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SHORT SUMMARY 

This study examined the wider barrier effects generated by ground-level urban 

expressways and railways. To address spatial confounding, spatial dependence, and spatial 

spillover in a cross-sectional causal-inference design, this study developed a spatial causal-

inference framework that combines a multi-treatment design with Double Machine Learning 

and Gaussian-process-based nuisance learning. Using Seoul’s ground-level transport 

networks and officially assessed land prices, the analysis found that the direct effects of 

transport infrastructure were mostly insignificant, whereas spillover effects were significant 

in most areas and reduced officially assessed land prices by an average of 11.12%. The results 

also showed that land-value declines were particularly pronounced in peripheral and 

relatively marginalized areas of Seoul, suggesting that transport infrastructure accelerates 

decline in already disadvantaged neighborhoods. 
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1. INTRODUCTION 

Transport infrastructures such as highways, railways, and arterial roads can improve accessi-

bility within and between regions and cities. At the same time, transport infrastructures can cre-

ate physical barriers that disrupt the internal continuity of urban areas. Physical barriers may 

hinder access to everyday activities, increase travel costs, weaken local connectivity, and reduce 

opportunities for social interaction among neighbors. When such effects accumulate over time, 

physical barriers can contribute to community severance, distort nearby land use, and ultimately 

induce localized urban decline. Previous studies have referred to these unintended urban decline 

effects of transport infrastructure as barrier effects (Anciaes et al., 2016; van Eldijk et al., 2022) 

Previous studies have classified barrier effects into direct, indirect, and wider barrier effects 

according to the affected domain and the scope of impact (van Eldijk et al., 2022). Direct and 

indirect barrier effects refer to changes at the level of individual behavior, such as increased 

travel costs and altered travel patterns caused by physical severance. Wider barrier effects refer 

to processes through which these mobility changes spread from individuals to communities and, 

ultimately, to society as a whole. Wider barrier effects associated with transport networks may 

isolate neighborhood commercial districts, weaken local accessibility, and reduce land values, 

thereby contributing to urban decline. For this reason, wider barrier effects have drawn increas-

ing attention in transport and urban research.  

Although theoretical discussion of wider barrier effects has expanded, empirical evidence 

based on causal identification remains limited. Causal identification is difficult for at least three 
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reasons. Fine-grained longitudinal data collected before and after infrastructure construction are 

rarely available in older urban settings. Transport infrastructure is not randomly located in urban 

space, so pre-existing locational conditions and latent spatial structure can confound the relation 

between barriers and urban outcomes. Wider barrier effects also tend to extend beyond directly 

exposed areas, which creates spatial spillovers and violates no-interference assumptions. Spatial 

causal-inference research has shown that spatial dependence, spatial heterogeneity, and spatial 

interference can bias conventional causal estimators when those features are ignored(Akbari et 

al., 2023; Bardaka et al., 2019). Transport studies have likewise shown that multiple transporta-

tion interventions and spillover effects require designs that move beyond a single binary treat-

ment.  

Against this background, the present study develops a spatial causal-inference framework tai-

lored to urban barrier effects. Barrier exposure is defined as a multi-treatment structure that dis-

tinguishes direct exposure from nearby spillover exposure, rather than reducing transport infra-

structure to a simple presence–absence condition. The framework then combines Double Ma-

chine Learning with Gaussian-process-based nuisance learning. Double Machine Learning sup-

ports flexible confounder adjustment through orthogonalization and reduces bias from regular-

ized nuisance estimation(Chernozhukov et al., 2024; Wager & Athey, 2017). Gaussian-process-

based nuisance learning captures latent spatial structure that is not fully represented by observed 

covariates(Rasmussen & Williams, 2006; Sigrist, 2022). This design therefore addresses three 

methodological challenges at the same time: endogenous infrastructure siting, unobserved spa-

tial confounding, and spillover effects that violate no-interference assumptions.  

The proposed framework contributes to the literature in both methodological and empirical 

terms. Methodologically, the proposed framework links multi-treatment causal design, interfer-

ence-aware treatment definition, and spatially structured nuisance learning within a single esti-

mation framework. Empirically, the proposed framework provides grid-level causal evidence on 

wider barrier effects, a topic that has so far remained largely at the level of theoretical discus-

sion and descriptive interpretation. The resulting evidence helps clarify how transport-network 

severance contributes to localized urban decline in a dense metropolitan setting 
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2. RESEARCH DESIGN 

Research scope 

This study examines the barrier effects of ground-level urban expressways and railway net-

works across Seoul. To distinguish these effects from severance caused by natural environments, 

transport networks located adjacent to rivers and mountainous areas were excluded from the anal-

ysis. Barrier effects generated by transport infrastructure occur locally around the infrastructure 

itself, and analyses based on administrative districts may underestimate the barrier effects that 

arise within such areas. Accordingly, to quantify wider barrier effects at a finer spatial scale, this 

study conducted the analysis using 500 m grid cells. The spatial scope of the study is shown in 

Figure 1. 

 
Figure 1. Research scope 

Identifying the causal effects of transport-network barriers ideally requires longitudinal data col-

lected before and after infrastructure construction. In Seoul, however, most ground-level transport 

networks were constructed during the twentieth century, which makes it extremely difficult in 

practice to obtain pre-construction grid-level data. For this reason, this study estimates barrier 

effects using cross-sectional data collected for the year 2023.  

Variable selection strategy for causal inference identification 

Officially assessed land price is a critical indicator of wider barrier effects because land price 

capitalizes the long-term consequences of accessibility, neighborhood interaction, development 

potential, and spatial disamenities into urban space. This analysis therefore uses officially as-

sessed land price as a representative indicator of wider barrier effects and urban decline associated 

with transport-network severance. Since officially assessed land price showed substantial positive 

skewness and high kurtosis, a log transformation was applied to improve distributional normality. 
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In cross-sectional causal inference, control-variable selection should follow causal structure 

rather than statistical convenience, since adjustment for mediators or colliders can bias causal 

estimates through overcontrol or endogenous selection (Elwert & Winship, 2014; Hernán et al., 

2002)Wider barrier effects, in particular, arise through the influence of direct and indirect barrier 

effects, such as reduced accessibility(Anciaes et al., 2016; van Eldijk et al., 2022). Controlling 

for direct and indirect effects in the estimation of wider barrier effects may therefore induce 

overcontrol bias. 

Accordingly, this study controlled for locational and environmental characteristics that may 

affect land values, including distance to the urban center, land use, and average building height, 

drawing on the logic of the hedonic price model. By contrast, accessibility-related variables that 

may themselves have been affected by direct and indirect barrier effects were treated as mediators 

and were therefore not controlled for. Network density and crosswalk count were nevertheless 

included, because previous barrier-effect studies have identified street-network structure and 

crossing facilities as key determinants of the magnitude of severance. In addition, to distinguish 

the accessibility benefits of rail station proximity from the severance effects of ground-level rail-

ways, this study controlled for a dummy variable indicating the presence of a subway station.  

  

Table 1: Descriptive Statistics of Variable 

 
 Variable Mean S.D Min Max 

Covariates Population 5,067 3,376 16 17,925 

Company 

count 

577 669 0 8,929 

Network 

Density 

10 8.3 0 75.80 

Old building 227 218 0 1,177 

BD height 2,592 5,688 0 127,363 

Crosswalk 

Count 

6.34 5.86 0 49 

Commercial 

area ratio 

0.05 0.14 0 1.00 

Confounding 

variable 

Distance to 

CBD 

10 3.25 5.25 19.09 

Average 

Slope 

5.25 5.44 0 31.01 

Rail node 

dummy  

0.03 0.18 0 1 

Dependent  

variable 

Log trans-

formed Land 

price 

14.94 0.970 10.41 17.63 

 

Wider barrier effects can extend beyond areas directly exposed to the barrier and may generate 

spillover effects in nearby areas, thereby violating the Stable Unit Treatment Value Assumption 

(SUTVA). For this reason, analyzing wider barrier effects requires simultaneous consideration of 

both the effect on directly exposed areas and the spillover effect that propagates into surrounding 

areas. To account for the spillover effect of barrier impacts, this study defines treatment status 

using a multi-treatment design, as shown in Equation (1). 
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𝐓𝑖 = [
𝐷𝑖

𝑆𝑖
]                    (1) 

 

Here, 𝐷𝑖 indicates whether grid 𝑖is directly treated, and 𝑆𝑖 denotes spillover exposure, meas-

ured as the proportion of directly treated grids among neighboring grids located within a 500 m 

radius. The resulting spatial distribution of the direct treatment group, the spillover treatment 

group, and the non-treated group is presented in Figure 2. 

 
Figure 2. Spatial distribution of direct treatment, spillover treatment, and un-

treated grids  
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3. METHODOLOGY 

Gaussian process augmented multi-treatment DML framework 

The location of transport infrastructure and the surrounding spatial structure are not formed 

randomly. Factors such as accessibility to central areas and local environmental conditions can 

simultaneously affect not only the outcome variable but also both direct treatment and spillover 

exposure. Some of these factors, moreover, may be only partially observed or may exhibit spa-

tially structured patterns, meaning that nuisance estimation based solely on the conventional IID 

assumption may not be sufficient. To mitigate this problem, this study combines a multi-treatment 

CausalForestDML (Chernozhukov et al., 2024; Wager & Athey, 2017) framework, which simul-

taneously incorporates direct treatment and spillover treatment, with a Gaussian Process (GP) 

design that absorbs latent spatial confounding at the nuisance-estimation stage. 

This study extends the partially linear regression structure of DML proposed by Chernozhukov 

et al. (2024) to a design that simultaneously considers direct treatment and spillover treatment. 

The baseline specification is given in Equation (2): 

 

𝑌𝑖 = 𝜃(𝑋𝑖)⊤𝐓𝑖 + 𝜇𝑌(𝑋𝑖, 𝑊𝑖) + 𝑔𝑌(𝑠𝑖) + 𝜖𝑖  (2) 

 

  

Here, 𝜇𝑌(𝑋𝑖, 𝑊𝑖)represents the component explained by the observed covariates, whereas 

𝑔𝑌(𝑠𝑖)denotes an unobserved latent factor that varies across grid cells according to the spatial 

coordinate 𝑠𝑖. The spatial term 𝑔𝑌(𝑠𝑖)is modeled as in Equation (3): 

 

𝑔𝑌(⋅) ~ 𝐺𝑃(0, 𝐾𝑦(⋅,⋅))  (3) 

 

In this expression, 𝐾𝑌(⋅,⋅)is a covariance function that captures spatial similarity, allowing un-

observed spatial latent factors to be more similar for nearby observations. Depending on the form 

of the covariance function, nonlinear similarity structures between neighboring observations can 

also be accommodated (Rasmussen & Williams, 2006). In this study, exponential, Matérn, and 

Gaussian kernels were compared, and the exponential kernel was selected because it yielded the 

lowest prediction error after parameter tuning. 

Outcome and treatment residualization by nuisance functions 

In this study, nuisance functions for both the outcome and the treatment include observed fixed 

effects and GP-based spatial effects. 

 

𝑚𝑌(𝑋𝑖, 𝑊𝑖 , 𝑠𝑖) = 𝐸[𝑌𝑖|𝑋𝑖 , 𝑊𝑖, 𝑠𝑖]   (4) 

 

𝐸[𝑌𝑖|𝑋𝑖, 𝑊𝑖 , 𝑠𝑖]  = 𝜇𝑌(𝑋𝑖 , 𝑊𝑖) + 𝑔𝑌(𝑠𝑖)   (5) 

 

𝑌𝑖̃ =  𝑌𝑖 − 𝑚̂𝑦(𝑋𝑖, 𝑊𝑖, 𝑠𝑖)   (6) 

 

The residual 𝑌̃𝑖obtained from Equation (6) represents the variation in the outcome that is not 

explained by the fixed-effect component 𝜇𝑌(𝑋𝑖, 𝑊𝑖)or by the unobserved spatial effect 𝑔𝑌(𝑠𝑖). 

The same orthogonalization procedure is then applied to the treatment vector. As the treatment 

vector in this study includes both direct treatment and spillover treatment, the treatment nuisance 

function is defined in vector form: 
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𝒎𝑇(𝑋𝑖 , 𝑊𝑖, 𝑠𝑖) = 𝐸[𝐓𝑖|𝑋𝑖 , 𝑊𝑖, 𝑠𝑖]   (7) 

 

𝐸[𝐓𝑖|𝑋𝑖 , 𝑊𝑖, 𝑠𝑖] =   𝜇𝑇(𝑋𝑖 , 𝑊𝑖) + 𝑔𝑇(𝑠𝑖)  (8) 

 

𝜇𝑇(𝑋𝑖 , 𝑊𝑖) =  [
𝜇𝐷(𝑋𝑖, 𝑊𝑖)

𝜇𝑆(𝑋𝑖, 𝑊𝑖)
] , 𝑔𝑇(𝑠𝑖) = [

𝑔𝐷(𝑠𝑖)

𝑔𝑆(𝑠𝑖)
]      (9) 

 

𝐓𝑖̃ =  𝐓𝑖 − 𝒎̂𝑇(𝑋𝑖 , 𝑊𝑖, 𝑠𝑖)                                                                                                          (10) 

Identifying heterogenous treatment effects by causal forest 

Finally, this study estimates the function 𝜃(𝑋𝑖)⊤𝐓𝑖, which explains the relationship between 

the two residuals, by applying a causal forest in order to analyze heterogeneous treatment effects, 

as shown in Equation (11). 

 

𝑌𝑖̃ =  𝜃(𝑋𝑖)⊤𝐓𝑖̃+𝑢𝑖   (11) 

 

Here, 𝜃(𝑋𝑖) = (𝜃𝑑(𝑋𝑖), 𝜃𝑠(𝑋𝑖))⊤is a vector of location-specific heterogeneous treatment ef-

fects that includes both the direct effect and the spillover effect. 𝜃𝑑(𝑋𝑖)denotes the function de-

scribing the direct treatment effect when a given grid is directly exposed to the barrier, whereas 

𝜃𝑠(𝑋𝑖)represents the localized spillover effect through which barrier exposure in surrounding ar-

eas propagates to that grid. This framework therefore makes it possible to examine, on a location-

specific basis, whether the barrier effect is confined to adjacent grids or extends into surrounding 

neighborhoods in the form of a wider barrier effect. 

4. RESULTS AND DISCUSSION 

Model performance was evaluated using the EconML score provided by CausalforestDML 

(Wager & Athey, 2017). The EconML score measures, in terms of mean squared error (MSE), 

how well the heterogeneous treatment effect explains the variation attributable to the treatment 

effect. The EconML score is calculated as shown in Equation (12). 

 
1

𝑛
∑ (𝑌𝑖̃ − 𝜃(𝑋𝑖) ∙ 𝐓𝑖̃)

2𝑛
𝑖    (12) 

 

To assess the extent to which the GP component controls for spatial autocorrelation and latent 

effects, this study compares the EconML score and Moran’s I statistics of residualfrom 

GPBoostCF with that from RandomForestCF. The results are reported in Table 2. 

 

Table 2: Goodness of fit statistics of model 

 
 Causalforest with 

Gaussian Process  

(GP-CF) 

Causalforest with Random 

Forest 

(RF-CF) 

EconML Score 
0.01 0.15 

Moran’s I Statistics of Re-

sidual 
0.28*** 0.57 

*P<0.1, **P<0.05, ***P<0.01 
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The results show that the EconML score of the Causal Forest with Gaussian Process (GP-CF) 

was 0.010, whereas that of the Causal Forest with Random Forest (RF-CF) was 0.155, indicating 

that causal effects were estimated more accurately when spatial confounding was controlled 

through a probabilistic random-effect structure. Residual Moran’s I statistics were statistically 

significant in both models, indicating that spatial autocorrelation still remained in the residuals. 

Even so, the Moran’s I statistic of the GP-CF was 0.28, which was lower than that of the RF-CF 

(0.57), suggesting that the GP-CF partially alleviated spatial autocorrelation. 

The results of the grid-level heterogeneous treatment effect analysis are presented in Figure 3. 

The mean direct treatment effect was estimated at -0.75%, and it was statistically significant in 

only 4% of the treated areas. By contrast, the mean spillover effect was estimated at -11.12%, and 

31.74% of the treated areas were found to be statistically significant. The fact that the direct treat-

ment effect was generally insignificant, whereas the spillover effect appeared stronger and more 

spatially extensive, may reflect the possibility that in areas directly traversed by ground-level 

transport networks, the disamenities caused by severance are capitalized together with benefits 

associated with nodal accessibility, visibility, and location along major corridors, thereby offset-

ting the net effect (Bae et al., 2003). Adjacent areas, by contrast, may receive fewer of the direct 

accessibility benefits provided by the transport corridor while simultaneously accumulating the 

direct and indirect disadvantages of reduced accessibility and neighborhood severance. This ac-

cumulation may then extend into a wider barrier effect (Anciaes et al., 2016; Gbban et al., 2023; 

van Eldijk et al., 2022), resulting in a stronger negative effect of the barrier on land values. 

A particularly pronounced decline in land values was identified in southwestern Seoul. South-

ern Seoul contains a mixture of low-rise residential neighborhoods, semi-industrial districts, and 

aging housing environments, and it has relatively weak neighborhood-level connectivity within 

the city. For this reason, the spillover effects of infrastructural barriers may have accumulated 

more strongly there, leading to a more pronounced decline in land values. 

 

 
Figure 3. Spatial distribution of estimated direct and spillover effects on land price 

(Left panel: direct effects, Right panel: spillover effects) 
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5. CONCLUSIONS 

This study provides causal evidence that ground-level transport infrastructure generates wider 

barrier effects on land price. The proposed framework combines a multi-treatment DML design 

with Gaussian-process-based nuisance learning to address spatial spillover, endogenous infra-

structure siting, and unobserved spatial confounding in a cross-sectional setting. The results 

show that direct effects are generally weak, whereas spillover effects are significant in many 

treated areas and reduce officially assessed land prices by an average of 11.12%. The strongest 

negative effects appear in peripheral and relatively marginalized parts of Seoul, especially in the 

southwest, which suggests that transport-network severance can accelerate localized urban de-

cline and deepen spatial inequality.  

This study nevertheless has an important limitation in that it was unable to control for noise, 

air quality, and related externalities, and therefore could not fully separate the effects of physical 

severance caused by transport infrastructure from the effects of environmental externalities. 

Once data capable of quantifying such externalities, including noise and air-quality conditions, 

become available, future research will be able to analyze more precisely the decline effects at-

tributable to transport-infrastructure severance. 
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