
1 Abstract

The adoption of AI technologies leads to socio-economic inequality issues within and among cities to
some extent (Pinheiro et al. 2022, Rodríguez-Pose 2018). On the one hand, complex technologies tend
to be spatially concentrated in large cities due to local accumulation of economic activities, human cap-
ital, knowledge, urban infrastructure and research institutions (Balland et al. 2020, Duranton & Puga
2004, Bloom et al. 2021). In this way, complex technologies are intertwined with further urban agglom-
eration over time, while simple technologies are spatially distributed more evenly across space (Bloom
et al. 2021). On the other hand, AI-exposed enterprises replace non-AI tasks with AI occupations (Ace-
moglu et al. 2022). For instance, it is more likely for rural areas with higher proportions of low-skilled
workers performing routine tasks to be influenced by AI technologies (Brekelmans & Petropoulos 2020).

Thus, it is important for economic geographers to map the evolution of spatial patterns regarding AI
adoption and investigate its driving forces. Limited studies investigate how place characteristics influ-
ence the AI spatial concentration within and among cities over time (Bloom et al. 2021). My research
estimates heterogeneous, compositional and contextual effects of local places’ characteristics on AI lo-
cation quotients at the LSOA (Lower Layer Super Output Areas) and TTWA (Travel To Work Areas) level
in Great Britain, using data of AI online job vacancies between 2016-2021. Firstly, place characteristics
mean that local places shape and are shaped by local contexts (e.g. local demographics, socio-economic
levels, public amenities as well as governance), network structure among local places (e.g. ICT infras-
tructure and urban transport) and public perceptions (Di Zhu & Liu 2020). In our research, these
place characteristics are proxied mainly by socio-economic indicators such as urban productivity, popu-
lation density and points of interest (POIs) (e.g. transport stations) in local areas. Secondly, the spatial
concentration indicates that similar economic activities are co-located in local areas within regions.
Furthermore, these local areas are specialised in AI adoption (i.e., AI online job advertisements), which
is represented by AI location quotients. Thirdly, the location quotient is a relative rate of the AI online
job proportion in local areas (i.e., LSOAs) over the AI job proportion in the entire study area (i.e., Great
Britain). Descriptions of all variables are given in the Appendix.

Research findings of linear multilevel models indicate that new yearly AI online jobs become more and
more spatially concentrated in specific local areas over time at the early stage of AI adoption. This
remarkable phenomenon illustrates potential inequality issues of urban and regional economic devel-
opment in Great Britain. For one thing, local intensive AI online hiring activities have a significant and
positive correlation with place characteristics, for instance, urban productivity and points of interest
of cultural amenities, local governance, urban transport as well as intellectual resources. For another,
developed regions with more universities and better internet speed manifest labor demands for AI skills
to a relatively greater extent on average across Great Britain. However, these linear models have auto-
correlation and non-normality issues of residuals despite robust effects estimated in another two-level
mixed-effect logit model. In addition, the LSOA-level estimated fixed effects do not indicate hetero-
geneous effects across LSOAs but assume spatial homogeneity, which is not the case according to the
literature. It would be more appropriate to combine the current model with a GWR (Geographically
Weighted Regression) model, which uncovers local variation of the estimated effects (Hu et al. 2022).

Based on current results, two policy recommendations are provided. Specifically, local areas could
regenerate communities around local governments by increasing public transport stations, improving
ICT infrastructure, and incentivising more R&D and technical services to establish local businesses for
place making. Furthermore, revenues generated by local new businesses should be reinvested partly
to renovate historic buildings as well as cultural facilities close to the renovated communities as train-
ing centres for low-skilled workers. In sum, maintaining and improving place characteristics is one of
the most potential ways for lagging regions in Great Britain to alter this unequal phenomenon of the
consistent AI spatial concentration in developed areas. As for my future research, it is promising to
investigate how the AI spatial concentration influences urban green transitions, for instance, green jobs
(Larsen et al. 2022).
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Figure 1: Variable descriptions
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