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Abstract

An appraisal is intended to provide an independent estimate of a dwelling’s market
value. We find instead that appraisals track the realized transaction price, including its
idiosyncratic component, the part specific to this buyer and this sale, which carries no
information about the expected price if the dwelling were resold almost immediately.
This follows from the incentives in mortgage lending: all parties to the transaction ben-
efit when the appraisal allows the purchase to proceed, so that a valuation formed with
reference to the agreed price tends towards that price. In Dutch residential transac-
tions, nearly all appraisals are multiples of e 5,000, and up to rounding to that amount,
41.5% of appraisals equal the transaction price. A Monte Carlo test, which accounts for
the uncertainty in the price of each dwelling, shows that appraisals lie far closer to re-
alized prices than independence would allow, providing overwhelming evidence against
it. Regressions show that appraisals pass on about four fifths of the deviation of the
price from the mean of its estimated distribution, and we show that such copying raises
the collateral risk for both borrower and lender. These findings call into question phys-
ical appraisals as an independent safeguard, and point to statistical valuation models,
formed independently of the transaction price, as a natural alternative.
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1 Introduction

Mortgage lending creates an incentive that runs against the independence an appraisal is

meant to provide. The borrower benefits directly from a higher appraisal, since it can

support a larger loan, while the seller, the real estate agent, and other parties to the

transaction likewise benefit when the valuation allows the purchase to proceed. The bank

itself faces a related tension: it has a commercial interest in originating the mortgage, while

its protection against losses upon default depends on an independent assessment of the value

of its collateral. This tension may be particularly easy to overlook during prolonged periods

of rising house prices, when collateral risk appears limited. What the bank needs from the

appraisal is an estimate of the price the dwelling is expected to realize if the borrower

defaults and the dwelling is resold to cover the outstanding debt. This valuation should be

insulated from transaction-level incentives and formed independently of the price agreed

between buyer and seller.

How that value is established has changed repeatedly, in response to findings that

earlier methods were unreliable; since 24 July 2026, Dutch lenders may no longer use

the WOZ value, the municipal assessment of a dwelling’s value, for a new mortgage at all

(Ministerie van Financiën 2026). The reliability of the physical appraisal has also been

a point of concern. In 2019, De Nederlandsche Bank examined 200,000 appraisals from

2012–2017 and found that appraisals matched the transaction price in a third of the cases

and exceeded it in nearly 60%, with an average overvaluation of 2.9% of the sale price

(De Nederlandsche Bank 2019; Minister van Binnenlandse Zaken en Koninkrijksrelaties

2019). The finding prompted parliamentary questions on whether subsequent safeguards

had worked (Vaste commissie voor Binnenlandse Zaken en Koninkrijksrelaties 2022), and a

partial answer arrived only in 2025, when the ministry reported figures compiled by NHG

at its request: appraisals exceeded the transaction price in 46% of cases between 2021 and
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mid-2025, matched it exactly in 19%, and overvalued the property by e 2,566 on average

(Minister voor Volkshuisvesting en Ruimtelijke Ordening 2025). The ministry welcomed

this improvement but still considered the remaining pattern concerning. A 2026 study of

1.1 million appraisals commissioned by the Dutch appraisers’ register described appraisals

for 2019–2025 as balanced around the transaction price, with mean and median deviations

near zero, and presented this as evidence on appraiser independence (Nederlands Register

Vastgoed Taxateurs 2026). Yet in the same data, 21.6% of appraisals match the transaction

price exactly and about 66% lie within 2% of it.

This paper adds to this literature in three ways. First, we provide formal inference for

the dependence between appraisals and transaction prices: using dwelling-specific predic-

tive distributions, we determine how closely appraisals and transaction prices should agree

under independence and test whether the observed agreement is compatible with it, and

we quantify the dependence by regression. Second, we show that this dependence induces

collateral risk for both the lender and the borrower. Third, the predictive distributions

provide an alternative valuation that is independent of the agreed price by construction.

Example 1. A house is listed at e 599,000, and a statistical model puts the expected trans-

action price at approximately e 663,000. Laila is willing to bid substantially above this

expected value and offers e 721,000, which lies at the 90% quantile of the predictive distri-

bution. Her bid is accepted and to fund the purchase she needs a mortgage. The size of

that mortgage determines how much of her own savings she has to put in. What the bank

is willing to lend rests on an appraisal of the property rather than on the price she agreed.

A valuation at or above e 721,000 lets the sale complete; one below it can force Laila to

finance the shortfall herself. She therefore prefers a high figure, as does everyone whose part

in the transaction depends on it completing. When the appraisal comes back it is reported

at e 725,000.
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The appraised value in Example 1 lies very close to the realized transaction price. One

might read this as accuracy, but it is not. Laila’s bid lies well above what the dwelling is

expected to sell for, reflecting a willingness to pay that is idiosyncratic to this transaction.

Since nothing suggests that a future buyer would pay the same premium, this idiosyncratic

deviation carries no information about the price upon resale beyond what the dwelling

characteristics already contain. It is, however, exactly this resale price that determines the

risk to which both parties to the mortgage are exposed. We conjecture that the transaction-

level incentives described above nonetheless induce appraisers to couple their estimate of

the market value to a single realization of it, thereby importing its idiosyncratic deviation

into the valuation.

To make this precise, let Px denote the conditional distribution of the market value Y

given X = x, where x is a realization of the dwelling characteristics X, such as living area,

location, and time on market. Let µY = E[Y ] and σ2
Y denote its mean and variance, where

throughout E[ · ] is taken under the true laws of the random variables it operates on, and

a subscript marks expectations under a modeled distribution. The observed transaction

price y is a realization from Yold, whereas the lender is exposed to Ynew, the price realized

upon an immediate resale, where we take Yold and Ynew to be independent draws from

Px. The appraisal A is intended to estimate where this resale will land, so that Y and

A are genuinely different random variables: Y is a draw from Px, whereas A estimates a

feature of Px. The mean µY is the natural choice of feature, since it weighs each possible

outcome by its probability and minimizes the expected squared error E[(a − Ynew)
2] over

all appraisal values a. Other loss functions induce other, possibly more robust, location

parameters (Gneiting 2011); in each case, however, the target remains a functional of the

conditional distribution rather than a particular draw from it.

Since Px is unknown, µY is an oracle appraisal value. To obtain a feasible counterpart,

we specify a model Fx for Px, with mean mY := EFx [Y ], and estimate it from a training
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sample of n0 other transactions, which yields the predictive distribution F̂x with mean

m̂Y := E
F̂x
[Y ]. We view a∗ := m̂Y as the natural feasible appraisal value and assess its

calibration in Appendix A.3. In doing so, we assume that the model conditions on the same

characteristics x as those on which buyers and appraisers value the dwelling.

Copying the transaction price, i.e., A = Yold, yields an unbiased estimate of µY , but a

poor one. The realized price deviates from µY by an amount that is partly idiosyncratic

to the transaction, and copying imports this idiosyncratic part into the appraisal as noise,

which lowers its signal-to-noise ratio. Since the estimator is unbiased, its mean squared

error equals its variance, which is the full dispersion σ2
Y of the market. A statistical model

instead pools information across comparable dwellings, so that the idiosyncratic deviations

of individual transactions average out. Provided the model is correctly specified in its

mean, its mean squared error therefore shrinks as n0 grows, whereas that of the copied

price remains σ2
Y however much data is available, which is unnecessarily large given the

feasible alternatives.

Whether appraisals in practice import the idiosyncratic deviation of the transaction

price, as conjectured above, is an empirical question. An appraisal that serves as an in-

dependent check on the agreed price should not draw on that price, so that, once the

information contained in the dwelling characteristics X has been accounted for, it should

contain no dependence on the realized transaction price. This motivates testing whether

the appraisal value A is independent of the transaction price Y , conditionally on X; see

Hypothesis 1. Rejection of this hypothesis provides evidence that the realized transac-

tion price contains information about the appraisal beyond that already contained in X,

consistent with the appraiser following the observed transaction price.

We test this hypothesis on 694 Dutch residential transactions from December 2025 to

August 2026. For each dwelling, we observe the appraisal a, the transaction price y, and the

characteristics x, and we construct the predictive distribution F̂x. Descriptive patterns in
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the data are suggestive of such coupling. In 21.3% of the reports, the appraisal reproduces

the transaction price exactly. This understates the agreement, because appraisals and

prices are reported in different monetary denominations, that is, in different increments:

95.1% of appraisals are multiples of e 5,000, against 47.7% of transaction prices, so that

an appraiser who copies the price may report it rounded. Rounding the difference a − y

to the denomination of e 5,000 in which appraisers report raises the agreement to 41.5%.

More broadly, 60.8% of appraisals lie within e 5,000 of the transaction price. When the

appraisal does depart from the transaction price, the departure is moreover not symmetric.

Among appraisals that depart by a multiple of e 5,000, the step natural to the appraiser,

69.0% lie above the transaction price (120 of 174). How much agreement these shares

represent depends on how uncertain the market value of each dwelling is; our test provides

the reference for how closely independently formed appraisals and prices would agree.

We construct this reference with a Monte Carlo test in the sense of Barnard (1963) and

Hope (1968). Holding every appraisal at its observed value, we redraw each transaction price

from its dwelling-specific predictive distribution F̂x. The resulting appraisal–price pairs are

independent by construction, and repeating this exercise generates a reference distribution

for how closely appraisals and prices agree when the appraisal draws no information from

the realized price. Comparing the observed agreement with this reference distribution yields

a test of Hypothesis 1. Since the reference rests on F̂x, its validity depends on how well the

predictive distributions approximate the true conditional distribution of the price, which

we assess in Appendix A.3.

Rejection establishes that appraisals follow transaction prices, but not how strongly. To

quantify the strength of this coupling, we regress the deviation of the appraisal from the

predictive mean on the corresponding deviation of the transaction price. Since appraisals

and prices are reported in different denominations, we also repeat this regression with both

amounts rounded to multiples of a common step κ. To assess whether the coupling persists
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among appraisals that are not exact or near copies, we further exclude the appraisals that

equal the price up to rounding, |a − y| ≤ κ/2. A copula representation, which separates

the dependence between appraisal and price from their marginal distributions, places these

slopes on the same footing as the benchmark cases of independence and exact copying.

Furthermore, as a secondary result, we also test whether appraisals are on average centered

at the expected market value.

Hypothesis 1 is rejected. Appraisals track transaction prices far more closely than

independence permits. The regressions quantify this coupling: appraisals pass on about

four fifths of the deviation of the transaction price from its expected value. The appraisal

reported to the bank is hence not an independent estimate of the market value of a dwelling,

so that the loan-to-value ratio rests on a figure less independent than its role assumes.

The coupling has important implications for the collateral risk of both the lender and

the borrower, even though a perfectly copied transaction price is unbiased for µY . The

reason is an asymmetry in the consequences of a default: a shortfall upon resale leaves

a residual debt, whereas a surplus accrues to the borrower and does not offset shortfalls

elsewhere. The dispersion that a copied price inherits from the market therefore raises the

expected residual debt (Section 6).

The predictive model used to construct our benchmark offers an alternative basis for

valuing the collateral. Its mean m̂Y is formed without reference to the agreed price, and the

calibration test in Appendix A.3 gives no evidence that it is displaced from the expected

market value. Statistical valuation models therefore provide a natural independent basis for

the bank’s loan-to-value ratio, and their full predictive distributions additionally describe

the downside risk of the collateral that a single appraisal value discards (Section 2).

The rest of the paper is organized as follows. Section 2 sets out the two distributions

and what independence requires of them, Section 3 develops the Monte Carlo test and the

regressions, Section 4 describes the sample, Section 5 reports the results and Section 6
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discusses what these results imply for collateral risk.

2 A model for appraisal value and transaction value

In this section we make explicit the probabilistic structure of the transaction price Yi and the

appraisal value Ai, together with their conditioning variables Xi, where i = 1, . . . , n indexes

the dwellings in our sample. All random variables are defined on a common probability

space (Ω,F ,P). We take the observed dwelling characteristics xi as given throughout.

Conditional on Xi = xi, we assume that the transaction prices Yi are independent across

dwellings, and likewise for the appraisal values Ai. We require that the true conditional

mean µi ≡ µYi and model-implied conditional mean mi ≡ mYi exist and are finite for every

dwelling i. The same regularity is imposed on the second conditional moments, and we

write σ2
i := V(Yi | Xi = xi) and ς2i := V(Ai | Xi = xi).

The dwelling-specific conditional distributions of the transaction price are denoted by

Pi ≡ Pxi and Fi ≡ Fxi for the true and model-implied distributions, respectively. Thus,

µi = E[Yi] and mi = EFi [Yi]. In practice, Fi is estimated from a training sample, and

we write F̂i and m̂i := E
F̂i
[Yi] for the estimated counterparts. We define the true error

εi := Yi − µi, which has conditional mean zero and variance σ2
i by construction, and the

model-implied residual ei := Yi −mi.

The observed appraisal value is a realization of the random variable Ai, which, condi-

tional on the same characteristics Xi = xi as Yi, has true distribution Qi ≡ Qxi and model

distribution Gi ≡ Gxi with mean mAi
:= EGi [Ai]. Both variables are conditioned on the

same xi because Pi arises from the bids of buyers, and the appraiser’s task is to estimate

the mean price these bids would generate; the relevant characteristics are thus those on

which buyers base their bids.

Remark 1. The appraisal target µi is a scalar, or, represented as a random variable, a
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degenerate random variable with distribution δµi. The transaction price Yi differs from this

target by the deviation εi, which is idiosyncratic to the transaction given xi. The appraisal

Ai, by contrast, is a single-observation estimator of the target and need not be degenerate;

under an unbiased appraisal process, its distribution Qi is centered at µi, and an appraisal

that tracks the realized price imports the idiosyncratic deviation εi into its error ξi.

The properties of the appraisal process that we study can now be expressed in terms

of the appraisal error ξi := Ai − µi and the transaction-price error εi. Our main property,

independence from the realized transaction price, requires ξi ⊥ εi | Xi = xi, equivalently

Ai ⊥ Yi | Xi = xi. As a secondary property, an unbiased appraisal satisfies E[ξi] = 0,

which fails, for instance, when the appraisal departs from the price upward more often, or

by larger amounts, than downward. The two properties are distinct, since exact copying,

for instance, is unbiased yet fully dependent on the realized price.

Beyond providing the framework for these tests, the distinction between Pi and its

location µi also clarifies what a statistical valuation can offer beyond a single number.

An appraisal reduces the valuation to a point estimate of µi, whereas F̂i describes the

entire range of possible resale prices and their probabilities, in line with the broader shift

from point to distributional forecasting (Dawid 1984; Granger and Pesaran 2000; Garratt

et al. 2003), including its use in financial risk management. For a bank, the features

beyond location are directly relevant: the dispersion determines how likely a resale is to fall

short of the outstanding loan, and the lower tail determines how large that shortfall can

become, which Section 6 formalizes through the expected residual debt. Figure 1 illustrates

why location and dispersion both matter for this purpose. In Panel (a), the predictive

distribution is correctly centered but understates the dispersion of possible transaction

prices, thereby understating market uncertainty and the probability of more extreme resale

outcomes. In Panel (b), the dispersion is correctly captured but the predicted center is

displaced from the true expected market value, leading to a systematically mislocated
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valuation. A predictive distribution is therefore only a useful alternative if it is calibrated

in both respects, which we assess in Appendix A.3.

Figure 1: Illustrative misspecification of the predictive market-value distribution

µi = mi

y

σ2
i 6= τ 2

i

(a) Different variances

µi mi

y

σ2
i = τ 2

i

(b) Different means

Pi
Fi

NOTE: The true conditional distribution Pi is shown alongside a model-implied distribution Fi. In Panel
(a), the means coincide but the model-implied spread τi is smaller. In Panel (b), the spreads coincide but
the means differ.

3 Dependence

This section develops the two analyses of Hypothesis 1 announced in Section 1, and closes

with a secondary test of the difference between the unconditional means of Ai and Yi.

Section 3.1 quantifies the coupling between appraisal and transaction price by regression.

Section 3.2 relates the estimated slopes to the dependence structure of the pair (Ai, Yi).

Section 3.3 formulates a test for Hypothesis 1 that does not rely on a linear specification.

It constructs the distribution of the appraisal–price discrepancy under conditional indepen-

dence from the model-implied distributions Fi of Section 2, with mean mi and standard

deviation τi :=
√

VFi(Yi). Appendix A details their construction and evaluates their suit-

ability as substitutes for the unknown Pi by examining their calibration against realized

transaction prices.
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3.1 Regression

To quantify how strongly appraisals depend on transaction prices, we regress the deviation

of the appraisal from the predictive (conditional) mean on the corresponding deviation of

the transaction price. With m̂i the mean of the predictive distribution F̂i, we estimate

ai − m̂i = α+ β (yi − m̂i) + ζi, (1)

where centering both sides on m̂i removes the value component that Yi and Ai share through

the characteristics xi. The slope β measures the share of the price deviation that passes

into the appraisal. If the appraisal is formed independently of the realized transaction price

it is close to 0, whereas it equals 1 under exact copying. The intercept α measures the

average deviation of the appraisal from m̂i that the price does not explain.

As discussed in Section 1 (see also Section 4), appraisals and transaction prices are

reported in different denominations: 95.1% of appraisals are multiples of e 5,000, against

only 47.7% of transaction prices. An appraiser who copies the price may therefore report

it rounded and agree with it only up to that rounding. To account for this, we introduce

a rounding step κ ≥ 0 and the rounding operator [z]κ := κ round(z/κ) for κ > 0, which

rounds z to the nearest multiple of κ, with halfway cases rounded to the nearest even

multiple, and set [z]0 := z. A first approach brings both amounts to the same scale before

taking their difference, ∆̃i(κ) ≡ ∆̃(ai, yi;κ) := [ai]κ − [yi]κ. However, since our interest is

in the difference between the appraisal and the transaction price, we instead round this

difference directly, ∆i(κ) ≡ ∆(ai, yi;κ) := [ai − yi]κ, so that ∆(ai, yi;κ) = 0 if and only if

|ai−yi| ≤ κ/2. Neither form of rounding is stronger than the other, but the two never differ

by more than one step, |∆i(κ)− ∆̃i(κ)| ≤ κ. Appendix B proves this result and reports the

shares based on ∆̃i(κ) as a robustness check. We use the rounding operator in two ways to

examine what drives the estimate of β: the first asks whether β̂ depends on the difference
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in denominations, the second whether the dependence extends beyond appraisals that copy

the price.

First, we round both amounts to multiples of κ before centering them and estimate

[ai]κ − m̂i = α(κ) + β(κ)
(
[yi]κ − m̂i

)
+ ζi, (2)

where κ = 0 reproduces (1). This puts the appraisal and the price on the same scale, so that

an appraisal that copies the price up to rounding, [ai]κ = [yi]κ, is treated as an exact copy.

Both amounts are rounded in the same way and move by at most κ/2. If β̂(κ) remains

close to β̂(0), the estimated dependence does not arise from the different denominations in

which appraisals and prices are reported. Section 5.2 reports the estimates for κ ∈ {e 2,500,

e 5,000, e 10,000}.

Second, we estimate (1) on the dwellings with ∆i(κ) ̸= 0 only, that is, with |ai − yi| >

κ/2. This excludes the appraisals that equal the price up to rounding and shows whether

the dependence persists among appraisals that lie away from the price. For the exclusion,

we report the results for a fine grid of κ in Figure 8.

Since the centered regression (1) measures deviations in euros, expensive dwellings,

whose deviations tend to be larger in absolute terms, receive more weight in its estimates.

To verify that our results are not driven by these dwellings, we rescale both deviations

by the predictive spread τ̂i as a robustness check, which makes them comparable across

dwellings and yields

ai − m̂i

τ̂i
= α+ β

yi − m̂i

τ̂i
+ ζi, (3)

so that each deviation is measured relative to the market uncertainty for that dwelling. We

apply both checks to (3) as well, dividing the rounded deviations by τ̂i. All standard errors

are heteroskedasticity-robust.
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3.2 Dependence structure

The estimated slope summarizes the dependence between appraisal and transaction price in

a single number, but a single slope cannot distinguish between different forms of dependence,

such as exact copying of a fraction of prices and partial tracking of all of them. A copula

representation of the independence restriction formulated in Hypothesis 1 separates the

dependence structure from the two marginal distributions and thereby makes these forms

explicit.

Let Ji denote the conditional law of (Ai, Yi) given Xi = xi, with marginals Qi and Pi.

By the theorem of Sklar (1959), for almost every xi there exists a conditional copula Ci

such that

Ji(a, y) = Ci

(
Qi(a), Pi(y)

)
, for all (a, y) ∈ R2,

which is unique when the conditional marginals are continuous. See Patton (2009, 2012) for

reviews of copula models in financial and economic applications. Conditional independence,

Ji = Qi ⊗ Pi, where ⊗ denotes the product measure, corresponds to Ci(u, v) = uv and is

thus a restriction on the dependence structure and not on either marginal. In particular,

this means that an appraiser may be correctly centered on average while still tracking the

particular transaction-price realization too closely.

Standardizing Ai and Yi by the conditional mean and standard deviation of Yi, one

obtains ZA
i := Ai−µi

σi
= ξi

σi
and ZY

i := Yi−µi

σi
= εi

σi
. Conditional on Xi = xi these are affine

transformations of Ai and Yi, so they preserve the conditional copula.

Figure 2 illustrates the dependence between the two variables through ZA
i and ZY

i .

These variables are the infeasible counterparts of the dependent and independent variable

in (3), respectively. The diagonal line in the left panel is the special case ZA = ZY , in

which the appraisal reproduces the dwelling’s realized deviation from µi; in the infeasible

version of (3) it corresponds to α = 0, β = 1 and ζi = 0, whereas β = 1 alone is also
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Figure 2: Copula dependence structures
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NOTE: Conditional dependence structures for the standardized error pair (ZA, ZY ). The left panel depicts
perfect positive dependence, illustrated by the special case ZA = ZY a.s., the middle panel illustrates
conditional independence and the right panel contains positive coupling combined with upward displacement,
the pattern predicted when appraisals anchor on the realized transaction price and tend to depart from it
upward.

compatible with independent noise around the line. The case is an instance of perfect

positive dependence, the copula Ci(u, v) = min(u, v), which more generally describes any

appraisal that is a strictly increasing function of the price, such as the constant markup

Ai = Yi + γ of Section 3.3. The middle panel shows conditional independence, under

which the conditional joint distribution factorizes. The right panel shows an intermediate

structure, where concentration around the 45◦ line represents transaction-price anchoring:

the appraisal follows the realized price more closely than conditional independence permits.

A systematic shift above that line, so that ZA
i − ZY

i = (Ai − Yi)/σi is positive on average,

represents directional displacement, which the intercept α picks up.

The slopes in the regressions of Section 3.1 are informative about the dependence struc-

ture, but cannot fully characterize it, since they impose a linear relation. The randomization

test of Section 3.3 does not rely on this restriction: it compares the observed appraisal–price

agreement with the agreement generated under Ci(u, v) = uv itself.
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3.3 The coupling statistic

Appraisal independence is formalized by the following hypothesis.

Hypothesis 1. Conditional on the characteristics X of the dwelling, the appraisal A is

independent of the transaction price Y . More specifically, we test

H0 : A ⊥ Y | X vs. H1 : A ̸⊥ Y | X.

Under the null of Hypothesis 1, the conditional joint law Ji is the product of its

marginals, Ji = Qi⊗Pi, so that the appraisal carries no information about the realized price

beyond what the characteristics already contain. The observable content of Hypothesis 1

is that conditioning on the appraisal leaves the conditional law of the price unchanged,

Yi | (Ai = ai, Xi = xi)
H0∼ Pi, (4)

where Pi is the law of Yi given Xi = xi alone. Since Pi is unknown, we implement (4)

with the predictive distribution F̂i, and refer to the result as the working null. We test

it with a Monte Carlo test in the sense of Barnard (1963) and Hope (1968), in which the

observed value of a statistic is ranked within a reference set of values simulated under the

null. Hypothesis 1 leaves the law Qi of the appraisal unrestricted, but conditioning on the

observed appraisals and characteristics removes Qi, because under Hypothesis 1 the price

then has law Pi whatever Qi is. Since F̂i is estimated on a separate training sample, it is,

conditional on that sample, a known distribution, so that with F̂i in place of Pi the working

null fully specifies the distribution to simulate from. This is the situation in which such a

test is exact, as observed by Barnard (1963) and formalized by Hope (1968). The reference

set is generated by holding each ai fixed and drawing a new price from F̂i for every dwelling,

so that prices are formed independently of the appraisals without any assumption on how
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the latter are formed. The draws use inverse-transform sampling; Appendix A.2 gives the

details.

Anchoring appears as an unusually small difference between Ai and Yi. This discrepancy

is standardized because τ̂i varies substantially across dwellings, so that the same absolute

difference is stronger evidence of anchoring when the conditional price distribution is wide,

since agreement is then less likely to arise by chance. This gives

SA =
1

n

n∑

i=1

(ai − Yi)
2

τ̂2i
,

with small values as evidence against Hypothesis 1 in the direction predicted by transaction-

price anchoring.

Under the working null, the terms of SA are independent but not identically distributed,

since each depends on the observed appraisal ai and on the shape of F̂i. The distribution

of SA is therefore not available in closed form and is obtained by simulation, which also

preserves the exactness of the test. For replication b ∈ {1, . . . , B}, we draw Y
(b)
i ∼ F̂i

independently across dwellings, keep every appraisal at its observed value, and compute

S
(b)
A =

1

n

n∑

i=1

(
ai − Y

(b)
i

)2

τ̂2i
.

Under the working null Yi and Y
(b)
i have the same conditional distribution for every dwelling,

with ai, xi and τi fixed, so Sobs
A , S

(1)
A , . . . , S

(B)
A are exchangeable and the rank of Sobs

A among

them is uniform on {1, . . . , B+1} (Besag and Clifford 1989). Since the alternative predicts

small values, the lower-tail Monte Carlo p-value is

pMC =
1 +

∑B
b=1 1{S

(b)
A ≤ Sobs

A }
B + 1

,

with 1{·} the indicator function. Let G denote the σ-algebra generated by (Ai, Xi)
n
i=1 and
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the training sample, and let P0 denote the law under which, conditional on G, the prices

are independent with Yi ∼ F̂i. Then P0(pMC ≤ α | G) ≤ α for every α ∈ (0, 1), without any

distributional assumption on SA (Hope 1968).

Validity under the null of Hypothesis 1 itself depends on how well the F̂i approximate

the Pi. Predictive distributions that are systematically too wide, for instance, would make

the simulated values S
(b)
A large relative to Sobs

A , and so produce evidence of anchoring

for reasons unrelated to the appraiser. Appendix A.3 examines this through the price-

calibration statistic SP .

The test rejects for small SA and is not omnibus against Hypothesis 1: as in Hope (1968),

the statistic is chosen to measure a specific departure from the null, and the direction of

rejection follows from the alternative. Consider an appraiser who systematically copies the

transaction price and adds a constant markup γ ∈ R, so that Ai = Yi+γ. Then ξi = εi+γ,

implying perfect dependence between the two errors. Nevertheless, SA = n−1
∑n

i=1 γ
2/τ̂2i ,

which need not be small when γ is large relative to the typical predictive spread. The test

is therefore specifically powered against transaction-price anchoring: a small SA is evidence

against independence in that direction, whereas a large value does not constitute evidence

that independence holds.

3.4 Implied lower bound

The simulation calibrates SA against the observed appraisals, but the statistic also has a

fixed reference point. Under Hypothesis 1 the cross term in the conditional second moment

of the appraisal-price difference, ∆i := Ai − Yi = ξi − εi, vanishes, leaving

E
[
∆2

i

]
= E

[
ξ2i
]
+ σ2

i ≥ σ2
i , (5)
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so that E[SA] ≥ 1 when τ̂i = σi. An appraiser who locates µi exactly still faces the market

variation εi, and any appraisal error adds to the discrepancy.

The randomization distribution sits above this reference, because it conditions on the

observed appraisals. Define the product measure F̂ (n) :=
⊗n

i=1 F̂i. Each simulated price is

drawn from F̂i, which has mean m̂i and variance τ̂2i , so

E
F̂ (n)

[
S
(b)
A

]
= 1 +

1

n

n∑

i=1

(ai − m̂i)
2

τ̂2i
, (6)

which equals one only if every appraisal coincides with the center of its predictive distribu-

tion. Neither reference assumes an unbiased appraiser. In Equation (6) displacement raises

the benchmark rather than Sobs
A , and Appendix D shows the same for Equation (5).

3.5 Direction

Besides independence, we examine the direction of appraisal errors, formulated through the

following hypothesis.

Hypothesis 2. On average, the appraisal A equals the expected market value µ of the

dwelling. Otherwise, the appraisals bear a positive bias. In mathematical terms, we test

H0 : E[A− µ] = 0 vs. H1 : E[A− µ] > 0.

This hypothesis concerns E[ξi], with ξi = Ai − µi, which is unobserved because µi is

unobserved. The appraisal–price difference ∆i = Ai − Yi replaces the unobserved center

by the realized price and is observed. Since ∆i = ξi − εi and E[εi] = 0 by construction,

linearity gives E[∆i] = E[ξi], so the two have the same mean. Taking expectations over Xi

therefore makes Hypothesis 2 equivalent to

H0 : E[∆i] = 0 vs. H1 : E[∆i] > 0,
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which no longer involves the predictive model. Inference uses ∆̄ = n−1
∑n

i=1∆i and the t

statistic ∆̄/(s∆/
√
n), with s∆ the sample standard deviation of the differences. Confidence

intervals follow from resampling dwellings with replacement.

4 Data

Through Viisi, an independent Dutch mortgage advisory firm, we obtained 800 appraisal

reports covering the period from December 2025 to August 2026. The sample is therefore

a snapshot of the housing market in which each dwelling enters once, at the time of its

transaction, which complements time-series studies such as Bolt et al. (2019), who identify

long-lasting temporary deviations of Dutch and other house prices from a rent-based fun-

damental value. Such reports are typically validated by the Nederlands Woning Waarde

Instituut (NWWI), which does not itself judge the appraised market value, but investigates

the difference when a second report on the same dwelling with a substantially different value

is submitted within a short period (Nederlands Woning Waarde Instituut 2024). These safe-

guards apply to the report once it is submitted, and do not exclude consultation with the

parties to the transaction beforehand.

We matched each appraisal report to the corresponding transaction and dwelling in-

formation required for our analysis. We then excluded 106 dwellings, either because a

characteristic required by the predictive model was missing, so that the predictive distri-

bution would rely on a default value, or because the dwelling falls outside the model’s

training and application domain. The final sample contains n = 694 dwellings, for which

we construct dwelling-specific predictive price distributions using the latest version of the

prediction model by SlimBieden. This model constructs a predictive distribution from char-

acteristics of the dwelling and macroeconomic variables. Importantly, these inputs contain

only information available before the transaction of the dwelling took place, so that neither
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the transaction price nor the appraisal enters the prediction. The predictive distribution is

therefore formed without reference to either quantity.

A potential concern is selection into completed transactions. De Nederlandsche Bank

(2019, p. 20) notes that, although quantitative evidence is unavailable, lenders and real

estate agents report that transactions are rarely terminated because of a low appraisal,

and therefore judges the resulting selection effect unlikely to materially affect its findings.

Mortgage advisers at Viisi independently expressed the same view for our setting. We

therefore likewise expect such selection effects to play only a limited role.

4.1 Summary statistics

Table 1 reports summary statistics for the final sample. These statistics are pooled over all

dwellings and thereby averaged over the characteristics X. The median transaction price

and the median appraisal coincide at e 550,000, while the mean of the appraisal is slightly

larger. Furthermore the table reports the standard deviation and some quantiles of the

appraisals and transaction price.

Table 1: Appraisals and transaction prices

Mean SD Min 5% 25% 50% 75% 95% Max

Appraisal 609.7 220.6 305.0 354.3 460.0 550.0 700.0 1,076.8 1,550.0
Price 607.8 219.7 300.0 353.0 460.0 550.0 697.5 1,071.1 1,500.0

NOTE: Summary statistics of the appraisals ai and transaction prices yi of the n = 694 dwellings, in
thousands of euros. SD is the sample standard deviation and the quantiles are empirical quantiles.

Conditional on the characteristicsXi = xi of each dwelling, the predictive distribution F̂i

provides an estimate of the conditional price distribution Pi. Figure 3 shows six examples

of these distribution functions after centering by m̂i, together with the average of each

centered quantile over all 694 dwellings.
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Figure 3: Example of distribution functions
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NOTE: The centered distribution functions of six dwellings in the data set as gray lines accompanied with
the average centered distribution function in a solid line; the horizontal axis shows yi − m̂i in thousands of
euros.

4.2 Appraisal–price differences

Appraisals exceed the transaction price more often than they fall below it, 43.8% against

34.9% of dwellings, and coincide with it exactly for 21.3%. Exact agreement understates how

often the appraisal follows the price, however, because appraisals and prices are reported

in different monetary denominations: 95.1% of appraisals are multiples of e 5,000, against

47.7% of transaction prices (Table 2). An appraiser who adopts the price but reports it as

a round amount therefore produces an appraisal that differs from the price by up to half a

step, even though it is set relative to the price.

To compare appraisals and prices in a common denomination, Table 2 uses the rounded

difference ∆i(κ) = [ai − yi]κ of Section 3.1. It equals zero if and only if |ai − yi| ≤ κ/2, and

equals ±κ when the appraisal lies roughly one step of κ above or below the price.

With κ = e 5,000, the denomination of nearly all appraisals, the appraisal equals the

price up to rounding for 41.5% of dwellings, almost twice the share of exact copies. This

agreement is not symmetric: 14.8% of appraisals lie one step above the price, against 9.1%

one step below it. The same asymmetry appears for the other values of κ; Figure 6 in
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Table 2: Agreement between appraisals and transaction prices under rounding

κ = e 2,500 κ = e 5,000 κ = e 10,000

Appraisal ai is a multiple of κ 97.1% 95.1% 53.3%
Price yi is a multiple of κ 52.3% 47.7% 25.5%

∆i(κ) = 0 31.1% 41.5% 60.8%
0 ≤ ∆i(κ) ≤ κ 40.6% 56.3% 71.0%
−κ ≤ ∆i(κ) ≤ 0 38.2% 50.6% 69.0%

NOTE: Shares of all n = 694 dwellings. Amounts are rounded to the euro, and an amount is a multiple of
κ when it equals jκ for an integer j. ∆i(κ) = [ai − yi]κ is defined in Section 3.1; ∆i(κ) = 0 if and only if
|ai−yi| ≤ κ/2. The last two rows count the appraisals that equal the price up to rounding or lie one step of κ
above, respectively below, it, where one step above corresponds to κ/2 < ai−yi < 3κ/2. Without rounding,
ai = yi for 21.3% of dwellings. Appendix B reports the corresponding shares for ∆̃i(κ) = [ai]κ − [yi]κ.

Appendix B reports these statistics, alongside those using ∆̃i(κ), for more thresholds κ and

two steps of κ above or below the price. We take as reference denomination the largest κ

of which nearly all appraisals are multiples, which is κ = e 5,000; for κ = e 10,000, this

share drops to 53.3%.

Table 3: Appraisal–price differences at κ = e 5,000

Panel A: Copies of the transaction price Count Percentage

Exact copy, given yi is a multiple (n = 331) 145 43.8%
Exact copy, given yi is not a multiple (n = 363) 3 0.8%
Rounded copy, given yi is not a multiple (n = 363) 131 36.1%

Panel B: Departures by a multiple of e5,000 Count Percentage

Above the price (n = 174) 120 69.0%
Below the price (n = 174) 54 31.0%

Panel C: Contribution to the mean of ai − yi Count Contribution

Departure by a multiple of e5,000 174 e1,996
Other departure 372 −e90
All dwellings 694 e1,906

NOTE: The sample contains n = 694 dwellings, and amounts are rounded to the euro. An exact copy has
ai = yi. A rounded copy has ai = [yi]5,000 for a price yi that is not a multiple of e5,000. A departure is a
multiple of e5,000 when ai − yi = k× e5,000 for an integer k ̸= 0; Figure 7 shows these departures by step
size. Percentages are shares of the subgroup of size n stated in the row. The contribution is n−1 ∑

i(ai−yi)
over the respective group, with n = 694, so that the contributions add up to the mean difference; exact
copies contribute nothing.

Table 3 looks more closely at the reference denomination κ = e 5,000. Exact copies are

almost entirely confined to prices that are themselves multiples of e 5,000: they occur for
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43.8% of these prices, against 0.8% of the other prices (Panel A). For 36.1% of these other

prices, the appraisal instead equals the price rounded to the nearest multiple of e 5,000.

Since nearly all appraisals are multiples of e 5,000, departures from the price are often

a multiple of e 5,000 as well, and these lie above the price in 69.0% of cases (Panel B), at

each step size (Figure 7 in Appendix B). The other departures are evenly split: 49.5% have

an appraisal above the transaction price. Figure 4 groups all differences by ∆i(5,000) and

shows that the upward asymmetry persists once appraisals and prices are compared on the

same denomination, so that it is not confined to departures by exact round amounts.

The departures by multiples of e 5,000 account for more than the entire mean appraisal–

price difference of e 1,906, while the other departures contribute slightly negatively (Panel

C). On average, appraisals thus lie close to the transaction price, as an unbiased estimate

of the market value would, but these patterns suggest that this agreement arises at least

partly from copying the transaction price, which would violate the null of Hypothesis 1.

These groupings are descriptive and were defined after inspection of the data; formal tests

of independence and bias are presented in Section 5.

Figure 4: Appraisal–price differences, grouped by ∆i(5,000)
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NOTE: Number of dwellings by the rounded difference ∆i(5,000) = [ai − yi]5,000, so that the middle bin
covers |ai−yi| ≤ e 2,500; it consists almost entirely of exact and rounded copies. Not shown are 2 dwellings
with ai−yi < −52,500 and 6 with ai−yi > 52,500. The horizontal axis is in thousands of euros; percentages
are shares of all 694 dwellings.
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4.3 Comparison with earlier findings

Table 4 places the shares in Panel A of Table 3 alongside the figures of De Nederland-

sche Bank (2019), Nederlands Register Vastgoed Taxateurs (2026) and Minister voor Volk-

shuisvesting en Ruimtelijke Ordening (2025) discussed in Section 1. Our shares of 43.8%

above, 21.3% equal to and 34.9% below the transaction price are close to both the NRVT

figures for 2019–2025 and the NHG figures for 2021 to mid-2025. Relative to the period

studied by DNB, this suggests an improvement, but the same pattern persists: appraisals

remain more likely to lie above than below the transaction price, and approximately one in

five coincide with it exactly.

These comparisons are descriptive, in that they document how often appraisals agree

with transaction prices, but they do not by themselves provide a statistical test of whether

appraisals are formed independently of those prices. Whether a given degree of agreement is

unusual depends on the dispersion of possible transaction prices for the dwelling: agreement

that is unremarkable when the conditional price distribution is narrow is unlikely when it is

wide. None of the earlier studies accounts for this dispersion or formally tests independence;

the Monte Carlo test of Section 3 does both, and Section 5 reports its outcome.

Table 4: Comparison with DNB, NRVT and NHG

Period Above price Exact match Below price

DNB 2012–2017 ca. 60% ca. 33% ca. 8%
NRVT 2019–2025 42.8% 21.6% 35.6%
NHG 2021–mid-2025 46% 19% 30%
This paper Dec 2025–Aug 2026 43.8% 21.3% 34.9%

NOTE: Shares of appraisals above, equal to and below the transaction price. DNB figures are from De
Nederlandsche Bank (2019, p. 16), who report them as approximate: nearly 60% above, one third equal
and less than 8% below the transaction price. NRVT figures are averages over 1,064,141 appraisals from
Nederlands Register Vastgoed Taxateurs (2026, Table 3.1); for 2025 alone they are 44.3%, 17.0% and 38.7%.
NHG figures are from Minister voor Volkshuisvesting en Ruimtelijke Ordening (2025); their reported shares
add up to 95% with no mention of what the remaining 5% consists of.
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5 Results

This section reports the results of the analyses of Section 3. Section 5.1 reports the outcome

of the Monte Carlo test of Hypothesis 1 developed in Section 3.3, and Section 5.2 presents

the regression estimates of Section 3.1 across rounding levels κ. Section 5.3 then reports

the model diagnostics that support the use of the predictive distributions F̂i in place of Pi,

together with the results for the test of Hypothesis 2.

5.1 Test of appraisal independence

The descriptive patterns in Section 4.2 suggest that appraisals depend on transaction prices,

and the Monte Carlo test establishes this formally. The observed statistic is Sobs
A = 0.2535,

with a bootstrap 95% confidence interval of (0.2049, 0.3076), and the Monte Carlo p-value

is 0.00001. Hypothesis 1 is therefore rejected: appraisals and transaction prices are not

independently formed. Given the descriptive patterns, the strength of this rejection is not

surprising. The test, however, also applies where such patterns are less pronounced, and

can thus establish whether a future reform of the appraisal system restores independence.

The size of the departure is clear against both references of Section 3.4. First, inde-

pendence implies E[SA] ≥ 1 by (5), whatever the accuracy of the appraiser, and the entire

bootstrap interval lies below this value. Second, the randomization distribution has mean

1.8656 and a central 95% range of (1.7074, 2.0273), so that the observed statistic is ap-

proximately 14% of its benchmark. This benchmark exceeds one by the average squared

displacement of the appraisals from the predictive centers in (6), and thus reflects the ob-

served appraisals rather than a hypothetical appraiser who reports µi exactly. Against

either reference, realized transaction prices lie far closer to their appraisals than indepen-

dently formed prices would.

The rejection cannot be attributed to displacement of the appraisals from the predictive

centers. The randomization conditions on the observed ai, so that any displacement is
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held fixed across replications while only the transaction price is redrawn from F̂i, and

Appendix D shows that displacement can only raise, never lower, the population bound.

The 148 exact matches (21.3%) are consistent with this conclusion: under a continuous

conditional price distribution, exact agreement between an independently formed appraisal

and the realized price has probability zero.

5.2 Anchoring regressions

The Monte Carlo test establishes that appraisals depend on transaction prices, but not how

strongly. Table 5 reports the estimates of regressions (1) and (2), which quantify this de-

pendence, alongside the estimates for the exclusion regression described in Section 3.1. On

all 694 dwellings, the slope is β̂ = 0.802 (0.023): appraisals pass on roughly four fifths of the

deviation of the realized price from the predictive center, far more than independent forma-

tion allows, yet less than exact copying would imply (Panel A). Rounding both amounts to

a common denomination before estimation leaves this estimate essentially unchanged: for

κ = e 5,000, the share of dwellings whose rounded appraisal equals the rounded price rises

from 21.3% to 39.9%, while the slope remains 0.803 (0.023) (Panel B). The dependence

thus does not arise from the different denominations in which appraisals and prices are

reported.

Excluding appraisals that equal the price lowers the slope, but does not remove it

(Panel C). Without the 148 exact copies, β̂ = 0.763 (0.027), and without all appraisals that

equal the price up to rounding, |ai − yi| ≤ e 2,500, it is 0.726 (0.031). The slope declines

further as the excluded range widens, since the excluded appraisals are those closest to the

diagonal (Figure 8 in Appendix C). However, β̂ remains significantly positive throughout,

also for the 62 dwellings whose appraisal lies more than e 25,000 from the price, with

β̂ = 0.423 (0.108). The dependence on the transaction price is therefore not confined to

appraisers who copy it: appraisals that differ from the price still move with it. A deviation
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Table 5: Anchoring regression

n α̂ β̂ pβ=1 R2

Panel A: Centered regression, (1)

All dwellings 694 814 (538) 0.802 (0.023) < 0.001 0.778

Panel B: κ-rounding, (2)

κ = e 2,500 694 870 (538) 0.803 (0.023) < 0.001 0.779
κ = e 5,000 694 970 (540) 0.803 (0.023) < 0.001 0.778
κ = e 10,000 694 829 (555) 0.795 (0.024) < 0.001 0.764

Panel C: κ-exclusion, ∆i(κ) ̸= 0

Exact copies, ai = yi 546 1,388 (659) 0.763 (0.027) < 0.001 0.739
κ = e 2,500 478 1,670 (745) 0.748 (0.029) < 0.001 0.722
κ = e 5,000 406 2,034 (863) 0.726 (0.031) < 0.001 0.699
κ = e 10,000 272 2,062 (1,214) 0.621 (0.041) < 0.001 0.587

NOTE: Heteroskedasticity-robust (HC1) standard errors in parentheses; α̂ is in euros. Panel A estimates
(1) on all dwellings. Panel B estimates (2) on all dwellings, with both amounts rounded to multiples of κ
before centering. Panel C estimates (1) on the dwellings with ∆i(κ) ̸= 0, that is, |ai − yi| > κ/2; its first
row excludes the exact copies only. pβ=1 is the two-sided p-value of the t test of β = 1; β = 0 is rejected
with p < 0.001 in every row. Appendix C reports the rescaled specification (3) and the exclusion for a fine
grid of κ (Figure 8).

from the price thus need not reflect an independent valuation, and screening for appraisals

equal or close to the price would miss part of the dependence. The rescaled specification

(3) leads to the same conclusions, with a full-sample slope of 0.790 (0.020), although its

slope declines more steeply along the exclusion path (Appendix C).

The intercept is positive throughout but small, on the full sample α̂ = e 814 (538), and

rounding leaves it of similar size. Once appraisals close to the price are excluded, it rises

to about e 2,000 for κ from e 5,000. Appraisals that depart from the price thus tend to

lie above the predictive center beyond what the price explains, consistent with the upward

displacement examined in Section 5.3.

5.3 Model validity and direction

Conditional on the predictive distributions F̂i, the Monte Carlo p-value is exact. However,

inference for Hypothesis 1 itself requires that these distributions adequately approximate

the conditional price distributions Pi. We therefore assess their calibration in both location
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and dispersion. Neither diagnostic provides evidence of material miscalibration, so that

the small value of SA cannot be attributed to predictive distributions that are too wide.

Appendix A.3 reports the full calibration analysis, and Appendix A.5 compares the point-

prediction accuracy of the model with the statutory accuracy thresholds for model-based

residential valuations (Minister van Financiën 2026b).

The appraisal–price differences are also systematically positive. The mean difference is

e 1,906, with a bootstrap 95% confidence interval of (e 779,e 3,040), and the one-sided t

test of Hypothesis 2 yields t = 3.31 and p = 0.0005, rejecting a zero mean difference in

favor of upward displacement.

6 Collateral risk implications

Because the appraisal determines the maximum loan, the coupling documented in Section 5

directly affects the risk borne by borrower and lender. An appraisal that copies the trans-

action price no longer ties the loan to the value the dwelling can be expected to fetch on

resale. When the price paid exceeds that value, the loan may exceed the expected resale

value from the day of purchase, leaving the borrower with negative equity that the appraisal

does not reveal. This risk materializes upon resale after a default. If the dwelling sells for

Ynew, the lender recovers at most the outstanding loan L, and any surplus accrues to the

borrower. A shortfall (L − Ynew)
+, with z+ := max{0, z}, remains owed by the borrower,

since Dutch mortgages carry full recourse. The borrower thus loses the dwelling and still

carries a residual debt. This debt becomes a loss for the lender to the extent that the

borrower cannot repay it, which is likely because a default typically stems from an inability

to pay (Gerardi et al. 2018). Given a default, the expected residual debt E[(L − Ynew)
+]

therefore measures the risk that the loan places on borrower and lender together. We show

that an appraisal coupled to the transaction price raises this risk, first for a single loan
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in Example 2 and then under general conditions in Propositions 1 and 2, which compare

valuations that copy the price with one that targets the expected resale value.

Example 2. Returning to Example 1, suppose Laila borrows the full purchase price, so that

the loan is Lobs = e 721,000. Relative to the appraisal of a = e 725,000, the loan-to-value

ratio is 99.4%, but relative to the expected market value of e 663,000 it is 108.7%. If she

defaults and the dwelling is resold at its expected value, a residual debt of e 58,000 remains,

before any costs of a forced sale.

For illustration, let the conditional price distribution Pi of her dwelling be normal with

mean µi = e 663,000 and standard deviation σi = e 45,000. A resale then falls short of

the loan with a probability of approximately 90%, and the expected residual debt is E[(L −

Ynew)
+] ≈ e 60,100. Had the appraisal equaled the expected market value of e 663,000, Laila

would have had to finance the remaining e 58,000 from her own savings; the probability

of a shortfall would then have been 50%, with an expected residual debt of approximately

e 18,000.

To the extent that the appraisal follows the agreed price, a bid above the expected value

tends to validate itself: the price supports the appraisal, the appraisal supports the loan,

and the loan finances the price. Where the buyer borrows up to the appraisal, the part of

the price paid above the expected value is then financed by the loan rather than from the

buyer’s own savings, and the resulting risk is borne by borrower and lender together upon

resale.

To analyze this mechanism more generally, we consider a loan determined by a valu-

ation µ̂ of the dwelling, an estimate of its expected resale value µY . Dutch rules permit

this valuation to be established through the purchase price itself, an appraisal or, under

conditions, a statistical model (Minister van Financiën 2026a, art. 115, lid 6), and cap the

mortgage at it (Minister van Financiën 2026b, art. 5, lid 1). A lender therefore extends a
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loan L = ℓµ̂ with ℓ ≤ 1, intending ℓ to describe the loan relative to µY .

We compare three choices of µ̂, which mirror these valuation bases, by the expected

residual debt they imply. The first is exact copying, µ̂1 = Yold, which corresponds to

valuing the dwelling at its purchase price; as noted in Section 1, it is unbiased for µY . The

second is noisy copying, µ̂2 = Yold + η, with E[η | Yold] = 0 and (Yold, η) independent of the

resale price Ynew; it describes an appraisal that starts from the agreed price and departs

from it for reasons unrelated to that price, such as adjustments in steps of e 5,000 that are

equally likely in either direction. The third reports the mean of the predictive distribution,

µ̂3 = m̂Y , which is formed from the characteristics alone and, for a model calibrated at the

first moment, satisfies mY ≈ µY .

Proposition 1. Let Yold and Ynew be independent with distribution function P and finite

mean µY , and let ℓ > 0 be the loan-to-value ratio. Let η be integrable with E[η | Yold] = 0

and (Yold, η) independent of Ynew. Then the strategies µ̂1 = Yold and µ̂2 = Yold + η satisfy

E
[
(ℓµY − Ynew)

+
]
≤ E

[
(ℓµ̂1 − Ynew)

+
]
≤ E

[
(ℓµ̂2 − Ynew)

+
]
.

Proposition 1 shows that copying the transaction price raises the expected residual

debt above the level attained by a valuation at µY , which the model mean µ̂3 targets,

even though the copied price is unbiased for µY , and that noisy copying raises it further.

Proposition 2 shows that any appraisal displaced upward on average, whether copied or

not, likewise exceeds this level.

Proposition 2. Let Ynew have distribution function P with finite mean µY , let ℓ > 0 be the

loan-to-value ratio, and let A be an integrable appraisal independent of Ynew. If E[A] ≥ µY ,

then

E
[
(ℓµY − Ynew)

+
]
≤ E

[
(ℓA− Ynew)

+
]
.
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The effect stems from the precision of the valuation as an estimator of µY . A copied

price is unbiased, but as a single draw from P it disperses around µY as widely as the

market itself, and the convexity of the residual debt turns this dispersion into a larger

expected loss. The predictive mean mY draws on the many transactions on which the

model is estimated, so that it disperses far less around µY and, for instance when both

valuations are normally distributed, leaves a smaller expected loss; Appendix E.4 illustrates

the difference in dispersion for a linear model.

Through the reported loan-to-value ratio, the coupling thus gives each mortgage a risk

label that describes its collateral more favorably, on balance, than the collateral supports.

Even symmetric coupling, without any bias, has asymmetric consequences upon default,

since a loan that exceeds the resale price leaves a residual debt, while a loan that falls below

it leaves a surplus that accrues to the borrower and does not offset shortfalls elsewhere. In

a rising housing market these consequences are largely hidden, because appreciation covers

the gap before a default occurs. Recent reports, however, point to a cooling of the Dutch

housing market, led by Amsterdam (ABN AMRO 2026), which makes the findings more

pressing. Labels that overstate the quality of the collateral are reminiscent of the run-

up to the financial crisis of 2007–2008, when mortgages were treated as safe because the

figures on which their risk was assessed described the underlying collateral more favorably

than it warranted. Although the risks in the current market may be of a different scale,

the underlying mechanism is similar: confidence in the collateral rests on a figure less

independent than its role assumes.

6.1 Time effects

The size of the expected residual debt depends on the distribution of the market value of

the dwelling at the time of default. If a dwelling is bought and a loan is taken out at time

t0, its market value has distribution P
(t0)
i . Denote the time of default by t1 ≥ t0 and the
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corresponding distribution of the market value of the dwelling by P
(t1)
i .

If default occurs at t1 > t0, the two distributions need not be equal, that is, P
(t0)
i ̸=

P
(t1)
i . In a growing housing market, a plausible scenario is an increase in the center of

the distribution, so that the value of the dwelling increases on average. Together with

the repayment of the loan, this reduces the expected residual debt of the borrower. If the

housing market cools, this scenario could just as well be reversed: the dwelling is expected

to fetch less on resale, and the expected residual debt increases. ABN AMRO (2026) expects

price growth to slow from 3.8% in 2026 to 2.5% in 2027. Such a cooling need not stop at

slower growth, since Dutch house prices can deviate from their fundamental value for long

periods (Bolt et al. 2019), so that a period of rising prices can be followed by a sustained

correction. Between August 2008 and mid-2013, prices of existing owner-occupied dwellings

fell by 21.4% (Langenberg and Jonkers 2022).

Example 3. Returning to Example 2, suppose Laila defaults after h years. Let the market

value of her dwelling then be normal with standard deviation σ = e 45,000 and mean

µh = (1 + g)hµ, where µ = e 663,000 and g is a constant annual change in market value,

and let her loan of e 721,000 be repaid as a 30-year annuity at 4%, leaving an outstanding

balance Lh (Appendix E.3). We consider a rising market with g = 3%, in line with ABN

AMRO (2026), and a declining market with g = −3%, which over five years amounts to a

decline of approximately 14%, milder than the 21.4% between 2008 and 2013 (Langenberg

and Jonkers 2022).

Figure 5 shows the market value at origination and after five years. At origination, a

resale falls short of her loan with probability 0.90. If prices rise, the market absorbs her

overbid, and after five years this probability has fallen to 0.005. If prices fall, it has risen to

0.97: despite five years of repayment, she is at more risk than on the day of purchase. Had

the appraisal been e 663,000, her loan would have started at the center of the distribution

rather than in its tail, with a shortfall probability of 0.50 at origination and 0.74 after five
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years of decline.

Figure 5: Market value of the dwelling and outstanding loan over time

400 500 600 700 800 900

Market value y (× 1,000 euros)

L0

90.1%
L5

0.5%

(a) rising market, g= 3%

h= 0

h= 5

400 500 600 700 800 900

Market value y (× 1,000 euros)

L0

90.1%
L5

96.6%

(b) declining market, g=−3%

NOTE: Distribution P
(t0+h)
i of the market value of the dwelling in Example 2 at origination (h = 0) and

after five years (h = 5), when the market value changes by g per year, with mean e 663,000 at origination
and standard deviation e 45,000. Dotted lines show Laila’s outstanding loan Lh on a loan of e 721,000,
repaid as a 30-year annuity at 4%. The percentages give P

(t0+h)
i (Y < Lh), the probability that a resale h

years after origination leaves residual debt. The scenarios are illustrative.

The example shows that the consequences of a coupled appraisal depend on the market

that follows. A rising market absorbs an overbid: within a few years the loan falls below

the expected market value, and the excess risk disappears without borrower or lender

having noticed it. A declining market does the opposite and adds to the shortfall that the

overbid created at origination. Since a loan that followed an overbid starts in the tail of

the distribution rather than at its center, it has no margin to absorb a decline, and even a

moderate fall in prices makes a resale short of the loan nearly certain. The risk of a coupled

appraisal thus materializes precisely when house prices fall, which is when borrowers who

can no longer pay cannot sell their way out of the loan and defaults rise (Mayer et al. 2009).

7 Conclusion

An appraisal is meant to provide an independent estimate of a dwelling’s market value,

rather than reproduce a transaction price that is only one realization of it. Yet all parties

to a mortgage transaction benefit from an appraisal that allows the purchase to proceed, so
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that the appraisal tends to be anchored to the agreed price, including its idiosyncratic part,

which carries no information about the expected price if the dwelling were resold almost

immediately.

Using 694 Dutch residential transactions and dwelling-specific predictive price distribu-

tions, we find overwhelming evidence against independence: the Monte Carlo test rejects

Hypothesis 1 with a p-value far below 0.01, and appraisals pass on roughly four fifths of

the deviation of the realized price from the predictive center. Where earlier findings by De

Nederlandsche Bank (2019) and Minister voor Volkshuisvesting en Ruimtelijke Ordening

(2025) documented descriptive patterns consistent with this concern, our test establishes

formally that the appraisal process fails the independence requirement it is intended to

satisfy. Exact copies moreover understate the agreement, since appraisals and transaction

prices are found to be reported in different monetary denominations: 95.1% of appraisals

are multiples of e 5,000, against 47.7% of transaction prices. Once the difference is rounded

to this denomination, the share of appraisals that equal the price rises from 21.3% to 41.5%.

A coupled appraisal raises the collateral risk for both borrower and lender. We prove

that a valuation that copies the transaction price raises the expected residual debt upon

default relative to a valuation at the expected market value, even though the copied price

is an unbiased estimator of that value, so that borrowers and lenders are exposed to more

risk than the reported loan-to-value ratios suggest. In a rising market this excess risk

can remain largely hidden, but a cooling market, as recently reported for the Netherlands,

would increase it further.

The current appraisal system therefore appears not to have withstood the incentives

built into the transaction process. Strengthening appraiser independence is an obvious

response, but may be difficult when appraisers work closely with parties whose interests de-

pend on the transaction proceeding. A more direct alternative is to base collateral valuation

on transparently backtested statistical models, or at least to make such a model-based val-
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uation the core of the appraisal report. The well-calibrated model used here demonstrates

the feasibility of this approach, while its predictive distributions quantify the uncertainty

that a single appraisal value cannot capture. As financial forecasting increasingly moves

beyond point estimates toward full predictive distributions, residential real estate valuation

should not be left behind.
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A Implementation

This section summarizes how the moments of F̂i are obtained from the predictive model,

and how the two tests are carried out in practice.

A.1 Estimating the center and the spread

Writing q̂i for the quantile function of F̂i, the center and spread are

m̂i =

∫ 1

0
q̂i(u) du, τ̂2i =

∫ 1

0

(
q̂i(u)− m̂i

)2
du.

These are computed from the predictive model’s output for each dwelling, using the same

working distribution throughout: it supplies m̂i and τ̂i, and it is also the distribution from

which the simulated prices in Section 3 are drawn. Because the test conditions on this

working distribution rather than on the true, unobserved law of Yi, the null distribution

and the standardization are internally consistent by construction. Section A.4 assesses how

well the working distribution describes realized prices, which is what justifies its use in

place of Pi.

A.2 Simulation and resampling

Simulated prices are generated by inverse-transform sampling: for each replication a uni-

form draw on [0, 1] is passed through the interpolated q̂i. The reported results use B =

100,000 replications, computed in blocks to limit memory use, from a fixed random seed so

that they are exactly reproducible.

The direction test of Section 3.5 uses ∆̄ = n−1
∑

i∆i, with ∆i = ∆i(0) denoting un-

rounded differences, with the usual t statistic. One feature of the data deserves comment:

in a substantial share of dwellings the appraisal equals the realized price exactly, contribut-

ing a difference of precisely zero. These observations contribute nothing to the sum of the
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differences, but they place enough mass at the origin for the median difference to be zero

while the mean is not, so the median is uninformative about the displacement here.

Sampling uncertainty in the reported statistics is summarized by a non-parametric

bootstrap. Complete dwelling-level observations are resampled with replacement, so that

Ai, Yi, mi and τi stay together, and the statistics are recomputed for each bootstrap sample;

the reported 95% intervals are the 2.5th and 97.5th percentiles of 20,000 replications. The

bootstrap is used for confidence intervals only. The p-value for the coupling test comes

from the randomization procedure, and that for the direction test from the t statistic.

A.3 Calibration and scale

The randomization test replaces the unknown conditional price distributions Pi by the

fitted distributions F̂i. Inference for Hypothesis 1 therefore depends on whether the latter

reproduce the relevant features of the transaction-price distribution. For this purpose we

assess their first two moments separately. The location of m̂i determines whether the

predictive center is a credible approximation to the expected market value, while the scale

τ̂i determines the standardization of the coupling statistic SA.

We assess location on a relative rather than an absolute scale. A given proportional

prediction error corresponds to a larger euro error for a more expensive dwelling, so an

unscaled statistic would place greater weight on the upper end of the price distribution.

Define the first-moment calibration statistic, based on the relative error, as

DP =
1

n

n∑

i=1

Yi − m̂i

m̂i
. (7)

A correctly located predictive center satisfies E
[
Yi−m̂i
m̂i

]
= 0. Since no direction of model

error is predicted, inference is two-sided.
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Dispersion is assessed through

SP =
1

n

n∑

i=1

(Yi − m̂i)
2

τ̂2i
. (8)

If the predictive second moments are correctly specified, SP has expectation one. Values

above one indicate that realized prices are more dispersed around their predicted centers

than the fitted distributions imply; values below one indicate less dispersion.

A.4 Calibration results

The interpretation of m̂i as a feasible estimate of expected market value requires the predic-

tive centers to be correctly located. This is particularly relevant to the alternative valuation

discussed in Section 1: unlike the appraisal, m̂i is constructed without conditioning on the

realized transaction price. We assess its first-moment calibration using DP in (7) and test

H0 : E
[
Yi − m̂i

m̂i

]
= 0 against H1 : E

[
Yi − m̂i

m̂i

]
̸= 0. (9)

Across the n = 694 dwellings, the mean relative prediction error is DP = −0.326%, with

a standard error of 0.189%. The resulting t statistic is −1.73, with a two-sided p-value of

0.085. A non-parametric bootstrap gives a 95% confidence interval of (−0.688%, 0.048%).

We therefore do not reject Hypothesis 9 at the 5% level. The data thus provide no statis-

tically significant evidence of systematic first-moment miscalibration.

Correct calibration of the predictive dispersion is separately important for Hypothesis 1.

The estimated second-moment statistic is SP = 1.0685, with a non-parametric bootstrap

95% confidence interval of (0.9625, 1.1861). The calibrated reference value of one lies inside

this interval. We therefore find no evidence that realized transaction prices are systemati-

cally more or less dispersed around their predicted centers than the working distributions

imply. In particular, the data do not support the possibility that excessive predictive dis-
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persion is mechanically responsible for the small value of SA observed in Section 5.

A.5 Predictive performance

Calibration concerns the moments of the predictive distributions. We evaluate the accuracy

of mi and define the absolute relative prediction error as

Ri =

∣∣∣∣
Yi − m̂i

Yi

∣∣∣∣ . (10)

Using the realized transaction price as the denominator expresses the prediction error as a

fraction of the value ultimately realized by the dwelling. The median of Ri across the full

sample is 3.29%.

The predictive errors can also be related to the statutory accuracy requirements for

model-based residential valuations. Under Article 115 of the Besluit Gedragstoezicht fi-

nanciële ondernemingen Wft, a model-based valuation that is reviewed and approved by

an expert and independent appraiser may support a mortgage of up to 90% of the model-

implied value when the underlying statistical model deviates by less than 10% from the

eventual transaction value in at least 90% of valuations. A second category permits a

mortgage of up to 70% of the model-implied value when at least 85% of valuations deviate

by less than 15% (Minister van Financiën 2026b).

To compare the model with these numerical accuracy thresholds, define

C(δ) =
1

n

n∑

i=1

1

{∣∣∣∣
Yi − m̂i

Yi

∣∣∣∣ < δ

}
, (11)

where δ is the permitted relative deviation. We obtain C(0.10) = 97.41% and C(0.15) =

99.57%. The model therefore exceeds, within our evaluation sample, the numerical accu-

racy requirement associated with the stricter 90%-of-model-value category by a substantial

margin. The sample calculation is not itself the annual assurance assessment required by
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Article 115 and should therefore be read as a comparison with the statutory accuracy

threshold rather than as a regulatory certification of the model.

B Two forms of rounding

Throughout, κ > 0 and [z]κ := κ round(z/κ), where round rounds to the nearest integer

with halfway cases to the nearest even integer. The only property of [·]κ used below is that

it rounds to a nearest multiple of κ, that is, [z]κ ∈ Mκ := {jκ : j ∈ Z}, the set of multiples

of κ, and

∣∣z − [z]κ
∣∣ ≤ κ

2
for all z ∈ R, (12)

with strict inequality unless z/κ lies exactly halfway between two integers. The results

therefore hold for any tie-breaking convention. For κ = 0, both forms equal ai − yi and the

results below are trivial.

Proposition B.1. For all ai, yi ∈ R and κ > 0,

∣∣∆(ai, yi;κ)− ∆̃(ai, yi;κ)
∣∣ ≤ κ,

and the bound is attained. Moreover, if ai is a multiple of κ and (ai − yi)/κ does not lie

halfway between two integers, then ∆(ai, yi;κ) = ∆̃(ai, yi;κ).

Proof. Write di = ai − yi. By (12) applied to ai and yi separately,

∣∣∆̃(ai, yi;κ)− di
∣∣ =

∣∣∣
(
[ai]κ − ai

)
−
(
[yi]κ − yi

)∣∣∣ ≤ κ

2
+

κ

2
= κ,

and by (12) applied to di,

∣∣∆(ai, yi;κ)− di
∣∣ ≤ κ

2
.
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By the triangle inequality,

∣∣∆(ai, yi;κ)− ∆̃(ai, yi;κ)
∣∣ ≤ 3κ

2
.

Both ∆(ai, yi;κ) and ∆̃(ai, yi;κ) are multiples of κ, hence so is their difference. The only

multiples of κ with absolute value at most 3κ/2 are −κ, 0 and κ, which proves the bound.

For the second statement, let ai ∈ κZ, so that [ai]κ = ai and ∆̃(ai, yi;κ) = ai − [yi]κ.

This is a multiple of κ, and

∣∣∆̃(ai, yi;κ)− di
∣∣ =

∣∣yi − [yi]κ
∣∣ ≤ κ

2
,

so that ∆̃(ai, yi;κ) is a nearest multiple of κ to di, as is ∆(ai, yi;κ). If di/κ does not lie

halfway between two integers, the nearest multiple of κ to di is unique, and the two coincide.

To see that the bound is attained, let κ = e 5,000, ai = e 552,600 and yi = e 552,400.

Then ∆(ai, yi;κ) = [200]κ = 0, whereas [ai]κ = e 555,000 and [yi]κ = e 550,000, so that

∆̃(ai, yi;κ) = e 5,000 = κ.

Neither form of rounding is stronger than the other, in the sense that neither ∆(ai, yi;κ) =

0 implies ∆̃(ai, yi;κ) = 0, nor the converse. The example in the proof gives ∆(ai, yi;κ) = 0

with ∆̃(ai, yi;κ) ̸= 0, because the two amounts lie on opposite sides of the halfway point

e 552,500. Conversely, the same appraisal with yi = e 557,400 gives [ai]κ = [yi]κ =

e 555,000, so that ∆̃(ai, yi;κ) = 0, whereas ∆(ai, yi;κ) = [−4,800]κ = −e 5,000. Both

examples involve an appraisal that is not a multiple of κ; by Proposition B.1, the two forms

can otherwise differ only at halfway cases.

B.1 Summary statistics for both rounding methods

Table 6 provides the summary statistics of both rounding methods introduced in 3.1.

44



Table 6: Agreement under the two forms of rounding

κ = e 2,500 κ = e 5,000 κ = e 10,000

Panel A: Rounding the difference, ∆i(κ) = [ai − yi]κ

∆i(κ) = 0 31.1% 41.5% 60.8%
0 ≤ ∆i(κ) ≤ κ 40.6% 56.3% 71.0%
−κ ≤ ∆i(κ) ≤ 0 38.2% 50.6% 69.0%

Panel B: Rounding both amounts, ∆̃i(κ) = [ai]κ − [yi]κ

∆̃i(κ) = 0 31.0% 39.9% 51.0%

0 ≤ ∆̃i(κ) ≤ κ 40.6% 56.3% 67.0%

−κ ≤ ∆̃i(κ) ≤ 0 38.0% 49.3% 63.1%

NOTE: Shares of all n = 694 dwellings. [z]κ = κ round(z/κ) rounds to the nearest multiple of κ, with
halfway cases to the nearest even multiple. The second and third rows of each panel count the appraisals
that equal the price up to rounding or lie one step of κ above, respectively below, it. Panel A repeats the
shares of Table 2. The two forms differ by at most one step, |∆i(κ) − ∆̃i(κ)| ≤ κ (Proposition B.1), and
coincide whenever ai is a multiple of κ, except at halfway cases.

Figure 6 shows these shares for a fine grid of κ. For nonnegative integers ℓ− and ℓ+, it

plots the share of dwellings whose rounded difference lies at most ℓ− steps of κ below and

at most ℓ+ steps above the transaction price,

W (κ; ℓ−, ℓ+) =
1

n

n∑

i=1

1
{
−ℓ−κ ≤ ∆i(κ) ≤ ℓ+κ

}
,

and the same share with ∆̃i(κ) in place of ∆i(κ). The window (ℓ−, ℓ+) = (0, 0) gives the

share that equals the price up to rounding, and the windows (0, 1) and (1, 0) give the shares

at most one step above, respectively below, the price, as in the last two rows of Table 2.

Comparing (0, ℓ) with (ℓ, 0) for ℓ = 1, 2 thus contrasts appraisals above the price with

appraisals below it at the same distance. For both forms of rounding, the windows that

extend above the price lie above those that extend below it at every κ, so that the upward

asymmetry of Section 4.2 does not depend on the choice of rounding step.

Figure 7 shows the appraisal–price differences that are exactly a multiple of e 5,000, by

step size. These are the 148 exact copies at k = 0 and the 174 departures by a multiple of

e 5,000 in Panel B of Table 3. At every step size, more appraisals lie above the transaction
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Figure 6: Agreement between appraisals and transaction prices across rounding steps
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NOTE: Share of dwellings whose rounded appraisal–price difference lies within [−ℓ−κ, ℓ+κ], for rounding
steps κ up to e 20,000, in steps of e 250. Panel (a) rounds the difference, ∆i(κ) = [ai − yi]κ; Panel (b)
rounds both amounts, ∆̃i(κ) = [ai]κ − [yi]κ. The black line is the window (ℓ−, ℓ+) = (0, 0); green lines
extend the window above the price and gray lines below it, solid by one step of κ and dashed by two. At
κ = 0, every line equals the share of exact copies, 21.3%. Table 2 reports the shares for κ = e 2,500, e 5,000
and e 10,000. The horizontal axis shows κ in thousands of euros; shares are of all 694 dwellings.

price than below it: 44 against 21 at e 5,000, 23 against 11 at e 10,000, and 53 against 22

at e 15,000 or more.

Figure 7: Appraisal–price differences that are exact multiples of e 5,000
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an integer k, including the exact copies at k = 0. Not shown are the 372 differences that are not a multiple
of e 5,000: 188 dwellings (27.1%) lie below the transaction price and 184 (26.5%) above. Also not shown is
1 dwelling with ai − yi < −52,500 and 5 with ai − yi > 52,500. The horizontal axis is in thousands of euros;
percentages are shares of all 694 dwellings.
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C Details on Section 5.2

Table 7 reports two checks on the estimates of Table 5. The first rounds both amounts to

multiples of κ before centering, (2), so that appraisals that copy the price up to rounding are

treated as exact copies; the slope is essentially unchanged for every κ. The second excludes

the dwellings with ∆i(κ) = 0, that is, |ai − yi| ≤ κ/2. Figure 8 shows this exclusion for a

fine grid of κ up to e 50,000.

Table 7: Anchoring regressions under rounding and exclusion

Panel A: Centered (1) n α̂ β̂ R2

All dwellings 694 814 (538) 0.802 (0.023) 0.778

Both amounts rounded to multiples of κ

κ = e 2,500 694 870 (538) 0.803 (0.023) 0.779
κ = e 5,000 694 970 (540) 0.803 (0.023) 0.778
κ = e 10,000 694 829 (555) 0.795 (0.024) 0.764

Excluding ∆i(κ) = 0

Exact copies, ai = yi 546 1,388 (659) 0.763 (0.027) 0.739
κ = e 2,500 478 1,670 (745) 0.748 (0.029) 0.722
κ = e 5,000 406 2,034 (863) 0.726 (0.031) 0.699
κ = e 10,000 272 2,062 (1,214) 0.621 (0.041) 0.587

Panel B: Rescaled (3) n α̂ β̂ R2

All dwellings 694 0.024 (0.017) 0.790 (0.020) 0.761

Both amounts rounded to multiples of κ

κ = e 2,500 694 0.026 (0.017) 0.792 (0.020) 0.762
κ = e 5,000 694 0.030 (0.018) 0.791 (0.020) 0.759
κ = e 10,000 694 0.024 (0.018) 0.778 (0.021) 0.743

Excluding ∆i(κ) = 0

Exact copies, ai = yi 546 0.046 (0.021) 0.747 (0.024) 0.717
κ = e 2,500 478 0.054 (0.024) 0.726 (0.026) 0.694
κ = e 5,000 406 0.068 (0.028) 0.696 (0.029) 0.660
κ = e 10,000 272 0.065 (0.038) 0.557 (0.034) 0.508

NOTE: Heteroskedasticity-robust (HC1) standard errors in parentheses; α̂ is in euros in Panel A and in
units of τ̂i in Panel B. The rounded rows estimate (2) and its rescaled counterpart, with both amounts
rounded to multiples of κ before centering. The excluded rows estimate (1) and (3) on the dwellings with
∆i(κ) ̸= 0, that is, |ai − yi| > κ/2; the first of these excludes the exact copies only. In every row, β = 0 and
β = 1 are rejected with two-sided p < 0.001.
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Figure 8: Anchoring slope excluding appraisals close to the price
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NOTE: Estimates of the centered regression (1) in Panel (a) and the rescaled regression (3) in Panel (b) on
the dwellings with ∆i(κ) ̸= 0, that is, |ai − yi| > κ/2, with 95% heteroskedasticity-robust confidence bands;
at κ = 0 the line starts from the sample without exact copies. The black square is the full sample, with its
95% confidence interval. The lower panels show the number of dwellings kept. The horizontal axes show κ
in thousands of euros. Table 7 reports the estimates for selected values of κ.

D Validity under a biased appraiser

Section 2 defines ξi = Ai − µi without imposing that it is conditionally centered; whether

it is, is the content of Hypothesis 2, whose null is rejected in Section 5. This appendix

shows that the coupling test does not depend on that restriction, so the two findings do

not conflict.

Write

bi = E[ξi], ηi = ξi − bi, E[ηi] = 0,

so that Ai = µi + bi + ηi. The displacement bi may vary freely with the characteristics.

Proposition D.1. If ηi ⊥ εi | Xi = xi, then

E
[
∆2

i

]
= b2i + ς2i + σ2

i ≥ σ2
i ,
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with equality if and only if ξi = 0 almost surely.

Proof. Since ∆i = bi + ηi − εi and E[ηi] = E[εi] = 0, the cross terms involving bi vanish,

and the remaining cross term vanishes by conditional independence. Hence E[∆2
i ] = b2i +

E[η2i ] + σ2
i , and E[η2i ] = ς2i . The first two terms are non-negative, which gives the bound;

equality requires both to vanish.

Displacement therefore enters through b2i ≥ 0: a biased appraiser produces a larger

appraisal–price second moment, never a smaller one, so bias cannot generate the violation

the test looks for.

The randomization is unaffected for a separate reason. Under Hypothesis 1 the con-

ditional law of Yi given Ai = ai and Xi = xi is Pi whatever the value of bi, so the null

distribution of the price does not depend on where the appraisal sits. Conditioning on the

observed ai holds any displacement fixed across replications, where it enters only through

the benchmark (6). The coupling test therefore requires conditional independence together

with a working predictive law for transaction prices, and not a centered appraiser.

E Proofs of and further details on Section 6

E.1 Proof of Proposition 1

Proof. For clarity, we index each expectation in this proof by the law over which it inte-

grates. Each price has law P , so that by independence (Yold, Ynew) has law P ⊗ P , and Ky

denotes the conditional law of η given Yold = y. Define

h(y) := EP

[
(ℓy − Ynew)

+
]
=

∫
(ℓy − t)+ dP (t),

which is finite since (ℓy − t)+ ≤ ℓ|y| + |t|. For every t, the map y 7→ (ℓy − t)+ is convex,

and integration preserves convexity, so h is convex. Integrating first over Ynew, which is
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independent of (Yold, η), Fubini’s theorem gives

EP⊗P

[
(ℓYold − Ynew)

+
]
= EP

[
h(Yold)

]
,

and additionally

E
[
(ℓ(Yold + η)− Ynew)

+
]
= EP

[
EKYold

[
h(Yold + η)

]]
,

where the expectation on the left of the second identity integrates over Yold, η and Ynew

jointly, and on the right the outer expectation integrates over Yold and the inner over η given

Yold. For the first inequality, Jensen’s inequality gives EP [h(Yold)] ≥ h
(
EP [Yold]

)
= h(µY ).

For the second, Jensen’s inequality under Ky gives, for every y,

EKy

[
h(y + η)

]
≥ h

(
y + EKy [η]

)
= h(y),

since EKy [η] = 0. Integrating over Yold ∼ P gives E
[
(ℓ(Yold + η) − Ynew)

+
]
≥ EP [h(Yold)],

which is the second inequality.

E.2 Proof of Proposition 2

Proof. As in the proof of Proposition 1, we index each expectation by the law over which

it integrates; by independence, (A, Ynew) has law Q⊗ P . Define

h(y) := EP

[
(ℓy − Ynew)

+
]
=

∫
(ℓy − t)+ dP (t),

which is finite since (ℓy − t)+ ≤ ℓ|y| + |t|. For every t, the map y 7→ (ℓy − t)+ is convex

and non-decreasing, and integration preserves both properties, so h is convex and non-
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decreasing. Integrating first over Ynew, Fubini’s theorem gives

EQ⊗P

[
(ℓA− Ynew)

+
]
= EQ

[
h(A)

]
.

Jensen’s inequality gives EQ[h(A)] ≥ h
(
EQ[A]

)
, and since h is non-decreasing and EQ[A] ≥

µY , also h
(
EQ[A]

)
≥ h(µY ) = EP [(ℓµY − Ynew)

+].

E.3 Time effects

Let h = t1−t0 denote the number of years between origination and default. The transaction

price at origination is Yold ∼ P
(t0)
i = N(µ, σ2), and the resale price at default is Ynew ∼

P
(t1)
i = N(µh, σ

2), independent of Yold, with µh = (1 + g)hµ for a constant annual change

g in market value. The loan L0 is repaid as a 30-year annuity at interest rate r, so that the

outstanding balance after h years is Lh = ρhL0, with

ρh =
(1 + r)30 − (1 + r)h

(1 + r)30 − 1
.

If Lh − Ynew = δ+ sZ with Z ∼ N(0, 1), where δ is the expected gap between loan and

resale price and s the uncertainty about it, then

E
[
(Lh − Ynew)

+
]
= δ P(Z > −δ/s) + sE

[
Z 1{Z > −δ/s}

]
= δΦ(δ/s) + s ϕ(δ/s),

where Φ and ϕ denote the standard normal distribution and density functions. The expected

residual debt increases in both δ and s.

We compare two valuations with a loan based on the model valuation, L0 = µ, for

which δ = ρhµ− µh and s2 = σ2. The first is the strategy of copying the transaction price,

L0 = Yold, evaluated over all transaction prices it may meet. The expectation is then taken

over both Yold and Ynew, so that δ is unchanged while s2 = (1 + ρ2h)σ
2: copying adds the
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deviation of the transaction price to the loan, and this deviation is repaid only at the rate

ρh. By Proposition 1, this strategy raises the expected residual debt at origination, and

the same argument applies at every horizon. The second is one particular outcome of such

a strategy, Laila’s loan in Example 2. Her price is known, so that L0 = e 721,000 is fixed

and the expectation is taken over Ynew only. Then s2 = σ2, while her bid premium raises

the expected gap to δ = ρhL0 − µh.

Figure 9 shows the excess expected residual debt over the model valuation, E[(Lh −

Ynew)
+]− E[(ρhµ− Ynew)

+], for µ = e 663,000 and σ = e 45,000 as in Example 2, r = 4%,

and g ∈ {−3%, 0%, 3%}, without sale costs or a forced-sale discount. For the copying

strategy (Panel (a)), the excess is approximately e 7,400 at origination; it has almost dis-

appeared after four years if prices rise, but approximately e 4,000 remains after ten years if

they fall. For Laila (Panel (b)), the excess of approximately e 42,000 at origination vanishes

within four years if prices rise, but grows to approximately e 46,000 if they fall.

Figure 9: Excess expected residual debt over time
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(a) copied transaction price
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(b) Laila’s loan

NOTE: Excess expected residual debt relative to a loan based on the model valuation, E[(Lh −
Ynew)

+] − E[(ρhµ − Ynew)
+], by the number of years h until default, for annual changes in market

value of g = 3%, 0% and −3%. Panel (a) shows the strategy of copying the transaction price,
averaged over all transaction prices; Panel (b) shows Laila’s loan of e 721,000 in Example 2. The
market value at origination is normal with mean e 663,000 and standard deviation e 45,000, and
the loan is repaid as a 30-year annuity at 4%. The vertical axes are in thousands of euros. The
scenarios are illustrative.
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E.4 Accuracy of the predictive mean

This appendix illustrates the variance reduction from replacing the copied price µ̂1 = Yold

by the predictive mean µ̂3 = mY of Section 6, using a linear regression as the predictive

model. Suppose, for illustration, that market values follow Y = X ′β + u with E[u | X] = 0

and V(u | X = x) = σ2, so that µY = x′β, and that Yold is a draw from this conditional law.

Let m̂ := x′β̂, where β̂ is the least-squares estimator fitted on n0 independent transactions

other than the dwelling itself, with design matrix X of full column rank. Both estimators

are unbiased for µY , but

V(µ̂1) = σ2, V(m̂) = x′V(β̂)x = σ2 vn0 , vn0
:= x′(X′X)−1x.

The variance of the copied price is fixed at the full market variance, whereas vn0 is the

leverage of the characteristics x in the design, of order k/n0 for a dwelling with typical

characteristics and k regressors. The condition vn0 < 1 therefore holds for any dwelling

within the range of the fitting sample once n0 is moderately large, and the predictive mean

then dominates the copied price in mean squared error.
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