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Abstract

This paper develops and evaluates SHARP-HPI, a framework for monthly quality-adjusted housing
price indices at the municipal level in thin markets. Stage one is a robust pooled hedonic regression
with fine-scale location fixed effects, smoothly time-varying quality prices and provincial month
effects; stage two models each geography’s deviation from its parent (province, administrative
region, regional county municipality, municipality) with heteroskedastic local-level state-space
models whose innovation variances are calibrated by empirical Bayes across cells, so that the
weight given to local sales adapts to their reliability. We apply it to 769,995 registered sales
in Quebec from January 2021 to October 2026 matched to the assessment roll, with an audited
population definition (632,006 sales), a measured publication lag and real-time vintages. Against
eleven benchmark estimators (median, stratified median, pooled and rolling time dummies, hedonic
imputation, GEKS, HMTS, repeat sales, gradient boosting and a production hierarchical index),
Monte Carlo experiments on synthetic Quebec-like markets with known latent paths show where
the adaptive hierarchy reduces the error of monthly changes and interval under-coverage, and two
deliberate counter-examples where it does not. The empirical panel covers 2,654 geography–class
cells with reliability grades, effective sample sizes and local-data weights; aggregates agree closely
with Teranet and CREA indices in Québec City and diverge by an explainable margin in Montréal.
Every ingredient of the estimator exists in the literature; the contribution is their integration, the
explicit reliability accounting and the documented performance.

Keywords: house price index, hedonic regression, state-space model, small-area estimation, empiri-
cal Bayes, real-time data, Quebec

JEL Classification: R31, C43, C11, C21, C55



1. Introduction

A house price index answers a deceptively simple question: by how much has the price of a dwelling
of constant quality changed between two dates? For a province, the question is well posed and the
data abundant. For a municipality of three thousand inhabitants that records four sales a month,
the question is the same but the evidence is thin, the sold dwellings differ from month to month,
and any estimator must decide how much to trust the local sales and how much to borrow from
neighbouring and encompassing markets. Statistical agencies have answered this trade-off with
rules of thumb (minimum counts, suppression) or with methods designed for liquid markets. This
paper treats the trade-off as an estimation problem.

We propose SHARP-HPI, a two-stage framework for monthly, quality-adjusted price indices
across a geographic hierarchy. The first stage is a robust pooled hedonic regression in which
log prices are explained by structural characteristics, fine-scale location fixed effects (a nested
metric grid whose resolution adapts to the density of sales), provincial month effects, and quality
prices allowed to drift smoothly over time. The second stage treats each geography’s monthly
mean residual as a noisy observation of a latent deviation from its parent’s path and estimates that
deviation with a heteroskedastic local-level state-space model. The innovation variance of each
cell, which governs how quickly the deviation is allowed to move and therefore how much weight
a month of local sales receives, is calibrated by empirical Bayes across all cells of a level rather
than estimated from each cell’s own handful of observations. The result is a panel of indices for the
province, 103 regional county municipalities (MRCs) and 1,125 municipalities by property class,
each with a count of actual sales, an effective sample size, a local-data weight, an interval, and a
reliability grade.

The paper makes four contributions. First, it builds the index on an audited population: 769,995
registered sales published by the Quebec land registry feed between January 2021 and October
2026, matched to the provincial assessment roll, with an exclusion ledger (Table 2), a measured
publication lag and a classification of dwellings into mutually exclusive classes. Second, it compares
the proposed estimator with eleven benchmarks spanning the hedonic, multilateral, repeat-sales,
machine-learning and production-index traditions on the same data. Third, it evaluates all estimators
in Monte Carlo experiments on synthetic markets with known quality-constant price paths, including
markets where the quality of sold homes rises while prices are flat, markets with heavy-tailed
noise, and two counter-examples designed so that the adaptive hierarchy should not win. Fourth,
it simulates the real-time publication process with monthly vintages and quantifies revisions,
timeliness and publication policies.

We are explicit about novelty. The verified literature (Section 2) contains every ingredient:
structural time-series index levels (Francke, 2010), hierarchical common-plus-deviation trends
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with heavy-tailed errors (Francke and van de Minne, 2017), small-area shrinkage with estimated
weights (Fay and Herriot, 1979; Rao and Molina, 2015), rolling-window hedonics with low-volume
safeguards (Hill et al., 2022), and hedonic multilateral time-series smoothing for small domains in
official statistics (Ishaak et al., 2024). What we did not find in a single published estimator is the
combination of a single-sale hedonic observation equation, a multi-level administrative hierarchy,
empirical-Bayes calibration of the pooling strength across cells, reliability accounting for every
cell-month, and real-time vintage evaluation with a measured registration lag. The paper should be
read as an integration and empirical assessment of these components, not as a new class of model.

Three findings matter for practice. In the Monte Carlo experiments the hierarchical state-
space estimators reduce the root mean squared error of municipal monthly changes by a large
factor relative to medians and cell-level time dummies, and the empirical-Bayes calibration of
the innovation variance improves interval coverage relative to per-cell maximum likelihood; the
local-linear-trend variant and the Gaussian variant do not improve on the local-level robust variant,
and in markets with strong idiosyncratic municipal dynamics the pooled estimator is slower than a
direct local estimate. On the Quebec data the provincial house index rises from 100 in 2021 to 154.9
in September 2026, condominiums to 136.4 and plexes to 151.2; the dispersion across municipalities
is wide and largely reliable only for cells graded A to C. In real time, first-release monthly changes
at the provincial level are revised by a mean absolute ??RevFirsthouseprovince?? log points
(houses), and municipal first releases by ??RevFirsthousemunicipality??, which bounds the gain
from any non-revising splice policy.

The remainder of the paper follows the protocol in which it was pre-specified. Section 2 reviews
the literature and states the gap. Section 3 describes the data, the institutional setting and the
population definition. Section 4 defines the estimand and the measurement challenges. Section 5
presents the SHARP-HPI model and identification. Section 6 covers estimation, inference, linking
and vintages. Section 7 reports the Monte Carlo evidence. Section 8 presents the Quebec indices,
Section 9 the benchmarks, validation, ablations and robustness, Section 10 the implications, and
Section 11 the limitations and conclusion. Code, the index panel, the vintage database and every
table and figure are generated by the accompanying repository.

2. Literature and research gap

2.1. Quality adjustment: hedonic time dummies, imputation and multilateral methods

The hedonic approach to constant-quality price measurement goes back to Court (1939) and
Griliches (1961), with the theoretical foundation in Rosen (1974). For housing, Hill (2013)
surveys and classifies the hedonic index methods, and the Eurostat et al. handbook (Eurostat et
al., 2013) codifies them for official statistics. Two families dominate. The time-dummy method
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pools transactions across periods and reads the index off period dummies; the hedonic imputation

method estimates a separate hedonic function per period and imputes the price of a fixed basket
of dwellings at each period’s prices, yielding Laspeyres, Paasche and Fisher variants (Hill and
Melser, 2008; Diewert et al., 2009; de Haan, 2010; Silver and Heravi, 2007). Hill and Scholz
(2018) show that flexible geospatial controls materially improve hedonic imputation indices. The
time-dummy method revises its history whenever new periods are added; the rolling time dummy

(RTD) of Hill et al. (2022) estimates the model on a rolling window and chains only the newest
movement, with options for choosing the window length, the linking rule and for handling periods
with few transactions. Multilateral methods designed for scanner data have been transferred to
housing: GEKS on bilateral hedonic links with rolling windows and splicing (Ivancic et al., 2011;
de Haan and Krsinich, 2014; Diewert and Fox, 2022) and the hedonic multilateral time-series
method (HMTS) of Ishaak et al. (2024), which smooths the series of imputed average prices of
each base period with a state-space model and splices a window of them, producing stable and
limited-revisable indices for small domains of commercial property in the Netherlands. Hill and
Steurer (2026) review the developments in real estate price measurement since the global financial
crisis.

2.2. Repeat sales, hybrids and thin markets

The repeat-sales method (Bailey et al., 1963; Case and Shiller, 1987, 1989; Shiller, 1991) avoids
the need for characteristics by comparing successive sales of the same dwelling, at the cost of
discarding single sales and of selection and renovation biases (Clapp et al., 1991; Gatzlaff and
Haurin, 1997, 1998; Hwang and Quigley, 2004). Hybrid models combine single and repeated sales
(Case and Quigley, 1991; Quigley, 1995), and Wallace and Meese (1997) and Dorsey et al. (2010)
compare the families empirically. For thin markets, Schwann (1998) and Francke (2010) replace
period dummies by structural time-series models in which the index level follows a random walk or
a local linear trend, so that periods with no sales still receive an estimate. Francke and van de Minne
(2017) extend this to a hierarchical model with one common trend and cluster-specific deviations
and Student-t errors, obtaining reliable indices at a granular level from few observations; Francke et
al. (2025) add spatially varying loadings on latent factors to produce census-tract indices; Bogin
et al. (2019) and Contat and Larson (2024) build large panels of local repeat-sales indices; Ren
et al. (2017) cluster sparse tract series in a Bayesian nonparametric model; Lopez and Hewings
(2018) propose a matching Fisher index for small areas; Bourassa et al. (2013, 2016) study robust
repeat-sales and hedonic indices. Nowak and Smith (2020) document that the constant-quality
assumption of repeat-sales indices fails in a time-varying way.
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2.3. Small-area estimation, state-space models and reconciliation

The statistical treatment of “borrowing strength” is the small-area estimation literature: the area-
level model of Fay and Herriot (1979) shrinks a direct estimate toward a synthetic one with a weight
equal to the ratio of model variance to total variance, and its mean squared error is well understood
(Datta and Lahiri, 2000; Datta et al., 2005; Pfeffermann, 2013; Rao and Molina, 2015); the empirical-
Bayes roots are Efron and Morris (1973, 1975), and Gelman (2006) discusses priors for variance
parameters in hierarchical models. State-space methods (Kalman, 1960; Harvey, 1989; Durbin and
Koopman, 2012) provide filtered (one-sided) and smoothed (two-sided) estimates of latent levels
with exact variances. Coherent combination of estimates across a hierarchy is the subject of forecast
reconciliation (Hyndman et al., 2011; Wickramasuriya et al., 2019; Athanasopoulos et al., 2024).

2.4. Timeliness, revisions and real-time evaluation

Indices built from deeds are published with a lag and revised as late registrations arrive. Clapp
and Giaccotto (1999) and Clapham et al. (2006) analyse revisions in repeat-sales indices; van de
Minne et al. (2020) use revisions as a quality criterion; Sayag et al. (2022) nowcast late-reported
transactions to cut revisions; Anenberg and Laufer (2017) date transactions at the contract date using
listings; Croushore (2011) surveys real-time data analysis. In Canada, the Teranet–National Bank
index is a repeat-sales index on registry transfers (Teranet and National Bank of Canada, 2017),
the CREA MLS Home Price Index is a benchmark hedonic index on brokered resales (Canadian
Real Estate Association, 2023), and Statistics Canada’s resale index component used an arithmetic
repeat-sales method (Statistics Canada, 2019).

2.5. The gap

Table 1 summarises what the closest predecessors do and what remains. RTD and HMTS treat
each geography separately and obtain stability from windows and splices rather than from an
estimated signal-to-noise ratio; the Francke hierarchy and the small-area models estimate the
pooling weight but with a repeat-sales observation equation, time-constant hyper-parameters and
a single deviation level; reconciliation operates on forecasts of additive series. The combination
examined here is (i) a single-sale hedonic observation equation with fine location control, (ii) a
four-level administrative hierarchy, (iii) innovation variances calibrated across cells by empirical
Bayes so that the pooling weight is both cell-specific and time-varying through the Kalman gain,
(iv) explicit reliability accounting, and (v) real-time evaluation with a measured registration lag. We
establish by simulation and on the data whether this combination improves on its components; we
do not claim that any component is new.
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Table 1. Closest predecessors and the remaining space

Approach What it does What SHARP-HPI adds or changes

Rolling time dummy
(Hill et al., 2022)

Pooled hedonic on a rolling window;
only the newest movement is chained;
low-volume safeguards

Cell-specific, estimated pooling across
a hierarchy; model-based intervals; revi-
sions measured rather than avoided by
construction

HMTS (Ishaak et al.,
2024)

Imputed average prices by base period
smoothed series-by-series with a state-
space model, windows spliced

One joint hierarchy with cross-cell cal-
ibration of the signal-to-noise ratio; ro-
bust innovations; single-sale observation
equation

Hierarchical repeat sales
(Francke and van de
Minne, 2017)

Common trend plus cluster deviations,
Student-t errors, repeat-sales pairs

Hedonic single sales (no pair selection),
four nested levels, empirical-Bayes cal-
ibration of τ2 across cells, reliability
grades

Fay–Herriot / SAE (Fay
and Herriot, 1979; Rao
and Molina, 2015)

Static area-level shrinkage with esti-
mated variance components and MSE

Dynamic (state-space) version across
a geographic hierarchy; direct, model-
assisted and unidentified cells reported

Forecast reconciliation
(Wickramasuriya et al.,
2019)

Coherent forecasts of additive hierar-
chies

Tested as an aggregation diagnostic for
log-linear stock-weighted aggregates; re-
ported when it smooths rather than im-
proves

3. Quebec transaction data and institutional setting

3.1. Institutional setting

In Quebec every transfer of immovable property is registered at the land registry (Registre foncier

du Québec), and the deed records the price. Deeds are published shortly after registration and
redistributed by data providers. Municipal property assessment is governed by the Loi sur la fiscalité

municipale: each municipality (or its MRC) deposits a triennial assessment roll that records, for
every assessment unit, its use code (CUBF), number of dwellings, physical link, floor area of storeys,
lot area, year of construction, number of storeys and the assessed values of land and building. The
roll is open data and is updated with a lag relative to construction. There is no multiple-listing
requirement: a substantial share of sales occur without a broker, so registry data cover more of the
market than brokered-resale indices do.

3.2. Source, snapshot and provenance

The data are the transaction table of Vrai Prix (www.vrai-prix.com), a platform that ingests daily the
“Transactions immobilières” feed of the Journal de Québec / Journal de Montréal (api.qub.ca), which
republishes land-registry deeds, geocodes them, and matches them to the provincial assessment roll
by address. We took one immutable SQLite snapshot of the production database on 21 October 2026
(SHA-256 recorded in the configuration) and never read the live file again. The snapshot contains
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769,995 sales dated 4 January 2021 to 7 October 2026 and 3,747,008 roll units, of which 613,153
distinct units are matched to at least one sale. The provider’s structural fields are the roll’s (year
built identical in 99.2% of matched sales, floor area in 94.1%); its assessed value is the value in
force at the sale date, which we use only for a screening rule. A full data dictionary and a generated
provenance report accompany the repository.

Four earlier extractions of the same table (6 and 9 August, 10 and 17 October 2026) measure
the publication process (Table 6). In every vintage more than 99.96% of the sales that the final
snapshot dates on or before the vintage’s last observed date were already present, no row was
deleted and no price revised; the feed publishes with a lag of 10 to 13 days and does not backfill
older months. Consequently the only incompleteness in real time is the final two weeks, and the
real-time experiments of Section 6 model a ten-day publication delay with a partial last month. The
table has one date per sale; deed signing, registration and publication cannot be distinguished, a
limitation shared with every registry-based index.

3.3. Coverage

Monthly volumes (Figure 1) start low (2,478 sales in January 2021, a feed start-up), average 10,557
per month over 2022–2025 with a strong June–July peak tied to Quebec’s moving-day calendar,
and end with a partial October 2026 (2,722 sales in seven days). Volumes in 2026 run 8–14%
below the same months of 2025. The provider collects no sale below $50,000, a hard floor that
truncates the lowest-price rural markets. Sales are geocoded, and every one falls inside a municipal
polygon of the provincial administrative boundaries (SDA, version 2026-07); the roll’s municipality
code agrees with the spatial join for 99.96% of matched sales. The series are on 2026 boundaries;
municipalities constituted or merged during the sample are listed in the repository.

3.4. Classification and population definition

Property classes are built from the roll rather than from the provider label: a residential use code
(1000) with one dwelling and an “integrated” physical link is a condominium; one dwelling with
a detached, semi-detached or row link is a house; two to five dwellings a plex; six or more a
multi-unit building; use codes 1100 and 1211 are cottages and mobile homes. The provider label is
used only when the roll is missing or incomplete; conflicts between a complete roll record and the
provider label (4.3% of rows) are flagged and the roll class kept. The headline population is houses,
condominiums and plexes with roll characteristics. Table 2 lists the exclusion rules in priority
order. Sales dated before the roll’s year of construction are lots or unfinished structures (the roll
is a current vintage, so a lot sold in 2021 and built on in 2022 now carries the house’s attributes);
vacant land, non-residential use codes, parcels sold more than ten times in six years (developer
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Figure 1. Registered sales per month in the snapshot, January 2021 to October 2026 (all property types,
before exclusions).

or shared parcels), same-day sales of the same parcel at different prices (undivided co-ownership
shares and condominium projects), multi-parcel deeds (same day, price and street or 1-km cell),
exact duplicates and prices above $10 million are excluded. The price screen is relative: a sale
is excluded when its log price-to-assessment ratio deviates by more than log4 from the median
of its year, class and region, using the assessment in force at the sale. This is not the only outlier
treatment; every estimator below also uses a robust likelihood. The headline sample is 632,006 sales
(82.1% of the raw table), 422,658 houses, 122,989 condominiums and 86,359 plexes (Table 3).

Table 2. Population definition: exclusion ledger of the Vrai Prix snapshot (769,995 registered sales, 2021-01-
04 to 2026-10-07)

Rule (first match, in priority order) Rows % of raw

Retained: headline sample 632,006 82.1
Class not in headline (cottage, mobile, 6+ units, unclassified) 38,280 5.0
Price/assessment ratio outside ±log 4 of year–class–region median 23,653 3.1
Vacant land / road / forest (roll) 18,798 2.4
Non-residential use code (roll) 15,520 2.0
Same parcel, same day, different prices 14,709 1.9
No assessment-roll characteristics 11,533 1.5
Parcel with more than 10 sales in 2021–2026 6,981 0.9
Roll building year after the sale year 4,996 0.6
Multi-parcel deed (same day, price, street or 1-km cell) 2,663 0.3
Exact duplicate row 824 0.1
Price above $10 million 32 0.0

Rules are applied in the order listed; a row is counted once, under the first rule it triggers.
Independent flag counts are in results/cleaning/flag_counts.csv.
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Table 3. Headline estimation sample by year and property class

Year Houses Condominiums Plexes Total

2021 86,922 25,326 19,570 131,818
2022 72,580 20,972 15,566 109,118
2023 60,326 17,679 11,148 89,153
2024 68,426 20,758 13,199 102,383
2025 77,465 22,871 15,681 116,017
2026 56,939 15,383 11,195 83,517
Total 422,658 122,989 86,359 632,006

2026 covers January 1 to October 7 (partial).

3.5. Characteristics, missingness and what is not observed

The available quality variables are floor area of storeys, lot area, year of construction, number of
storeys, building genre (bungalow, two-storey, split-level, mansard, one-module), physical link and,
for plexes, the number of dwellings. Within the headline sample their completeness is high and
stable over time (Table 4; the raw-row version in Table 22 shows lower shares in 2021 because land
and unclassified rows are more frequent then), which is the condition for a time-dummy model:
a variable whose missingness drifts creates artificial index steps. One provider field, the building
style, was backfilled over the sample (12% present in January 2021, 87% in January 2025) and is
banned from every model. Bedrooms, bathrooms, parking, basement finish, construction quality,
renovations, waterfront, occupancy, financing and arm’s-length status are not observed, and no
image or text features are used. The roll’s neighbourhood code turned out to be a unit-level identifier
and is unusable; fine location is instead a nested metric grid (Section 5). Characteristics are a single
current roll vintage: renovations after the sale are invisible, and new constructions of 2025–2026
may still be coded as land, which lowers new-build coverage at the end of the sample.

3.6. Geography

The hierarchy is province, 17 administrative regions, 103 MRCs and 1,125 municipalities with
at least one sale (Table 5); metropolitan communities (CMM for Montréal, CMQ for Québec)
and boroughs are carried for aggregation and diagnostics. Statistics Canada census metropolitan
area boundaries could not be obtained from the agency’s site (an automated bot check blocked
every download), so the metropolitan communities stand in for CMAs in external comparisons; the
difference in coverage is documented. Within municipalities, location is controlled by the finest
cell of a 500-m / 1-km / 2-km / 5-km grid in the NAD83 Quebec Lambert projection that contains
at least fifteen sales of the class, so that no cell is a singleton and changing sale locations cannot
masquerade as appreciation.
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Table 4. Completeness of the two main characteristics and share of new constructions in the headline sample,
by year and class

Headline sample (% of sales) 2021 2022 2023 2024 2025 2026

Houses: floor area 99.1 99.2 99.2 99.2 99.0 99.1
Houses: year built 99.0 99.1 99.1 99.1 98.9 99.0
Houses: new construction (
Condominiums: floor area 98.2 98.4 98.4 98.6 98.4 98.5
Condominiums: year built 99.9 99.8 99.8 99.8 99.8 99.8
Condominiums: new construction (
Plexes: floor area 97.7 97.7 97.7 97.8 97.8 97.9
Plexes: year built 97.9 97.7 97.9 98.0 98.0 98.0
Plexes: new construction (

Lot area, storeys, physical link and building genre are complete for more than 90% of
headline sales in every year (results/profile/completeness_by_year.csv). The provider’s
building style (12% present in January 2021, 87% in January 2025) is excluded from every
model. New constructions (sold in the roll’s construction year) fall to zero in 2025–2026
because the roll vintage lags construction.

Table 5. Municipalities by number of roll-matched sales, 2021–2026

Sales 2021–2026 Municipalities Sales

0-9 25 152
10-24 72 1,328
25-49 141 5,303
50-99 223 16,760
100-249 304 49,238
250-499 150 52,304
500-999 75 53,475
1000-4999 99 195,777
5000+ 20 355,639

Table 6. Earlier extractions of the transaction table compared with the final snapshot (publication lag audit)

Extraction Rows Last date Lag (days) Final rows ≤ last date Share present Deleted Price revised

2026-08-06 745,119 2026-07-27 10 745,227 99.99
2026-08-09 745,119 2026-07-27 13 745,227 99.99
2026-10-10 766,596 2026-09-29 11 766,682 99.99
2026-10-17 769,333 2026-10-06 11 769,678 99.96
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4. Estimand and measurement challenges

4.1. Definition

Let g index a geography in the hierarchy (province, region, MRC, municipality), k∈{house,condominium,plex}
a property class and t a month. Let X be the space of observable quality and location attributes
and Fg,k a fixed reference distribution of attributes for the pair (g,k). The object of measurement is
the quality-constant log price level

Lg,k,t =
∫
X

E[logP | x,g,k, t] dFg,k(x), (1)

and the index is Ig,k,t = 100exp
(
Lg,k,t − L̄g,k,2021

)
, where L̄g,k,2021 is the average over the months

of 2021 (the primary normalisation); January 2021 = 100 is offered as a secondary normalisation.
The base does not enter any growth rate: monthly and annual log changes ∆Lg,k,t and ∆12Lg,k,t are
invariant to it, which is verified in the code tests. Equation (1) is a price index for a constant basket,
not for the stock or for the transacted properties; the stock enters only through aggregation weights
(Section 9), and representative dollar prices are published separately as the exponential of the mean
log price of the cell’s sample at base-period prices, carried forward by the index.

4.2. Identification in a hedonic model

With a log-linear hedonic specification E[logP | x,g,k, t] = fk(x;θt)+αℓ(x)+Lg,k,t , the level Lg,k,t

is identified only up to the location of the reference distribution: a change in which dwellings sell
changes the sample mean of fk(x;θt)+αℓ and must not be read as a price change. Three design
choices follow. First, location enters through fixed effects at a scale fine enough that the composition
of sales within a cell is approximately constant in the attributes that are not observed; the coarser
the cell, the more unobserved location quality leaks into the index. Second, the quality prices θt

are allowed to drift smoothly: a floor-area elasticity that changes from 0.42 to 0.30 over five years
(Table 8) would otherwise bias the index for cells whose sold dwellings are larger or smaller than
the provincial reference. Third, the reference distribution is the cell’s own sample over the whole
period, so that the index is a within-cell comparison; common-support rules record the share of a
cell’s sales inside the central 98% of the class’s floor-area and age distributions.

4.3. Measurement challenges specific to thin markets

A municipality with four sales a month yields a monthly mean residual with a standard error of
roughly 0.19/

√
4 ≈ 0.10 log points for houses, an order of magnitude larger than any plausible

monthly price change. Any estimator that reports a monthly change from such a cell without pooling
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is reporting noise, and any estimator that pools without saying how much is hiding the problem.
The framework therefore reports, for every cell-month, the actual number of sales, the effective
sample size implied by the posterior variance, the share of the estimate that comes from the local
data (the Kalman gain), a 95% interval, and a grade. A model estimate for a month with zero local
sales is a model-assisted interpolation and is labelled as such; cells whose effective sample size
falls below five are labelled insufficiently identified and suppressed in the headline tables while
remaining in the panel for transparency.

Two further challenges are specific to the data. The publication delay is short and backfill is
absent, so real-time incompleteness is confined to the last month; but the roll’s single vintage means
that the characteristics are post-sale, and the $50,000 floor truncates the price distribution in the
cheapest markets. Both are discussed where they matter.

5. SHARP-HPI: framework and identification

5.1. Decomposition

For a sale i of class k in month t(i), located in municipality u(i), MRC m(i) and region r(i), and in
fine-location cell ℓ(i), the model is

logPi = fk
(
xi;θk,t(i)

)
+ αk,ℓ(i) + µk,t(i) + δ

R
r(i),k,t(i) + δ

M
m(i),k,t(i) + δ

U
u(i),k,t(i) + εi. (2)

The function fk is a flexible hedonic surface (cubic in centred log floor area, quadratic in centred
log lot area, age in nine bins, storeys, building genre, physical-link subtype for houses and number
of dwellings for plexes, with time-stable missingness indicators) whose floor-area and lot-area
coefficients are allowed to move linearly in a centred time index; αk,ℓ is a location fixed effect at the
finest grid cell with at least fifteen sales of the class; µk,t is the provincial path (a month effect);
and the three δ terms are nested deviations of the region from the province, of the MRC from
its region and of the municipality from its MRC. The quality-constant log level of municipality
u is Lu,k,t = µk,t +δ R

r(u),k,t +δ M
m(u),k,t +δU

u,k,t ; the level of an MRC omits the last term and that of a
region the last two. The cell-level spatial residual uspatial,t of the protocol is absorbed by αk,ℓ in
the cross-section and by the nesting in time; its remaining extent is measured by Moran’s I of the
residuals (Section 9).

5.2. Temporal evolution of the deviations

Each deviation follows a local-level process,

δg,t = δg,t−1 +ηg,t , ηg,t ∼ N(0,τ2
g ), (3)
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and is observed through the monthly mean of the stage-one residuals of the cell net of its parent’s
deviation,

ȳg,t = δg,t + eg,t , eg,t ∼ N
(
0,σ2

g/ng,t
)
, (4)

with no observation in months where ng,t = 0. A local-linear-trend alternative adds a stochastic
slope to (3); it is estimated as an ablation and did not improve on the local level (Section 7). The
observation variance σ2

g is the cell’s robust residual variance shrunk toward the class variance with
weight Ng/(Ng +100) for cells with few sales.

5.3. Identification and constraints

Three constraints identify (2). (i) The month effects µk,t are normalised at zero in January 2021 and
the location effects are absorbed, so that µ is the provincial path for a dwelling of fixed attributes in
a fixed cell. (ii) The deviations are deviations from the parent: because the location fixed effects
absorb each cell’s mean residual over the sample, every δg,· has zero sample mean by construction
and a diffuse initial state; a region’s level is therefore the province’s plus a zero-mean relative
movement, which is what makes the hierarchy additive and the indices coherent in logs. (iii) The
innovation variances τ2

g are identified from the autocovariance of ȳg,t only when the cell has several
observed months; for the many cells where this is not the case the variance is calibrated across cells
(next subsection). The real-time property follows from (3)–(4): the filtered estimate of δg,t uses
ȳg,1, . . . , ȳg,t only.

5.4. Adaptive pooling through empirical-Bayes calibration

The Kalman gain of (3)–(4) is κg,t = pg,t|t−1/(pg,t|t−1 +σ2
g/ng,t), where pg,t|t−1 is the predictive

variance of the state. It is the weight of the month’s local data in the updated estimate and it depends
on the cell through τ2

g and σ2
g and on the month through ng,t : a liquid month in a volatile cell gets

a gain near one; an empty month gets zero and the estimate is the parent-consistent prediction.
The adaptive element is the calibration of τ2

g . Estimating it by maximum likelihood cell by cell is
unstable for thin cells (the profile likelihood is flat and often maximised at the boundary, which
produces either a frozen deviation or one that chases noise). We instead place a normal prior on
logτ2

g shared by all cells of a level, logτ2
g ∼ N(mℓ,vℓ), estimate (mℓ,vℓ) by a grid EM algorithm

that maximises the marginal likelihood ∑g log
∫

Lg(τ
2)dN(logτ2;mℓ,vℓ) over the cells of the level,

and set each cell’s τ2
g to its posterior mode. A liquid cell is driven by its own likelihood; a thin

cell inherits the level’s typical signal-to-noise ratio. This is the empirical-Bayes logic of Efron and
Morris (1973) and Fay and Herriot (1979) applied to a dynamic variance component; it is not new,
and its value is established by the ablation that replaces it with per-cell maximum likelihood.
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5.5. Robust innovations

Transaction-level outliers are handled in stage one by Huber-type iteratively reweighted least squares
(k = 1.345 on MAD-standardised residuals). Monthly mean residuals can still be contaminated when
a cell has few sales, so the state-space step down-weights months whose standardised innovation
exceeds 1.345 by inflating their observation variance (two passes), a pragmatic approximation to
a Student-t observation density in the spirit of Francke and van de Minne (2017). The Gaussian
variant is an ablation.

5.6. Reliability bundle

For every cell-month the panel records ng,t ; the effective sample size ESSg,t = σ2
g/Var(δ̂g,t), the

number of transactions whose simple mean would have the posterior variance of the estimate;
the local-data weight κg,t ; the posterior standard error of the log level, which sums the state
variances along the hierarchy and the stage-one variance of µk,t (treating levels as independent,
an approximation examined by bootstrap); the covariate overlap; the lag-one autocorrelation of
the observed deviations; and the one-step-ahead standardised innovation, whose root mean square
should be one if the model is calibrated out of time. Grades A to E are thresholds on ESS and the
posterior standard error, anchored on the Monte Carlo coverage results (Table 11). The local-data
weight is a Kalman gain, not a probability or a quality score, and the panel documents it as such.

6. Estimation, inference, linking and publication vintages

6.1. Algorithm

Estimation is sequential and fast enough to be rerun monthly on a workstation (Table ??, last
column). Stage one is a weighted least-squares regression with absorbed location fixed effects
and explicit month dummies, iterated with Huber weights; it uses the full history available at the
estimation date and returns the provincial path with its standard errors and the residuals. Stage two
proceeds level by level: residual means and counts are computed per cell and month; the profile
likelihood of each cell on a 48-point grid of logτ2 between 10−8 and 2×10−2 is evaluated by the
Kalman filter; the level’s prior is estimated by grid EM; each cell is filtered and smoothed with its
posterior-mode τ2

g and two robustness passes; its deviation (smoothed in the retrospective mode,
filtered in the real-time mode) is subtracted from the residuals of its children before the next level.
The whole panel for one class (province, 16 regions with sales, up to 103 MRCs and more than a
thousand municipalities, 69 months) takes between ten and forty seconds.
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6.2. Inference

Intervals are model-based: the variance of a municipal log level is the sum of the smoothed (or
filtered) state variances of the municipality, its MRC and its region, plus the squared standard error
of the provincial month effect. This ignores the uncertainty in the hedonic coefficients beyond
µ , the estimation of σ2

g and τ2
g , and the covariance between levels. Two checks are reported: the

empirical coverage of the intervals in the Monte Carlo experiments, where the truth is known, and
a cluster bootstrap on the condominium class that resamples fine-location cells with replacement
and re-estimates both stages (Section 9). Intervals are frequentist in spirit (the prior on logτ2

is estimated, not elicited), and we call them confidence intervals; they are not posterior credible
intervals for the index. Where many municipal changes are compared, we report the share of
cells whose 12-month change excludes zero rather than individual significance, and the placebo
experiment gives the false-positive rate of that rule.

6.3. Normalisation and linking

The retrospective series are not spliced: they are re-estimated on the full sample and normalised
to the 2021 average. Real-time series are produced by re-estimating both stages at each monthly
publication date on the data available then. Three publication policies are compared on the resulting
vintage database: (a) full re-estimation, in which every published value may be revised; (b) a
movement splice, in which only the newest monthly change is appended to a frozen history, as in
RTD; (c) a revision-limited policy, in which a month is frozen after its third release, as in HMTS.
The vintage database records every release of every cell-month, so the revision statistics of Section 9
are measured, not assumed.

6.4. Real-time vintages

Publication date vm for month m is the last day of m plus ten days, the measured publication delay;
the data available at vm are the sales dated on or before vm −10 days, so the newest month is always
partial. Releases are simulated monthly from July 2022 (eighteen months of history) to October
2026 for the province, the regions and the municipalities with at least 1,500 sales; the location
partition and the empirical-Bayes priors are rebuilt from the available data at each vintage, so that
no information from the future enters any real-time value. The October 2026 observation is partial
through 7 October in every mode and is flagged as such in the panel.

6.5. Benchmarks

Eleven benchmark estimators are implemented on the same samples: (A) median and mean prices;
(B) a stratified median with fixed weights over floor-area terciles × age terciles × subtype; (C)
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pooled time dummies, ordinary and Huber; (D) rolling time dummies with 7-, 13- and 25-month
windows and window, movement and mean splices; (E) chained and direct double-imputation
Laspeyres, Paasche and Fisher indices from per-month hedonic regressions with coarse location
effects; (F) rolling-window GEKS on bilateral Fisher links with a movement splice; (G) HMTS as
described by Ishaak et al. (2024) and the Statistics Netherlands implementation, with a smooth-trend
state-space step on each base-period series and windows of 4 and 13 months; (H) Bailey–Muth–
Nourse and Case–Shiller repeat sales on pairs of the same assessment unit held at least six months;
(I) static empirical-Bayes partial pooling of cell deviations, the mixed-effects benchmark, which is
the special case of the state-space model with τ2 = 0; (J) a gradient-boosting residual index trained
strictly out of time on data before each month, reported as a diagnostic because predictive accuracy
is not index accuracy; and (K) a re-implementation of the production QWHPI v2.1 architecture
(13-month rolling Huber time dummies with mean splice for the province, direct local time dummies
for cells with a median of at least 40 sales per month, and a local-level Kalman deviation with
per-cell maximum-likelihood τ2 for thin cells).

7. Simulation design and Monte Carlo results

Table 7. Monte Carlo scenarios (60 months, 4 regions × 3 MRCs × 5 municipalities, log-normal municipality
sizes)

Scenario Drift (

baseline 0.4 1.2/0.6/0.4/0.60 +0.0 +0.00 4.0 / 1
turning point 0.6 → -0.8 at m36 1.2/0.6/0.4/0.60 +0.0 +0.00 4.0 / 1
flat quality up 0.0 0.6/0.6/0.4/0.60 +0.4 +0.00 4.0 / 1
rising quality down 0.8 1.2/0.6/0.4/0.60 -0.4 +0.00 4.0 / 1
drifting hedonics 0.4 1.2/0.6/0.4/0.60 +0.0 +0.15 4.0 / 1
heavy tails 0.4 1.2/0.6/0.4/0.60 +0.0 +0.00 2.5 / 4
sparse 0.4 1.2/0.6/0.4/0.60 +0.0 +0.00 4.0 / 1
no local dynamics 0.4 1.2/0.1/0.1/0.05 +0.0 +0.00 4.0 / 1
idiosyncratic towns 0.4 1.2/0.2/0.4/2.00 +0.0 +0.00 4.0 / 1

Quality trend = monthly drift of the mean log floor area of sold homes (composition);
β f a drift = change of the floor-area elasticity over the sample; sales scale multiplies
expected monthly sales (baseline median ≈ 3.3 per municipality).

8. Quebec monthly indices, 2021–2026

8.1. Stage one: quality prices

Table 8 reports the stage-one regressions. The within-cell fit is 0.53 for houses, 0.63 for condo-
miniums and 0.48 for plexes, with robust residual standard deviations of 0.185, 0.134 and 0.214
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log points. Floor area carries the expected convexity (Figure 2), age profiles show a premium for
near-new dwellings and depreciation that flattens after sixty years for houses and reverses for old
condominiums in central locations, and the time interactions are negative for floor area in all three
classes: the elasticity of price with respect to floor area fell during the sample (-0.134 per unit of the
centred time index for houses), which is consistent with smaller dwellings appreciating faster than
larger ones. A fixed-coefficient model (the “no time-varying prices” ablation) changes municipal
monthly changes by 0.48 log points on average, little, but the drift is real and costless to allow.

Table 8. Stage-1 robust hedonic regressions (selected coefficients; dependent variable log price)

Regressor Houses Condominiums Plexes

log floor area (centred) 0.418 0.697 0.326
log floor area2 0.039 0.107 -0.015
log floor area3 0.048 -0.017 -0.025
log lot area (centred) 0.131 0.043 0.144
log lot area2 -0.006 -0.018 -0.002
Age 2–5 0.182 0.014 0.205
Age 11–20 0.076 -0.127 0.022
Age 21–40 -0.039 -0.219 -0.130
Age 61–80 -0.281 -0.222 -0.342
Age 120+ -0.365 -0.201 -0.429
Two storeys -0.039 0.017 0.043
Semi-detached -0.091 — —
Row -0.131 — —
Triplex — — 0.066
5 units — — 0.207
log floor area × time -0.134 -0.091 -0.119
log lot area × time 0.046 0.123 0.085
Floor area missing -0.088 -0.095 0.064
Age missing -0.088 -0.039 -0.088
Observations 422,196 122,914 86,245
Robust residual s.d. 0.185 0.134 0.214
Within R2 0.533 0.629 0.480

Huber-IRLS (k = 1.345) with fine-location fixed effects (nested
metric grid, finest cell with at least 15 sales) and month effects; time
index tt runs from −0.5 (January 2021) to 0.5 (October 2026). Full
coefficient lists in results/panel/stage1_meta.json.

8.2. Stage two: calibrated signal-to-noise ratios

Table 9 reports the empirical-Bayes priors. The prior median innovation standard deviation of
regional deviations is 3.66% per month for houses with a tight prior variance (0.2), that of munic-
ipalities 7.32% with a wide prior (1.8): municipalities differ genuinely in how much they move
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Figure 2. Stage-one quality profiles: age effects (left) and floor-area effects (right), by class.

relative to their MRC, and the calibration lets liquid cells keep their own estimate while thin cells
inherit the typical ratio. Figure 3 shows the consequence: the mean local-data weight rises with
liquidity from near zero below one sale a month to above 0.8 in the largest cities, and the effective
sample size tracks the actual count for liquid cells and exceeds it for thin cells, which is the pooling.

Table 9. Empirical-Bayes priors for the innovation standard deviation of cell deviations

Class / level Prior median τ (

house / region 3.66 0.24
house / mrc 2.07 5.35
house / municipality 7.32 1.79
condo / region 1.89 0.76
condo / mrc 1.89 7.98
condo / municipality 1.18 11.30
plex / region 2.81 0.07
plex / mrc 1.70 7.63
plex / municipality 4.16 3.73

Grid EM over all cells of a level with at least six
observed months; τ is the monthly standard deviation
of the latent deviation from the parent path.

8.3. The panel

The panel contains 2,654 geography–class cells (2,321 municipal) over 69 months. The provincial
house index stands at 154.9 in September 2026 (2021 average = 100), condominiums at 136.4 and
plexes at 151.2, with twelve-month changes of 6.1%, 1.3% and 4.8%. Table 10 gives the twelve
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Figure 3. Municipal cells: mean local-data weight (Kalman gain) and mean effective sample size against
median monthly sales.

largest municipalities with intervals and grades, Figure 4 six municipalities spanning the liquidity
range, and Figure 5 the map of the municipal house index with the reliability hatching. Across
the 55 municipalities graded A to C for houses in September 2026, the index ranges from 133 at
the tenth percentile to 174 at the ninetieth (median 153): the dispersion of five-year appreciation
across Quebec municipalities is as large as the provincial appreciation itself. Table 11 gives the
distribution of grades: most regional and MRC cell-months are graded A to C, while a majority of
municipal cell-months are graded D or E and are published for transparency only. The series are not
seasonally adjusted; the monthly profile visible in Figure 4 (dips in winter months) is a composition
effect in unobserved attributes that the hedonic controls do not remove and that users of monthly
changes should treat as seasonal.

8.4. Aggregation and coherence

Section 4 defined the headline as a constant-basket index. The provincial path µk,t is estimated on
all sales and is therefore transaction-weighted across municipalities. Table 12 compares it with
bottom-up aggregates of the municipal indices weighted by the housing stock (dwelling units or
assessed value, from the roll), by transactions, and equally. The stock-weighted house aggregate
differs from the direct provincial path by +1.8 log points over 2021–2026 (root mean squared
gap 1.3 per month) and the equal-weighted aggregate by +6.7: small municipalities appreciated
more than large ones, so the choice of weights is a choice of estimand, not a reconciliation error.
A reconciliation projection that forces the direct and bottom-up series to agree would move the
provincial series toward whichever weighting is imposed; we do not impose it and report the gap
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Table 10. SHARP-HPI, September 2026 (2021 average = 100), twelve largest municipalities by sales: index
[95% interval] grade

Municipality Houses Condominiums Plexes

Montréal 132.5 [129, 137] B 128.5 [126, 131] A 135.7 [130, 141] B
Québec 166.8 [162, 171] A 152.9 [148, 158] B 164.2 [156, 172] B
Laval 142.3 [139, 146] A 132.9 [129, 137] A 146.9 [139, 155] C
Gatineau 142.1 [138, 147] B 127.2 [123, 131] B 145.7 [138, 154] C
Longueuil 137.3 [132, 143] B 133.5 [130, 137] A 133.8 [126, 142] C
Sherbrooke 173.9 [167, 181] B 158.7 [152, 166] B 150.7 [140, 162] D
Saguenay 167.3 [161, 173] B 152.6 [146, 160] B 168.8 [159, 180] C
Lévis 169.6 [164, 176] B 151.2 [145, 158] B 165.7 [155, 177] C
Trois-Rivières 188.1 [180, 197] B 170.8 [162, 181] C 204.6 [189, 221] D
Terrebonne 152.4 [147, 158] B 133.1 [128, 138] B 153.5 [142, 166] D
Saint-Jérôme 154.3 [148, 161] B 145.4 [140, 151] B 155.2 [145, 166] C
Saint-Jean-sur-Richelieu 152.9 [147, 159] B 136.0 [129, 143] C 147.5 [138, 158] D

Table 11. Distribution of reliability grades across cell-months (percent of cell-months)

Level / class A B C D E Cell-months

mrc / condo 10 13 23 10 45 5,600
mrc / house 10 47 33 8 2 7,140
mrc / plex 0 7 34 37 22 7,070
municipality / condo 3 12 14 12 59 17,150
municipality / house 0 2 5 10 83 77,630
municipality / plex 0 0 1 4 94 67,690
province / condo 100 0 0 0 0 70
province / house 100 0 0 0 0 70
province / plex 1 99 0 0 0 70
region / condo 32 24 30 1 12 1,120
region / house 57 33 7 3 0 1,190
region / plex 0 43 41 10 6 1,190

A: effective sample size ≥ 150 and posterior s.e. of the log level
< 1.5%; B: ≥ 75 and < 2.5%; C: ≥ 30 and < 3.5%; D: ≥ 15 and
< 5%; E otherwise (published for transparency, flagged).
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Figure 4. SHARP-HPI house indices with 95% intervals for six municipalities of decreasing liquidity
(smoothed, retrospective mode).
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Figure 5. Municipal house index in September 2026 (2021 = 100) on 2026 municipal boundaries; hatched
cells are graded D or E.
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instead.

Table 12. Provincial aggregation: stock-weighted, transaction-weighted and equal-weighted bottom-up
aggregates of municipal indices versus the direct provincial path (log ×100, January 2021 to September 2026)

Class Weights Municipalities Bottom-up total change Direct total change RMSE vs direct Max gap

house Housing stock (units) 1093 58.8 56.9 1.32 3.9
house Housing stock (assessed value) 1093 54.9 56.9 1.70 4.3
house Transactions 2021–2026 1109 59.5 56.9 1.41 3.7
house Equal municipality weights 1109 63.6 56.9 2.29 6.0
condo Housing stock (units) 244 41.8 44.1 0.89 2.0
condo Housing stock (assessed value) 244 40.1 44.1 1.51 2.7
condo Transactions 2021–2026 245 43.4 44.1 0.58 1.8
condo Equal municipality weights 245 49.7 44.1 3.20 5.2
plex Housing stock (units) 962 49.1 52.8 1.64 3.1
plex Housing stock (assessed value) 962 45.6 52.8 3.29 6.5
plex Transactions 2021–2026 967 51.3 52.8 0.83 1.9
plex Equal municipality weights 967 54.5 52.8 1.84 3.9

9. Benchmarks, validation, ablation and robustness

9.1. Benchmarks at the provincial and regional levels

9.2. Agreement with repeat sales

Table 13 compares SHARP-HPI with Case–Shiller repeat-sales indices estimated on the same cells
where at least 300 pairs exist. At the provincial level the two house series have a correlation of 0.99
in levels; across regions the median correlation is 0.95 and across the 20 municipalities with enough
pairs 0.81. The repeat-sales total change exceeds the hedonic one by a median of -0.1 log points
for houses at the regional level and -22.9 for condominiums. The sign and the class pattern are
the classical ones: repeat sales of houses embed renovations and the selection of resold dwellings
(Clapp et al., 1991; Gatzlaff and Haurin, 1997; Nowak and Smith, 2020), which bias them upward
relative to a constant-quality index, while condominiums are renovated less. Repeat sales are an
independent arbiter of the movement, not the truth, and the Monte Carlo evidence is the only place
where the truth is known.

9.3. Composition shock

Table 14 and Figure 6 report a synthetic quality-composition shock: in four regions, the smallest
40% of houses (by floor area) are removed from the sample from January 2024 onward, which
raises the median price mechanically. The median index records a spurious 2023-to-2024 jump of
+23.4 log points in the Montréal region and +12.5 in the Capitale-Nationale; the pooled time dummy
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Table 13. Agreement between SHARP-HPI and Case–Shiller repeat-sales indices estimated on the same
cells (cells with at least 300 pairs)

Level / class Cells Pairs Corr. levels (median) Corr. 12-m changes (median) RMSE levels (median, ×100) RS − SHARP total change (median, ×100)

province / house 1 45,354 0.99 0.90 3.0 +12.8
province / condo 1 18,518 0.99 0.94 1.6 -7.5
province / plex 1 9,508 0.98 0.56 3.3 +7.5
region / house 16 45,242 0.95 0.41 6.4 -0.1
region / condo 8 17,471 0.89 0.68 4.8 -22.9
region / plex 10 8,603 0.86 0.35 10.2 +3.7
municipality / house 24 18,982 0.81 0.37 12.6 +9.7
municipality / condo 7 11,212 0.88 0.65 4.9 +3.2
municipality / plex 5 3,702 0.86 0.33 8.9 +5.8

Repeat-sales pairs: same assessment unit, holding period of at least six months, both sales in the headline sample.

moves by -0.5 and -0.4, and SHARP-HPI by +0.3 and -0.7. The hedonic controls remove the shock
almost entirely; the residual effect is the extrapolation of the floor-area curve to a truncated support.

Table 14. Synthetic composition shock (houses): the smallest 40% of houses are removed from the sample
from January 2024; change in the 2023-to-2024 mean log index (×100)

Region Method 2023→2024 change, original Same, shocked sample Shock effect

Region 03 Median price +9.5 +22.0 +12.5
Region 03 Pooled time dummy (Huber) +9.3 +8.9 -0.4
Region 03 SHARP-HPI +9.3 +8.6 -0.7
Region 06 Median price +4.0 +27.4 +23.4
Region 06 Pooled time dummy (Huber) +3.3 +2.8 -0.5
Region 06 SHARP-HPI +3.2 +3.5 +0.3
Region 07 Median price +5.7 +18.7 +12.9
Region 07 Pooled time dummy (Huber) +5.5 +4.6 -0.9
Region 07 SHARP-HPI +5.6 +5.4 -0.2
Region 16 Median price +6.1 +19.7 +13.6
Region 16 Pooled time dummy (Huber) +6.6 +6.1 -0.5
Region 16 SHARP-HPI +6.9 +6.7 -0.1

9.4. Placebo

When sale months are randomly permuted within each municipality (keeping composition, location
and the municipality’s sales calendar but destroying the time structure), the estimated municipal
deviations should be flat. Table 15 shows that they are: the median standard deviation of the placebo
deviation path is below 1.6 log points at the municipal level and below 0.3 at the MRC level, and
the share of placebo 12-month changes outside their 95% band is 0.7% for houses and 0.4% for
condominiums at the municipal level, below the nominal 5%. At the regional level for houses
the rate is 11.8%, above nominal: with 50 or more sales a month the permuted means are not
independent across months because the permutation preserves within-municipality volumes, and
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Figure 6. Composition shock (houses, four regions): shift of the 2023-to-2024 change after removing the
smallest 40% of houses from January 2024.

the residual seasonal composition survives. Figure 7 contrasts the placebo and actual distributions
of 12-month municipal changes.

Table 15. Placebo: sale months permuted within municipality (three replications); estimated deviations
should be flat

Class / level Cells s.d. of deviation (×100) Median max |12-m change| (×100) % of 12-m changes outside 95

condo / mrc 240 0.22 0.32 0.5 0.35
condo / municipality 735 0.17 0.26 0.4 0.47
condo / region 48 0.05 0.07 0.0 0.10
house / mrc 306 0.25 0.35 1.6 0.22
house / municipality 3327 1.58 2.39 0.7 1.40
house / region 51 0.84 2.70 11.8 0.75
plex / mrc 303 0.28 0.33 0.2 0.35
plex / municipality 2901 0.95 1.32 0.1 1.63
plex / region 51 0.09 0.15 0.3 0.14

9.5. Residual spatial dependence

Moran’s I of the stage-one residuals on ten nearest neighbours, computed in June of each year
province-wide and within the three largest cities (Table 16, Figure 8), is small: within cities it ranges
between −0.02 and 0.04 and is significant at the 5% level in a minority of the months tested. The
500-m to 1-km location cells absorb most of the spatial structure; what remains is a second-order
concern for the index, which averages residuals over cells, but it means that model-based intervals
understate the variance in cells where the sold dwellings cluster.
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Figure 7. Placebo (months permuted within municipality) versus actual absolute 12-month changes of
municipal house indices.

Table 16. Residual spatial autocorrelation of stage-1 residuals (June of each year)

Class / scope Months tested Mean Moran’s I (10-NN) Mean z % months significant

condo / Montréal 6 0.024 2.56 66.7
condo / Québec 6 0.044 2.85 66.7
condo / province 6 0.068 9.64 100.0
house / Gatineau 6 0.019 1.18 16.7
house / Montréal 6 -0.002 -0.28 0.0
house / Québec 6 0.003 0.29 0.0
house / province 6 0.017 5.27 83.3
plex / Montréal 6 0.005 0.33 0.0
plex / Québec 2 -0.002 -0.23 0.0
plex / province 6 0.025 3.05 83.3
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Figure 8. Moran’s I (10 nearest neighbours) of stage-one house residuals, June of each year.
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9.6. Bootstrap versus model-based intervals

A cluster bootstrap that resamples fine-location cells with replacement and re-estimates both stages
(40 draws, condominiums) gives the comparison in Table 17. For the province the bootstrap standard
error of the log level is about half the model-based one: the model-based µ standard error from the
weighted regression does not exploit the within-cell dependence that the bootstrap preserves, and is
conservative. For municipalities with 200 to 600 sales the bootstrap is 1.34 times the model-based
standard error (median over the cells tested): the stage-two variances treat the monthly residual
means as independent observations with known variance, and the bootstrap adds the variance of the
hedonic surface and of the location effects. For the thinnest cells the ratio falls below one, because
resampling cells rather than sales leaves a cell with three sales almost unchanged. We report the
model-based intervals in the panel and this calibration table alongside them; a user who wants
conservative intervals for mid-sized municipalities should inflate them by the tabulated ratio.

Table 17. Cluster bootstrap (40 draws, resampling fine-location cells) versus model-based standard errors,
condominiums (×100)

Cell (condominiums) Sales Model s.e. level Bootstrap s.e. level Ratio Model s.e. 12-m Bootstrap s.e. 12-m Ratio

province QC 122,989 0.87 0.50 0.58 1.21 0.61 0.50
municipality 78032 61 7.53 11.67 1.55 10.65 14.93 1.40
municipality 71060 204 2.48 3.91 1.58 3.50 4.71 1.34
municipality 61025 199 2.65 3.71 1.40 3.73 4.55 1.22
municipality 60037 17 4.07 3.19 0.78 5.70 3.42 0.60
municipality 68010 3 10.60 6.18 0.58 14.41 5.61 0.39
municipality 63023 1 14.84 12.31 0.83 20.75 10.71 0.52
municipality 77043 199 3.70 6.96 1.88 5.16 9.00 1.74
municipality 59015 348 2.18 5.74 2.63 3.07 7.77 2.53
municipality 45072 621 2.83 4.33 1.53 3.96 5.58 1.41
municipality 78010 12 10.31 9.31 0.90 15.87 10.02 0.63
municipality 32043 5 8.40 6.52 0.78 12.29 6.77 0.55
municipality 53065 3 9.24 4.51 0.49 12.73 3.66 0.29
region 02 754 1.76 2.81 1.60 2.49 3.37 1.36
region 07 4,851 1.38 1.76 1.28 1.92 2.01 1.05
region 04 1,187 2.07 3.44 1.67 2.89 4.33 1.50
region 06 46,957 0.98 0.91 0.93 1.37 1.12 0.81
region 17 608 2.18 3.53 1.62 3.07 4.25 1.38

9.7. Ablations on the Quebec data

Table 18 reports, for each class and level, how far each variant’s municipal monthly changes depart
from the full model and the out-of-time calibration of its one-step-ahead innovations. Removing the
empirical-Bayes calibration (per-cell maximum likelihood τ2) changes house municipal monthly
changes by 0.71 log points on average and lowers the mean local-data weight, because many
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thin cells end at the lower boundary of τ2 and are frozen to their parent. The Gaussian variant
and the municipality-level location variant change the series by 3.16 and 3.49 log points, the
largest departures: outlying months and within-municipality location shifts both matter. Removing
the MRC level changes municipal series by 3.66 log points, which measures how much the
administrative hierarchy itself contributes. The out-of-time innovation diagnostics are above one
for every variant (1.38 for the full model at the municipal level): the model’s one-step predictive
variances are too small by 20–40% for houses, consistent with the bootstrap, and no variant closes
the gap; the local-linear-trend variant is slightly worse than the local level.

Table 18. Real-data ablations at the municipality level: RMSE of monthly changes against the full model
(×100) and one-step-ahead standardized innovation diagnostics

Variant H: ∆ vs full H: OOS z H:

Full model 0.00 1.38 86 0.00 1.22 90 0.00 1.33 87
No EB pooling of τ2 0.71 1.42 85 0.35 1.22 90 0.96 1.33 87
Fixed quality prices 0.48 1.38 86 0.44 1.21 90 0.42 1.32 87
Local linear trend 1.04 1.42 85 0.88 1.19 90 1.24 1.32 87
Gaussian innovations 3.16 1.27 88 1.74 1.08 92 1.92 1.24 88
Municipality-level location FE 3.49 1.35 87 1.55 1.11 91 1.64 1.27 88
No MRC level 3.66 1.34 87 1.47 1.21 90 1.71 1.31 87

OOS z = root mean square of the standardized one-step-ahead prediction error of the cell’s
monthly mean deviation (1 if calibrated); % in band = share of innovations inside ±1.96.

9.8. Sample screens

Table 19 shows that the provincial time-dummy path is insensitive to the sample screens: keeping
the assessment-ratio outliers, dropping type conflicts or new constructions, applying a monthly
1–99% price trim, or keeping only roll-classified sales changes the 2021–2026 house path by at most
one log point at any month, and the Huber and ordinary least-squares versions differ by less than
two log points in total. The robustness comes from the robust likelihood and the location controls,
not from the screens.

9.9. Real-time vintages and revisions

9.10. External comparison

Table 20 compares the provincial and metropolitan SHARP series with the Teranet–National Bank
and CREA indices, rebased to the 2021 average and compared on annual means to avoid the thin
January 2021. In the Québec City metropolitan area the agreement is close: the SHARP house
aggregate rises by 47.9 log points from 2021 to 2026 against 45.5 for the CREA single-family
benchmark and 43.7 for Teranet (all types), and the condominium aggregate by 43.9 against 47.1
for CREA apartments. In Montréal the SHARP house aggregate rises by 35.6 against 25.0 for
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Table 19. Sensitivity of the provincial time-dummy path to the sample screens (log ×100)

Class Sample Sales Total change (Huber) Total change (OLS) RMSE monthly vs headline Max level gap

house Headline sample 422,658 56.6 58.4 0.00 0.0
house Assessment-ratio outliers kept 437,144 57.2 59.6 0.27 0.9
house Type conflicts dropped 420,995 56.5 58.5 0.04 0.1
house New construction dropped 409,697 56.0 56.8 0.17 0.9
house Monthly 1–99
house Roll-classified sales only 419,217 56.5 58.2 0.07 0.2
condo Headline sample 122,989 43.9 44.1 0.00 0.0
condo Assessment-ratio outliers kept 124,678 43.6 43.7 0.12 0.6
condo Type conflicts dropped 122,037 43.4 43.7 0.05 0.5
condo New construction dropped 122,450 43.8 43.8 0.09 0.3
condo Monthly 1–99
condo Roll-classified sales only 122,982 43.8 44.0 0.01 0.1

CREA and 26.1 for Teranet, a gap of about ten log points, while condominiums are within five
points of CREA apartments. Table 21 shows that the gap is in the data rather than in the estimator:
repeat sales on our own Montréal house sample rise by 36.1 log points, the same as the SHARP
aggregate, whereas repeat sales on all three classes together rise by 30.1, closer to Teranet’s all-type
26.1. Two explanations remain for the house gap relative to CREA: the CREA benchmark uses
bedroom, bathroom and other listing attributes that absorb quality upgrades our roll variables cannot,
and brokered resales are a different population from registry deeds. The correlation of 12-month
changes between SHARP and the external series is between 0.95 and 0.95 in Montréal; in Québec
City it is lower because the SHARP metropolitan aggregate is noisier month to month than the
smoothed external series.

10. Economic implications and applications

Three uses follow from a monthly municipal panel with reliability accounting. First, assessment:
Quebec’s triennial rolls are indexed to a reference date, and the ratio of sale prices to assessed
values drifts between rolls; a municipal index with an interval gives assessors and the provincial
agency a defensible time-adjustment factor for sales comparison, and the grade tells them when the
factor should be the MRC’s or the region’s rather than the municipality’s. Second, monitoring: the
dispersion documented in Section 8 means that provincial aggregates hide most of the variation
that matters for local housing policy; the panel makes the variation visible while labelling the cells
where it is not identified. Third, research: a constant-quality index at the municipal level with a
measured revision profile is the input that studies of local demand shocks, migration, short-term
rentals or zoning changes need, and the real-time vintages allow such studies to use the information
that was available at the time.
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Table 20. Comparison with external indices: change of the annual mean log index from 2021 to 2026
(January–September), log ×100, and correlations of 12-month and 1-month log changes

SHARP series External series Geography SHARP 2026 vs 2021 External 2026 vs 2021 Gap Corr. 12-m Corr. 1-m

condo (CMM/CMQ) CREA MLS HPI, Composite NSA Montréal CMA 28.4 23.5 +4.9 0.88 0.54
condo (CMM/CMQ) CREA MLS HPI, Apartment NSA Montréal CMA 28.4 23.7 +4.7 0.92 0.52
condo (CMM/CMQ) CREA MLS HPI, Single Family NSA Montréal CMA 28.4 25.0 +3.4 0.86 0.48
condo (CMM/CMQ) Teranet-NB, NSA (repeat sales) Montréal CMA 28.4 26.1 +2.3 0.95 0.63
house (CMM/CMQ) CREA MLS HPI, Single Family NSA Montréal CMA 35.6 25.0 +10.6 0.91 0.33
house (CMM/CMQ) CREA MLS HPI, Composite NSA Montréal CMA 35.6 23.5 +12.2 0.92 0.33
house (CMM/CMQ) Teranet-NB, NSA (repeat sales) Montréal CMA 35.6 26.1 +9.6 0.95 0.70
house (CMM/CMQ) CREA MLS HPI, Apartment NSA Montréal CMA 35.6 23.7 +12.0 0.90 0.24
condo province CREA MLS HPI, Apartment NSA Quebec (province) 31.6 24.7 +6.9 0.88 0.58
condo province CREA MLS HPI, Composite NSA Quebec (province) 31.6 26.5 +5.2 0.84 0.58
condo province CREA MLS HPI, Single Family NSA Quebec (province) 31.6 28.1 +3.5 0.83 0.52
house province CREA MLS HPI, Composite NSA Quebec (province) 42.3 26.5 +15.9 0.91 0.37
house province CREA MLS HPI, Single Family NSA Quebec (province) 42.3 28.1 +14.3 0.91 0.36
house province CREA MLS HPI, Apartment NSA Quebec (province) 42.3 24.7 +17.6 0.92 0.30
condo (CMM/CMQ) Teranet-NB, NSA (repeat sales) Québec CMA 43.9 43.7 +0.2 0.71 0.13
condo (CMM/CMQ) CREA MLS HPI, Single Family NSA Québec CMA 43.9 45.5 -1.6 0.60 0.06
condo (CMM/CMQ) CREA MLS HPI, Composite NSA Québec CMA 43.9 44.3 -0.4 0.67 0.11
condo (CMM/CMQ) CREA MLS HPI, Apartment NSA Québec CMA 43.9 47.1 -3.1 0.67 0.19
house (CMM/CMQ) CREA MLS HPI, Apartment NSA Québec CMA 47.9 47.1 +0.9 0.54 -0.01
house (CMM/CMQ) CREA MLS HPI, Composite NSA Québec CMA 47.9 44.3 +3.6 0.59 -0.08
house (CMM/CMQ) CREA MLS HPI, Single Family NSA Québec CMA 47.9 45.5 +2.4 0.56 -0.09
house (CMM/CMQ) Teranet-NB, NSA (repeat sales) Québec CMA 47.9 43.7 +4.3 0.63 0.54

Teranet–National Bank: repeat sales on all registry transfers, CMA, all residential types. CREA MLS HPI: benchmark hedonic on brokered
resales, CMA / provincial aggregate. SHARP metropolitan series = stock-weighted aggregates of municipal cells inside the Montréal (CMM)
and Québec (CMQ) metropolitan communities; all series rebased to 2021 average = 100 before comparison.

Table 21. Repeat-sales and median-price changes computed on the Vrai Prix data for the geographies of the
external indices (annual means, log ×100)

Sample (this data) Pairs Repeat sales 2026 vs 2021 Median price 2026 vs 2021

Montréal (CMM) houses 11,722 36.1 31.9
Montréal (CMM) condos 11,605 22.1 21.6
Montréal (CMM) all three classes 26,579 30.1 31.0
Island of Montréal (region 06) all 8,978 19.7 23.5
Québec (CMQ) all three classes 8,794 46.8 45.2
Province houses 45,354 47.7 41.9
Province all three classes 73,384 43.3 38.7

Case–Shiller weighted repeat sales, holding period at least six months. Teranet Montréal CMA (all types)
rises by 26.1 and Québec CMA by 43.7 on the same basis.
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Two cautions accompany these uses. The index measures the price of a constant basket in the
observable attributes; renovations and unobserved quality improvements are in the index, not out of
it, and the comparison with the CREA benchmark index in Section 9 suggests that this matters for
houses in Montréal. And the intervals are model-based and, for mid-sized municipalities, narrower
than a cluster bootstrap by a factor of about 1.34 (Table 17); users who need conservative inference
should widen them accordingly.

11. Limitations and conclusion

11.1. Limitations

The data limit what any estimator can do. Characteristics come from a single current roll vintage,
so renovations after the sale are invisible and recent new constructions may be excluded; the
provider collects no sale below $50,000; the roll’s neighbourhood code is unusable, and location
is a metric grid rather than an economic neighbourhood; arm’s-length status, financing and listing
information are absent; and the single date per sale conflates signing and registration. The model is
sequential: stage two conditions on stage-one residuals and the intervals omit hedonic-parameter
and hyper-parameter uncertainty, which the bootstrap shows to matter for mid-sized municipalities.
The hierarchy is administrative; a municipality is shrunk toward its MRC whether or not the MRC
is its housing market, and the ablation that removes the MRC level shows that this choice changes
municipal monthly changes by a few log points. Seasonality is not modelled. The Monte Carlo
design, although rich, is ours, and the two counter-examples were chosen by us. Statistics Canada
boundaries could not be obtained, so external comparisons use metropolitan communities.

11.2. Conclusion

We set out to measure constant-quality house price movements where the data are thin, and to say
how far they can be trusted. The framework integrates known components; the evidence shows that
their combination produces municipal monthly indices with errors a fraction of those of medians
and cell-level time dummies in simulation, intervals whose coverage is close to nominal when the
innovation variance is calibrated across cells, a revision profile that is measured rather than designed
away, and aggregates that agree with external indices where the scopes match. It also shows where
the approach should not be used: in markets with strong idiosyncratic local dynamics the pooled
estimator lags a direct one, and for cells with fewer than fifteen effective observations no estimator
reports more than a model-assisted interpolation. The panel, the vintage database and the code are
released so that both claims can be checked.
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Appendices
A. Algorithms

Stage one. For class k: (1) build features (conditional-median imputation of floor area, lot area
and age within class × municipality, then class × region, then class; missingness indicators); (2)
assign the location partition: the finest cell among 500 m, 1 km, 2 km, 5 km, municipality and
MRC with at least 15 sales of the class; (3) fit logP on the hedonic terms, their time interactions
and month dummies with absorbed location effects by weighted least squares; (4) compute Huber
weights wi = min(1,1.345s/|ei|) with s the MAD-based scale and refit twice; (5) return µk,t , its
standard errors, the residuals and the robust scale.

Stage two. For each level in (region, MRC, municipality): (1) subtract the parent’s deviation path
from each residual; (2) aggregate residual means ȳg,t and counts ng,t ; (3) set σ2

g = ws2
g +(1−w)σ2

k

with w = Ng/(Ng + 100) and sg the cell’s MAD-based scale; (4) evaluate the Kalman-filter log-
likelihood of each cell with at least six observed months on the grid logτ2 ∈ [log10−8, log2 ·10−2]

(48 points); (5) run the grid EM for (mℓ,vℓ) with vℓ ≥ 0.05; (6) for each cell choose τ2
g at the

mode of logLg(τ
2)− (logτ2 −mℓ)

2/(2vℓ), run the filter, down-weight months with standardised
innovations above 1.345 by dividing their observation variance by the Huber weight, re-choose
τ2

g and re-run (two passes), and apply the Rauch–Tung–Striebel smoother; (7) pass the smoothed
(retrospective) or filtered (real-time) deviation to the children.

Kalman recursions. With state δt , δt|t−1 = δt−1|t−1, pt|t−1 = pt−1|t−1 + τ2; if nt > 0: Ft =

pt|t−1 +σ2/nt , vt = ȳt − δt|t−1, κt = pt|t−1/Ft , δt|t = δt|t−1 +κtvt , pt|t = pt|t−1(1−κt), logL +=

−1
2(log2πFt + v2

t /Ft); otherwise δt|t = δt|t−1, pt|t = pt|t−1, κt = 0. The initial state is diffuse
(p0 = 0.25). The smoother runs backward with gain ct = pt|t/pt+1|t .

B. Data cleaning rules

The rules of Table 2 are implemented in src/sharp_hpi/cleaning.py. Classification precedence:
(R1) roll building year after the sale year; (R2) roll type “terrain” or use code beginning with 9
or 4; (R3) use code outside {1000, 1100, 1211}; (R4) class from the roll (1000 with 1 dwelling
and “Intégré” link: condominium; 1000 with 1 dwelling and detached/semi/row link: house;
1000 with 2–5 dwellings: plex; 6 or more: multi-unit; 1100: cottage; 1211: mobile home);
(R5) provider label when the roll is incomplete. Flags: exact duplicate (parcel, date, price),
same parcel same day different prices, shared parcel (> 10 sales), multi-parcel deed (same date,
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price, municipality and street name, or same date, price and 0.01◦ cell), assessment-ratio outlier
(| log(P/A)−medianyear,class,region|> log4, with A the assessment in force at the sale), price above
$10 million. Independent flag counts and the provider-versus-roll agreement are in the repository.

C. Geographic concordance

Boundaries: MRNF Découpages administratifs 1:20 000, version V2026-07, layers munic_s (mu-
nicipality, MRC and region codes), comet_s (metropolitan communities), arron_s (boroughs);
CRS NAD83 geographic, metric operations in NAD83 / Quebec Lambert (EPSG:32198). Every
sale falls inside a municipal polygon. The MAMH municipal register supplies population, des-
ignation and constitution dates; municipalities constituted or merged after January 2021 (Amos
2025, Courcelles–Saint-Évariste 2024, Hébertville 2026, La Morandière-Rochebaucourt 2023, La
Pocatière 2025, Lac-des-Aigles 2024, Notre-Dame-de-la-Salette 2022, Oujé-Bougoumou 2023,
Plessisville 2024) are coded on their 2026 boundaries throughout.

D. Simulation design

Table 7 lists the scenarios. Each replication draws 60 municipalities (4 regions × 3 MRCs × 5
municipalities) with expected monthly sales λu ∼ log-normal(1.2,1.32) (median 3.3; the “sparse”
scenario multiplies by 0.35), housing stock proportional to λu times a uniform(80,160) factor,
latent paths µt (random walk with drift, optional break), δ R, δ M, δU (random walks with the
stated innovation standard deviations; half of the municipalities have τU/4), sales ∼ Poisson(λust)

with seasonal factor st = 1+0.6cos(2π(t mod 12−5)/12), log floor area ∼ N(log120+0.15mu +

qt,0.352) with municipality level mu ∼ N(0,0.252) and quality trend q, gamma ages, log lot areas,
storeys, a hedonic surface with quadratic floor-area and age terms and an elasticity that drifts by β f a

over the sample, spatially correlated cell quality 0.08sin(x/1500)cos(y/1500)+0.06⊮(radius <
1.5 km), Student-t noise with the stated degrees of freedom and contamination, resales (12% of
sales are of a randomly chosen earlier parcel of the same municipality at least six months earlier),
floor area missing at the stated rate, and exponential registration lags with mean 10 days. The truth
for a municipality is Lu,t ; for a region, MRC or the province it is the stock-weighted mean of its
municipalities’ Lu,t .

E. Supplementary tables

38



Table 22. Completeness of characteristics by year of sale, all raw rows (including land, non-residential and
unmatched sales)

Variable (% non-missing) 2021 2022 2023 2024 2025 2026

Floor area 79.6 81.6 86.5 88.8 88.2 85.2
Year built 69.8 77.0 86.4 88.9 88.4 85.3
Lot area 99.6 99.7 99.8 99.8 99.8 98.1
Storeys 90.8 90.1 91.2 91.6 92.0 92.9
Physical link 89.9 89.4 90.5 90.9 91.2 92.2
Building genre 86.3 85.6 87.0 87.4 87.8 88.8
Provider style (banned) 12.8 51.4 82.5 85.2 84.8 81.8
Roll identifier 98.8 98.8 99.1 99.4 99.5 99.3

The provider’s building style is backfilled over time and is excluded from every
model (time-correlated missingness). Lower shares in 2021 reflect the larger
share of land and unclassified rows, not missing data in the headline sample
(Table 4).
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