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Challenges in Spatial Data Science

he science of data is not new to us. However, it is not until these past several years that we
witness a significant emergence of data science in both academia and industry, thanks to the
ubiquitous sensors and powerful computational capacities. It is, therefore, unsurprising that
geographers start to join the data science troop with goals of applying newly developed technologies
and methods to address geospatial problems, as well as contributing our spatiotemporal thinking and
knowledge to the community. Artificial intelligence (AI), which is the most popular topic in data
science, is a good example. We see a dramatic increase of papers, workshops and proposals
discussing geographic artificial intelligence (GeoAI) in the past five years. However, as Dr. Goodchild
and many other geographers concerned at AAG 2019, we still lack of “compelling examples” and
a ”deeper understanding” of how we should appropriately interact with this new trend of science.
Spatial is special[1], but questions such as what types of spatial information are useful in the big data
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era, how to intellectually leverage them into new models, and how to interpret the results thus
making appropriate decisions are still open to be answered in spatial data science.
This statement attempts to emphasize some of these challenges and propose my insights and
solutions to address them. Before I delve into these challenges, I briefly discuss about my
understanding of the history of spatial data science. History is essential as it helps us inspect which
stage we are currently at, and reflect on where we should go next.

Spatial Data Science: When GIScience meets Big Data
Around the 1960s, geographers started to extensively store, retrieve, model and visualize geospatial
phenomena using computers. Many computational models and statistical methods were developed
since then, which significantly contributed to the growth of geographic information science
(GIScience). With about 50 years’ development, GIScience has become a multidisciplinary field in
science, and since the 2010s, research on traditional computational models and spatial statistics
tended to retard; instead, we saw a trend of analyzing geospatial phenomena in a big data fashion[3],
in which numerous new techniques, such as convolutional neural networks, word2vec, and generative
adversarial network, were greatly emphasized. This is probably the reason why we are inclined to
use ”spatial data science” more frequently nowadays compared with traditional ”geographic
information science.” In such a big data era, the problems are not only ”geographic” but also ”spatial”
in a broader sense. Meanwhile, we are now able to collect richer but more noisy and heterogeneous
geospatial ”data,” while traditional spatial statistics and models were mainly designed for sampled but
homogeneous ”information.” This fundamental change affords us opportunities to address geospatial
problems using new methods, but also brings new challenges.

Challenges
It is admitted that many existing data science models could be directly applied in a geospatial context,
such as using convolutional neural network to classify remotely sensed images. However, geospatial
problems are far more complex than just classification, which is a lower-order scientific task. Spatial
prediction, for instance, is in significant demands in spatial data science but receives less attention in
the new models. On the other hand, geospatial data is fundamentally more complicated than
nonspatial data, but most data science models are designed without explicit consideration of spatial
heterogeneity and spatial dependency. In addition to the few efforts of simply incorporating distance
into existing models, I think it is time for us to revisit the fundamental principles of spatiotemporal
data in a new context (i.e., the big data era and AI). For instances, what information make neural
networks spatially and temporarily explicit? Is it necessary, and how, to model spatial interactions
beyond pairs[5]? What is the role of directional information (anisotropicity) in spatial analysis[4]?
Furthermore, uncertainty analysis is a tradition in GIScience. In fact, most of the developed spatial
statistical models are capable of providing uncertainty analysis, as they are all based on classic
probabilistic distributions and/or Bayesian theory. In modern data science, however, many popular
models (e.g., deep neural network) are designed as point-based estimation and prediction (i.e., one
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set of weights for all). This works fine for simple cat-and-dog classification, but becomes problematic
when studying geographic phenomena that are far more complicated and sensitive to outliers (e.g.,
weather prediction). Therefore, as spatial data scientists, we have to leverage spatial uncertainty into
these new computational models in order to accommodate our unique research questions.
Last but not least, I highly value the effort of promoting interpretability and reproducibility in spatial
data science[2]. Since data are becoming larger and models are becoming more complicated, it is often
difficult to interpret and reproduce experiments, which impedes the development of spatial data
science. Consequently, to have widely agreed geospatial problems and an open source data platform
are necessary to advance spatial data science, which is a challenge though mainly due to ethical issues.
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