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Abstract 

 

1. Introduction 
In this paper, we first describe data sources, filtering and complication of the dataset. First, we focus on a 

cross section of transactions for the 2012-13 period. Then, we look data overtime, comparing reliability 

and various aspects of data 

2. Real estate data – 2012-13 

2.1. Describe transaction level data 
In this paper we used transactional data of the Hungarian housing market which covers the entire 

country. The database is available from 2000 to 2014, but in this paper we only use a cross section of 

years 2012 and 2013. The source of the data is the National Tax and Customs Administration of Hungary 

(NTCA). There are lot of potentially useful variables in the database related to real estate properties 

(number of rooms, the existence of balcony, year of construction etc.) which we cannot utilize because 

the filling of these variables are below 10%. Therefore we only used the following variables: 

 year of purchase 

 price (purchase price documented through transaction)1 

 area 

 building type (detached house, terraced house, condominium or flat in a block of flats) 

 location of the lot (based on zip codes) 

                                                           
1 In case the NTCA didn’t accept the reported purchase price and imposed the stamp duty based on higher price, 
we used the calculated value of the NTCA. 
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For our current purpose to analyze a cross-section of years 2012 and 2013, we only kept a relatively 

small part of our original database. Before we start our investigation we realized that the database 

contains two problems: irrelevant price values may appear and incomplete area data may exists due to 

inaccurate data recording. We address these issues in the forthcoming chapters. As a first step, we 

dropped observations where key information was missing2. 

In 2012 and 2013 about 85 thousand purchase with key information are recorded in our database but 

they are not evenly distributed across the years. As Table one shows, the share of Budapest in the 

database is even higher than its share in the Hungarian population, which was 17.5% in 2013. On the 

other hand, the database covers the majority of the country because nearly two thirds of the Hungarian 

settlements are represented. The Table also shows the imperfections of the data recording. A few 

inaccurate area data can even deteriorate the basic descriptive statistics. That motivates elaborate data 

filtering before more complex computation. The applied filtering process is presented in the next 

section.  

Table 1: Number of transactions with key information 

Year of 
purchase 

Number of 
transactions 

Number of 
unique 

settlements 

Share of 
Budapest 

Mean unit price 
(thousand Ft/sq m) 

raw computation 

Mean area per 
housing unit 

raw computation 

2012 52 557 1915 40.1% 200.7 252.1 

2013 32 121 1221 43.2% 169 210.3 

Total 84 678 2159 41.3% (not meaningful) 236.3 
The data source is the National Tax and Customs Administration of Hungary. Raw computation means that the 

minimum of property and useful area was calculated.  

2.2. Filtering 
The first criteria is related to relevant purchase prices. As we checked the dataset thoroughly we identified 

that some of the observations came with irrelevant price values. About 300 transactions had a price less 

than or equal to 10.000 HUF (about 35 dollars). It is clear that no one can buy a flat or a house in such a 

low price, so we argue that these cases are the results of some data entry failure and we labelled them as 

errors. Unfortunately as we can see in Map 1 these failures appear more often in the territory of Győr-

Moson-Sopron, Vas and Bács-Kiskun counties. In the city of Baja the occurance of this error was extremely 

high with slightly more than 100 transactions. 

 

 

 

                                                           
2 There are several problems in the data, and hence, we drop transactions by some criteria. Before the first step we 
dropped those transactions where fractional ownership was transferred and we also had to remove observations 
which came with missing prices/location/purchase year.  We only kept transactions of which type can be clearly 
identified.  
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Map 1: Number of transactions with price equal to or below 10000 forints (2012-2013) 

 
The source of the data is the NTCA. We used Modified Micro Regions or MMRs for the illustration.  

Our key variables beside purchase price are concerned with area size. We distinguish between lot size 

and living size, bearing in mind that their difference should not be too high in case of flats. Living size 

stands for the useable floor area while lot size represents the size of the allotment the house is on. After 

filtering out transactions with implausibly low purchase prices the descriptive statistics in Table 2 reveal 

a relatively high variation in values of price and areas. Unfortunately living size is not available for all 

observations which is a concern especially for houses. 

Table 2: Description statistics of the key variables (2012-2013) 

Variable Number of 
observations 

Mean Median Standard 
deviation 

Minimum Maximum 

Price 84 380 10 781 580 8 100 000 10 653 343 10100 576 576 512 
Size_liv 50 179 722.3 54 134 466.8 0 30 000 000 
Size_lot 84 380 323.8 56 1 556.8 1 300 022 

The data source is the National Tax and Customs Administration of Hungary. 

As it clearly stands out from the extreme values of price, living and lot size, as well as the large difference 

between the median and mean values of the area variables, our database contains some inaccuracies 

which are probably caused by one of the usual coding errors (decimal point misplacement, mixing of 

nominal, thousand or million values). We should treat these mistakes somehow but our decision to drop 

values above a certain limit raises two types of error. The so-called Type I error occurs when an 

observation is dropped but actually it is not a mistake. Error of the second kind is the opposite of this, 

being held in the database when in fact it is erroneous.  
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The consequences will depend on the size of the correlation between the errors and our variables of 

interests. If they are uncorrelated, it would either increase or decrease the standard errors of our 

estimations depending on the type of the error we commited. It is certainly not ideal because our 

estimation will be less precise or gives us false overconfidence but the more serious problem arises if 

being an error is correlated with other variables. In that case the decision might affect even our 

coefficient estimates.  For example when a considerable amount of observations in villages are dropped 

due to falsely recognized as errors or, conversely, transactions which occurred in cities are kept in our 

sample despite being an error will certainly deteriorate our calculations. So this is the reason why the 

decision-making process should involve correlation checking and a thorough pattern seeking of potential 

errors. 

In the next step we address the issue of the two area variables. The problem with living size is easier to 

handle because relatively low number of extreme values deteriorate the descriptive statistics. One can 

find only 150 observations with a useful area above 1000 square meter. The mean living area of these 

transactions is 220 thousand sqm which seems unrealistic. Below 10 sqm only 42 observations are 

presented with a mean of 6.9 sqm. So we considered both groups as errors and dropped from our 

sample. Table 3 clearly shows that both mean and standard deviation fell greatly after omitting the 

excessively high values. Compared to that, bottom truncation did not cause significant change in either 

mean or standard deviation. Extremely low living size is tipically a concern among flats while the more 

serious problem occured mostly in case of houses. 

Table 3: Changes of the description statistics of living size after truncation (2012-2013) 

 Size_liv (original) 
Size_liv (bottom 

truncation) 
Size_liv (above 

truncation) 
Size_liv (both 

truncation) 

Number of 
observations 

50 179 50 137 50 029 49 987 

Houses 7 238 7 233 7 093 7 088 
Flats 42 941 42 904 42 936 42 899 

Mean 722.3 722.9 62.6 62.6 
Median 54 54 54 54 
Standard deviation 134 466.3 134 522.6 51.4 51.4 
Minimum 0 10 0 10 
Maximum 30 000 000 30 000 000 1 000 1000 

The data source is the National Tax and Customs Administration of Hungary. 

Lot size, compared to living size, could be more problematic because of a more elongated distribution.  It 

is not so obvious where to cut the sample, so we presented various scenarios and monitored the 

changes in the descriptive statistics. Table 4 reveals that standard deviation and mean declined gradually 

parallel with stricter sample truncating. The most pronounced alterations took place when we omitted 

values either above 3,000 or 1,000 square meters, so we will concentrate on these later on. Overly high 

allotment area is almost entirely a house-related problem similarly as living size. 
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Table 4: Changes of the description statistics of lot size after different truncations (2012-2013) 

 Number of 
observations 

Mean Standard 
deviation 

Minimum Maximum 

all 84,380 323.8 1556.8 1 300022 
 above 100,000 84,379 320.2 1165.8 1 83456 

 above 10,000 84,301 297.8 721.9 1 9979 
above 3,000 83,080 234.7 471 1 2999 
above 1,000 76,465 114 187.1 1 999 

below 10 76,266 114.3 187.3 10 999 
The data source is the National Tax and Customs Administration of Hungary. 

A more troublesome failure of the database is that living size is not available for all observations. It 

would be crucial to know both allotment and useful area sizes to precisely estimate the determinants of 

prices of houses. An alternative solution would be to use allotment size as a replacement to useful area 

to calculate square meter prices. As Graph 1 shows there is a huge difference amongst the two groups so 

it would be a clear mistake to use allotment size as a substitution.  

Graph 1: Scatterplot of logarithm of area and price and smoothed values in case of houses with one or 

two area data (2012-2013) 

 
The data source is the National Tax and Customs Administration of Hungary. If only one area data is available we 

used allotment size to substitute useful size. 

It would be anticipated that flats’ living and lot size not differ significantly. But even a small difference 

means that we could not use allotment size instead of living area. Graph 2 reveals that transactions with 
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one area data are coming with a slightly higher price on average. As a consequence we had to drop 

observations from our sample where only one area variable is filled in. This is the most critical step in our 

filtering process, because we had to remove slightly more than 34 thousand observations, namely 40 % 

of the original sample size. Houses are proportionally more affected by this step than flats, as 10520 

houses (59%)  and 23681 flats (36%) are dropped, respectively. 

Graph 2: Scatterplot of logarithm of area and price and smoothed values in case of flats with one or 

two area data (2012-2013) 

 

The data source is the National Tax and Customs Administration of Hungary. If only one area data is available we 

used allotment size to substitute useful size. 

From this point on we only deal with those observations which came with the two kind of area variables. 

The effect of truncation could be easily assessed through observing the changes of the regression 

coefficients, and their standard errors. The following two regression models differ only in sample size: 

the first one consists all observations which came with two kinds of area data, and the second model is 

estimated for properties between 10 and 1000 square meters of useful area. The difference is slightly 

less than 200 observations (about 0.4% of the total sample) but as we can see in Table 5 both the 

coefficients and standard errors altered greatly if we truncated the sample. These are influential 

observations and even though their number is low, they have a great influence on our estimates. This 

behaviour is a typical feature of coding errors. 
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Table 5: The role of truncating the sample  (2012-2013) 

  (1) (2) 

 All All 

VARIABLES  trunc 

      

Size_living(ln) 0.601** 0.760** 

 (0.0514) (0.0249) 

Constant 13.51** 12.88** 

 (0.135) (0.185) 

   

Observations 50,178 49,987 

R-squared 0.161 0.211 

Robust standard errors in parentheses 

** p<0.01, *p<0.05   

As we could see previously, houses seem to be more problematic than flats, as the majority of 

transactions were filtered out. Besides that excessively high lot area is more prevalent in case of single-

family homes, thus we decided to monitor this group more closely. The location of houses is not random 

in Hungary: single-family homes dominate the residential building stock in villages and smaller cities.  

This means if we drop further transactions these smaller municipalities are more affected. Table 6 

reveals that this problem is even more pronounced. Potentially about every third house-type transaction 

could be considered as erroneous if we truncate the sample above 1,000 sqm. But for small and big 

villages this ratio is a lot higher, around half of the observations are concerned. The main cause could be 

the relative abundance of land which allowed the building of houses in larger allotments. 

Table 6: The distribution of transactions by municipality types and allotment size categories in case of 

houses (2012-2013) 

 1-999 1000-3000 3000+ 

Total share 61.8% 32.7% 5.5% 

Budapest 88.2% 11.4% 0.4% 

Big cities 79.2% 16.8% 4% 

Medium cities 82.3% 16.5% 1.2% 

Small cities 67.9% 29.7% 2.4% 

Big villages 43.7% 48% 8.3% 

Small villages 32% 55.4% 12.6% 

The data source is the National Tax and Customs Administration of Hungary. 

Finally we analized again the role of truncation our sample but this time we investigated only the houses 

and both area variables. Table 7 shows that small truncation (above 3000 square meters) slightly 

changed our estimates. This could come as a surprise because we omitted more than 5% of the 

observations and compared to the truncated sample in Table 5, this is a more pronounced change of 

sample size. If we move toward to the 1,000 square meter limit the coefficients and standard errors 

altered greatly, moreover the estimated coefficient of lot size is not statistically significant. This large 
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truncation is very important, but probably not right due to the dropping of a great proportion of 

transactions in villages. In conclusion we drop observations above 3,000 square meters of lot area as 

they are certainly errors. Transactions between 1,000 and 3,000 sqm could be errors as well but we can 

not clearly classify them. So the final sample includes observations in this range but we will use the 

smaller sample as well for checking robustness of our models.  

Table 7: The role of truncating the sample in case of houses  (2012-2013) 

  (1) (2) (3) 

 House House House 

VARIABLES No trunc trunc 3K trunc 1K 

        

Size_living (ln) 1.053** 1.017** 0.701** 

 (0.112) (0.108) (0.0847) 

Size_lot (ln) -0.161** -0.154** 0.0341 

 (0.0172) (0.0182) (0.0250) 

Constant 12.18** 12.31** 12.69** 

 (0.556) (0.518) (0.394) 

    

Observations 7,088 6,699 4,470 

R-squared 0.279 0.268 0.194 

Robust standard errors in parentheses  

** p<0.01, * p<0.05    

To summarize our filtering process we presented the final sample’s descriptive statistics in Table 8.  The 

number of observations nearly halved but price statistics remained almost unchanged compared to the 

original figures demonstrated in Table 2. It makes sense that the average and median of useful area and 

allotment size are significantly higher for houses. Unfortunately we had to drop proportionally more 

houses, thus the predomination of flats increased further. 

Table 8: Description statistics of our sample (2012-2013) 

  price (Ft) size_liv (sqm) size_lot (sqm) 

 
Number of 

observations 
Mean Median Mean Median Mean Median 

all 49,525 10,646,199 8,000,000 62.31 54 167.17 55 

flat 42,839 10,244,875 8,000,000 54.95 53 57.85 53 

house 6,686 13,217,588 8,900,000 109.49 80 867.59 733 

The data source is the National Tax and Customs Administration of Hungary. 

Map 2 gives insight in the spatial differences of mean price. It varies greatly at the level of Modified 

Micro Regions. Three zones could be distinguished according to relative high prices: the big cities and 

their surrounding agglomerations (e.g. Budapest, Győr, Pécs), micro regions that are close to Vienna and 

the territories near Lake Balaton. Prices are lower in the peripheral border regions in the southwest and 
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northeast parts of the country, across much of the rural Great Plain and surprisingly between the more 

expensive areas of the western border and Lake Balaton.  

Map 2: Mean prices in the final sample (2012-2013) 

 

The source of the data is the NTCA. We used Modified Micro Regions or MMRs for the illustration.  

The proportion of dropped observations are illustrated in Map 3.  In almost every second region more 

than half of the observations had to be dropped due to various reasons we presented in Section 2. The 

most heavily exposed territories could be found in the central counties, in Győr-Moson-Sopron and 

Szabolcs-Szatmár-Bereg counties and the surronding micro regions of Baja. While we dropped a 

considerable portion of house transactions the southern part of the Great Plain were remained relative 

intact. In most cases, we kept proportionally more observations in big and medium cities than their 

surrounding agglomerations.  

Map 3: Proportion of dropped observations during the filtering process (2012-2013) 
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The source of the data is the NTCA. We used Modified Micro Regions or MMRs for the illustration.  

Finally we present some basis regression models in Table 9 that we estimated on different subsamples. 

The coefficient of living size looks relative stable through different specifications: if we increase the 

useful area by 1 percent the price of the property also rise by the same rate.  

Table 9: Basic regression models estimated on different subsamples (2012-2013) 

  (1) (2) (3) (4) (5) 

VARIABLES House Flats All All All 

            

Size_living (ln) 1.025** 0.949** 0.957** 0.949** 0.950** 

 (0.111) (0.0122) (0.0331) (0.0122) (0.0124) 

House (D)   -0.580** 0.132 0.0957 

   (0.0703) (0.413) (0.440) 

House X Size_lot (ln)    -0.164** -0.164** 

    (0.0192) (0.0192) 

House X Size_living (ln)    0.0766 0.0753 

    (0.111) (0.116) 

Size_lot (ln) -0.164**     

 (0.0192)     

Block of flats (D)     -0.417** 

     (0.119) 

Constant 12.34** 12.21** 12.17** 12.21** 12.24** 

 (0.524) (0.136) (0.249) (0.136) (0.104) 

      

Observations 6,686 42,839 49,525 49,525 49,525 
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R-squared 0.271 0.299 0.282 0.290 0.317 

Robust standard errors in parentheses      

** p<0.01, * p<0.05      
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The second filtering criteria concerns meaningful area data. We defined observations with less than 10 

or more than 300 square meters area as erroneous data entries. Lots below 10 sqm are so rare in 

Hungary that these transactions are more likely the result of some data entry failure. This is also true for 

houses above 300 sqm, where there is an increased probability that lot area appears incorrectly as useful 

area.  

The third criteria filters out transactions where we cannot be sure about the nature of the area data. The 

database contains 3 variables concerning with the extent of a house or flat: property area, useful floor 

area and plot area. We computed the minimum of the first two variables to get our concluding area 

variable. The ambiguous area problem arises in the case of houses. Many times only one area data is 

recorded in our database, or the property and useful floor area are nearly equal. Two differing variable 

would be required to clearly decide which one is related to the useful floor size. To eliminate the 

problem we defined a differing (or certain) area variable3 and labelled unsure observations as errors. 

The following table shows the number of filtered observations. As a result of the three criteria, 16% of 

the data is dropped. Majority of the filtered data doesn’t fit into the criteria related to the area data: 

high size and uncertain area cause the most problems. Furthermore, the filter is not distributed 

uniformly among settlement types. Significant proportion of the smaller settlements’ data is lost. 

Table 2. Number of lost observations during the filtering process. 

settlement 
type 

number of 
settlements 

observations after the filtering steps 
(percentage of dropped observations during each steps) 

raw data 
filter 1 - 

drop low 
value 

filter 2L - 
drop low 

size 

filter 2H - 
drop high 

size 

filter 3 - 
drop 

uncertain 
area 

Budapest 
1 21068 21066 

(0%) 
20979 

(0%) 
20535 
(-2%) 

20282 
(-1%) 

Big city 
18 14290 14248 

(0%) 
14213 

(0%) 
13716 
(-3%) 

13186 
(-4%) 

Medium city 
5 1780 1769 

(-1%) 
1763 
(-1%) 

1594 
(-8%) 

1469 
(-10%) 

Small town 
322 10125 10104 

(0%) 
10086 

(0%) 
8207 

(-19%) 
7631 
(-7%) 

Big village 
119 682 679 

(0%) 
678 

(0%) 
306 

(-55%) 
272 

(-11%) 

Small village 
2689 4602 4538 

(-1%) 
4519 
(0%) 

1719 
(-62%) 

1460 
(-15%) 

Sum 3154 52547 52404 52238 46077 44300 

                                                           
3Drop low value: Transactions with price less than or equal to 10.000 HUF are dropped. 
Drop low size: Transactions with area less than 10 sqm are dropped. 
Drop high size: Transactions with area more than 300 sqm are dropped. 
Drop unsure area: In case of houses, a transaction has differing area when it contains both property and useful 
floor area and the property area is at least 5 percent higher than the useful one. 
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(0%) (0%) (-12%) (-4%) 
The source of the data is the NTCA. 

During the filtering process we monitored the changes of the database. The lost in the data proves to 

have significant effect on the descriptive characteristics of the database. In case of settlement types 

mean price significantly change after we drop transactions with either high size or uncertain area. The 

difference is not uniform among the categories according to the following table. 

Table 3. Changes in mean prices during the filtering process. 

settlement 
type 

average price after the filtering steps 
change of average property prices during each filtering steps 

raw data 
filter 1 - 
drop low 

value 

filter 2L - 
drop low 

size 

filter 2H - 
drop high 

size 

filter 3 - 
drop 

uncertain 
area 

Budapest 14.45 
14.45 
(0%) 

14.47 
(0%) 

14.19 
(-2%) 

14.16 
(0%) 

Big city 9.58 
9.61 
(0%) 

9.61 
(0%) 

9.41 
(-2%) 

9.37 
(0%) 

Medium city 9.99 
10.05 
(1%) 

10.07 
(0%) 

9.47 
(-6%) 

9.62 
(2%) 

Small town 9.92 
9.94 
(0%) 

9.93 
(0%) 

10.06 
(1%) 

10.02 
(0%) 

Big village 8.60 
8.64 
(0%) 

8.64 
(0%) 

11.23 
(30%) 

11.22 
(0%) 

Small village 5.93 
6.01 
(1%) 

6.00 
(0%) 

7.32 
(22%) 

7.83 
(7%) 

sum 
11.28 11.31 

(0%) 
11.31 
(0%) 

11.59 
(2%) 

11.64 
(0%) 

The source of the data is the NTCA. 

In the case of bigger and medium cities average price slightly decreases, but for small towns there is a 

slight increment. However the difference is fairly high for villages, mean prices rise by more than a 

quarter between step 2 and step 4. As we move from the category of big cities to small villages 

proportionally more transactions are dropped during our filtering process. If we analyze these 

observations, it turns out that transactions with high size are likely associated with uncertain area data. 

It is clear that the biggest issue here is the problem of villages: a large part of the observations must be 

filtered out in these category, and in addition to that average prices significantly rise. We argue that this 

is caused by the less precise registration of older and owner constructed houses – these properties are 

often recorded with plot area (instead of constructed area) and are also lower-priced than other houses. 

This correspondence yields that filtering out properties registered with plot area filters out less valuable 

real estates.  

The following map reflects the proportional loss of observations during the filtering process in county 

level and also the concluding average prices. Pest, Fejér and Jász-Nagykun-Szolnok counties underwent 
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the highest losses during the filtering process while Budapest was the least affected. The latter is not 

surprising because of the relatively small proportion of houses in the capital. In most cases, county 

averages increased after the filtering process. In more developed counties (Budapest, Pest, Komárom-

Esztergom) the mean prices decreased slightly, which supports our hypothesis. The median prices look 

less volatile, although there is a considerable increase in Békés, Szabolcs-Szatmár-Bereg and Tolna. 

Map 2: Percentage of dropped observations and mean prices after filtering (2012) 

 

The source of the data is the NTCA. 

Table 4: Number of transactions after filtering 

Year of 
purchase 

Number of 
transactions 

Number of unique 
settlements 

Share of 
Budapest 

Mean unit price 
(thousand Ft/sq 
m) 

Mean area 
per housing 
unit 

2012 44 102 1124 45.6% 196.5 59.4 

The source of the data is the NTCA. 

As a result of the cautious filtering process our analysis will use more than 44 thousand housing unit 

observations. We marked more than 8 thousand observations as errors which we will use for robustness 

tests.  The filtering process caused a considerable decrease in the coverage of Hungarian settlements. 

Parallel with this the importance of Budapest has increased slightly in our sample. Mean unit prices 

slightly decreased while mean area has fallen drastically, from 252 to 59 square meters.  


