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1 Introduction

A major goal of neuroscience research is to understand the circuits and patterns
of neural activity that give rise to mental processes and behavior. But a task
of this complexity often requires the integration of datasets, which are usually
presented under a variety of topologies —ontologies, images, text— This makes
those analyses prone to human error and time-consuming.

We believe that a tool with the ability to integrate heterogeneous datasets
in a comprehensive and unified manner would alleviate the workload required
for such a task. To this end, we will demonstrate how we can combine different
datasets to perform an analysis that allows us to use histological knowledge of
the brain and relate it to a variety of cognitive processes.

Our main proposal is that having a probabilistic language based on first-
order logic able to combine data under different topologies, solve complex queries
and deal with uncertainty in a single framework is a great fit for this type of
analysis.

2 Methods

2.1 Data integration under the open world assumption
(1352 characters with eq)

Now, we will see how we can make use of NeuroLang to solve queries that require
to comply with the open-world assumption. This assumption states that if a
fact is not implied from the knowledge explicitly recorded in the system, then
the fact may be true or false [1]. In particular, we aim at relating the visual
awareness cognitive topic from the Cognitive Atlas ontology (CogAt) [8] with
brain areas reported activated during this process. This can’t be done directly
through Neurosynth [10], as the cognitive topic is not reported, but there is a
tuple-generating dependency (TGD) in CogAt specifying that spatial attention
is a sub-process of visual awareness. Which, expressed as a Datalog+ /- rule in



CogAt’s TGD set, is:

VX Spatial Attention(X) —

, € n{osAt (1)
FY PartOf(X,Y) A VisualAwareness(Y)
which states that, for every element X belonging to the SpatialAttention class,
there is at least one element Y, which is part of the Visual Awarenes class and is
also part of the former. It also has an existentially-quantified variable in the head
(Y), hence representing open knowledge. By solving this query with NeuroLang,
we can then make use of the open knowledge provided by the ontology.

2.2 From histology to cognitive processes, a case study

We are going to show how, combining heterogeneous datasets, we can analyze
cognitive topics defined through meta-analysis and their relationship to brain
areas defined using a histological atlas. We combined terms and studies from
the NeuroSynth [10] database, cognitive topics from CogAt’s [8] ontology, and
regions of the Julich-Brain Atlas [2] to performed a series of queries in which
we calculated the probability of a term being present in an area, given that the
area is activated and given that the area is not activated.

3 Results

3.1 Data integration under the open world assumption

We seamlessly combine an automatically-produced literature database like Neu-
roSynth with an expert-produced ontology like CogAt, to analyze activations
related to visual awareness using NeuroLang’s built-in capabilities: we write a
program (see listing 1) to obtain all studies that, while not mentioning visual
awareness, mention terms which, according to CogAt, imply that the cognitive
process is involved. The resulting activations can be seen in fig 1.



Listing 1: Open world assumption

Entity (t, s) :— TermInStudy(t, s)
OpenWorldStudies(s) :— PartOf(t, s), VisualAwareness(s).

ProbMap(x, y, z, PROB) :— FocusReported(x, vy, z, s) //
(SelectedStudy (s) & OpenWorldStudies(s))

Probabilitylmage (create_region_overlay(x, y, z, p)) :—
e.ProbMap(x, v, z, p)
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Figure 1: Resulting thresholded brain image from the NeuroLang use case show-
ing the activations related to spatial attention obtained through the resolution
of a query under the open world assumption.

Figure 1: Resulting thresholded brain image from the NeuroLang use case show-
ing the activations related to spatial attention obtained through the resolution
of a query under the open world assumption.

3.2 From histology to cognitive processes, a case studys

In this example, we can see how the ability to combine heterogeneous databases
allows us to perform an analysis where we combine cognitive topics with cytoar-
chitecture based atlases. In particular, we can see how the ACC area of Julich’s
atlas (fig 2) is mostly related to concepts associated to Emotion, Motivation,
Perception, and Decision Making (figs. 3 & 4). At the same time, we can disag-
gregate these concepts individually and analyze, as in this case, the NeuroSynth
terms associated with Emotion (fig 5 & 6).



Figure 2: ACC region and its associated probabilities, obtained from Julich's

atlas
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Figure 4: Bayes factor thresholded at 1, under the hypothesis that the top

Figure 3: Bayes factor thresholded at 1, under the hypothesis that the top Cogt
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Figure 5: Bayes factor for NeuroSynth terms defined under the top concept Figure fi: Bayes factor for NenroSynth terms defined under the top concept
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4 Conclusions

In this work we show how we can go beyond current meta-analyses tools whose
queries are based on propositional logic [10, 7] and harness the full power of
the first-order logic fragment extended with existentials and negation (FO™3),
as well as open-world semantics, to express meta-analysis tasks in a sound and
declarative manner. By using probabilistic semantics, with open-world seman-
tics [3, 6, 4], and query resolution approaches [5, 4, 9], we have produced a
language that is ready to be used in neuroimaging applications.
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