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Abstract. To hold the same privileged epistemological position as sci-
ence, spatial data science must satisfy the self-corrective thesis. Doing
so depends on the field’s capacity to reproduce and replicate published
work, the willingness of researchers to do so, and our ability to assess
the cumulative insights of such studies. We present some steps spatial
data science might take to develop these capabilities and put forward a
provisional vision of a veridical spatial data science.
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1 Self-correction in Science and Spatial Data Science

To hold the same privileged epistemological position as science, Spatial Data
Science (SDS) must satisfy Peirce’s (25) self-corrective thesis (SCT)1.

Theorem 1. In the long run, the scientific method will refute false theories and find
closer approximations to true theories.

The SCT is theoretically plausible in conventional science because the scientific
method allows for error correction through the reproduction, replication, and the
repeated testing of beliefs about empirical phenomena2. Crucially, the scientific
method recognizes that the data we use to make claims about the world are
unstable and confounded by aleatoric uncertainty and the potential influence
of contextual factors. To mitigate the influence those confounds have on our
understanding of the world, scientists look for recurrent patterns across multiple
data sets gathered in different contexts to build theories about the phenomena
they believe to be the causes of those patterns (6; 32).

Establishing belief in scientific theories relies on reproductions and replica-
tions to check the internal and external validity of claims about phenomena,
respectively (18; 9). Reproductions assess the internal validity of research claims
by repeating the procedures of an original analysis using the same data, or
by modifying those procedures to test the robustness of the original claims to
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perturbation. In this way, a reproduction study checks the credibility of the pro-
cedures used to (a) link observed data to unobserved phenomena and (b) make
claims about those phenomena. Forming those claims into a theoretical expla-
nation of phenomena rests on the external validity check offered by replication.
A replication study uses new data to retest the claims made in a prior analysis.
Repeated across time and space, replications allow us to separate phenomena
from the variability of data and eventually identify and and better understand
the influence of context and to infer the stability of phenomena. Those stable,
recurrent features of the world are what we hope to explain through theory.

Whether the SCT is true in science or SDS depends on (a) researcher prac-
tices, (b) whether researchers are attempting reproductions and replications of
existing work, and (c) how well approaches to knowledge accumulation are func-
tioning. At present, many spatial data scientists continue to publish irrepro-
ducible work (24; 11), formal reproductions and replications of spatial analyses
remain rare (1; 8), and limited research effort has gone into developing formal
systems of knowledge accumulation that recognize the unique challenges that
accompany spatial data analysis (5; 8). Advancing SDS as a science requires
addressing these challenges.

2 Placing the Cornerstones of Spatial Data Science
Recent research in geography and data science has laid some of the conceptual
(8; 27; 33), technical (29; 22; 31), and practical foundations (9; 3; 12) needed to
advance SDS as a science. Yu and Kumbier’s (33) call for the development of
a veridical data science (VDS) neatly aggregates key aspects of this literature.
Specifically, the authors define VDS as,

“Veridical Data Science (VDS)principled inquiry to extract reliable and
reproducible information from data, with an enriched technical language to
communicate and evaluate empirical evidence in the context of human decisions
and domain knowledge.”

VDS not only incorporates but goes beyond typical calls to share data and
code or improve research provenance through forms of literate programming by
also incorporating an internal mechanism to check the stability of results to
specification decisions made throughout a data science project. Like other forms
of multiverse analysis, the perturbation analysis proposed by Yu and Kumbier
is intended to explore the complete set of plausible ways a study could have
been executed, and as a result checks of the internal validity of a finding. The
shortcoming of the VDS approach, and similar frameworks (4), is that it does
not directly incorporate a parallel plan to systematically check external validity.

While replication studies evaluate the external validity of a study, individual
replications need to be considered together to reduce the influence of confounds
on the measurement and understanding of phenomena. Meta-analyses (7; 14)
that subject collections of published results to secondary analysis are one means
of assessing the cumulative evidence provided by both novel and replication
studies. In a typical meta-analysis the results of many studies are formally ag-
gregated to make an overall inference about the external validity of a claim.
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However, such meta-analyses are often difficult to execute in practice and can
suffer from selection and interpretation biases (30). Moreover, meta-analyses are
retrospective in orientation and opportunistic in nature, which limits the ability
to design prospective sequences of replications that can act as external validity
checks across contexts.

To address these issues, Nichols et al. (19; 20) advocate an analogous infor-
mation state approach (ISA) to evidence accumulation in which the predictive
performance of m competing models across a sequence of studies is used to itera-
tively adjust a vector of weights, πt(modeli), that reflects the level of confidence
we have in each model at time t. As data from a new replication conducted at
t+1 become available, their consistency with each model can be assessed through
the application of Bayes Theorem - combining the prior weight vector with the
new data to create a new weights vector representative of the present informa-
tion state. Nichols approach is analogous to that of Burnham and Anderson (4)
who argue that information criterion, such as AIC, can be used to obtain savvy
model weights to support multimodel inference as opposed to choosing the single
”best” model specification from a group of alternatives.

The critical benefit of these approaches is that they theoretically present the
opportunity to create prospective sequences of replications that can be designed
to discriminate among competing models, and their associated claims/hypotheses.
Adopting these changes in practice, and perspective, would allow us to integrate
external validity checks directly into the design of our research programs, thereby
increasing the chances of our research fulfilling the SCT.

3 A Vision of a Verdical Spatial Data Science

Building on the cornerstones of VDS, ISA, and our existing knowledge of spatial
analysis, we believe that it is possible to establish a veridical spatial data science
(VSDS) capable of satisfying the SCT.

We can build a reproduction-based check of the internal validity of indi-
vidual spatial analyses by adapting VDS to the study of spatial data and ge-
ographic phenomena. Converting VDS will be an extended process that will
require us to build provenance systems designed for spatial data and incentive
systems that encourage reproduction. Within the geographical sciences, the work
to create these systems is already underway. The NSF-funded CyberGIS Center
(29) and the Open Geospatial Consortium (OAC-1743184) have developed cy-
berinfrastructure and geospatial software standards to pursue computationally
reproducible research, while the Opening Reproducible Research project is de-
veloping publication standards and creating software to facilitate data, code, and
computational environments (21; 22; 23). At the same time, recent publications
have linked reproduction and replication to the geography’s core traditions (28),
methodological approaches (1; 2; 8), educational priorities (17), and enduring
theoretical debates (27).

Another productive step would be to modify perturbation analysis to track
how responsive effect estimates are to decisions that are explicitly spatial in
nature (e.g., definitions of spatial extent, support, relationships) and then use
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this information to assign a portion of the range of confidence we have in an effect
estimate to those spatial decisions. Kedron et al’s. work linking reproducibility
issues to the spatial analysis lifecycle (8) and the use of specification curves in
spatial data analysis (10) has laid the groundwork for this type of modification.

We can similarly adapt Nichols et al’s. (19) information state approach to
the study of spatial data to design prospective sequences of replications that
both check the external validity of our claims and provide the evidence we need
to adjust our beliefs in competing hypotheses. Goodchild and Li (5) argue that
replication across space will always be weak, but that does not mean that repli-
cations cannot provide information useful in the differentiation of competing
hypotheses. A central challenge to designing study sequences and creating sta-
tistical approaches to updating the information state will be addressing how
geographic context, spatial non-stationarity, and spatial dependence confound
the information we receive from replications undertaken in different locations
and at different geographic scales.

One approach to this challenge is to design series of integrated experiments
that use the variety of evidence3 place-based differences provide to first recognize
an effect of interest and then identify the place and conditions in which that
effect can be reliably observed. Further adapted to space and place, List’s (15)
proposed approach to testing the scalability of policy interventions offers an
intriguing path forward. Specifically, List calls for the development of a research
hierarchy that involves three waves of studies. In a first wave, a proof of concept
analysis is conducted to establish belief in a hypothesis under ideal conditions.
A second wave of studies tests the hypothesis in varying contexts to establish
boundary conditions. A final wave of studies then uses multi-site experiments
to measure change in the magnitude of effects across contexts. Modifying this
approach to account for geographic scale and spatial dependence in the second
and third waves is one potential avenue towards establishing the domain of
theories that hold across some, but not all, geographic contexts and scales.

Two related practical challenges will be (a) convincing funding agencies to
shift their focus to support the accumulation of knowledge and the integration
of results and (b) training and incentivizing researchers to design and execute
replication sequences that will require increased collaboration, resources, and
time to complete. An effort capable of addressing both of these issues simultane-
ously would be the establishment of an NSF Research Traineeship Program in
VSDS. By training a generation of scholars in replication and working with those
researchers to build the basic science of knowledge accumulation across space,
we might well create the culture of collaboration needed to support VSDS.

We believe the steps above can begin the transition to VSDS, which we
provisionally define as:

Veridical Spatial Data Science (VSDS) - a principled inquiry to extract
reliable and reproducible information from spatial data, with an enriched tech-
nical language to communicate and evaluate empirical evidence in the context
of human decisions, domain knowledge, and geographic confounds; and a sys-
tem of external validation and evidence accumulation based on the purposeful
replication of findings across space.
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Notes
1Here we state Romero’s (26) formulation of the SCT. More formally the SCT con-

cerns the justification of inductive inference in science. Mayo (16) states the SCT as,
”Methods for inductive inference in science are error correcting; the justification for
inductive methods of experimental testing in science is that they are self-correcting. We
focus on the key implication of the thesis - that no matter where different researchers
begin their investigation, if they follow the scientific method, their results will eventu-
ally converge toward the same outcome, the truth.

2Whether science itself meets this same thesis remains an open philosophical debate
and is an issue at the center of the present reproducibility crisis

3More broadly, the variety of evidence thesis claims that, ceteris paribus, varied
evidence has higher confirmatory power than less varied evidence (13)
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