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Motivation

Data on dwellings and price changes are “critical ingredients for
understanding household wealth, its evolution over time, and for the

vulnerability of households’ financial position”

Financial Stability Board (2009) “The financial crisis and information gaps” Report
to the G-20 Finance Ministers and Central Bank Governors.

I Need for reliable real estate data widely recognised.

I Housing cycle affects economy, price stability and financial stability.

Aims of the paper
I Compare characteristics (reliability, volatility and coherence) of several

house price indices (HPIs) in Luxembourg.

I Apply artificial intelligence (AI) techniques to HPIs.
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Housing market - Measurement problems

I Highly heterogeneous and infrequent real estate transactions. ⇒ changes in com-
position and methods complicate price comparisons over time.

I Main difficulties include:
I Choice of method to calculate a HPI
I Coverage by region
I Coverage by type of housing
I Data source

I Mean/median prices do not adjust for changes in quality.
I More problematic than homogenous products in HCPI (bananas, potatoes, diesel,...)

t+1
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Data sources

I Individual apartment transactions between 2007Q1 and 2025Q3 extracted from
notary deeds collected by the Tax Authority (AED)

I Complemented with information regarding the living surface and annexes from
the Land Registry and Topography Administration

I Initial data processing to harmonize treatment of new apartment sales and elim-
inate irrelevant transactions

Hedonic Repeat Sales
All New Existing

Number of transactions 78,684 26,436 52,248 33,284
Average price per m2 (thousand euros) 5,805 6,189 5,610 5,562
Average living surface (m2) 81.1 81.7 81.1 80.8

Figure 1: Summary statistics for the cleaned hedonic and repeat sales samples

Sources: AED, Own calculations
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Different methods

I Hedonic indices (e.g. Eurostat (EA Reference Index))
I Estimated relationship between the price and characteristics of a dwelling ⇒ Quality

adjusted index.
I Repeat sales indices (e.g. S&P Corelogic Case-Shiller)

I Assume a given dwelling’s characteristics unchanged between two different sales. ⇒
No need for quality adjustment.

I Price changes for a given dwelling reflect general price changes for all dwellings
I New approach based on Krause (2019): Indices based on artificial intelli-

gence
I Random Forest (RF) algorithm builds Residential Property Price Index (RPPI).
I Popular algorithm in other domains of macroeconomic analysis

(e.g. Goulet Coulombe (2024))
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Random Forests for RPPI: Motivation & Principles (1)

I A random forest (RF) model is an ensemble of regression trees1

I Individual regression trees:
I Capture nonlinearities and interactions with no parametric assumptions
I Repeatedly split data into smaller, similar groups (node splitting)
I Produce predictions by following the path to a final (leaf) node
I Example: Apartment with 80m2 of living surface, located 50km from the capital ⇒

335.500e

Figure 2: Decision tree - Illustration

Surface ≤ 95m2 ?
N = 20
Price = 421.000

Road distance ≤ 50km?
N = 8
Price = 589.000

Road distance ≤ 13km ?
N = 12
Price = 366.000

Exit 2
N = 4
Price = 335.500

Parking ≤ 6m2?
N = 8
Price = 542.010

Exit 6
N = 4
Price = 520.540

Exit 5
N = 4
Price = 763.480

Exit 1
N = 3
Price = 887.540

Basement ≤ 10.11m2?
N = 5
Price = 371.100

Exit 4
N = 3
Price = 354.000

Exit 3
N = 2
Price = 396.000

True
False
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False

True False
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False

True
False

Root node
Decision node

Leaf nodes

(Displayed prices correspond to average prices in each node.)

1We use the ’ranger’ package in R (Wright & Ziegler, 2017), a fast implementation of Breiman (2001).
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Random Forests for RPPI: Motivation & Principles (2)

I Decision trees: High variance and risk of overfitting
I Random forests (Breiman, 2001) mitigate these issues through:

I Bootstrap aggregation (bagging): build B trees on bootstrap samples to
reduce variance

I Feature bagging: at each node, randomly select a subset of predictors
I Prediction for a continuous target:

f̂RF(x) =
1
B

B∑
b=1

f̂b(xb)

where xb is the bootstrapped and feature-sampled variant of x.

Figure 4: Simplified random forest

Training Data

Sample and feature selection

. . .

Tree 1 Tree 2 Tree B

Average from B trees

Prediction

7 / 21



Interpretability Methods: Partial Dependence Plots (PDP)

Counterfactual methods Provide interpretability by comparing predicted values
from machine learning models using hypothetical data points (counterfactuals) across
a given input/feature while holding all other inputs/features constant.

Partial Dependence Plots (PDP).
I Introduced by Friedman (2001) to interpret ML models
I Show marginal effect of feature xt on predicted outcomes by averaging

predictions over all observations:

PDP(xt = j) = 1
N

N∑
i=1

f̂bag(xt = j, xi,c)

I In RPPI context: effect of transaction period on predicted apartment prices.
I Assumption: Variable of interest (xt) uncorrelated with other predictors → Avoid

unrealistic counterfactual regions and misleading marginal effects.
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Individual Conditional Expectations (ICE)

I Reveal heterogeneity masked by PDP av-
erages (Goldstein, Kapelner, Bleich, &
Pitkin, 2015)

I For each observation, hold characteristics
xi,c fixed and vary xt across every observed
value.

I One curve per observation:

ICEi(xt) = f̂bag(xt, xi,c)

I ICE simulates “selling the same apartment
in every time period”.

Link between ICE and PDP.
I PDP is the pointwise average of ICE

curves:

PDP(xt) =
1
N

N∑
i=1

ICEi(xt)

Figure 5: ICEs and PDP
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PDPs can be slow to calculate and computationally
expensive. For example, this figure consists of
528 transactions × 76 periods = 40, 128 predictions
to construct the ICEs, which have each been derived
from a random forest composed of 500 individual trees
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Results: estimated annual price changes (%) Table

Figure 7: Existing apartments
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Note: Random forest index; Hedonic index; Repeat sales index.

Main results

I Random forest HPI ( ) closely tracks
hedonic and repeated sales indices ⇒ Vi-
able alternative.

I Random forest HPI is more stable and
therefore easier to interpret (removes
measurement errors that may arise from
small estimation samples, cf. New apart-
ments Hedonic Index).

I Similar trends in three quality-adjusted
indices ⇒ Less uncertainty than rely-
ing on a single index.
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Results: Reliability

Sources of Revisions
I Repeat Sales: Each resale provides information

on both past and current transaction prices.
I Random Forest: Inherently unstable due to ran-

dom node splits.
I Hedonic: Regression coefficients re-estimated

with each release.

Framework
I Re-estimate indices for each quarter to obtain

real-time, quasi-real (transmitted with up to 1-
quarter delay), and final series.

I Revisions reflect both new transactions and
model-induced adjustments (Orphanides & Nor-
den, 2002).

Empirical Results
I Hedonic index: Minimal revisions once delayed

transactions are included.
I Random Forest: Largest and most persistent re-

visions; especially in high-growth periods.

Figure 8: Illustration of index revision
- Random forest
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Note: Year-on-year growth for real-time ( ),
quasi-real ( ) and the final estimate ( ).
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Out-of-Sample Accuracy of Residential Property Price Indices

Objective: Evaluate how well RPPIs predict individ-
ual apartment price changes out-of-sample, addressing
aggregation bias due to heterogeneity.

Method (K-fold CV, repeat-sales based):
1 Randomly split full transaction sample into K = 5

folds.
2 Estimate each index on 4 folds (training).
3 Select all repeat-sales in the held-out fold (valida-

tion).
4 Predict second-sale price:

p̂i,t = pi,τ ×
indt

indτ

5 Compute errors: ei,t = p̂i,t − pi,t and MAPE

MAPE =
1
N

∑
i

∣∣∣∣ ei

pi,t

∣∣∣∣ .
6 Repeat for all 5 folds.

Key Findings:
I No method significantly outperforms others
I MAPE: Hedonic 9.96%, RF 10.02%, Repeat-Sales

9.96%.

Figure 10: Out-of-sample predictions -
Price level (Mio. EUR) (Random
forest)
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Note: X-axis corresponds to observed values and
Y-axis to the out-of-sample predictions. The blue line
represents the linear fit.
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Conclusion

I All three methods (hedonic, repeat sales, random forest) identify similar trends
at the aggregate level.

I The random forest index closely tracks traditional indices, supporting its validity.
I Improvements could come from enhanced data quality, particularly additional

dwelling characteristics (e.g. information on major renovations).
I Consulting multiple indices can reduce uncertainty in property price

developments.
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Thank you for your attention.
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Annual price changes per index (%) Return

2011-2023 2011-2017 2018-2021 2022-2023

Overall Hedonic 6.3% 4.5% 11.7% 2.2%
Random forest 6.4% 4.8% 11.5% 1.9%

Existing
Hedonic 6.4% 4.6% 12.5% 0.6%
Random forest 6.4% 4.8% 12.1% -0.1%
Repeat sales 5.9% 4.2% 12.1% -0.7%

New Hedonic 6.2% 4.4% 10.6% 3.9%
Random forest 6.7% 5.0% 10.7% 4.8%

Figure 12: Apartment prices, average year-on-year growth (%)

Note: By construction, the repeat sales index excludes new apartments, so we report
results along with those of the hedonic index and the random forest index for existing
apartments.

17 / 21



Estimated annual price changes per index (%)

(a) Overall
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Regional results Table

Figure 14: Annual changes by region (%)
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Correlation matrices

(a) Existing apartments (b) New apartments

Valid PDPs require that there is no strong correlation between the variable of interest and
the other explanatory variables, hence we are interested in the first row and first column of
the plots. The upper triangle provides the Pearson correlation coefficients between the
variables and the lower triangle shows the fitted line from a simple linear regression.
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RF Algorithm and hyperparameter tuning

Key Hyperparameters:
I min.node.size: minimum observations required to split a node
I mtry: number of splitting variables randomly selected at each node
I num.trees: number of trees in the forest (controls stability vs. computation time)

Tuning Procedure:
I Grid search over mtry and min.node.size ∈ {5, 15, 25}
I 3-fold cross-validation: train on 2 folds, validate on 1; repeat for all folds and hyperparameter

combos

Results
I Optimal model: mtry = 4, min.node.size = 5
I No strong guidance for num.trees: larger forests usually improve stability but increase compu-

tation

Figure 17: Hyperparameter finetuning
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Note: Each line plots the mtry value (x-axis) against the average RMSE (y-axis) obtained from 3-fold CV. The different colors

indicate the three minimum node sizes selected to train the models: 5; 15 and 25
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