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INTRODUCTION

o Automated Valuation Models (AMVs) mathematically estimate
property values at scale, making them a promising avenue for fairer tax
reform; 1n fact, the Local Government Finance (Wales) Act 2024 has
already deployed AVMs to revaluate 1.5 million homes for Welsh
Council Tax band adjustments.

e Internal floor area 1s a significant factor in home valuation, yet existing
aggregate-level analysis of floor area’s relationship to price disregards
spatial variations 1n this relationship. AVMs assuming a single global
risk systematically misvaluing properties, undermining the fairness
they’re meant to bring.

e This study sampled 25,000 London homes sold for full market value
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e The relationship between floor area and price per square metre was
modelled 1n three stages, adding structural and locational predictors
sequentially.

Figure 3: Base Model Coefficient Map
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Table 1: Model diagnostic across base, structural, and final models

Final

Base Structural Table 1: Comparisons of OLS
and GWR diagnostics for each
model. Values that support a

model as the strongest are shaded
blue.

Predictors
Bandwidth 402m 1050m 1300m
OLS Adj. R*2 0.001 0.032 0.280
GWR Adj. RM2 0.584 0.634 0.629
AlCc 1060.866 -3428.070. -3260.873
Moran’s I (OLS resid.) 0.576 0.548 0.409
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e Predictors were added in three stages: floor area alone, plus structural

predictors (flat status, age, attachment style, etc.), plus locational
predictors (distance to London’s center, transit access).
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e Comparing global Ordinary Least Squares (OLS) regression against N
Geographically Weighted Regression (GWR), which estimates a distinct ] e Each model confirmed that the relationship between floor area and ppsqm is
coefficient at every location according to the equation: I 0 not uniform throughout London. However, AMVs commonly treat it as such,
| potentially compromising the fairness of policy they inform.
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. 0.07, 0.29 ns o Extension and Open Publication: This work, built on Python, PySAL, and

Quarto, forms part of CASA’s larger ‘Atlas of Small Homes’ initiative, which aims
to extend these methodologies to other core cities in the UK. The transparency of
open code and data 1s salient 1n public-facing applications like tax reform where
those affected must understand how outcomes are determined.

\.78) . ®
» ¢. s @ 029 1.03

Figure 4: Local GWR floor area coefficient, structural. Grey points not statistically
significant at 95% confidence.

Spatial Lag

e Adding structural predictors substantially altered the pattern;
coefficients became significant across much of Outer London, while
most central positive regions disappeared, consistent with flat status
explaining much of the initial relationship (r = -0.584 with floor area).

 Adding locational predictors changed little further; adjusted R* fell
from 0.634 to 0.629 and AICc rose, which actually suggested a slight
decline in model fit.
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Figure 2: Positive slope indicates spatial
autocorrelation (Moran's I = 0.576, p<0.001),
motivating a spatially-varying model.

Figure 1: Banded OLS residual (log ppsqm) map for
the base model; systematic clustering can be
observed.
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