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Introduction (Resuts

Automated Valuation Models (AVMs) are models used for risk regulating
purposes by banks and other financial institutions to get an assessment of the estimated
value of a portfolio of dwellings. Tree-based machine learning models like random forest
and gradient boosted trees are often the preferred choice for this task due to their high
predictive accuracy (Hjort et al. 2022), but uncertainty quantification has historically
been a major challenge for these models. In this study we try to tackle this challenge by
utilizing a set of techniques from the conformal prediction (CP) literature. We compare
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Table 2: Results from the Oslo data set at confidence level v = 0.1. Interval sizes are
oiven in million NOK, where 1 NOK = 0.1 USD per August 2022.

Method Coverage (%) Mean interval size Median interval size
Split CP 89.54 1.85 1.61
CQR 00.25 1.79 193
Mondrian CQR 90.40 1.85 1.25

three different methods uncertainty quantification on a data set consisting of N = 29933
transactions from Oslo (Norway) from 2018-2019, and analyze the methods in terms of
empirical coverage and the size of the produced confidence regions.

Methodology

Figure 1: Results for the Oslo data set at confidence level o = 0.1. Left: Rolling average interval sizes vs.
actual sale price. Middle: Rolling average empirical coverage vs. actual sale price. Bottom: Empirical
coverage over time.
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We use a random forest model (500 trees, max depth of 10) to create a point prediction 2.0 ] ‘ "”J | = = =
Uni1 € R given the known features z,..; € R% We aim to construct a confidence region
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the methods described by Romano et al. 2019. 0.0

E Mondrian CQR. We follow the same procedure as in CQR, but in a Mondrian
fashion. We construct the confidence regions separately for each of the 15 different
city districts in Oslo. The motivation behind this is that house prices vary
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significantly in different parts of a city. This is also seen in the data set; the mean 1 2 3 1 2 3
price per m? varies from 42500 in the cheapest city district (Stovner) to 88 200 log(Sale price) [mill. NOK] log(Sale price) [mill. NOK]
NOK in the most expensive city district (Frogner). 1.00-
0.

For all the methods we divide the full data set into a training set, calibration set and test
set of equal size. We construct confidence regions at o = 0.1.

The data set

The data set consists of N = 29933 transactions of apartments from the open housing
market in Oslo (Norway) between 2018 and 2019. 1 NOK ~ 0.1 USD per August 2022.

Empirical coverage
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Results per city district

CQR =e= Mondrian CQR =e= Split CP

Table 1: The variables in the data set with summary statistics for the numerical variables.

Variable Unit Mean Median St. Dev. Min Max Type .
Figure 2: Box plots of results for each of the 15 city districts. Left: Mean interval size per city district.

Sale Price NOK (mill.) 4.69  3.93 214  1.26 67.5 Numerical Right: Empirical coverage per city district.
City District : : : : - (Categorical
Sale Date months 1254 13.00 6.78  1.00 24.00 Numerical & T & .

. . PO = & ——
Altltude m2 90.27 76.00 61.68 0 480 Numer%cal &5 = S5E —
Size m 65.63 63.00 2424 15.00 370.00  Numerical P — e -
Floor - 3.02  3.00 1.89 4 14 Numerical é@x\’;o- - é@x\’;o- T —
Bedrooms : 1.79  2.00 0.76 0 9 Categorical é:;@‘i;i: :k! i::@i;i: ':_
Dwelling Age years 61.27 60.00 374 0 218.00  Numerical g & e -
Balcony - 0.75 1.00 043 0 1 Binary ——— e -
Elevator . 037 000 048 0 1 Binary =l R -
Units On Address - 2054 1200 2749 000 27400  Numerical gl 555 -
Coast Distance m 3,160 2483 2,395 5 12,201  Numerical e —— \S&C’;« 2
Lake Distance m o 966.60 911.00 497.37 31 3183  Numerical = e ——
Nearby Homes - 2,816 2,58 1,590 100 6,746 Numerical ' 5 A 5 = o ~olos 0.00 0.05
Nearby Buildings - 166.66 131.00 144.38 6 1,323 Numerical niervalsize (mill HOI9 mmpirieal coverage minus 0.9
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Discussions and further work
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