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H I G H L I G H T S

• We develop a quantitative spatial model (QSM) for transport cost-benefit analysis.

• QSM welfare changes are decomposed into direct benefits and wider impacts.

• Case study: Greater London with 983 spatial units and the Elizabeth Line.

• CBA in spatial equilibrium reveals local impacts on labour and housing markets.

• We quantify standard errors for CBA results and various spatial outcomes.
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A B S T R A C T

Transport cost-benefit analysis (CBA) has evolved since its inception to become one of the most influential and 

ubiquitous applications of microeconomic theory, shaping billions of dollars of investment in the infrastructure 

sector. A key limitation of transport appraisal practice is its reliance on partial equilibrium (PE) models, which 

restricts the ability to quantify potentially transformative impacts outside the transport market. In this paper, 

we build on the principles of quantitative spatial economics and design an appraisal method that integrates the 

causal estimation of key parameters into an invertible spatial general equilibrium (SGE) model. Our specification 

yields travel time valuations that are micro-founded through an explicit leisure–labour trade-off, making them 

unique to each residence–workplace pair. We decompose the aggregate welfare change in SGE into direct user 

benefits and wider economic impacts, quantify the statistical uncertainty surrounding each welfare component, 

and compare the welfare estimates in SGE with those of the mainstream PE method. As a case study, we replicate 

Greater London with 983 spatial units. We find that the welfare result in SGE is similar in magnitude to the PE 

CBA outcome in the case of the Elizabeth Line, a major urban rail project. For a series of randomly simulated 

transport improvements, the two approaches scale proportionately, but the occasional project-specific deviations 

can be substantial. The paper illustrates that the SGE approach complements aggregate welfare estimates with a 

detailed spatial pattern of local economic outcomes and is well suited to assessing transport and land-use policies 

simultaneously.
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\begin {equation}\label {eq.utility} U_{ij} = {\left ( \frac {L_{ij}}{1- \gamma }\right )}^{1-\gamma } {\left ( \frac {K_{ij}}{\gamma } \right )}^\gamma z_{ij}; \quad K_{ij} = {\left ( \frac {C_{ij}}{\beta }\right )}^{\beta } {\left ( \frac {H^R_{ij}}{1-\beta } \right )}^{1-\beta }.\end {equation}
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\begin {equation}\label {eq.utility.trivar} U_{ij} = \gamma ^{-\gamma } {\left (\frac {L_{ij}}{1-\gamma }\right )}^{1-\gamma } {\left (\frac {C_{ij}}{\beta }\right )}^{\gamma \beta } {\left (\frac {H_{ij}^R}{1-\beta }\right )}^{\gamma (1-\beta )} z_{ij}.\end {equation}


\begin {equation}\label {eq.money.const} x_{ij} \, (w_j - \tau _{ij}) = p_i C_{ij} + q_i H_{ij}^R \qquad \left [\kappa _{ij}\right ] .\end {equation}
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\begin {equation}\label {eq.time.const} \bar {L} = L_{ij} + x_{ij} \, (T+t_{ij}) \qquad \left [\mu _{ij}\right ]\end {equation}
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\begin {equation}\label {eq.foc.vot} \kappa _{ij} w_j = \kappa _{ij} \tau _{ij} + \mu _{ij} (T + t_{ij}),\end {equation}


\begin {equation}\label {eq.vot} \frac {\mu _{ij}}{\kappa _{ij}} = \frac {w_j - \tau _{ij}}{T+t_{ij}} = \upsilon _{ij} .\end {equation}
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\begin {equation}\label {eq.labour.supply} x_{ij} = \frac {\gamma \bar {L}}{T + t_{ij}}.\end {equation}
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\begin {equation}\label {ieq1} F(z_{ij}) = \exp (-X_i E_j \, z_{ij}^{-\epsilon }),\end {equation}
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\begin {equation}\label {eq.choice.prob} \lambda _{ij} = \frac {X_i E_j {\left [ \frac {\upsilon _{ij}}{p_i^\beta q_i^{1-\beta }} \right ]}^{\gamma \epsilon } }{\sum _r \sum _s X_r E_s {\left [ \frac {\upsilon _{rs}}{p_r^\beta q_r^{1-\beta }} \right ]}^{\gamma \epsilon } }\end {equation}
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\begin {align}\label {eq.indirect} \begin {aligned} & K_{ij} = \frac {\gamma \bar {L} \,\upsilon _{ij}}{p_i^\beta q_i^{1-\beta }} \\ & V_{ij} = \bar {L} {\left ( \frac {\upsilon _{ij}}{p_i^\beta q_i^{1-\beta }} \right )}^\gamma z_{ij} \end {aligned}\end {align}
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\begin {equation}\label {eq.cond.choice} \lambda _{ij|i} = \frac {E_j {\left ( \upsilon _{ij} \right )}^{\gamma \epsilon } }{\sum _s E_s {\left ( \upsilon _{is} \right )}^{\gamma \epsilon } }\end {equation}
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\begin {equation}\label {eq.xbar} \bar {x}_j = \frac {1}{N^W_j} \sum _i N^R_i x_{ij} = \frac {M^W_j}{N^W_j}.\end {equation}
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$p_i=1 \, \forall i$


\begin {equation}\label {eq.factordemand} M^W_j = {\left ( \frac {\alpha A_j}{w_j} \right )}^{\frac {1}{1-\alpha }}; \quad H^W_j = {\left [ \frac {(1-\alpha ) A_j}{Q_j} \right ]}^{1-\alpha }\end {equation}


\begin {equation}\label {eq.prod.fn} Y_j - w_j M^W_j - Q_j H^W_j = 0 .\end {equation}


\begin {equation}\label {eq.Qj} Q_j = (1-\alpha ) A_j^{1/(1-\alpha )} {\left (\frac {\alpha }{w_j} \right )}^{\frac {\alpha }{1-\alpha }},\end {equation}


\begin {equation}\label {eq.wage} w_j = \alpha A_j^{1/\alpha } {\left ( \frac {Q_j}{1-\alpha } \right )}^{\frac {\alpha -1}{\alpha }}.\end {equation}


$H_i = f^h(Z_i, \ell _i)$
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\begin {equation}\label {eq.floorspace.prod} H_i = f^h(Z_i, \ell _i) = Z_i^{1-\psi } {\left ( \phi _i (H_i) \cdot \ell _i \right )}^\psi ,\end {equation}


\begin {equation}\label {eq.phi} \phi _i (H_i) = 1-(H_i/\bar {H}_i).\end {equation}
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$H_i = H^R_i + H^W_i$


$q_i \neq Q_i$


$\xi _i = Q_i/q_i$


\begin {equation}\label {eq.qbar} \bar {q}_i = q_i \left ( \frac {H^R_i}{H_i} + \xi _i \frac {H^W_i}{H_i} \right )\end {equation}


\begin {equation}\label {eq.Hi} H_i = \frac {{[(1-\psi ) \bar {q}_i]}^{(1-\psi )/\psi } \cdot \ell _i}{1 + {[(1-\psi ) \bar {q}_i]}^{(1-\psi )/\psi } \cdot \ell _i/\bar {H}} .\end {equation}
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\begin {equation}\label {eq.tfp.general} A_j = a_j \, \rho _j^\eta \end {equation}
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\begin {equation}\label {eq.emp.density} \rho _j = \frac {M_j}{\mathbb {L}_j},\end {equation}
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\begin {equation}\label {eq.atem.prod} \rho _j = \sum _s \exp (\delta t_{sj}) \, M_s,\end {equation}
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\begin {equation}\label {eq.dub} B = N \sum _{ij} \frac {1}{2} \, (\lambda ^0_{ij} x^0_{ij} + \lambda ^1_{ij} x^1_{ij}) \cdot \upsilon _{ij}(t^1_{ij} - t^0_{ij}).\end {equation}
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\begin {equation}\label {eq.production} Y_j = f^y(A_j, M^W_j, H^W_j) = A_j {\left ( M^W_j \right )}^\alpha {\left (H^W_j \right )}^{1-\alpha }\end {equation}
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\begin {equation}\label {ieq2} Y_j(\rho _j^t) = a_j {\left ( \rho _j^t \right )}^\eta M_j^\alpha H_j^{1-\alpha },\end {equation}


$t \in \{0,1\}$
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\begin {equation}\label {eq.wei} \Delta Y_j = Y_j(\rho _j^1) - Y_j(\rho _j^0) = \left [ {\left ( \frac {\rho _j^1}{\rho _j^0} \right )}^\eta -1 \right ] \cdot Y_j(\rho _j^0).\end {equation}
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$\Theta = (\{L_{ij}\}, \{C_{ij}\}, \{H^R_{ij}\})$


$\Lambda = \frac {d \mathcal {W}(x)}{d x}$


\begin {equation}\label {eq.Lambda} \Lambda = \mathbb {E}_{ij} \left [p {\left (\frac {\partial u_{ij}}{\partial C_{ij}}\right )}^{-1} \right ].\end {equation}
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\begin {equation}\label {eq.decomp.Lagrangian} \begin {split} \mathcal {L} & = \mathcal {W} \left ( \sum _{ij} N \lambda _{ij}(\Theta ) \cdot u_{ij}(L_{ij}, C_{ij}, H^R_{ij}) - \Psi \left (\{\lambda _{ij}(\Theta ) \} \right ) \right ) \\ & \quad + \sum _{ij} N \lambda _{ij}(\Theta ) \cdot x_{ij} \tau _{ij} + \sum _j p^\ell _j \cdot \ell _j + \tilde {p} \left [ \sum _j A_j f^y_j (M^W_j, H^W_j) \right .\\ & \quad \left . - \sum _{ij} N \lambda _{ij}(\Theta ) \cdot C_{ij} \right ] + \sum _j \tilde {w}_j \left [ \sum _i N \lambda _{ij}(\Theta ) \cdot x_{ij} - M_j^W \right ] \\ & \quad + \sum _j \tilde {q}_j \left [ f^h(Z_j, \ell _j) - \left (\sum _k N \lambda _{jk}(\Theta ) \cdot H^R_{jk} \right ) - H^W_j \right ] + \sum _j \tilde {p}^\ell _j \left [\mathbb {L}_j - \ell _j \right ]. \end {split}\end {equation}
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\begin {equation}\label {eq.decomp.result} \begin {split} dW & = \underbrace {\sum _{ij} \Lambda \mu _{ij} \cdot N_{ij}x_{ij} \cdot (-dt_{ij}) }_{\textrm {(i) time savings}} \\ & \quad + \underbrace {N\cdot \operatorname {Cov}(\Lambda - \kappa _{ij}^{-1}, \, \kappa _{ij} p \cdot dC_{ij})}_{\textrm {(ii) dispersion of MU of consumption}} + \underbrace {N\cdot \operatorname {Cov}(\Lambda - \kappa _{ij}^{-1}, \, \kappa _{ij} q_i \cdot dH^R_{ij})}_{\textrm {(iii) dispersion of MU of housing}} \\ & \quad + \underbrace {\sum _{ij} \tau _{ij} \cdot d(N_{ij} x_{ij})}_{\textrm {(iv) fare revenues}} + \underbrace {\sum _j \ell _j \cdot dp^\ell _j }_{\textrm {(v) land value}} + \underbrace {\sum _j \frac {p\eta Y_j }{\rho _j } d\rho _j}_{\textrm {(vi) agglom. externality}} . \end {split}\end {equation}


\begin {equation}\label {eq.logsum} \mathbb {E}[U_{ij}] = \Gamma \left (\frac {\varepsilon -1}{\varepsilon }\right ) {\left [\sum _{i,j} X_i E_j {\left (\frac {\upsilon _{ij}}{p_i^\beta q_i^{1-\beta }}\right )}^{\gamma \epsilon } \right ]}^{1/\epsilon } \qquad \forall \, i,j\end {equation}
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\begin {equation}\label {eq.empirical.gravity} \log N_{ij} = \alpha _0 + \vartheta _i + \vartheta _j + \nu \cdot \log \upsilon _{ij} + \varepsilon _{ij},\end {equation}
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\begin {equation}\label {eq.pop.link} N_j^W = \sum _i \lambda _{ij|i} \cdot N^R_i.\end {equation}
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\begin {equation}\label {ieq3} E_j = N_j^W {\left ( \sum _i \frac {\upsilon _{ij}^{\gamma \epsilon } N_i^R}{\sum _s E_s \upsilon _{is}^{\gamma \epsilon }} \right )}^{-1}\end {equation}
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\begin {equation}\label {eq.hatX} \tilde {X}_i = X_i {\left ( q_i^{1-\beta } \right )}^{-\gamma \epsilon },\end {equation}
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\begin {equation}\label {eq.Aj} A_j = {\left ( \frac {w_j}{\alpha } \right )}^\alpha {\left ( \frac {Q_j}{1-\alpha } \right )}^{1-\alpha }\end {equation}
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\begin {equation}\label {ieq5} \log \hat {d}_r = \delta \tau _r + \varepsilon _r .\end {equation}
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\begin {equation}\label {ieq6} \hat {a}_j = \hat {A}_j {\left [ \sum _s \exp (\hat {\delta } t_{sj}) \, N^W_s \bar {x}_s \right ]}^{1/\hat {\eta }}\end {equation}
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\begin {equation}\label {eq.foc1} \frac {\partial \mathcal {L}}{\partial x_{ij}} = -\kappa _{ij} (\tau _{ij} - w_j) - \mu _{ij} (T_j +t_{ij}) = 0;\end {equation}
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1 . Introduction

Transport cost-benefit analysis (CBA), often referred to as benefit-

cost analysis (BCA) in the US and transport appraisal in Europe, is widely 

used to evaluate transport investments and guide public spending deci­

sions. In the UK, the EU, and elsewhere, these appraisal frameworks play 

a central role in assessing large-scale infrastructure projects and in shift­

ing debates on transport investments towards more objective criteria, 

thereby helping to limit pork-barrel spending (Cadot et al., 2006).

Despite its undeniable impact on policy-making, the mainstream 

methodology of transport appraisal has remained nearly unchanged over 

the past two decades. This paper contributes by enriching a quantitative 

spatial model (QSM) with the essential ingredients of transport policy 

analysis. Our QSM specification inherits the leisure–labour trade-off fre­

quently applied in the canonical transport literature, which provides 

microfoundations and a simple but spatially differentiated analytical for­

mula for the monetary value of time. As the model reproduces the spatial 

distribution of travel time valuations, the general equilibrium welfare 

results can be directly benchmarked against their partial equilibrium 

counterparts. Using recent theoretical results from Donald et al. (2025), 

we decompose the aggregate welfare change in spatial equilibrium into 

additive components that are also directly comparable with the stan­

dard elements of a mainstream CBA, including direct user benefits, the 

agglomeration externality, and financial implications. Furthermore, be­

cause model estimation and policy simulation are performed within a 

single integrated framework, the paper advances the quantification of 

uncertainty around the core CBA outputs: we compute the standard er­

rors for each component of the aggregate welfare change, as well as for 

several spatially distributed estimation outcomes.

The backbone of the mainstream partial equilibrium CBA method 

is the consumer surplus that a transport improvement brings to exist­

ing and new users in the form of travel time savings, mostly computed 

as a monetary equivalent. We call this quantity the direct transport user 

benefit (DUB). Since the early 2000s, more research has concentrated on 

additional welfare gains potentially not captured by travellers’ willing­

ness to pay for mobility (Mackie et al., 2011). Wider economic impacts 

(WEIs) include externalities such as the productivity gain from an in­

crease in access to economic mass. The theoretical foundations and the 

empirical methods for estimating WEIs are summarised by Venables 

(2007) and Graham and Gibbons (2019). Note that this classical ap­

praisal framework has remained a partial equilibrium representation of 

the economy, i.e.  it does not capture explicit interactions between the 

transport market and spillovers in other sectors of the spatial economy.

Despite its widespread use in practice, the partial equilibrium ap­

praisal method has been criticised both within and outside academia. 

One theoretical concern is a potential overlap between the DUB and WEI 

layers (see a detailed discussion in Section 2.1). From the viewpoint of 

practitioners and the wider public, we often witness scepticism because 

PE cost-benefit analysis seemingly does not capture a wide range of ap­

parent economic implications of a transport improvement, such as job 

creation and fluctuations in real estate prices. Although microeconomic 

theory suggests that the partial equilibrium consumer surplus is a reli­

able measure of economic gain in the absence of market failures in other 

sectors, there is a widespread preference for evaluation metrics derived 

from models that transparently replicate observed economic outcomes, 

such as wages, housing prices, and residential and workplace relocation.

Since the mid-2010s, a new stream of research often referred to as 

quantitative spatial economics (Redding and Rossi-Hansberg, 2017) has 

made major advances in developing spatial general equilibrium (SGE) 

frameworks that can be used simultaneously for causal impact evalua­

tion and welfare analysis. Quantitative spatial models (QSMs) are SGE 

models specifically designed to facilitate parameter inversion and the 

use of causal techniques in model estimation. They feature two core 

empirical properties that distinguish them from earlier SGE models.

First, QSMs are invertible, meaning that location-specific parame­

ter vectors (often referred to as locational fundamentals; see Ahlfeldt 

et al., 2015) can be recovered deterministically from the model un­

der the assumption that the observed data reflect a spatial equilibrium. 

These structural residuals of the household utility and firm produc­

tion functions are typically interpreted as residential and workplace 

amenities and local determinants of firm productivity, although they 

may also capture measurement error and other unobserved factors. 

This invertibility property is valuable because quantifying fundamen­

tal geographical characteristics in a granular, spatially explicit model is 

otherwise difficult using conventional empirical methods.

Second, the most important generic parameters of QSMs can be esti­

mated in econometric exercises that remain coherent with the functional 

forms of the theoretical model. In other words, after transformations 

that do not violate algebraic equivalence, the equilibrium conditions of 

the model can be used as econometric estimating equations. The most 

well-known implication of this property is that the equilibrium con­

dition that describes residence–workplace location choice probabilities 

turns into a gravity equation after log-linearisation. This enables us to 

estimate the spread of idiosyncratic preferences in location choice by 

adopting the econometric toolbox that the trade literature developed 

for the estimation of gravity equations (Head and Mayer, 2014).

The aim of this paper is to bridge the gap between the state-of-

the-art of transport analysis and quantitative spatial economics. A gap 

exists because mainstream QSMs are based on numerous simplifying 

assumptions about travel behaviour and transport supply which make 

their widespread use in contemporary transport analysis challenging. To 

name the most pressing examples, (i) trip attributes in different dimen­

sions (i.e. monetary cost, travel time, comfort) are not distinguished; (ii) 

travel disutility is non-linear in travel time and multiplicative, following 

the iceberg (ad valorem) specification; (iii) most of the models are based 

on commuting only, while other trip purposes in passenger transport are 

ignored; (iv) mode and route choice and congestion are ignored or re­

stricted to functional forms rarely used in traffic modelling; (v) transport 

supply is exogenous, including decisions on pricing and capacity provi­

sion in public transport; and (vi) the welfare predictions of QSMs have 

yet to be compared with the traditional transport appraisal methodol­

ogy. We consider these limitations as a research agenda that opens the 

door to the widespread use of QSMs in transport policy appraisal. In this 

paper we address items (i), (ii) and (vi) above.

We propose an SGE model in which households face separate tem­

poral and pecuniary budget constraints, with both the time and money 

costs of travel entering additively into the respective constraints. Unlike 

in the previous QSM literature, individual labour supply is endogenous, 

which could provide a basis for future labour economic analyses within 

the QSM framework. Using the underlying leisure–labour trade-off, we 

derive and quantify a location-specific expression for the marginal value 

of time. This specification is not unique in the transport literature; after a 

logarithmic transformation, our household utility specification becomes 

very similar to that of Anas and Liu (2007), for example. However, we 

embed this specification in a framework that is invertible, and the model 

also allows us to estimate commuting gravity, agglomeration elastic­

ity, and distance decay parameters in a theoretically and geographically 

coherent manner.

The context of the application of our model is Greater London; 

the model has nearly one thousand spatial units in line with the 

Middle-Layer Super Output Areas (MSOAs). We illustrate the model’s 

application in transport policy appraisal through a case study of the 

Elizabeth Line, a recently completed urban railway line.

The travel time valuations and commuting volumes implied by the 

model enable us to perform a simplified appraisal of the Elizabeth Line 

according to the mainstream partial equilibrium CBA methodology. The 

results are then benchmarked against the estimated net benefit of the 

project in the SGE model. By adapting recent theoretical advances in 

Donald et al. (2025) to our framework, we decompose the aggregate 

welfare change into additive components that can be interpreted as the 

DUB and WEI quantities in partial equilibrium. In this case, concerns 

about double counting are eliminated because both components are 
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derived within a single SGE framework. The quantitative SGE approach 

also enables an important step forward in uncertainty quantification. 

Since parameter estimation from raw data is part of the computational 

sequence, we can derive standard errors for each welfare outcome via 

bootstrapping. In line with prior expectations, we find that WEIs are 

subject to greater statistical uncertainty than DUBs, and we quantify the 

magnitude of this uncertainty gap.

Even though the SGE model seems to capture a much richer set of 

adjustment mechanisms in response to the transport intervention, its ag­

gregate welfare result remains of the same order of magnitude as that 

of the partial equilibrium CBA. We derive four versions of the partial 

equilibrium model that differ in (i) whether the value of time varies 

across origin–destination pairs and (ii) whether new commuting demand 

induced by residential and workplace relocation is included in the cal­

culation. Under the assumptions of this paper, the SGE welfare result 

is around 10% lower than the highest partial equilibrium estimate and 

31% higher than the lowest. However, the spatial model provides much 

more detailed insights into the impact of a transport project on the spa­

tial economy, including changes in urban land use, firm productivity, 

wages, housing prices, and labour supply. The SGE model is also well 

suited to analysing alternative land-use regulation scenarios associated 

with the transport improvement. These insights may improve trust in the 

traditional appraisal methodology and help policymakers and the wider 

public to better understand the societal impacts of future infrastructure 

projects.

The remainder of the paper is structured as follows. Section 2 re­

views the literature, highlighting the novelties and links to existing 

work. Section 3 presents the theoretical model. Section 4 describes its 

quantification. Section 5 outlines the Elizabeth Line counterfactual and 

its evaluation in partial and general equilibrium. Section 6 concludes.

2 . Links with the surrounding literature

This paper relates to two distinct branches of the literature. First, we 

provide a brief summary of the foundations of cost-benefit analysis in 

transport. Second, we review previous methods of transport modelling 

in spatial general equilibrium as well as the emergence of quantita­

tive spatial models, and discuss the features that distinguish the two 

approaches.

2.1 . Transport appraisal in partial equilibrium

Appraisal is one of the most well-documented areas of transport re­

search. Comprehensive reviews were provided by Mackie et al. (2011, 

2014); Laird and Venables (2017); Vickerman (2017) and Wangsness 

et al. (2017).1

Economic gains in transport appraisal are usually split into two broad 

categories. Direct user benefits (DUB) include the economic surplus of 

transport users, comprising cost savings and the benefits of newly in­

duced travel demand. As a significant fraction of user benefits arises 

from travel time and discomfort savings, the monetary valuation of time 

and comfort is a key concern in the development of this literature. The 

roots of the general theory of time economics date back to Becker (1965) 

and DeSerpa (1971), while Small and Verhoef (2007); Jara-Díaz (2007), 

and Small (2012) provide a comprehensive overview of the evolution of 

thought on time valuation in transport research. Despite the solid theo­

retical foundations of time use theory, the measurement of the value of 

time is largely regarded as an empirical matter in practice. Advances in 

discrete choice modelling enable the estimation of the value of time as 

a ratio of the marginal utilities of travel time and monetary expenditure 

1 In most developed and an increasing number of developing countries, the 

methodology for CBA is published in official guidance manuals, ensuring consis­

tency in the evaluation of projects across different modes of transport and even 

other sectors. A typical example frequently cited in the academic literature is the 

UK’s Transport Analysis Guidance which is easily accessible through its online 

platform: see https://www.gov.uk/guidance/transport-analysis-guidance-tag.

using either stated or revealed preference data (for a methodological 

overview and a large-scale meta-analysis, see Wardman et al., 2016). 

Recent empirical approaches leverage heterogeneous revealed prefer­

ences from large-scale automated datasets, such as metro smart card 

data (Bansal et al., 2022), toll road data (Bento et al., 2024), ride-hailing 

data (Buchholz et al., 2025), and a combination of these mode-specific 

data sources with cellphone traces (Almagro et al., 2024). Even though 

empirical estimates are sometimes differentiated by income groups or 

other broad socioeconomic characteristics, the spatial pattern of travel 

time valuations has not been examined at a high level of granularity.

The second broad category of benefits in transport appraisal is often 

referred to as wider economic impacts (WEI). WEIs quantify the wel­

fare change associated with market failures outside the transport sector. 

Relevant market failures include price distortions due to imperfect com­

petition and externalities via agglomeration economies, in other words, 

changes in economic density (Duranton and Puga, 2004; Mackie et al., 

2014; Ahlfeldt and Pietrostefani, 2019). We focus more on agglomera­

tion benefits as this source of WEI is often found to be quantitatively 

more significant. The theoretical foundations of this approach were laid 

down by Venables (2007) who showed in a monocentric city model that 

the firm productivity gains of a transport improvement, stemming from 

economic density (i.e., city size), are external to the travel cost savings 

directly perceived by commuters.

Graham and Gibbons (2019) have a detailed review on the estima­

tion of the relevant agglomeration elasticities and their use in the partial 

equilibrium appraisal model. The standard approach involves four steps: 

(i) a suitable measure of access to economic mass is defined in func­

tion of the transport cost matrix within the city,2 (ii) in an empirical 

exercise, the analyst estimates the causal impact on firm productivity 

(i.e. total factor productivity) of access to economic mass in the form of 

an elasticity, (iii) using a traffic model, we calculate the change in ATEM 

induced by the transport improvement under investigation, and (iv) us­

ing the estimated agglomeration elasticity, we compute the additional 

output triggered by the increase in access to economic mass.

Even though in the monocentric city model of Venables (2007), 

the additional output is clearly external to commuting cost savings, a 

potential overlap between the DUB and WEI components cannot be un­

ambiguously ruled out. For instance, if firms are themselves transport 

users, relying on transport services as a production factor, then at least 

part of the increased output results from a reduction in the price of this 

factor. Also, when the place of production is modelled as a collection 

of numerous potential workplaces instead of a unique central business 

district, then the reallocation of workers between workplaces3 can fuel 

user benefits as well as partly overlapping personal gains that Venables’ 

monocentric city model does not capture (Eliasson and Fosgerau, 2019). 

These unresolved methodological challenges may question the accuracy 

of surplus calculation in the WEI extension of the partial equilibrium 

CBA framework. It is widely recognised that a general equilibrium model 

fully integrating the transport and labour markets would eliminate the 

risk of double counting. Let us therefore proceed with a review of the 

related general equilibrium literature.

2.2 . Spatial general equilibrium

The wider set of models in which transport is combined with a re­

sponsive urban geography is often called land-use transport interaction 

(LUTI) modelling (see a review in Acheampong and Silva, 2015). This 

2 Access to economic mass measures the effective density of economic activ­

ity at a given location. This metric integrates the physical density of the built 

environment and the scale of firm activity (e.g., employment) with the quality 

of transport provision. Even if the built environment is characterised by low 

physical density, fast and affordable connections to other locations via transport 

infrastructure and services can sustain a high level of effective density.
3 Reallocation of workers is labelled as the matching effect among the three 

main sources of agglomeration economies in Duranton and Puga (2004).
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literature has achieved significant advances in modelling residential, 

workplace and other activity location choice decisions, but its ability 

to replicate market mechanisms such as wage and floorspace price for­

mation is limited. Nevertheless, some of the LUTI models, e.g.  the one 

by Hunt and Simmonds (1993), have achieved considerable commercial 

success and policy impact through their widespread use in ex-ante trans­

port policy evaluation. The narrower literature of spatial computable 

general equilibrium (SCGE) models features a more rigorous represen­

tation of the interlink between transport, labour and housing markets 

since the pioneering work by Lowry (1964). Extensive reviews are avail­

able in Wegener et al. (2011); Robson et al. (2018), and a companion 

review article of this project by Hörcher and Graham (2025) who survey 

this literature in light of the latest QSM developments.

A series of studies by Alex Anas and co-authors deserves special at­

tention in this paper. Their urban models developed since the 1990s are 

usually classified as SCGE. However, their models show many similari­

ties with today’s quantitative urban models in the sense that they were 

pioneers in the adaptation of random utility discrete location choice 

specifications in spatial equilibrium modelling.4 On the basis of the dis­

crete choice framework of Anas and Kim (1996), Anas and Liu (2007) 

published the first spatially explicit SGE model and combined the labour, 

production and construction markets in urban equilibrium with stochas­

tic traffic assignment. Later on, Anas and co-authors developed further 

implementations of this model for various case study areas including Los 

Angeles and Paris (Anas, 2020; Anas and Chang, 2023). A common fea­

ture of the Anas-type models is the presence of separate time and money 

constraints in the household problem, in line with the traditions of the 

transport literature; see several related references in Footnote 5. Despite 

many similarities in theoretical structure between this line of research 

and QSMs, Anas et al. never leveraged the powerful properties of their 

model for quantitative work (i.e.  causal parameter estimation). The 

model presented in this paper is the first attempt to turn the Anas-type 

SGE approach into a QSM.

Quantitative spatial models have shifted the prevailing paradigm in 

spatial equilibrium modelling since the mid-2010s. Section 1 has already 

provided a broad definition of what makes an SGE model “quantitative”: 

model inversion to recover the vectors of location-specific fundamen­

tals had not been performed previously, and QSMs are also suitable to 

causally identify some of the core structural parameters in reduced-form 

econometric models that remain coherent with the specification of the 

theoretical model. The pioneering urban prototype by Ahlfeldt et al. 

(2015) was followed by a series of influential contributions by Monte 

et al. (2018); Heblich et al. (2020); Barwick et al. (2024), and Tsivanidis 

(2026). QSMs often differ in their geographical scope and assumptions 

on market structure and the baseline utility and production function. 

However, this literature places significant emphasis on identifying iso­

morphisms between the models that differ in the underlying theoretical 

assumptions. Appendix D of Heblich et al. (2020) provides a valuable 

methodological overview of the conditions under which five typical SGE 

specifications, ranging from the urban model of Ahlfeldt et al. to the spa­

tially explicit realisation of New Economic Geography models become 

isomorphic.

Although transport is a popular subject among the applications of 

QSMs, this novel literature is still largely disintegrated from the state-

of-the-art of transport economic modelling. From one perspective, the 

authors’ experience suggests that QSMs have remained unnoticed by 

the mainstream transport economics community until recently. From 

the other perspective, QSMs have several limitations that transport re­

search surpassed a long time ago. We observe new efforts to bridge 

4 Interestingly, Ahlfeldt et al. (2015) may had not been aware of these paral­

lels with the Anas oeuvre as they explain their random utility location choice 

specification was inspired by the original statistical theory established by Daniel 

McFadden et al. (1978), and, more specifically, the Eaton and Kortum (2002) 

approach in the trade literature to modelling heterogeneity in productivity.

this gap between the two traditions. For example, Allen and Arkolakis 

(2022) have incorporated road congestion and stochastic route choice 

into their previous framework, while Tsivanidis (2026) and Fajgelbaum 

et al. (2023) integrated mode choice to distinguish car use from other 

modes of transport. Fajgelbaum and Schaal (2020) applied a QSM to op­

timise the structure of transport infrastructure networks, while Severen 

(2023) and Herzog (2024) performed ex-post evaluations of mobility 

policies. As mentioned in the introduction, several limitations hinder 

the adaptation of QSMs to transport policy appraisal, one of which is the 

assumption of iceberg transport costs that we relax in this work. Proost 

and Thisse (2019) pointed to a potential root cause of this research: “The 

literature of spatial economics has paid too little attention to what has 

been accomplished in transportation economics (and vice versa).”

3 . The model

We present the theoretical model in three steps: after general model 

definitions, Section 3.1 describes the household problem, Section 3.2 

derives choice probability equations, and Section 3.3 introduces the pro­

duction and floorspace construction sectors of the economy. Appendix A 

provides further technical details of the model, guiding the reader 

through each step of the analytical exercise.

Let us consider three groups of agents: households, a production sec­

tor and a floorspace construction sector. Geography is represented by a 

set of discrete locations connected by the transport network. Floorspace 

in each location is used for both residential and commercial purposes. A 

model that includes 𝑛 locations has 𝑛 × 𝑛 possible residence–workplace 

combinations indexed by 𝑖𝑗, where intrazonal commuting with 𝑖 = 𝑗 is 
enabled.

3.1 . Household preferences

Urban residents are free to choose where to live and work, and they 

make location-specific decisions on a continuous scale regarding con­

sumption, residential floorspace use, leisure time, and the intensity of 

individual labour supply, subject to temporal and monetary constraints. 

We assume a representative commuter whose location choice probabil­

ity 𝜆𝑖𝑗  is interpreted, based on the law of large numbers, as the share 

of workers in a population of 𝑁  individuals who live in 𝑖 and commute 

to 𝑗.
Let us define the utility of a representative worker who resides in 

location 𝑖 and commutes to location 𝑗 as 

𝑈𝑖𝑗 =
( 𝐿𝑖𝑗
1 − 𝛾

)1−𝛾(𝐾𝑖𝑗
𝛾

)𝛾

𝑧𝑖𝑗 ; 𝐾𝑖𝑗 =
(𝐶𝑖𝑗
𝛽

)𝛽( 𝐻𝑅
𝑖𝑗

1 − 𝛽

)1−𝛽

. (1)

In this specification, 𝐿𝑖𝑗  is a measure of leisure time, 𝐾𝑖𝑗  is the composite 

subutility derived from consumption 𝐶𝑖𝑗  and residential floorspace use 

𝐻𝑅
𝑖𝑗 , 𝛾 and 𝛽 are structural parameters, and 𝑧𝑖𝑗  is an idiosyncratic taste 

shock associated with the combination of locations 𝑖 and 𝑗. To keep our 

notation simple, we suppress the unique identifier of households. Note, 

however, that 𝑧𝑖𝑗  takes a different value for each worker. Alternatively, 

the nested structure in (1) simplifies to the trivariate Cobb-Douglas 

specification in Eq. (A.1).

Commuters are confronted by two constraints. First, the monetary 

budget constraint is 

𝑥𝑖𝑗 (𝑤𝑗 − 𝜏𝑖𝑗 ) = 𝑝𝑖𝐶𝑖𝑗 + 𝑞𝑖𝐻𝑅
𝑖𝑗

[

𝜅𝑖𝑗
]

. (2)

In this expression, the wage (𝑤𝑗), local prices (𝑝𝑖 for consumer goods and 

𝑞𝑖 for residential floorspace), and commuting cost (𝜏𝑖𝑗) are exogenous, 

whereas 𝑥𝑖𝑗 , the measure of individual labour supply, together with the 

consumption variables 𝐶𝑖𝑗  and 𝐻𝑅
𝑖𝑗 , are endogenous. Second, households 

also face a time constraint: 

𝐿̄ = 𝐿𝑖𝑗 + 𝑥𝑖𝑗 (𝑇 + 𝑡𝑖𝑗 )
[

𝜇𝑖𝑗
]

(3)

Here, 𝐿̄ denotes the daily time endowment. On the right hand side, 

leisure time 𝐿𝑖𝑗  and individual labour supply 𝑥𝑖𝑗  are again endogenous 
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household decisions, while the length of the workday and commuting 

time 𝑡𝑖𝑗  are outside the worker’s control. In this household problem, 𝜅𝑖𝑗
and 𝜇𝑖𝑗  are Lagrange multipliers capturing the spatially differentiated 

marginal utilities of money and time, respectively.

To fully interpret this specification, we emphasise that we consider 

the workday of the representative commuter. Accordingly, we measure 

individual labour supply 𝑥𝑖𝑗  on a continuous scale: 𝑥𝑖𝑗  represents an 

aggregate measure of the number of workdays supplied by the popu­

lation, while the daily number of working hours is held fixed. In other 

words, the model captures the extensive margin of labour supply de­

cisions (participation) rather than intensive responses (hours of work). 

While restrictive, this choice aligns with empirical evidence (Kleven and 

Kreiner, 2006; Gutiérrez-i-Puigarnau and van Ommeren, 2010) and with 

previous transport economic models.5

The following derivations are detailed in greater depth in Section A.1 

of the Appendix. The first-order condition of the optimal choice of 

individual labour supply implies 

𝜅𝑖𝑗𝑤𝑗 = 𝜅𝑖𝑗𝜏𝑖𝑗 + 𝜇𝑖𝑗 (𝑇 + 𝑡𝑖𝑗 ), (4)

which equates the utility associated with the monetary benefit of the 

marginal trip to work (on the left-hand side), with the disutility of 

monetary and time resource requirements (on the right-hand side). 

Rearrangement leads to an expression of the ratio of the marginal 

utilities of time and money: 

𝜇𝑖𝑗
𝜅𝑖𝑗

=
𝑤𝑗 − 𝜏𝑖𝑗
𝑇 + 𝑡𝑖𝑗

= 𝜐𝑖𝑗 . (5)

We interpret this ratio as a monetary valuation of the incremental re­

laxation of the worker’s time endowment, that is, the (marginal) value 

of time as a resource (DeSerpa, 1971; Jara-Díaz, 2007), denoted by 𝜐𝑖𝑗 . 
As one would expect, the worker’s wage is among the determinants of 

the marginal value of time, as foregone time could always be used to 

earn income via time reallocation to work. Eq. (5) also reveals that the 

value of time depends on the monetary and time cost of commuting as 

well. The core consequence from a spatial economic point of view is 

that the value of time will likely differ between residence–workplace 

combinations, which is often neglected in mainstream transport policy 

appraisal. To emphasise this feature of the model, we keep the subscripts 

of 𝜐𝑖𝑗  throughout the forthcoming analysis.

Note that 𝜐𝑖𝑗  can also be interpreted as an effective wage, where the 

monetary term in the numerator is the daily wage net of the pecuniary 

cost of commuting, and the denominator normalises this net daily wage 

by the gross working hours, including the time spent commuting.

Plugging this relationship into the time budget constraint, individual 

labour supply becomes 

𝑥𝑖𝑗 =
𝛾𝐿̄

𝑇 + 𝑡𝑖𝑗
. (6)

Individual labour supply increases with the relative importance of non-

leisure activities in the worker’s time allocation (𝛾) and decreases with 

the time requirement of commuting (𝑡𝑖𝑗). This highlights and quanti­

fies a non-trivial channel through which transport supply affects labour 

5 Parry and Bento (2001) and a series of subsequent transport policy appraisal 

studies built their demand models on the assumptions of (i) endogenous labour 

supply, (ii) perfect substitution between commuting demand and labour supply, 

and (iii) the presence of a time constraint in combination with the household’s 

monetary budget constraint. The resulting general equilibrium model provides 

a transparent expression for the endogenous value of travel time and a tractable 

link between policy interventions in labour and transport markets. Notable arti­

cles following Parry and Bento include De Borger and Van Dender (2003); Arnott 

(2007); De Borger and Wuyts (2011) and Hörcher et al. (2020). These models 

remain stylised in a spatial sense. Tikoudis et al. (2015) were the first to adapt 

this framework to the classical Alonso-Muth-Mills monocentric city model.

markets in the spatial economy, namely the extent to which workers are 

willing to supply more labour when commuting frictions are reduced.

Our solutions yield the following indirect (sub-)utility functions for 

a given combination of residential and working locations.

𝐾𝑖𝑗 =
𝛾𝐿̄ 𝜐𝑖𝑗
𝑝𝛽𝑖 𝑞

1−𝛽
𝑖

𝑉𝑖𝑗 = 𝐿̄

(

𝜐𝑖𝑗
𝑝𝛽𝑖 𝑞

1−𝛽
𝑖

)𝛾

𝑧𝑖𝑗

(7)

The effective hourly wage (or in a different interpretation, the marginal 

value of time), the local price of consumption and residential rents, 

structural parameters 𝛾 and 𝛽, and idiosyncratic taste are the only de­

terminants of a residence–workplace combination’s attractiveness to 

households.

3.2 . Spatial choice probabilities

The idiosyncratic utility shock is specified as an i.i.d. random draw 

from a Fréchet distribution: 

𝐹 (𝑧𝑖𝑗 ) = exp(−𝑋𝑖𝐸𝑗 𝑧
−𝜖
𝑖𝑗 ), (8)

where the average amenity (i.e. the scale parameter) is defined as the 

product of residence and workplace dependent local fundamentals 𝑋𝑖
and 𝐸𝑗 , and 𝜖 governs the spread of individual preferences. These as­

sumptions lead to location choice probabilities that take the form of a 

commuting gravity equation.6

𝜆𝑖𝑗 =
𝑋𝑖𝐸𝑗

[

𝜐𝑖𝑗
𝑝𝛽𝑖 𝑞

1−𝛽
𝑖

]𝛾𝜖

∑

𝑟
∑

𝑠𝑋𝑟𝐸𝑠

[

𝜐𝑟𝑠
𝑝𝛽𝑟 𝑞

1−𝛽
𝑟

]𝛾𝜖 (9)

The term in the numerator depends on the fundamental attractiveness of 

𝑖 and 𝑗 and the deterministic part of the indirect utility function in (7). 

The denominator captures multilateral resistance, i.e. the attractiveness 

of the alternatives of living and working in 𝑖 and 𝑗. The summation of 𝜆𝑖𝑗
over potential workplaces gives the probability of living in 𝑖 (irrespective 

of the workplace). Consequently, 𝜆𝑖𝑗  divided by the probability of living 

in 𝑖 gives workplace choice probabilities conditional on residing in 𝑖. 

𝜆𝑖𝑗|𝑖 =
𝐸𝑗

(

𝜐𝑖𝑗
)𝛾𝜖

∑

𝑠 𝐸𝑠
(

𝜐𝑖𝑠
)𝛾𝜖 (10)

A key consequence of endogenous labour supply is that employment 

and population measures are not equivalent. Let the total population be 

denoted by 𝑁 . With this, the residential and workplace populations (𝑁𝑅
𝑖

and 𝑁𝑊
𝑗 ) and the aggregate labour supply by residence and workplace 

locations (𝑀𝑅
𝑖  and 𝑀𝑊

𝑗 ) are 

𝑁𝑅
𝑖 = 𝑁

∑

𝑗
𝜆𝑖𝑗 , 𝑁𝑊

𝑗 = 𝑁
∑

𝑖
𝜆𝑖𝑗 ,

𝑀𝑅
𝑖 = 𝑁

∑

𝑗
𝜆𝑖𝑗𝑥𝑖𝑗 , 𝑀𝑊

𝑗 = 𝑁
∑

𝑖
𝜆𝑖𝑗𝑥𝑖𝑗 .

(11)

The mean individual labour supply in workplace location 𝑗 is therefore 

𝑥̄𝑗 =
1

𝑁𝑊
𝑗

∑

𝑖
𝑁𝑅
𝑖 𝑥𝑖𝑗 =

𝑀𝑊
𝑗

𝑁𝑊
𝑗
. (12)

We will return to these features of the model as part of the process of 

model quantification.

6 See the derivation of the choice probability expression for a multiplicative 

indirect utility function and a Fréchet-distributed preference shock in the early 

contributions of the QSM literature, e.g. Appendix Section S.2.3 of Ahlfeldt et al. 

(2015), or Appendix Section C2 of Heblich et al. (2020).
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3.3 . Spatial general equilibrium

To model the production side of the economy we follow the con­

ventional approach of quantitative urban modelling more closely. 

Production in location 𝑗 is governed by 𝑓 𝑦, a Cobb-Douglas production 

function of total labour input 𝑀𝑊
𝑗  and commercial floorspace 𝐻𝑊

𝑗 . 

𝑌𝑗 = 𝑓 𝑦(𝐴𝑗 ,𝑀𝑊
𝑗 ,𝐻𝑊

𝑗 ) = 𝐴𝑗
(

𝑀𝑊
𝑗

)𝛼(
𝐻𝑊
𝑗

)1−𝛼
(13)

We assume perfect competition in the goods market combined with zero 

trade cost within the urban area, which allows us to normalise the unit 

price of the consumption good to 𝑝𝑖 = 1∀𝑖. Thus, solving the firm’s 

cost minimisation problem and setting marginal cost equal to unity 

yields the following factor demand functions. (See full derivations in 

Appendix A.2.) 

𝑀𝑊
𝑗 =

(𝛼𝐴𝑗
𝑤𝑗

)

1
1−𝛼

; 𝐻𝑊
𝑗 =

[ (1 − 𝛼)𝐴𝑗
𝑄𝑗

]1−𝛼

(14)

Furthermore, free entry implies zero profits, so that total revenue minus 

total expenditure on wages and floorspace equals 

𝑌𝑗 −𝑤𝑗𝑀𝑊
𝑗 −𝑄𝑗𝐻𝑊

𝑗 = 0. (15)

After substituting the production function and (14), straightforward al­

gebraic rearrangement implies that the profit maximising floorspace 

price is 

𝑄𝑗 = (1 − 𝛼)𝐴1∕(1−𝛼)
𝑗

(

𝛼
𝑤𝑗

)
𝛼

1−𝛼
, (16)

and the corresponding wage equation is 

𝑤𝑗 = 𝛼𝐴1∕𝛼
𝑗

( 𝑄𝑗
1 − 𝛼

)

𝛼−1
𝛼
. (17)

The general equilibrium setup considers a third group of agents too: 

the construction sector. Let us define the floorspace production function 

𝐻𝑖 = 𝑓ℎ(𝑍𝑖,𝓁𝑖) as a function of capital 𝑍𝑖 and local land 𝓁𝑖: 

𝐻𝑖 = 𝑓ℎ(𝑍𝑖,𝓁𝑖) = 𝑍1−𝜓
𝑖

(

𝜙𝑖(𝐻𝑖) ⋅ 𝓁𝑖
)𝜓 , (18)

where 

𝜙𝑖(𝐻𝑖) = 1 − (𝐻𝑖∕𝐻̄𝑖). (19)

With this specification we follow Delventhal and Parkhomenko (2024) 

who introduce 𝜙𝑖(𝐻𝑖) to capture that local floorspace supply is often con­

strained by zoning regulations and geographical characteristics. In the 

specification above, 𝐻̄𝑖 represents the theoretical floorspace capacity of 

each location. When 𝐻𝑖 approaches this value, the land requirement for 

production becomes prohibitively high, meaning that floorspace supply 

in location 𝑖 cannot increase any further.

In each location, total floorspace supply is split into residential and 

commercial uses, 𝐻𝑖 = 𝐻𝑅
𝑖 + 𝐻𝑊

𝑖 . The corresponding unit prices may 

not be identical, 𝑞𝑖 ≠ 𝑄𝑖, due to differences in tax policies, for instance. 

We allow such policies to differ between locations, but we assume that 

the ratio 𝜉𝑖 = 𝑄𝑖∕𝑞𝑖 remains constant over time.7 Construction firms take 

7 The implicit assumption is that policies or external shocks in transport may 

affect both the residential and commercial floorspace markets simultaneously, 

but local real estate regulations and thus the price ratio between the two markets 

remain unchanged. Naturally, this assumption is not suitable when the policy 

shock itself is a local property regulation that affects residential and commercial 

floorspace use differently. Such interventions are outside the scope of this paper.

the average floorspace price 

𝑞𝑖 = 𝑞𝑖

(

𝐻𝑅
𝑖

𝐻𝑖
+ 𝜉𝑖

𝐻𝑊
𝑖
𝐻𝑖

)

(20)

as given. Similar to the production sector, we assume profit maximisa­

tion and perfect competition in the construction sector. After solving the 

firm’s problem, equilibrium floorspace supply becomes 

𝐻𝑖 =
[(1 − 𝜓)𝑞𝑖]

(1−𝜓)∕𝜓 ⋅ 𝓁𝑖
1 + [(1 − 𝜓)𝑞𝑖]

(1−𝜓)∕𝜓 ⋅ 𝓁𝑖∕𝐻̄
. (21)

This terminates our description of the general equilibrium model’s 

three components: household behaviour, goods production and 

floorspace construction. Given a set of exogenous parameters, the mar­

ket clearing conditions above determine the values of endogenous 

vectors {𝜆𝑖𝑗}, {𝑁𝑅
𝑖 }, {𝑁

𝑊
𝑗 }, {𝑀𝑅

𝑖 }, {𝑀
𝑊
𝑗 }, {𝑞𝑖}, {𝑄𝑗}, {𝑤𝑗} and {𝐻𝑖} in 

spatial general equilibrium.

3.4 . Spatial spillovers

Following the empirical literature on agglomeration (Combes and 

Gobillon, 2015), we decompose local firm productivity into an exoge­

nous component and a multiplier dependent on a measure of economic 

density, i.e.  access to economic mass, denoted by 𝜌𝑗 . 

𝐴𝑗 = 𝑎𝑗 𝜌
𝜂
𝑗 (22)

Parameter 𝜂 is the agglomeration elasticity of firm productivity. In terms 

of the specification of accessibility, the literature offers two alternatives. 

When the spatial units of the model are large enough to assume that only 

the density of economic activity within zone 𝑗 affects productivity in 𝑗, 
it is reasonable to consider 

𝜌𝑗 =
𝑀𝑗

L𝑗
, (23)

where 𝑀𝑗  is a measure of economic activity, say employment, and L𝑗
is the geographical land area which may vary between 𝑗’s. By con­

trast, when the spatial units are relatively small, it is more likely that 

productivity spillovers occur between nearby locations. The common 

specification is then 

𝜌𝑗 =
∑

𝑠
exp(𝛿𝑡𝑠𝑗 )𝑀𝑠, (24)

where parameter 𝛿 < 0 measures the rate at which agglomeration 

economies decay over travel time 𝑡𝑖𝑗 . In this paper we test both alterna­

tives. In addition, we select the effective labour supply as the measure of 

economic activity, to account for the fact that individual labour supply 

is endogenous in our model, and therefore employment (i.e., workplace 

population) alone is not a comprehensive measure of economic mass. In 

Section 4.3 we use this specification to identify 𝜂 and the distance decay 

parameter 𝛿 based on the inverted {𝐴𝑗} vector and the observed travel 

cost matrix and labour supply distribution.

3.5 . Welfare analysis

3.5.1 . Appraisal in partial equilibrium

Using the paper’s previous notation, the measure that the literature 

and practitioners often call direct user benefit is an application of the 

“rule of one-half” in microeconomics: 

𝐵 = 𝑁
∑

𝑖𝑗

1
2
(𝜆0𝑖𝑗𝑥

0
𝑖𝑗 + 𝜆

1
𝑖𝑗𝑥

1
𝑖𝑗 ) ⋅ 𝜐𝑖𝑗 (𝑡

1
𝑖𝑗 − 𝑡

0
𝑖𝑗 ). (25)

This is an approximation of consumer surplus in partial equilibrium, as­

suming a linear inverse demand curve for travel demand that expresses 
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the generalised travel price as a function of travel demand.8 In Eq. (25), 

0.5𝑁(𝜆0𝑖𝑗𝑥
0
𝑖𝑗 + 𝜆

1
𝑖𝑗𝑥

1
𝑖𝑗 ) is the mean of the commuting volumes in periods 0 

(before the intervention) and 1 (after the intervention), and 𝜐𝑖𝑗 (𝑡1𝑖𝑗 − 𝑡
0
𝑖𝑗 )

is the monetary value of the travel time gain/loss between the two pe­

riods. That is, this measure includes both the time savings of those who 

travelled before the policy intervention as well as the surplus associated 

with newly induced demand. Note that our model enables us to differen­

tiate the value of time, 𝜐𝑖𝑗 , between the commuting origin–destination 

pairs. However, as such differentiation is rarely performed in the state-

of-the-practice,9 we will compute partial equilibrium results with both 

homogeneous and heterogeneous time valuations.

In the common appraisal exercise we would like to consider the ag­

glomeration externality stemming from improved access to economic 

mass and the associated productivity gain, in line with the trans­

port appraisal literature (Graham and Gibbons, 2019). The common 

methodology in this area assumes, based on the urban economic the­

ory developed by Venables (2007), that the additional output that firms 

realise through improved access to economic mass, keeping all input fac­

tors constant, is additional to the direct user benefit of travellers. Using 

the production function in Eq. (13) and the decomposition of total fac­

tor productivity (𝐴𝑗) in Eq. (22), the output of location 𝑗 with access to 

economic mass 𝜌𝑡𝑗  is 

𝑌𝑗 (𝜌𝑡𝑗 ) = 𝑎𝑗
(

𝜌𝑡𝑗
)𝜂
𝑀𝛼

𝑗 𝐻
1−𝛼
𝑗 , (26)

where 𝑡 ∈ {0, 1} indicates the equilibria before and after the inter­

vention. The increase in firm output solely attributed to the growth in 

economic density from 𝜌0𝑗  to 𝜌1𝑗  is 

Δ𝑌𝑗 = 𝑌𝑗 (𝜌1𝑗 ) − 𝑌𝑗 (𝜌
0
𝑗 ) =

[(

𝜌1𝑗
𝜌0𝑗

)𝜂

− 1

]

⋅ 𝑌𝑗 (𝜌0𝑗 ). (27)

We compute this quantity for each location 𝑗 based on the changes 

in economic density in response to the Elizabeth Line, as discussed 

in Section 5.2.1. We then sum the resulting Δ𝑌𝑗  values to obtain an 

aggregate measure of the agglomeration externality.

Another methodological dilemma we need to address at this stage is 

whether we consider relocation in the calculation of partial equilibrium 

(PE) welfare results. Relocation affects both direct user benefits through 

𝜆1𝑖𝑗𝑥
1
𝑖𝑗  in (25) as well as the external productivity gain through 𝜌1𝑗  in (27). 

As there is no clear theoretical guidance on whether relocation should 

be considered in PE welfare analysis, we compute both in the following 

investigation.10

3.5.2 . Welfare analysis in spatial general equilibrium

The literature provides at least two methods to quantify the change 

in aggregate welfare in a comparative statics exercise of our SGE model. 

The first one follows a recent contribution by Donald et al. (2025). Their 

method allows us to derive the aggregate welfare change as the sum of 

six separately interpretable components: (i) time savings, (ii) rearrange­

ment of consumption and (iii) residential floorspace use to places with 

8 For the theoretical foundations of consumer surplus derived from generalised 

travel prices, please refer to Glaister (1974).
9 For an overview of the equity and policy concerns underlying the dif­

ferentiation of the value of travel time savings, see Börjesson and Eliasson 

(2019).
10 More precisely, this decision in the PE model depends on whether the inverse 

demand function is defined based on short-run or long-run demand elasticities. 

In practice, predicting the pattern of household and employment relocation is a 

non-trivial challenge in the absence of a spatial equilibrium model. In this ex­

ercise we assume the partial equilibrium analysis is informed by the SGE model 

on relocation patterns. The elasticities, ad-hoc gravity models and LUTI models 

that are frequently used in transport appraisal may lead to different results. In 

this exercise we avoid this empirical source of bias/incoherence between the PE 

and SGE methods by passing the SGE outputs over to the PE model.

high marginal utility, (iv) fare revenues, (v) landowners’ revenues, and 

(vi) external productivity gains. This section reports the core assump­

tions and final results of the analytical work we performed following 

Donald et al. (2025), while Appendix D contains the detailed derivations.

Our urban model deviates from the original specification of Donald 

et al. (2025) in multiple ways. They define a fairly general regional trade 

model in which consumers live and work in the same location, and util­

ity is additive, with a Gumbel-distributed idiosyncratic shock. Extending 

location choice to separate residence–workplace pairs is straightforward 

(see a discussion on this extension in Section 4.6 of Donald et al., 2025). 

Moving from an additive to a multiplicative specification for house­

hold utility may seem more complicated. Proposition 5 of Donald et al. 

(2025) shows that as long as both the systematic and random parts of 

the additive utility function are the log transformations of their coun­

terparts in the multiplicative specification, the welfare decomposition 

below remains transferable.

Our model also differs in the structure of the rest of the spatial econ­

omy. While they have a two-tier production sector with intermediate and 

final goods, our urban model has only one representative producer per 

location. At the same time, our model features an explicit construction 

sector which was absent in Donald et al.

Donald et al. (2025) define a pseudo-planning problem whose so­

lution is equivalent to utility-maximising location choices and the 

corresponding general equilibrium allocation in the spatial model. The 

Lagrangian of this pseudo-planning problem, after being adapted to our 

model and notation, is 

L = W

(

∑

𝑖𝑗
𝑁𝜆𝑖𝑗 (Θ) ⋅ 𝑢𝑖𝑗 (𝐿𝑖𝑗 , 𝐶𝑖𝑗 ,𝐻𝑅

𝑖𝑗 ) − Ψ
(

{𝜆𝑖𝑗 (Θ)}
)

)

+
∑

𝑖𝑗
𝑁𝜆𝑖𝑗 (Θ) ⋅ 𝑥𝑖𝑗𝜏𝑖𝑗 +

∑

𝑗
𝑝𝓁𝑗 ⋅ 𝓁𝑗 + 𝑝̃

[

∑

𝑗
𝐴𝑗𝑓

𝑦
𝑗 (𝑀

𝑊
𝑗 ,𝐻𝑊

𝑗 )

−
∑

𝑖𝑗
𝑁𝜆𝑖𝑗 (Θ) ⋅ 𝐶𝑖𝑗

]

+
∑

𝑗
𝑤̃𝑗

[

∑

𝑖
𝑁𝜆𝑖𝑗 (Θ) ⋅ 𝑥𝑖𝑗 −𝑀𝑊

𝑗

]

+
∑

𝑗
𝑞𝑗

[

𝑓ℎ(𝑍𝑗 ,𝓁𝑗 ) −

(

∑

𝑘
𝑁𝜆𝑗𝑘(Θ) ⋅𝐻𝑅

𝑗𝑘

)

−𝐻𝑊
𝑗

]

+
∑

𝑗
𝑝̃𝓁𝑗

[

L𝑗 − 𝓁𝑗
]

.

(28)

In this problem, the objective includes (i) the W function of household 

utility across all 𝑖𝑗 pairs, (ii) fare revenues given the monetary commut­

ing cost vector {𝜏𝑖𝑗}, and (iii) the land revenue collected by absentee 

landlords. Θ = ({𝐿𝑖𝑗}, {𝐶𝑖𝑗}, {𝐻𝑅
𝑖𝑗 }) is a simplified notation for the spa­

tial distribution of leisure time, consumption and residential floorspace 

use patterns, i.e. the determinants of location choice. The derivative 

Λ = 𝑑W(𝑥)
𝑑𝑥  captures the social value of a marginal increase in house­

hold utility. Following Donald et al. (2025), we apply a normalisation 

that implies 

Λ = E𝑖𝑗

[

𝑝
( 𝜕𝑢𝑖𝑗
𝜕𝐶𝑖𝑗

)−1]

. (29)

That is, we normalise household utility by the expected marginal utility 

of consumption across locations to express its contribution to money-

metric social welfare. W depends on two additive components. The first 

one is the total systematic utility that households realise through lo­

cal leisure time, consumption and housing quantities. The second one, 

Ψ
(

{𝜆𝑖𝑗 (Θ)}
)

, measures the shift in total utility caused by ex-ante idiosyn­

cratic location preferences under a given distribution of location choices 

captured by the choice probability vector {𝜆𝑖𝑗}.11

11 Section 2.3 and Appendix D of Donald et al. (2025) provide more de­

tail on the functional form of Ψ
(

{𝜆𝑖𝑗 (Θ)}
)

 under various assumptions on the 

distribution of idiosyncratic location preferences.
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The remaining parts of Eq. (28) are constraints associated with four 

market clearing conditions. Specifically, 𝑝̃, {𝑤̃𝑗}, {𝑞𝑗} and {𝑝̃𝓁𝑗 } are 

Lagrange multipliers corresponding to market clearing in the produc­

tion, labour, construction and land markets, respectively. Donald et al. 

(2025) show that in equilibrium, these Lagrange multipliers equal the 

relevant market prices, so that 𝑝̃ = 𝑝, 𝑤̃𝑗 = 𝑤𝑗 − 𝜏𝑖𝑗 , 𝑞𝑗 = 𝑞𝑗  and 𝑝̃𝓁𝑗 = 𝑝𝓁𝑗
for all 𝑗. The first constraint states that the amount of goods produced in 

all 𝑗’s equals the amount of 𝐶𝑖𝑗  consumed across residence–workplace 

pairs. The second constraint equates effective labour supply (including 

both the extensive and intensive margins) with labour demand. The third 

constraint equates floorspace production with the sum of residential and 

commercial floorspace demand in each location. The fourth constraint 

equates local land supply L𝑗  and demand 𝓁𝑗 .
Consider a set of transport policy interventions that induce small 

changes in the travel time matrix {𝑡𝑖𝑗}. Based on Eq. (28) and the 

envelope theorem, the associated change in aggregate welfare is 

𝑑𝑊 =
∑

𝑖𝑗
Λ𝜇𝑖𝑗 ⋅𝑁𝑖𝑗𝑥𝑖𝑗 ⋅ (−𝑑𝑡𝑖𝑗 )

⏟⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏟⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏟
(i) time savings

+𝑁 ⋅ Cov(Λ − 𝜅−1𝑖𝑗 , 𝜅𝑖𝑗𝑝 ⋅ 𝑑𝐶𝑖𝑗 )
⏟⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏟⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏟
(ii) dispersion of MU of consumption

+𝑁 ⋅ Cov(Λ − 𝜅−1𝑖𝑗 , 𝜅𝑖𝑗𝑞𝑖 ⋅ 𝑑𝐻
𝑅
𝑖𝑗 )

⏟⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏟⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏟
(iii) dispersion of MU of housing

+
∑

𝑖𝑗
𝜏𝑖𝑗 ⋅ 𝑑(𝑁𝑖𝑗𝑥𝑖𝑗 )

⏟⏞⏞⏞⏞⏞⏞⏞⏞⏞⏟⏞⏞⏞⏞⏞⏞⏞⏞⏞⏟
(iv) fare revenues

+
∑

𝑗
𝓁𝑗 ⋅ 𝑑𝑝

𝓁
𝑗

⏟⏞⏞⏞⏞⏟⏞⏞⏞⏞⏟
(v) land value

+
∑

𝑗

𝑝𝜂𝑌𝑗
𝜌𝑗

𝑑𝜌𝑗

⏟⏞⏞⏞⏞⏞⏟⏞⏞⏞⏞⏞⏟
(vi) agglom. externality

.

(30)

Item (i) transforms time savings into social welfare, using the origin–

destination-specific marginal utility of time (𝜇𝑖𝑗) and the average inverse 

marginal utility of money that we defined in Eq. (29). Items (ii) and (iii) 

originate from the unequal spatial distribution of the marginal utilities 

(MU) of consumption and housing. The sign and magnitude of these 

terms depend on the covariance of two terms: an 𝑖𝑗-pair’s marginal 

utility of money relative to the city-wide average and its change in con­

sumption and housing demand in response to the policy. For example, 

if 𝑑𝐶𝑖𝑗  (or 𝑑𝐻𝑅
𝑖𝑗 ) is positive in those residence-workplace pairs where 

the marginal utility of money is also higher than average, then items (ii) 

and (iii) are expected to make a positive contribution to the aggregate 

welfare change. Component (iv) captures fare revenues; even though 

this cash flow is a transfer within society, it must be taken into account 

with a positive sign because commuter utility is expressed net of the 

fare payment. Item (v) is land value uplift; this effect is part of the wel­

fare change because land revenues are retained by absentee landlords 

as an isolated part of social surplus. Finally, item (vi) is the externality 

that firms generate when they become better connected and thus more 

productive.

In Section 5 we use the sum in (30) as the measure of the aggregate 

welfare change and quantify its six constituents as well, for a detailed 

comparison with partial equilibrium appraisal. The intermediate steps 

that lead from (28) to (30) are reported in Appendix D.

Other papers in the QSE literature rely on an alternative approach to 

compute the change in aggregate welfare. Similar to the logsum formula 

in logit discrete choice models, there is a closed-form expression for the 

expected value of household utility in the discrete choice framework 

that features a Fréchet-distributed random utility shock.12

E[𝑈𝑖𝑗 ] = Γ
( 𝜀 − 1

𝜀

)

[

∑

𝑖,𝑗
𝑋𝑖𝐸𝑗

(

𝜐𝑖𝑗
𝑝𝛽𝑖 𝑞

1−𝛽
𝑖

)𝛾𝜖]1∕𝜖

∀ 𝑖, 𝑗 (31)

12 For the detailed derivation of this expression, see Appendix Section S.2.2 of 

Ahlfeldt et al. (2015) or Appendix Section C1 of Heblich et al. (2020).

In this expression Γ(⋅) is the Gamma function. Note that in spatial equi­

librium, expected utility is the same across all residence–workplace 

combinations but the marginal utility of money is not. To derive a mon­

etary measure of the economic gain of households in this model, we 

compute the compensating wage that achieves the same improvement 

in expected utility as the transport project. The compensating wage is 

then multiplied by 𝑁 , the number of workers. As the production and 

construction markets are perfectly competitive, economic surplus is not 

generated there. The only element that we need to add to the mone­

tised change in expected utility is the predicted change in land revenues, 
∑

𝑗 𝓁𝑗 ⋅ 𝑑𝑝
𝓁
𝑗 , which also appeared in the welfare decomposition of (30).

4 . Data and model estimation

The structure of the theoretical model enables the quantification of 

two types of exogenous parameters. First, this model features five vec­

tors of location-specific parameters that capture geographical or local 

regulatory characteristics: residential and workplace amenities 𝑋𝑖 and 

𝐸𝑗 , local productivity 𝐴𝑗 , and two vectors capturing local land and real 

estate regulation, 𝜉𝑖 and 𝐻̄𝑖. Second, the model has a set of spatially 

undifferentiated structural parameters: 𝜖, 𝛼, 𝛽, 𝛾, 𝜓 , 𝐿̄, 𝑇 , and two pa­

rameters relating to agglomeration economies to be introduced soon. 

We discuss the estimation/calibration of these two sets of parameters in 

this section.

The numerical implementation of the model covers 983 spatial units 

defined by the UK Office for National Statistics as middle layer super 

output areas (MSOA) in Greater London. The paper relies on publicly 

available data sources only; with access to the Secure Research Service of 

the ONS, the model could also be implemented at a higher level of spatial 

granularity, including the LSOA or even the OA statistical units.13 With 

the current spatial resolution, the model distinguishes 9832 = 966,289 po­

tential residence–workplace combinations in location choice. Our data 

sources are listed below.

(i) Commuting matrix: ONS 2011 Census. The decennial Census of 

the UK includes large-scale datasets on the residential and work­

place locations of the population. The publicly available version 

of this dataset is aggregated to the MSOA level. Given that the 

2021 Census has been unconventional in many ways due to the 

Covid-19 pandemic, the remaining data sources in this paper were 

collected to complement the 2011 Census.

(ii) Residential and workplace populations: ONS 2011 Census. In 

principle, the row and column sums of the commuting matrix 

correspond to the residential and workplace populations of em­

ployed individuals for each spatial unit. The total residential and 

workplace populations, including both active and inactive indi­

viduals, are also available on the ONS website. While we will 

not use this data in the model implementation, comparing the 

total population distribution with the commuting matrix offers 

additional descriptive insights for the analysis.

(iii) Wages: Annual Survey of Hours and Earnings, Table E.2. We use 

the net daily income column of this publicly available dataset, 

provided at an MSOA level for each year, including 2011, as an 

approximation of local wages.

(iv) Floorspace prices at an LSOA level (aggregated into MSOAs): 

Our baseline data source for floorspace prices is the open-source 

dataset of Ahlfeldt et al. (2023). They match the real estate sales 

data of the Land Registry with Energy Performance Certificate 

data, and estimate the floorspace price index using a mix of para­

metric and non-parametric estimation techniques. Note that this 

dataset does not include a breakdown of floorspace prices into 

commercial and residential properties. Therefore, we use two 

13 See a detailed description of statistical geographies on the ONS web­

site: https://www.ons.gov.uk/methodology/geography/ukgeographies/

statisticalgeographies.
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further data sources described as items (v) and (vi) to infer the 

wedge between commercial and residential floorspace prices (𝜉𝑖).
(v) Commercial floorspace prices at Local Authority District level: UK 

Valuation Office Agency administrative data. This dataset as well 

as item (vi) are only available at a borough level in London; we 

apply inverse distance weighting to interpolate this data to the 

MSOA level.

(vi) Residential floorspace prices at Local Authority District level: 

Tenant Services Authority RSR.

(vii) Transport infrastructure networks: OpenStreetMap (OSM). We 

use the entire road and pedestrian path network of Greater 

London to infer walk times to the nearest public transport stop.

(viii) Bus network and timetables: Bus Open Data, General Transit Feed 

Specification (GTFS): Transport for London.

(ix) Railway and metro network and timetables, GTFS: Rail Delivery 

Group. This dataset contains information on the service provider 

of each rail and metro line, which enables us to remove certain 

lines (i.e., the Elizabeth Line) in counterfactual scenarios using 

the gtfstools package in R.

(x) Historic population densities from the online data appendix of 

Heblich et al. (2020), with the corresponding author’s permission.

The numerical implementation of the model is preceded by a series of 

data processing steps. The travel times and monetary travel costs be­

tween MSOA centroids, that is, the 𝑡𝑖𝑗  and 𝜏𝑖𝑗  matrices, are computed via 

the April 2024 version of the routing package called r5r; see Pereira et al. 

(2021). This library combines infrastructure shapefiles from OSM with 

public transport timetables stored in GTFS format. The routing algorithm 

considers walking distance to the nearest stop/station, in-vehicle travel 

times according to the timetable, and transfer times, to produce a re­

alistic estimate of the travel time and monetary cost matrix along the 

shortest path.14 This approach also allowed us to compute both matri­

ces with and without the Elizabeth Line, providing the main input to the 

counterfactual simulations in Section 5.2.

When quantifying the model, we exploit the recursive structure of 

the quantitative spatial model and proceed through the following steps: 

first, we estimate the gravity equation implied by the location choice 

model, which yields an estimate of 𝜖, the Fréchet shape parameter. 

Second, we use the estimated 𝜖 to invert the model and recover three 

sets of location fundamentals: amenities 𝑋𝑖 and 𝐸𝑗 , and the productiv­

ity vector 𝐴𝑗 . Model inversion is a deterministic process: we apply the 

equilibrium conditions of the model to express one location-specific vec­

tor as a function of observed and previously identified parameters. In 

other words, the model structure enables us to establish a one-to-one 

relationship between the observed data and the unknown vectors of lo­

cation fundamentals, and quantify the latter as structural residuals of the 

model. Third, based on the resulting vector of local productivities, we 

estimate the elasticity of productivity with respect to agglomeration (𝜂) 
and the associated distance decay (𝛿). Fourth, we perform two more de­

terministic steps to recover the exogenous part of the local productivities 

and the floorspace construction limits 𝐻̄𝑖. Standard errors are calcu­

lated using a bootstrap procedure with 250 replications of the estimation

sequence.

The remaining structural parameters are not separately estimated at 

the current phase of this research project. We borrow the following val­

ues from the literature: 𝛼 = 0.8 from Valentinyi and Herrendorf (2008); 

𝛽 = 0.75 from Davis and Ortalo-Magné (2011); 𝜓 = 0.25 from Combes 

et al. (2019); we set 𝐿̄ = 24 hours and 𝑇 = 8 hours by intuition.

14 More specifically, we compute the monetary cost of travel by metro on the 

basis of the origin and destination station, while the cost of bus trips depends on 

how many boardings are necessary along the shortest path. We apply 2021 tariff 

levels. Under these assumptions, the cost of a daily round-trip is 1.82 percent of 

the daily wage on average (median: 1.66 percent; max: 5.10 percent). 

4.1 . Commuting gravity

Model specification. Model quantification begins by estimating 𝜖, 
the spread of the Fréchet-distributed idiosyncratic shock in households’ 

utility function. Following Ahlfeldt et al. (2015), we express the location 

choice probability equation in (9) as 

log𝑁𝑖𝑗 = 𝛼0 + 𝜗𝑖 + 𝜗𝑗 + 𝜈 ⋅ log 𝜐𝑖𝑗 + 𝜀𝑖𝑗 , (32)

In the equation above, 𝑁𝑖𝑗  is the number of observed travellers in the 

commuting matrix, 𝛼0 is the intercept capturing the denominator (multi­

lateral resistance) in gravity Eq. (9), 𝜗𝑖 is a residence (origin) fixed effect, 

𝜗𝑗  is a workplace (destination) fixed effect, 𝜈 = 𝛾𝜖 becomes the coeffi­

cient of bilateral resistance log 𝜐𝑖𝑗 , and 𝜀𝑖𝑗  is the error term. Note that 

𝜐𝑖𝑗  in Eq. (5) is expressed as a function of wages (𝑤𝑗), the monetary and 

time costs of commuting (𝜏𝑖𝑗  and 𝑡𝑖𝑗), and the number of working hours 

per day (𝑇 ), which we treat as a constant. Thus, 𝜐𝑖𝑗  in the estimating 

equation is derived deterministically from the data. The main parame­

ter of interest, 𝜈, is transferable between this estimating equation and 

the location choice probability function in Eq. (9).

The functional form of (32) is common in the broader empirical lit­

erature on gravity estimation in international trade (Head and Mayer, 

2014). This allows us to apply a robust and widely adopted estimator 

from that literature, the Poisson Pseudo-Maximum Likelihood (PPML) 

method of Santos Silva and Tenreyro (2006). The use of this model is 

motivated by two concerns. First, 𝑁𝑖𝑗  on the left-hand side of (32) in­

cludes many zeros in the commuting matrix, as the commuting flow is 

effectively zero between two-thirds of the MSOA pairs in our data. In an 

OLS log-log model, these observations would have to be removed, which 

would imply a substantial loss of information. The second concern arises 

from Jensen’s inequality: under heteroskedasticity, the parameters of a 

log-linearised model estimated by OLS lead to biased estimates because 

𝐸[log 𝑦] ≠ log𝐸[𝑦].

Identification. Identification of 𝜈 in (32) is challenging because bi­

lateral resistance may be endogenous: unobserved factors can affect both 

resistance and flows. For example, travel times may be affected by the 

non-random placement of infrastructure, and road congestion may give 

rise to reverse causality. Thus, the estimated elasticity in (32) should 

not automatically be given a causal interpretation. Accordingly, our 

empirical strategy relies on fixed effects and the use of Euclidean dis­

tance between 𝑖 and 𝑗 as an instrumental variable to isolate plausibly 

exogenous changes in bilateral resistance. Under standard identifying 

assumptions, the conditional regression function in (32) can then be in­

terpreted as approximating the average response of flows to changes in 

resistance.

Unfortunately, due to the relatively recent opening of the Elizabeth 

Line in 2022, which also coincided with the aftermath of the Covid-

19 pandemic and followed the latest Decennial Census in 2011, we 

are unable to combine the single cross-section of pre-intervention com­

muting data with a commuting matrix reflecting the post-intervention 

equilibrium. Panel commuting flow data would allow us to weaken our 

exclusion restriction substantially. Given this data limitation, we follow 

the majority of the literature by assuming that changes in travel times 

perfectly determine changes in commuting flows. By contrast, the panel 

gravity approach applied by Severen (2023); Herzog (2024) and Lee and 

Tan (2024) would enable us to include pair-specific fixed effects to con­

trol for the time-invariant, hard-to-measure determinants of commuting 

flows, while letting origin and destination fixed effects be time-varying, 

capturing the non-commuting effects of the policy.

Results. The results for six model specifications are summarised in 

Table 1. Models (1) and (2) are OLS estimates of the model, with and 

without origin and destination fixed effects. These models rely on a 

restricted sample because OLS cannot handle zero flows after the log 

transformation. It is remarkable though that the elasticity estimate in 

model (2) is close to our most preferred one in (4). Models (3) and 
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Table 1 

Estimating commuting gravity.

Dependent variable: log commuting flow

(1) (2) (3) (4) (5) (6)

Impedance value of time (effective wage) travel time gen.cost

Notation 𝜐𝑖𝑗 𝜐𝑖𝑗 𝜐𝑖𝑗 𝜐𝑖𝑗 𝑡𝑖𝑗 𝜐̄𝑡𝑖𝑗 + 𝜏𝑖𝑗

Method OLS† OLS† PPML PPML + IV PPML PPML

Instrument Eucl.dist

Estimate 2.959∗∗∗ 12.303∗∗∗ 19.035∗∗∗ 10.193∗∗∗ −0.893∗∗∗ −0.855∗∗∗

(0.012) (0.021) (0.059) (0.031) (0.008) (0.008)

Fixed effects no yes yes yes yes yes

RMSE 1.078 0.657 8.815 8.684 13.948 13.686

AIC 1,052,942 708,040 2,767,492 2,836,697 5,290,953 5,524,191

BIC 1,052,974 729,218 2,790,654 2,859,856 5,314,115 5,547,353

# of obs. 352,300 352,300 966,289 965,306 966,122 966,122

† Only origin-destination pairs with positive flows are included.

Standard errors in parentheses, ∗∗∗ 99%, ∗∗ 95%, ∗ 90%.

(4) are Poisson models with fixed effects. A common endogeneity con­

cern is that impedance between 𝑖 and 𝑗 may not be independent of 

the flows themselves. One potential reason may be the non-random 

placement of infrastructure. To address this concern, we instrument 𝜐𝑖𝑗
with the Euclidean distance in model (4), which provides our preferred

estimate.

Assuming that commuters have a fixed travel time budget of one 

hour on average (Kung et al., 2014), such that 𝛾 = (𝑇 +1)∕24, 𝜖 = 𝜈∕𝛾 is 
computed from our preferred empirical estimate of 𝜈̂ = 10.193. Note that 

all four elasticities and the resulting 𝜖 values are higher in models (2) to 

(4) than the single-digit estimates in other QSM studies in the literature.

In models (5) and (6), we estimate the gravity equation using travel 

times and generalised travel costs as impedance measures. This exercise 

shows that our data yield a negative commuting elasticity of similar 

magnitude to that reported in mainstream QSMs when the standard 

impedance measure is used. The higher Fréchet shape parameter in our 

main model can be interpreted as less randomness in people’s location 

choice decisions. We attribute this outcome to the fact that 𝜐𝑖𝑗  is a more 

comprehensive measure of the trip generating forces in the commut­

ing context. That is, it has a higher explanatory power in commuting 

decisions than the pure travel time.

4.2 . Amenity residuals

Exploiting the recursive structure of the model, in this step we rely 

on the estimated 𝜖 parameter to recover the values of the residential and 

workplace amenity vectors {𝑋𝑖} and {𝐸𝑗}. Based on the definitions and 

location choice probabilities defined above, the link between workplace 

and residential populations can be expressed as 

𝑁𝑊
𝑗 =

∑

𝑖
𝜆𝑖𝑗|𝑖 ⋅𝑁

𝑅
𝑖 . (33)

We can express fundamental amenity levels 𝐸𝑗  after substituting (10) 

into (33): 

𝐸𝑗 = 𝑁𝑊
𝑗

(

∑

𝑖

𝜐𝛾𝜖𝑖𝑗 𝑁
𝑅
𝑖

∑

𝑠 𝐸𝑠𝜐
𝛾𝜖
𝑖𝑠

)−1

(34)

This implies an equation for each location in function of all other 𝐸𝑗 ’s 
that we can solve for iteratively to recover the unique vector of work­

place amenity levels from the observed distribution of residential and 

workplace populations and the observed determinants of 𝜐𝑖𝑗 . Residential 

amenities are recoverable in a similar fashion. Let us introduce 

𝑋̃𝑖 = 𝑋𝑖

(

𝑞1−𝛽𝑖

)−𝛾𝜖
, (35)

which captures all residence-dependent endogenous variables of loca­

tion choice probability (9). The values of 𝑋̃𝑖 are the solution of

𝑋̃𝑖 = 𝑁𝑅
𝑖

(

∑

𝑗

𝜐𝛾𝜖𝑖𝑗 𝑁
𝑊
𝑗

∑

𝑟 𝑋̃𝑟𝜐
𝛾𝜖
𝑟𝑗

)−1

. (36)

From the solutions, 𝑋𝑖 is quantified using data on residential floorspace 

prices 𝑞𝑖 and by inverting (35) above. Given the choice probability 

equation in (9), the amenity vectors can be scaled freely without 

affecting spatial outcomes and welfare predictions. We normalise {𝑋𝑖}
and {𝐸𝑗} such that their geometric means equal one.

A visual representation of the residuals in Fig. 1 reveals insightful 

patterns. The results show that the locations in Central London, with the 

exception of Westminster and the nearby MSOAs, are not particularly 

pleasant places to work, conditioned on the very high wages offered by 

these places. An inner ring surrounding the City of London and Canary 

Wharf has particularly low amenities for working. By contrast, some of 

the locations in the suburbs are more attractive for working than what 

their wage levels would justify. Lower density and congestion externali­

ties (i.e.  noise, pollution) may explain some of these results. By contrast, 

the most appealing residential locations are clustered around the central 

areas of Finchley Road and Swiss Cottage, Kensington and Chelsea, and 

the low-density residential neighbourhoods of Richmond.15

In Appendix C.2, we estimate the elasticity of the amenity residuals 

recovered in this stage with respect to various measures of economic 

mass. As the magnitude and even the sign of the resulting elasticities are 

highly sensitive to the choice of mass measure, we decided not to include 

these experimental results in the core analysis. Accordingly, residential 

and workplace amenities remain exogenous in the policy application of 

the model.

4.3 . Agglomeration externalities

The vector of local productivities {𝐴𝑗}, or total factor productivity 

in the production function (15), is computed by rearranging the wage 

equation in (17). 

𝐴𝑗 =
(𝑤𝑗
𝛼

)𝛼( 𝑄𝑗
1 − 𝛼

)1−𝛼

(37)

As we observe both wages (𝑤𝑗) and commercial floorspace prices (𝑄𝑗), 
the 𝐴𝑗  vector is computed by directly substituting the observed data 

into (37). Our empirical objective is to isolate the exogenous, geograph­

ically determined component of productivity (𝑎𝑗) from the impact of 

economic density (𝜌𝑗). Based on the productivity decomposition (22), 

the empirical objective is to estimate agglomeration elasticity 𝜂 =
𝜕 log 𝐴̂𝑗∕𝜕 log 𝜌𝑗 (𝛿), in which 𝐴̂𝑗  are the productivity residuals recovered 

via (37). The core endogeneity concerns well-known in the literature are 

that (i) density may be correlated with unobserved local characteristics, 

e.g.  natural advantages/endowments, that also affect productivity, and 

(ii) through the endogenous location choice of firms and competition 

forces, productivity may also affect the magnitude of agglomeration, 

fueling reverse causality (Combes and Gobillon, 2015; Graham and 

Gibbons, 2019). To identify the causal effect of agglomeration on pro­

ductivity, we deploy instrumental variables and the control function 

technique in three alternative specifications.

Specification and identification. The models reported in Table 2 

differ in the specification of 𝜌𝑗 , the inclusion of fixed effects, and the 

method of estimation. In models (1) and (2), the general functional 

form in (22) remains unchanged but we ignore agglomeration spillovers 

between locations, so the specification of 𝜌𝑗  follows (23).

15 Even though, from a technical perspective, the vector of residuals we quan­

tify via model inversion may include noise and a wide range of hard-to-measure 

determinants of local characteristics, the pattern of high values coincides with 

what is typically perceived as the most pleasant neighbourhoods of London, es­

pecially in residential terms. Accordingly, we find it reasonable to refer to these 

residual vectors as amenities.
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Fig. 1. The spatial distribution of residuals, interpreted as workplace and residential amenities and recovered via model inversion. Contour lines represent smoothed 

surfaces of t statistics of local amenities computed through bootstrapping.

Table 2 

Agglomeration economies and distance decay.

Dependent variable: log productivity residual

(1) (2) (3) (4)

Density measure Emp.density Emp.density Total emp.† Total emp.†

Method OLS 2SLS NLS + CF NLS + CF

Productivity elasticity, 𝜂 0.125∗∗∗ 0.115∗∗∗ 0.150∗∗∗ 0.142∗∗∗

(0.005) (0.009) (0.015) (0.024)

Distance decay, 𝛿 −0.080∗∗∗ −0.071∗∗

(0.012) (0.012)

Borough fixed effects no yes yes yes

RMSE 0.17 0.11 0.06 0.06

AIC −672.44 −4251.30 −2697.48 −2597.99

BIC −657.77 −4085.01 −2404.04 −2304.55

# of obs. 983 983 983 983

† Total employment is aggregated in 2.5-min travel time bands.

Standard errors in parentheses, ∗∗∗ 99%, ∗∗ 95%, ∗ 90%.

Model (1) is a crude OLS estimate. In model (2) we instrument 

log 𝜌𝑗  with a set of historical and geographical variables. Specifically, 

we use population densities in 99 Greater London boroughs in 1861 and 

1921.16 Historical population concentrations are predictive of current 

density, particularly in London, where much of the historical building 

stock has been preserved. At the same time, conditional on contempo­

rary controls, historical population patterns are plausibly exogenous to 

present-day productivity shocks in London’s finance, innovation, and 

service oriented economy. We also include a third-order polynomial of 

the logarithm of distance from the City of London, the central business 

district. The underlying assumption is that distance from the CBD is 

correlated with density, particularly in monocentric cities, due to the 

fundamental trade-off between commuting costs and competition for 

land. However, this measure of relative geographical location is assumed 

not to affect firm productivity through mechanisms other than economic 

density.

16 Our data source, with the corresponding author’s permission, is the on­

line appendix of Heblich et al. (2020) who used original data provided by the 

Cambridge Group for the History of Population and Social Structure (Wrigley, 

2011).

Models (3) and (4) have been estimated in a two-step process which 

captures the decay in spillover effects between nearby MSOAs, following 

Koster (2024). In the first step we create 2.5-minute-wide concentric 

travel time doughnuts around location 𝑗 denoted by R𝑗𝑟, aggregate the 

effective labour supply in each ring and estimate the contribution of each 

distance ring to the measure of density in 𝑗 via the parameter vector {𝑑𝑟}. 
Thus, the estimating equation is specified as 

log 𝐴̂𝑗 = 𝜂 log
∑

𝑟

⎛

⎜

⎜

⎝

𝑑𝑟
∑

𝑘∈R𝑗𝑟

𝑁𝑊
𝑘 𝑥̄𝑘

⎞

⎟

⎟

⎠

+ 𝜗𝑗∈𝑧 + 𝜀𝑗 . (38)

As log 𝐴̂𝑗  depends on 𝜂 and the ring-specific parameters non-linearly, 

we estimate the model with nonlinear least squares (NLS). Then, in the 

second step we fit a curve on the coefficient estimates to quantify 𝛿 as 

the parameter of 𝜏𝑟, the mean travel time between locations in ring 𝑟
and location 𝑗: 

log 𝑑𝑟 = 𝛿𝜏𝑟 + 𝜀𝑟. (39)

We follow Koster (2024) again by applying a control function approach. 

As an initial step, we estimate the nonlinear model in (38) with NLS, 

ignoring that the resulting 𝑑𝑟 estimates are likely biased. We use these 

estimates to compute 𝜌̂𝑗 , the access to economic mass predicted by the 

model. Then, in a first-stage regression we regress this outcome using ex­

ogenous historical ATEM measures and distance from the CBD. In model 

(3) of Table 2, the control function is 

log 𝜌̂𝑗 =
∑

𝑦∈Y
log 𝜌𝑦𝑗 + 𝑓 (dist𝑗 ) + 𝜚𝑗 , (40)

where Y  includes the years 1841, 1861, 1881, 1901 and 1921, 𝜌𝑦𝑗  is 
the population density of location 𝑗 in year 𝑦, 𝑓 (dist𝑗 ) is the third-order 

polynomial of the distance from the central business district, and 𝜚𝑗  is 
the error term. Model (4) differs from model (3) in the assumed con­

trol function: we use 30-minute travel time doughnuts and a nonlinear 

specification similar to the second-stage regression as an instrument of 

today’s ATEM. 

log 𝜌̂𝑗 =
∑

𝑦∈Y
𝜂𝑦 ⋅ log

3
∑

𝑟=1

⎛

⎜

⎜

⎜

⎝

𝑑𝑦𝑟
∑

𝑘∈R𝑦
𝑗𝑟

pop
𝑦
𝑘

⎞

⎟

⎟

⎟

⎠

+ 𝜚𝑗 , (41)
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We take the 1861 and 1921 population distributions and travel time 

matrices from Heblich et al. (2020) to estimate this model with nonlinear 

least squares.

The residual vectors of (40) and (41), which we denote 𝜚̂𝑗 , are cor­

related with the dependent variable and, thus, also correlated with 

𝜀𝑗  in the main regression because economic density is endogenous. 

Thus, when we recover the 𝜚̂𝑗  vector and insert it into the second-stage 

regression 

log 𝐴̂𝑗 = 𝜂 log
∑

𝑟

⎛

⎜

⎜

⎝

𝑑𝑟
∑

𝑘∈R𝑗𝑟

𝑁𝑊
𝑘 𝑥̄𝑘

⎞

⎟

⎟

⎠

+ 𝜗𝑗∈𝑧 + 𝑓 (𝜚̂𝑗 ) + 𝜀̃𝑗 , (42)

the original error term is decomposed into 𝜀𝑗 = 𝑓 (𝜚̂𝑗 ) + 𝜀̃𝑗 . As 𝑓 (𝜚̂𝑗 ) =
𝐸[𝜀𝑗 |𝜚𝑗 ] is the conditional mean of 𝜀𝑗 , from which 𝜀̃𝑗  is independent by 

construction, we ensure that the remaining error 𝜀̃𝑗  is no longer corre­

lated with the endogenous ATEM measure. In other words, we correct 

for endogeneity and the resulting 𝜂 and 𝑑𝑟 estimates are unbiased.17 In 

practice, we use the third-order polynomial of 𝜚̂𝑗  as 𝑓 (𝜚̂𝑗 ).
Note that the estimation of the agglomeration parameters is part of 

the sequence of empirical work stages detailed in this section. There is 

inherent uncertainty in 𝐴̂𝑗 , the dependent variable of the present ex­

ercise. Consequently, the standard errors produced by the OLS, 2SLS, 

and NLS estimation algorithms are not informative. The standard errors 

reported in Table 2 are computed by bootstrapping the entire model 

inversion and parameter estimation process 250 times.

Results. Let us turn to the empirical results in Table 2. The naïve 

model in column (1) yields an agglomeration elasticity of 12.5%. The 

2SLS regression with employment density as the density measure leads 

to a higher result. The two control function specifications lead to esti­

mates between the OLS and 2SLS results. Our preferred model is (4), 

with an elasticity of 𝜂̂ = 14.2% and a distance decay of 𝛿 = −0.071, 

which implies that spillovers fade quickly after 15 to 20 min of travel 

time. Note that some of the estimated 𝑑𝑟 coefficients in (42) may not be 

statistically significantly different from zero. Fig. C.1 in the Appendix 

plots these estimates together with the resulting distance decay curve 

for model (4); 𝛿 has been estimated using only the 𝑑𝑟’s that we found 

statistically significant at the 95% confidence level.

The estimated agglomeration elasticity 𝜂̂ = 14.2% is at the higher 

end of the values found in the previous literature (see Graham and 

Gibbons, 2019). However, our result does not stand out from previ­

ous studies focusing on Greater London, specifically. Dericks and Koster 

(2021) developed a QSM using the same case study context. Exploiting 

the exogenous variation in density caused by bombings during WW2, the 

agglomeration elasticity they estimate is even higher than ours, 19.6%. 

To explore potential factors behind the high elasticity we found, we re-

estimated the less computationally intensive model (3) using MSOAs 

located under and above the median distance from the CBD separately; 

see Table C.1 in the Appendix. We find that the elasticity rises to 17.5% 

for the inner-city subsample while it declines to 8.1% for the more pe­

ripheral parts of London. As we move from the centre to the city edge, 

this clearly non-linear pattern seems to converge close to the UK-wide 

average of 4.3% recommended by the UK Transport Appraisal Guidance 

and the 4.7% mean of the global literature reported by Graham and 

Gibbons (2019).

4.4 . Productivity fundamentals and density limits

Given the above estimated 𝜂̂ and 𝛿 parameters, the observed travel 

time matrix, and the quantified values of 𝐴𝑗 , we recover the {𝑎̂𝑗} vector 

17 Recall though that the predicted 𝜌̂𝑗  values in the initial estimation of (40) 

and (41) are based on biased 𝑑𝑟 values. Thus, we create an iterative process and 

use the 𝑑𝑟 parameters estimated in the second-stage regression in (42) to recal­

culate 𝜌̂𝑗 , and repeat the first- and second-stage regressions until convergence is 

reached. In practice, with a three-digit tolerance, convergence has been reached 

after just the second iteration.

from Eqs. (22) and (24). 

𝑎̂𝑗 = 𝐴̂𝑗

[

∑

𝑠
exp(𝛿𝑡𝑠𝑗 )𝑁𝑊

𝑠 𝑥̄𝑠

]1∕𝜂̂

(43)

The {𝑎̂𝑗} vector captures fundamental local characteristics that make 

firms more productive in certain locations, controlling for the level of 

access to economic mass.

Fig. 2 provides a visual illustration of the decomposition outlined 

in Eq. (22). The patterns suggest that, when it comes to the geographi­

cal determinants of productivity, the East and South of Greater London 

are particularly disadvantaged, and the triangle between the City of 

London, Camden and Kensington is the most well-endowed part of the 

city. The right-hand side of the figure shows that economic density sig­

nificantly contributes to productivity. Its relative multiplier effect can 

exceed a factor of two: ceteris paribus, access to economic mass makes 

well-connected locations more than twice as productive as the least con­

nected ones. It is, of course, not surprising that the places with the 

highest exogenous productivity are also the most centrally located ones. 

The theory of urban spatial structure suggests that cities typically de­

velop around the most productive locations, creating a path dependency 

in urban development.

Finally, 𝜉𝑖 = 𝑄𝑖∕𝑞𝑖 is calculated as the ratio of observed commer­

cial and residential floorspace prices while the local density limit, 𝐻̄𝑖, is 

recovered by inverting (21). 

𝐻̄𝑖 =
Ξ𝑖(𝑞𝑖, 𝜉𝑖, 𝐿𝑖)

Ξ𝑖(𝑞𝑖, 𝜉𝑖, 𝐿𝑖) ⋅ (𝐻𝑅
𝑖 +𝐻𝑊

𝑖 )−1 − 1
,

where Ξ𝑖 =
[

(1 − 𝜓)𝑞𝑖
]
1−𝜓
𝜓 𝐿𝑖.

(44)

We assume that the local fundamentals 𝑋𝑖, 𝐸𝑗 , 𝑎𝑗 , 𝜉𝑖 and 𝐻̄𝑖 remain 

constant in counterfactual policy simulations.

5 . Policy appraisal

In this section we apply the fully quantified model to perform an 

illustrative policy appraisal experiment. The infrastructure policy we 

selected as a case study is the implementation of the Elizabeth Line, 

a large-scale urban rail investment programme that has attracted a lot 

of attention in the academic literature as well. The counterfactual appli­

cation of the model assumes that the Elizabeth Line is introduced in the 

baseline 2011 spatial equilibrium of Greater London; we let the model 

converge to a new spatial equilibrium, and assess the economic impact 

of the new intervention in a comparative statics exercise. Among the 

main outputs of the simulation, we present predictions on the spatial re­

distribution of economic activity, including market outcomes such as the 

wage and floorspace price distribution (see Section 5.2), and an estimate 

of the aggregate welfare of the policy in Section 5.3.

Note that this paper does not aim to deliver a comprehensive cost-

benefit analysis of the Elizabeth Line. As the concluding section of the 

paper discusses in more detail, our model does not account for sev­

eral important sources of welfare gains and losses, such as potential 

reductions in congestion and pollution externalities. That said, our ag­

gregate welfare estimates are not directly comparable to the official 

appraisal reports on the Elizabeth Line. However, in Section 5.3, we 

do perform a comparative analysis to learn more about how the spatial 

equilibrium welfare effect relates to the results of a comparable partial 

equilibrium CBA. This methodology-oriented experiment represents a 

first step towards reconciling the QSM approach to transport CBA with 

the mainstream PE framework.

5.1 . The spatial distribution of time valuations

Before turning to policy simulations, let us visualise an outcome of 

the calibration process that we devote increased attention to. Fig. 3 plots 

the spatial distribution of 𝜐𝑖𝑗 , our theoretical measure of the marginal 
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Fig. 2. Productivity as a locational fundamental and the multiplier generated by agglomeration.
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Fig. 3. Spatial distribution of mean travel time valuations, measured in 2011 

GBP/hour and averaged by residential location.

value of time. In this plot we depict their mean by residential location. 

As one would anticipate, residential locations in central London have 

the highest mean value of time, given the concentration of high-wage 

individuals whose commuting distance is also likely relatively small. 

Overall, time valuations vary between around 12 and 20 GBP/hour. 

The unweighted mean value of time among all OD-pairs is around 11.6 

GBP/hour, while the flow- and distance-weighted means are 14.5 and 

14.4 GBP/hour, respectively. These averages are broadly consistent with 

the empirical estimates of the value of time from the early 2010s.18

This exercise offers a unique perspective on the spatial distribution 

of travel time valuations. Such insight is unprecedented, mainly because 

empirically measuring the value of time using traditional stated or re­

vealed preference data at a comparable level of spatial disaggregation 

18 Note again that 𝜐𝑖𝑗  in our model is the pure opportunity cost of leisure time, 

which does not include other components of the value of travel time savings 

relating to reliability, comfort, crowding, etc.

would require an excessively costly data collection effort. By contrast, 

our value of time distribution is derived from publicly available and eas­

ily accessible wage and commuting time/cost data. We believe that the 

geographical disaggregation of travel time valuations can be useful from 

a practical perspective, in both demand modelling and policy evaluation.

5.2 . A large-scale infrastructure intervention

The fully calibrated QSM is now ready to perform counterfactual 

simulations; that is, to modify some of the exogenous parameters of the 

model to mimic a policy intervention and estimate its impact on urban 

form and general equilibrium outcomes.

In this exercise we assume the hypothetical scenario that the 

Elizabeth Line opens in the 2011 state of the London economy, lead­

ing the city to transition to a new spatial equilibrium. The descriptive 

plot in Fig. 4 shows the impact of the policy on the distribution of the 

mean travel time from individual residential locations (left side) and to 

individual workplaces (right side). To make the spatial pattern of time 

savings more visually perceptible, we apply quantile-based colour breaks 

in these plots, as indicated by the colour spectra in the legend. In the 

most privileged residential location, the representative commuter gains 

12.51 min in travel time. Naturally, the gain is the highest along the 

alignment of the new railway line, but some of the northern MSOAs, 

from which residents may transfer to the Elizabeth Line, also gain a 

non-negligible amount. The mean travel time savings that workplaces 

experience, many of which are located in well-connected places already, 

vary within a tighter range.

In the counterfactual simulations we assume that the transport im­

provement is combined with a relaxation of the exogenous constraint on 

floorspace development in Central London. We increase the value of 𝐻̄
by 2% within a 1.5 km radius of five stations: Paddington, Bond Street, 

Tottenham Court Road, Farringdon and Liverpool Street. This assump­

tion is meant to capture the impact of explicit changes in local zoning 

regulations as well as a tendency to grant discretionary permission for 

real estate development more readily near Elizabeth Line stations.19 In 

19 A study by GVA (2018) documents that the Elizabeth Line was associated 

with formal planning approvals that enabled commercial intensification near 

key stations. It finds that “over the 2008–16 period 48% of permitted planning 

applications within a 1 km radius of Elizabeth Line stations have made direct 
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Fig. 4. Policy simulation: mean travel time savings provided by the Elizabeth Line for a representative resident (left) and worker (right).
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range
−8219.08 0 55678.46
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Change in access to economic mass. With relocation

Fig. 5. Counterfactual outcomes: Changes in economic density (access to economic mass) with and without relocation.

Appendix E we test the sensitivity of our results with respect to this 

ad-hoc assumption.

5.2.1 . Economic density, firm productivity and wages

A key way in which transport improvements influence the urban 

economy is by increasing the effective economic density of the loca­

tions they connect. In other words, the policy reduces the impedance 

between firms (business-to-business connectivity) and firms and house­

holds (labour pooling), thereby fostering agglomeration economies. 

Based on our decomposition of local firm productivity in Eqs. (22) 

and (24), let us show the transformation of effective density in two

steps.

reference to Crossrail supporting their proposals in their planning application 

documents,” and specifically names Liverpool Street, Bond Street, Farringdon, 

and Tottenham Court Road as places where office development peaked (page 

32). 

First, the left-hand side of Fig. 5 shows the change in access to eco­

nomic mass in response to the new travel time matrix 𝑡𝑠𝑗  only, keeping 

the distribution of employment 𝑁𝑊
𝑠  and individual labour supply 𝑥̄𝑠

constant. As the travel time effect of the transport project is strictly neg­

ative,20 this adjustment in economic density is always positive. In line 

with intuition, this effect is greatest near the new railway stations, es­

pecially in the suburban parts of the line which may have been more 

poorly connected before the intervention.

Second, the right-hand side of Fig. 5 plots the change in access to eco­

nomic mass after households and firms relocate in spatial equilibrium. In 

this case we allow all endogenous variables, including prices and quan­

tities in the labour and housing markets, to readjust to the new spatial 

equilibrium. That is, we allow both the masses and spatial impedances 

20 Note that in this model we ignore congestion. In the presence of con­

gestion spillovers in the network, transport costs may increase on certain 

origin–destination pairs.
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to readjust. The primary insight from the plot is that the change in eco­

nomic density is indeed not positive everywhere. In fact, a significant 

part of the city, including the suburbs in the North and South as well as 

the Centre of London experiences a reduction in economic density. Note 

from the legend of this figure though that the positive changes in eco­

nomic density are much greater in magnitude than the negative changes. 

Also, the positive changes are highly skewed due to a few outliers that 

experience extremely high gains in access to economic mass.

The fact that employment somewhat decreases in the centre of 

London is a less anticipated outcome of the simulation. We attribute this 

result to the tightness of the real estate market in the initial equilibrium; 

that is, to the extremely high level of commercial floorspace prices in the 

CBD. As the new rail line makes the less space-constrained locations in 

the suburbs much better connected, their attractiveness relative to the 

CBD increases, which may incentivise employers in Central London to 

relocate along the Elizabeth Line. However, we would like to empha­

sise that the model does not predict an economic downturn in Central 

London: later we will see that both the wage rate and the amount of 

commercial floorspace supply actually increase in and around the City 

of London.

Fig. 6 illustrates the difference between the two sides of Fig. 5, which 

reflects the impact of firm relocation (and the readjustment of indi­

vidual labour supply) on access to economic mass. In other words, it 

highlights the consequences of shifting from a partial equilibrium model 

to a spatial general equilibrium framework. The negative and positive 

deviations are more evenly distributed in this case. We infer from the 

resulting pattern that Central London’s effective economic density might 

be overestimated in a partial equilibrium model while the agglomeration 

gain of the suburban workplaces along the Elizabeth Line is underesti­

mated when relocation is ignored in PE. Fig. E.1 in the Appendix plots 

the change in density without relocation against the change in density 

with relocation, at the level of individual MSOAs. It shows that many 

places gain slightly more when the effect of relocation is taken into ac­

count. However, in a significant number of cases, we find in Fig. E.1 

that the model predicts an increase in economic density in the absence 

of relocation, while it actually decreases when employment relocation 

is unlocked.

How do the changes in access to economic mass translate into ef­

fects on firm productivity? Fig. 7 depicts the local changes in total 

range
−8839.28 0 10272.1

Evenly spaced colour breaks
Change in access to economic mass. Relocation vs. no relocation

Fig. 6. The impact of employment relocation on access to economic mass: the 

difference between the predicted changes in economic density with and without 

relocation in Fig. 5.

factor productivity 𝐴𝑗 . Note again that we use a quantile-based colour 

scheme which allows us to make extreme values and subtle differences 

between small changes visible at the same time. The right-hand panel 

of Fig. 7 confirms that the distribution of the changes plotted here has 

a long tail in the positive direction. The most affected firms are con­

centrated at a small number of new stations along the Elizabeth Line: 

the neighbourhoods that gain the most are Hillingdon and Ealing in 

West London and Redbridge, Newham, Havering, Bexley, Greenwich 

and Barking and Dagenham in the East. The rest of the city experienced 

very little change in firm productivity. Regarding the main business dis­

tricts, the model predicts a negligible reduction in productivity in the 

City of London (Δ𝐴𝑗 = −0.056) and a negligible improvement in Canary 

Wharf (Δ𝐴𝑗 = +0.08). Note, however, that our urban model does not 

consider long-distance connectivity. As one of the main purposes of the 

the Elizabeth Line is to make the City of London and Canary Wharf bet­

ter connected with Heathrow Airport in the West and City Airport in the 

East, this urban model may not provide a comprehensive assessment of 

firm productivity.

5.2.2 . Relocation, land-use, floorspace prices and relocation

The consequences of the productivity boost in terms of wages and 

floorspace prices, plotted in Fig. 8, are clear and intuitive. The wage 

rate grows along the entire length of the Elizabeth Line by up to GBP 

8 per day at the most privileged locations. By contrast, remote areas 

in the South and the North may even lose in terms of wages due to 

their loss of relative attractiveness in terms of connectivity; this is of­

ten called an agglomeration shadow (Redding and Sturm, 2008). Wages 

mildly increase in the biggest employment centres: by GBP 0.23 per day 

in the City, GBP 0.30 in Canary Wharf, and GBP 0.22 in Westminster. 

When it comes to floorspace prices, the model predicts mostly posi­

tive changes. We do not observe a significant increase in floorspace 

prices in Central London, where prices are already the highest and the 

floorspace restriction is relaxed by 2% according to the assumed policy

scenario.

The residential and workplace relocations are plotted in Fig. 9. By 

construction of the model, relocation is governed by the new wage and 

floorspace price distributions as well as commuting times. Since both 

the wage and floorspace price changes exhibit similar patterns (with a 

correlation of 77%), we do not have clear prior expectations regarding 

relocation patterns. From Fig. 9 we infer that the suburban stations of 

the Elizabeth Line attract new workplaces mostly, at the expense of the 

residential population. Fig. 10 on the redistribution of floorspace sup­

ply confirms that there is tight competition between the residential and 

commercial uses of land: residents are relocating from the MSOAs where 

the highest increase in commercial floorspace demand emerges.

Looking more closely at Fig. 9, the destination of the residents priced 

out from the proximity of the Elizabeth Line is less clear. Minor negative 

and positive changes in the residential population are spread sporad­

ically across North and South London. Notably, the dark blue bands 

near the Elizabeth Line, where the residential population has decreased 

significantly, are surrounded by dark red areas. This suggests that res­

idents cannot compete with new commercial floorspace users in the 

most attractive locations but are instead relocating as close as possible, 

forming rings around the newly emerging employment centres along the 

Elizabeth Line.

In summary, we observe a pattern of employment decentralisation 

combined with higher wages, floorspace prices and floorspace density in 

the CBD of London. The general pattern of residential floorspace supply 

points towards a tendency of suburbanisation, but not to the immediate 

proximity of the new infrastructure. Heblich et al. (2020) documented in 

a century-long context that the 19th-century development of London’s 

suburban rail network enabled residents to separate their residential 

and workplace locations. That rule continues to hold in the 21st cen­

tury. Although the mean commuting time decreases by 0.3%, the mean 

Euclidean commuting distance increases by 1.96%, rising from 11.72 to 

11.95 kilometres.
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Fig. 7. Counterfactual outcomes: firm productivity.
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Fig. 8. Counterfactual outcomes: wages and floorspace prices.

5.2.3 . Further spatial insights

Finally, we would like to draw attention to some of the less conven­

tional spatial outcomes of a transport intervention, plotted in the two 

panels of Fig. 11. These capture the impact of the policy on (i) travel 

time valuations, which are unique to this paper in the QSM literature, 

and (ii) on the mean income by workplace locations, taking the wage 

rate as well as individual labour supply into consideration.

The left-hand-side of Fig. 11 reveals significant changes in the dis­

tribution of travel time valuations, that is, the distribution previously 

shown in Fig. 3. This plot illustrates the fact that the transport improve­

ment itself affects how commuters value time. We observe a pattern 

of increased travel time valuations in suburban locations. This might 

be explained by the relocation of high-wage commuters to these zones, 

thus increasing 𝜐𝑖𝑗  in the model. In some cases, the changes predicted 

by the model are clearly substantial, ranging up to GBP 1.46 per hour. 

This finding is remarkable in light of the fact that the city-wide mean 

value of time is nearly unaffected by the policy: it increases by GBP 

0.015 or 0.1% only. Apparently, the city-wide average hides significant 

spatial variation which may have important implications locally. Once 

again, these are previously unseen insights in the context of transport 

appraisal that normally keeps the value of time constant, both spatially 

and temporally.

The right side of Fig. 11 shows the change in mean income by work­

place, i.e.  the product of the wage rate and the individual labour supply: 

𝑤𝑗 𝑥̄𝑗 . This outcome is interesting to compare with the changes in pro­

ductivity (in Fig. 7) and the pure wage rate (in Fig. 8), which indicate 

significant heterogeneity. When individual labour supply is taken into 

account, Fig. 11 shows that income per worker increases everywhere 

along the Elizabeth Line. That is, it is unlikely that any commuters em­

ployed at workplaces along the new infrastructure would experience a 

reduction in individual income as a result of the intervention.

5.3 . Alternative appraisal approaches

In the third step of the analysis we study the use of the SGE model 

developed in this paper in a welfare economic cost-benefit analysis, that 
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Fig. 9. Counterfactual outcomes: predicted relocation patterns in response to the Elizabeth Line.

is, a transport appraisal exercise. Section 2.1 concluded that the state-

of-the-practice in transport appraisal is limited to a partial equilibrium 

representation of the transport market, and most of the benefits are de­

rived from the monetary valuation of the aggregate travel time savings 

delivered by an intervention. The core research question of this subsec­

tion is whether the QSM approach developed in this paper is expected to 

produce fundamentally different evaluation results in comparison with 

the mainstream PE methodology.

The results of our numerical experiment are presented in Table 3. 

The table reports both the aggregate welfare change (final row) and an 

additive disaggregation of its components. We also make use of the fact 

that parameter estimation is an integral part of the appraisal model. This 

allows us to quantify uncertainty at the level of each welfare compo­

nent by bootstrapping the entire sequence of estimation and simulation 

stages and deriving standard errors and significance levels numeri­

cally. Uncertainty quantification substantially improves our understand­

ing of the confidence we can assign to various sources of economic

gains.

Some of the results shed light on less known properties of partial 

equilibrium transport appraisal as well. First, we find that the direct user 

benefit is considerably higher when the mean of the value of time is ap­

plied instead of locally differentiated ones. We find 10 and 15 percent 

higher direct user benefits in the former case in the PE models without 

and with relocation, respectively. Second, we observe a complementary 

relationship between the direct benefit and wider economic impact lay­

ers: as we enable relocation in the third and fourth columns, the volume 

of direct user benefits increases due to induced travel demand, but the 

value of wider economic impacts shrinks (see Fig. 6 and the related dis­

cussion in Section 5.2.1). These complementary effects partly neutralise 

each other. It is more concerning that the estimated productivity gain in 

the PE model with relocation is subject to substantial statistical uncer­

tainty. With the standard error recovered via bootstrapping, the estimate 

does not pass even the 90% confidence level. This implies that, in addi­

tion to the theoretical inconsistencies of the partial equilibrium welfare 

analysis with relocation, we have serious concerns about the statistical 

robustness of the productivity gain computed in this way.
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Fig. 10. Counterfactual outcomes: floorspace supply.
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Fig. 11. Counterfactual outcomes: time valuation and labour supply.

Table 3 

Benchmarking partial and general equilibrium appraisal methods.

Appraisal model PE, no relocation PE, with relocation SGE

Value of time homogeneous heterogeneous homogeneous heterogeneous n.a.

Direct user benefit 830.97∗∗∗ 752.84∗∗∗ 1082.4∗∗∗ 940.81∗∗∗ 810.04∗∗∗

(1.66) (1.4) (72.18) (42.89) (1.55)

Productivity gain 1766.59∗∗∗ 1766.59∗∗∗ 837.20 837.20 1342.07∗∗∗

(669.57) (669.57) (547.43) (547.43) (498.07)

MUoC dispersion 167.90∗∗∗

(59.15)

MUoH dispersion −21.71∗∗

(10.84)

Land value uplift 34.61

(53.11)

Fare revenues 1.33 1.33 1.33 1.33 1.33

(26.27) (26.27) (26.27) (26.27) (26.27)

Total benefit 2598.88∗∗∗ 2520.75∗∗∗ 1920.93∗∗∗ 1779.34∗∗∗ 2334.23∗∗∗

(647.04) (512.06) (647.06) (524.68) (498.73)

Standard errors in parentheses, ∗∗∗ 99%, ∗∗ 95%, ∗ 90%. Units: Surplus in thousands of GBP per day.
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The final column of Table 3 presents the welfare measure of the SGE 

model. In this case, the split between user benefits and productivity gains 

remains similar in magnitude to the PE model without relocation, al­

though both quantities are somewhat lower. Although the productivity 

externality is also significant even at the 99% level, statistical uncer­

tainty is considerably lower for the estimated direct user benefit. At the 

lower end of the 95% confidence band around the productivity gain, the 

estimate falls to less than half of the direct user benefit.

The remaining components of the aggregate welfare change include 

the welfare effects of the redistribution of consumption and housing pat­

terns. The results indicate that consumption relocates towards places 

where the marginal utility of consumption is relatively high, generating 

a statistically significant welfare gain of £167,900 per day. By contrast, 

the relocation of housing consumption induces a mild but statistically 

significant welfare loss. The financial consequences of the project, in­

cluding land value uplift and fare revenue generation, are small in 

magnitude and statistically uncertain; the confidence bands of these 

estimates do include zero.

Our core insight is that, although the SGE model may seem method­

ologically fundamentally different from the more common PE approach, 

the two sets of aggregate welfare estimates remain of the same order of 

magnitude. All five estimates of the total benefit are statistically sig­

nificant, and the SGE model has the second highest t-statistic. This is 

reassuring from a practical perspective: in general, it is unlikely that the 

SGE model would overturn many past policy interventions that were jus­

tified using partial equilibrium CBA. Under this paper’s assumptions on 

model specification, the SGE welfare estimate is around 10% lower than 

the highest PE estimate and 31% higher than the lowest. This implies 

that the SGE model is not only more informative as a disaggregate spatial 

impact assessment tool, but also a source of evidence suggesting that the 

magnitude of bias, caused by double counting and other methodological 

inconsistencies in PE appraisal, may lead to only modest deviations in 

PE benefit-to-cost ratios.

Finally, we note that the welfare decomposition in Proposition 1 of 

Donald et al. (2025), and its adaptation in Eq. (30), are first order ap­

proximations that are best suited to modelling small deviations from the 

initial equilibrium. We also computed the alternative welfare measure 

of the SGE model using Eq. (31), which is not subject to approximation 

bias. This yielded an aggregate welfare change of £2,473.56 thousand 

per day (including landowner revenues), which is somewhat higher than 

our central estimate of £2,334.23. This approach has two drawbacks 

though. First, the aggregate welfare change cannot be decomposed into 

additive items. Second, solving for the compensating income requires 

a numerical optimisation step, which makes uncertainty quantification 

via bootstrapping computationally expensive. In our case, this cost was 

prohibitively high.

5.4 . Sensitivity tests

We have tested the robustness of these findings in two alternative 

scenarios. The detailed results of these tests are provided in Appendix E. 

First, in Table E.1 we recalculate the appraisal results above with the UK-

wide average agglomeration elasticity of 𝜂 = 0.044 and a distance decay 

𝛿 = −0.08. Note that in this scenario we recalculate the vector of produc­

tivity fundamentals in line with Section 4.4, so that the pre-intervention 

spatial equilibrium is matched with the observed data through newly 

quantified vectors of productivity fundamentals. With this parameteri­

sation, we find that the SGE welfare outcome remains of the same order 

of magnitude as the PE estimates, although it is somewhat higher than 

the PE result with no relocation. This confirms that it is unlikely that 

the divergence between the SGE and PE outcomes in the baseline model 

was driven by the relatively high agglomeration elasticity.

Second, in Table E.2 we check the sensitivity of our results with 

respect to the assumed magnitude of the relaxation of the floorspace 

construction restriction, i.e. 𝐻̄ . The PE model without relocation is 

unaffected by this assumption, as relocation is ignored in this model 

anyway. The PE model with relocation produces monotonically in­

creasing welfare results. This finding is in line with intuition: as the 

transport improvement is combined with the possibility of developing 

more floorspace near the new stations, the employment densification un­

locks further welfare gains and external agglomeration benefits. In fact, 

relaxing 𝐻̄  in Central London is likely welfare enhancing in this model 

anyway, even in the absence of a complementary transport improve­

ment. We observe an increasing pattern in the SGE results as well, but 

the rate of increase is even more pronounced. When 𝐻̄  does not change 

at all around the Central London station, the welfare gain in SGE is lower 

than the PE result, likely due to job decentralisation and the associated 

loss of access to economic mass in the centre, which we observe when 

examining the spatial outcomes of the model with constant land use re­

strictions. By contrast, after a 5% relaxation of the floorspace constraint, 

the welfare gain is more than 50% higher than after a pure transport 

improvement with no land use intervention.

These results are in line with Tsivanidis (2026); Severen (2023) 

and Chen et al. (2024), which are QSM studies on urban transport 

improvements recognising the mutual dependence between transport 

and land-use policies, and the limited efficiency of the former when 

the latter remains unchanged. The combination of mass public trans­

port development with urban planning measures, often referred to as 

Transit Oriented Development, has a large descriptive literature re­

viewed by Ibraeva et al. (2020). Thus, it is particularly remarkable that 

the current state-of-the-practice in transport appraisal is unable to han­

dle the multiplier effect of land-use interventions in a coherent economic 

framework.

The high sensitivity of the SGE welfare results to local construc­

tion restrictions highlights the importance of making robust assumptions 

about the zoning interventions that are expected to accompany the trans­

port improvement. However, inferring the appropriate magnitude of the 

change in 𝐻̄  is not trivial in the case of the Elizabeth Line, even in an 

ex-post analysis. The reason is that in London and much of the United 

Kingdom, there are no explicit zoning regulations expressed in the form 

of height limits or maximum floorspace to land area ratios; construc­

tion rights are typically granted on a discretionary basis (Gurran and 

Bramley, 2017; Cheshire et al., 2018). Thus, it is difficult to know a 

priori what construction requests will be submitted and approved, or 

to identify ex-post which permissions were granted specifically because 

of the Elizabeth Line. There is substantial potential for further interdis­

ciplinary research at the intersection of urban planning transport and 

real estate economics in connection with this matter. Until then, we be­

lieve that sensitivity testing is the right approach to quantify aggregate 

welfare effects under various scenarios.

To make further inferences about the external validity of the paper’s 

core findings, in particular the magnitude of benefits in SGE relative to 

the mainstream PE appraisal, we performed a randomised experiment 

with a series of hypothetical transport improvements. Each Monte Carlo 

scenario assumes travel time reduction between a randomly selected 

central MSOA and a peripheral zone. The technical details of the experi­

ment are documented in Appendix F, while the core results are shown in 

Fig. 12. We observe that across 250 randomly constructed counterfactual 

episodes, the high correlation between PE and SGE appraisal benefits 

remains remarkably robust. In relative terms, small improvements are 

more susceptible to diverging appraisal estimates. For example, when 

the SGE model predicts zero or even negative welfare effects, the PE 

method without relocation may still indicate non-negligible gains. The 

tendency of the PE approach with inelastic location choice to produce 

higher benefits also emerges as a consistent pattern.

5.5 . Benchmarking against existing appraisal and evaluation reports

This methodological work does not intend to be a comprehensive 

cost-benefit analysis of the Elizabeth Line, but a comparison of our 

partial equilibrium results with official appraisal reports of the project 

may be useful for sense-checking our line of thinking. Buchanan and 
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Fig. 12. Visual representation of randomly generated transport improvements. 

In each of the 250 steps of the randomised process, we selected a central and a 

peripheral MSOA and reduced travel times between the origin–destination pairs 

in their proximity. In each scenario, we computed the counterfactual spatial 

equilibrium and quantified the aggregate benefit according to the competing 

partial and general equilibrium methods. The dashed line is the 45◦ ray along 

which the PE results coincide with the SGE results.

Consulting (2007), one of the core appraisal studies that was completed 

just before construction began, reports that the conventional user ben­

efit of the Elizabeth Line is £12.8 billion in 2002 present value terms 

for a 60-year period. They apply a 3.5% discount rate for the first forty 

years of the project and 3% in the remaining twenty years. Their calcu­

lation also assumes a 1.75% exogenous increase in productivity, which 

leads to a continuous increase in the value of time. Against this bench­

mark, our central PE estimate of direct user benefits is £809,000 per day. 

Assuming 253 workdays per year yields a yearly benefit of £200 million. 

The naive product of this figure and 60 years is £12.3 billion, very close 

to the official estimate. The 3.5 and 3% discount rates described above, 

combined with a constant yearly benefit of £0.2 billion, lead to a present 

value of £5.3 billion over 60 years. If we assume that this yearly bene­

fit increases by 1.75% over the project duration, the discounted present 

value increases to £8.0 billion. Given that our model does not include 

the reduction in crowding in public transport, road congestion, and pol­

lution externalities, these somewhat lower figures are in line with prior 

expectation.

The agglomeration benefits (part of the Wider Economic Benefits in 

the report) amount to 53.1 to 72.5% of the conventional user benefits in 

Buchanan and Consulting (2007). Our central estimates are significantly 

higher than these ratios, which is not surprising because our agglomer­

ation elasticity is significantly higher than the DfT guidance from 2007. 

However, when we re-run the appraisal model with the UK-wide recom­

mended 4.4% agglomeration elasticity in Table E.1 of Appendix E, the 

ratio of agglomeration benefits relative to direct user benefits drops to 

61.5% and 54.4%, which are again close to what the official report pro­

vides. Therefore, we conclude that with comparable parameterisation, 

our results are of the same order of magnitude as the official appraisal 

of the Elizabeth Line from 2007.

We find it important to validate the predictive power of novel spa­

tial models. In the case of some previous QSMs that rely on historic 

data spanning several decades or even a century (Ahlfeldt et al., 2015;

Heblich et al., 2020; Koster et al., 2024), validation efforts have shown 

remarkable performance. However, in the case of the Elizabeth Line, 

validation is hindered by two important constraints. First, the railway 

line opened in May 2022, only three years ago, which is not sufficient to 

assume that the London economy has reached a new spatial equilibrium. 

Second, the line opened soon after the peak of the Covid-19 pandemic, 

which triggered transformative changes in commuting habits, remote 

work, and in particular the Central London property market. Thus, iso­

lating the causal impact of the Elizabeth Line from the effects of Covid-19 

is regarded in a recent ex-post evaluation of the project as a subject for 

future post-opening studies (Arup, 2024).

In general, we caution that even though our model combines three 

major markets (transport, labour, and housing), important urban mecha­

nisms may still have been omitted. The model should not be considered 

a predominantly predictive tool that can be validated directly against 

observed data. We believe such models should always be paired with 

a causal ex post evaluation that can isolate, in data, the impact of the 

mechanisms included in the model.

6 . Conclusions

This paper introduces a spatial general equilibrium model that com­

bines the strengths of two influential branches of the literature: the 

empirical properties of quantitative spatial models and the theoretical 

foundations of computable spatial general equilibrium models for trans­

port policy appraisal. The paper makes a contribution to the spatial 

economics literature by introducing a QSM featuring the leisure–labour 

trade-off with separate monetary and temporal budget constraints and 

a continuous decision margin on individual labour supply. This also en­

ables us to derive an analytical formula for the marginal opportunity 

cost of time as a resource in monetary terms, that is, a spatially differ­

entiated measure of the value of travel time savings. Taking a model of 

Greater London with nearly one thousand spatial units as a case study, 

we use this methodology to uncover the spatial distribution of travel 

time valuations, thereby providing important insights without a costly 

data collection effort.

Our study also contributes to the transport literature through a model 

that shares the theoretical properties of SCGE models, maintaining the 

desirable empirical properties of QSMs. The model is invertible, so that 

the contributions of exogenous geographic advantages and endogenous 

economic density on firm productivity (and urban amenities) can be 

disentangled and quantified for a large number of locations. The core 

structural parameters of the model are identified using structural es­

timating equations directly extracted from the theoretical model. We 

emphasise the importance of causality in the estimation of large-scale 

spatial equilibrium models. We argue that theoretically coherent causal 

parameter estimation reduces the uncertainty stemming from the ad-

hoc parameter selection and associational (non-causal) calibration in 

previous transport SCGE models.

In a numerical application of the fully estimated model, we run a 

counterfactual simulation involving the hypothetical introduction of the 

Elizabeth Line in the census year of 2011, using historical data to rep­

resent the 2011 state of the London economy. The simulation predicts 

the reorganisation of economic activity in response to the transport pol­

icy. Then, in a second numerical exercise, we benchmark the welfare 

predictions of the QSM against traditional partial equilibrium transport 

appraisal methods.

One of the key messages of this paper is that quantitative spatial 

models, when suitably adapted for transport analysis, have the poten­

tial to become an established component of the transport appraisal 

toolbox. However, it is unlikely that a spatial equilibrium approach 

would entirely replace the mainstream CBA methodology. While spatial 

equilibrium analyses offer valuable insights into large-scale transfor­

mative interventions, applying them to smaller improvements with 

localised impacts introduces unnecessary complexity. Even for transfor­

mative projects, our preliminary numerical simulation of the Elizabeth 

Line in Greater London suggests that spatial equilibrium-based analy­

ses produce aggregate welfare estimates similar in magnitude to those 

derived from an appropriately calibrated PE model and the common 

elasticity-based approximation of external agglomeration benefits.

The key advantage of spatial general equilibrium models is their 

ability to capture transport improvements’ effects on local economic 
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outcomes with high spatial granularity. These outcomes include the 

distributions of wages, employment, housing prices, and residential and 

workplace populations: metrics that policymakers and the public find 

more intuitive and accessible than abstract indicators such as the net 

present value of a welfare gain, the benefit-cost ratio, or the internal 

rate of return. By providing these spatially detailed but more compre­

hensible measures, SGE models enhance the transparency of cost-benefit 

analysis, ultimately fostering greater trust in transport appraisal within 

the public policy arena.

As briefly acknowledged at the beginning of Section 5, our model, 

in its current form, is not yet ready to perform a cost-benefit analysis 

in line with the official guidance manuals, or produce results that can 

be benchmarked against the official CBA reports for the Elizabeth Line. 

In pursuit of this goal, the paper unlocks a range of promising future 

research directions. One of the most pressing priorities is to enhance the 

representation of commuting behaviour by incorporating endogenous 

transport mode and route choice, alongside congestion and crowding ex­

ternalities, following Tsivanidis (2026) and Allen and Arkolakis (2022), 

for example. Using data on mode-specific origin-destination matrices, in­

corporating mode choice is feasible in this paper’s model variant as well, 

as demonstrated by Doffkay (2024). However, addressing route choice 

and congestion presents a more significant challenge, both empirically 

and computationally.

We identify three potential approaches to incorporating congestion 

into our model. (i) Anas and Liu (2007) integrate a standard stochastic 

traffic assignment process into their SCGE model. However, we find this 

approach challenging within our framework, as standard stochastic traf­

fic assignment models lack a clear methodology for causally estimating 

the parameters of a link-level congestion cost function. Even if this issue 

were addressed, simulating counterfactual equilibria with one million 

origin-destination pairs or more and tens of thousands of route segments 

would present a significant computational challenge.21 (ii) Under a 

unique set of assumptions, Allen and Arkolakis (2022) have recently ad­

dressed both the empirical and computational challenges of congestion 

modelling in a QSM. In their approach, delay on each road segment has 

a multiplicative impact on travel disutility, following the iceberg specifi­

cation. Consequently, this method is incompatible with the framework of 

this paper and other models that rely on a leisure–labour trade-off. In our 

view, further work is required to validate these assumptions and prove 

the behavioural coherence of their model before it can be applied in a 

formal transport cost-benefit analysis. (iii) Koster (2024) endogenises 

the travel time matrix as a function of effective traffic density at the 

destination zone of commuting origin-destination pairs.22 The concept 

assumes that congestion delay can be reasonably approximated by the 

volume of trips directed towards a commuter’s workplace, as well as 

nearby workplaces, weighted by a distance decay term. Koster’s empir­

ical approach resembles the ‘bathtub’ (Arnott, 2013) and ‘macroscopic 

fundamental diagram’ (Daganzo and Geroliminis, 2008) models in the 

transport literature. However, his model overlooks route choice and the 

zones a commuter may travel through, indicating the need for further 

refinement to make it suitable for transport-oriented applications.

Another key step towards transforming our model into a compre­

hensive appraisal methodology is to expand its scope to encompass 

multiple trip purposes. At present, the model is limited to commut­

ing flows. Future research will focus on developing microfoundations 

for both leisure and business travel. The empirical significance of non-

commuting trips is substantial: commuting typically accounts for less 

than half of households’ total transport consumption, a proportion that 

21 We believe that SGE models should not be expected to replace the role 

of standard four-stage traffic models commonly used in mesoscopic traffic 

simulation.
22 This measure resembles the effective employment density terms commonly 

used in agglomeration research; see Eqs. (22) and (24) in this paper as an 

example.

has further declined with the rise of remote work since the pandemic 

(see, e.g., Balbontin et al., 2024). Despite this, spatial models have rarely 

incorporated non-commuting trips. Among the exceptions, Anas and Liu 

(2007) and Lee and Tan (2024) account for shopping trips through en­

dogenous consumption location choices, while Fajgelbaum et al. (2023) 

include leisure and business travel components in their long-distance rail 

model. However, neither of these models provides empirical methods to 

fully quantify their frameworks.

One significant challenge of integrating multiple trip purposes is 

that urban residents often engage in complex trip chains rather than 

simple, back-and-forth movements between home and a single activ­

ity location, as assumed in the current model. This complexity leads 

to a high-dimensional activity location choice problem. As an early ef­

fort to address this issue, Miyauchi et al. (2025) adapt the canonical 

quantitative urban model (incorporating travel time costs in an iceberg 

specification of utility) and tackle dimensionality with an importance 

sampling approach. These studies offer potential pathways for the future 

application of quantitative spatial models in transport appraisal.
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Appendix A . Technical appendix of the analytical model

A.1 . Household preferences

We begin the derivation of the analytical model with the household 

problem. First please note that the nested Cobb-Douglas specification in 

Eq. (1) can be rewritten in the form 

𝑈𝑖𝑗 = 𝛾−𝛾
( 𝐿𝑖𝑗
1 − 𝛾

)1−𝛾(𝐶𝑖𝑗
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1 − 𝛽

)𝛾(1−𝛽)

𝑧𝑖𝑗 . (A.1)

We provide the nested form in (1) to make the interpretation of expen­

diture shares 𝛽 and 𝛾 easier. The full specification of the Lagrangian 

function associated with the maximisation of utility in (1) subject to 

constraints (2) and (3) is 
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1 − 𝛽

)1−𝛽
⎤

⎥

⎥

⎦

𝛾

− 𝜅𝑖𝑗
[

𝑝𝑖𝐶𝑖𝑗 + 𝑞𝑖𝐻𝑅
𝑖𝑗 + 𝑥𝑖𝑗𝜏𝑖𝑗 − 𝑥𝑖𝑗𝑤𝑗

]

− 𝜇𝑖𝑗
[

𝐿𝑖𝑗 + 𝑥𝑖𝑗 (𝑇𝑗 + 𝑡𝑖𝑗 ) − 𝐿̄
]

.

(A.2)

First-order conditions are 

𝜕L
𝜕𝑥𝑖𝑗

= −𝜅𝑖𝑗 (𝜏𝑖𝑗 −𝑤𝑗 ) − 𝜇𝑖𝑗 (𝑇𝑗 + 𝑡𝑖𝑗 ) = 0; (A.3)

𝜕L
𝜕𝐶𝑖𝑗

=
𝜕𝑢𝑖𝑗
𝜕𝐶𝑖𝑗

− 𝜅𝑖𝑗𝑝𝑖 = 𝑢𝑖𝑗𝛾
(𝐶𝑖𝑗
𝛽

)−1

− 𝜅𝑖𝑗𝑝𝑖 = 0; (A.4)

Journal of Public Economics 259 (2026) 105683 

21 



D. Hörcher and D.J. Graham

𝜕L
𝜕𝐻𝑅

𝑖𝑗
=

𝜕𝑢𝑖𝑗
𝜕𝐻𝑅

𝑖𝑗
− 𝜅𝑖𝑗𝑞𝑖 = 𝑢𝑖𝑗𝛾

(

𝐻𝑅
𝑖𝑗

1 − 𝛽

)−1

− 𝜅𝑖𝑗𝑞𝑖 = 0; (A.5)

𝜕L
𝜕𝐿𝑖𝑗

= 𝑢𝑖𝑗

( 𝐿𝑖𝑗
1 − 𝛾

)−1

− 𝜇𝑖𝑗 = 0. (A.6)

Eqs. (4) and (5) follow directly from rearranging (A.3). After dividing

(A.4) by (A.5), let us express the relationship between 𝐻𝑅
𝑖𝑗  and 𝐶𝑖𝑗

𝐻𝑅
𝑖𝑗 =

(1 − 𝛽)𝑝𝑖
𝛽𝑞𝑖

𝐶𝑖𝑗 (A.7)

Isolate the Lagrange multipliers using (A.4)–(A.6). 

𝜅𝑖𝑗 = 𝑢𝑖𝑗
𝛾𝛽
𝑝𝑖𝐶𝑖𝑗

= 𝑢𝑖𝑗
𝛾(1 − 𝛽)
𝑞𝑖𝐻𝑅

𝑖𝑗

𝜇𝑖𝑗 = 𝑢𝑖𝑗 (1 − 𝛾)𝐿−1
𝑖𝑗

(A.8)

Substitute these expression into (5) and rearrange for 𝐶𝑖𝑗 . 

𝐶𝑖𝑗 =
𝛾𝛽

1 − 𝛾
𝜐𝑖𝑗𝐿𝑖𝑗
𝑝𝑖

(A.9)

Finally, express individual labour supply from the monetary budget 

constraint. 

𝑥𝑖𝑗 =
𝑝𝑖𝐶𝑖𝑗 + 𝑞𝑖𝐻𝑅

𝑖𝑗

𝑤𝑗 − 𝜏𝑖𝑗
(A.10)

Based on these intermediate steps, we reach the utility-maximising 

leisure time, consumption and labour supply decisions as follows. Insert

(A.10) into the time constraint in (3), substitute (A.7) and (A.9) above, 

and rearrange for 𝐿𝑖𝑗  to express the optimal leisure time: 

𝐿𝑖𝑗 = (1 − 𝛾)𝐿̄. (A.11)

That is, 𝛾 is the share of the total time endowment that households al­

locate to working and commuting. As our functional form assumption 

does not impose any additional restrictions on the split between work­

ing time and commuting time, the intensive margin of the labour supply 

decision remains endogenous in this model.

Substitute (A.11) into (A.9) to get the demand for consumer good 

𝐶𝑖𝑗 , and then use (A.7) to express the second part of (A.12), the optimal 

residential floorspace demand 𝐻𝑅
𝑖𝑗 . 

𝐶𝑖𝑗 = 𝛽
𝛾𝐿̄ 𝜐𝑖𝑗
𝑝𝑖

𝐻𝑅
𝑖𝑗 = (1 − 𝛽)

𝛾𝐿̄ 𝜐𝑖𝑗
𝑞𝑖

(A.12)

Naturally, consumption decreases with the unit prices of goods and 

floorspace at the residential location. Next, 𝜐𝑖𝑗  enters this formula di­

rectly. That is, someone with a high value of time, or effective wage, is 

expected to consume more. The numerator in both equations, 𝛾𝐿̄ 𝜐𝑖𝑗 , is 
the daily net wage which depends on the cost and duration of commuting 

as well as the time allocated to work-related activities (𝛾𝐿̄). The indirect 

utility expressions in Eq. (7) of the main text follow from substituting

(A.12) into the baseline specifications in (1).

As noted in the main text, the utility-maximising individual labour 

supply (6) follows directly by substituting (A.11) into the time constraint 

in (3). Equivalently, one can substitute 𝐶𝑖𝑗  and 𝐻𝑅
𝑖𝑗  in (A.12) into (A.10) 

to derive individual labour supply 𝑥𝑖𝑗  in Eq. (6).

A.2 . Production sector

Our derivation in this section follows the standard producer problem 

with a Cobb-Douglas production function. Based on the production func­

tion defined in (15), the cost minimisation problem has the following 

Lagrangian. 

L = 𝑤𝑗𝑀
𝑊
𝑗 +𝑄𝑗𝐻𝑊

𝑗 − 𝜆
[

𝐴𝑗 (𝑀𝑊
𝑗 )𝛼(𝐻𝑊

𝑗 )1−𝛼 − 𝑌𝑗
]

(A.13)

The division of first-order conditions yields the regular equality between 

the marginal rate of substitution and the price ratio. After substituting 

this equation back into the production function, we get the following 

factor demand equations. 

𝑀𝑊
𝑗 =

(

𝛼
1 − 𝛼

𝑄𝑗
𝑤𝑗

)1−𝛼 𝑌𝑗
𝐴𝑗

; 𝐻𝑊
𝑗 =

(

1 − 𝛼
𝛼

𝑤𝑗
𝑄𝑗

)𝛼 𝑌𝑗
𝐴𝑗

(A.14)

The resulting cost function is 

𝐶𝑗 (𝑌𝑗 ) =
1

1 − 𝛼

( 1 − 𝛼
𝛼

)𝛼
𝑤𝛼𝑗𝑄

1−𝛼
𝑗

𝑌𝑗
𝐴𝑗
. (A.15)

Marginal revenue equals marginal cost at the profit-maximising out­

put. Note that in this urban model we normalise the price of the 

homogeneous urban product to one, so that 𝑝𝑖 = 1∀𝑖. Therefore, 

1 = 1
1 − 𝛼

( 1 − 𝛼
𝛼

)𝛼
𝑤𝛼𝑗𝑄

1−𝛼
𝑗

1
𝐴𝑗
. (A.16)

Rearranging this equation for 𝑄𝑗  and then 𝑤𝑗∕𝑄𝑗 , the profit maximising 

factor demand expressions in (A.14) become 

𝑀𝑊
𝑗 =

(𝛼𝐴𝑗
𝑤𝑗

)

1
1−𝛼
𝐻𝑊
𝑗 ;

𝐻𝑊
𝑗 =

[ (1 − 𝛼)𝐴𝑗
𝑄𝑗

]1∕𝛼

𝑀𝑊
𝑗 ,

(A.17)

or Eq. (14) in the main text. Finally, we consider that under the assump­

tion of perfect competition and free entry to the market, profits drop to 

zero, so that 

𝐴𝑗 (𝑀𝑊
𝑗 )𝛼(𝐻𝑊

𝑗 )1−𝛼 −𝑤𝑗𝑀𝑊
𝑗 −𝑄𝑗𝐻𝑊

𝑗 = 0. (A.18)

Substitute (A.17) into the zero-profit constraint and rearrange for 𝑄𝑗 , the 

profit-maximising floorspace price under perfect competition, in Eq. (16) 

of the main text. Eq. (17) follows from (16) after a straightforward 

rearrangement.

A.3 . Construction sector

The production function of the spatially differentiated construction 

sector in (18) is also Cobb-Douglas. The Lagrangian function correspond­

ing to cost minimisation is 

L = 𝑍𝑖 + 𝑝𝓁𝑖 𝓁𝑖 − 𝜆
[

𝑍1−𝜓
𝑖

(

𝜙𝑖𝓁𝑖
)𝜓

]

, (A.19)

where we recall that capital (𝑍𝑖) is measured in the units of the homo­

geneous urban product, and thus its price is normalised to one, and 𝜙𝑖 is 
the multiplier in (19) that captures the tightness of the regulated local 

floorspace market. The ratio of the first-order conditions with respect to 

the input factors yield the following factor demand equations: 

𝓁𝑖 =
(

𝜓 − 1
𝜓

)1−𝜓
(𝑝𝓁𝑖 )

𝜓−1𝜙−𝜓
𝑖 𝐻𝑖;

𝑍𝑖 =
(

1 − 𝜓
𝜓

)𝜓
(𝑝𝓁𝑖 )

𝜓𝜙−𝜓
𝑖 𝐻𝑖.

(A.20)

The cost function becomes 

𝐶𝑖(𝐻𝑖) = 𝜓−𝜓
(

1
1 − 𝜓

)1−𝜓
(𝑝𝓁𝑖 )

𝜓𝜙−𝜓
𝑖 𝐻𝑖. (A.21)

The unit price of floorspace supplied in location 𝑖 is 𝑞𝑖, the mean of local 

residential and commercial floorspace prices defined in Eq. (20). Thus, 
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the first-order condition of profit maximisation in the construction sector 

is 

𝑞𝑖 = 𝜓−𝜓
(

1
1 − 𝜓

)1−𝜓
(𝑝𝓁𝑖 )

𝜓𝜙−𝜓
𝑖 . (A.22)

Using the fact that 𝜓  is the expenditure share spent on land, so that 

𝑝𝓁𝑖 = 𝜓
𝑞𝑖𝐻𝑖
𝓁𝑖

, (A.23)

(A.22) results in the following expression for the profit-maximising 

floorspace supply. 

𝐻𝑖 = 𝜙𝑖(𝐻𝑖)
[

(1 − 𝜓) 𝑞𝑖
](1−𝜓)∕𝜓

𝓁𝑖 (A.24)

Plugging the definition of 𝜙𝑖(𝐻𝑖) into this yields the final form of this 

expression in (21), which we use as an equilibrium condition.

Finally, the welfare calculations of this study in Section 5.3 require an 

explicit expression of land value, using endogenous outcomes in spatial 

equilibrium. Plugging the definition of 𝑞𝑖 in (20) into (A.23), we derive 

𝑝𝓁𝑖 = 𝜓
(

𝑞𝑖𝐻
𝑅
𝑖 + 𝑞𝑖𝜉𝑖𝐻𝑊

𝑖
)

𝓁−1
𝑖 . (A.25)

This creates a relationship between floorspace prices and land value. 

Note that this comes directly from the zero profit constraint in the per­

fectly competitive floorspace sector: the total expenditure on land (𝑝𝓁𝑖 ⋅𝓁𝑖) 
is the 𝜓  fraction of the total revenue from floorspace rents.

Appendix B . Spatial equilibrium in counterfactual scenarios

The process of model quantification described in Section 4 ensures 

that the estimated structural parameters and residuals plugged into the 

equilibrium conditions reproduce the observed economic outcomes in 

our data. In other words, the state of the urban economy in which our 

data have been collected is an equilibrium of the model. We assess the 

impact of transport interventions in a comparative statics exercise. In 

other words, we modify some of the exogenous parameters, typically 

some of the elements of the transport time and monetary cost matrices, 

and compute the spatial equilibrium determined by the new parameter 

set.

In this section we provide the steps of the iterative process through 

which we compute the new equilibrium. Superscripts (0) and (1) denote 

the initial and the updated values of the variables that we endogenously 

update in each iteration, while 𝑥̂ denotes the empirical estimate of any 

parameter 𝑥.

Step 1: Population distribution and labour supply. First we apply 

Eqs. (9) and (11) to compute the residential and workplace populations. 

𝜆𝑖𝑗 =
𝑋̂𝑖𝐸̂𝑗

[

𝜐(0)𝑖𝑗
(

𝑞(0)𝑖
)𝛽−1

]𝛾𝜖

∑

𝑟
∑

𝑠 𝑋̂𝑟𝐸̂𝑠

[

𝜐(0)𝑟𝑠
(

𝑞(0)𝑟
)𝛽−1

]𝛾𝜖

𝑁𝑅
𝑖 = 𝑁

∑

𝑗
𝜆𝑖𝑗

𝑁𝑊
𝑗 = 𝑁

∑

𝑖
𝜆𝑖𝑗

(B.1)

The counterfactual travel time matrix 𝑡𝑖𝑗  is substituted into Eq. (6) to 

compute 𝑥𝑖𝑗  for each origin–destination pair. Finally, Eq. (11) is used 

to aggregate the effective labour supply 𝑀𝑊
𝑗 .

Step 2: Local productivity and wages. Using the aggregate labour 

supply 𝑀𝑊
𝑗  derived above and the definition of local productivity 

in (22) and (24), we update the workplace-specific wage vector in 

line with Eq. (17). 

𝐴𝑗 = 𝑎̂𝑗

[

∑

𝑠
exp(𝛿𝑡𝑠𝑗 )𝑀𝑊

𝑗

]𝜂̂

𝑤(1)
𝑗 = 𝛼𝐴1∕𝛼

𝑗

⎛

⎜

⎜

⎝

1 − 𝛼
𝑄(0)
𝑗

⎞

⎟

⎟

⎠

1−𝛼
𝛼

(B.2)

This enables us to update the 𝜐𝑖𝑗  matrix as well. 

𝜐(1)𝑖𝑗 =
𝑤(1)
𝑗 − 𝜏𝑖𝑗
𝑇𝑗 + 𝑡𝑖𝑗

(B.3)

Step 3: Floorspace prices. To determine the model’s two floorspace 

price vectors, we first derive the aggregate residential floorspace de­

mand for each location. 

𝐻𝑅
𝑖 = 𝑁𝑅

𝑖

∑

𝑗
𝜆𝑖𝑗|𝑖𝐻

𝑅
𝑖𝑗 , (B.4)

which, after substituting (10) for 𝜆𝑖𝑗|𝑖 and (A.12) for 𝐻𝑅
𝑖𝑗 , yields 

𝐻𝑅
𝑖 = 𝑁𝑅

𝑖 (1 − 𝛽)
𝛾𝐿̄

𝑞(0)𝑖

∑

𝑗

𝐸̂𝑗
(

𝜐(1)𝑖𝑗
)𝛾𝜖

∑

𝑠 𝐸̂𝑠
(

𝜐(1)𝑖𝑠
)𝛾𝜖

𝜐(1)𝑖𝑗 . (B.5)

Aggregate commercial floorspace demand comes directly from (A.17), 

𝐻𝑊
𝑖 =

[

(1 − 𝛼)𝐴𝑖
𝑄(0)
𝑖

]1∕𝛼

𝑀𝑊
𝑖 , (B.6)

in which we bring 𝐴𝑖 and 𝑀𝑊
𝑖  from Steps 2 and 1, as detailed above. 

Total floorspace demand 𝐻𝑖 = 𝐻𝑅
𝑖 + 𝐻𝑊

𝑖  now enables us to update 

the residential floorspace price vector by substituting (20) into (21) and 

rearranging the latter for 𝑞𝑖. 

𝑞(1)𝑖 = 1
1 − 𝜓

(

𝐻𝑅
𝑖 +𝐻𝑊

𝑖 𝜉𝑖
)−1𝐻

1
1−𝜓
𝑖

[(

1 −𝐻𝑖∕ ̂̄𝐻𝑖

)

𝓁𝑖
]

𝜓
𝜓−1

(B.7)

Finally, commercial floorspace prices are updated via 𝑄(1)
𝑖 = 𝜉𝑖 𝑞

(1)
𝑖 .

Through the three steps above we update the seven vectors of 

location-specific variables, 𝑁𝑅
𝑖 , 𝑁𝑊

𝑗 , 𝑀𝑊
𝑗 , 𝐴𝑗 , 𝑤𝑗 , 𝑞𝑖 and 𝑄𝑗 , ensuring 

that the equilibrium conditions are met in the labour, production and 

construction markets as well. Ahlfeldt et al. (2015) prove analytically 

that a structurally similar general equilibrium model, featuring Fréchet 

utility shocks in location choice and a multiplicative specification for 

utility, converges to a unique equilibrium.

Allen et al. (2024) analyse the equilibrium properties of a wide range 

of spatial interaction models using advances in contraction mapping the­

ory. They characterise the conditions under which equilibrium exists 

and is unique using a matrix of uniform bounds on the elasticities of 

the spatial interaction functions with respect to local spatial outcomes, 

which measures the strength of such interactions. They derive sufficient 

and globally necessary conditions for the existence and uniqueness of 

equilibrium from the spectral radius of this matrix. In practical terms, 

in an urban model that follows the structure of spatial interactions in 

Ahlfeldt et al. (2015), uniqueness can be guaranteed when agglomera­

tion forces are small relative to centrifugal forces. In this paper, we do 

not prove uniqueness analytically; however, our randomised numerical 

experiments did not reveal any evidence of equilibrium multiplicity.

In practice, multiple iterative algorithms can be used to achieve 

quick convergence. In this project we used a standard adaptive Method 

of Successive Averages algorithm to update the parameter vectors in 

𝜃 = {𝑁𝑅
𝑖 , 𝑤𝑗 , 𝑞𝑖} as follows: 

𝜃(0) ∶= (1 − Φ) ⋅ 𝜃(0) + Φ ⋅ 𝜃(1), (B.8)

where the updating parameter Φ is adaptive, i.e. it increases by 10% or 

decreases by 20% depending on whether the sum of the |𝜃(1) − 𝜃(0)| gaps 
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is shrinking or widening between two consecutive iterations. Using this 

common approach and a standard PC, this model of nearly 1000 spatial 

units converges within around five minutes.

Appendix C . Empirical results on the effects of economic density

This section provides further details on the estimation of the generic 

parameters that capture the impact of economic density on local firm 

productivity and amenities.

C.1 . Firm productivity

Our core results on firm productivity are summarised in Table 2 and 

Section 4.3. Fig. C.1 focuses on one specific outcome of the NLS model 

specified in (42) with control function (41); that is, model (4) in Table 2. 

It plots the 𝑑𝑟 estimates and their 95% confidence bands. These coef­

ficients quantify the contribution of the sequence of 2.5-minute travel 

time doughnuts to our measure of access to economic mass in an increas­

ing order from location 𝑗, of which the TFP residual is the dependent 

variable in (42). We fix the value of the first travel time band at one, 

meaning that employment at location 𝑗 itself is fully considered in the 

economic density measure.

The estimates in Fig. C.1 imply that the contribution of employment 

to access to economic mass is generally decreasing with travel time, con­

firming the effect of a distance decay. However, this decreasing pattern 

is not monotonic, and some of the coefficients of the nearest travel time 

bands are insignificant, which requires further attention. The latter re­

sult is not surprising. The low level of statistical significance is caused 

by the low number of observations at short distances: there are only 

very few pairs of MSOA centroids located within less than 10 min of 

travel time. The mildly upward sloping pattern between 15 and 30 min 

might indicate, counter-intuitively, that it matters more from a produc­

tivity perspective what firms in an MSOA can reach within 30 min than 

in 15 min. Based on the confidence bands, we cannot reject though 

the possibility that this pattern is flat or even very slightly downward 

sloping. These results remained robust in other specifications we tested 

during the project. Nevertheless, the pattern we observe here suggests 

that future research efforts may consider alternative distance decay spec­

ifications that differ from the negative exponential function used by the 

majority of the agglomeration literature.

In the main text we explain that our 𝛿 estimate is based on the 

statistically significant 𝑑𝑟 values only. The corresponding distance de­

cay function is shown by the solid black line. The solid grey curve in 

Fig. C.1 is the distance decay function that we obtain by estimating 𝛿
including the non-significant coefficients as well. We find that the ag­

glomeration externality decays more quickly in this case, but the pattern 

is not materially different.
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Fig. C.1. Estimates for travel-time bands in model (4) of Table 2. Black dots rep­

resent estimates that are significant at the 95% confidence level and the solid 

black line is the best-fitting decay function, i.e. exp(𝛿𝑡𝑟𝑠), using significant esti­

mates only. The grey dots and solid line correspond to non-significant estimates 

and the decay function based on the full sample.

Table C.1 

Productivity elasticities in two subsamples based on distance from the CBD.

Dependent variable: log productivity residual

(1) (2) (3)

Distance from CBD Below median Full sample Above median

Mean employment density‡ 4476 2763 1053

Density measure Total emp.† Total emp.† Total emp.†

Method NLS + CF NLS + CF NLS + CF

Productivity elasticity, 𝜂 0.175∗∗∗ 0.150∗∗∗ 0.081∗∗∗

(0.028) (0.015) (0.015)

Distance decay, 𝛿 −0.090∗∗∗ −0.080∗∗∗ −0.054∗∗

(0.033) (0.019) (0.025)

Borough fixed effects yes yes yes

RMSE 0.06 0.06 0.04

AIC −1311.2 −2697.48 −1549.91

BIC −1084.59 −2404.04 −1348.48

# of obs. 491 983 491

‡ : Measured in employees per km2. Max value is 84,082 in the City of London.
† : Total employment is aggregated in 2.5-min travel time bands. Standard 

errors in parentheses, ∗∗∗: 99%, ∗∗: 95%, ∗: 90%.

Table C.1 is a sensitivity test of our productivity model based on two 

sub-samples of the full dataset. Model (2) in this table is equivalent to 

Model (3) in Table 2.23 The first column re-estimates 𝜂 for the half of 

the MSOA sample located closer to the CBD. The table shows that the 

mean employment density is nearly twice as high as in the full sample; 

however, it is still just a fraction of the density of the City of London. We 

find that the agglomeration elasticity increases to 17.5% in this case. By 

contrast, when we consider more distant MSOAs closer to the periph­

ery of the city, where the mean employment density is just a third of 

the entire city, the elasticity drops to 8.1%. Note that the distance decay 

parameter also seems to gradually decline as we move from the city cen­

tre towards the periphery, meaning that agglomeration spillovers spread 

over longer distances in the suburbs. This finding hints that (i) agglom­

eration economies are non-uniform, and (ii) as we move towards the 

city edge, the relatively high city-wide average agglomeration elastic­

ity converges to the typical range of regional and nation-wide averages. 

The non-linear nature of agglomeration is in line with recent findings by 

Anupriya and Bansal (2023), but, to the best of our knowledge, it has 

not been tested in a QSM framework yet.

C.2 . Residential and workplace amenities

The rest of this appendix section provides additional experimental 

results on the dependence of the local amenity residuals on the den­

sity of residential and employment activities. There is growing interest 

among researchers and practitioners in understanding agglomeration 

(more generally, economic density) effects beyond firm productivity (see 

e.g., Ahlfeldt and Pietrostefani, 2019) and in incorporating such effects 

in transport appraisal. For example, better connectivity may have exter­

nal effects on amenities and the attractiveness of urban locations, which 

is a market failure currently ignored in the official CBA guidelines. From 

a methodological perspective, replacing the TFP residual (𝐴̂𝑗) with res­

idential or workplace amenity residuals (𝑋̂𝑖 and 𝐸̂𝑗) in the empirical 

models of Section 4.3 is an appealing possibility.

In the models reported in Table C.2, the dependent variable is 

log 𝑋̂𝑖, that is, the logarithm of the residential amenity residual recov­

ered via model inversion (see Section 4.2). We find it natural to use 

population-related mass measures to explain residential amenities. In 

models (1) and (2) our choice is the population density, i.e.  the ra­

tio of the nighttime population and the area of each MSOA. In models 

(3) and (4) we broaden this definition to the population of all MSOAs 

23 We use Model (3) in this case because its computational time is significantly 

shorter than Model (4)’s while the resulting 𝜂 and 𝛿 estimates are similar.
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Table C.2 

The elasticity of residential amenities with respect to population density.

Dependent variable: log residential amenity

(1) (2) (3) (4)

Mass measure Population density Population in 10 min

Method 2SLS CF 2SLS CF

log mass measure 0.280∗∗∗ 0.280∗∗∗ 1.027∗∗∗ 1.027∗∗∗

(0.103) (0.099) (0.119) (0.119)

Borough fixed effects yes yes yes yes

RMSE 0.58 0.56 0.60 0.55

AIC −1018.48 1726.95 −940.88 1692.46

BIC −852.2 1903.01 −774.6 1868.52

# of obs. 983 983 983 983

†: Total employment is aggregated in 2.5-min travel time bands.

Standard errors in parentheses, ∗∗∗: 99%, ∗∗: 95%, ∗: 90%.

within a travel time of 10 min. Unobserved local characteristics and 

reverse causality raise endogeneity concerns in the same way as in 

the productivity models. Thus, in models (1) and (3) we instrument 

the mass measure by the 1841, 1861, 1881, 1901 and 1921 popu­

lation density and a third-order polynomial of the distance from the 

CBD. In models (2) and (4) we use the control function approach in­

troduced in Section 4.3, with the same historical and geographical

instruments.

Higher population density may affect amenities in various ways: for 

example, density implies that more services may be available locally and 

there is a higher chance to interact within the local community. At the 

same time, population density increases the chance of friction between 

inhabitants, in the form of congestion, pollution and traffic externalities, 

for example. Thus, we do not have prior expectations about the sign of 

the estimated elasticities. Table C.2 reports statistically significant, pos­

itive, and relatively high elasticities. In general, the elasticity is higher 

when the total population within ten minutes is used as the mass mea­

sure. However, the estimates display substantial sensitivity with respect 

to the dependent variable: a 10% increase in population density is asso­

ciated with a 2.8% increase in local amenities, whereas the population 

within ten minutes exhibits an almost one-to-one relationship with the 

residential amenity residual.

Table C.3 contains estimation results for the workplace amenities. 

The dependent variable is replaced with log 𝐸̂𝑗 , the logarithm of the 

workplace amenity residual, and the mass measure is now the employ­

ment density (models 1 and 2) and total employment within 10 min 

(models 3 and 4). The latter pair of models did not yield statistically sig­

nificant estimates. The estimates in models (1) and (2) with employment 

density are both significant at the 90% level. The elasticities indicate that 

workplace amenities are negatively affected by employment densities: 

this result hints that congestion and other nuisance factors are impor­

tant determinants of how attractive a workplace location is. This result 

is particularly important due to its sign: in an evaluation context, neg­

ative workplace amenity externalities may at least partly neutralise the 

positive productivity externalities that the literature has devoted more 

attention to.

The experimental results reported in Tables C.2 and C.3 suggest that 

access to nearby residential and workplace population masses does have 

a considerable causal effect on residential and workplace amenities. 

Moreover, the magnitude of these effects is generally high, i.e. the esti­

mated amenity elasticities are comparable to, or even higher than, the 

productivity elasticities in the main text. However, the coefficients and 

even their sign and statistical significance are highly dependent on the 

choice of mass measure. The literature on amenities and agglomeration 

is still in its early stages and provides limited guidance for selecting a 

preferred model among those discussed above. Given the high variabil­

ity in the estimated coefficients and their significance, we have decided 

not to incorporate endogenous amenity externalities into the appraisal 

exercise presented in Section 5.3. This remains a highly relevant subject 

for future research.

Table C.3 

The elasticity of workplace amenities with respect to population density.

Dependent variable: log workplace amenity

(1) (2) (3) (4)

Mass measure Employment density Employment in 10 min

Method 2SLS CF 2SLS CF

log mass measure −0.200∗∗ −0.187∗∗ −0.029 −0.029

(0.09) (0.09) (0.242) (0.242)

Borough fixed effects yes yes yes yes

RMSE 1.00 0.62 0.91 0.57

AIC 64.72 1915.39 −124.67 1739.88

BIC 231 2091.45 41.61 1915.94

# of obs. 983 983 983 983

†: Total employment is aggregated in 2.5-min travel time bands.

Standard errors in parentheses, ∗∗∗: 99%, ∗∗: 95%, ∗: 90%.

Appendix D . Welfare decomposition in spatial equilibrium

This section provides the full derivation of the additive welfare de­

composition introduced in Section 3.5.2 of the main text. Our discussion 

is a summary of the welfare decomposition in Donald et al. (2025) with 

the notation and model structure adapted to our urban model.

The derivation begins with two lemmas from Hofbauer and 

Sandholm (2002). The first states that the equilibrium residence–

workplace choices can be represented as the solution of a problem that 

maximises an additive objective function; the sum of utilities under lo­

cal consumption levels and a function of the vector of location choice 

probabilities. 

E[𝑈𝑖𝑗 ] =max
{𝜆𝑖𝑗}

∑

𝑖𝑗
𝜆𝑖𝑗 ⋅ 𝑢𝑖𝑗 (𝐿𝑖𝑗 , 𝐶𝑖𝑗 ,𝐻𝑅

𝑖𝑗 ) − Ψ({𝜆𝑖𝑗})

subject to
∑

𝑖𝑗
𝜆𝑖𝑗 = 1

(D.1)

The solution of this problem coincides with expected utility in the 

location choice situation: E[𝑈𝑖𝑗 ] = E[max𝑖𝑗{𝑢𝑖𝑗 (⋅) ⋅ 𝑧𝑖𝑗}]. The second 

lemma states that any decentralised equilibrium allocation represented 

by matrix 𝑿 of endogenous location-specific variables solves a pseudo-

planning problem specified as 

𝑊 = max
{E[𝑈𝑖𝑗 ],𝑿}

W
(

E[𝑈𝑖𝑗 ]
)

,

subject to 

E[𝑈𝑖𝑗 ] =
∑

𝑖𝑗
𝜆𝑖𝑗 ⋅ 𝑢𝑖𝑗 (𝐿𝑖𝑗 , 𝐶𝑖𝑗 ,𝐻𝑅

𝑖𝑗 ) − Ψ({𝜆𝑖𝑗}),

{𝜆𝑖𝑗} ∈ arg max
{𝜆̃𝑖𝑗}∶

∑

𝑖𝑗 𝜆̃𝑖𝑗=1

∑

𝑖𝑗
𝜆̃𝑖𝑗 ⋅ 𝑢𝑖𝑗 (𝐿𝑖𝑗 , 𝐶𝑖𝑗 ,𝐻𝑅

𝑖𝑗 ) − Ψ({𝜆̃𝑖𝑗}),

∑

𝑗
𝐴𝑗𝑓

𝑦
𝑗 (𝑀

𝑊
𝑗 ,𝐻𝑊

𝑗 ) =
∑

𝑖𝑗
𝑁𝜆𝑖𝑗 (𝑳𝑖𝑗 ,𝑪 𝑖𝑗 ,𝑯𝑅

𝑖𝑗 ) ⋅ 𝐶𝑖𝑗 ,

∑

𝑖
𝑁𝜆𝑖𝑗 (𝑳𝑖𝑗 ,𝑪 𝑖𝑗 ,𝑯𝑅

𝑖𝑗 ) ⋅ 𝑥𝑖𝑗 =𝑀𝑊
𝑗 ∀𝑗,

𝑓ℎ(𝑍𝑗 ,𝓁𝑗 ) =

(

∑

𝑘
𝑁𝜆𝑗𝑘(𝑳𝑗𝑘,𝑪𝑗𝑘,𝑯𝑅

𝑗𝑘) ⋅𝐻
𝑅
𝑗𝑘

)

−𝐻𝑊
𝑗 ∀𝑗,

L𝑗 = 𝓁𝑗 ∀𝑗.

(D.2)

In this problem, W(⋅) transforms household utility into social welfare. 

As in Donald et al. (2025), W(⋅) could include multiple types represent­

ing income groups or other segmentations of society, and type-specific 

Λ values could be used as welfare weights. Due to constraints in data 

availability, in this paper we restrict the analysis to one representative 

household, and so the purpose of W(⋅) is limited to turning expected 

household utility into money-metric welfare through the normalisation 

introduced in Eq. (29). The first two constraints in (D.2) reflect util­

ity maximising location choices according to (D.1). The remaining four 
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sets of constraints ensure market clearing in the remaining markets: 

equalising the quantities supplied and demanded in the local produc­

tion, labour, construction and land markets, respectively, according to 

our derivations in Sections 3 and Appendix A.

We extend the objective function in (D.2) with two terms: fare rev­

enues for the public transport operator and the income of absentee 

landlords. Thus, the Lagrangian of the problem becomes 

L = W

(

∑

𝑖𝑗
𝑁𝜆𝑖𝑗 (𝑳𝑖𝑗 ,𝑪 𝑖𝑗 ,𝑯𝑅

𝑖𝑗 ) ⋅ 𝑢𝑖𝑗 (𝐿𝑖𝑗 , 𝐶𝑖𝑗 ,𝐻
𝑅
𝑖𝑗 ) − Ψ

(

{𝜆𝑖𝑗 (𝑳𝑖𝑗 ,𝑪 𝑖𝑗 ,𝑯𝑅
𝑖𝑗 )}

)

)

+
∑

𝑖𝑗
𝑁𝜆𝑖𝑗 (𝑳𝑖𝑗 ,𝑪 𝑖𝑗 ,𝑯𝑅

𝑖𝑗 ) ⋅ 𝑥𝑖𝑗𝜏𝑖𝑗 +
∑

𝑗
𝑝𝓁𝑗 ⋅ 𝓁𝑗

+ 𝑝̃

[

∑

𝑗
𝐴𝑗𝑓

𝑦
𝑗 (𝑀

𝑊
𝑗 ,𝐻𝑊

𝑗 ) −
∑

𝑖𝑗
𝑁𝜆𝑖𝑗 (𝑳𝑖𝑗 ,𝑪 𝑖𝑗 ,𝑯𝑅

𝑖𝑗 ) ⋅ 𝐶𝑖𝑗

]

+
∑

𝑖𝑗
𝑤̃𝑖𝑗

[

𝑁𝜆𝑖𝑗 (𝑳𝑖𝑗 ,𝑪 𝑖𝑗 ,𝑯𝑅
𝑖𝑗 ) ⋅ 𝑥𝑖𝑗 −𝑀

𝑊
𝑖𝑗

]

+
∑

𝑗
𝑞𝑗

[

𝑓ℎ(𝑍𝑗 ,𝓁𝑗 ) −

(

∑

𝑘
𝑁𝜆𝑗𝑘(𝑳𝑗𝑘,𝑪 𝑗𝑘,𝑯𝑅

𝑗𝑘) ⋅𝐻
𝑅
𝑗𝑘

)

−𝐻𝑊
𝑗

]

+
∑

𝑗
𝑝̃𝓁𝑗

[

L𝑗 − 𝓁𝑗
]

, (D.3)

which is equivalent to Eq. (28) in the main text with the notational 

simplification Θ = ({𝐿𝑖𝑗}, {𝐶𝑖𝑗}, {𝐻𝑅
𝑖𝑗 }). Donald et al. (2025) show that in 

equilibrium, the Lagrange multipliers of the market clearing conditions 

equal the relevant market prices, so that 𝑝̃ = 𝑝, and 𝑤̃𝑖𝑗 = 𝑤𝑗−𝜏𝑖𝑗 , 𝑞𝑗 = 𝑞𝑗
and 𝑝̃𝓁𝑗 = 𝑝𝓁𝑗  for all 𝑖 and 𝑗.

Let us consider the welfare impact of a small change in travel times 

on origin–destination pair 𝑘𝑙. Given the above-mentioned property of 

the Lagrange multipliers, the definition in Eq. (29), and the application 

of the envelope theorem to the pseudo-planning problem, the associated 

welfare change is 

𝑑𝑊
𝑑𝑡𝑘𝑙

=
∑

𝑖𝑗

[

𝑁𝑖𝑗Λ
𝜕𝑢𝑖𝑗
𝜕𝐿𝑖𝑗

𝑑𝐿𝑖𝑗
𝑑𝑡𝑘𝑙

+𝑁𝑖𝑗

(

Λ
𝜕𝑢𝑖𝑗
𝜕𝐶𝑖𝑗

− 𝑝
) 𝑑𝐶𝑖𝑗
𝑑𝑡𝑘𝑙

+𝑁𝑖𝑗

(

Λ
𝜕𝑢𝑖𝑗
𝜕𝐻𝑅

𝑖𝑗

− 𝑞𝑖

)

𝑑𝐻𝑅
𝑖𝑗

𝑑𝑡𝑘𝑙

]

+
∑

𝑖𝑗
𝜏𝑖𝑗
𝑑(𝑁𝑖𝑗𝑥𝑖𝑗 )
𝑑𝑡𝑘𝑙

+
∑

𝑗
𝓁𝑗
𝑑𝑝𝓁𝑗
𝑑𝑡𝑘𝑙

+
∑

𝑖𝑗

(

(𝑤𝑗 − 𝜏𝑖𝑗 )𝑥𝑖𝑗 − 𝑝𝐶𝑖𝑗 − 𝑞𝑖𝐻𝑅
𝑖𝑗

) 𝑑𝑁𝑖𝑗

𝑑𝑡𝑘𝑙

+
∑

𝑗
𝑝𝑓 𝑦𝑗

𝑑𝐴𝑗
𝑑𝜌𝑗

𝑑𝜌𝑗
𝑑𝑡𝑘𝑙

. (D.4)

Note that the marginal utility of leisure time is 𝜕𝑢𝑖𝑗∕𝜕𝐿𝑖𝑗 = 𝜇𝑖𝑗 , and, 

from the leisure time constraint in (3), 𝐿𝑖𝑗 = 𝐿̄ − 𝑥𝑖𝑗 (𝑇 + 𝑡𝑖𝑗 ), so that 

𝑑𝐿𝑖𝑗∕𝑑𝑡𝑖𝑗 = −𝑥𝑖𝑗 . Similarly, recall that the marginal utility of income is 

𝜅𝑖𝑗 , from which 𝜕𝑢∕𝜕𝐶𝑖𝑗 = 𝑝𝜅𝑖𝑗  and 𝜕𝑢∕𝜕𝐻𝑅
𝑖𝑗 = 𝑞𝑖𝜅𝑖𝑗 . Recall the monetary 

budget contraint in (2), which implies that the third line in (D.4) is zero. 

Finally, given our specification of local productivity in (22), 𝑑𝐴𝑗∕𝑑𝜌𝑗 =
𝜂𝐴𝑗∕𝜌𝑗 . We apply these consequences of our model definitions to rewrite 

Eq. (D.4) in a total differential form for a transport project that affects 

travel times on multiple origin–destination pairs in the network. 

𝑑𝑊 =
∑

𝑖𝑗
Λ𝜇𝑖𝑗 𝑁𝑖𝑗𝑥𝑖𝑗 ⋅ (−𝑑𝑡𝑖𝑗 )

⏟⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏟⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏟
(𝑖)

+
∑

𝑖𝑗
𝑁𝑖𝑗 (Λ𝜅𝑖𝑗 − 1) 𝑑𝐶𝑖𝑗

⏟⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏟⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏟
(𝑖𝑖)

+
∑

𝑖𝑗
𝑁𝑖𝑗 (Λ𝜅𝑖𝑗 − 1) 𝑑𝐻𝑅

𝑖𝑗

⏟⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏟⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏟
(𝑖𝑖𝑖)

+
∑

𝑖𝑗
𝜏𝑖𝑗 ⋅ 𝑑(𝑁𝑖𝑗𝑥𝑖𝑗 )

⏟⏞⏞⏞⏞⏞⏞⏞⏞⏞⏟⏞⏞⏞⏞⏞⏞⏞⏞⏞⏟
(𝑖𝑣)

+
∑

𝑗
𝓁𝑗 ⋅ 𝑑𝑝

𝓁
𝑗

⏟⏞⏞⏞⏞⏟⏞⏞⏞⏞⏟
(𝑣)

+
∑

𝑗

𝑝𝜂𝑌𝑗
𝜌𝑗

𝑑𝜌𝑗

⏟⏞⏞⏞⏞⏞⏟⏞⏞⏞⏞⏞⏟
(𝑣𝑖)

(D.5)

To further simplify items (ii) and (iii) in this expression, let us consider 

the following covariance rules. 

Cov[𝑋, 𝑌 ] = E[𝑋 ⋅ 𝑌 ] − E[𝑋] ⋅ E[𝑌 ]

E[𝑋] =
∑

𝑖𝑗
𝜆𝑖𝑗𝑋𝑖𝑗

(D.6)

Thus, we rewrite items (ii) in (D.5) as 

∑

𝑖𝑗
𝑁𝑖𝑗 (Λ𝜅𝑖𝑗 − 1) 𝑑𝐶𝑖𝑗 = 𝑁

∑

𝑖𝑗
𝜆𝑖𝑗

(

Λ − 1
𝜅𝑖𝑗

)

𝜅𝑖𝑗 𝑑𝐶𝑖𝑗

= 𝑁 ⋅ {Cov[Λ − 𝜅−1𝑖𝑗 , 𝜅𝑖𝑗 𝑑𝐶𝑖𝑗 ] + E[Λ − 𝜅−1𝑖𝑗 ] ⋅ E[𝜅𝑖𝑗 𝑑𝐶𝑖𝑗 ]}

= 𝑁 ⋅ Cov[Λ − 𝜅−1𝑖𝑗 , 𝜅𝑖𝑗 𝑑𝐶𝑖𝑗 ]

(D.7)

In the final step we considered that Λ is independent from locations, so 

that E[Λ−𝜅−1𝑖𝑗 ] = Λ−E[𝜅−1𝑖𝑗 ], which equals zero under the normalisation 

introduced in (29). We rewrite item (iii) in (D.5) through the same steps 

to get 
∑

𝑖𝑗
𝑁𝑖𝑗 (Λ𝜅𝑖𝑗 − 1) 𝑑𝐻𝑅

𝑖𝑗 = 𝑁 ⋅ Cov[Λ − 𝜅−1𝑖𝑗 , 𝑞𝑖𝜅𝑖𝑗 𝑑𝐻
𝑅
𝑖𝑗 ]. (D.8)

By plugging (D.6) and (D.8) into (D.5), we reach the additive decompo­

sition of the total welfare effect in Eq. (30) in the main text. This result 

adapts Proposition 1 in Donald et al. (2025) to the present paper’s model 

and notation.

Appendix E . Additional results on the Elizabeth line appraisal

Fig. E.1 breaks down the aggregate wider economic impact measures 

in Section 5.3 by plotting the external welfare change in Eq. (27) for 

each MSOA separately. Specifically, it plots the agglomeration benefit 

we get in the partial equilibrium model with relocation versus with­

out relocation. We also add a 45 degree line corresponding to identical 

values on the two axes to reveal whether relocation adds (above the 

line) or reduces (below the line) local productivity. We find a mixed 

pattern. We observe a cluster of locations that realise relatively high 

gains without relocation and then their benefits further increase when 

location choice becomes endogenous—this is what common-sense in­

tuition would anticipate. However, there is another group of outliers 

that showcase reasonably high gains in the former case but then the 

impact of agglomeration on welfare turns into even higher negative 

values with relocation. This showcases that modelling the spatial reor­

ganisation of economic activity is crucial in predicting how a transport 

scheme is expected to affect local productivity. Limiting the appraisal ex­

ercise to transport cost reductions in a static environment may seriously 

misinform policy-makers about the presence of losers and the spatial 

distribution of those who gain and lose from place-based policies.

Tables E.1 and E.2 document the outcomes of two sensitivity tests 

for the main appraisal results reported in Table 3. In Table E.1 we re­

calculate all appraisal results by assuming an agglomeration elasticity 
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Fig. E.1. Agglomeration (productivity) benefits with and without relocation, 

plotted separately for each MSOA of Greater London. The dashed line connects 

equal values on the two axes.
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Table E.1 

Sensitivity test: Fig. 3 with lower agglomeration elasticity: 𝜂 = 0.044, 𝛿 = −0.08.

Appraisal model Static partial equilibrium Dynamic partial equilbrium SGE

Value of time homogeneous heterogeneous homogeneous heterogeneous n.a.

Direct user benefit 831 753 1026 918 810

Productivity gain 511 511 533 533 641

MUoC dispersion 74

MUoH dispersion −7

Land value uplift 114

Fare revenues 42 42 42 42 42

Total benefit 1384 1306 1601 1493 1673

Units: Surplus in thousands of GBP per day.

Table E.2 

Sensitivity test: Total benefit in Fig. 3 with different exogenous zoning (floorspace restriction) 

policies.

Appraisal model Static partial equilibrium Dynamic partial equilbrium SGE

Value of time homogeneous heterogeneous homogeneous heterogeneous n.a.

Restriction unchanged 2599 2521 1597 1454 1912

2% relaxation (baseline) 2599 2521 1921 1779 2334

5% relaxation 2599 2521 2376 2235 2926

Units: Surplus in thousands of GBP per day.

of 𝜂 = 0.044 and a distance decay of 𝛿 = −0.08. These parameters are 

often considered as a median of the existing estimates in the literature 

(see Graham and Gibbons, 2019) as well as approximations of the pa­

rameters recommended by the UK Transport Analysis Guidance for the 

entire country.

Table E.2 is a sensitivity test in which we vary the extent to which pa­

rameter 𝐻̄𝑖, the exogenous floorspace construction constraint in Eq. (19), 

is relaxed in the counterfactual scenario of the Elizabeth Line. In this 

table we include the total benefit only (i.e., the final row of Table 3 in 

the main text). The results of these sensitivity tests are interpreted in 

Section 5.4.

Appendix F . Randomised transport improvements

The core findings of our simplified appraisal of the Elizabeth Line in 

Section 5 are that (i) the SGE appraisal results are of the same order of 

magnitude as those from the mainstream PE appraisal, and (ii) the SGE 

benefits are somewhat lower than the PE benefits when we ignore the 

relocation of households and firms in travel demand and firm productiv­

ity estimation, and somewhat higher when we take such relocation into 

account. These findings are specific to the Elizabeth Line, which limits 

their external validity and applicability to other policy interventions.

To be able to say more about external validity, we have designed 

a randomised simulation experiment. In a repeated process, we ran­

domly selected a central MSOA within four kilometres of the City of 

London (the central business district) and a more peripheral MSOA 

more than eight kilometres from the CBD. For each randomly selected 

origin-destination pair, we assumed that a hypothetical transport ser­

vice is established that significantly reduces the travel time between 

them. To extend the number of residence-workplace pairs affected by 

the synthetic policy, we drew a four kilometre catchment area around 

the hypothetical stations, and allowed travel times to decrease between 

every origin-destination pair that connects the two catchments. More 

specifically, if the hypothetical stations are at the centroids of MSOAs 𝑖
and 𝑗, and locations 𝑙 and 𝑘 are within the four kilometre ranges of 𝑖 and 

𝑗, then we multiplied the travel time 𝑡𝑘𝑙 by 

0.5 ⋅
(

1 +
𝑑(𝑘, 𝑖) + 𝑑(𝑙, 𝑗)

8 000

)

, (F.1)

where 𝑑(𝑥1, 𝑥2) is the Euclidean distance between centroids 𝑥1 and 𝑥2
in metres. This implies that travel times are halved between the MSOAs 

directly connected by the hypothetical transport service, while the travel 

time between two centroids lying on the four kilometre circles remains 

unaffected. Fig. F.1 illustrates this process for one randomly selected 

origin-destination pair. The colour gradients within the catchment areas 

are proportional to the expected reduction in travel time.

This process has been repeated 250 times. In each hypothetical 

scenario, we computed the counterfactual spatial equilibrium and quan­

tified the appraisal metrics defined in Section 3.5 and evaluated in 

Table 3 for the Elizabeth Line. The results of this experiment are 

visualised in Fig. 12 and discussed in Section 5.4.

The results of this randomised experiment allow us to strengthen 

the external validity of some of the paper’s core findings. However, 

the Monte Carlo experiment also has its own specific features and 

limitations. For example, one may argue that transport infrastructure 

is typically linear and connects more than two distinct locations in 

Camden 028
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Fig. F.1. One example of a randomly selected origin–destination pair. Travel 

times are assumed to decrease by up to 50%, in proportion to the distance from 

the hypothetical new station (as shown by the colour grading on the map).
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the city. The present experiment has been designed to ensure sim­

ple implementation and transparency. Future research may repeat the 

exercise with more realistic randomly generated transport corridors. 

Second, as described above, we combined a central and a peripheral 

location in each round of the simulation. Although this rule slightly re­

stricted the randomness of the experiment, earlier attempts with fully 

random origin–destination pairs often selected very remote locations 

with virtually zero traffic before the intervention, which made the sim­

ulations less meaningful. Finally, one may note that the present results 

are restricted to London because they rely on the baseline data and pa­

rameters we estimated. Naturally, real-world or randomised appraisal 

exercises may lead to different results in other geographical contexts.

Data availability

Data will be made available on request.
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