have purely psycho-
logical bases and do not precisely specify an under-
lying process of reference price formation.

According to adaptation theory, individuals adopt 
a specific “reference point” and then take note of 

<Table 1> The Definitions of Reference Price, Estimated Price, and Transaction Price

Definition Source

Reference Price The price encountered previously or the price information available on 
open online marketplaces

Briesch et al., 1997; 
Kalyanaram and Winer, 1995

Estimated Price The price estimated from the projection based on the reference price 
data set

Erdem et al., 2008; Hendel and Nevo, 
2006; Rust, 1987; Sun, 2005

Transaction Price The price at which a transaction occurs in the real world Harless and Hoffer, 2002
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changes from that point. Although this theory is 
plausible, as human behavior has been shown to 
exhibit this pattern in many contexts, it explains 
neither why consumers adopt a particular price level 
as a reference point nor how they update this price 
level once exposed to a change. The expectation proc-
ess has been modeled structurally and shown to exist. 
If the true process is one of forward-looking price 
expectations (Erdem et al., 2008; Hendel and Nevo, 
2006; Sun, 2005), then empirical estimation of a re-
duced form model, with a reference price variable 
based on past prices, will find that consumers care 
about reference prices because these prices serve as 
proxies for forward-looking price expectations, which 
are based on observations of past prices.

To clarify the concepts of reference price, estimated 
price, and transaction price, <Table 1> summarizes 
the definitions used in previous research and this 
study.

Ⅲ. Data and Research Context

Our data set is provided by one of the largest 
rent-a-car service providers in Korea. This organ-
ization pioneered IS-driven change initiatives in its 
industry and undertook a project to implement pric-
ing systems based on business analytics. The company 
manages more than 60,000 cars and sells off used 
cars with proceeds amounting to nearly $20 million 
annually. The company’s main revenue comes from 
long-term rent (2-3 years), which accounts for more 
than 85% of total rentals. Before beginning the afore-
mentioned project, factors such as purchase price, 
maintenance cost, used car price, and insurance have 
become crucial not only to used car pricing but also 
to rental rates. 

The research team used multiple data sources for 

this study. The first was a data set from one of the 
largest online open-market sites for used cars in 
Korea. The website provided the researchers with 
weekly transaction prices for used cars from January 
2010 to August 2012. Unlike other websites for 
monthly used car prices, this site supplies weekly 
prices in a structured format. Thus, we were able 
to develop software programs to collect data from 
the website. Some of the data collected in this manner 
required filtering as some of the fields were inconsistent.

3.1. Data Description

Pricing projections were made for 15 out of 43 
types of used cars by using multiple regression models 
modified for each type. For this purpose, we used 
the weekly transaction data collected from the open 
market site for used cars. The website, which was 
established in 2001, receives more than 100,000 visi-
tors and information on more than 3,000 car registra-
tions per day. It provides information for each used 
car (including passenger cars, buses, and trucks) with 
details including car descriptions, pictures, inspection 
results, and prices on the site. The website is updated 
with input from the staff in the nationwide branch 
offices. The search functions provided by the website 
were useful for collecting results regarding the current 
prices for used cars.

3.2. Depreciation over Time

It is obvious that the values of used cars will de-
crease with time. One approach to examining the 
decay of assets is to study the cost of using machines 
as they age. That is, as depreciation values can be 
estimated from changes in rental prices, the rent-a-car 
company will identify the pricing information over 
time from a publicly available source, which is very 
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useful both in estimating the remaining value of the 
cars and in making decisions regarding their rental 
prices. One of the most crucial factors for determining 
the current values of used cars, is the time elapsed 
from the time of purchase. <Figure 1> shows the 
price changes for various car types over time. The 
single variable of elapsed time explains a considerable 
portion of the price changes in the majority of cases.

The price-change plots overlapped with the OLS 
regression line over time, and we find that all the 
slopes are obviously negative. The single variable 
used here has very high explanatory power. When 
we look at the R-square values, which vary from 
0.7594 to 0.9469, we can see that the percentage 
of variation in the response variable that is explained 
by the model is higher than 80% in most cases.

The second set of data we utilize is the control 
data set collected from the Internet, including varia-
bles such as macroeconomic and weather conditions. 
Seasonal changes and external shocks will be con-
trolled with these variables. The bank of Korea and 

Korea Meteorological Services provide a number of 
indexes for the period under investigation. 

The weekly changes for macroeconomic variables 
are obtained from the Bank of Korea’s public website 
(http://ecos.bok.or.kr). Since weather is one of the 
distinctive variables that influence used car trans-
actions1), additional variables are gathered from the 
open website of the Korean Meteorological Services 
(http://www.kma.go.kr/). After investigating the cor-
relations among the variables in these data sets, we 
find that interest rates, exchanges rates, and consumer 
price indexes are important. Furthermore, weekly 
and monthly dummy variables are suitable to control 
weather variances in the interest of parsimony. 
<Figure 2> shows the amount of fresh snow and 
market share over time overlapped with a car price.

The third data set was collected from the company’s 
15,000 real transactions over the course of a year. 
The SK encar (http://www.encar.com) offers on-line 

1) 10 Best Times to Buy a Used Car https://cars.usnews.com/cars
-trucks/best-times-to-buy-a-used-car

<Figure 1> Price Changes over Time (Selective Car Types)
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used car advertising, vehicle history and pricing in-
formation services. The company was founded in 
2014 and is based in South Korea. The record shows 

that the company primarily sold off several specific 
product groups, types of cars, due to the character-
istics of the rent-a-car business. More than 50% of 

<Figure 2> Car Price Overlapped with Amount of Fresh Snow and Market Interest over Time

<Figure 3> Scatter Diagrams by Prices and Time periods Across Car Types
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the total number of cars sold belong to the top five 
product groups. Specifically, some of compact car 
groups have less than 300 samples, with many devia-
tions based on models and options. Due to the limited 
data availability, we selected a sample of car models 
with a statistically significant size to verify the estima-
tion model. However, even these limited data pro-
vided extremely interesting insights into the need 
to consider reference prices in used car pricing. 
<Figure 3> illustrates the transaction price changes 
of major car models over time. We find that Hyundai 
Sonata and Grandeur, which form the main models, 
provide more samples than Kia Morning and Pride do.

A typical set of data for a car type is described 

below in <Table 2>. Price (10,000 KRW) represents 
a car price when the car is sold at the unit of 10,000 
Korean Won. The variable of idx_year_week controls 
for weekly market changes. y2005, y2006, and y2007 
are the dummy variables equal to 1 if the car is 
manufactured in the year of 2005, 2006, and 2007, 
0 otherwise. The reason we have only three year 
dummy variables is that rent-a-car company sells 
out all the three or older cars. interest_rate, e_dollar, 
e_yen, e_euro, and CPI are the macroeconomic varia-
bles representing interest rate, Won/US Dollar ex-
change rate, Won/Japanese Yen exchange rate, 
Won/Euro exchange rate, and Consumer Price Index. 
m1 to m12 are the control variables that capture 

<Table 2> Descriptive Statistics

Variable Obs Mean Std. Dev. Min Max
Price (10,000 KRW) 551 1109.92 146.34 848.57 1420

idx_year_week 551 70.23 40.24 1 139
y2005 551 0.25 0.43 0 1
y2006 551 0.25 0.43 0 1
y2007 551 0.25 0.43 0 1

interest_rate 547 3.59 0.31 2.79 4.44
e_dollar 547 1134.43 37.29 1052.66 1242.58
e_yen 547 1374.21 77.76 1183.81 1547.43
e_euro 547 1520.22 50.92 1389.92 1673.46

CPI 547 102.98 2.56 98.80 106.20
m1 551 0.10 0.30 0 1
m2 551 0.09 0.28 0 1
m3 551 0.09 0.28 0 1
m4 551 0.09 0.28 0 1
m5 551 0.09 0.28 0 1
m6 551 0.09 0.28 0 1
m7 551 0.11 0.31 0 1
m8 551 0.11 0.31 0 1
m9 551 0.06 0.23 0 1
m10 551 0.06 0.23 0 1
m11 551 0.06 0.23 0 1
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the effects of monthly changes within a year. 
The price for this type of car varies from 8,480,000 

KRW or Korean Won (about USD 8,000) to 
14,200,000 KRW (about USD 13,000). This type of 
car was manufactured from 2005 to 2007; dummy 
variables are included for the years of manufacture. 
The macroeconomic variables of interest rate, ex-
change rate, and consumer price index are presented. 
The variables e_dollar, e_yen, and e_euro represent 
the exchange rates between the Korean Won and, 
respectively, the US Dollar, Japanese Yen, and EU 
Euro. Finally, monthly control variables are added 
as dummy variables to control monthly or seasonal 
changes.

Ⅳ. Model

In order to set up the estimation model, we consid-
er the explanatory power achieved by the variables 
from the data sets. As shown in our previous study, 
the multiple regression methodology is utilized to 
identify the appropriate price level for cars. We build 
a linear combination of explanatory variables that 
explains the response variable of reference price. As 
a single “best” model may not exist for these data, 
we set up basic models and then modify them to 
increase the explanatory power of the multiple re-
gression models. Often, when the goal of developing 
a multiple regression model is description or pre-
diction, the primary issue that arises is determining 
which variables to include or exclude from the model. 
It is possible to include all potential explanatory varia-
bles in a regression model, but doing so often results 
in a cumbersome model that is difficult to understand. 
On the other hand, a model that includes only one 
or two explanatory variables may be much less accu-
rate than a more complex model. Including re-

dundant or unnecessary variables, not only creates 
an unwieldy model, but can also lead to less reliable 
test statistics and conclusions from corresponding 
hypothesis tests. If explanatory variables are highly 
correlated, then their effects in the model will be 
estimated with less precision, leading to larger stand-
ard errors and potentially to insignificant test results 
for individual variables that may be important in 
the model. 

Thus, in this study, we again use the multiple 
regression models for 43 types of cars in the data 
set. In our empirical models, the dependent variable 
is the price in year t, and the independent variables 
are the cumulative distance travelled for the same 
period of time t.

Our multiple regression equation for used car pric-
ing is

   (1)

where  contains variables representing in-
formation about car i, such as mileage, manufactured 
year, new car price, accident history, options, and 
fuel type;  denotes the car type to which 
car i belongs;  represents the seasonal 
variables regarding the time at which car i is sold; 
and  contains macroeconomic variables 
like exchange rate, income, interest rate, and CPI.

Next, we test the equation with the variables speci-
fied above to determine whether we have all of the 
necessary variables for the estimation. We eliminate 
variables with multi-collinearity issues resulting in 
high correlations among the variables, because we 
do not wish to take the “kitchen sink” approach 
of using many different options or methods to solve 
a problem or achieve a goal. 



Chang Hee Han, Seongmin Jeon, Sangchun Shim, Byungjoon Yoo

Vol. 29 No. 4 Asia Pacific Journal of Information Systems  683

Ⅴ. Results

We identify the variables that are universally, stat-
istically significant across all car types. The variables 
of week dummy, year dummy, interest rate, Korean 
Won/Dollar/Yen/Euro exchange rates, and monthly 
dummy are extracted from the whole set of variables. 
The multiple regression price estimation shows that 
the manufactured year, interest rate, exchange rate, 
consumer price index, and the month in which the 
car was sold are statistically significant in influencing 
the price. 

One of the results for a car type is presented in 
<Table 3>. We first include all the identified variables 
in the regression model and then exclude the variables 
that are not statistically significant.

Though our model may have endogeneity and 

identification issues because the explanatory variables 
are highly correlated, we have nonetheless built a 
model with strong explanatory power, with R-squared 
values higher than 0.96. This may be interpreted 
as the model has overfitting issues. However, our 
concern is more about causal identification rather 
than practical estimation of used car prices. As we 
focus on implanting the price prediction, we have 
included every significant variable in our model 
(Verboven, 2002; Verboven and Brenkers, 2006).

According to our OLS regressions, week dummy, 
manufactured year, Dollar and Yen exchange rates, 
and CPI are estimated to be statistically significant 
in used car pricing equations, whereas interest rate 
and Euro exchange rate are statistically insignificant. 
Some of the monthly dummy variables are statistically 
significant, while others are not. Although we should 

<Table 3> Regression Results

(1) (2) (3)

idx_year_week
-1.388*** -1.104*** -1.209***
(0.273) (0.196) (0.178)

y2005
-3.242
(3.293)

y2006
72.40*** 74.02*** 74.03***
(3.293) (2.854) (2.855)

y2007
179.3*** 181.0*** 181.0***
(3.293) (2.854) (2.855)

interest_rate
-11.25

(11.270)

e_dollar
-0.525*** -0.521*** -0.479***
(0.079) (0.069) (0.061)

e_yen
0.428*** 0.419*** 0.387***
(0.061) (0.055) (0.049)

e_euro
-0.0207
(0.049)

CPI
-39.07*** -42.21*** -39.76***
(4.516) (3.700) (3.156)
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consider other variables such as major redesigns of 
cars, the weekly dummy is statistically significant, 
demonstrating that elapsed time is one of the most 
important factors in determining the prices of used 
cars. After obtaining the results from the model, 
we compare the estimated prices with the actual trans-
action data from the rent-a-car company. Most of 

the projected prices fall within the boundary of 5% 
gaps, which the industry team finds very useful.

The results reveal that, among the car-related in-
formation, manufactured year has a strong effect 
on prices. At the same time, fuel type is not correlated 
with used car prices. Further, the results illustrate 
that seasonal variables during the year have a signifi

<Table 3> Regression Results(Cont.)

(1) (2) (3)

m1
6.247 7.463

(6.920) (5.889)

m2
29.13*** 29.78*** 24.78***
(7.660) (6.403) (5.044)

m3
47.90*** 48.95*** 43.38***
(7.567) (7.053) (5.522)

m4
64.60*** 65.57*** 59.42***
(8.306) (7.969) (6.324)

m5
47.69*** 49.62*** 44.27***
(7.676) (7.069) (5.673)

m6
34.52*** 36.56*** 31.80***
(6.834) (6.393) (5.173)

m7
29.15*** 29.86*** 25.90***
(7.001) (5.592) (4.638)

m8
22.23*** 25.25*** 21.94***
(6.245) (5.155) (4.449)

m9
27.14*** 32.70*** 28.86***
(6.989) (6.331) (5.560)

m10
18.62*** 23.14*** 20.53***
(6.889) (6.045) (5.688)

m11
-7.574
(6.744)

Constant
5,220*** 5,456*** 5,212***
(454.200) (384.200) (332.700)

Observations 547 547 547
R-squared 0.966 0.966 0.966

Note: The dependent variable represents the transaction prices of used cars. 
The standard errors are reported in parentheses. 
* Significant at the 10% level. ** Significant at the 5% level. *** Significant at the 1% level.
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cant impact. Moreover, the model illustrates that 
macroeconomic variables, such as exchange rate, and 
CPI have a positive and significant effect on price, 
while interest rate does not. 

Ⅵ. Conclusions and Discussions

In this paper we have presented a prediction model 
to valuate used cars and identified the key factors 
in the determination of prices in the used car market. 
We have used a multiple regression model utilizing 
the massive data available on the Internet. The most 
important finding of this study is that the reference 
price information available in the online open market 
is useful for estimating the prices of used cars. 
Although multiple regression equations are derived 
empirically, there is little doubt that they have gen-
erated significantly more accurate forecasts than 
those determined on the basis of historic transactions.

The estimation model of the multiple regressions 
confirms that the time variable, manufactured year, 
some of the exchange rates, and CPI are statistically 
significant in used car pricing equations. We argue 
that the interest rate and monthly dummy variables 
control for monthly or seasonal changes. This com-
plements previous findings regarding household in-
tentions to replace old cars (Marell et al., 2004) and 
hedonic price analysis (Prieto et al., 2015). In partic-
ular, our findings confirm that manufactured year 
has a strong significant impact on price. Unexpectedly, 
accident history has no statistically significant effects 
in our study. This may be due to variances in accident 
damage as some of the cars will be fine, with only 
minor damage, while others will lose much value 
due to major damage. The record of an accident 
saved in the vehicle history report may not provide 
quantitative information that is meaningful to buyers. 

Moreover, it has been shown that exchange rates 
influence prices of used cars. This is because exports 
of used cars are growing in tandem with the rising 
popularity of and confidence in Korean vehicles 
overseas. According to a daily newspaper article2), 
Russia and Jordan are two of the biggest importers. 

The results of our study lead to several strategic 
marketing recommendations for used car retailers 
and augment previous literature (Parment, 2008). 
We can observe that elapsed time has a significant 
impact on prices. However, fuel type (gasoline, diesel, 
or LPG) has no significance, even though this fuel 
type likely moderates the high mileage of cars. As 
we have growing concerns about air pollution and 
environmental issues, the variable of fuel type should 
be looked over in the long run as the government 
has strengthened regulations related to CO2 emissions 
tax (Carling et al., 2013). Finally, professional sellers 
should communicate more clearly online as all trans-
action evidence will be stored in the server.

Ⅶ. Limitations and Future Studies

Important issues await further investigation. Some 
estimation issues remain that were not considered 
in this study. It would be interesting to complement 
our study in at least two ways. First, by performing 
a larger study including more car models and wider 
geography than the ones examined here. Furthermore, 
if additional information had been provided about 
the omitted variables, such as major model changes 
or the usage behavior patterns of previous owners, 
a more fruitful discussion may have resulted. 
However, it has been demonstrated that the multiple 

2) Used Korean cars hot property overseas http://koreajoongan
gdaily.joins.com/news/article/article.aspx?aid=2951564
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regression equations appear to generate highly accu-
rate forecasts of used car prices for the 46 car types 
included in the study. Thus, we expect the industry 
to continue to make use of the multiple regression 
equations for used car pricing in the future.

Second, the influence of used car transactions on 
the new car market could be investigated, especially 
in the light of new technology. In particular, electric 
cars are becoming increasingly popular in many 
countries. In the future, the diffusion of electric ve-
hicles may change the price patterns of used cars.

This study does not consider the demand and 
supply in the entire used car market, but rather it 
focuses on the effects of the reference price in-
formation that is published in the market on a single 
company. The question of whether online price refer-
ence systems are useful in a company’s price estima-
tion is raised in this study. The rent-a-car company 
is able to collect the data set from the largest B2C 
website for used cars and use it as a reference for 
their used car pricing. A drawback associated with 

this approach may be that some car types have an 
insufficient number of samples to produce statistically 
significant results. Furthermore, outstanding outliers 
exist; thus, the operator of the estimation systems 
should manually verify the quality of the data set 
in the systems. 

It is intuitively obvious that the proposed estima-
tion systems are effective and are subject to empirical 
evaluation in the future. Additional monitoring is 
required with regard to the quality of the estimation 
systems. At present, the rent-a-car company finds 
the estimation systems to be very useful smart services 
and applies the estimates generated by the systems 
in their pricing decisions. 
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