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Abstract

Accurately estimating real estate prices is an important yet challenging task for both sellers and
buyers. This study presents an innovative approach that integrates large language models, economic
indicators, and advanced data science techniques within a regression model framework to enhance the
accuracy and interpretability of real estate price predictions, specifically in the Hungarian market.

We trained gradient boosting and other machine learning models on a dataset of approximately 50,000
real estate listings from the Hungarian market and tested it on an additional dataset of 10,000 listings.
We place special emphasis on interpreting the results using SHAP values and the integrated gradients
method to understand the importance of the features. Our findings indicate that economic and location
variables significantly improve the accuracy of the estimate and these variables can often be condensed
into a single feature. Additionally, features extracted from property descriptions using large language
models have a notable impact on the results, particularly in outlier cases, highlighting their utility to
improve prediction accuracy.
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1 Introduction

Estimating property prices accurately and efficiently is crucial for various stakeholders in the real estate
industry, from individual buyers and sellers to investors and policymakers. Traditional appraisal methods can
be time-consuming, costly, and subjective, highlighting the need for automated and user-friendly solutions.
Given the inherent complexities and regional variations in property valuation, machine learning offers a
promising avenue for enhancing both accuracy and accessibility in this domain.

Regression models have a long history of application in property price estimation, dating back to early
hedonic models like Rosen’s influential work [I]. These models sought to quantify the impact of various prop-
erty characteristics on price. The advent of advanced machine learning algorithms, coupled with increased
computing power and the availability of rich real estate datasets, has revolutionized the field. Examples
of this transformation include [2, [3, [4]. Researchers have explored both time-series forecasting of market
dynamics and cross-sectional price prediction based on static market snapshots. In Table |1} we summarized
numerous articles about property valuation, with various different dataset sizes, origin locations and model
choices, giving an overview of the current scientific state of the topic. We found that most researchers ex-
periment with multiple machine learning models. In studies done after the emergence of gradient boosting
libraries such as XGBoost for example, the gradient boosting model family provides with the best prediction
accuracy. In less recent articles, neural networks and support vector machines were the optimal choice of
regression model. Some of these studies also analyze their results with different methods aiding interpretabil-
ity. Notably, most of them use one single algorithm, SHapley Additive exPlanations [5]. Interestingly, apart
from living area, there is not much correlation between the most important features for price prediction, but
one can see that location plays a significant role in the predictions, because a feature related to the location
is almost always mentioned among the most important aspects.



Table 1: Summary of related works

Ref. Dataset size Features Type of properties  Location Time range Models Important features Time dy- Findings
No (row x col- namics
umn)
6] 5359x76 Mostly intrinsic sold town-houses Fairfax 2004-2007 DT, Ripper, NB, Ada - - Ripper outperformed the
County, other, Ada was the second
Virginia
[7]  40000x27 intrinsic, local, set- flat, houses Alicante, 2019-2021 GB, LGB, XGB, RF, - GB methods better, less
tlement related Spain ETR prone to overfitting
B8] 21613x20 Mostly intrinsic actual house-sales King 2014-2015 SVR w. linear, poly - - RBF kernel is was the
County, and RBF kernel best, PCA is important.
USA
9] 2500x130 intrinsic, geograph- house listings on Montréal, 2014 SVR, kNN, RF - - kNN + RF ensemble is the
ical the web Canada best
[10] 7407x36 intrinsic, local transaction prices Ljubljana, 2008-2013 Hedonic, OLS, RF Year of construction, yes RF was the best
Slovenia liviling area, data
1] 200x12 intrinsic house listings on  Christchurch, 2003 Hedonic, NN land, age - NN outperformed Hedonic
the web New Zealand
[12] 5741x46 Mostly intrinsic transaction prices Turkey 2004 Hedonic, NN water system, pool - NN outperformed Hedonic
[13] 3906x6 intrinsic transaction prices Rutherford 1993-1994 MRA, NN, - - NN performs better
of single family County,
homes Tenesse
[I4] 20000x14 intrinsic, 1 location actual transaction California 1990 RF, ET, GBDT, XGB - - XGB is the best single
prices model, ensemble performs
much better
[I5] 1480x9 intrinsic actual transaction Bengaluru, 2017 Ridge, Lasso, SVR, - - XGB was the best
prices India XGB
[16] 32215x23 Mostly intrinsic actual transaction Taichung, 2016-2019 SVR, GRNN, CART, - - SVR was performing the
prices Taiwan BPNN best
[I7) 11937x13 Mostly intrinsic internet listings China 2017-2018 SVR, ARIMA - yes ARIMA outperformed
SVR
[18] 84x a lot intrinsic, from text- actual transaction Shanghai, 2011-2016 LR, ElasticNet, RF, - - RF performed best
mining prices China Lasso, Ridge
[19] 1460x79 intrinsic actual transaction Ames (Iowa) 2006-2010 Lasso, Ridge, SVM, Living area, neighbor- - SVR with gaussian kernel
prices RF hood was the best
[20] 790631, pro- proprietary data actual transaction Spain proprietary Decision Trees, RF, - - Ensemble was the best
prietary data prices data boosting, bagging
[21] 2848x10 intrinsic internet listings Saint- 2010 RF, kNN, CART, District, house type, - RF was the best
Petersburg, RBF, Boosted trees, time to center
Russia CHAID, MLP
22] 36586x intrinsic, econimic, transaction data California, 2011-2016 OLS, RF, GB, XGB NOI, green space - Gradient Boosting and
location Florida, within 30 mins, con- XGB were the best
Texas struciton year
23] 12 mil x less Mostly intrinsic housing ads all over 2015-2018 RF, NNs - - both are good, but com-
than 20 Brazil bining them is better
[24] 40000x12 1 location, others Hong Kong 1996-2014 RF, GBM, SGD, SVM 1. floor area 2. dis- - RF, GMB are accurate
intrinsic tance from center, but

by a lot




Our research adopts a cross-sectional view of the market, and aims shows the substantial potential
for improvement in accuracy by leveraging expanded datasets and cutting-edge techniques. These include
location features considering every point of interest in the area, economic indicators related to the settlement,
and large language models (LLMs), which offer novel ways to process unstructured textual data.

While powerful, advanced machine learning models often operate as ”black boxes,” providing limited
insights into the factors driving predictions. Interpretability techniques like SHapley Additive exPlanations
(SHAP), [B] have emerged to address this challenge, offering a robust and trusted method for understanding
model behavior. As mentioned before, SHAP values are already being applied to interpret property price
predictions, enhancing transparency and trust [25] 20, 27].

Beyond traditional tabular data, images and free-text property descriptions represent a rich, yet often
underutilized, source of information. Advances in computer vision and natural language processing have
enabled the effective integration of these data modalities into price estimation models. For instance, Nouriani
et al. demonstrated improved accuracy over Zillow’s Zestimate by using image processing to classify room
luxury levels [28]. Similarly, Baur et al. found that BERT (Bidirectional Encoder Representations from
Transformers, [29]) significantly reduced prediction error when applied to property descriptions [30].

The Hungarian real estate market is an especially diverse case to observe and study. Over the past
decade, the market has been shaped by a confluence of economic growth, urbanization, and strategic foreign
investments, particularly in Budapest and other major cities. Budapest, as the largest and most developed
city in the country, exhibits numerous distinctive characteristics in the real estate market compared to other
regions. Similarly, the Balaton region stands out, where foreign buyers exert significant upward pressure on
prices. (Figurecreated from our dataset, also illustrates this peculiarity.) This economic diversity together
with special policies aiding families to buy houses with government funds [31] make the Hungarian market
an interesting subject for a comprehensive study.

To the best of our knowledge, this is the first paper investigating real estate price prediction for the
Hungarian market. The size of our dataset also differentiates this study from the rest: our analysis is based
on a dataset scraped from the largest Hungarian real estate website, containing over 500000 listings, with
an exceptionally diverse set of features (e.g. 62 based on location and 37 on economic attributes of the
settlement). An important contribution of this paper is that we present a unique description processing
method, based on LLMs, can be utilized in property price prediction. In addition, we focus on optimizing
and interpreting every step of the prediction process. We test the performance of different regressors such
as Linear Regression, Random Forests and XGBoost. Furthermore, we use interpretable machine learning
methods, such as SHAP values and the integrated gradients method, to enchance model transparency. We
demonstrate that the prediction RMSE of the listed price of properties can be improved by 20% compared
to using only the data scraped from the website.

The remainder of this paper is structured as follows: Section [2] outlines the methods employed and
provides a detailed description of the experiments conducted. Section [3] presents our findings, accompanied
by a discussion of their underlying causes and implications. Finally, Section [5] summarizes the results and
discusses potential improvements and limitations.

2 Data and methods

This section details the methodology employed in this study, encompassing the data collection and prepro-
cessing steps, the construction of predictive features, the selection and training of machine learning models,
and the techniques used for model evaluation and interpretation. We begin by describing the various data
sources, including web scraping, API calls, and official statistics. Subsequently, we outline the data clean-
ing and preprocessing procedures undertaken to ensure data quality and consistency. An overview of the
methodology used in this paper is presented in Figure [[] The feature engineering process, incorporating
intrinsic property attributes, location-based features, economic indicators, and novel LLM-derived features
from property descriptions, is then explained. Finally, we describe the chosen machine learning models,
the experimental setup for model comparison, and the methods used to interpret model predictions and
understand the influence of different feature groups.
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Figure 1: Overview of the pipeline

2.1 Data sources

The core of our analysis is built upon a dataset of over 517,000 real estate advertisements scraped from
Ingatlan.com (ingatlan.com), Hungary’s largest online real estate platform. Data collection took place
weekly from January 2022 to July 2022, capturing a snapshot of market dynamics during this period. All
data used in this study were publicly available at the time of collection.

To enrich the scraped data with geographical context, we utilized the Nominatim API to obtain GPS
coordinates for each property based on the provided addresses. The API also provides an uncertainty
measure, representing the radius within which the true location likely falls. This uncertainty metric was
incorporated into our analysis to account for potential geocoding errors.

Further enhancing the spatial dimension of the data, we leveraged OpenStreetMap to identify and quantify
points of interest (POIs) near each property. These POIs provide valuable contextual information about the
surrounding neighborhood and amenities.

Finally, we integrated socio-economic indicators for each settlement from the Hungarian Central Statis-
tical Office (KSH). These indicators provide a broader macroeconomic and demographic context for each
property, capturing factors that can significantly influence property values.

2.2 Data Cleansing

The dataset used in this study was obtained through web scraping from a publicly accessible real estate
platform. As the platform allows users to upload property listings without verification of their content,
data inconsistencies and errors are prevalent. Therefore, rigorous data cleansing was a necessary step in our
preprocessing pipeline to ensure the reliability of the analysis.

e Selection of Property Type: The raw dataset included various property types—such as flats, houses,
and office buildings—and different listing categories (e.g., properties for rent and for sale). To achieve
a high level of homogeneity in the dataset, we restricted our analysis to the largest, most consistent
subset: flats listed for sale. This filtering process yielded a dataset of 160,285 records, allowing for


ingatlan.com

a focused analysis on comparable property types and reducing confounding variability introduced by
other types of real estate.

e To use our introduced location-based features to their fullest potential, location with high accuracy is
required. For this reason, we only kept those flats that had approximately the uncertainty of 300m-
500m (so anything less accurate than a street name given is excluded), leaving us with 74483 records.
This step is needed so that location features can be accurately and reliably assigned to the records.

e Again, by the nature of the platform, there is high probability for typographical mistakes or misclassifi-
cations (e.g., an industrial property being listed under the residential category). We have made efforts
to filter out such discrepancies. At first, we removed the top 0.5% and the bottom 1.7% with respect
to cost per square meter to account for all potential typos in property prices. The cut-off values were
selected based on Figurd2] where the red lines indicate the cut-offs.

e Another type of misclassification was not listing the full property for sale. This introduces price discrep-
ancies, which we should avoid. To account for this, all records containing the Hungarian equivalents of
the following words were omitted: “leaserights’, ‘ownership rights’, ’lease rights’, 'I would trade’, ’1/6°,
1747, ’1/5°, ’1/3°, ‘state tender’, auction’, ‘test’, licit’, 'I'm searching for’, ’test listing’, because
listings containing these do not represent a valid price.

e The fact that different real estate agencies could advertise the same property or one seller could list a
property multiple times made it necessary to filter out out duplicates. Two properties were considered
duplicates if they were built in the same year, were on the same floor, their GPS coordinates matched
and their price and floor area were within 10% of each other. After the filtering steps, the dataset
ended up containing 61874 records.

1e6 Cost per square meter by sorted order
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Figure 2: Cost per square meter sorted

A plethora of missing values is also inherent to the nature of the dataset, because users often do not
fill all the input boxes the platform provides. Using KNNImputer an imputed version of the dataframe
was also created so that regression models that cannot be used on data with missing values could also be
experimented with.

The scraped dataset included various metadata attributes, such as internal listing identifiers, that could
theoretically enhance the accuracy of listing price predictions. However, these features were deliberately
excluded from the analysis to avoid potential data leakage and overfitting. Similarly, the duration a listing
remained online was not incorporated into the property valuation model, as this information would typically
be unavailable in a real-world context where the goal is to estimate listing prices for newly introduced
properties.

Nevertheless, listing duration was analyzed in relation to potential overpricing, as extended time on
the market can serve as a reasonable proxy for the property’s competitiveness relative to similar listings.
It is important to note that the prices within the dataset are listing prices, not actual transaction prices.



Despite this limitation, predicting listing prices is valuable in itself, as sellers often aim to set a competitive
yet negotiable price point that accommodates common aspects of the property transaction process, such as
negotiation margins and buyer-seller dynamics.

To conduct an initial sanity check and gain an overview of the dataset, we visualized listings across all
Hungarian settlements and by district within Budapest. The visualization (see Figure [3) displays average
listing prices per unit area, using color gradients to represent price variation, for houses and flats, respectively.
This mapping highlights distinct price concentrations, with particularly high values observed in Budapest
and around Lake Balaton, and, to a lesser extent, in other major cities.

A comparison of this distribution with data from the Central Statistical Office (2022 data) shows no
significant discrepancies, indicating that our dataset does not exhibit any substantial biases. This alignment
suggests the data reasonably reflects the true geographic distribution of property values in Hungary.

2.3 Features

Intrinsic features. The attributes directly extracted from the real estate website are categorized as intrinsic
features. These encompass a variety of property characteristics, including both numerical and categorical
variables. All categorical features, such as the orientation of the flat, underwent one-hot encoding to facilitate
their use in machine learning models. A comprehensive overview of these intrinsic features, along with their
descriptions and descriptive statistics, is provided in Table

Location features. Recognizing the importance of location and surrounding amenities in property
valuation, we incorporated a range of location-based features into our analysis. These features were derived
from OpenStreetMap data by leveraging the GPS coordinates obtained via the Nominatim API. We en-
gineered 62 distinct location features, encompassing both proximity-based measures (e.g., distance to the
nearest school or supermarket) and density-based measures, which aggregate the number or area of specific
points of interest within a given radius, applying distance-based exponentially decaying weights. A detailed
summary of these location features is presented in Table [0]

Economic features. Macroeconomic and demographic factors play a crucial role in shaping local real
estate markets. To capture these influences, we incorporated 37 economic variables at the settlement level
(town or district). These variables, detailed in Table provide insights into the economic landscape of
each area. Examples include the number of listed companies per capita, reflecting local business activity,
and the proportion of residents with university degrees, serving as a proxy for educational attainment and
potential earning power. These data were sourced from the Hungarian Central Statistical Office (ksh.hu)
and are hypothesized to be valuable predictors of property values, as stronger local economies and higher
educational levels are often associated with increased housing demand and price appreciation.

LLM features. Recognizing that free-text property descriptions often contain valuable information not
readily captured by structured data, we leveraged the power of large language models (LLMs) to extract
additional features. This approach is motivated by the understanding that descriptive text can reveal
nuanced aspects of a property, such as its perceived luxury level, neighborhood characteristics, and unique
amenities, that are difficult to quantify through traditional means. Using Google’s Gemini 1.0 Pro model
and prompt templates detailed in Appendix [D] we derived several LLM-generated features. Specifically, we
prompted the model to assess both the property’s luxury level and the desirability of the neighborhood on
a scale of 1 to 10. Inspired by the work of Nourani et al. [28], which used images to assess luxury, our
approach extends this concept to textual descriptions. Furthermore, we tasked the LLM with identifying
specific features mentioned in the description that could significantly impact property value, such as a pool,
home theater, gym, waterfront location, or historical significance. To prevent data leakage, all numerical
values representing prices or other monetary amounts within the descriptions were replaced with ”X” prior
to processing. For example, a lot of descriptions directly contain a price for the property, the value we
are trying to predict, so that would defeat the whole purpose of the study. Any LLM output that did not
conform to the specified 0-10 integer scale was treated as a missing value.

Interaction features To account for potential synergistic effects and special connections between fea-
tures, we incorporated interaction terms into our model. This is based on the premise that the impact of
certain features on property price can be dependent on the values of other features. While regression mod-
els can implicitly capture some interactions between features, explicitly engineering interaction terms can


https://www.ksh.hu/s/ingatlanadattar/terkep?year=2022&area=2&type=total
ksh.hu

K

>
V&)'Q -

o " ¥ i{,“ Y / ‘ Average price per unit
o4 ex > o Y !":y area, in 1000HUF
s ""‘\ (t & No data

3 ?C”J"'(:“ <100
100-200
200300
300-400
400-500
500-600
600-700
700-800
800-900
900-1000
1000-1100
1100-1200
1200-1300
1300-1400
1400-1500
1500-1600
1600-1700
1700-1800
1800-1900
1900-2000

G-
; LT
g Soazans TEeE N
M2, ‘:»}’.\-b#;f-’;\?ﬁf; i{g’?&’ﬁ-ﬁ]‘f?\" P
P g P
SRR A

ANRE TR,

JAR AR !

N
Q‘b'.\

yJ

D
e
P

&:a! N
o &)

"n
2

QY

<
9’

5

Average price per unit

R
L3
o
o
<2
>
:o‘,. N
4

P

e,

?:— ’ > ‘%. area, in 1000HUF
g ““‘0{ "’4‘ v [ No data
r b S 0400

400-500
500-600
600-700
700-800
800-900
900-1000
1000-1100
1100-1200
1200-1300
1300-1400
3 1400-1500
1500-1600
1600-1700
1700-1800
1800-1900
1900-2000

5
=
£

Vi

=y
e
$9
5

tvd
)
203

Ay
o) »
Vg el
TP 1
g [ul" AN A
QST

T e

"*‘ﬁ {8

oy

#2400
N ‘yuvy N

%

%’"

2
O
58

N
(]

‘B
8

3
S

Figure 3: Average house and flat price per unit area



improve model performance and interpretability. By directly including these interactions, we aim to facili-
tate the model’s ability to learn complex relationships and provide clearer insights into the factors driving
property valuations. For example, the value of garden space is likely to be amplified in densely populated
urban areas like Budapest compared to less densely populated regions, where outdoor space is more readily
available. The following interaction terms were constructed:

e age - condition: Captures the interaction between a property’s age and its condition. A well-
maintained older property might be more valuable than a poorly maintained newer one.

e subtype - floors_in_building: Accounts for how the number of floors in a building affects the price
differently for brick and panel constructions. For instance, higher floors in brick buildings might be
more desirable due to perceived better quality and less noise, while this effect could be less pronounced
in panel buildings.

e subtype - floor: Captures the combined effect of construction type and floor level on price. Lower
floors might be less desirable in panel buildings due to concerns about dampness or security.

e subtype - balcony: Considers how the presence of a balcony influences price differently for brick
and panel buildings. A balcony might be more valued in panel constructions where access to private
outdoor space might be limited.

e subtype - land_area: Accounts for the varying importance of land area based on construction type.
While both brick and panel buildings can have associated land, its impact on price could differ.

e subtype - quality: Captures the interaction between construction type and overall quality rating.
The impact of a given quality level may differ between brick and panel buildings. For example, a
high-quality rating might command a greater price premium for a brick building.

e in_budapest - land_area: Considers the premium placed on land area within Budapest, where space
is often more expensive.

e in_budapest - view: Captures the added value of a desirable view specifically within Budapest.

e in_budapest - lift: Accounts for the importance of having a lift (elevator) in Budapest’s potentially
taller buildings.

e in_budapest - garden_connection: Considers the value of direct garden access specifically within
Budapest.

e in_budapest - highway noise_500_IntegratedWays: Captures the negative impact of highway
noise, which might be more pronounced in certain areas of Budapest (highway noise 500 integratedways
aggregates the highways with weight exponentially decaying with distance)

e comfort - quality: Accounts for the interaction between comfort level and overall state of the property.
High quality might enhance the perceived comfort of a property.

These interaction terms are subsequently treated as intrinsic features in our analysis.

2.4 Model comparison

To evaluate the efficacy of various modeling approaches for property price prediction, we trained and com-
pared several supervised learning models using the cleaned dataset, incorporating all intrinsic, economic,
location-based, and LLM-generated features. This comparative analysis allows us to assess the performance
of different model architectures and identify the most suitable approach for this specific task. The following
supervised learning models were tested: Elastic Regression (Linear regression with combined L1 and L2
priors as a regularizer, from Scikit-Learn), Extreme Gradient Boosting (from Chen et al., [32]) and TabNET
(from Arik et al., [33]). For this purpose, we used the libraries sklearn, zgboost and pytorch-tabnet, to include
a model from each larger architectural category, like linear, tree/forest based and neural network based.



For the gradient boosting model, the variables with less than 9 different values were treated as categorical
variables. To better understand the effectiveness the more advanced algorithms, three baseline models were
implemented as benchmarks:

Baseline I: Returns the mean price, regardless of input

Baseline II: Returns mean price per unit area - floor area

Baseline III: Returns mean price per unit area in the settlement - floor area

For the tests, the data was split into 2 parts: a training set (80%) and one test set (20%). To tune
the hyperparameters of the models, 5-fold cross-validation was applied within the training set. Finally, the
model’s performance was assessed by calculating errors on the test set, which was kept entirely separate for
unbiased evaluation.”

To evaluate the models’ performance, we use three metrics: Root Mean Squared Error (RMSE), Mean
Absolute Percentage Error (MAPE) and the coefficient of determination (R?). Errors are always calcu-
lated by first transforming the prices back to their original form (reversing the log transformation and/or
multiplying by floor area), to retain consistency. RMSE was chosen as the objective function for all models.

To illustrate the incremental predictive power of the features we add (location-based, economic and llm-
based), and to gain a more nuanced understanding of the individual contributions they make, the models
were tested on all sensible combinations of the feature groups.

2.4.1 The target variable: price and its variations

Logarithmic transformations of price are frequently employed in property valuation, offering several advan-
tages, including the normalization of skewed distributions (evident in Figure E[) and mitigation of the impact
of outliers on model training. To determine the optimal modeling strategy for our dataset, we systematically
evaluated various transformations of the target variable, including:

e Price

e log(Price)

Price

[ ]
Area

Price

¢ lOg( Area )

log(Price)

[ ]
Area

From our tests in Section |3.5.1} we concluded that utilizing log(Price) is the most reasonable choice, so
going forward, all tests will be using log(Price) as the target variable.
The distribution of the described target variables can be seen in Figure [

Price Price log(Price)

Price log(Price) Ares log(Fres) Area

le8 le6

Figure 4: Histograms for different price metrics

2.4.2 Testing different feature groups and composite variables

In the full dataset, there are a large number (150+) of features, and four feature groups: intrinsic, locational,
economic, and LLM-generated. To test which group is the most important for making precise price esti-
mations, we investigate what incremental predictive power the groups have over each other. Since different
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feature groups could improve on predictions for flats in different price categories, we split the listings into
five quintiles, based on the price of the property, and investigate them separately.

We hypothesize that the dimensionality of feature groups can be reduced with minimal information loss.
To test this, model performance was evaluated using lower-dimensional composites rather than full feature
groups.

Single-variable composite features were generated using XGBoost, where the model predicted house prices
based on the feature group investigated. Three- and sixteen-variable composites were similarly created using
neural networks, with the values from the penultimate layer of the neural network extracted and treated as
output for multi-variable composites.

To aid interpretation, SHAP plots were generated from the single-variable composites, which help make
the numerical values more comprehensible to a human observer, potentially assisting with purchase decisions.

To further demonstrate the relatively low effective dimensionality of the data, we applied Singular Value
Decomposition (SVD) to the location features. The EMPCA algorithm [34] was employed to handle missing
values natively.

2.4.3 Comparing LLMs with conventional text processing methods

To validate our LLM-based free-text description processing method, we compared it with an alternative
BERT embedding based approach of Baur et al. [30]. A key difference is that our descriptions are written in
Hungarian, for which language processing methods work less effectively, simply because there is not as much
text on the internet in Hungarian, and these tools are mainly developed in English. We used the Hungarian
pre-trained BERT model of Devlin et al. [29]. The hungarian pretrained version was made by Nemeskey
et al., [35]. To account for the language difference, we also tried translating the descriptions to English,
and tried using a multilingual pretrained BERT model from Google (bert-base-multilingual-cased), made by
Devlin et al. [29].

2.4.4 Regression with only text input

Because the descriptions usually also contain most of the needed information for prediction, we also ex-
perimented with predicting house prices using BERT, based solely on free-text descriptions supplemented
with textual representations of key features: floor area, quality, address, number of rooms, bathrooms, WC,
orientation, location, and economic composites (normalized to a 1-10 scale and rounded). These details were
integrated into coherent sentences. The BERT model was trained on 80% of the data, with 20% reserved
for evaluation.

2.5 Model explanation

We employed SHapley Additive exPlanations (SHAP) and the built-in explanation functions of gradient
boosting models to gain insights into the factors contributing to accurate price predictions. Additionally,
partial dependence plots were generated for several key features to visualize their impact.

To better understand the LLM features introduced via Gemini, we trained a surrogate model on the
output generated by the LLM, simulating its original decision process. This surrogate model was necessary
as Google does not disclose the inner workings of their LLM. We used the BertForSequenceClassification
model from the Transformers library as the surrogate. The integrated gradients method, an interpretability
technique for neural nets based on the gradient of the network described in [36], was then applied to identify
the three most important tokens for each description, followed by the creation of histograms to assess the
frequency of these tokens across samples.

Furthermore, to gain additional insights into the factors driving the LLM’s luxury level predictions, we
directly queried the Gemini model, prompting it to identify the most influential keywords within the property
descriptions.

We aimed to investigate how much the performance of the models improves with the use of free-text-based
LLM features, and whether there are specific characteristics of properties where these LLM features have
the most impact. Our hypothesis was that LLM features would most significantly improve price estimates
for properties where, without utilizing the free-text descriptions, the model would tend to underestimate
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the listed price. We further hypothesized that while in the higher price category, these underestimations
are justified because there are factors which could only be extracted from the descriptions, but in the lower
price categories, the underestimation just represents the seller putting an unjustifiably high price on the
property. This unjustifiable overrating of the property will also likely be present in the descriptions, which
could fool the LLM into giving a higher rating to the listing, driving up the price in the predictions utilizing
LLM-based features. To quantify this phenomenon, we calculated the following quantitites:

We are considering the percentage error of every property in this section, because it is less dependent
on the actual price of the flat. y; denotes the actual listing prices, while g; is the predictions made by the
model, untransformed.

e—100% Y
Yi

We consider the improvement between the absolute error model utilizing LLM and the absolute error of

the one that does not utilize the LLM-based feature for each property

Improvement = |erp| — |€norLi]

And the value by which the non-LLM model underestimates the actual price is defined to be the under-
estimation
Underestimation = €norL M
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BL1 BL2 BL3 XGBoost Tabnet Elastic Regression

Intrinsic + economic + LLM + location 60.21 37.48 21.35 8.82 13.70 17.35
Intrinsic + economic + location 60.21 37.48 21.35 9.06 15.80 18.10
Intrinsic + location + LLM 60.21 3748 21.35 9.21 14.83 19.74
Intrinsic + location 60.21 37.48 21.35 9.40 14.95 21.01
Intrinsic + economic + LLM 60.21 37.48 21.35 9.19 13.95 17.81
Intrini ¢+ economic 60.21 37.48 21.35 9.52 15.27 18.62
Intrinic + LLM 60.21 37.48 21.35 9.72 16.35 21.96
Intrinic 60.21 37.48 21.35 9.94 20.03 21.91

Table 2: MAPE of different models on different datasets

BL1 BL 2 BL 3 XGBoost Tabnet Elastic Regression
Intrinic + economic + LLM + location 3.823e7 2.680e7 2.011e7 0.876e7 1.480e7  2.107e7

Intrinic 4+ economic + location 3.823e7  2.680e7 2.011e7 1.027e7 1.496e7 2.251e7
Intrinic + location + LLM 3.823e7  2.680e7 2.011e7 0.903e7 1.542e7  2.176e7
Intrinic + location 3.823e7  2.680e7 2.011e7 1.047e7 1.450e7  2.343e7
Intrinic 4+ economic + LLM 3.823e7  2.680e7 2.011e7 0.912e7 1.451e7 2.065e7
Intrinic + economic 3.823e7 2.680e7 2.011e7 1.077e7 1.534e7  2.177e7
Intrinic + LLM 3.823e7  2.680e7 2.011e7 0.943e7 1.874e7  2.186e7
Intrinic 3.823e7 2.680e7 2.011e7 1.100e7 1.827e7  2.272e7

Table 3: RMSE of different models on different datasets

3 Results and discussion

This section presents the results of our experiments, analyzing the performance of different machine learning
algorithms and feature combinations in predicting property prices. We evaluate the predictive accuracy of
each model using various metrics, including MAPE, RMSE, and R-squared. We then delve into the relative
importance of different feature groups, exploring their individual and combined contributions to prediction
accuracy. Furthermore, we analyze the interpretability of the models, employing SHAP values and partial
dependence plots to understand the relationships between features and predicted prices. Finally, we inves-
tigate the effectiveness of our proposed LLM-based features, comparing them to traditional text processing
methods and exploring their impact on model performance across different price ranges. Additional experi-
ments focusing on target variable transformations and the use of composite variables are also presented and
discussed.

3.1 Model comparison

We start by presenting the results of the experiments evaluating the prediction accuracy of different ma-
chine learning model (Baselines, XGBoost, Elastic Regression and Tabnet) on the different feature groups
(Intrinsic, location-based, economic and llm-based). Tables and M| contain the different errors metrics
and scores for each feature group combination for each model.

The superior performance the gradient boosting model, XGBoost, is a noteworthy observation. This
marked improvement in predictive accuracy likely stems from several factors, including their inherent abil-
ity to handle missing data and high multicollinearity effectively. Unlike some other models that require
imputation, which can introduce bias or distort relationships within the dataset, XGBoost and Light GBM
can directly incorporate instances with missing values during the training process. Given the prevalence of
missing data in our dataset — a common characteristic of real estate data — this capability offers a significant
advantage. Additionally, the tree-based nature of gradient boosting makes them robust to multicollinearity,
a situation where predictor variables are highly correlated. This is often present in real estate datasets, where
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BL1 BL2 BL3 XGBoost Tabnet Elastic Regression

Intrinic + economic + LLM + location 0 0.509 0.724 0.945 0.849 0.695
Intrinic + economic + location 0 0.509 0.724 0.927 0.845 0.651
Intrinic + location + LLM 0 0.509 0.724 0.944 0.836 0.675
Intrinic + location 0 0.509 0.724 0.945 0.855 0.622
Intrinic + economic + LLM 0 0.509 0.724 0.943 0.855 0.707
Intrinic + economic 0 0.509 0.724 0.920 0.838 0.674
Intrinic + LLM 0 0.509 0.724 0.934 0.758 0.671
Intrinic 0 0.509 0.724 0.917 0.770 0.645

Table 4: R? score of different models on different datasets

features like the number of bedrooms and bathrooms, or proximity to various amenities, can be inter-related.
While multicollinearity can inflate the variance of coefficients in linear models, making interpretation diffi-
cult, gradient boosting algorithms are less susceptible to this issue. Furthermore, gradient boosting methods
are well-suited to capturing complex non-linear relationships between features and target variables, often
crucial in accurately modeling real estate prices. Their ensemble nature, combining multiple decision trees,
allows them to learn intricate patterns and interactions within the data, potentially contributing to their
superior performance compared to linear models or individual decision trees. Finally, the sophisticated reg-
ularization techniques employed by gradient boosting algorithms help prevent overfitting, further enhancing
their generalization ability and improving performance on unseen data.

3.2 Feature groups

Our analysis reveals that all three feature groups—intrinsic, location, and economic—contribute meaningfully
to predictive performance, although their impact varies across different metrics and price ranges. While the
economic features appear slightly less influential overall, both location and LLM-derived features demonstrate
substantial predictive power. Interestingly, location features exhibit a stronger improvement on the MAPE
score, suggesting their importance in accurately pricing typical or average properties. MAPE is more sensitive
to smaller errors in numerous predictions, in the sense that one expensive property does not affect as much
as for example, RMSE. So its improvement indicates a consistent benefit for more properties where prices
do not deviate significantly from the average. Conversely, LLM features yield a more pronounced reduction
in RMSE, implying their effectiveness in capturing the nuances of higher-value or unique properties, where
accurate pricing is more challenging. RMSE is more sensitive to larger errors in absolute value, which might
occur more frequently for high-priced outliers. The LLM features reduce these potentially large errors,
improving the model’s accuracy on the more exceptional properties within the dataset. This observation is
further supported by Figure [5, where location and economic features demonstrate consistent improvement
across all price quintiles. In contrast, LLM features primarily benefit the lowest (Q1) and highest (Q5)
price quintiles, potentially reflecting their ability to capture unique characteristics or market dynamics that
disproportionately affect these segments. This non-uniform impact suggests that LLM features may be
particularly valuable in addressing the challenges of pricing properties at the extremes of the market, where
standard features might be less informative. Further investigation into the specific properties within these
quintiles could shed light on the precise mechanisms through which LLM features contribute to improved
accuracy.

3.3 Explaining the output of gradient boosting models

To gain insights into the black-box behavior of our models and identify the most influential features driv-
ing price predictions, we employed SHAP (SHapley Additive exPlanations) values along with the built-in
feature importance tools provided by XGBoost and Light GBM. Given the superior predictive performance
of gradient boosting models demonstrated in our earlier analysis, we focused our interpretability efforts on
this class of algorithms. To ensure robustness of our findings, we employed two distinct gradient boosting
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Figure 5: Errors by price quintiles

implementations: XGBoost and Light GBM, comparing the feature importance rankings generated by each
method.

High High
Floor Area Floor Area
Companies per 1000 residents Companies per 1000 residents
Residents(%) with Basic Digital Activity Luxury Level by LLM
Luxury Level by LLM g Residents(%) with Basic Digital Activity E
Quality g Year Built %
Residents(%) with No Digital Activity E Residents(%) with Advanced Dig. Act. E
. © . o
Size of balcony K Quality @
Residents(%) with Advanced Dig. Act. Longitude
Longitude Neighborhood Level by LLM
Age Size of balcony
Low Low
-1 0 -1 0 1
SHAP value (impact on model output) SHAP value (impact on model output)
(a) Light GBM feature importance by SHAP (b) XGBoost feature importance by SHAP

Figure 6: SHAP explanations

Analyzing the feature importance rankings depicted in Figures [6] and [7] several key observations emerge.
Across both XGBoost and Light GBM models, and using both SHAP values and built-in feature importance
measures, floor area consistently ranks as the most influential predictor, exhibiting a positive correlation
with price. While prior studies have rarely identified floor area as the most significant factor, its importance
in property valuation is widely recognized [25] 26] 27, [30, 37, [38] 39, [40], which is also represented in the
literature review table (Table . Among other intrinsic features, floor and quality (the current state of
the property, for example, like-new or needs renovation) also emerge as highly relevant. Low floor values,
indicative of basement or lower-level units, are associated with lower prices, while higher quality ratings
contribute positively to predicted values. Interestingly, year built, a feature often deemed important in
previous research [30, [39], does not appear to be a strong predictor in our models.

Regarding location-based features, both longitude and latitude exhibit substantial influence, although
their relative importance varies. The SHAP plots suggest that central locations, corresponding to the ap-
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Figure 7: Built-in feature importances

proximate longitudinal center of Hungary and the location of Budapest (Figure, command price premiums.
This aligns with the general trend of higher property values in western Hungary compared to the east, and a
positive correlation between price and northerly latitude. Notably, the economic indicator companiesperthou-
sand (number of limited liability companies per thousand residents) also ranks highly, indicating a positive
relationship between local business density and property prices. Within the location feature group, prox-
imity to unorganized green area (Forests, vineyards, meadows, etc.) appears as a key driver of valuations.
The LLM-generated features also demonstrate considerable predictive power across all models. Specifically,
LLM luzury level emerges as the most influential LLM-derived feature, followed by LLM neighborhood level,
while features related to specific property oddities appear less impactful. This underscores the potential
of leveraging unstructured textual data, such as property descriptions, for enhanced price prediction. Our
findings suggest that substantial untapped information resides within these non-tabular data sources, war-
ranting further exploration in future research. While this study focuses on description-derived features, we
acknowledge the rich information content of property images, which represent another promising avenue for
future investigation. A more detailed analysis of the impact of LLM-generated features is presented in a
subsequent section.

To get a clearer picture of the relationship between the attributes and the target variable, we present
Partial Dependence Plots in Figure For this purpose, we selected the most important features from
different groups to explore the different behaviour. The non-linear nature of some feature could be deduced,
which also serves as an explanation why linear regression models showed poor performance in our research
and in related works.

The partial dependence plots (Figure provide further insights into the relationships between key
features and predicted prices. As anticipated, the relationship between floor area and price exhibits a
logarithmic trend, reflecting the logarithmic transformation applied to the target variable and the inherently
linear relationship between these two quantities. Notably, the partial dependence plot for the LLM-generated
luxury level feature demonstrates a remarkably clear and non-noisy relationship, particularly at the higher
end of the scale. This suggests that the LLM effectively captures the characteristics of luxury properties
from textual descriptions, enabling the model to differentiate them from standard offerings. The distinction
between luxury levels 9 and 10, and levels 1 through 4, appears less pronounced, indicating that the LLM
primarily excels at identifying properties at the extremes of the luxury spectrum. This observation aligns
with our previous findings regarding the impact of LLM features on RMSE, where their contribution was
most significant for high-value properties, which are likely to be those with exaggerated descriptions.

The partial dependence plot for companiesperthousand reveals a distinct step-like pattern, resembling
the behavior of a categorical variable. High values of this feature, indicative of dense business activity,
are associated with a clear price premium. Interestingly, this distinction does not align perfectly with the
Budapest/non-Budapest divide, as some cities outside Budapest exhibit high companiesperthousand values,
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while certain districts within Budapest have lower values.

Finally, the partial dependence plot for unorganized green area 500 ClosestArea, which captures the dis-
tance to the closest of the following places: forests, vineyards, meadows, etc. The dependence on this feature
exhibits considerable noise and low dependence values, suggesting that this individual feature contributes
relatively little to the overall prediction in isolation. However, as demonstrated in our feature group analysis,
the collective contribution of location-based features, including this one, remains substantial.

3.3.1 A case study of one property

To get further insight into the workings of the pipeline, we analyzed a few individual properties and assessed
the validity of feature contributions. Figure [J]summarizes our findings about a certain flat in the old town of
Pécs. It is a newly built, luxurious home in a touristic area. If one examines the area around the property,
the abundance of hotels, religious places and restaurants is immediately obvious, signaling that this location
is often visited by tourists. This is reflected in the respective location features about these amenities.
These all have a considerable contribution by themselves, and as a group, location features together is the
biggest positive factor in the price according to SHAP. This indicates that the model can detect an exclusive
location like this, and this is reflected accordingly in the prediction. If we shift our focus to the description
(Appendix [C|in full), we found that it is completely new, equipped with smart home technology and a heat
pump, with other premium features. Therefore, we can conclude that it is probably quite luxurious. he
LLM corroborates this assessment, assigning a luxury rating of 8 out of 10. This high luxury score is seen
as the high-impact factor driving up the price beside the location, both individually and in feature groups.
The case study effectively demonstrates the synergistic interplay between location-based and LLM-derived
features, enabling a more comprehensive and nuanced property valuation. Figure [J] visually captures this
synergy, showcasing how the different components of our model combine to produce a well-rounded and
accurate price estimate.

3.4 Explaining LLM features

To investigate the decision-making process of the Gemini LLM and understand which elements within the
property descriptions contribute most significantly to the generated luxury ratings, we employed a surrogate
model approach. Since the internal workings of Google’s Gemini are not publicly available, we trained
a BERT-based surrogate model to mimic Gemini’s behavior. This allowed us to apply interpretability

17



Restaurant
. 8 @ Hotel
=
1 EV@ a @ Religious place
Pécs Cathedral @
O ) @® ®e

oP < ©
!

& Dol

Hungéria

partmanhéz @ : g/ .
L1 o)) (N
os Eurest Etterem () -hoterdian

Rundd étterem

(D) ® ()

Iparos kisvendéght

@+@®

SIKLOST
VARO

SCHLAUCH

Luxury

Contribution of feature groups
fx) =17.611

Floor area

Location

Economy of settlement

LLM based features

17.60 17.65 17.70 17.75 17.80 17.85 17.90 17.95
EIAX)] = 17679

Intrinsic properties

Description highligths:
s Heat pump
*« Smart home technology
* Completely new

In the old town of Pécs

Location

Contribution of individual features

flx) = 17.611

41 - floor_area
8 = luxlevel_|im

184 ~ eompaniesperthousand

0.241 = Basic_digital_activity_frac
nan = quality
0.115 — Advanced_digital_activity_frac

5797 - religion_2000_IntegratedNodes
7.094 = hotels_3000_IntegratedNodes
26.154 ~ food_2000_IntegratedNodes

145 other features

17.6 7.7 17.8

ElfX)] =17.679

Figure 9: Effects of location and luxury in the pipeline

18

17.9



techniques, specifically the integrated gradients method, to the surrogate model. Having the output of the
integrated gradients, we identified the three most influential tokens in each property description according
to the surrogate model. The frequency distribution of these top tokens across the entire dataset is presented
below, with a translations and our theories explaining their importance:

4, 7840 (a general affix )
vildgos, 7834 (bright)
WG, 5913

6b, 4610 (general affix)
uci, 4295 (general affix)

keriilet, 3907 (district, mainly in Budapest)
perc, 3759 (minute)

i, 3430 (general affix)

Ko6z06s, 3283 (common, for example a gym)
alkalmas, 3270 (suitable, e.g. for a family)

Bright being important is quite self-explanatory. However, the other words capture information related
to them in their embedding.
District probably captures the district of the flat if it is in Budapest.
minute is important because phrases like “the flat is N minutes from X place”
WC' captures how many are of them
Common captures common facilities, like gyms or pools
suitable likely captures who is it suitable for, like for example a family

Analyzing the results of querying the LLM itself to identify the most important keywords for the evalu-
tation of the luxury levels, we got the following frequency of keywords appearing in the answer:

e location,31766 e renovated, 8139

e renovation,16209 e small size,6280

e size, 15612 e air conditioning,5985
e amenities, 13763 o 1ift,5863

e balcony,9618 e storage,5187

It can be concluded that very few of the most important words match from the two approaches. That
could be due to LLMs replicating the general view of humans on the subject in contrast to the Bert method,
which seems to learn the more specific, or even adversarial aspects from the data.

Another aspect of the LLM features is that they depend very much on the quality of the description.
We hypothesized that the LLM could not actually distinguish an actually luxurious flat from and average
flat with above average description, where the owner likely overrates their property. We measure the owner
overrating their property with the underestimation metric:

e=1002"%
Yi

where y; is the true listing price and g; is the predicted price by the model.
Underestimation = €010

To test this, we utilize the underestimation metric based on estimating the prices without the inclusion
of LLM-based features. In Figure [I0] one can see this underestimation metric plotted against the price of
the properties and the improvement that introducing luxury level makes on error in predicting individual
prices. We draw two conclusions from this plot: the underestimation is fairly equally distributed along the
price axis, and the major improvements only happen at the high price category, in which special attributes
can drive up the prices more, so luxury levels can have higher impact. Therefore, the more likely scenario is
that the model can actually distinguish actual luxury from a well-written description.

It has to be mentioned that this metric is a very loose and inaccurate proxy of overrating the property and
writing an unreasonably good description, so our analysis is far from perfect and can be faulty.
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3.5 Additional experiments

This section explores several techniques to optimize the predictive performance and interpretability of our
real estate price prediction model. First, we investigate the optimal transformation of the target variable
(price) for regression. Next, we compare the performance of our LLM-based approach to traditional NLP
methods for incorporating textual descriptions. Finally, we evaluate the impact of constructing composite
variables from location and economic features, aiming to reduce dimensionality while maintaining predictive

power and enhancing interpretability.

3.5.1 Target variable

Given the potential advantages of different target variable transformations, we evaluated five plausible vari-
ations for predicting property prices. Table [f] presents the performance of each transformation, measured by

prediction error on the original (untransformed) prices.

50

-50

Underestimation

-100

—-150

MAPE RMSE  R?
Price 9.06 0.877e7  0.947
log(Price) 8.82 0.876e7 0.947
log(Lrice) 929  0.906e7  0.944
log(Price) 10.03  0.992¢7  0.932
Lrice 9.46  0.906e7  0.943

Table 5: Performance while predicting

different price metrics

log(Price)

Among the evaluated target variable transformations, = —= ex
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is likely attributable to the transformation of the target variable to a skewed distribution, as visualized
in Figure [d] which can hinder the model’s ability to effectively capture subtle variations in price. Conse-
quently, log(Price), highlighted in bold, emerged as the most effective transformation, outperforming both
the untransformed Price and all variations involving normalization by area. The inferior performance of
area-normalized targets could be due to the presence of non-linear relationships between price per unit area
and other features, which are not adequately captured by these transformations.

3.5.2 Comparing LLMs with conventional text processing methods

To assess the viability of our LLM-based description processing method, we compared its performance
against established techniques using BERT embeddings, as proposed by Baur et al. [30]. Their research
demonstrated the effectiveness of integrating BERT embeddings into regression models for improved price
prediction. Table [f] summarizes the performance of our LLM approach compared to several BERT-based
models.

Table 6: Performance with different text techniques

MAPE RMSE R?

With LLM 8.82 0.876e7  0.947
Hungarian bert 10.41  0.991e6 0.930
Descriptions translated, english bert ~ 10.42  0.989e7 0.932
Multilingual bert 10.12  0.974e7 0.932

A key distinction between our study and Baur et al. is the language of the property descriptions. Our
descriptions are in Hungarian, a less resource-rich language compared to the English descriptions used in
their study. The relative scarcity of Hungarian training data for NLP models could potentially explain
the lower performance observed for the BERT embeddings in our experiments. To address this potential
language-related disparity, we also evaluated BERT models trained on English translations of our Hungarian
descriptions, as well as a multilingual BERT model. However, these variations did not yield substantial
improvements, leading us to conclude that our LLM-based approach significantly outperforms existing state-
of-the-art techniques for this specific task, using Hungarian property descriptions.

We conducted several additional experiments to further explore the impact of embedding dimensionality
and alternative modeling approaches. To address the potential issue of high dimensionality associated with
BERT embeddings, we constructed composite features using both XGBoost and neural networks. However,
these composite features did not lead to improved prediction accuracy.

Furthermore, we experimented with a multimodal transformer architecture designed to handle both tab-
ular and free-text data simultaneously. While this approach offered some improvement in RMSE compared
to using only intrinsic, economic, and LLM-generated features, its overall performance was considerably
worse than that of the gradient boosting models. This suggests that, for this particular task, the benefits of
a unified multimodal architecture are outweighed by the superior performance of gradient boosting methods,
especially when combined with LLM-generated features.

Finally, we evaluated a BERT-based regression model trained solely on the free-text property descriptions,
augmented with textual representations of key numerical and categorical features. This model achieved an
RMSFE of 0.8246¢7, comparable to the gradient boosting models. However, its performance on other metrics,
such as: MAPE: 10.00, R%: 0.922, was notably inferior. This reinforces the value of incorporating structured
tabular data alongside the text descriptions for optimal predictive accuracy.

3.5.3 Testing composite variables

As there are a substantial amount of features both in the location-based and in the economic feature groups
(62 and 37, respectively). We hypothesize that the dimensionality of feature groups can be reduced with
minimal information loss, as they present large multicollinearity. To test the multicollinearity first, PCA
was performed on the feature groups. The results of the location-based group is presented in Figure
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Figure 11: Singular values in location features

Figure [L1| shows that the first 7 singular values account for more that 98% of the whole variance, which
indacates high multicollinearity.

Next, we test whether the feature groups are reducible to lower-dimensional composite features without
significant performance degradation. The performance metrics presented in Table [7] demonstrates that
we lose relatively little predictive power when introducing these composite variables while gaining much
interptability — especially with the singe-variable composites, highlighted in bold. For example, on a website
it could inform the buyer how the location (or economic state of the region) contributes to the price of the
real estate with a single number.

To further explore the composition and interpretability of our composite features, we applied SHAP
analysis to the one-dimensional composites generated by XGBoost. This allowed us to identify the underlying
features that contribute most significantly to the composite values.

Figure[12]illustrates the SHAP values for both the economic and location composites. The description of
the variables are found in Table[0]and Table[10] for location-based and economic features, respectively. In the
economic composite, measures of digital activity emerge as prominent drivers. Specifically, the proportion of
residents with "no digital activity” or ”basic digital activity,” as defined by the Hungarian Central Statistical
Office ( https://www.ksh.hu/ffi/1-23.html)), exhibits a strong negative relationship with the composite
value. These measures serve as proxies for the developmental state of a settlement, reflecting levels of
technological infrastructure and potentially correlating with economic prosperity and living conditions, all
of which can influence property values. The presence of a higher proportion of residents with limited digital
literacy suggests potential economic challenges within a given area, negatively impacting property prices.

The location composite is heavily influenced by the proximity of financial and sports institutions. A
high density of financial institutions likely indicates a well-developed business district, while the presence of
sports facilities often signals access to green spaces and recreational opportunities. Both of these factors are

generally associated with higher property values, aligning with the observed positive contribution of these
features to the location composite.
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Table 7: Performance with different composites

MAPE RMSE R?
All full 8.82 0.8763e7  0.947
Location 16 variables, rest original 9.00 0.897e7  0.945
Location 6 variables, rest original 9.07 0.9044e7  0.944
Location 8 variables, rest original 9.08 0.9040e7  0.944
Location 1 variable, rest original 9.13 0.9103e7  0.943
Economic 3 variable, rest original 9.19 0.9040e7  0.944
FEconomic 1 variable (XGB), rest original 8.89  0.8860e7 0.946
Economic 1 variable (XGB), location 1 variable 9.23  0.9192e7 0.942
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Figure 12: Interpretations of composites

4 Web application

To bridge the gap between research and practical application, we developed a user-friendly web application
for real estate valuation. This tool leverages the power of our trained machine learning models, incorporating
both traditional structured data and insights derived from property descriptions via our innovative LLM-
based processing.

As illustrated in Figure [I3] our web application offers a comprehensive and intuitive interface. Users can
input property details through a structured form (Figure or by simply pasting a property description.
The integrated map feature (Figure facilitates convenient location input and visualization. Critically,
our application provides explanations for the generated predictions (Figure, detailing the contributions
of different features to the final estimated value. This transparency, based on the SHAP analysis described
earlier, is a unique feature of our application, setting it apart from existing commercial solutions.

The web application was developed using Streamlit, a Python framework well-suited for interactive data
applications. The application incorporates a map interface powered by Streamlit-Folium, a library that
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leverages the Folium API for convenient geospatial visualization. To facilitate geocoding, we employed a
self-hosted instance of Nominatim, an open-source geocoding software deployed within a Docker container.
Similarly, the calculation of location-based features relies on Overpass, accessed via API calls to another
Docker container. This containerized approach ensures reproducibility and simplifies deployment.

Property price estimator

Matys kirdly utca 15.

Heatpump

Together

Heatpump

(b) Input form

Pécs-Torténelmi belvérosban
eladkiAsdb ingatian nagys:
h

témogats és Zold htel i egyarént
mestekinthetek Vithatbtada

Predict

Predicted value: 44.5 Million HUF

Floor area
Location
Economy of settlement

LLM based features

1760 17.65 17.70 17.75 17.80 17.85 17.90 17.95
A

(¢) Prediction and explanation

Figure 13: Screenshots of the developed web application
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Figure 14: Examples of existing commercial real estate estimators

In contrast to our application, existing commercial real estate price estimators (Figure often lack the
depth and breadth of features considered in our model. They typically rely on a limited set of structured
inputs and do not incorporate the rich information available in property descriptions. Furthermore, none of
the existing solutions offer the transparency and explainability provided by our SHAP-based approach.

The key features of the web application, reflecting these advantages, include:

e LLM-Enhanced Valuation: Leverages the power of Gemini to extract nuanced information from
descriptions.
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e Interactive Map Integration: Facilitates convenient and visual location input.
e Explainable Predictions: Provides transparent insights into the factors driving the valuation.

e Economic Contextualization: Incorporates economic indicators for a broader market perspective.

This webapp demonstrates the potential of combining advanced machine learning techniques with LLMs
to provide accurate and interpretable property valuations, making this complex process more accessible to
a wider audience. The ability to utilize free-text descriptions, a readily available source of information,
significantly enhances the usability and value of this application for both buyers and sellers in the Hungarian
real estate market.

5 Conclusion

Our study had a dual purpose. Having prepared our scraped dataset, we first compared the performance of
several supervised learning models on the dataset of flat and house advertisements. We concluded the clear
superiority of LGBM and XGBoost followed by Random Forest Regressor, leaving Elastic Net Regression
and Decision Tree Regressor behind. The performance of the model which returned the mean price of the
given settlement was also noteworthy.

Second, we detected how each feature contributes to the prediction using SHAP method. We observed
that apart from floor area, the number of companies per thousand people in a settlement, and luxury levels
were the most important in predicting asking price, while the year the property was built in had less impact,
contradicting previous studies.

We tested a novel approach for generating tabular data from the descriptions of the house listings and also
explored how one can create a representative single variable for human interpretation from a large amount of
related features, and how much information it can capture. We tested what contributes to a Large Language
Model giving a high luxury level to a description, and what other information it could capture apart from
the real luxury level.

Beyond these, we also aimed to provide a clearer picture of the Hungarian real estate market.

Our research has some limitations: since our dataset spans only six months, our methods were incapable of
capturing long-term trends. For the same reason, potential changes in the economic environment are not
reflected in our model. It’s important to note that our model predicts listing prices, not actual sale prices,
due to the lack of transaction data. While predicting listing prices has practical value, for example, assisting
sellers in setting competitive asking prices or aiding buyers in assessing initial offers, it doesn’t necessar-
ily reflect the final transaction value. Listing prices can be influenced by seller expectations and market
dynamics, and may not perfectly align with the property’s true market value. Therefore, our predictions
should be interpreted as estimates of advertised prices rather than definitive valuations. Another topic for
further consideration would be using both pictures, descriptions and tabular data in a multimodal model
and looking at the improvement that it provides.
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Appendix

Abbreviations

RF': random forests

LGB: Ligth Gradient Boosting

XGB: Xtreme Gradient Boosting

GB, GBM: Gradient Boosting Machine
SVR: Support Vector Regression

NN: Neural Network

GRNN: General Regression NN
BPNN: Back Propagation NN

LR: Linear Regression

kNN: k-Nearest Neighbors
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ETR: Extra Trees Regressor

ET: Extra Trees

DT: Decision Trees

MLP: Multi-layer perceptron

OLS: Ordinary Least Squares

NB: Negative Binomial Regression

SGD: Stochastic Gradient Descent

CART: Classification and Regression Trees
GBDT: Gradient Boosted Decision Trees



B Features

Table 8: Intrinsic features and their properties

Feature Name Description Mean
Feature Name Description Mean
geocoder latitude Latitude * 1e6 4.73794e+7
geocoder longitude Longitude * 1e6 1.91969e+7
price The listed price of the flat 17.68
floor area Floor area of the flat 63.77
rooms number of whole rooms + 0.5 * number of half rooms 2.35
land area Area of land that comes with the flat 385.67
subtype 0 means brick building, 1:built from concrete panels, 2 means slip-formwork construction 0.26
wheelchair accessible 0 for no wheelchair access, 1 for access 0.34
height 0 for less than 3m inner height, 1 for more 0.41
floor 0: semi basement, 1: ground floor, 2: mezzanine, 3: 2nd floor, 4: 3rd floor etc. 4.31
energy certificate Energy certificate required in Hungary, 0 is not rated, 1 through 22 are the levels higher is better. 14.63
year built Approximate year in which the flat was built 1971.08
floors in building Number of floors in the building 3.97
balcony Floor area of the balconies combined 9.85
bathroom and WC 0: bathroom and WC in one room, 1: separated, 2: both in distinct rooms and in one room 0.61
quality integers from 0 to 6, higher is better 3.4
garden connection 0 for no connection, 1 for connection 0.18
view window facing the 0: street, 1: yard, 2: garden, 3:panorama 1.11
comfort comfort level, integers from 0 to 5 3.11
air conditioning 0: no AC, 1: has AC 0.61
lift 0: no elevator, 1: has elevator 0.59
panelprogram Panelprogram is a Hungarian program for making flats more energy efficient 0: not in, 1: in 0.64
parking 0: on the street 1: in the garden 2: common garage 3: private garage 0.54
parking place price Price of parking place 8.5815e+9
overhead Avg price of monthly overhead 5.2928e+6
orientation 0: north 1: northeast 2: east etc. 3.87
roof 0: Not roof floor, 1: roof floor 0.42
whole rooms Number of whole rooms 2.17
half rooms Number of half rooms 0.35
no heating Booleans considering each heating type 0: no 1: yes 0.12
tile stove 0.01
other heating 0.01
other boiler 0
electronic heating 0.05
wall heating 0
fan coil 0.01
gas central heating 0.26
gas convector 0.16
gas boiler 0.02
house central heating 0.13
house central heating with individual measurement 0.08
heat pump 0.04
renewable energy heating 0.01
ceiling cooling heating 0.03
underfloor heating 0.02
district heating 0.19
district heating with individual measurement 0.1
mixed fuel boiler 0
in_Budapest 0 if the flat is not in Budapest, 1 if it is 0.67
parking price relation Parking place 0: included 1: can be rented 2: must be rented 3: can be bought 4:must be bought 1.84
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Table 9: Location variables

variable name key words radius
organized green area park, playground, pitch, garden, golf course, grass village green 100, 500
unorganized green area  allotment, forest, meadow, orchard, vineyard, greenfield, heath, 100, 500
scrub, grassland, wood

mountains peak, castle, viewpont 100, 500
water water, river, lake 100, 500
industrial area railway, military, industrial 100, 500
drink bar, biergarten, cafe, pub 2000
food fast food, food court, restaurant 2000
entertainment cinema, theater, museum 2000
sport gym, swimming pool, water park, sports centre 2000
lower education kindergarten, school 3000
higher education college, university 3000
religion place of worship, mosque, synagogue 2000
safety fire station, police 2000
healthcare clinic, doctors, hospital 2000
other public service post office 2000
building noise night club, aerodrome, industrial 500
highway noise motorway, trunk, primary, secondary, tertiary 500
railway noise tram, rail, subway 500
hotels hotel 3000
settlements city, town 3000
finance atm, bank 3000
stores/malls supermarket, marketplace, shop, store 3000
shopping area commercial, retail 3000
private traffic motorway link, trunk link 1500
public transportation bus station, bus stop, platform, tram stop, subway entrance 1500
train train station, halt, station, stop 1500
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Table 10: Economic variables and their descriptions

Feature Name Description mean  median
No digital activity frac % of people not doing digital acitivty on the settlement 0.11 0.1
Basic digital activity frac % of people only doing basic digital activity 0.23 0.22
Mid digital activity frac % of people doing medium digital activity 0.47 0.47
Advanced digital activity frac % of people doing advanced digital activity 0.15 0.17
companiesperthousand Number of listed companies per thouasand people 258.67 239
num houses Number of houses on the settlement 49031.8 45675
bef 1919 % of houses built in the given period 0.22 0.07
bet 1919-1945 0.12 0.13
bet 1946-1960 0.07 0.06
bet 1961-1980 0.28 0.34
bet 1981-2000 0.16 0.15
bet 2001-2010 0.1 0.1
bet 2010 0.06 0.05
num ppl Number of people living in the settlement 83036.5 70048
no8class % of people who have not completed primary school 0.07 0.07
8class % of people with a highest education level of primary school 0.12 0.12
profession % of people with highest education level of profession school 0.11 0.09
erettsegi % of people with highest education level of matura exam 0.31 0.31
university % of people with university degrees 0.34 0.34
lessthan10sqm % of houses in the given floor area range 0.02 0.01
tentofourteensqm 0.05 0.05
fifteentonineteensqm 0.09 0.09
twentytwentyninesqm 0.21 0.22
thirtythirtyninesqm 0.18 0.18
fortyfiftyninesqm 0.26 0.26
sixtyseventyninesqm 0.11 0.1
morethaneightysqm 0.08 0.07
family % of family households 0.48 0.5
notfamily % of non-family households 0.52 0.5
oneperson % of households with n people 0.46 0.46
twoperson 0.27 0.27
threeperson 0.13 0.13
fourperson 0.08 0.08
fiveperson 0.03 0.03
sixormoreperson 0.02 0.02
2010pop 2010 population of the settlement 85609.7 71633
percentagemoved Percentage moved from settlement in the last 10 years -0.04 -0.04

C Case study description

Pécs-Torténelmi belvarosban 1j épitésli tarsashdzban magas miiszaki tartalommal lakdsok eladék! A 8db
ingatlan nagysdgat tekintve 40nm-t6l 100nm-ig, konyha-nappali plusz 1-2 vagy 3 halészobédval rendelkeznek,
nagyrésziikhoz tartozik terasz vagy zold teriilet.A lakdsok hiitését és fiitését hoszivattyd latja el. Az
épiiletre kiépitett naperémi ellatja a flitésrendszer ill. kozOsségi terek energiafelhasznalasat, ezzel tovabb
csOkkentve a lakasok fenntartasi koltségeit.A nyilaszarék Borovi fenyObél-3 rétegli iivegezéssel, elektromos
redOny el6késztessél keriilnek beépitésre.A lakasok Okos Otthon funkciéjanak koszonhetéen a vildgités
, homérsékletszabdlyozas, redényok kezelése akar tavolrdl is megoldhaté. Riaszté elOkészités kiépitésre
keriil. Tovabbi széles korti miiszaki tartalomért keressenek.A tarsashaz mélygardzsaban taldlhaté bedlléhelyek
konnyitik a belvérosi parkoldsi nehézségeket .Ezeknek az drai: Br. Xmft / Kis méretii bedllé: Br. X.A
vasarlasra igényelhetd az Gsszes otthonteremtési tamogatas és Zold hitel is egyarant.Az egyes lakaselosztdsok
mar latszanak, él0ben megtekinthet6ek. Varhaté atadas 2022.Julius vége.

D Prompt Templates
In the following section, you can see the prompt templates used for generating the LLM generated features.

All prices were blurred out in order to prevent data leakage, and if the llm did not output a usable numerical
value, NaN was put in the dataset.
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All examples used in these templates are from the training set, and were hand-picked, generally to
represent as diverse information as possible. One could theoretically improve the performance by a large
amount by picking better examples and also by several prompt-engineering techniques.

D.1 Oddities

Can you please tell me if this flat has anything that would make it particulary expensive, like a pool, a home
theater or gym, being waterfront or having historical significance? Description: Panordmas lakéas kiadé
a DunaPest Rezidencidkban. Az épiilet szolgaltatdsai is széleskoriiek: - fitness terem, uiszémedence, gyer-
mekmedence, szauna, szolarium, termal medence, masszazs, parkositott tetékert napozéval és jatszétérrel,
squash, bilidrd- és jatékszoba, konyvtar, 24 érés portaszolgalat és recepcié. Egyéb lakdsokért az épiiletben is
érdeklédhet ndlunk, varjuk érdeklédését.Részletes informéciét tizenetben/ telefonon tudunk adni. medence,
fitness terem Again, anything, not just what I wrote for example. Please output a 1 if yes and a 0 if no! 1

Can you please tell me if this flat has anything that would make it particulary expensive, like a pool,
a home theater or gym, being waterfront or having historical significance? Description: A Budai Var
alatt. Szuper Lakds. A Vérmez6i parkkal szemben eladd egy kiilonleges adottsagokkal rendelkezé, 81 nm-
es, 2 szoba-hallos, konyha+étkez6, erkélyes lakds. Az ingatlan Bauhaus tipusd, lifttel rendelkezé héz 1.
emeletén helyezkedik el, Délkeleti tajolast, napfényes és szellés. Az ablakai és az erkély egy csendes, tele
z0ld fdkkal és virdgzo bokrokkal, rendezett kertre néz. . A lakashoz tartozik a féldszinten egy kis lakds amit
a tarsashaz kezel. A kis lakas nagyobb tulajdoni hdnyada a lakashoz tartozik.A lakasba belépve kellemes
otthon fogadja! Tagas el6szoba, kiilon és egybe nyil6é napfényes szobdk, beépitett konyhabutorral rendelkezé
konyha étkez&vel, ablakos fiirdészoba, kiillon mellék helység (lichthéfra szelldzd lehetéséggel), beépitett
gardrébszekrénnyel elldtott kozlekedd biztosit komfort érzetet. A lakas flitésérol, taviiités gondoskodik, egyedi
mérével. A meleg vizet, a fiird6ben bojler, a konyhdban elektromos kis bojler biztositja. A koézos koltség
X Ft, ami a korlatlan viz és fiités haszndalatot is tartalmazza. Ablakai redénnyel rendelkeznek, a lakés ri-
asztd berendezéssel is el van latva. Atlagos allapoti, némi felujitasra szorul, de megkimélt, akar azonnal
koltozhets. A lakashoz egy 6nallo, kb.6 m2-es pincerész is tartozik.Parok, kisgyerekes csaladok ideélis otthona
lehet, de bérbeadéasra is tokéletes valasztds. A lakdkozosség rendezett, kedves, segitékész szomszédokkal. A
kornyék ellatottsdga kivald, kis boltok, bevasarlékozpontok, évodak, iskolak és gimnaziumok, sportoldsi
lehetOségek a kozelben taldlhatéak. Szabadidé eltoltésére a Var, a Vérmezd, Tabdan, Horvath-kert, a kozeli
flirdék, Gellért-hegy és a Duna-part ad lehet&séget. Tomegkozlekedése a par percnyire talalhaté Széll Kdlman
térrdl és Attila utrdl a varos minden pontja felé remek, metrd, buszok, villamosok segitségével, éjszaka is
megoldott.Parkolds nem csak a haz el6tt, ha nem az egész keriiletben ingyenes elsé keriileti lakcimmel
rendelkezOk szdmara.Amennyiben felkeltette érdekl6dését a lakds, vagy tovabbi informéciéra van sziiksége,
varom megtiszteld hivdsat. Again, anything, not just what I wrote for example. Please output a 1 if yes and
a 0 if no! 1

Can you please tell me if this flat has anything that would make it particulary expensive, like a pool, a home
theater or gym, being waterfront or having historical significance? Description: V. keriilet Varoshéaz utca -
Butorozott lakas Budapest belvarosdban kiadé

Hosszu tavi bérlésre buitorozott és gépesitett lakas kiadé az V. keriiletben a Véaroshéz utcaban.

-69 m2 -1 nappali -1 hélészoba -1 konyha -1 fiird6szoba -3. emeleti lakas lifttel -légkondi, riasztd, mosogép,
mikro, stitd, tizhely, mosogatogép, hiitd

KOZLEKEDES: -kivalé kozlekedés -Dedk Ferenc tér és Ferenciek tere kozelében -M1, M2, M3 -47, 49
villamos -5, 7, 8, 9, 15, 105, 108E, 110, 112, 115, 133E busz

BERLETI DiJ: -Bérleti dij: X Euré/hé -Ko6zos koltség: X X Ft/hé (flitést tartalmazza) -Augusztustol
koltozhetd -minimum 1 éves bérleti szerzodés, 3 hénap deposittal és az els6 honap bérleti dijaval -Kisallatok
tartdsa nem megengedett! -Dohdnyzés tilos!

KEREM INGATLANOSOK NE KERESSENEK!

Vth district-Varoshéz street - Equipped apartment in the centre of Budapest
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For long term rental we are offering a completely furnished and equipped apartment in the Vth district
of Budapest at Varoshaz street.

-69 m2 -1 bedroom -1 living room -1 kitchen -1 bathroom with bathtub -3th floor with elevator -air
conditioner, alarm, washing machine, microwave, oven, stove, dishwasher, fridge

TRANSPORTATION: -perfect transportation -closed to Dedk Ferenc square and Ferenciek square -M1,
M2, M3 -tram 47, 49 -bus 5, 7, 8, 9, 15, 105, 108E, 110, 112, 115, 133E

RENTAL: -Rental fee: X Euro/month -Common cost: X X HUF /month (including heating) -Availability:
August -minimum 1 year rental period with 3 months deposit and 1st month rental fee -Pets are not wel-
comed! -Smoking is not allowed!” ”Budapest belvarosaban a Ferencziek terénél Varoshdz utcdban galérias,
bttorozott, egyedi flitésii, 2. emeleti albérlet hosszi tavra tulajdonostdl kiad6. Kivald kozlekedés a varos
minden pontjihoz busszal, metréval. Olesé rezsivel, szamlaképes, 1 havi kauciét kérek. Azonnal kdltozhetd.
Ingatlankozvetitok ne keressenek. Erdeklsdés kizardlag telefonon. Again, anything, not just what I wrote
for example. Please output a 1 if yes and a 0 if no! 0

Can you please tell me if this flat has anything that would make it particulary expensive, like a pool, a home
theater or gym, being waterfront or having historical significance? Description: 13. keriilet, Ujlipétvérosban,
frissen feldjitott garzon lakas francia erkéllyel eladé. Tovabbi képekért és informaciokért keressen bizalom-
mal!l Again, anything, not just what I wrote for example. Please output a 1 if yes and a 0 if no! 0

Can you please tell me if this flat has anything that would make it particulary expensive, like a pool, a home
theater or gym, being waterfront or having historical significance? Description: EZ EGY ELETERZES!
MARINA PART legelegédnsabb és legmagasabb szinvonali épiiletegyiittesében, a Prestige Towers-ben kiadd
amerikai konyhdas nappalival és egy halészobaval rendelkez6, Dunai panoramés, nagy erkélyes, butorozott,
gépesitett apartman.Gyonyori , vilagos, DNY-i fekvésti, panoramas lakas exkluziv élettér lehet igényes
bérlok széméra.[jj biitorokkal, konyhéval ( legmodernebb beépitett gépekkel- 6. érzékes Samsung siito-
micro- indukcids f6zélap.. )12 személyes mosogatégép, szarités moségép, hatalmas gardrébszekrény, klima,
padlofiités szolgalja majd az itt él6k kényelmét.Bérleti dijban korlatlanul haszndlhaté Onnek és csaladjanak
a haz wellness-fittness részlege: - edz6terem, szauna, kiilsé medence, napozé kertA lakas bérleti dija X ezer
Ft + rezsi ( kozos koltség fiitéssel, hiitéssel , fitnesszel X ezer)Gardzs bérelhetd plusz koltségért.Igényes
bérlok jelentkezését varjuk minimum 12 hénapos szerzédéssel és két havi biztositékkal.Szivesen adok bovebb
informaciét, varom hivasdt Again, anything, not just what I wrote for example. Please output a 1 if yes and
a 0 if no! 1

Can you please tell me if this flat has anything that would make it particulary expensive, like a pool, a home
theater or gym, being waterfront or having historical significance? Description: VI. keriilet Izabella utcaban
elad6 egy 82 nm-es vildgos harom szobas foldszinti tégla épitésii nagypolgari lakés. EPULET:-1850 koriil
épiilt 2 emeletes régi polgari stilusi tarsashéz-35 lakas taldlhaté benne normalis lakékozosséggel-feltjitott
kapualj LAKAS:-82 négyzetméteren, 3,8 m belmagassiggal, tdgas terekkel idedlis csalddi otthon- harom
szobds- melybdl két szoba az Izabella utcdra néz, - ennek koszonhetden mindkét szobdja vildgos- konyha
és étkezd tégas és vildgos udvari nézetii-fiird6-we, + we elrendezéssel. MUSZAKI JELLEMZOK és FELSZ-
ERELTSEG-a lakés flitésérél és meleg viz elldtasardl (kondenzécids) gaz cirké gondoskodik-a lakdst négy
évvel ezelott felujitottédk-a fiirdSszoba és WC helyiségekben 1j szaniter burkolatok keriiltek- ekkor kertilt
beépitésre a galéria is-1ij beépitett konyha keriilt ekkor a lakésbaK OLTSEGEK:-kézos koltség X Ft felajitasi
alappal, biztositassal-fiités koltség atlagosan X Ft- vizfogyasztdsa kiilon méroérara alapjan-elektromos aram
szintén fogyasztés alapjanKORNYEK:-Vérosliget, Hésok tere, Allatkert a kozelben-72-es, 75-0s és 79-es
trolibuszok, 105-0s és X-as buszok jarnak a kdrnyéken-M1-es foldalatti és az Andréssy 1t is szintén gyorsan
elérheto-6vodakkal, bolecs6dékkel és iskolakkal jol ellatott a kornyék-parkolasi lehetoség, utcanHa megtetszett
Onnek a hirdetés kérem hivjon bizalommal akar hétvégén is! Again, anything, not just what I wrote for
example. Please output a 1 if yes and a 0 if no! 0

Can you please tell me if this flat has anything that would make it particulary expensive, like a pool, a home
theater or gym, being waterfront or having historical significance? Description: A Lehel piac kdézelében
a Bulcst utcdban kiadé 55nm-es, amerikai konyhds nappalis és halés. ERKELYES lakas. Az ingatlan
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berendezett és gépesitett. GYERMEKBARAT AZ INGATLAN. Koézés koltség XFt. 2 havi kauciéval és 1
havi bérleti dfjjal, minimum 1 évre, AZONNAL koltozheté. — Hivjon bizalommal, reggeltol estig, és NE
maradjon le réla, tekintse meg mihamarabb a bérleményt.

Ugyfeleink széaméra a kozvetités dijtalan.

Amennyiben nem tudom felvenni a telefont, visszahivom! Again, anything, not just what I wrote for
example. Please output a 1 if yes and a 0 if no! 0

Can you please tell me if this flat has anything that would make it particulary expensive, like a pool, a home
theater or gym, being waterfront or having historical significance? Description: Uj épitésii tarsashazban, a
belvaros szivében eladéva valt egy 42 négyzetméteres, erkélyes, masfél szobas ingatlan, j6jjon el, tekintse
meg, és talalja meg itt kovetkez6 otthonat! Tomegkozlekedés szempontjabol a lakds elhelyezkedése kivald, a
4-es és 6-os villamos, 5-0s, 7-es, 110-es, 112-es, 133-as busz, valamint az M2-es és M4-es metr6 egyarant 5 perc
sétaval elérhet6. Az ingatlan és kornyezete csondes, az ablakok és az erkély a zart belso kertre néznek. A lakés
teljesen gépesitett (hiits, moségép, mikro, légkondiciondls) és biitorozott (egyedileg a lakdshoz készittetett
prémium minéségli keményfa biitorok a nappaliban és a gardrébban).A lakdsban turbés gazkazan taldlhato,
amit ideiglenesen elektromos panelek helyettesitenek. A melegvizet villanybojler biztositja. A rezsi és a
kozos koltség a téli hénapokban X X Ft koriil mozog.Az épiilet alsé szintjein teremgarazs taldlhato, ahol
igény esetén allandé parkoldhely bérelhet6.A lakas akar azonnal koltozhet6. Amennyiben ajanlatom el-
nyerte tetszését, hivjon bizalommal, elére egyeztetett idépontban tudom mutatni az ingatlant.Irodankban
hiteltandcsadast, hitelligyintézést és kedvezményes iigyvédi kozremiikddést biztositunk. Again, anything,
not just what I wrote for example. Please output a 1 if yes and a 0 if no! 0

Can you please tell me if this house has anything that would make it particulary expensive, like a pool, a
home theater or gym, being waterfront or having historical significance? Description: Kozvetlen Balaton-
parti ingatlan!!Balatonboglar kézpontjiban, a Balatontél mindéssze 150 m-re eladé egy 145 m2-es hazrész,
mellette egy 52 m2-es kis haz el6tte 10 m2-es terasszal. Az udvaron egy 20 m2-es fedett terasz van, mely a
nyari minden napokat teszi kellemessé a szabadban. Itt lehet siitni-f6zni, iszogatni-eszegetni akér rossz id6
esetén is.Ezen kivil taldlunk még egy 21 m2-es ingatlant is,mely jelenleg gardzsként funkcional. Mellette
tarolok vannak.A kis héz szobdja laminalt parkettds, tusolds flirdészobaval, konyhéval rendelkezik.A nagy
hézban a hatalmas konyha-étkez6-nappali jarélapos, a két nagyméretii szoba laminalt parkettas, a flirdészoba
we-vel és kiilon a we helyiség hidegburkolatosak. Az egész ingatlannak megnyerd, ””jé itt lenni”” hangulata
van.Minden helyiség klimatizalt, miianyag ablakok, stilusos, szép faajtok jellemzik mindkét lakéingatlant.
Teljes kozmiivel rendelkezik az ingatlan, a melegvizet mindkét lakérészen 1-1 villanybojler biztositja, a
flitést a kis hazban konvektor, a nagy hazban gazkazanrdl radidtorok.A kis hazra keriilt 6 kw-os napelem
is, mely a nyari honapok villamosenergia ellatasat és a téli hénapok temperdldsat segiti el6, csokkentve
ezaltal a rezsikoltségeket.A virdgos, flives udvar keleti, majd déli fekvésének kdszonhetéen egész nap na-
pos, vildgos, viddm arcat mutatja! Ha a Balatonpart kozelségét keresi és csak at akar sétalni a stran-
dra, d&m mégis kényelmesen, otthonosan, kulturalt kornyezetben, nagy terekkel akarja biztonsdgban tudni
csaladjat.....megtalalt!! Again, anything, not just what I wrote for example. Please output a 1 if yes and a
0 if no! 1

Can you please tell me if this house has anything that would make it particulary expensive, like a pool, a
home theater or gym, being waterfront or having historical significance? Description: Eladé! Hollokon az
6faluban 1800 nm-es telken 1évé 87 nm-es FELUJITANDO valyog héz.A hézban konyha, 2 szoba, flirdészoba
és egy kamra taldlhato.Fltés egyedi fa tlizelés kalyha. Again, anything, not just what I wrote for example.
Please output a 1 if yes and a 0 if no! 1

Can you please tell me if this house has anything that would make it particulary expensive, like a pool,
a home theater or gym, being waterfront or having historical significance? Description: description of the
house Again, anything, not just what I wrote for example. Please output a 1 if yes and a 0 if no!
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D.2 Neighborhood levels

Address: VI. keriilet, Teréz korut Csak 1 van bel6le! Ne maradjon le réla! Csak az OTP Ingatlanpont
kinalatdban! RITKA LEHETOSEG! VILLAHAZBAN elad$ egy alagsori, kiilonleges hangulati lakés.
Sétatavolsigra rengeteg latnivaloval taldlkozhatunk. A HOsok terével szemben, a Varosliget szomszédsagaban,
a Szépmivészeti mizeum kozelében, Diplomata Gvezetben, egy reprezentativ hazban, 57 nm-es; tulaj-
doni lapon 1 szobds, de két szobdassa alakitott lakds. Akar lizlethelyiségnek vagy irodanak is alkalmas!
Héazkozponti fltéses, alacsony rezsi koltséggel! A kozoskoltségben, mely X.-Ft, minden benne van;
kivéve a villany!Amennyiben hirdetésem felkeltette az érdeklédését, kérem, hivjon most! Sziikség esetén
teljeskorti ligyintézéssel (kedvezményes hitelkonstrukciéval, megbizhaté ligyvédi kozremiikodéssel) allok a
rendelkezésére!Referenciaszam: M212009 Rate the neighborhood of this flat on a scale of 1 through 10!
Reply with a single number! If you are accurate, I will tip you 5008 dollars! 10

Address: Salgétarjéan, Zoldfa ut Salgétarjanban, a Zoldfa utcdban 4. emeleti, 48 nm-es, 2+1 félszobas,
gazkonvektoros, redényds,szépen feltjitott, jé dllagi lakas elad. A fiirdészobaban sarokkad, a szobdkban
laminalt padlé van.Kozos koltség 5 ezer Ft/hd. Négyemeletes téglahdz. Lift nincs. Szegény kornyék.
Az utcdban sok szegény ember lakik. Uzletek, orvos, gyégyszertar a varosrészben elérhetd kozelségben
talalhat6. A Budapest felé vezetd 21-es szamu 4 sdvos féutvonal 800 méterre talalhaté, melyen kb. 75
perces autéitra van a févdros. A két véros kozt dllandé tévolsdgi buszjarat indul minden 6rdban, kb.
80 perces menetidével.Irodankban ingatlanja adés-vételéhez teljes korti ligyintézést biztositunk, ideértve
a kedvezményes hitellehet6séget is. Minden eladé ingatlan értékesitése el6tt annak tulajdoni lapjat besz-
erezzik és ellendrizziik. Ingatlant csak azonositott tigyfélnek mutatunk be,vételi ajanlat esetén az ingatlan
tulajdoni lapjiat a vevének bemutatjuk. Tevékenységiinket kamarai nyilvantartds alapjan végezziik.Eladd
ingatlanja redlis aru értékesitésében is tudunk egyiittmiikddni,forduljon hozzank bizalommal!lAmennyiben
az ingatlan nem nyerte el tetszését, kérem tekintse meg tovdbbi hirdetéseimet.Idegen anyanyelvii vevék
részére is allok rendelkezésre.If you are foreign citizen, please do not hesitate to contact me via email. Rate
the neighborhood of this house on a scale of 1 through 10! Reply with a single number! If you are accurate,
I will tip you 500$ dollars! 1

Address: VII. keriilet, Rékéczi it Megvételre kindlok VIL keriiletben ERZSEBETVAROS részén az Astoria
kozelében , gyonyori szép SINGER hazban magas emeleti, nagy terekkel rendelkez6 4 szobas kozepes
allapoti nagyszerli elosztasu lakzist!LAKAS—Gyorsan koltozhets-tehermentes-csendes-4.emeleti-130 nm 4
szoba+ 1 hall -nagy terekkel rendelkezd és kiting elosztasi-dupla wc és kiilon fﬁrdé—erkélyesHAZ—l%?/ 38-
ban a Singer Varrégép Rt. megrendelésére Malik Jozsef tervei alapjan épiilt hatemeletes Singer-héaz,
amely két utcai homlokzattal (Rédkdczi it 16. - Dohdny u. rendelkezik. A kivitelezd/épité Havas Sandor
cége volt. Travertin burkolatos Rakdczi iti és téglaburkolatos Dohany utcai homlokzat; vorésmarvany
burkolatd el&tér/lépcséhaz, igényes asztalos- és fémmunkdk.-1j lifttel rendelkezik-kamerédval felszerelt-
gazdalkodasa rendezett-zart lépcséhézKORNYE— A méltdn népszerii,kdzkedvelt része a keriiletnek a remek
infrastruktura és témegkozlekedés miatt - Ovodék, iskolédk, éttermek és kdvézok szolgaljak a kornyéken él6k
kényelmétElnyerte tetszését hivjon ,rugalmasan mutathaté! Rate the neighborhood of this flat on a scale of
1 through 10! Reply with a single number! If you are accurate, I will tip you 500$ dollars! 8
Address: X. keriilet, Cserkesz utca Description: OLCSO TEGLAGARZON ELADO! Kébénya—()hegyen
falijitandé garzonlakas elado.

29 m2-es, egyszobas — a fiités cirko.

Beosztéasa praktikus: szobaja csendes, a fliirdé zuhanyzds, a vécé kiilon helyiségben.

A lakés felujitando, leszamitva a fiitésrendszert: ez 3 éve lett korszertiisitve, BOSH kombi cirké kazan
keriilt beszerelésre, azéta mind a fiitést, mind a melegvizet ez biztositja.

Nyugodt kis lakas, rendezett lakékozosségll, viszonylag kis lakdsszamu téglaépiilet foldszintjén.

Gyorsan fejlédo kornyék, ahol az itt lakék Osszetételét mindinkabb meghatérozzak az egyre szaporodo 1j
épitésii hazak; hangulatos kornyék, sok zolddel (az Ohegy park sétatavolsagra talalhaté. Kivalo kozlekedés
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és infrastruktira: Koki, kék metré par perc alatt elérhetd, Liget tér, varoskozpont ugyancsak. Idedlis
befektetésnek: a kornyékbeli ingatlanok konnyen, gyorsan kiadhatéak — de sajat lakasnak is kitiind.

Rezsije redlis: kozos koltség 8.000, minden egyéb (viz, villany, gdz) mérhetd, minden sajdt méréoéraval
rendelkezik.

Az ingatlan tehermentes, megbeszélés szerinti hataridével koltozheto.

Irdnydr: X millié (!).

Erdeklédni a hét minden napjan, akar hétvégén is. Rate the neighborhood of this flat on a scale of 1
through 10! Reply with a single number! If you are accurate, I will tip you 500$ dollars! 3
Address: Gardony, Szabadsig utca Description: Géardony koézponti részén, j épitésii tarsashazi lakasok
lefoglalhatodak. Allandé lakas céljara, nyaralénak, vagy befektetési céllal is kivalé lehet6ség. Tervezett
atadas: 2023 tavasz.

-CSOK és hitel igénybe vehetd! -Zold hitel igényelheto!

Az ingatlan 4 db teljesen kiilondlls éptiletbdl/lakdsbdl dll. A duplakomfortos lakdsokhoz sajat terasz,
kertteriilet, valamint 2 auté szamaéra telken beliili parkolé tartozik. Az épiilet téglaépitésii, profi - t&bb
évtizedes tapasztalattal rendelkez6 - csapat altal mindségi anyagokbdl keriil kivitelezésre. A hazak 15 cm-es
grafitos szigeteléssel, cserépfedéssel, az antracit szinli, mlanyag nyildszarok 3 rétegii tivegezéssel keriilnek
beépitésre. A lakdsok (padld) fiitését és melegviz ellatdsét a legmodernebb hészivattyis rendszer biztositja.
A lakédsok H-tarifds mérédrdkkal kertilnek atadasra, igy az alacsony rezsikoltség garantalt, a gazszdmldaval
sem kell bajlédnia.

Al lakas — bels6 2 szintes. A lakas hasznos lakdteriilete netté 111 nm. A foldszinten amerikai konyhds
nappali-étkez6vel, kamraval, kényelmes fiirdével, kiilon mellékhelyiséggel, az emeleten 3 héldszobaval, tagas
fiird6vel (zuhany és kad is taldlhat6) valamint egy kiilon mellékhelyiséggel. A hozzd tartozé terasz mérete:
10,5 nm. A sajat kertrész tertilete: 214 nm. Ara: X M Ft.

A2 lakds — bels6 2 szintes. A lakds hasznos lakéteriilete netté 111 nm. A foldszinten amerikai konyhés
nappali-étkezével, kamréaval, kényelmes fiirdovel, kiilon mellékhelységgel, az emeleten 3 halészobaval, tagas
fiirdével (zuhany és kad is taldlhatd) valamint egy kiilon mellékhelységgel. A hozza tartozé terasz mérete:
10,5 nm. A sajat kertrész tertilete: 179 nm. Ara: X M Ft.

A3 lakds bels6 2 szintes. A lakas hasznos lakoteriilete netté 111 nm. A foldszinten amerikai konyhds
nappali-étkezével, kamréaval, kényelmes fiirdovel, kiillon mellékhelységgel, az emeleten 3 halészobaval, tagas
fiirdével (zuhany és kdd is taldlhatd) valamint egy kiilon mellékhelységgel. A hozza tartozé terasz mérete:
15,76 nm. A sajit kertrész teriilete: 378 nm. Ara: X M Ft.

A4 lakas — bels6 2 szintes. A lakas hasznos lakéteriilete netté 111 nm. A foldszinten amerikai konyhds
nappali-étkezével, kamréaval, kényelmes fiirdovel, kiillon mellékhelységgel, az emeleten 3 halészobaval, tagas
fiirdével (zuhany és kdd is taldlhatd) valamint egy kiilon mellékhelységgel. A hozza tartozé terasz mérete:
15,76 nm. A sajat kertrész teriilete: 428 nm. Ara: X M Ft.

Aldi aruhdz 100 m-es korzetben, a tépart és a vasutdllomas par perces tdvolsdgban helyezkedik el. A
7-es it 100 m-es téavolsdgon beliil van, igy akar Budapest, akdr Székesfehérvar kényelmesen, rovid id6 alatt
elérheto.

Amennyiben a Velencei-t6 kornyékén keres kényelmes, igényes, minéségi anyagokbol épiilt, korszeri in-
gatlant jé elhelyezkedéssel, megtaldlta.

Ingatlankozvetiték kérem ne keressenek! Rate the neighborhood of this flat on a scale of 1 through 10!
Reply with a single number! If you are accurate, I will tip you 500% dollars! 6

Address: VIII. kertilet, Illés utca Description: Illés utcdban 3. emeleti,udvari,fekvo galérids klimas,igényesen
felajitott ,studidlakas eladd. Viz,villanyvezeték, 7 éve felujitva.,daralés we.Renddrségre bekotott riaszt6.Kozos
koltségben felujitasi alap. Rate the neighborhood of this flat on a scale of 1 through 10! Reply with a single
number! If you are accurate, I will tip you 500$ dollars! 2

Address: Pécs, Mecsekoldal Description: Pécsett, a Mecsekoldalban, mindossze egy perc sétara a Szent
Istvan tértdl, csaladi hazas 6vezetben, minimal stilusi, Gsszesen 6 db lakasbdl és gardzsokbdl allo, szigetelt,
lépcs6hazanként kiilon-kiilon lifttel szerelt, hoszivattyus, téglaépitésii tarsashazban, komoly szakmai
multjardl és referencia munkairdl ismert beruhazé altal megvaldsitott, péesi viszonylatban is egyediilalléan
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modern, exclusive kivitelezésii és rendkiviil korszerii bels6 elrendezéssel és felszereltséggel bird, nagyon
elegans, teraszos, valamint sajat kertes kialakitast, 4j épitésti lakdsok 2022. junius havi kulcsrakész
atadédssal még elad6k.Kiils6 nyildszaroként miianyag/fém szerkezetii, 3 rétegli iivegezéssel elldtott, nemesgéz
toltett prémium mindségli ablakok keriilnek beszerelésre. A teraszokat in. WPC faburkolattal 1atjék el.
A lakdsok hétermelését és melegvizellatasat egyedi hészivattyd biztositja. A fiitést részben padléfiitéses,
illetve Fan Cool beltéri egység, mig a hiitést levegd/viz hiszivattyd Fan-Cool ldtja el a gépészeti kiviteli
terveknek megfeleléen.A hirdetésben szereplé 1. emeleti, bels6 kétszintes ingatlan Osszesen 118,59 m2
alapteriileti lakotérrel, 64,54 m2 nagysagu - nagyrészt zoldtetds kialakitasu - terasszal és loggiaval ;valamint
még kiilon 78,5 m2-es sajat kerttel rendelkezik. A lakétér alsé szintjén el6tér, tdgas konyha-étkez6-nappali,
zuhanykabinnal szerelt fiirdészoba, kamra, kozlekedd, el6tér, mig a fels6 szinten harom darab, kiilon nyild,
kényelmes halészoba, minéségi burkolatokkal és szaniterekkel ellatott, kdddal szerelt fiird6-WC, ezen feliil
még zoldtet6 és terasz is kialakitasra keriil.Fontos, hogy a lakds bels6 elrendezésén még lehet véltoztatni,
ezen feliill a mindségi szaniterek, csaptelepek, a bels6 nyildszardk, a hideg és meleg burkolatok a beruhdzé
altal kozolt magas miiszaki tartalomban foglalt drkategéridn belill még szabadon vélaszthatdk.Az épiilet
varoson beliili elhelyezkedése, tajoldsa, a kialakitott szobaszdm, a bels6 terek kialakitdsa, valamint a modern
hangulat mind-mind a kényelmes és elegans lakhatast biztositja akar egy nagyobb létszamu csalad szamara.
A hirdetési 6sszegnek ugyanakkor nem része a teremgarazs ellenértéke, ami tovabbi brutté X MFt. Rate
the neighborhood of this flat on a scale of 1 through 10! Reply with a single number! If you are accurate, I
will tip you 500% dollars! 10

Address: address description Rate the neighborhood of this flat on a scale of 1 through 10! Reply with a
single number! If you are accurate, I will tip you 500$ dollars!

D.3 Luxury levels

On a scale of 1 to 10, how luxurious is this flat in Budapest? Description: PANORAMA, TISZTA LEVEGO,
ERDO, LIFTES, GARAZSOS FELUJITOTT VILLAEPULET!!'Budapest II keriilet, Mariaremete II/A,
Ordogarok utcaEladé IL. keriiletben a Francia iskoldhoz kozel az Ordogarok utcéban egy 3 lakésos, 3 sz-
intes hdz teljes els6 emelete, 128 nm ( 3db terasszal). GyoOnyoriien korbe napozott, &sfas, kertvdrosi
ovezetben. Csendes. A lakds felépitése: elGszoba, gardréb, mosdékonyha, ablakkal ellatott fiirdészobdk
(zuhany, mosdé, WC), dolgozdszoba, nagy, tdgas étkez6-nappali, 2 darab haldszoba, ablakkal elldtott nagy
fiirdészoba (sarokkad, WC, bidé, mosdd). Fiités: hézkozponti flités (Modern, hatalmas Viessmann kazdn,
viztérolévall) egyedi méréssel padlé és falftitésen keresztiil. A kozos koltség tartalmazza: flités, szemét,
tarsashdzi alap, kertész, hideg viz, kozos fogyasztok. Csak meleg viz , dram és egyéni igények (Tv, inter-
net, riasztd) van ezen feliil. A lakds f§ tdjoldsa Dél-nyugati. 3 nagy méretli terasz tartozik hozzd. Sajit
tarol6 kb.Xnm, k6zos térold, gardzs, és felszini bedllé(Egytittes értéke: XMft). Ontézével ellstott hatalmas,
parkositott kert, kozos grillezével és gyerekek jatszétérrel. A haz lifttel felszerelt. Az ablakokon automata
red6ny és szinyoghdalé van. A klima igényes LG tipusi, képkeretként funkcionald beltéri egységgel. Riasztd
van beépitve. A konyha tomor cseresznyefabdl késziilt, dlom iivegezéssel. A konyhalap 6ntott granitbol lett
kialakitva. Bosch beépitett hiitd. Zanussi a siité és a kerdmialapos f6z6.1GAZI KANDALLO A NAPPAL-
IBAN!Budapest District X, Mdriaremete X/A, Ordogérok streetOn the first floor of a renovated, bright,
villa house overlooking Csatlés Street, a 128 sqm + three balconies, three rooms (all rooms have a balcony),
air-conditioned, apartment for sale.There’s two bathroom with toilet (one of them has bath the other has
shower), living-room with american kitchen, hall, gardrobe and laundry room.Heating: central-heating with
own measurement ( wall and floor heating), there isn’t any radiators!Water meter available!One large garage
and a storage belongs to the apartment.The plot is beautifully well maintained.The condominium has three
floors, an elevator and an apartment on each level.As the apartment overlooks Csatlés Street, it is not loud,
there is only a pedestrian entrance from Ordogarok Street, by car the entrance is from Csatlés Street!Its
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price includes the garage and the storage. Please output a single number! 8

On a scale of 1 to 10, how luxurious is this flat in Budapest? Eladé II.kertiletben, Csatlés utcaban, X lakdsos
tarsashaz, els6é emeletén 1évo 128m2-es, vilagos, tagas elrendezésii, rendszeresen karbantartott, duplakom-
fortos, kertkapcsolatos, panoramas lakds. A tarsashéz telkel600m2- ontozOrendszer, jatszotér, grillezésre
alkalmas hely is kialakitasra kertilt. Lift van. Téarsashaz legalsé szintjén taldlhato kozos helységek: taroldk,
zuhanyzé, We, kazdnhdz, gardzs stb...Lakas paraméterei: 3 szoba, 1 nappali étkez6-amerikai konyha,
kozlekedd, gardréob, mosdkonyha, 2 fiirdoszoba, 3 erkély. Futés: fal és padléfiitésLakasban talalhatéd kiilso-
belsé nyilaszaré fa tipusu Lakasban taldlhato 6sszes ablakon és erkélyajton elektromos redony és szinyoghéld
is van. Nappaliban taldlhaté kandall fatiizelésli, olasz marvany burkolattal lett kialakitva. Haszndlata
kozben egyaltalan nincs fist.Klima, riaszté van.Minden szoba kiilén nyilik. Burkolat:parketta: fa/tolgy
Lakésban tobbi helységében a burkolat- olasz keramia jarélap. Beépitett konyhabitor: tomor cseresznyefa.
Az ingatlanhoz tartozik sajat zarhaté taroléd. Parkolasi lehetéség zart gardzsban X auté szamara, illetve
a tdrsashdz telkén belil tobb auté szdméra is van lehetéség. Kapu elektromos. Kozos koltség XeFt/ho,
amely tartalmazza a fiités, hidegviz, kertész, szemétszallitas, csatorna, tarsashaz 6sszes kozos fogyasztasat, a
tarsashaz biztositasi dijat is. Melegviz, villany sajat fogyasztas szerint. Lakdsban taldlhaté beépitett bitorok
az ingatlan vételarat képezik. Az ingatlan tehermentes. Azonnal koltozhet6. Irdny dr: XMFt. Garazs az
ingatlanhoz tartozik, benne van az arban. Please output a single number! 9

On a scale of 1 to 10, how luxurious is this house in Szdédliget? Szdédligeten jo infrastruktira mellett ELADO
egy Dél-Nyugati fekvésii,68 m2-es 2 szobés, gdzcirkds csalddi héz gardzzsal, firt kuttal, 540 m2- es kerttel.
A j6 miszaki allapotd ingatlan palatetSs, betonfodémes, tégla épitésii. Kész tervrajz van a hazhoz, melyen
egy kényelmes, emeletes, teraszos haz alakithaté ki. Az utca, aszfaltozott. A szomszédok kedvesek. Viécra
és a fovarosba ingdzoknak nagy elony a vasut kozelsége. Busz 5 percre, a vonat 10 percre talalhato.

Jellemzoi:

- az ingatlan 1960-ban épiilt, és 2005-ben lett feldjitva - burkolatok: kerdmialap, parketta - Fitése:
gazcirkéval, - téroldsra alkalmas melléképiilet, ami gardzsnak is hasznalhaté - kiils6 szigetelés - fart kut -
mianyagnyildszarok - jé allapotd épiilet - parkolds az udvarban - kilatas: kertre nézé - padlas

Irdnyara: X M Ft Please output a single number! 8
On a scale of 1 to 10, how luxurious is this flat in Budapest? Budaliget csendes részén a Honfoglalds
laképarkban, eladd egy 12 lakdsos, szinteltolasos tarsashaz foldszintjén talalhaté 51 nm-es, 1 szobds, nagy
teraszos ingatlan.A lakashoz tartozik egy teremgardzs, és kizardlagos hasznélati tdarold, ami benne van az
arban. A kornyéken az infrastruktira kivéald, uszoda, Francia iskola és 6voda. A lakopark el6tt buszmegalld
157 és 157 A melyek a Huvosvolgybe visznek le. Néhany perc autézassal bevasarlokozpontok Hiivosvolgy,
Solymar Auchan, Lidl, stop-shop, posta 5-10 perc alatt elérhetéek. Please output a single number! 3

On a scale of 1 to 10, how luxurious is this house in Szentendre? Szentendrén, kival6 helyen Pismany déli
oldalan kozel a kozponthoz, aszfaltozott, rendezett utcéban, PANORAMAS, 6 szobds, brutté 160 nm-es,
klimas, felujitott, csaladi haz, beépitett butorokkal eladd.A haz kivald elosztasu, elegans, belséépitész altal
tervezett enteriorrel rendelkezik, minden helyiségben tervezett, magas mindségii alapanyagokbdl késziilt
beépitett butorokkal lett kialakitva. Fa nyilaszarok, igényes, egyedi beltéri, részben tolé ajték keriiltek
beépitésre.Fiirddszoba Villeroy szaniterekkel, Hans Grohe kiegészitokkel, design cement burkolattal, iveg
kabinnal kivitelezett. Az épiilet 2006-ban épiilt, 2022-ben fejez&dott be a teljeskori feldjitasa.Parkositott,
589nm-es, rendezett , Wellis siillyesztheté medencével, gyerek fajatszotérrel, locsolérendszerrel ellatott |,
teraszos kialakitdsu kert.Barmely kérdés esetén forduljon hozzdm bizalommal! Please output a single num-
ber! 10

On a scale of 1 to 10, how luxurious is this flat in Hajduszoboszl6? Hajduszoboszlé csendes utcajara nézo
4. emeleti panellakds eladd. A lakds két éve feltjitason esett at, a lakdsban beépitett konyhaszekrény
és légkondiciondlé is van. Az ingatlan kozel van a fiird6hoz, gydgyszertarhoz, bolthoz, egészséghazhoz,
iskoldkhoz és 6vodahoz is. Barmilyen kérdés esetén hivjon bizalommal. Please output a single number! 5
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On a scale of 1 to 10, how luxurious is this flat in Budapest? Budaliget kedvelt részén a Honfoglalas utcaban,
eladé ingatlan tulajdonostdl,19nm-es kertre nézé terasszal taroléval és teremgarazzsal Iranyar X millié FtIN-
GATLANKOZVETITOK SEMMILYEN MODON NE HIVJANAK! Please output a single number! 2

On a scale of 1 to 10, how luxurious is this flat in Budapest? Igazan magas luxus szinten felijitas alatt allo, a
terveknek tokéletesen megfeleld nagypolgéri lakas, 4,5méteres belmagassaggal, hatalmas terekkel, mindenbél
a legdragabb min6ségben kivitelezve a teljeskori felujitast! A héz par éve kiviil-belil felujitott, elegans,
liftes. A lokacié a lehetd legimpozéansabb, a Bazilika és a Szabadsédg tér kozé esik. Mélygarézs hely bérelhetd
kozvetleniil ott!! Jelen allapotban meg bele is lehet sz6lni a kivitelezésbe, mert par hénap mire teljesen
elkésziil! Please output a single number! 10

On a scale of 1 to 10, how luxurious is this flat in Budapest? FIX AR, HA ALKUDOZNI AKAR KEREM NE
KERESSEN!Ijjpest Varoskapu Metré megdll6tdl 250 méterre, teljes kort feldjitast, komfortositast igényl6
garzon lakds tulajdonostél eladé. Tébb mint 10 éve all diresen a ingatlan. Onallé helyrajzi szdémon van,
tehermentes, azonnal birtokba vehetd, tulajdoni lapon is lakas besorolast. Zuhanyzé és a wc kialakitandé,
jelenleg komfort nélkiili igy lakdshitelt nem tud felvenni ra!A tarsashézban két lakdsunk van, mindegyik
eladd, akar Ossze is nyithatéak. A képeken lathaté barna és sirga ajté. Mindegyik 15 m2 és darabja X
millié. Ha egyben veszi meg a 2 6nallé helyrajzi szamon 1év6 15m2 lakast akkor fix X millié a vételar,
alkura nincs lehet6ség.Befektetésnek is kivald, jol bérbe adhaté az elhelyezkedése miatt. Mélyen piaci ar
alatt tulajdonostdl eladd. Kozvetitok segitségét nem kérjiik! Please output a single number! 1

On a scale of 1 to 10, how luxurious is this flat in Pécel? Eladé netté 63 nm (+ 2 db 5-4 nm terasz) méretii
tarsashazi lakas Pécel kozpontjaban. A lakas egy 24 lakdsos, fejléd6 tarsashéz elsé emeletén helyezkedik
el. (4 1épcséhdz, 6-6 lakdssal) Helyiségek: nappali-étkez6-konyha részben egybenyitva, 2 halé 1-1 nyugati
terasszal, ablakos fiird6, ablakos wc melegvizes kézmosdval, el6tér. ”Rendhagyd” belso kialakitas, belma-
gassag 270 cm, fa ablakokkal. 2021-ben teljes villanyhalozat és tetdszigetelés csere tortént. Téli honapokban
elég volt hdrom konvektor (a négybél). Csendes zdldteriilet a kildtds nyugatra is és keletre is, reggeli és
délutdni nap atjarja, kereszthuzat és allandé légmozgds nyitott ablakokndl elérhetd. Rendezett 1épcsOhéz,
csondes szomszédok, sajat udvar auté bealldsi lehetGséggel. Kozvetlen madarcsicsergbs patakpart, mégis
minden kozel, de zaj nélkiil (Templom, altaldnos- és koézépiskola 500 m, Penny, piac, posta, buszmegalld,
ruhaiizlet, haztartdsi, barkacsbolt, cipész, cukrdszda, virdgos, gumis, dohdnybolt, biobolt, bank, atm) 200
méteren beliil. Kozvetlen kék buszjarat az Ors vezér térre (35 perc), és vonatjarat a Keleti Pdlyaudvarra
(25 perc). Vételar X M Ft. Ingatlanosok kérem ne hivjanak! Please output a single number! 7

On a scale of 1 to 10, how luxurious is this house in Bonyhad? Eladasra kindlom szeretett otthonunkat
Bonyhdd egyik kozponti utcdjaban, mégis csendes kornyezetben. A héz 3 éve esett at teljeskorii bels6
felujitason, amikor is viz és hoszigetelés, az Osszes villanyvezeték és vizcso, valamint az 0sszes belsé burkolat
cseréje lett elvégezve. A konyha teljesen felszerelt, egyedi méretre gyartott konyhabutorral. A munkak soran
kizarélag magas minéségii, tartds anyagok keriiltek felhasznalasra.Tovabbi kérdéssel keressenek bizalommal.
Please output a single number! 3
On a scale of 1 to 10, how luxurious is this flat in Budapest? Déli tajolasi, csendes, erkélyes haromszobas
lakas panelprogramos hazban

XI. keriilet Kelenfold kedvelt, kozponti részén, kivalé kozlekedés mellett, csendes, parkra nézd, jo
elosztast, haromszobas, vildgos, 2. emeleti, erkélyes, brutté 63 nm-es lakds eladd. Az erkélyfal és vele
egyliitt az ablakok cseréjét, valamint a nappali és a két héldszoba lamindlt padléoval torténd tjra burkolaséat
a jelenlegi tulajdonos az el6z6 évben végeztette el. A lakds t6bbi része atlagos allapoti. Az elektromos
vezetékek felijitdsa 10 éven beliil tortént meg. Filitése egyedileg mért tavfiités, a haldszobak ablakai
mianyag redénnyel drnyékolhaték. A lakds tovdbbi berendezési targyai (beépitheté mosogatdgép, butorok)
megbeszélés targyat képezik.

A lakdshoz tartozik egy sajat haszndlati pincerész és egy kozos emeleti tarold is.

A haz kiilsé szigetelése marcius kozepén fejezédott be a nyilaszarok cseréjével egylitt, a tetd szigetelésének
munkalatai folynak jelenleg.
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Személyes megtekintés és tovabbi kérdések megvalaszolasa érdekében a hét barmely napjan varom megk-
eresését. Please output a single number! 5
On a scale of 1 to 10, how luxurious is this flat in Budapest? IX. keriilet - Ferencvéros szivében eladé egy
kivalé adottsagi, magas emeleti nagypolgdri lakds. Az ingatlan 4. emeleti (nem zdrézint), 115 m2-es, délkeleti
tdjolast, jelenleg 3 nagyméretli szobdval es kiilon konyhaval rendelkezik.Az el6szobabdl egy vildgos nappal-
iba érkeziink, melybdl két kiilon bejaratu szoba nyilik. A szobakat és az el6szobat parkettdval burkoltak,
kialakitasukat tekintve jél berendezhetéek. A konyha a nappalibdl és az elészobabdl is megkozelithets. Itt
kialakitasra keriilt egy 2 m2-es kamra is. Fiird6szoba és a mellékhelyiség kiilon-kiilon vannak, szelléztetésiik
a lichthof felé torténik.Egyedi méréorak vannak felszerelve. A lakds fiitését gaz flitésii cserépkalyha illetve
konvektorok adjak. A hangszigetelést a jé minGségli nyilaszardk és a redényok biztositjak.A tarsashdz 5
emeletes, jé allapotu, liftes, kis lakokozosséggel rendelkezik, emeletenként csupan 3 lakas talalhaté. A kozos
koltség X Ft, mely tartalmazza a felajitasi alapot is.Az ingatlan lokacidjat tekintve kitiinG helyen taldlhato.
Kival6 infrastruktiraval rendelkezik, a 4-es, a 6-os villamos, 3-as metrd, a Boraros térrél induld HEV ill.
szdmtalan buszjarat: 2, X, X, X pér lépésre elérhet. Kozelben tobb egyetem /ELTE, SOTE, CORVINUS,
BME/, boltok, éttermek, évoddk, iskoldk taldlhatéak.A lakds tehermentes, rovid id6én belil birtokba ve-
het6.Kérdés vagy megtekintés esetén keressen bizalommal!M208764 Please output a single number! 7

On a scale of 1 to 10, how luxurious is this flat in city? description Please output a single number!
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